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Water-related diseases

Amoebiasis
Arsenic

Diarrhoeal disease,
Including cholera
Dracunuliasis (guinea worm)
Fluorosis
Giardiasis

Hepatitis A
Intestinal helminths
Malaria
Schistosomiasis
Trachoma

Typhoid

Cases per year

48,000,000 110,000
28-35m exposed to drinking

water with elevated levels

1.5 billion 1,800,000
> 5000 -
26 million (China) -
500,000 Low
1,500,00 :
133,000,000 9400
396,000,000 1,300,000
160,000,000 > 10,000
500,000,000 :
500,000 25,000

Deaths per year



Cholera: A Global Disease

"  Acute water-related diarrheal disease
Seventh pandemic started in 1960s

®  Occurs in more than 50 countries affecting
approximately 7 million people

|

Bengal Delta is known as “native

homeland” of cholera outbreaks

®  Since cholera bacteria

®  exist naturally in aquatic habitats

® evidence of new biotypes emerging,
it is highly unlikely that cholera will
be eradicated but clearly can be
controlled by provision of safe
drinking water.
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1965-1975 An early contribution of marine microbiology to
human health: Determination of the Vibrio cholerae life cycle
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The culprit — Calanus copepod host




" MoDEL FOR THE TRANSMISSION OF VIBRIO
CHOLERAE FROM THE ENVIRONMENT TO HUMANS
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Villagers in Bangladesh collect filtered water in the same pond used for bathing



Bangladesh Model of Cholera source
and Transmissio

G. Constantin de Magny



Why Prediction?
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Schematic representation of the disease control measures implemented Corpeor e

at the beginning (Scenario A) and after the peak (Scenario B) of an
outbreak, and potential cases averted.







Lobitz et al., 2000, PNAS Vol. 97, No. 4 pp. 1438-1443

Six-month SST lead: R2=0.72
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What is reported about cholera and
macro-scale processes?

Cholera outbreaks have been linked to environmental and climate variables

« precipitation (Hashizume et al. 2008)

« floods (Koelle et al., 2005)

* river level (Emch et al., 2008)

« sea surface temperature (Colwell, 1996; Lobitz et al., 2000)
« coastal salinity (Miller et al., 1982)

« dissolved organic material (Worden et al., 2005)

- fecal contamination (Islam et al., 2006)

« chlorophyll (Lobitz et al., 2000, Magny et al., 2008)



Typical cholera
seasonality

e

T

Bacterial movement from
coastal niches to inland




Epidemic Mode of Cholera

ineering

DEPARTMENT OF ENVIRONMENTAL ENGINEERING SCIENCES

Normal or Low Normal or Low e Sporadic outbreak
Temperature Rainfall e TUsually occurs following floods or
| inundation of large landscapes
@ K : \ % e Warm temperatures may increase
-:.:- I ? growth of bacteria in aquatic bodies.
" Warm ' Heavy
MERRA-2 Temperature | Rainfall T e
NOAA-NCEP : IMet Office ‘
1 °
o - S Accumulated rainfall above threshold
i %
Cholera Risk High Cholera : Water
0.1°x0.1° : . WHO
Q Risk ! Insecurity UNICEF
H NASA-SEDAC
G B
: Challenge
Low Cholera Water . Dj 1 dat
Risk Security 1sease (preva ence) ata
« Time invariant algorithm
Warm temperature= above climatological average temperature °

Search for self-adaptive algorithm

Heavy rainfall= above climatological average precipitation
Water insecurity=lack of access to waterand sanitation access
High cholera risk=probability of cholera greater than 50%

Jutla et al_, 2017, ASCE JWRPM
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Could we have predicted the
Haiti Cholera outbreak?

The 2010 cholera outbreak in Haiti indicated the disease remains a global
threat.

Framework for developing cholera prediction models in cholera endemic (ER)
and non-endemic regions (NER)

The sharp contrast in mortality rates between ER and NER exists not because
we do not know how to treat cholera patients, but because of a persistent
“knowledge barrier” between ER and NER.

We propose a pragmatic and adaptive framework which hypothesizes that
convergence of three enabling situations - Inception, Environmental
Conditions, and Transmission - are necessary for a cholera outbreak to become
an epidemic.

Antarpreet Jutla, Elizabeth Whitcombe, Nur Hasan, Bradd Haley, Ali Akanda, Anwar

Huq, Munir Alam, R. Bradley Sack and Rita Colwell. 2013. Environmental factors
influencing epidemic cholera. Amer J Trop Med Hyg 89(3) 597-607
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@ Humicane Matthew tracking path
Windswath of h
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Cholera in Haiti
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June Cholera Risk Map
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Epidemic Cholera

e Sporadic outbreak
e Usually occurs following floods or inundation of large landscapes
e \Warm temperatures may increase growth of bacteria in aquatic bodies.

NOAA-NCEP

I

i ¥
d\ulgra Risk ngh Cholera :
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Warm temperature= above climatological average temperature
Heavy rainfall= above climatological average precipitation
Water insecurity=lack of access to water and sanitation access
High cholera risk=probability of cholera greater than 50%
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Shotgun whole (meta)genome sequencing

Biological specimen

GenBook Biomarker Matching
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Identified All Microbes

" JCOSMOSID?

Unlecking The Microbiome

Community DNA DNA Sequencing
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CosmosID AR/VF Database
- Microbial Identification &
— = = = Pathogen Characterization
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Strain is the Clinically Informative and Actionable Unit

Kingdom

Species

" JCOSMOSID*® e

Unlocking The Microbiome




Microbiome Analysis of Acute
Diarrheal
Patients Compared with Healthy
Individuals

pre-publication results
/) SomosD



Study Cohort

@ 2% Surveillance (every 50" patient) at the National Institute of Cholera and
Enteric Diseases (NICED), Calcutta, India

Total # of Known Unknown Healthy

Study Phases samples Etiology Etiology Control

PHASE I 9 9 0 0

PHASE II 28 0 18 10

PHASE Il 37 17 10 10

Enteric Pathogens monitored

! ! l

V. cholerae O1 and O139 Rotavirus = . -
V. cholerae Non O1 and Non O129 Giardia lamblia
V. parahaemolyticus

V. fluvials
Adenovirus

Cryptosparidium
Aeromonas spp. parvum
Norovitus G|

2 g virus G
Campylobacter jejuni Norovirus GlI

Campylobactercoli Entamoeba
histolytica
Sapovirus
Shigelladysenteriae
S. flexneri

Blastocystis
S. sonnei ety

3 Astrovirus hominis
S boydn

Salmonella
EPEC
ETEC group (LT, ST, LT+ST)
EAEC
EIEC
STEC

1' COSMOSID®

Unlecking The Microbiome



Microbial Community in Healthy vs Diarrheal Patients

Unknown
Disease
Etiology

Known
Disease
Etiology

v- Proteobacteria
Firmicutes

Bacteroidetes
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Crohn’s Disease and the Microbiome

8 Female | 6 Male 9 Female 16 Male

+ 1: Crohn’s data come from SRA Bioproject PRINA46321 " Metagenomic Analysis of the Structure
and Function of the Human Gut Microbiota in Crohn's Disease”

* 2: Healthy data come from SRA Bioproject PRINA48479 “Human Microbiome Project (HMP)
Metagenomic WGS Projects, deeper sequencing of the human microbiome samples: Production
Phase”

@ UNIVERSITY OF
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Species Enrichment in Healthy vs Crohn’s

Bl Crohns [ Healthy

|
-5.362 -4.292

Analysis provided by CosmosID

-2.152

Bacternidesvulgatus
Bacteroides u_s
Bacterodesdore:

pa ctercidesun formis
Prevotellacopri
Bacteroidesovatus
Alistipesputredinis
Bagteroidesmassiiiensis
Bacteroidessp_D20
Bactercidesstercoris
Bhcteroldessp 4 _1_36
apbactercidesmerdac
Bacteraigescaccae

o

Bacterodesfragilis
Rumgnococeusbicirculans
Racteraidesfinegoldii
Bactqrordessp_9_1_42FAA
Paratiacteroidesdistasonis
Ruminococcusbromii
Bacteroidessp 2 2 4

Wistipesshahii

-1.082

Camcbacterium_u_4

ClostricialesbacteriymVE202 18

e clost

Lachnosplraceaebadteriums_1_63FAA

Emtwrococcusfaecium

Lachrospiraceachadteriumt_1_37FAA

Streptococcusthermopphilus

Coprococcussp HPPRO4E

Lactobacillusmucosd

Pelosinus_u_s

e

Lathnospiraceaebadteriumd_1_43B8FAA

f_Ruminococcus_g

avus

Coprococcussp_HPPPO74

Ruminococcussp S

39BFAA

Lactobacillusamyloorus.

Bifidobacteriumlongam

-0.012 1.0

LDA SCORE (log 10)

58

2.128

3.198

4.268

UNIVERSITY OF



Celiac Disease and the
Microbiome

Leonard, M.M., Karathia, H., Pujolassos,
M. et al. Multi-omics analysis reveals the
influence of genetic and environmental
risk factors on developing gut microbiota
in infants at risk of celiac disease.
Microbiome 8, 130 (2020).

v HARVARD

w s
MEDICAL SCHOOL

.3'
=8 MASSACHUSETTS
“15;", GENERAL HOSPITAL

@ UNIVERSITY OF
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CDGEMM: Prospective birth cohort
(455 recruited infants in US and Italy, ongoing)

1 month every 3-6 months

ey
Siiriys Q—O—O—O—O—O—//—-O
Stool Samples © O O ,’
metagenomic Birth 3 months 4-6 months S years
sequencing . .
omic profiling Infants with stool available at birth, 3
months, 4-6 months and no solid food

consumption

31infants
Genetically non-predisposed (n=5)
20000

Genetically predisposed (n=26)

.\

Identify associations between genetic
and environmental factors and
microbiome features (MaAsLin)

v A —\

Environmentally exposed (n=19) oO0—O0—0
\} S & E Birth 3/months 4-6 months
\n B = Inter-subjec
C-section  Formula-  Antibiotic (CTOSS'.SECti'
delivery fed exposure analysis

Environmemally non-exposed (n=7) Q@

. Intra-subject (longitudinal) analysis
Vaginal Breastmilk- Ject (long ) ¥

delivery fed antlblotlcs



A Cases B Controls
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os o5 (@8 05 @3 o5 Bifidobacterium adolescentis 2 Bifidobacterium longum

u.oa 22 o0 20 Blautia wexlerae W@ Clostridium hathewayi
12810 01 07 2« Clostridium clostridioforme ¢ Clostridium sp
SOSOOS Dialister invisus @ o o @@ Dorea longicatena
s 07 07 o1 05 25 Escherichia coli 22 1¢ (14 00 o3 Bifidobacterium breve
i v 2 Eubacterium hallii @ o o1 Alistipes onderdonkii
1o @10 00 o2 o Faecalibacterium prausnitzii v o7 9 Bacteroides xylanisolvens
¢1 a5 02 2 00 o2 Lachnospiraceae bacterium o @EVE - 8 Veillonella parvula
@H@@@ - Oscillospiraceae bacterium w5 2046 a9 o7 2« Escherichia coli
@ o Parabacteroides distasonis 4507 2 o2 21 Bacteroides vulgatus
» Parabacteroides sp. 02 48 01 o0 02 20 Blautia wexlerae
Porphyromonas sp. o143 03 o6 05 08 Clostridiales bacterium
Alistipes finegoldii 15 02 52 o1 00 01 Faecalibacterium prausnitzii
1w o Alistipes sp. a3 96 o0 00 01 00 Ruminococcus sp.

« Streptococcus thermophilus
Alistipes sp.
¢ Intestinibacter bartlettii
: 22 Ruminococcus torques
£ Eubacterium eligens
% Eubacterium hallii

@@ Veilonella sp.

o @@ @ Veillonella atypica

18@8 a0z s 10 Streptococcus thermophilus
ce oo @) 0c 0o 00 Streptococcus mitis

m‘)! 20 02 20 Ruminococcus sp.

2#0 20000008 Ruminococcus lactaris
@OO® ¢« Ruminococcus bicirculans

Longitudinal (intrasubject) analysis for microbial species. A paired Wilcoxon (Wilcoxon signed rank) test was used to identify microbial species whose
abundance differentially changes between a preonset time point (-18, -15, -12, -9, -6, and —3 mo) and CD onset. Any species for which a statistically
significant (P value < 0.05) change is observed in at least one time point in (A) cases and (B) controls is reported here. Box plots for significant features are shown in

S| Appendix, Fig. S2. Time points at which a significant change is observed are shown in SI Appendix, Fig. S5. Here, we report only species for which significant
changes are uniquely observed in cases or in controls.

Leonard et al. 2021. Microbiome signatures of progression toward celiac disease onset in at-risk children in a longitudinal prospective cohort study. PNAS. https://doi.org/10.1073/pnas.2020322118



Clostridium

Clostridium ® Increased abundance has been associated with
0.018 symptoms of ASD
s ® Byproducts of Clostridium are thought to contribute
0.014
g to symptoms of ASD
S 0.012
= .
§ 0.6t O B2-toxin
::) 0.008 o Propionic acid
® 0.006
&
0.004
0.002
0

Healthy



Ruminococcus bromii

Relative Abundance

Ruminococcus bromii

0.14

0.12

0.1

0.08

0.06

0.04

0.02

ASD

Healthy

® Major metabolizer of resistant starches
® Ruminococcus bromii allows for the cross-feeding
of many other bacteria:
o Eubacterium rectale (a butyrate producer)
o Ruminococcus gnavus (an acetate, lactate and

formate producer)



Is COVID-19 polymicrobial and systemic?

How does coronavirus kill? Clinicians trace
a ferocious rampage through the body,
from brain to toes

Meredith Wadman, Jennifer Couzin-

Frankel, Jocelyn Kaiser, Catherine
Matacic. Science, Apr. 17, 2020, 6:45 PM

https://www.sciencemag.org/news/2020/04/how-does-
coronavirus-kill-clinicians-trace-ferocious-rampage-

through-body-brain-toes

1Lungs

A £ross section shows
immune celis crowding an
inflamed alveolus, whose
walls break down during
attack by the virus,
diminishing oxygen uptake
Patients cough, fevers rise,
and it takes more and more
effort 10 breathe

2 Liver

Up to half of hospitalized
patients have enzyme levels
that signal a struggling hiver
An Immune system in
overdrive and drugs given
10 fight the virus may

be causing the damage

3 Kidneys

Kidney damage is common
in severe cases and makes
death more likely. The virus
may attack the kidneys
directly, or kidney failure
may be part of whole-body
events like plummeting
blood pressure

4 Intestines

Patient reports and biopsy data
sugqest the virus can Infect the
lower gastrointestinal tract, which
is rich In ACE2 receptors. Some 20%
or more of patients have diarthea

5 Brain

Some COVID-19 patients

have strokes, seizures,

mental confusion, and brain
inflammation. Doctors are
trying to understand which

are directly caused by the virus.

6 Eyes

Conjunctivitis, inflammation
of the membrane that lines
the front of the eye and inner
eyelid, is more common in
the sickest patients,

7 Nose

Some patients lose their sense
of smell. Scientists speculate
that the virus may move

up the nose’s nerve endings
and damage cells

<_D

Endothelial celll
“‘ SARS-CoV-2

8 Heart and blood vessels
The virus (green) enters cells,
likely including those lining blood
vessels, by binding to ACE2
receptors on the cell surface.
Infection can also promote blood
clots, heart attacks, and cardiac
inflammation


https://www.sciencemag.org/news/2020/04/how-does-coronavirus-kill-clinicians-trace-ferocious-rampage-through-body-brain-toes

|dentification of Bacteria and Viruses

Present in Respiratory Samples in which
SARS-CoV-2 has been Detected




SARS Cov-2 viral RNA has been detected in
48.1% of stool samples

Stool viral RNA positivity rate

Prevalence Weight Weight
Study Events Total (%) 95%-Cl (fixed) (random)
Xiao F 39 73 e 53.42 [41.37; 6520] 558%  45.2%
Zhang W 4 15 ——1 2667 [7.79; 5510] 9.0% 10.9%
Zhang J 5 14 —_— 35.71 [12.76; 64.86) 99% 11.9%
Wang W 5 13 el 3846 [13.86; 68.42] 94% 11.4%
Young BE 4 8 50.00 [15.70; 84.30] 6.1% 7.7%
Kim JY 0 2 0.00 [0.00; 84.19) 1.3% 1.7%
Yang Z 3 3 v + 100.00 [29.24; 100.00] 1.3% 1.8%
Cheng SC 0 1 000 [000; 97.50) 1.2% 1.5%
Holshue 1 1 100.00 [2.50; 100.00) 1.2% 1.5%
Cail 5 6 4 83.33 [35.88; 9958] 26% 3.3%
Zeng L 1 1 - 100.00 [2.50;100.00] 1.2% 1.5%
Zhang Y 1 1 < 100.00 [2.50; 100.00) 1.2% 1.5%
Fixed effect model 138 = 48.88 [40.41; 57.41] 100.0% -
Random effects model - ) _ 48.06 [38.33; 57.94] - 100.0%

Heterogeneity: I° = 7%, v* = 0.0361, p = 0.38 ’ ‘ | '
0 20 40 60 80 100

Gastroenterology

Cheung et al., (2020). Gastrointestinal Manifestations of SARS-CoV-2 Infection and Virus Load in Fecal
Samples from the Hong Kong Cohort and Systematic Review and Meta-analysis. Gastroenterology. Pre-Proof



Positive Stool Samples Detected After
Respiratory Sample Tested Negative
During Recovery
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COVID-19 tracking in wastewater

Population per sq. mile
. .10
g 10..25

25...50
50...100
100...250
250...500
500...1000

gl 1000...2500

S 2500...5000

ml 5000




Results from Frederick, Maryland sites, 2020

Ballenger McKinney WWTP viral RNA target signal by date
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Case Study: Mount St. Mary’s University

» Twice weekly sampling of dormitory T
effluent
o . . . . E. WWH. : , g s -
I(r:]g:/\;?dﬁg'lk;&ggﬂte; el . Flushing out the coronavirus: Universities, cities and states
" aretesting wastewater for the virus
221 students tested :

* 10 positive
* 9 asymptomatic

 “It could have become quite a
spreading event,” said Donna Klinger,
a spokeswoman for the university

» Coronavirus positive students isolated
and wastewater tests done twice
weekly

[}
(:()SN\()SID® 20030 Century Blvd, Germantown, Maryland 20874

Unlocking The Microbiome
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24y Vibrio Prediction Hub  Cholera Risk Map Viewer ~ About Us



https://vibrio-prediction-ufl.hub.arcgis.com/

POWERING THE NEW ENGINEER TO TRANSFORM THE FUTURE

Socio-demographical Earth
indicators Observations

SARS-CoV-2 (COVID-19) ; %,

a 2
n m

MERRA

Density MODIS

e
(L0
Ce e e, G
Economic
stability =%
Human

Development of prediction algorithm R Movement
In-house cholera prediction algorithm was modified for COVID-19 Noe (o=
Algorithm is based on geographically weighted raster I:> ok

probabilistic dose-response assimilation technique T

Diversity

A g
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Prediction of coronavirus risk

COVID-19 Cases Map, April 24- May 14 2020 ‘

I 5001- 42630

Left panel: Prediction made on April 24" 2020 and valid until May 14, 2020.
Right panel: Actual number of COVID19 cases during those three weeks: a
heuristic prediction model developed in GeoHLab
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Environmental Prediction of COVID-19
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Safe water is a global challenge
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“When one tugs at a single thing in nature,
he (and she) find it hitched to the rest of the

universe.”
John Muir
(1838-1914)
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