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From Observation to Intervention: 
The Formal Contract for Digital Twins

Modelling Microbial Ecosystems as controlled dynamical 
systems enabling three core AI tasks

1. Forecasting 
Forecasting ecosystem dynamics (no intervention)

2. Prediction 
Predicting counterfactual outcomes of interventions

3. Safe Inverse Design
We inverse-design of microbial therapies under safety constraints

MetaOmics-10T combines 10 trillion base pairs reclaimed from public archives using 
a Quality-Aware Tokenization (QA-Token) 
with 100,000+ interventional trajectories generated via model-guided experimental design
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All The Microbiome Data We Need is 
Available

100+ PB Exist, Yet 95% Is Unusable
Microbial data suffers from high noise and variability, reducing the 
predictive power of models trained on this data

Most od the Data is Noise
Standard models fail because they cannot distinguish between 
biological signal noise

No Causal Structure
• Data cannot be property interpreted to identify causal 

relationships between microbial data and downstream tasks
• Current models achieve <60% accuracy on basic tasks
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From Noisy Archives to Causal Signal: The 
Missing Substrate
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Quality-Aware 
Tokenization

RL + Sparsification
To remove irrelevant data incorporate quality 
directly into vocabulary construction

Unlocks Unprecedented Data 
• Expands usable training data by 15%
• Lifts usable fraction from 5% to 40% (+35pp, 

8× data)

100,000+ Causal 
Trajectories

Systematic perturbation-response 
enables counterfactual inference

• CRISPR knockouts + compound screens

• Model-Guided Experimental Design (MGED)

Full Results: Paper
MetaOmics-10T



From Archive to Causality: A Two-Phase 
Pipeline
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Phase 1: Data Reclamation 
Months 1–12 | $10M

Phase 2: Causal Trajectories 
Months 13–36 | $40M

100+ PB of 
microbial 

data

QA-
Tokenizer

Quality-
aware 

dataset

Mine 100+ PB 
across SRA/ENA/RefSeq…

Major efforts in sparsification and 
automated quality scoring 
and reinforcement-based vocabulary 
training

In-storage processing 
to eliminate data movement (similar to 
GenStore, MegIS)

Total of ~6.8M hours, $10M

Perturbation Trajectories 
for Simulation

AI-in-the-loop, Model-
Guided Experimental 
Design

Standardized reagents/protocols, overlap experiments for 
cross-lab calibration

Tier 1 (Perturbation Screening with Microbiome-on-a-Chip Arrays)

Tier 2 (Mechanistic Insights on High-Potential Interactions)

Tier 3 (Pre-Clinical Validation)



From Archive to Causality: A Two-Phase 
Pipeline
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Phase 1: Data Mining 
Months 1–12 | $10M

Phase 2: Causal Trajectories 
Months 13–36 | $40M

$50M investment yields equivalent of $1B+ dataset
A blueprint for foundational predictive models of microbial ecosystems

100 PB of microbial data

QA-Tokenizer

Quality-aware dataset



From Archive to Causality: Sparsified Data
State-of-the-art computational methods analyzing genomic sequences fail to 
cope with the exponential growth of genomic sequencing data
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Reclaiming Data: Sparsification is Key

Most public data was previously unusable

We condense it into a high-quality meta-vocabulary

Hierarchical 
TokenizationPublic Data Foundation 

Model

Lab-In-The-
Loop

Sparsification 
Layer



Sparsified Genomics: 10× Speedup at no 
Accuracy Loss
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m read length

k no. of reads

n reference genome length

Incredibly Large Search Space
(k x 2m) → Trillions of choices!

Challenge
Find the optimal choice for each read!



Data Sparsification: 10× Speedup at no 
Accuracy Loss

224 sparsification 
patterns 
evaluated on the CAMI benchmark 
(taxonomic profiling) 

Key Results:

• F1 = 0.994 at 5.1× speedup

• 17× faster containment search

• 3.4× faster read mapping

• 2.8× faster index construction

• Generalizes across datasets for strain-level 
classification
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Data Sparsification: 10× Speedup at no 
Accuracy Loss

2240 sparsification 
patterns 
evaluated on the CAMI 
benchmark (taxonomic profiling) 

Key Results:

• F1 = 0.994 at 5.1× speedup

• 17× faster containment search

• 3.4× faster read mapping

• 2.8× faster index construction

• 12-13 Pareto-optimal configurations 
identified
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Paper
The Thinking Microscope



Archive to Model: A Pilot Dataset
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Mining 10 TB SRA Data Causal Trajectory Pilot

Illumina short-read 
metagenomics

QA-Tokenizer

Quality-aware dataset

25K diverse microbiome 
samples 
10M reads

Data passed through QA-
Tokenizer 
500M token foundation model

Validation performance
12% better than held-out 
perplexity

Variety of trajectories sampled 
2 species, 2 compounds, 5 doses, 12 time points

Cost $2100/trajectory at pilot scale
10x higher than projected at scale

Batch effects between labs: 
35% of variance ->  need harmonization

Unlocked Unprecedented Data 
• Expands usable training data by 15%
• Increases usable fraction from 5% to 40% 

(+35pp, 8× data)



New Foundation Models
26 x faster and 10x cheaper: The only practical model at the performance 
frontier

Evo2 (40B): Assembled genomes — clean, single-organism, no environmental context

METAGENE-1 (7B): Metagenomic reads — environmental samples, no causal structure

Darwin-7B: Multi-omic data + causal trajectories

Metagenomics
1.3 trillion base pairs

Metabolomics
500K metabolite profiles
2M functional readouts



Darwin-7B at the Performance Frontier

Darwin-7B achieves state-of-the-art across key benchmarks

Benchmark                          Darwin-7B METAGENE-1    Evo2-7B

──────────────────────────────────────────────────────────

Pathogen Detection (MCC)           94.5          93.0           87.0

Metagenomic Profiling (F1)        0.98          —              0.89

Metabolic Pathway (wF1)            0.91          0.84           0.79

IBD Prediction (AUC)               0.947         —              —

T2D Prediction (AUC)               0.883         —              —

Antibiotic Resistance (AUC)        0.910         —              —
──────────────────────────────────────────────────────────
All comparisons statistically significant (p<0.05, two-sided t-test)
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Full Results: Paper
MetaOmics-10T



Applications & Models Unlocked by 
MetaOmics-10T
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Predictive & Therapeutic 
Engineering

Fundamental Biological 
Principles

Drug-Microbiome 
Interactions
Prediction of drug response

Design of Interventions
In silico design of microbiome 
therapies

Universal Perturbation 
Engine
Zero-shot prediction of novel 
compound/genetic modification 
effects

Host-Microbe Interactions
Map molecular dialogue: protective 
microbes, immune shaping

Mapping Microbiome 
Biogeography
Spatial organization design 
principles and environmental 
reconfiguration

Dark Matter
Assign functions to unannotated 
genes/metabolites



Key Initiatives to Build MetaOmics-10T

Anto Biosciences
 anto.bio

Broad/MIT: FINGERPRINT
FINGERPRINT.bio

Anto Bio @ YC Our YC launch $1M Alzheimer’s 
Insights AI Prize



MetaOmics-10T
Making the Microbiome Computable
 
Arvid E. Gollwitzer

arvidgollwitzer.com

arvidg@mit.edu
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Paper
MetaOmics-10T

All useful links!
LinkedIn, email…



Appendix
Arvid E. Gollwitzer

arvidg@mit.edu | arvid@anto.bio
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Biggest Missing Layer In Drug 
Development And Human Health

Microbiome has been the biggest missing layer in drug 
development and human health

We learned to read the human genome
it reshaped medicine

Microbiome is still a black box
not because it is unimportant, but because it was not computable
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2/3 Of Drugs Are Heavily Affected My 
The Microbiome

That is why most drugs 
only work for some 
people

Over 1 Billion people
are on drugs where the microbiome quietly 
decides treatment succeeds or failure
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Foundation Model To Understand The 
Microbiome Metabolism Of Drugs

The Engine: In-Silico Metabolism Correction

1. Scan: Identification of Liability
Scan pharmacopeia to identify approved or failed drugs with high "gut-drain" (metabolic 
degradation).

2. Mechanism: Atomic-Level Resolution
Pinpoints the exact strain/enzyme and the specific chemical bond responsible for degradation

3. Solve: Generative Armoring
We generate novel chemical analogs that retain target potency but are invisible to the bacterial 
enzyme.

Result
A proprietary New Chemical Entity (NCE) with superior efficacy/toxicity. 
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Foundation Model To Understand The 
Microbiome Metabolism Of Drugs

We redesign existing molecules

We optimize them for broader efficacy
so they work for far more people

We turn niche drugs into 
blockbusters
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We finally understand the 
failure mechanisms
That enables us to fix the drug so they work with every gut.

Everyone has tried to fix the gut to make a drug work. But you can't 
change an entire population's gut microbiome. 
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Proof: Blinded Retrospective 
Prediction of Trial Failure

Using only data available prior to the trial
Darwin-7B correctly predicted the specific patient sub-populations that would fail, based on 

their microbiome signatures

Mechanism Identified 

We identified the exact bacterial strain responsible for metabolizing the drug into an 
inactive form.
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Crossing the Scaling Wall: Causal 
Foundation Models

Current State. Microbiome AI is stuck in the pre-ImageNet 
era: starved of quality and causality

Immediate Model Development Acceleration:

• 10× Larger Models: Enables 10B+ parameter foundation models with emergent capabilities.

• Causal Reasoning: First dataset for counterfactuals—predicting intervention outcomes, not just observations.

• Generalization: Train once; transfer across organisms, environments, and interventions.
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IP Engine
We own the most important assets to make drugs work across populations
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Models Data Drug Derivatives

Unlock Unlock



Darwin-7B: 60x faster and 40% more 
accurate 
Than state-of-art models in genome understanding, taxonomic and functional profiling

Metagenomics

Microbial DNA
Metabolomics

How do microbes behave?



Sparsification is Key

Most public data was previously unusable

We condense it into a high-quality meta-vocabulary

Hierarchical 
TokenizationPublic Data Foundation 

Model

Lab-In-The-
Loop

Sparsification 
Layer



Microbiome Is The Missing Layer In 
Trillion Dollar Industries

29

Scan Patch Validate

assets with 
"unexplained" 

variability or toxicity Darwin-7B Chemically 
“armor” the 

molecule.

drug with larger 
accessible market.



The Data-Compute Gap 
Anto Biosciences

founders@anto.bio
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Sequencing Cost Is Reducing

31

development of high-throughput 
sequencing (HTS) technologies

http://www.economist.com/news/21631808-so-much-genetic-data-so-many-uses-genes-unzipped 

Number of Genomes 
Sequenced
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Genome Sequencing Cost Is Reducing
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One Problem: Computation
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Read Sequencing Read Mapping*
**

150x slower

Million 
bases/minute300 Million 

bases/minute2

* BWA-MEM

** HiSeqX10, MinION



Genome Sequencing Cost Is Reducing
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Specialized Machine
for Sequencing

General-Purpose 
Machine

for Analysis

FAST                   SLOW

6 Tb/44h

14 Tb/72h

35 Gb/30h



Data Movement Bottleneck
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MicroprocessorMain MemoryStorage (SSD/HDD)Sequencing Machine

Data Movement

Data movement is a major bottleneck

in modern computer architectures

power-hungry

bandwidth-
limited



Fixing the Bottleneck: Special 
Purpose Systems
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Sparsified Data 
AI Controlled Sparsification

arvidg@ethz.ch
ETH Zurich
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Sparsified Data
State-of-the-art computational methods analyzing genomic sequences fail to 
cope with the exponential growth of genomic sequencing data

38
References 
Alser et al., “Genome-on-Diet: Taming Large-Scale Genomic Analyses via Sparsified Genomics”, (2024)



Key Concept: Sparsified Genomics

Sparsified Genomes
= Genome on Diet

Idea: Systematically exclude bases from genomic sequences
• Use a fixed (Genome on diet) pattern or variable pattern (AI-controlled metagenomics)  to 

determine which bases to include or exclude
• For example, a pattern of '10' means every alternate base is included

Goal: Create shorter, sparsified sequences that maintain the essential information 
for analysis.

Benefits
• Faster processing: By reducing the input size, genomic analyses are faster

• Reduced memory usage: Smaller genomic sequences lead to reduced memory requirements for 
indexing and searching

• Higher accuracy: Sparsified sequences enable better accuracy in detecting genomic variations in some 
cases
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References 
Alser et al., “Genome-on-Diet: Taming Large-Scale Genomic Analyses via Sparsified Genomics”, (2024)



Sparsified Genomics
Genome on Diet
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AI Controlled Sparsification
A Novel Mechanism

41

m read length

k no. of reads

n reference genome length

Incredibly Large Search Space
(k x 2m) → Trillions of choices!

Challenge
Find the optimal choice for each read!



Memory Management Strategies

Memory-frugal 
reference database index structure

Index Construction 
divides the database into batches for efficient parallel processing

Batches
are processed independently, allowing for parallelized index access.

Memory Usage 
during the reference database query stage is optimized by processing batches sequentially

Temporary Auxiliary Files 
are minimized compared to other tools such as KMC3+CMash
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Benefits of AI-Controlled 
Sparsification
Reduced total execution time 
By processing less workload (smaller number of included bases)

Reduced peak memory footprint 
Smaller number of extracted seeds and hence a smaller index

No need to pre-build genome indices 
Now possible to build it during the analysis with low performance-overhead

Limitation 
Might lead to finding a large number of sequences in the reference genome that are similar to the given read 

sequence possibly some falsely detected variations
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Sparsification of data and  
Computation
Anto Biosciences

founders@anto.bio
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Sparsification is Key

Most public data was previously unusable

We condense it into a high-quality meta-vocabulary

Hierarchical 
TokenizationPublic Data Foundation 

Model

Lab-In-The-
Loop

Sparsification 
Layer



Sparsified Data
State-of-the-art computational methods analyzing genomic sequences fail to 
cope with the exponential growth of genomic sequencing data
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AI Controlled Sparsification
A Novel Mechanism

47

m read length

k no. of reads

n reference genome length

Incredibly Large Search Space
(k x 2m) → Trillions of choices!

Challenge
Find the optimal choice for each read!



AI-Controlled 
Metagenomics
Focusing on what’s 
Important
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Control Unit



Control Points (CPs)

Parameters and 
algorithms chosen on-
the-fly

A different choice for 
every read sequence



Microbiome Biomarkers
Discovering a new class of biomarkers

founders@anto.bio
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Altered gut microbiome composition by appendectomy 
contributes to colorectal cancer
Feiyu Shi, Gaixia Liu, Yufeng Lin, Cosmos liutao Guo, Jing Han, Eagle S. H. Chu, Chengxin Shi, Yaguang Li, Haowei Zhang, Chenhao Hu, Ruihan Liu, 
Shuixiang

Oncogene, 2022
https://doi.org/10.1038/s41388-022-02569-3

Key Problem
No reliable preventive treatment for colorectal cancer (CRC), one of the most common cancers worldwide

Goal
Identify early diagnosis and prevention measures

Key Idea
There might be a direct link between gut microbial dysbiosis and CRC

Key Results
Identified seven bacteria potentially causing CRC



Appendectomy and CRC

Appendectomy induces enrichments of 
CRC-associated species
• Evaluating difference in gut microbiome at species-level
• 25 bacterial species identified with significant 

difference in abundances (11 enriched and 14 depleted) 

• 11 enriched species, only 7  CRC- promoting
•  Exclude some species, effect known from other studies 

(assumed not cancer-promoting)
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A Bar plot for the differential abundant species 
Red: enriched species in appendectomy patients

Blue: depleted species in appendectomy subjects 
promoting cancer: red font

cancer-inhibiting species green font



AI Controlled Metagenomics (CRC)
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Full Paper
https://openreview.net/pdf?id=UDvXiEngkX

Most Recent Work: Key Results
More at anto.bio and ycombinator.com/companies/anto-biosciences
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https://openreview.net/pdf?id=UDvXiEngkX https://openreview.net/pdf?id=wkVsKDnl4s

https://openreview.net/pdf?id=IsJPrLpbvf

Most Recent Work
More at anto.bio and ycombinator.com/companies/anto-biosciences



Understanding The 
Microbiome
Enabling High-throughput Screening For Novel Biomarkers

arvid@anto.bio
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FASTQ File

From lab
Taxonomy

Basis for new microbial 
Biomarkers

ML

Quantify Disease Intensity + 
Stage of cancer

Identify ‘digital’ microbial 
Biomarkers

End-to-end Data Processing Pipeline
From Patient Samples to Digital Biomarker
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FASTQ File

From lab
Taxonomy

Basis for new microbial 
Biomarkers

ML

Quantify Disease Intensity + 
Stage of cancer

Identify ‘digital’ microbial 
Biomarkers

End-to-end Data Processing Pipeline
From Patient Samples to Digital Biomarker



ML – 0.85 AUC
Detection of AJCC Stage I CRC



Benchmarking Results
Comprehensive Comparison against the most important state-of-the-
art tools

arvidg@mit.edu
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Containment 
Search

Sparsifying Genomic 
Sequences Enables 

Large-scale 
Containment Search



Containment Indexing with KMC3 
and CMash

KMC3 
used to enumerate k-mers in reads, creating a k-mer database

CMash 
calculates the containment index using MinHash, selecting relevant 
reference genomes

containment index 
determines the intersection of k-mers between reads and reference 
genomes

Indexing 
is memory intensive, but MetaTrinity optimizes indexing to reduce 
runtime by 5.5x compared to KMC3+CMash
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Stage 1: Containment Search

Filters reference database 
to create a smaller subset DB

Uses memory-frugal seeding 
approach to estimate the similarity between reads 
and reference genomes

Reduces unnecessary computations 
by filtering highly dissimilar references

4x speedup 
over Metalign’s reference database filtering 
procedure which uses KMC3 and CMash for 
reference genome indexing and containment 
estimation
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Benchmarking: Containment Search

Containment Search Overview
Measures similarity between two genomic datasets by calculating k-mer intersections.

Sparsified Genomes vs KMC3+CMash:
• Speedup: 72.7-75.88x faster for large-scale containment search compared to KMC3+CMash.

• Storage Efficiency: Uses significantly less storage (723.3x more efficient) by avoiding pre-built large 
indexes and dynamically generating required data.

• On-the-Fly Indexing: Genome-on-Diet builds the containment index during analysis, removing the need 
for massive pre-built databases and allowing faster execution.
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Read 
Mapping

Sparsifying 
Genomic 

Sequences 
Significantly 
Accelerates 

Read Mapping



Read Mapping 

70



Methodology: Heuristic Read 
Mapping
Filters 
Reads based on the minimum number of 
seed hits

Heuristic Algorithms 
To approximate edit distance.

Again Filters 
reads with high edit distances.

Heuristic Algorithms 
SneakySnake, Hamming Distance, etc.. to 
achieve the best accuracy-runtime tradeoff

Fourfold Runtime Reduction 
Compared to minimap2

Edit distance approximation 
Methods to avoid full sequence alignment
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Benchmarking: Read Mapping

Compared to Minimap2
• We accelerate all steps of read mapping: indexing, seeding, voting, and alignment.

• Indexing: 1.79-1.85x faster indexing due to efficient base exclusion and optimized pattern usage.

• Seeding: 1.72-2.69x faster seeding due to reduced input size and parallelized computation.

• Location Voting: 65.57-651.19x faster location voting, which reduces computational overhead by eliminating 
unnecessary seed matches.

Overall Speedup 2.57-6.28x across Illumina, HiFi, and ONT reads

Memory Usage:
• Reduction of 1.6-2.1x for Illumina and HiFi reads compared to minimap2.

• Higher Peak Memory for ONT Reads: Due to the need to align ultra-long reads, peak memory can be higher, 
but the segmentation strategy reduces excessive memory use.

Impact of Patterns
• If using fixed patterns, '10' provides the best trade-off between speed and accuracy.

• AI-controlled Metagenomics: Optimal pattern for each read!
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Taxonomic 
Profiling

Sparsifying Genomic 
Sequences Allows 
Robust Taxonomic 

Profiling



Taxonomic Profiling

Determines presence 
and relative abundance of taxa in a sample

False Positives 
Much reduced by excluding organisms with 
low relative abundances

Profiling results 
In CAMI format

Results Include 
L1 norm error for relative abundance accuracy

Streamlined approach 
Streaming in SAM file
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Results: Taxonomic Profiling

Identifying microbes in metagenomic samples by comparing the genomic 
composition of the sample to known databases.

Efficient Candidate Selection

Narrows down the list of candidate organisms more efficiently compared to KMC3+CMash

Improvement Over Metalign

Genome-on-Diet improves the performance of Metalign by speeding up the identification of candidate 
genomes and reducing the need for subsequent steps.

Accuracy Metrics

Higher precision in identifying the presence and relative abundance of microbes, maintaining a high true 
accept rate and minimizing false positives.
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Accuracy 
Evaluation
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Simulated Data
CAMI Challenge



Accuracy 
Evaluation
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Real Data
Human Gut Samples



Accuracy 
Evaluation
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Simulated Data
CAMI Challenge



Related Literature 
Related literature and extended benchmarking and performance 
evaluation results

arvidg@mit.edu
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Processing Genomic Data
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Our Focus: Better Algorithms

81

Sample Collection

Library 
Preparation

Sequencing

Genomic Analyses
DNA 

Molecule

Chopped 
DNA 

Fragments Raw Sequencing 
Data

Computational 
Challenges



Execution Time Breakdown
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ONT FASTQ size: 103MB (151 reads), Mean length: 356,403 bp, std: 173,168 bp, longest length: 817,917 bp

KSW2
45%

Seed 
Chaining

16%

Sorting 
Seeds
29%

Collect 
Matching 
Seeds…

Collect Minimizers
2%

>60%
of the read mapper’s 

execution time is spent in 
sequence alignment

minimap2



Two Main Paradigms
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k-mer based
Fast, but not accurate

Alignment based
Accurate, but slow



Our Motivation

Metagenomics
Accuracy <-> Speed

Early Approaches
• Alignment-based, increasingly impractical due to 

the growth of HTS data 

• Tools like PathSeq computationally infeasible on  
large datasets

•  Alignment-free methods are generally faster

Need for high accuracy
• Distinguish cell-type-specific intracellular microbes 

from extracellular and contaminating microbes

• Small number of microbial reads per cell 
inadequate for alignment-free methods (use 
PathSeq)

Medical Applications
Alignment-free approaches

Oncology
• Tumors sequenced by The Cancer Genome Atlas 

Program (lots of new data available!)

• Used to build a classifier for cancer type, using 
alignment-free approach Kraken

• Poore, G.D., Kopylova, E., Zhu, Q. et al. Microbiome 
analyses of blood and tissues suggest cancer 
diagnostic approach. Nature 579, 567–574 (2020). 
https://doi.org/10.1038/s41586-020-2095-1

Tradeoff
• Alignment vs. alignment-free

• Trend: Alignment free & large data sets
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Our Motivation

Metagenomics
Alignment-free

Existing Tools
• Typically rely on string or k-mer matching to obtain 

a taxonomic assignment for each read

• E.g., Kraken & Centrifuge 

• Assign reads to the lowest taxonomic rank possible 
or to a pre-determined taxonomic level (i.e., genus, 
species, strain)

Clinical Application
• Often need to distinguish pathogenic strains from 

non-pathogenic strains
• Kraken, Kraken2, and Centrifuge often used in 

Hospitals (surveyed 50+ Hospitals)

Benchmarking
Comparing Metagenomic Tools

Data Sets
• Critical Assessment of Metagenome Interpretation 

(CAMI)

• International Microbiome and Multiomics 
Standards Alliance (IMMSA)

Recent benchmarking study
• Simon, H. Y., Siddle, K. J., Park, D. J. & Sabeti, P. C. 

Benchmarking metagenomics tools for 
taxonomic classification. Cell 178, 779–794 
(2019).

• Covers 20 taxonomic classifiers, alignment-based 
(PathSeq, MetaPhlAn2) and alignment-free (Kraken, 
CLARK, KrakenUniq, Centrifuge)
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Two Big Breakthroughs

86

(1) Sparsified Data
Genome on Diet

AI Controlled Genomics

(2) Sparsified Data + Computation



Sparsified Computation: ML Control

(1) Containment Search: Subset Database Construction

Index Querying

• Input set of sequencing reads and a reference genome database.

• Collect seeds from all reference genomes within the database (4 CPs).

Seeding

• Extract seeds from the input read set for comparison with reference genomes (4 CPs).

• Seed Match Counting:

• Estimate the number of seed matches between each reference genome and the read set using memory-

efficient methods (2 CPs).

Subset Database Construction

• Select reference genomes to form a smaller subset database (2 CPs).
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Sparsified Computation: ML Control

(2) Heuristic Read Mapping

Querying the Subset Database:

Load seeds from the subset database and extract seeds from the read set (3 CPs).

Candidate Mapping Location Identification:

Identify candidate mapping locations by locating seed matches (1 CP).

Filtering and Sorting Mapping Locations:

• Filtering: Discard candidate mapping locations that do not achieve a minimum seed match threshold (2 CPs).

• Sorting: Sort remaining locations by seed match counts (2 CPs).
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Sparsified Computation: ML Control

(2) Heuristic Read Mapping

Edit Distance Approximation:

• Approximate the edit distance using heuristic methods (e.g., SneakySnake, Hamming Distance, SHD) (3 CPs).

• Thresholding: Exclude reads with a minimum edit distance exceeding a certain threshold of the read length 

(2 CPs).

(3) Taxonomic Profiling and Output Generation

• Include uniquely mapped reads and multi-mapped reads in the analysis.

• Abundance Levels: Quantify abundance based on mapped reads and their respective edit distances (1 CP).

• Taxonomic Profile Generation:

• Discard taxa with relative abundance levels below a threshold (1 CP).
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Control Unit Architecture

90

Supervised Models
• Decision Trees and Random Forest Classifiers: To make probabilistic decisions at key stages
• High-Likelihood Seed Matches: Identifies likely seed matches and filters improbable mapping locations
• Taxonomic Specificity: dynamically refine subset databases to include only relevant reference genomes

Unsupervised Models
• Self-organizing maps (SOMs), Restricted Boltzmann Machines (RBMs), and Deep Stacking Networks (DSNs): 

Capture complex, latent structures in genomic data.
• SOMs: Understand microbial community structure.
• RBMs and DSNs: Capture hidden patterns in sparsified k-mer structures, optimizing heuristic read mapping 

and edit distance approximation.



Huge Design Space: Control 
Architecture
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AI Control Unit
Fundamentally novel architecture that orchestrates the execution of metagenomic pipelines.

Meta-Nucleus Orchestration Layer
Acts as the command center of the metagenomic pipeline.

Combine Insights 
Supervised and unsupervised learning models to make precise, real-time classification decisions.

Multi-Level Decision Engine
Leverages contributions from supervised and unsupervised models for complementary perspectives on the 
metagenomic data as it moves through the pipeline.
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Alterations in IBD

92



Methods

Metagenomics
• Hiseq 2500 platform (Illumina)
• 2 × 150 bp paired-end reads with an average data size of 15 Gb per sample
• Contaminated reads from host discarded by mapping against human genome using 

Bowtie2
• 0.1% of the reads from the 314 samples classified as human reads

Longitudinal Study
• Repeatedly check for CRC development
• Subjects were followed up from recruitment to the date of CRC diagnosis, death or 

until 2020
• During the entire follow-up period, repeatedly examine the same individuals to detect 

any changes that might occur over a period
• Clinical Data Analysis and Reporting System, CDARS in Hong Kong
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Results

Compositional shift of gut microbiome after appendectomy
• Positive clinical association between appendectomy and CRC development

Gut microbiome profiling
• 314 fecal samples from 157 appendectomy cases and 157 normal controls
• Average of 34,168,657 paired reads per sample
• Microbial composition observed at phylum-level
• Relative abundance cutoff ≥ 1%

Microbial signature influenced by sampling time
• Examined microbiome in specimens collected 6 months, 6–12 months, 12–18 months, 18–24 months, and 

24 months after appendectomy
• Suggesting microbial community changes caused by appendectomy could persist > 2 years
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Metalign

LaPierre, N., Alser, M., Eskin, E. et al. 

Metalign: efficient alignment-based 
metagenomic profiling via containment 
min hash. 

Genome Biol 21, 242 (2020).

https://doi.org/10.1186/s13059-020-02159-0
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Table 1
A List of Benchmarked Classifiers and Their 
Various Characteristics
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Type Classifier Custom Databases Generates Abundance Profile Memory Required Time Required Reference

DNA

Bracken yes yes <1 Gb <1 min Lu et al., 2017

Centrifuge yes yes 20 Gb 7 min Kim et al., 2016

CLARK yes yes 80 Gb 2 min Ounit et al., 2015

CLARK-S yes yes 170 Gb 40 min Ounit and Lonardi, 2016

Kraken yes yes 190 Gb 1 min Wood and Salzberg, 2014

Kraken2 yes yes 36 Gb 1 min Wood and Salzberg, 2014

KrakenUniq yes yes 200 Gb 1 min Breitwieser et al., 2018

k-SLAM yes yes 130 Gb 2 h Ainsworth et al., 2017

MegaBLAST yes no 61 Gb 4 h Morgulis et al., 2008

metaOthello no no 30 Gb 1 min Liu et al., 2018

PathSeq yesa no 140 Gb 5 min Walker et al., 2018

prophyle yes no 40 Gb 40 min Břinda et al., 2017

taxMaps yes yes 65 Gb 25 min Corvelo et al., 2018

Protein

DIAMOND yes no 110 Gb (varies) 10 min Buchfink et al., 2015

Kaiju yes yes 25 Gb 1 min Menzel et al., 2016

MMseqs2 yes no 85 Gb (varies) 9 h
Steinegger and Söding, 
2017

Markers
MetaPhlAn2 no yes 2 Gb 1 min Truong et al., 2015

mOTUs2 no yes 2 Gb 1 min Milanese et al., 2019
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https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib37
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue
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https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib12
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib15
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib15
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib13
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib13
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib47
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib47
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib72
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib72
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib72
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib72
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib72
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib73
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib73
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib49
https://www.cell.com/cell/fulltext/S0092-8674(19)30775-5?_returnURL=https%3A%2F%2Flinkinghub.elsevier.com%2Fretrieve%2Fpii%2FS0092867419307755%3Fshowall%3Dtrue#bib49


Benchmarking 
Study
Simon, H. Y., Siddle, K. J., Park, D. 
J. & Sabeti, P. C. 

Benchmarking metagenomics 
tools for taxonomic 
classification. 

Cell 178, 779–794 (2019).

98



Benchmarking 
Study
Simon, H. Y., Siddle, K. J., Park, D. 
J. & Sabeti, P. C. 

Benchmarking metagenomics 
tools for taxonomic 
classification. 

Cell 178, 779–794 (2019).

Figure 7
Benchmark of Computational Resources
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