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Abstract

I will report on results from a decade of quantification of my body (including its gut 

microbiome), using longitudinal measurements of the gut microbiome composition and of 

over a hundred blood and stool biomarkers. These are contextualized using human 

genome sequencing and MRI/CAT imaging. As a system scientist, my goal is to illuminate 

the interactive dynamics of the human host/microbiome system in health and disease, as 

well as to illustrate how medical interventions can drastically alter the internal dynamics of 

the host/microbiome system. These N=1 experiments are a rapidly growing addition to the 

traditional approach of averaging over large numbers of individuals and give us glimpses 

into the future of personalized precision medicine.



Your Body Has 10 Times 

As Many Microbe Cells As DNA-Bearing Human Cells

Your Microbiome is 

Your “Near-Body” Environment 

and its Cells

Contain ~100x as Many DNA Genes

As Your Human DNA-Bearing Cells

Inclusion of this “Dark Matter” of the Body

Will Radically Alter Medicine

Your Body Hosts 40 Trillion Microbes



The Human Gut 

as a Super-Evolutionary Microbial Cauldron

• Enormous Density

– 1000x Ocean Water

• Highly Dynamic Microbial Ecology

– Hundreds to Thousands of Species

• Horizontal Gene Transfer

• Phages

• Adaptive Selection Pressures (Immune System)

– Innate Immune System

– Adaptive Immune System

– Macrophages and Antimicrobial proteins

• Constantly Changing Environmental Pressures

– Diet

– Antibiotics

– Pharmaceuticals

How Can 

Data Science 

Elucidate This 

Dynamical System?



Since Humans Are Not Mice, I Have Been Tracking My Internal Biomarkers For A Decade 

To Understand Human Host/Microbiome Dynamics

My Quarterly 

Blood DrawCalit2 64 Megapixel VROOM



Only One of My Blood Measurements 

Was Far Out of Range--Indicating Chronic Inflammation

Normal Range <1 mg/L

27x Upper Limit

Complex Reactive Protein (CRP) is a Blood Biomarker 

for Detecting Presence of Inflammation



Longitudinal Stool Tests Revealed Large Excursions in My Immune System:

Inflammatory Bowel Disease (IBD)

Normal Range

<7.3 µg/mL

124x Upper Limit for Healthy

Lactoferrin is a Protein Shed from Neutrophils -

An Antibacterial that Sequesters Iron

Typical

Lactoferrin Value for 

Active Inflammatory 

Bowel Disease 

(IBD)

Lactoferrin is an 

Antimicrobial Protein

- Suggested 

I Look at the 

Gut Microbiome

Ecology Dynamics



The Adult Healthy Gut Microbiome

Is Remarkably Stable Over Time

Source: Eric Alm, MIT



Sebastian E. Winter, Christopher A. Lopez

& Andreas J. Bäumler,

EMBO reports v.14, p. 319-327 (2013)

Inflammation Enables Anaerobic Respiration Which Leads to Dysbiosis: 

Phylum-Level Shifts in the Gut Microbiome Ecology



In Contrast to a Healthy Person, With Inflammation

My Gut Microbiome Was Quite Unstable With High Levels of E. coli

1. Methanobrevibacter smithii (Euryarchaeota) 

2. Parvimonas micra (Firmicutes) 

3. Escherichia coli (Proteobacteria) 

4. Faecalibacterium prausnitzii (Firmicutes)

5. Dorea longicatena (Firmicutes)

6.   Actinomyces odontolyticus (Actinobacteria)

7. Bifidobacterium animalis (Actinobacteria)

8. Akkermansia muciniphila (Verrucomicrobia)

9. Bacteroides intestinalis (Bacteriodetes)

10. Ruminococcus bromii (Firmicutes)

Source: Smarr, Hyde, McDonald, Sandborn, Knight 



Why Did I Have an Autoimmune Disease like IBD?

Despite decades of research, 

the etiology of Crohn's disease 

remains unknown. 

Its pathogenesis may involve 

a complex interplay between 

host genetics, 

immune dysfunction, 

and microbial or environmental factors.
--The Role of Microbes in Crohn's Disease

Paul B. Eckburg & David A. Relman

Clin Infect Dis. 44:256-262 (2007)

So I Set Out to Quantify All Three!



I Found I Had One of the Earliest Known SNPs

Associated with Crohn’s Disease

From www.23andme.com

SNPs Associated with CD

Polymorphism in 

Interleukin-23 Receptor Gene

— 80% Higher Risk 

of Pro-inflammatory

Immune Response

rs1004819

NOD2

IRGM

ATG16L1



There Is Likely a Correlation Between CD SNPs

and Where and When the Disease Manifests

Me-Male

CD Onset

At 60-Years Old

Female 

CD Onset

At 20-Years Old 

NOD2 (1)

rs2066844

Il-23R

rs1004819

Subject with

Ileal Crohn’s

Subject with

Colon Crohn’s

Source: Larry Smarr and 23andme



I Also Had an Increased Risk for Ulcerative Colitis,

But a SNP that is Also Associated with Colonic CD

I Have a 

33% Increased Risk 

for Ulcerative Colitis

HLA-DRA (rs2395185)

I Have the Same Level 

of HLA-DRA Increased Risk

as Another Male Who Has Had

Ulcerative Colitis for 20 Years

“Our results suggest that at least for the SNPs investigated 

[including HLA-DRA], 

colonic CD and UC have common genetic basis.”

-Waterman, et al., IBD 17, 1936-42 (2011)



~35,000 IBD Patients Genotyped

From 49 Centres in 16 Countries in Europe, North America, and Australasia

Our data support a continuum of disorders 

within inflammatory bowel disease, 

much better explained by three groups 

(ileal Crohn’s disease, colonic Crohn’s disease, and ulcerative colitis) 

than by Crohn’s disease and ulcerative colitis as currently defined.

Lancet 2016; 387: 156–67



Using Metagenomics to Compare 

Healthy Subjects with IBD Patients From 3 Subtypes

5 Ileal Crohn’s Patients, 

3 Points in Time

2 Ulcerative Colitis Patients, 

6 Points in Time 

“Healthy” Individuals

Source: Jerry Sheehan, Calit2

Weizhong Li, Sitao Wu, CRBS, UCSD

Total of 27 Billion Reads

Or 2.7 Trillion Bases

Inflammatory Bowel Disease (IBD) Patients

250 Subjects

1 Point in Time

7 Points in Time 

Each Sample Has 100-200 Million Illumina Short Reads (100 bases)

Larry Smarr

(Colonic Crohn’s)



To Map Out the Dynamics of Autoimmune Microbiome Ecology 

Couples Next Generation Genome Sequencers to Big Data Supercomputers

Source: Weizhong Li, UCSD

Our Team Used 25 CPU-years

to Compute 

Comparative Gut Microbiomes

Starting From

2.7 Trillion DNA Bases 

of My Samples

and Healthy and IBD Controls

Illumina HiSeq 2000 at JCVI

SDSC Gordon Data Supercomputer



Computational NextGen Sequencing Pipeline:

From Sequence to Taxonomy to Function

PI: (Weizhong Li, CRBS, UCSD): 

NIH R01HG005978 (2010-2013, $1.1M) 

11,000 

Genomes



Supercomputer Metagenomics Produces Relative Abundance 

of Hundreds of Microbial Species

Average Over 250 Healthy People

From NIH Human Microbiome Project
Note Log Scale

Clostridium difficile



We Found Major State Shifts in Microbial Ecology Phyla

Between Healthy and Three Forms of IBD 

Most 

Common 

Microbial 

Phyla

Average HE

Average 

Ulcerative Colitis

Average LS

Colonic Crohn’s Disease

Average 

Ileal Crohn’s Disease



Lessons From Ecological Dynamics I:
Invasive Species Dominate After Major Species Destroyed

”In many areas following these burns

invasive species are able to establish themselves, 

crowding out native species.”

Source:  Ponderosa Pine Fire Ecology

http://cpluhna.nau.edu/Biota/ponderosafire.htm

http://cpluhna.nau.edu/Biota/invasive_exotics.htm


Almost All Abundant Species (≥1%) in Healthy Subjects

Are Severely Depleted in Larry’s Gut Microbiome



In Place of the Depleted Common Microbes in Healthy People

Are Rare Microbes in My Gut

152x

765x

148x

849x
483x

220x
201x

522x

169x

Number Above 

LS Blue Bar is Multiple 

of LS Abundance 

Compared to Average 

Healthy Abundance 

Per Species

Source: Sequencing JCVI; Analysis Weizhong Li, UCSD

LS December 28, 2011 Stool Sample



I Had Been Giving Virtual Reality Tours 

of “Transparent Larry” for Six Years at Calit2

3D Volumetric 

Visualization

Created by 

Calit2’s Jurgen

Schulze

from January 

2012 MRI



3D Virtual Colonoscopy

Full Body CAT Scan at mm Resolution, Including Virtual Colonoscopy

June 2016 Convinced Me Time Had Come for Surgery

Source: Body Scan Intl., Irvine, CA

“I would take it out. 

All it can do is cause you trouble.”

-Harvey Eisenberg, MD

June 2016 

Lumen

No Air
Smarr Met with Dr. Sandborn Sept 12, 2016

Then With Dr. Ramamoorthy Oct 6, 2016



From Quantified Self to Quantified Surgery:

Converting MRI Slices to 3D Organ Segmentation for Surgical Pre-Planning

MRI Slice from Dr. Cynthia Santillan 3D Organ Segmentation Made by Dr. Jurgen Schulze 

from Dr. Santillan’s 150-Slice MRI

Images of Dr. Smarr’s Abdomen

To Support Sigmoid Colon Resection Surgery



Smarr Became the First Robotic Colo-Rectal Surgery

in the Jacobs Medical Center on Tuesday November 29, 2016

Patient Smarr

With 

Robot Arms 

Inside Him 



I Have Been Collaborating with the UCSD Knight Lab

To Analyze My Gut Microbiome Dynamics

Larry’s 40 Stool Samples Over 3.5 Years 

to Rob’s lab on April 30, 2015



Gut Microbiome Genus-Level Profiles

Daily Samples Before and After Abdominal Surgery

Colonoscopy Surgery

Source: Embriette Hyde, UCSD



Colonoscopy

Surgery

Much Larger Drop in Microbiome Ecology Diversity

Following Surgery Than Following Colonoscopy

Source: Embriette Hyde, UCSD



Pre-colonoscopy Post-colonoscopy Pre-surgery Post-surgery

Major Shift in Gut Microbiome Ecology 

Following Abdominal Surgery With Return to New Equilibrium State

Source: Embriette Hyde, Yoshiki Vázquez Baeza, Knight Lab, UCSD

Inflamed

Disease 

State

Healthy

Post-

Surgery

State



My Gut Microbiome Changed More After Surgery

Than the Difference Between 10,000 Individuals!

Source: Embriette Hyde, UCSD

Data From 

American Gut

Project, UCSD.

Rob Knight, 

Director

fecal

Stool

Vagina

Skin

Oral



Colonic Inflammation:  Abrupt Shift to Healthy 

Following Surgical Resection (Note Logarithmic Scale)

Surgery

1800x Lower Than Peak

Normal Range <7.3



In a “Healthy” Gut Microbiome:

Large Taxonomy Variation Between Individuals, Low Protein Family Variation

Source: Nature, 486, 207-212 (2012)

Over 200 People



We Supercomputed ~10,000 Microbiome Protein Families (KEGGs) 

Which Cleanly Separate Disease Subtypes Using PCA

Implies That 

Disease Subtypes 

Have Distinct 

Protein 

Distributions

From Yazdani, Taylor, Debelius, Li, Knight, Smarr in

IEEE International Conference on Big Data (December 5-8, 2016) 

We Used a 35 Person

Subset of 

the 255 Healthy Person

HMP Study



Using Machine Learning (Random Forest) to Discover the Protein Families

That Differentiate Between the Disease and Healthy Cohorts

Selected 

from 

Top 100 

KS Scores

Selected 

by 

Random 

Forest 

Classifier

From 

Holdout 

Set

Next Step: 

Investigate 

Biochemical 

Pathways of 

KEGGs

That 

Differentiate

Disease 

States

From Yazdani, Taylor, Debelius, Li, Knight, Smarr in

IEEE International Conference on Big Data 

(December 5-8, 2016) 



Disease Arises from Perturbed Protein Family Networks:

Dynamics of a Prion Perturbed Network in Mice

Source: Lee Hood, ISB 37

Our Next Goal is to Create 

Such Perturbed Networks in Humans



Toward a Novel Microbiome Disease Diagnostic

We Need Machine Learning Tools Because This Year 

10,000 Protein Families  One Million Microbiome Genes

and

50 Subjects 500

Leading to ~1000 Times Larger Datasets



Can We “Garden” Our Way Back to Health?

New Tools for Managing the Microbiome

“I would like to lose the language of warfare,” 

said Julie Segre, a senior investigator at 

the National Human Genome Research Institute. 

”It does a disservice to all the bacteria 

that have co-evolved with us 

and are maintaining the health of our bodies.”



Lessons from Ecological Dynamics II: 

Gut Microbiome Has Multiple Relatively Stable Equilibria

“The Application of Ecological Theory Toward an Understanding of the Human Microbiome,” 

Elizabeth Costello, Keaton Stagaman, Les Dethlefsen, Brendan Bohannan, David Relman

Science 336, 1255-62 (2012)



PCoA by Justine Debelius and Jose Navas, 

Knight Lab, UCSD

My Gut Microbiome Ecology Shifted After Drug Therapy 

Leading to Rapid Weight Gain, But Drop in IBD Symptoms

Lialda & 

Uceris

12/1/13 

to 

1/1/14

12/1/13-

1/1/14

Frequent IBD Symptoms

Weight Loss

7/1/12 to 12/1/14

Blue Balls on 

Diagram to the Right 

Principal Coordinate Analysis of 

Microbiome Ecology

Weight Data from Larry Smarr, Calit2, UCSD

Weekly  Weight

Few IBD Symptoms

Weight Gain 1/1/14 to 8/1/15

Red Balls on 

Diagram to the Right 



My Fasting Glucose Level Began to Rise After the Microbiome Shift –

I Was Developing Metabolic Syndrome and Prediabetes

Best Range

70 to 100

Prediabetes Range

100 to 120

Weight Gain StartedDiabetes Range

How Can a Shifting Microbiome Ecology 

Alter Your Glucose Pathway?



Aligning Your Eating Pattern With Your Body’s Circadian Rhythm 

Is As Important As What You Eat



I Volunteered to Become a Patient in the UCSD/Salk Pilot Study 

of Time-Restricted Eating (TRE) in Metabolic Syndrome

44

– Hypothesis

– In patients with metabolic syndrome who eat for 

≥ 14 hours per day, limiting daily oral intake 

to 10 hours per day for 3 months while 

using a smartphone application will result in:

– Weight loss

– Improved glucose metabolism

– Improved biomarkers associated with 

cardiovascular disease risk

– First study of TRE in metabolic syndrome

– First use of continuous glucose monitoring during TRE

– November 2017 to February 2018

Pam Taub, MD

Cardiology

Satchin Panda, PhD

Circadian Biology

• My Improvements:

– Fasting Glucose Peak Dropped From 119 to 101

– Waist 108cm to 102 cm

– Weight 197 to 189

– Blood Pressure 140/74 to 130/69



My Fasting Glucose Level Dropped Abruptly

Into Normal Level During Time Restricted Diet

Best Range

70 to 100

Prediabetes Range

100 to 120

Weight Gain StartedDiabetes Range

How Can a Shifting Microbiome Ecology 

Alter Your Glucose Pathway?

Time-

Restricted 

Diet
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Time-Restricting My Food Intake to Ten Hours

Improved My Glucose Spiking Without Changing Diet

Data from Taub/Panda Clinical Trial

Graphics by Azure Grant, QuantifiedSelf.com
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Heat Map of Continuous Glucose Monitor Every 5 Minutes

Before and After 3 Months of Time-Restricted Eating

10-Hour 

Eating Window

Data from Taub/Panda Clinical Trial 

Graphics by Azure Grant, QuantifiedSelf.com
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Post
CGM Error?

Glucose (mg/dL) Source: Azure Grant, UCB

Major Changes in Glucose Profile

Before and After 3 Months of Time-Restricted Eating



Adding Vegetable Fiber to the Diet

Seems to Counter Obesity By Increasing Microbiome Diversity



Can I Increase My Microbiome Diversity

By Consuming 3 Dozen Plant Species Per Day?

UC San Diego’s Rob Knight Lab is Currently 

Sequencing 100 Days of My Stool Samples 

I Also Have Over 500 Time-Stamped Photos 

of Everything I Consumed During the 100 Days



UC San Diego Is Carrying Out Detailed Input/Output Research

Connecting Metagenomics and Metabolomics of Food and Gut Microbiome

Projects Leaders: Julia Gauglitz, Rob Knight, Pieter Dorrestein, Rachael Dutton, UC San Diego
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UCSD Health Sciences Team
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Rob Knight Lab
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