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SCIENCE: HIGHLYDIFFERENT PERSONAL RESPONSESTODIETS, 
EGPOST- PRANDIALGLYCEMICRESPONSES, EXPLANATIONS?   
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Different peoplehave

different, opposite

responsesto

standardizedmeal, 

bread, Zeeviet al., 

2015, Cell



GWAS : SNPS, COMMONVARIANTSHAVEOFTENONLY
MODERATE EFFECTS; IN DIFFERENT METABOLICAREAS
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DESPITELOW PENETRANCEOF SNPS, 
D-T-C GENETICTESTINGFORNUTRITIONAL ADVICE
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For diseases controlled by 1000 loci of mean relative 

risk of only 1.04, a case-control study with 10,000 

cases and controls can lead to selection of Ḑ75 loci that 

explain >50% of the genetic variance.The 5% of 

people with the highest predicted risk are three to 

seven times more likely to suffer the disease than the 

population average, depending on heritability and 

disease prevalence. Whether an individual with known 

genetic risk develops the disease depends on known 

and unknown environmental factors.

But:

FTO+MC4R : 1.7 % 

increasein fat mass

Melanocortin



MISSINGHERITABILITY: WHATISMISSINGTOUNDERSTAND
A PHENOTYPE:  GENE- ENVIRONMENTINTERACTIONS,  

EPIGENETICS, REVERSIBILITY
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EPIGENETICSMECHANISMS, INTERACTIONS, 
EARLYIMPRINTING



CPGMETHYLATION, EPIGENETICCLOCK, 
REFLECTC.R., NUTRITION

2021AG Haslberger 7

Intrinsicage:  Horvath  

multiple tissues.

ExtrinsicHannum,  

blood cell



NUTRITION: CENTRALIMPORTANCEEPIGENETICHISTONE-
MEDIATEDREGULATION: E.G. C.R. REGULATESIRTS, (HDACS; 

DO ALL BENEFITFROMA SIRT DIET?



EPIGENETICMIRNAS: FOODBORNEAND 
REGULATORSAND MARKERSOF METABOLIC

MECHANISMS, PHENOTYPES, DISORDERS
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HIGH INDIVIDUAL DIVERSITYOF GUT MICROBIOTA
REFLECTSNUTRITIONAND LIFESTYLE, RESULTSIN 

DIFFERENT EXPRESSIONOF METABOLITESESP. SCFAS
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HIGHLYPERSONAL DIFFERENT RESPONSESOF 
MICROBIOTATODIETS, (CROSSFEEDING) AND 

METABOLISATIONOF FOODS

A.G. Haslberger 2021 11

H. Flint 



CORRELATIONVON MICROBIOTASTRUCTUREWITH
GLYCEMICRESPONSESUSEDFORALGORITHMSFOR

DIETARYADVICE
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Eran Elinavand Eran Segal, 

Weizmann Institute of monitoring 

the blood sugar, diets, and other 

traits of 800 people,they built an 

algorithmthat can accurately 

predict how a person's blood-sugar 

levels will spike after eating any 

given meal.

They also used these personalized 

predictions to develop tailored 

dietary plans for keeping blood 

sugar in check.

http://www.weizmann.ac.il/immunology/elinav/
http://www.wisdom.weizmann.ac.il/~/eran/
http://www.cell.com/abstract/S0092-8674(15)01481-6


SO, GENETIC AND MICROBIOTAANALYSISFORPERSONAL  DIETARY
PLANS, BUT OF CENTRALIMPORTANCEAREINTERACTIONS 

MICROBIOTAWITHEPIGENETICSYSTEM; HOST GUT INTERACTIONS
E.G. IN C.R., FASTING(FASTINGMIMETICS) 



CASESTUDY: COMPARINGFASTINGAND A FASTINGMIMETICSIRT-FOOD 
SHOT: MICROBIOTA, EPIGENETICS
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Active (N. 131) Placebo (n: 30) 

Intervention 3 months

Feces, Blood spots before,  after 1,3 month

BuchingerFasting < 120 kcal/day

n: 22 in  PerneggMonastery 

Feces , blood spots, before and 

After the end, first solid feces

Illuminiasequencing, Line 1 methylationbisulfiteqPCR,  HR-MCA, 

RNA, MiRNART QPCRi



BUCHINGERFASTING RESULTED IN A RISE IN THE DISTRIBUTION OF 
PROTEOBACTERIA, INCREASED MICROBIOTA DIVERSITY AND A 

SIGNIFICANT INCREASE IN CHRISTENSENELLA

A.G. Haslberger 2021 15



3M SIRTINDUCINGDRINKINCREASEDACTINOBACTERIA. 
FIRMICUTES/BACTEROIDETES RATIO DECREASED AND CORRELATED 
WITH BMI. ONLY FASTING INCREASED BUTYRATE SIGNIFICANTLY 
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POSITIVE CORRELATION OF THE ABUNDANCE OF BUTYRATE-PRODUCING 
BACTEROIDETESWITH MIR125, SIRT-1 EXPRESSION, TELOMERE LENGTH 
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CONCLUSIONS

In conclusion fasting and to some extend 

fasting mimetics result in beneficial 

modulation of microbiota ( e.g diversity, 

SCFA, BHP)  and metabolism( e.g SIRTS, 

mtDNA, telomer length )

Microbiota structure seems to interfere 

with the expression of Sirtuinsand 

metabolism relevant miRNAsA.G. Haslberger 2021 18



PERSONAL DIFFERENT RESPONSESTONUTRITONAFFECTAGING, 
E.G. CLOCKAND OTHERHALLMARKSOF AGING. THISRESULTSIN 

PERSONAL TYPESOF AGING, AGEOTYPES?  
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FACES OF PERSONAL AGING: CORRELATIONSOF 
AGEWITHTELOMERS, CPG-METHYLATION, 

INFLAMMATION, MIRNAS( N>500) 
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Correlationage with telomere-shortening

Correlationage withmiRNA-127

Correlationage withCPG methylationASPA 

Correlationage withCPG methylationIL6 



AGE DEPENDENTEPIGENETICMARKERS: IN THE METABOLIC

DISEASEGROUP(MD) CORRELATIONSAREDISRUPTED, N>300  

Marker direction

All HC MD all HC MD

ASPA --

IL6 --

TNF --

miR-19b --

miR-let-7a-5p ++

miR-877 ++

miR-151a ++

miR-127 -+

miR-30e-5p --

miR-150

miR-21

miR-101

age group 

comparison

correlation 

analysis

All Healthy controls Metabolic disorders

<0,001 <0,001 <0,001

Trend (pearson: -0,127, 

p=0,079) Pearson -0,73, p=0,412 Pearson -0,201, p=0,108

Trend (spearman -0,054, 

p=0,384)

spearman -0,053, p= 

0,491 pearson -0,105, p=318

Linear regression: p= 

0,018; (spearman -

0,298**, p=0,005)

Linear regression: p= 

0,027 (spearman -

0,352** p=0,008)

spearman -0,174, 

p=0,341

Linear regression: p= 

0,028 (pearson 0,236*, 

p=0,028)

Linear regression: p= 

0,001 (pearson 0,445** 

p=0,001) pearson -0,085, p=0,613

Trend (spearman 0,207, 

p=0,058)

Trend Linear regression: 

0,054 (spearman 

0,288*, p=0,047) spearman 0,105, p=0,544

Trend (spearman 0,151, 

p=0,166)

Linear regression 0,033 

(spearman 0,295* 

p=0,039) spearman 0,059, p=0,727

Trend (pearson 0,288, 

p=0,055) pearson 0,196, p=0,336

Trend pearson 0,444, 

p=0,057

Trend (spearman -0,246, 

p=0,163)

Trend spearman-0,436, 

p= 0,055 spearman 0,048 p =0,869

Trend (pearson -0,114, 

p=0,522) pearson 0,082, p=0,731 pearson -0,416, p=0,139

Trend (pearson, -0,091, 

p=0,153) pearson -0,094, p=0,233 pearson -0,098, p=377

Trend (pearson: -0,228, 

p=0,195)

Trend: pearson -0,317, 

p=0,173 pearson -0,074, p=0,803

correlation

ASPA

IL6

TNF

miR-19b

miR-let-7a-5p

miR-877

miR-151a

miR-127

miR-30e-5p

miR-150

miR-21

miR-101

All Healthy controls Metabolic disorders

p=0,000, korr. R2=0,185

0,001, korrR2 =0,207, überall 

9<0,001, außer zwischen 

40:59 zu 60-79:0,013

korrR2 = 0,140, 20-

39:40-59: p = 0,041; 20-

39:60-79: p=0,002 ANOVA Univariat

Sign. (20-39:60-79, p= 

0,029) korr R2=0,026 Trend means Trend means ANOVA Univariat

Trend means Trend means Trend means Kruskal Wallis

Sign. 20-39:40-59 p=0,047 Trend p=0,06 Kruskal Wallis

Trend means

sign. (20-39:40-59: p=0,023); 

sign. (20-39:60-79: p=0,028) 

korrR2 = 0,162

sign. (20-39:40-59: 

p=0,027) korrR2 = 0,145 ANOVA Univariat

X Trend means X Kruskal Wallis

X Trend means X Kruskal Wallis

Sign. (40-59:60-79, p= 

0,016) korr R2=0,133

Sign. (40-59:60-79 p=0,046) 

korrR2= 0,167 X ANOVA Univariat

Trend means Trend means Trend means Kruskal Wallis

Age Group



DIFFERENT AGINGPATTERNS( AGERELATEDMIRNAS) IN 

METABOLICDISEASEGROUP

Marker All

healthy 

controls

metabolic 

disorders

mi-181a 0,454* (Pearson) x 0,777**

mi-378a

0,396* (Pearson), 

Linear regression 

(p=0,28) x 0,864**

mi30e-5p -0,339 -0,429 0,357

mi30e-3p

0,361* 

(spearman), Linear 

regression 

(p=0,042) x 0,573

mi122 x -0,359 x

mi101 x -0,353 x

let7g x -0,360* x

mi139* p=0,007 p=0,004

*Kruskal Wallis test between BMI groups

20-29 30-39 40-49 50-59 60-69 70-80 20-29 30-39 40-49 50-59 60-69 70-80

ZmiR877 0 0 0 0 0 0

Zlet7a5p 0 1 0 0 0 0

ZmiR378a 0 2 -1 0 -1 0

ZmiR30e3p 0 # DIV/ 0 ! 0 0 0 0

ZmiR15a 0 1 1 0 0 1

ZmiR151a 0 0 0 0 0 0

ZmiR328 0 0 0 0 0 -1

ZmiR132 2 1 -1 0 0 1

ZmiR122 1 0 0 0 0 0

ZLine1_methylation 0 0 0 0 0 0

ZTNF_methylation 0 1 0 0 0 -1

ZmiR142 0 2 1 0 0 0

ZmiR16 1 1 1 0 0 1

ZmiR181a 1 2 0 1 -1 0

ZmiR139 -1 1 0 0 -1 0

ZmiR155 0 0 0 0 0 1

Zlet7g -1 1 0 0 0 0

ZmiR126 0 1 1 0 0 0

ZmiR106b 0 1 1 0 0 1

ZmiR19b 0 1 1 0 0 0

ZmiR29c 1 1 1 0 0 0

ZmiR26b 1 1 1 0 0 0

ZmiR21 0 0 0 0 0 0

ZmiR146a 0 -1 0 0 0 0

ZmiR127 0 -1 0 0 0 1

ZmiR150 1 1 -1 1 -1 0

ZIL6_methylation 0 0 0 0 -1 0

ZmiR10 0 0 0 0 0 0

ZASPA_methylation 1 1 0 0 0 -1

ZmiR30e5p -1 0 -1 0 0 -1

ZmiR101 0 0 -1 0 0 -1

Healthy controls Metabolic disease



CONCLUSION: COMPLEX DISEASES ( AGING) CAN ARISE FROM (A 
MIXTURE OF) PERSONAL DIVERSE CAUSES, AN ARGUMENT IN FAVOR 

OF PERSONALLY SPECIFIC INTERVENTIONS( E.G. METABOLICDISEASE
)

Metabolicdisorder

Hereditary SNPs

Somaticmutatiions

Symptomatictreatment

Epigenetic(hereditary) or

acuqiredmismethylations,

Histone modifocationsor

ncRNAstructure

Causativetreatment? 

Epigeneticactiveadditives?

mTORðInhibitors ?

Nutrition, Lifestyle 

Deliveryor accessed

microbiotadysbiosis

Causativetreatment? pro-, 

pre, postbiotics? Nutrition, 

Lifestyle

Psycho- neuro- immune 

endocrineaxis



CONEQUENCESFORINTERVENTION: FLAGSHIP EU-
FOOD4ME STUDYRESULTSPROVEăPERSONAL NUTRITION

DOESBETTERTHANON SIZEFITSALLò, J. MATHERS
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Changs of dietary intake

after personalisedadvice

Healthyeatingindex

Changes in adiposity markers were 

greater in participants who were 

informed that they carried 

theFTOrisk allele (level 3 AT/AA 

carriers) than in the nonpersonalized

group 



DEFINITION OF METABOTYPESFROMGENETIC-, 
MICROBIOTA- METABOLOMICSBASEDINFORMATION,  

METABOTYPING
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CONSEQUENCESOF METABOTYPES, DIETS
NEXTSTEPTRACKERS



Personalisation of additives for Prevention
Monitoring basichallmarksof health/ aging. Use of mixesof supplements, 

functionalfoodswhichaddressspecificmechanismsăAchilles Fersen Conceptò
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AND WHATHAPPENSTOOURPYRAMIDE? BUT ALREADYTHE DIETARY
REFERENCEVALUES1992 US USDA-PYRAMIDE, USEDAN 
INDIVIDUALISEDAPPROACH, AGE, LIFESTYLE(WORK) 
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John Neustadt

Integrative Medicine 2005



IMPORTANCEOF GOODMARKERS, NUTRITION: FOLLOWING
THE WAY OF PERSONALISED, PREZISIONMEDICINE, CFDNA) ?

Epigeneticmarkers, quite

stable, eg condensevents

over longertime spans

Metabolomicmarker

reflectmoreimmediate 

events



Discussion: Prevention, intervention, Salutogenesis
personal or precisionmedicine, synonyme?
personal or precisionnutrition, synonyme? 
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PRECISION, PERSONALISEDNUTRITION, 
WHEREWEARE, WHERETOGO
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PRECISION-, PERSONALISEDNUTRITION, 
THEWAY WEMAYGO
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Mobile apps and wearable 
devices facilitate real-time 
assessment of dietary intake and 
provide feedback which can 
improve glycaemiccontrol and 
diabetes management. 

By integrating these technologies 
with big data analytics, precision 
nutrition has the potential to 
provide personalisednutrition 
guidancefor more effective 
prevention and management of 
complex metabolic diseases 

(D. D. Wang & Hu, 2018). 



Many open questionsremain. Genetic, epigenetic, 
microbiota, metabolomicanalysis, needto integrate;-) 

(Many applicationsare premature, but whoisnot 
runningin the field already will cometoo late ;-(
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www.alexander-haslberger.at

www.my -personal.health

www.functionalfoodscenter.net
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