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The metabolic disease epidemic

1IN 10 DIABETIC

PRRRReReee

7 IN 10 OVERWEIGHT 4IN 10 OBESE
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Changes in our nutrition greatly contributed
to the recent metabolic syndrome epidemic



Changes in our nutrition greatly contributed
to the recent metabolic syndrome epidemic

Reduced fat consumption and increased carbohydrates consumption

Increased consumption of added sugar

Increased consumption of food additives and artificial sweeteners

Changed meal times and introduced shift working

The Personalized
Nutrition Project




If nutritional changes drove the metabolic
syndrome epidemic, can it be treated by
restoring healthy nutrition?



Studying the link between nutrition,
lifestyle, genetics, and microbiome

NUTRITION

GENETICS 4

LIFESTYLE
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How can we take a science-based
approach to nutrition?
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Science based approach to nutrition:
What should a marker of healthy nutrition satisfy?

Relevant for weight management

'@ ¢ Relevant for metabolic disease

Easily measurable quantitatively

The Personalized
Nutrition Project




Postprandial (Post-meal) glucose response
as a measure of healthy nutrition

Fat storage

Blood Glucose

Hunger

Time
" Directly affects fat storage, weight gain, and hunger

" Strongly associated with obesity, diabetes, CVD
" Easily measurable quantitatively

The Personalized
Nutrition Project




People have widely different
glucose responses to the same food
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Diets that maintain normal blood glucose
levels must be personally tailored



50,000 MEALS

THE PERSONALIZED
NUTRITION PROJECT

1,000 PARTICIPANTS
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1,000 PARTICIPANTS
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Continuous glucose monitoring
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The Personalized Nutrition Project:
Cohort statistics

Frequency

15 20 25 30 35 40 45 50
BMI

60

Frequency

20 30 40 50 60 70

Age

Zeevi et al., Cell 2015
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25-70 years of age
55% overweight

22% obese
21% pre-diabetic
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What is the variability across people in
the response to the same food?



Testing the cohort response to standardized meals

U|| 5,435 days, 46,898 meals, 9.8M Calories, 2,532 exercises

Continuous glucose monitoring
Using a subcutaneous sensor (iPro2)

130K hours, 1.56M glucose measurements

Standardized meals (50g available carbohydrates)

ceeenndan

Bread Bread Bread & Bread & Glucose Glucose Fructose
butter butter

Zeevi @015
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The same person has a highly similar post-meal response
to the same standardized meal across different days
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Different people have widely different post-meal
responses to the same standardized meal

Population Responses to
Standardized Meals
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Different people have widely different post-meal
responses to the same standardized meal

PPGR (iAUC, mg/dI-h)
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What explains the variability in
people’s response to the same food?



Variability in post-meal glucose response across people

associates with microbiota composition and function

Glucose
Bread

Bread & butter
Fructose

KEGG Modules

KEGG Pathways

Metagenomics
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tion between ABC transporters and

post-meal glucose response to all standardized meals

Itive aSSO0Cia

Pos

Glucose
Bread

Bread & butter
Fructose

KEGG Modules

H

(0£S00N) uonoNpal ajel)iN
(62500) uoneayNuaQ

(zecoow) waishs uoneioas ||| adAL
(1ego0
(vzeoo

)

)

) wajsAs uoneloas || adAL

)
(L1€00W) Hodsuen o4  uy

)

)

)

W
W) Lodsuer epndedig
(e€Z00W) Hodsuen N9
(62200
(9z200W) Hodsuel) siH

(52200W) Hodsuel) Bry 7 sA7
(0£0£00%) wesAs uonaioss [eusjoeg
(0r0z0oY) AlqLesse Jejjebe4
(0c0z00Y) sixejowayo |eusioeg
(020z00Y) wa)sAs Jusuodwod om|

W
) Hodsuely Biy

(010z00Y) sieuodsuel gy _

KEGG Pathways

Metagenomics

Anth.

Blood

¥9dd slesw
pazipJepuels

(286000%) 0S7dAD - Wsijoqejaw Bnig
(0z6000%) Wsljogejaw INYNg
(906000%) sisayjuhsolq piousjored
(00S000Y) WISI|OE}BW BS0IONS PUB YIIEIS
(09€000¥) wsijogelsw ayd

(00£000%) sisayjuhsolq sA7

(06Z2000Y) wsijogejew nis) ‘dsy ‘ely
(0¥2000%) Wsijogejaw aulpiuLAd

(1 20000%) uonepeibop pioe Ayed
(01.0000%) sisAj02A|D

(snua9g) sadisiiy

(Ajlwe4) aeaoe|ajonaid

(Ajlwe4) aeaoceusjoeqolajuy

(1ap10) sojesioeqoILUT

(19p1Q) solelpiisolD

(4ap1Q) so|eplosaioeg

(sse|D) eusioeqosjoidewwes)

(sse|) epyso|n —

(sse|D) eipioseioeg
(wnjAyd) eusioeqosiold
(wn)Ayd) sayeplolajoeg
(12p10) selela}oeqol0)
(sse|n) eiuajoeqoL0)

Positive association

(wnjAyd) senouaua)

(wnjAyd) eusioeqoundy
ainssaid poo|q 2110}sAg
aoualayunol sdiy

INg

ddd
(17v) eselsjsuenouiwe aulue)y

Color Scale

Negative association

|oJsisajoyo JgH bBunsej-uoN
|oi8)s8|oyd |ej0) Bulisej-uoN
%9LVaH

P<0.05 P<0.01 P<0.005

n.s.

P<0.05

P<0.005 P<0.01

ith TIIDM (Karlsson et al., 2013)

ion w

l1at

Positive assoc

Positive association with western high-fat/high-sugar diet (Turnbaugh et al., 2009)

The Personalized
Nutrition Project

Zeevi et al., Cell 2015



Can we predict the personal post-prandial
glucose response to any complex meal?



Meal Carbohydrates: State of the art in
predicting post-meal glucose responses

Measured PPGR

Zeevi et al., Cell 2015
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Prediction scheme

o) Personal features |Nleal features
K Time, nutrents, | Meal Meal response predictor
o)
< prev. exermse responses
|1| I | i - Boosted decision trees
| ”- ) . .
| [| Train predictor
Main
cohort
800 participants |
Cross-validation
Leave-one-person-out 0 20 5 5 30

Meal response prediction
‘{ x4000

Predicted Measured
Validation

N \
E" E JI I Iu .... Use predictor to predict meal responses> ! ; !
100 participants I I I I I

cohort
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Model features

MetaPhlAn KEGG 165 OTUs Growt.h
abundances | abundances dynamics

200 Nutrients

Including fatty acids, vitaminsand minerals

Multiple recorded features

Meal times, sleep, exercise, stress, hunger, medication

30 100 100
Blood parameters Questions FFQ features

] The Personalized
Zeevi et al., Cell 2015 Nutrition Project




Accurate predictions of personalized glucose responses

State of the art

Measured PPGR
(iIAUC; mg/dl*h)
(IAUC, mg/dI-h)

Carbohydrate-only
prediction

Meal Carbohydrates (g)

Meal carbohydrates (g)

60

y/di-h)
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Main cohort prediction
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Our prediction Prediction validation
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Meal and lifestyle factors
affect the post-meal glucose response

Meal Meal
9 carbohydrates (2) 4 fat / carbohydrates (4)
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Microbiome features affect
the post-meal glucose response
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Can personally tailored dietary interventions
improve post-prandial glucose responses?

olC

Daphna Rothschild Orly Ben-Yaacov Michal Rein




Constructing personally tailored diets that
achieve normal post-prandial glucose responses

One week profiling
(26 participants)

Dietitian prescribed meals
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Choose meals for dietary intervention weeks
‘Good’ diet

Find best
and worst meals
for each row
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Can you distinguish between the good and bad menus?

llBad” llGood a ? llBad” llGood I{4 ?
Diet Diet ° Diet Diet °

. Egg with\
i Muesli
’+ Breakfast 5% bread and
coffee
Lunch
Hummus
and pita
Snack Marzipan
Edamame
Dinner ) Cornand - ... Vegetable
& &% nuts &5  noodles
ty, with tofu
Night snack —= ‘4 Toblerone .
\""-’ and coffy \ Ice cream/
_ The P lized
Zeevi et al., Cell 2015 Nutrition Project




Can you distinguish between the good and bad menus?

Good
Diet

Ege with
o' Breakfast bfgad and
coffee
Lunch Hummus
and pita
Snack s Marzipan
Corn and
Dinner Vegetable
noodles
with tofu
Night snack 2p Toblerone e cream

and coffee

The Personalized
Nutrition Project
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Personally tailored diets reduce
the post-prandial glucose response

Expert-based
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Can you distinguish between the good and bad menus?

llBad” llGood {4 ? llBad” llGood ') ?
Diet Diet ° Menu Diet °
B N (G R
Breakfast m Orange juice @gﬁﬁ ~ Croissant
Lunch Schnitzel Goulash
with rice
Snack Peach Halva
%. Bread with
' SN Hummus
Dinner @ butter
Night snack Grapes / \v Red wine/
Zeevi et al., Cell 2015 Lhu?ri?éﬁogf{!}ii?




Can you distinguish between the good and bad menus?

Bad Good
Diet Diet

o ™) Croissant

Breakfast Orange juice

Goulash
withrice

Lunch .. Schnitzel

Snack Peach Halva

Bread with
butter

Dinner Hummus

Night snack Grapes Red wine

The Personalized
Nutrition Project
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Personally tailored diets reduce
the post-prandial glucose response

iF=
14 participants
(E1, E2, ..., E14)

C/

Ind best
vorst meals
each row

™

Zeevi et al., Cell 2015
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Foods that appear in the ‘good’ diet of one person
may appear in the ‘bad’ diet of another

Participants
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Personally tailored diets improve post-meal responses
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Dietary interventions targeting post-meal glucose
responses induce consistent changes in microbiota
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t-meal glucose

ing pos
responses induce consistent changes in microbiota

Dietary interventions target
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Personalized nutrition project summary

Measure personal Predict personal
features for 800 people glycemic responses
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Design personalized diet
to lower glycemic responses

Food diary
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High interpersonal variability in post-meal
glucose response to identical meals

Personal and microbiome features enables
accurate glucose response prediction

Short term personalized dietary interventions
successfully lower post-meal glucose
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Why can’t we maintain
our weight after dieting?
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People tend to regain their weight after a successful diet

YESI
THE CrcLE OF Yo-Yo DIETING
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A mouse model of recurring obesity
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Is there a “memory”
of previous obesity?



Is there a memory of previous obesity?
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PC2 (13.73%)

Some differences in 16S microbiome
composition are retained after weight loss
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Does the microbiome have a causal
role in enhanced weight regain?



Antibiotic treatment abolishes
effect of previous obesity
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Weight (g)
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Microbiome transfer to germ free mice
transmits enhanced weight regain phenotype
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Can we predict weight regain
using only microbiome composition?



A microbiome-based predictor accurately
predicts the degree of future weight gain
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Multiple microbiome factors
contribute to predictions

Features contributina to prediction Top 10 contributing OTUs
10°
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Can we treat relapsing obesity
by targeting the microbiome?



Fecal Microbiome Transplantation (FMT)
abolishes microbiome-driven metabolic memory
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KEGG pathways

Bafara HFD

‘Post-biotic’ therapy abolishes

microbiome-driven metabolic memory
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‘Post-biotic’ therapy abolishes
microbiome-driven metabolic memory
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Relapsing obesity summary

Relapsing
. Obesity

Obesity

individualized prediction
of weight regain
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