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«The man first wanted to eat to survive, then he wanted to
eat well and incorporated gastronomy into his cultural
world. He now, in addition, he wants to eat health »

Prof. F. Grande Covian

“Let food be the medicine, and let medicine be
the food.” (attributed to Hippocrates)




Food for Health and Medicine food dea

q Food Chemical Compounds ...

“0 s NLAMM)J
rotene

\
P P
' g
E [
4
=
B Iwe | I NN
) 21 Ch ¥ )
WLl e 1\ /'«,/Q__/\n_n A'I‘_A'ﬂ!/\_
1 |
\ ’ : A Ao Ao A ‘-,
: ) >
° m

. Have Mechanisms
of Action to Promote

Good Health NN Cardiovascular disease

z
=

Cancer Diabetes




Food for Health and Medicine od dea

Randomized Controlled Trial > Nutrients. 2019 Aug 24;11(9):2001. doi: 10.3390/nu11092001.

Tolerability and Safety of a Nutritional Supplement
with Potential as Adjuvant in Colorectal Cancer
Therapy: A Randomized Trial in Healthy Volunteers

Marta Gémez de Cedrén !, José Moises Laparra 2, Viviana Loria-Kohen 2, Susana Molina 4 el e
, Juan Moreno-Rubio 4 %, Juan Jose Montoya ©, Carlos Torres 7, Enrique Casado 2, Guillermo Precision Nutrition
Reglero 7 8, Ana Ramirez de Molina ® and Cancer

Affiliations + expand Programme

PMID: 31450563 PMCID: PMC6769991 DOI: 10.3390/nu11092001 ~ .
Dr. Ana Ramirez de Molina

Review > Int J Mol Sci. 2016 Nov 10;17(11):1877. doi: 10.3390/ijms17111877.

Dietary Strategies Implicated in the Prevention and
Treatment of Metabolic Syndrome

Rocio de la Iglesia !, Viviana Loria-Kohen 2, Maria Angeles Zulet 3 4, Jose Alfredo Martinez 5 6

, Guillermo Reglero 7, Ana Ramirez de Molina 8 * Molecular Oncology Research

Group

Affiliations + expand Ana Ramirez de Molina

PMID: 27834920 PMCID: PMC5133877 DOI: 10.3390/ijms17111877

* Clinical Oncology Research

Review > Nutr Cancer. 2015;67(8):1221-9. doi: 10.1080/01635581.2015.1082110. Group
Epub 2015 Oct 9. Enrique Casado and Jaime Felid
Rosemary (Rosmarinus officinalis L.) Extract as a * Molecular Immunonutrition
. . . Research Group
Potential Complementary Agent in Anticancer Moisés LaParra
Therapy

« Computational Biology
Research Group

Margarita Gonzalez-Vallinas ', Guillermo Reglero 2, Ana Ramirez de Molina !
Enrique Carrillo

Affiliations + expand
PMID: 26452641 DOI: 10.1080/01635581.2015.1082110




Personalized nutrition is expected to be one of the
greatest revolutions for modern medicine and health.

This interest mainly due to the great development of omics & digital technologies.

Personalized Nutrition Personalized Nutrition /I; @

Science & Data Guidance & Therapeutics

(Internet Of g Omics & ONANOP‘QFLE
More data functional
biochemistry

"""""""" Personalized
Targeted lab
testing Piramide de la Alimentacion Saludable

Routine lab
testing

Nutrition
assessment & Generalized
intake

SENC, 2015

Corinne L. Bush, Jeffrey B. Blumberg, Ahmed EI-Sohemy, Deanna M. Minich, J6se M. Ordovas, Dana G. Reed & Victoria A. Yunez Behm (2020) Toward the Definition
of Personalized Nutrition: A Proposal by The American Nutrition Association, Journal of the American College of Nutrition, 39:1, 5-15,
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The Nutrition for Precision Health program
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Personalized nutrition is expected to be one of the
greatest revolutions for modern medicine and health.

This interest mainly due to the great development of omics & digital technologies.
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Verma, Meghna et al. “Challenges in Personalized Nutrition and Health.” Frontiers in Nutrition 5 (2018)



Personalized nutrition is expected to be one of the
greatest revolutions for modern medicine and health.

This interest mainly due to the great development of omics & digital technologies.
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Nutrient intake summary

e https://caloriemama.ai/api

Actual intake
C ——
35%

eCarb127.1g  ®Fat37.9g Protein30.8g :
o cssonmerd FreeStyle Libre Flash Glucose
,,,,, .
Fiber ang Monitoring System (Abbott’s)
Potassium 889.5/4700 mg
Vitamin A 517.2/900 pg
Vitamin C 9.8/90 mg
Calcium 214.8/1000 mg D. b. .
o 5:3/8mg tsblosts
@ Saturated Fat 15.8/23¢g
Sodium 1497.5/1500 mg

Lowintake ® Average ® High intake

VIEW MORE DETAILS
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https://www.samsung.com/au/apps/
samsung-health/nutrition/

https://www.fitbit.com

@PictureMicrobes



minstitut

Personalized Nutrition Igmdea
00

Victor Moreno'”-12°20, [rina Naskinova™, Elin Org®, Inés Paciéncia?',

Georgios Papoutsoglou?, Rajesh Shigdel?, Blaz Stres?, Baiba Vilne®, Malik Yousef?.2,
Eftim Zdravevski®, loannis Tsamardinos?, Enrique Carrillo de Santa Pau’,

Marcus J. Claesson?, Isabel Moreno-Indias®¥ and

Jaak Truu®™ on behalf of ML4Microbiome

Applications of Machine Learning in & trontiers.
g i . in Microbiology

Human Microbiome Studies:

A Review on Feature Selection,

Biomarker Identification, Disease @ MICROBIOME

Prediction and Treatment

Laura Judith Marcos-Zambrano'*, Kanita Karaduzovic-Hadziabdic?,

Tatjana Loncar Turukalo®, Piotr Przymus*, Viadimir Trajkovike, Oliver Aasmetss?, PFEE" ant Women ®
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Metataxonomic review to elucidate the role of the microbiome in Celiac disease
across the gastrointestinal tract

Cold

. bioRyiv
Juliana Arcila, € Viviana Loria-Kohen, & Ana Ramirez de Molina, (2! Enrique Carrillo de Santa Pau, THE PREPRINT SERVER FOR BIOLOGY
() Laura Judith Marcos-Zambrano

Case vs. control Study accession N° BB case EEE control
«
o
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0.1 — \\\\\\\\\\\\\\\\‘\‘"".l/////////// o Campylobacterales
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©
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Personalized Nutrition by Prediction of Glycemic

Responses
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... Zamir Halpern * Eran Elinav
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Per person profiling

&)

Blood tests ;&6

Dlary (food, sleap, physical activity)

Gut microbiome Using smartphone-adjusted website

165 rRNA
Metagenomics

5

5,435 days, 46898 meals, 9.8M Calories, 2,532 exercises

Continuous glucose monitoring
Using a subcutaneous sensor (IPro2)

L

130K hours, 1.56M glucose measurements

Questionnaires
Food fraquency
Lifestyle

Medical

Standardized meals (s0g avallable carbohydrates)

o=

Day1 Day2 Day3 Day4 Day5 Day6 Day7
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Anthropometrics
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Computational analysis

PPGR
prediction

E
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Validation Dietary
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-
ek S,
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https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi © « Tal Korem ® « Niv Zmora © « ... Zamir Halpern * Eran Elinav 2 ° = « Eran Segal

D 1s0

Glucose monitor (CGM), which

g140 . A .
§ measures interstitial fluid glucose
| .
5 every 5 min for 7 full days (the
60 “connection week”), using
1 2 3 dDay 5 L 7

subcutaneous sensors

-
ey
-
Y
-
-

160 T T - -

o we recorded over 1.5 million glucose

measurements from 5,435 days.
120

100

Glucose (mg/dl)

80
Standardized meal

60

8:00 12:00 _ 16:00 20:00

Time https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi © « Tal Korem ° « NivZmora © « ... Zamir Halpern * Eran Elinav 2 ° = « Eran Segal °

B C
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https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi © « Tal Korem ® « NivZmora © « ... Zamir Halpern * Eran Elinav 2 ° = « Eran Segal

A %’ _ff'w"a 'e'a'.r.m.'s Moo features .
‘b%){ 10:2{} ug} E?f{\:' %= A e, mrents, | oo oonses Meal response predictor
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JE1L1 ! Lt; | [} Train predictor . . .
o mi : = Gradient Boosting Regression
m‘;‘::::“m 1'8 3 3 ' {i Trees are inferred sequentially,
- “g] (8 o _ 5 Jﬁ . ! with each tree trained on the
1138 '.':ﬁ‘ e T i residual of all previous trees and
p AR 3 Pt i At 20 % 5 ) . -
« i Bl i ...-.‘f Meal response prediction making a small contribution to
: %4000 the overall prediction

Validation
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o

~<:___jii

Predcted Measured

rUse predictor to predict meal respon

1

https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi © « Tal Korem ® « Niv Zmora © « ... Zamir Halpern * Eran Elinav 2 ° = « Eran Segal 2 ° =

B Carbohydrate-only C Calories-only
prediction prediction
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(AUC, mg/dih) (AUC, mg/dih) https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi © « Tal Korem © « NivZmora © « ... Zamir Halpern « Eran Elinav 2 ° = « Eran Segal 2 ° =
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Personalized Nutrition by Prediction of Glycemic

Responses

David Zeevi © « Tal Korem ® « Niv Zmora © « ... Zamir Halpern * Eran Elinav 2 ° = « Eran Segal 2 ° =

A | Per person profiling Computational analysis

. c Dlary (food, sleap, physical activity)
Gut microbiome /4 o
165 rRNA 0O
Metagenomics

Using smartphone-adjusted website Main
5,435 days, 46898 meals, 9.8M Calories, 2,532 exercises N cohort

E

PPGR
prediction

5

Continuous glucose monitoring
Using a subcutaneous sensor (IPro2)

§

Blood tests ;&6

@ 130K hours, 1.56M glucose measurements - 800 Participants /
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o 2 e " 2 4 L "
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https://doi.org/10.1016/j.cell.2015.11.001
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Personalized Nutrition by Prediction of Glycemic
Responses

David Zeevi

A

8

Intervention measured =
PPGR (IAUC, mg/dl-h)

Tal Korem 8

One week profiling
(26 participants)
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‘ D AY | followed @CellCellPress @WeizmannScience
protocol: glucose X 2 wks, gut #microbiome, lots of

- T W O other tracking data-> #Al -> my diet
recommendations (sample) @daytwohealth cell.com

https: .daytwo.
peiffwvaridayewo.com/ /cell/fulltext/... v interesting stuff!
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Bread, Cereal, Rice and Pasta Vegetables Legumes, Tofu and Nuts Snacks and Sweets
Your maximum caily alowance is: 2350 Cal four maximum d: ‘Your maximum daily allowance is: 2350 Cal Your maximum daily allowance is: 2350 Cal
BETTER WORSE o — WORSE BETTER WORSE

Cooked broccoli
5 French toast challah bread "

Granola

Almond butter

(ol
‘}5‘3

Cheese danish
3cal 13202
Cheesecake

Fiber almond brownie bar

200¢al 1

Cooked cauliflower
) Brazil nuts

Kimehi

Mixed nuts
Crackers

Yellow beans
Sunflower seeds

Baguette with camembert e Protein almond brownie bar
wca 0.al |1

Prepared caulifiower

Tahini spread
Carrot cake with extra icing

Oatmeal with milk

5Cal 1610 Artichokes

Edamame

Whole wheat fig bars

©

Salted rice cakes

Pickled daikon radish

@

Home prepared hummus

o F: -
S 2

Baked potatoes

)

Banana nut muffin

1 Yellow peppers
g &
) &
Gluten-free bread by €4
cal 135 ~

Baked squash

talian-herb focaccia ¥
2N

()
@

Spicy black bean burger

)

Honey graham crackers

Roasted chestnuts

)

Cheerios Chocolate cake cookie

@
© ©

@ @

https://twitter.com/EricTopol/status/934848245162901504/photo/4
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252 DEEP MEDICINE
Bread, Cereal, Rice, and Pasta Legumes, Tofu, and Nuts Dairy and Dairy Substitutes
E . T l a Item Grade Item Grade  Item Grade
cee French toast challah bread A Almond butter A+ Almond milk A+
ric 1o po Granola A- Brazil nuts A+ Bluecheese A+
1 Crackers B+ Mixed nuts A+ Goat's mik A+
N ; @ E r CTO p°| Baguette with Camembert B Sunflower seeds A+ Gouda cheese A+
Oatmeal with milk B Tahini spread A+ Soy cheddar cheese A+
Whole wheat bread with butter B Edamame A Plain whole yogurt A
Quinoa B- Unsalted trail mix A Whole milk A
H Bran flakes with soy milk B- Nuts, seeds & raisins trail mix A- Greek yogurt B+
En respueSta a @E rICTOpOI Gluten free whole grain bread w/olive oil B- Roasted & salted pumpkin seeds B+ Soy milk B+
Corn tortilla C+ Berry blend trail mix B+ Berry soy yogurt B-
Multigrain crackers C+ Home prepared hummus B Skim milk B-
H H . H . Oatmeal C+ Soy burger C+  Soyyogurt B-
A partial list of the algorithmic recommendations. Gk v ¢ Somenws G Gnwwioiw O
Banana nut crunch cereal with milk C Roasted chestnuts c Chocolate soy milk C-
. . Ciabatta bread with avocado c Lentil veggie burger c Yogurt 0% fat C-
Cheetos C- Veggie burger c
Bratwurst A+ and other ratings were not what | had in
Gluten-free bread C-
. Italian-herb focaccia [ Snacks and Sweets
d . Multigrain rice cakes C- Item Grade
| | "n y Salted rice cakes C- Cheese danish A
s Cheesecake A
. . ° . Vegetables Fruits Fiber almond brownie bar A
nd this is based on avoidance o glucose splkes fm Gade Tom Grade  Proinainond s br x
Cooked broccoli A+ Star fruit A+ Carrot cake with extra icing B+
Th 1 . t d / I k t . f t . & . Cooked cauliflower A+ Strawberries A+ Raspberry white chocolate muffin B+
Kimchi A+ Unsweetened coconut A+ Chocolate cream sandwich cookie B+
€y re associatea w/ leaky gut, Intection & cancer In e b e 5
Prepared cauliflower A+ Asian pear A- Apple, cinnamon, raisin & strawberry danish B
mouse models Artchokes A Gua A Coffee cake 8
Beets B+ Raspberries A- Raspberry danish B
Winter squash B Nectarine B- White chocolate macadamia cookies B
H H Cooked brussel sprouts B- Pear B Mini chocolate chip muffin B-
ncbi.nim.nih.gov/pubmed/30022161 gl S P P 1
Lima beans B- Pomegranate B- Pecan pie B-
Yams C+ Tangerine B- Fruit & hazelnut bar C+
. . Baked squash C Banana C+ Ice cream sandwich C+
Yellow peppers c Cherries C+  Strawberry frozen yogurt C+
science.sciencemag.org/content/359/63... s L e, B e :
Celeriac C Goji berries C+ Chocolate cake cookie C
Pickled daikon radish C Orange C+ Honey graham crackers C
Melon c Banana nut muffin C-
Beverages Raisins c Wheat bran raisin muffin C-
Item Grade White grapefruit Cc Whole wheat fig bars C-
Decaf instant coffee A+ Dried papaya C-
Light beer A+ Pomelo C-
Martini A+ .
Cappuccino A Meat, Fish, and Eggs
Pina colada A ltem Grade
American-style pale lager A Bratwurst veal cooked A+
Sweetened vanilla coffee A~ Hard-boiled egg A+
Cola B- Smoked salmon A+
Cranberry juice B Breaded veal cutlet A+
Orange juice B Fried mullet A+
Fruit punch C+ Grilled chicken breast A
Guava passion fruitjuice  C+ Sczdw c:;';mv ceviche :
Soky.anple ks e Pickled Atlantic herring ~ A-
Salmon sashimi A-
Fried squid B+
Fish sticks C-

https://twitter.com/erictopol/status/1102234234582781952



Personalized Nutrition

dea

Microbiome connections with host metabolism and
habitual diet from 1,098 deeply phenotyped
individuals

Francesco Asnicar, Sarah E. Berry &, [...] Nicola Segata

Nature Medicine 27, 321-332(2021) ] Cite this article

PREDICT 1 UK cohort

o

Q.00 0
O X

Discovery

1,002 individuals

PREDICT 1 US cohort

Stool
metagenomics

Microbiome data

)
0 :/ 6

Validation
100 individuals

FFQ

Clinic data

Serum metabolomics
CGM

Metadata

8.8 average 2.2 s.d. Gb/sample (@ Personal (@ Habitual diet
- Age, BMI, weight, Foods, food groups,
58.3 average 14.6 s.d. million reads/sample wgis.,hip ratio’g nutrients, SR
visceral fat, nutrients %E,
Taxonomic | Functional Assembly é\lggtgog:gsuss;%e- Dietary patterns
746 species g.lgi?oeggé)g Total 17 Total 223
Soscio, 60%  [UnfRete0 48,181 MAGs (@) Fasting Postprandial
re?/gllgént ) S;EIS 5e20 Lipoproteins, All fasting measures
p o d 29,035 MQ apolipoproteins, up to seven time points
95 spp. 50% [KEGG knockouts risk scores, including maximum
prevalent 6,163 glucose-mediated, values and rises
176 spp. 20% |Pathways 19,146 HQ fatty acid metabolism
prevalent 445 Total 269 Total 1,288

Random forest regression
and classification

A cross-validation approach was
implemented, which was based on
100 bootstrap iterations and an
80/20 random split of training and
testing folds

shown to be particularly suitable and robust to the
statistical challenges inherent to microbiome
abundance data

Nat. Med. 25, 667-678 (2019)

PLoS Comput. Biol. 12, 1004977 (2016).

https://doi.org/10.1038/s41591-020-01183-8



minstitu

=i dea

food

12)
I~
O O oo oo < & m m S m emﬂ
Lol W 8¢ & § S gr=
20 o @ S g E o<
£ LI @) sied el gz BIE & 83 35,08 & 558
3 F—{[}-@| () wed Apreayun °8 82 by 8§S 5839 § 58335
N o . =
S| ljeaden O 24¢ sY 855 §ESER ey ficof
235 353355 SESIX
g @ | (%) wed jeoL 298 585 53,555 55Res538 §830st
5 @ | (o) wueid Auesyun S5Q05380SREERRRERetS o385 sTRELSS
8 7o) WEIS AlIEEl E35502838SEE 58838858558 8588538E
(@1 | @ weid Ayeon 2338 E o3RSS5 88 ERL ESRTTaEERS
T} |aane CR<<OLE LS THSRRGEE DECCILEE TGS
e 1008 [eWIUY * **x  xx X KKK KKK QH
T le a=H K% * KRR KK *% * k% 21005 [ewiuy
—{]@= | (%)wed Ayesy KKKk K KKkk KKK KkRKKKK *% 13H
g | HIle+ 1adn KKK KK KK KK KK , * k3% 1ady
g |l 13H S KKK KKK KK K K K *HKKkk KKKk Qgane
2 | e~ |ady m ks e ok : * (u) weid Auyean
o
..m +Tl@ | snioudsouq w**** *% KKK kKK * (%) _cm_“ AuesH
z —{ e wnjus|es = *% — (%) ,%.n_v [eloL
{0+ |uon & * 1ad _sw
< e - | 3 uwen *% i (u) swed ejor
DH_. yorelg H K% KKK KK KK k%KX |qgn
—{Tle+ ) svdand m* * ***** *** * (%) weld Ayieayun
@ ) n_M“_z * * (u) yuerd Auyesyun
g e asojeen KKK KK - * ****** *kk _M%ho
5 —{@— ejelpAyogien Kok hk ok K Kk K **** k% FMn_gn___,_co e
m —@o— wnisaubepy - KKK KK KK KK * KKK KKK KX ,ce__ 3 A
8 +—]) stey rewuy b _***** £% ﬁ K% kKK H**m o o
]| seomfuniy N HAH KKK KK KKK Kk kKKK Pl
]| suresb pouens S KKK * % * HK KK KKK K . N
{7 euneBrep _ S * * *%** * %
n 5] * % * *** * %% ousloIeo-eleg
. TE st O_nm~mm®> * ¥ ES KKK Ew_m>_:_uw ausjoie)
O 8 - g posearteuy ° - *kK KK K *** % O uwein
s 1 [}{ spooyess , i
° 2 - *  kk kk ok ok xkkk k Qg
u g {[H st63 iE * * * * % kx 'guwenn
o umm LG uresb sroum 2ﬂ I *% * * % % osoni
S — {[O| stuup Aretng PC B okkk wREKKK * *% *%k* % *  wnueps
F{[{D-| suesseq S5 * *kk kkREK % ouz
- L [}O| sewnben D F ok RRERAER KK X KKK K snioydsoud
= +—{[]-0 | sawaeiobon 5 kxkk * Xk KRRE * * wnisselog
8 | - [0 suny 2 *  kREK K K g uwepp
B @
N 8 O | Area € *KK * K% * “zz_u_mo
o - +—{[O—+ seolelod w k0 kK * KK g UIWeIA
m T_Hﬁvl. |oyoo|y nw. **. * % *  asopeen
d 9 % O - |w®enw KKK K Kk KKKRNKKK K * Wres
g 2 - 0—+ SINN * k0 kkkkkkk asoong
e £ m Iﬁ@l 99}J00 pue B * X% * KKK K KK KKK K sajelpAyoqien
N @ o T} e * % FRKERER KK *%%  asopen
o s TE'. OpEOOAY * *% K * 3k * asojoe
—— SINN
5 —{1@—| noL FHEHKKRKK K HRK RRKKKKKKKKK N e
(q°] 3 | 1A uepuw KEKK KKK x Bk KEE KRR B X oot
2 <
n 2 o o o - - KK KK 8%&3
° @ |smuel *x * *%
2 | @ |spess » ¥ KHXKKK K * k% Rkk % sunid
O % 5| @ -|ewiooou0neq 3 * * KKk KKK K urei6 sjoym
€ |- {8 Sjnu pajesun > *K * * L %% 0Yooly
S g 8 %%  ©oyo00 pue s
LI — M) Sk *% * kK *
S ko *% * * * * paseq-fewiuy
e eIz yse K KKK KK K Kk RRKRRKEKKEKX  SeoEiod
ead * ¥ *% k% ¥k kk 3k Syuup Aiebng
P voneIBuos uBLIERdS *% ¥ OKRKKK KK *kkk  suessaQ

® o *% * * o BRx Rk KKEX 1Eep

//doi.org/10.1038/s41591-020-01183-8

https



Personalized Nutrition

Firmicutes CAG:95
F. prausnitzii
Roseburia CAG:182
A. butyriciproducens
R. hominis

A. hadrus

B. animalis

R. lactaris

H. acetispora

C. leptum

B. bifidum

E. lenta

A. colihominis
Firmicutes CAG:94
Pseudoflavonifractor sp An184
R. lactatiformans

C. symbiosum

F. plautii

C. spiriforme

C. innocuum

[l Positive [_] Negative

More healthy Less healthy More healthy Less healthy

plant-based foods plant-based foods animal-based foods  animal-based foods
| [—— ] = — P
| = P — -
n — —F —
. fu— =F = =
_ e =] =
N f— —F —
| — —F | e—] —
: — —F =
I = o — =
. —P | = =
7 — — ] =
4 = = — i
. I:F I:F [} =
4 — ] = ]
1 = £ e
{ =" = = —
A — = — .
R — £ — =
1= F = =
1 = —F -

T T T T T T T T T T T T T T T T T T T T

40 20 0O 20 40 40 20 O 20 40 40 20 O 20 40 40 20 0O 20 40
Significant associations (%) with foods per health impact

* ok k
** ***

lInStItutd ea
food

d Coffee (g)
= UK AUC =0.81 = UKAUC =0.72 = UK AUC =0.61
= USAUC=0.72 = US AUC =0.60 = US AUC =0.54
1.0 - -
o -
© 08
[
2 06
2
g 04 y
g 0.2 2 " Never Never versus Moderate
= versus high " moderate Z versus high
0 I T T T T [ T T T T 1T T T I T 1
0 02040608100 02040608 100 0204 0608 1.0
False positive rate False positive rate False positive rate
e HFD f aMED
‘ 10 °
0.7 . .
0.6
B o5 k5
° o
3 0.4 8
T 03 c
0.2
0.1 ° e p=0.31
0 0
0.1 0.2 03 04 05 0.6 0 2 4 6 8
Real Real

https://doi.org/10.1038/s41591-020-01183-8



Future Challenges zl dea

Statistical and Machine Learning &P frontiers
Techniques in Human Microbiome in Microbiology
Studies: Contemporary Challenges

and Solutions @ MICROBIOME

Isabel Moreno-Indias?2*, Leo Lahti?, Miroslava Nedyalkova¢, lize Elberes,
Gennady Roshchupkiné, Muhamed Adilovic?, Onder Aydemir?, Burcu Bakir-Gungor?®,
Enrique Carrillo-de Santa Pau, Domenica D’Elia’’, Mahesh S. Desai'>*,
Laurent Falquet™ ', Aycan Gundogdu™'?, Karel Hron¢, Thomas Klammsteiner®,
Marta B. Lopes21, Laura Judith Marcos-Zambrano??, Cldudia Marquesz,
Michael Mason?®, Patrick May?*, Lejla Pasic¢®, Gianvito Pio%*, Sandor Pongor?,
Vasilis J. Promponas?, Piotr Przymus?®, Julio Saez-Rodriguez®, Alexia Sampri®',
Rajesh Shigdel®, Blaz Stres*3+%, Ramona Suharoschi®*, Jaak Truu¥,
Ciprian-Octavian Truic&®, Baiba Vilne®, Dimitrios Viachakis*, Ercument Yilmaz*',
Georg Zeller®, Aldert L. Zomer*, David Gomez-Cabrero* and

Marcus J. Claesson® on Behalf of ML4Microbiome

(1) create standards (incl. data pre-processing) for the development and deployment of
ML techniques with an easy, transparent, and trustable interpretability for non-
experts taking in account the peculiarities of microbiome data

(2) increase the number and quality of human microbiome studies

(3) create efficient data structures and ML repositories following Findable, Accessible,

Interoperable and Reusable (FAIR) principles

(4) chose appropriate distributional assumptions including sparsity and compositionality,

appropriate feature selection
https://doi.org/10.3389/fmicb.2021.634511
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Statistical and Machine Learning & frontiers
Techniques in Human Microbiome in Microbiology

Studies: Contemporary Challenges
and Solutions @ MICROBIOME

Isabel Moreno-Indias?2*, Leo Lahti?, Miroslava Nedyalkova¢, lize Elberes,
Gennady Roshchupkiné, Muhamed Adilovic?, Onder Aydemir?, Burcu Bakir-Gungor?®,
Enrique Carrillo-de Santa Pau, Domenica D’Elia’’, Mahesh S. Desai'>*,
Laurent Falquet™ ', Aycan Gundogdu™'?, Karel Hron¢, Thomas Klammsteiner®,
Marta B. Lopes=21, Laura Judith Marcos-Zambrano, Cldudia Marques=,
Michael Mason?®, Patrick May?*, Lejla Pasic¢®, Gianvito Pio%*, Sandor Pongor?,
Vasilis J. Promponas?, Piotr Przymus?®, Julio Saez-Rodriguez®, Alexia Sampri®',
Rajesh Shigdel®, Blaz Stres*3+%, Ramona Suharoschi®*, Jaak Truu¥,
Ciprian-Octavian Truicd®, Baiba Vilne®, Dimitrios Vlachakis*, Ercument Yilmaz*',
Georg Zeller#, Aldert L. Zomer#®, David Gomez-Cabrero* and

Marcus J. Claesson® on Behalf of ML4Microbiome

(5) control for technical biases such as read count variations, the potential confounding

effects, and multiple testing
(6) Improve interpretability ML methods
(7) build bridges between different disciplines, microbiology, biology, statistics,

bioinformatics, engineering and others to increase interdisciplinary for innovative

solutions

https://doi.org/10.3389/fmicb.2021.634511
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behaviours, beliefs, preferences, barriers Q "

SMART goals (Specific,
Measurable, Achievable,

Relevant, and Time-
bound)
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"PICTURE
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MICROBES"

The project that connects science with photography,
raising awareness of the importance of caring for our
bacterial communities and motivating citizens to
improve their nutritional health decisions.
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