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Postprandial (post-meal) glucose response
as a measure of healthy nutrition
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Bonora et al., Diabetologia 2001; Cavalot et al., Diabetes Care 2011; Wang et al., Diabetes Care 2004;   
Temelkova-Kurktschiev et al., Diabetes Care 2000; O'Keefe et al., Am J Cardiol 2007



Glucose responses provide an immediate high-resolution 
feedback to every meal

Weight Post-meal blood glucose levels

Risk factor for many diseases Risk factor for many diseases

Indirect measure of intervention Direct measurement of meal effect

Periodic Immediate

Low-resolution High-resolution

Few data points per participant Multiple data point per participant 
on short time-scales





The Personalized Nutrition Project:
Cohort statistics

§ 25-70 years of age
§ 55% overweight
§ 22% obese
§ 21% pre-diabeticFr
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Zeevi et al., Cell 2015



Collection of glycemic, nutritional, clinical and 
microbiome data on a large healthy cohort

Initiation

Zeevi et al., Cell 2015



Real-time food logging



Benefits of real-time logging

§ Consumption matched in real-time to actual products, brands, etc.

§ Serving sizes considered in real-time

§ ”Live” database

§ Real-time compliance monitoring

§ Generally improved compliance



Collection of glycemic, nutritional, clinical and 
microbiome data on a large healthy cohort

Recruitment

Zeevi et al., Cell 2015





What will I learn?

• My response to food

• Know my microbiome

• In the future: Plan a better diet Vs.
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Full accessibility to collected data



Participant analysis: nutrition, activity & blood tests



Participant analysis: Overview of microbiota composition



Participant analysis: Glucose spiking foods



Participants engagement and retention

§ Better data

§ Easier trial management

§ Minimal recruitment effort
§ Finished recruitment of 900 individuals with a wait-list of 3,000





Different people have widely different post-meal 
responses to the same standardized meal

Population Responses to 
Standardized Meals

Four Individual Responses
to Bread

Zeevi et al., Cell 2015



Significant personalized response which increases with 
food complexity

Standard normal

Measured GI
*    p < 0.05
**  p < 10-3

Food complexity

Korem et al., Cell Metab. 2017

Null hypothesis rejected: significant 
interpersonal variability

Variability increases with food 
complexity



Results replicated and validated by subsequent studies



General recommendations in nutrition are suboptimal

Source: USDA

1943 1992 2015





Prediction scheme

Zeevi et al., Cell 2015



Accurate predictions of personalized glucose responses

State of the art

Meal carbohydrates (g)
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Our prediction
800 participants

Prediction validation
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Zeevi et al., Cell 2015



Replication and validation by subsequent studies

Mendes-Soares et al., JAMA Netw. Open. 2019, AJCN 2019 





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

• 12 subjects, mostly prediabetics

• Profiled for one week

• Self-selected isocaloric meals, categorized as good / bad 

• Good and bad diets assigned double-blindedly, one week each



A ‘good’ meal for one person can be
a ‘bad’ meal for another

Participants
Food classified

as ‘good’

Food classified
as ‘bad’

Zeevi et al., Cell 2015



Personally tailored diets reduce
the post-prandial glucose response

1 2 3 4 5 6
Day

Zeevi et al., Cell 2015



Personally tailored diets improve post-meal responses

Subjects

Zeevi et al., Cell 2015





Challenges with translation to interventions

§ Scores a meal rather than provide insights
§ Really not what people expect

§ Not straight forward to devise interventions

§ Accounting for preferences is challenging

§ Maintaining caloric target is external to prediction framework

§ Strong assumptions on causality
§ Probably easier to make than for “long-term” outcomes

§ Requires extensive variables
§ Real potential of using the gut microbiome



Long term, algorithm based intervention

Real-time app-based 
feedback

Ben-Yacov et al., Diabetes Care 2021



Long term ”algorithm-diet” achieves greater glycemic 
normalization

Ben-Yacov et al., Diabetes Care 2021





Predicting caffeine levels from diet data

Boosted Decision trees
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Our predictive models explain over 10%
of the variance for 543 metabolites

543 metabolites

Bar et al., Nature 2020



cytosine
betaine

Top 5% positively 
driven metabolites

Top 5% negatively 
driven metabolites

Whole-wheat
bread

Metabolites associated with sourdough consumption
increase after sourdough (but not white bread) intervention



Korem et al., Cell Metabolism 2017

Metabolites associated with sourdough consumption
increase after sourdough (but not white bread) intervention



Summary

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

• Personal and microbiome features enables 
accurate glucose response prediction

• Personalized dietary interventions 
successfully lower post-meal glucose



Summary

• Importance of real-time logging

• Benefits of participant engagement and 
data-sharing

• The challenges of using this approach for 
long-term dietary interventions 
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