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What is a microbiome?

Bacteria ◆ Archaea ◆ Fungi ◆ Protists ◆ Viruses



Human Gut Microbiome

H. Flint Nat Rev Gastroenterol Hepatol (2012)  



Human Gut Microbiome

P. Cani Nat Rev Gastroenterol Hepatol (2017)  



Human Oral Microbiome

A. Radaic Computational and Structural Biotechnology Journal (2021)  



Human Microbiome

D. Mager J Transl Med (2006)



Human MicrobiomeCancer

D. Hanahan et al. Cell (2011); D. Hanahan Cancer Discovery (2022); D. Mager J Transl Med (2006)  



Cancer

D. Hanahan et al. Cell (2011); D. Hanahan Cancer Discovery (2022); D. Mager J Transl Med (2006)  

>15% of 

cancer cases 

worldwide are 

due to 

microbes

Human Microbiome

Helicobacter pylori (H. pylori)

Human papillomavirus (HPV)

Are there even more?



G. Poore et al. Nature (2020) 

Are there microbes are in 
The Cancer Genome Atlas (TCGA)?



G. Poore et al. Nature (2020) 

Differences in microbiomes of tumor tissue
 across cancer types 

Heatmap of classifier performance comparing one 

cancer type vs all others

(AUROC (ROC) and AUPR (PR))Cancer Type

Takeaway: Each cancer type has

 a unique microbiome



G. Poore et al. Nature (2020) 

Differences in microbiomes of tumor tissue
 and normal samples

Heatmap of classifier performance comparing 

cancer vs normal

(AUROC (ROC) and AUPR (PR))Cancer Type



G. Poore et al. Nature (2020) 

Differences in microbiomes between stage I and 
stage IV cancers

Heatmap of classifier performance comparing 

Stage I and stage IV cancers

(AUROC (ROC) and AUPR (PR))Cancer Type



G. Poore et al. Nature (2020) 

(AUROC (ROC) and AUPR (PR))

Differences in 
microbiomes found in the 
blood of one cancer type 

vs. all others

Takeaway: We can identify cancer

 type in patients using microbes

 found in the blood



Cancer Microbiome

D. Hanahan Cancer Discovery (2022)



TCGA Microbiome + Fungal Reads

L. Narunsky-Haziza, Cell (2022)



Previous Studies 
in Cancer 

Microbiome

G. Sepich-Poore et al. Science (2021)

Lung Cancer

Melanoma

Ovarian

Cancer

Immunofluorescence 

for bacterial 16S rRNA



Future 
Directions of 

Cancer 
Microbiome

G. Sepich-Poore*, C. Guccione* et al. BioEssays (2022)



Define a pipeline that extracts microbial 

reads from whole genome sequencing 

samples of tumor tissue



Going from whole genome sequencing to 
microbial taxonomy

Human Tissue 

Samples

Whole Genome 
Sequencing

Computational 
Removal of 
Human Reads

•Host DNA 
depletion

Check for 
contamination

•Host DNA 
contamination

•Microbial DNA 
contamination

Bioinformatic 
Analysis for 
Microbial 
Reads

•Assign reads to 
microbial taxa 
(Woltka)



Computational Removal of Human Reads

Human Reference: GRCh38

Experimental Reads



Computational Removal of Human Reads

Human Reference: GRCh38

Experimental Reads

Are these reads microbial? 



Computational Removal of Human Reads

Human Reference: GRCh38

Experimental Reads

Are these reads microbial? 

Q. Zhu, et al. Nature Communications (2019)

Microbial Reference

Taxonomy Table



Is there a better way to study the cancer 
microbiome?

G. Sepich-Poore, et al. Science (2021)



Going from whole genome sequencing to 
microbial taxonomy

Human Tissue 

Samples

Whole Genome 
Sequencing

Computational 
Removal of 
Human Reads

•Host DNA 
depletion

Check for 
contamination

•Host DNA 
contamination

•Microbial DNA 
contamination

Bioinformatic 
Analysis for 
Microbial 
Reads

•Assign reads to 
microbial taxa 
(Woltka)



How can we check for contamination?

G. Sepich-Poore*, C. Guccione* et al. BioEssays (2022)



How can we check for contamination computationally? 

• Determine relationships between samples using Robust Aitchison PCA (RPCA)

• Uses matrix completion so zero values do not influence the ordination

C. Martino et al. mSystems (2019)



Hartwig Medical Foundation (HMF) Dataset

• Contains over 5,000 metastatic human 

tissue samples

• Whole Genome Sequencing (WGS) 

• Resulting in low-depth microbial reads 



WGS of HMF data with GRCh38 host depletion 
shows splitting across sex in RPCA plot

A
Axis 2 (41.31%)

Axis 1 (52.77%)

Axis 3 (5.914%)

B
Axis 2 (40.58%)

Axis 1 (54.54%)
Axis 3 (4.885%)

female male

A
Axis 2 (41.31%)

Axis 1 (52.77%)

Axis 3 (5.914%)

B
Axis 2 (40.58%)

Axis 1 (54.54%)
Axis 3 (4.885%)

female male

p = 0.00025 



Improved 
mapping of 

human Y 
chromosome 

reference 

S. Aganezov et al. Science (2022)



WGS of HMF data with GRCh38 + T2T-CHM13 host 
depletion shows no splitting across sex in RPCA plot

A
Axis 2 (41.31%)

Axis 1 (52.77%)

Axis 3 (5.914%)

B
Axis 2 (40.58%)

Axis 1 (54.54%)
Axis 3 (4.885%)

female male

A
Axis 2 (41.31%)

Axis 1 (52.77%)

Axis 3 (5.914%)

B
Axis 2 (40.58%)

Axis 1 (54.54%)
Axis 3 (4.885%)

female male

A
Axis 2 (41.31%)

Axis 1 (52.77%)

Axis 3 (5.914%)

B
Axis 2 (40.58%)

Axis 1 (54.54%)
Axis 3 (4.885%)

female male

p = 0.290177 



Male samples have many more reads removed 
using CHM13-T2T compared with females



Going from whole genome sequencing to 
microbial taxonomy

Human Tissue 

Samples

Whole Genome 
Sequencing

Computational 
Removal of 
Human Reads

•Host DNA 
depletion

Check for 
contamination

•Host DNA 
contamination

•Microbial DNA 
contamination

Bioinformatic 
Analysis for 
Microbial 
Reads

•Assign reads to 
microbial taxa 
(Woltka)



Using fecal microbiome studies to check our 
host depletion pipeline

Typical fecal microbiome study workflow: 

Fecal samples are often publicly accessible because they 

are thought to contain such small amounts of human reads 

especially after host filtering 



Guccione et al. Nature Microbiology (2023)Okada et al. Nature Microbiology (2023)

Current methods are not removing all the host data



Liao et al. Nature (2023)

Using the pangenome for host depletion



How can we use the pangenome to host deplete?

Liao et al. Nature (2023)

Current method: Developing method: 

Human Reference 1

Experimental Reads

Human Reference 2

Human Reference 3

Human Reference 47

….

Are these microbial?



Target Dataset:

Characterizing Several 

Childhood Cancers 



Target Dataset

• Therapeutically Applicable Research to 

Generate Effective Treatments (TARGET) 

in childhood cancer

• Contains over 13,692 applicable samples 

that can be translated to low-depth 

microbial reads

• Various cancer types including:

• Acute Lymphoblastic Leukemia

• Acute Myeloid Leukemia

• Neuroblastoma

• Osteosarcoma

• Rhabdoid Tumors

• High-Risk Wilms Tumors



Childhood Cancer Microbiome Questions

Using Target from CGC

• Can we see differences comparing one cancer type vs. all others using 

tumor tissue?

• Can we see differences comparing one cancer type vs. all others using 

‘normal’ blood?

• Are the microbes represented in childhood cancers similar to those in 

corresponding adult cancers?

Using Additional Data Resources

• Can we validate these findings across a larger subset of childhood cancers?

• Can we validate these findings across another dataset with the same cancer 

types?



RNA 
Sequencing

• 13,116 bam files

• 7 childhood 
cancer types

Whole 
Genome 

Sequencing

• 576 bam files

• 6 childhood 
cancer types

Blood-

Derived 

Normal

Primary 

Blood-Derived 

Cancer – Bone 

Marrow

Primary 

Tumor

• 157 bam files

• 3 childhood cancer types

• 125 bam files

• 2 childhood cancer types

• 114 bam files

• 2 childhood cancer types

Target Dataset Breakdown



Target Dataset WGS: Checking for Contamination 

• Female

• Male

• Unknown

• Blood-Derived Normal

• Primary Blood-Derived Cancer – Bone Marrow

• Primary Tumor

p = 0.001p = 0.577



RNA 
Sequencing

• 13,116 bam files

• 7 childhood 
cancer types

Whole 
Genome 

Sequencing

• 576 bam files

• 6 childhood 
cancer types

Blood-

Derived 

Normal

Primary 

Blood-Derived 

Cancer – Bone 

Marrow

Primary 

Tumor

• 157 bam files

• 3 childhood cancer types

• 125 bam files

• 2 childhood cancer types

• 114 bam files

• 2 childhood cancer types

Target Dataset Breakdown



Target Dataset WGS: Blood-Derived Normal

• Acute Lymphoblastic 

Leukemia Phase 2

• Kidney – Rhabdoid Tumor

• Osteosarcoma

p = 0.001



Next steps for Target Data 

• Finish analysis of RNA-Sequencing datasets

• Combine analysis of WGS + RNA-Seq as done in Poore et al. (2020)

• Run random forest machine-learning models:

• Can we see differences comparing one cancer type vs. all others using 

tumor tissue?

• Can we see differences comparing one cancer type vs. all others using 

‘normal’ blood?

• Are the microbes represented in childhood cancers similar to those in 

corresponding adult cancers?



Next step for Cancer Microbiome

G. Sepich-Poore, et al. Science (2021)



• Quantitative Cancer Control Lab

• Dr. Kit Curtius

• Knight Lab

• Dr. Rob Knight

• Dr. Antonio Gonzalez

• Dr. Greg Sepich-Poore 

• Dr. Cameron Martino

• Data and Resources:

• Cancer Genomics Cloud 

• Seattle Barrett’s Esophagus 

Cohort

• Reid Lab at Fred Hutchinson 

Cancer Research Center

• Dr. Amir Zarrinpar’s Lab

• Dr. Ludmil Alexandrov’s Lab
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