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Application of Al in nutrition research

Increased capacity to manage/analyse big data
o —omics

o precision nutrition

o precision public health

Dietary assessment

o better understanding dietary patterns

o image-based methods

o nonimage-based methods

Predicting outcomes
Social media content analysis (NLP)
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Feeding studies
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Non targeted metabolomics to predict diet patterns
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Non targeted metabolomics to predict diet patterns

Performance metric Development set | Validation set
Train set Test set
Accuracy 0.99 0.97 0.79
(95%Cl) (0.96-1.00) (0.81-1.00) (0.71-0.86)
't:i::avfp?:giizt:;e 1.00 0.98 0.73
(95%Cl) (0.97-1.00) (0.83-1.00) (0.66-0.81)
Sensitivity (recall) 0.99 0.96 0.91
95%Cl (0.93-1.00) (0.76-1.00) (0.80-1.00)
F1 score 0.99 0.96 0.81
(95%Cl) (0.96-1.00) (0.81-1.00) (0.74-0.88)
Unpublished
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Application of Al in nutrition research

o —omics

o precision public health

* Dietary assessment
o better understanding dietary patterns
o image-based methods
o nonimage-based methods

* Predicting outcomes
* Social media content analysis (NLP)
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Precision nutrition
Metabolome
Sociodemographic
Genome _—
Anthropometry
Microbiome
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Precision nutrition

Artificial Intelligence in Medi

[ ————

1580 lbetes Care Voome 44, Septemier 2021

L))
) =
lcine Personalized Postprandial Gl Mg At Bk

Wacho R Smade Sl
Glucose Response-Targeting Diet iy ettt e

Forests for Type 2 diabetes risk prediction

Beatriz Lépez ", Ferran Torrent-Fontbona ", Ramda Vilas ',
José Manuel Femandez-Real

Contents its avaclable ot ool nrect

Food Research International
Iournal homesege: www sisavier comiocate foodres -
Exploring the interactions between serum free fatty acids and fecal )
microbiota in obesity through a machine learning algorithm =

Tania Fem&ndez-Navarro™, Irene Dfaz', Isabel Gutiémrez-Diaz™, Javier Rodriguez-Carrio™,
Ana Sudrez™, Clara G. de los Reyes-Gavildn™*, Miguel Gueimondc™, Nuria Salazar™~,
Sonia Gonzdlez™*

'@'PLOS siowoGy

Single Nucleotide Polymorphism relevance learning with Random

Woo Cohen Dolew, '
Versus Mediterranean Diet for Tomers Tty Shomd
Glycemic Control in Prediabetes

80t Chen Wolt ' Noa Kasowes
eren Sagnc’ Mays Lotan Pompan
o

Diobetes Core 202144:1980-1991 | hetps /i arg/10 23A7/c21.0162

£rom Cinov” and fron Segal'?

X Dabetes
Available onlne at
ScienceDirect EM|

waw scroncedroct com

Elsavier Masson France

o emsconsulte.com

Original article

Non-targeted metabolomic biomarkers and metabotypes of type L)
2 diabetes: A cross-sectional study of PREDIMED trial participants =
M. Urpi-Sarda**'*, E. Almanza-Aguilera**", R. Uorach **, R. Vizquez-Fresno .

R Estruch ™, D. Corella®™, JV. Sorli */, F. Carmona*, A Sanchez-Pla®, J. Salas-Salvads **,
C. Andres-Lacueva ****

Evaluation of Phenotype Classification Methods

dysregulation

Glucotypes reveal new patterns of glucose

for Obesity Using Direct to Consumer Genetic Data

Casimiro Aday Curbelo Montafiez' ™, Paul Fergus', Abir Hussain', Dhiya Al-Jumeily',
Mehmet Tevfik Dorak’, and Rosni Abdullah*

Heathor Mall" >,
Ryon Ketlogg”, Tracey McLaughin’, Wichast Sayder*

11

Precision nutrition

Diabetes Care Volume 44, September 2021

@

Personalized Postprandial
Glucose Response-Targeting Diet
Versus Mediterranean Diet for
Glycemic Control in Prediabetes

Dicbetes Core 2021,44:1980-1991 | https//doi org/10.2337/dc21-0162
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Measure personal
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Precision nutrition

A Primary Outcomes

o =

Personalized Postprandial
Glucose Response-Targeting Diet
Versus Mediterranean Diet for
Glyeemic Control in Prediabetes
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Decreased more in PPT g Increased more in PPT
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o —omics
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O precision nutrition

* Dietary assessment
o better understanding dietary patterns
o image-based methods
o non image-based methods

* Predicting outcomes
* Social media content analysis (NLP)

Application of Al in nutrition research
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Application of Al in nutrition research

* Increased capacity to manage/analyse big data
o —omics
o precision nutrition
o precision public health

o image-based methods
o non image-based methods

* Predicting outcomes
* Social media content analysis (NLP)
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Hutchison, Kirkpatrick et al

Analytic methods to characterize

dietary patterns

17 studies used machine learning methods to characterize dietary patterns.

U
Probabilistic graphical models (n=4)
Identifies dietary patterns by jointly modelling HHYN H
distributions between variables. Some studies included P ro ba b | I | Stlc gra p h ICa I m Odels
sociodemographic and health characteristics in models.

dal.

Machine learning classification models (n=3)
Identifies dietary patterns by predicting dietary ape .
—_ patterns or ‘class labels’ based on independent M L (CIaSSlflcat|On)
variables. Classification models include
random forest and decision trees.

learning

Other machine learning models (n=12)
Included: neural networks , mutual information, gradient
boost machine, treelet transform, Bayesian kernel M L (Ot h e r)
machine regression, LASSO, multivariate finite mixture
models, compositional data analysis

Latent class analysis (n=7)
Identifies mutually exclusive dietary patterns Late nt C I ass ana |y5|s

through latent classes in a population.

) « Some studies used more than one analytic
) NUTRISS approach to characterize dietary patterns.
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Food network to understand meal patterns vs HEI

. . . . . Ke
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Application of Al in nutrition research
* Increased capacity to manage/analyse big data
o —omics
O precision nutrition
o precision public health
o better understanding dietary patterns
* Predicting outcomes
* Social media content analysis (NLP)
NUTRISS
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Application of Al in nutrition research

* Increased capacity to manage/analyse big data
o —omics
o precision nutrition
o precision public health
* Dietary assessment
o better understanding dietary patterns
o image-based methods
o nonimage-based methods

* Social media content analysis (NLP)
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Prediction of outcomes
= [T
® Development of machine learning prediction models to explore
201, 120, 326-334 oU101017 0TS 150 nutrients predictive of cardiovascular disease using Canadian
linked population-based data
Jason D. Morgenstern, Laura C. Rosella, Andrew P. Costa, and Laura N. Anderson
A comparison of statistical and machine-learning techniques in evaluating
the association between dietary pattems and 10-year cardiometabolic risk
(2002-2012): the ATTICA study
BM) Open Machine learning with sparse nutrition
data to improve cardiovascular mortality
risk prediction in the USA using
. . - nationally randomly sampled data
Are Machine Learning Algorithms y y samp
More Accurate in Predicting Josepn Figaon. Sanjay Basu®
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e - - 9 s = =
Than Traditional Statls_tlcal Models? ) o
An Exploratory Analysis e e e
Mélina Cté %, Mazid Abiodoun Osseni**, Didier Brassard'?, Elise Carbonneau'?, Research pager
Julie Robitaille'*, Marie-Claude Voh! '*, Simone Lemieux %, Frangois Laviolette** and Identifying depression in the National Health and Nutrition Examination
Benoit Lamarche "~ Survey data using a deep learning algorithm
Jihoon Oh™', Kyengsik Yun"<", Uri Maoz"***, Tae-Suk Kim", Jeong-Ho Chae’
NUTRISS
20

10



10/25/2023

Predicting adequate Veg/fruit consumption
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Cété et al, Front Nutr 2022
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Predicting adequate Veg/fruit consumption
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Application of Al in nutrition research

Increased capacity to manage/analyse big data
o —omics

o precision nutrition

o precision public health

Dietary assessment

o better understanding dietary patterns

o image-based methods

o non image-based methods

Predicting outcomes
Social media content analysis (NLP)
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N LP y ,,:1'{-] }‘::: ) '
g Canadian's Tweets on Food
" E
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L)
) NUTRISS Front. Public Health, 2020;7:400+
24
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Take home messages

* Al in nutrition: great promises, great challenges
* Quality of data (garbage in...)
* Learn a common language
 Standardization of methods/approaches
» Keeping an open mind, no revolution here
* Training the next generation of “bilingual” researchers

NUTRISS

25
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NUTRITION
RESEARCH
CENTER ON

AGING

Designing studies to collect nutrition data for Al
analysis

Sai Krupa Das, PhD
Senior Scientist & Professor
Jean Mayer USDA Human Nutrition Research Center on Aging
Friedman School of Nutrition Science and Policy
Tufts University

Tufts

UNIVERSITY

Introduction

Bese-

g

The growing intersection of Artificial Intelligence (Al) and nutrition
research provides exciting opportunities for streamlining conventional
research protocols and revolutionizing clinical nutrition applications.

Al can be especially useful in analyzing complex data, in informing
adaptive study designs or providing personalized nutrition interventions.

However, these advancements come with challenges that must be
addressed using multidisciplinary teams.

Coté et al. (2022); Sarker (2022)
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Precision nutrition science — the time is now!

o Personalized nutrition refers to individually “tailored nutritional recommendations
aimed at the promotion, maintenance of health and prevention against diseases”

o Personalized nutrition uses diet as an intervention point to reach these favorable
health outcomes.

o These recommendations rely on the observation that the same diet can
produce variable responses across individuals.

« Variable responses are a product of the complex interactions among
internal (e.g., microbiome, metabolome, genetics) and

external (e.g., diet, physical activity) factors.

Verma et al. Front Nutri. 2018;5: 117.

The intersection of Al and nutrition research

- Much of the difficulty in crafting personalized nutrition
recommendations lies in understanding the interplay
among parameters that produce inter-individual
variation.

o Current approaches primarily lie in fields like
genomics, proteomics, and metabolomics.

o However, a comprehensive understanding requires
an integrated, “systems-wide” approach.

- In the context of disease prevention, studies
investigating these variable responses to the same
intervention must also quantify the unique responses
from people in various disease states.
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Multi-scale, multi-systems approach

Diet

Individual target
Artificial intelligence algorithms personalized advice

Verma et al. Front Nutri. 2018;5: 117.

Current challenges: single outcome focus

utcom&'/

le 0
1 Sing riven

Hypothesis O

2 precision Nutrition
pata nfrastructuré

linary
Mult|d1sop
Es oach / Al Tea™

O

Adapted from Verma et al. Front Nutri. 2018;5: 117.
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Departing from a reductionist approach

* Current objectives for nutrition data science require a departure from
interrogating/examining singular biological pathways or outcomes of interest.
* Rather, needs the investigation of dynamic interactions between pathways that are not always linear

...and internall

We are different externally...
v LDL-C Response to Diet Intervention

Percent Change
Lo
&

12 3 4 5 6 7 8 9 10 11
Participant Number

12 13 14 15 16 17 18

**A heart-healthy diet benefits some but not all**

15

Response variability: the current focus

WEIGHT CHANGE (KGS)

=0.25
o 0 -
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Das et al. Am J Clin Nutr. 2007;85(4):1023-30. Pittas et al. Diabetes Care. 2005;28(12):2939-41.
60 r 15 0
= mean . 18 .
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Gardner CD, et al. Ann Intern Med. 2005;142:725-33.

Time [hours]

Time [hours]
Berry et al. Nat Med. 2020 Jun;26(6):964-973.
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Response variability: eating timing x genes

Timing of food intake predicts

weight loss effectiveness... PLIN1 genetic variation 14995 A>T variants x food timing ( < 3 pm OR > 3pm)
89 -
» Early eaters AA carriers T carriers
p —a— Late eater - Late eaters 88 &8
—0— Early eater .
87 -
86 —a— Late eater —e— Late eater
—o—  Early eater a6 —g—  Early eater
85 -
84
ey _ 82 ulu\‘u _ B
= K, Ej
iy = o
S = =
=2 s 280 I = o
= =
s | Lunch 78
Brun nack 80
76
77 Breakfas!
Tea
Dinner 74 A -t 78 e Py
75 1 4 7 10 13 16 19 22 25 28 1 4 7 10 13 16 19 22 25 28
012345678 91011121314151617181920 k f W k ft " t
eeks of treatmen
Weeks of treatment Weeks of treatment
Garaulet, M, et al., International journal of obesity (2005), 37(4), 604-611. Garaulet et al. Am J Clin Nutr. 2016;104(4):1160-6.

9
Factors associated with the inter-individual
variability in response

10
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Multi-scale inputs

Physio-
” metabolic
Omics v
'\c‘)@\:}@
Participant

Characteristics O

Environmental ','—5;{"-;—’

Lifestyle/ J

Behavioral

11
Current challenges: precision nutrition infrastructure
1. single OutCO™/
b i iven .
Hypothests o 7. precision Nutrition
Data Infrastructer®
Standardizatlon :
3. Data 1 Multidiscip"”f’”
@ i j [ approach/ A %
Adapted from Verma et al. Front Nutri. 2018;5: 117.
12
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Personalized nutrition computational infrastructure

INTERSECTION OF BIOLOGY AND TECHNOLOGY

BIOINFORMATICS

Miiller et al. Eur J Clin Nutr. 2020 Dec;74(12):1619-1629.

13

Personalized Nutrition Computational Infrastructure

* The core requirement of the infrastructure is that it needs to be
classified and identified as a food and health infrastructure (FHI).

* The need for research infrastructures in the specific areas of food
and nutrition were recently highlighted by the EuroDISH
consortium’s (DISH model).

o Determinants of food choice — key drivers of food and
lifestyle choices

o Intake of foods and nutrients — past and current

o Status and functional markers of nutritional health

o Health and disease risk EU rOD I SH

e Hard Research Infrastructures — toolkits or technical equipment

¢ Soft Research Infrastructures — communication networks,
methodologies and conceptual frameworks.

eurofir.org,

14
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Hard and soft research infrastructures

Term

Definition

Applications (apps)
Devices

Digital health

Wearable technology

Digital medicine

Digital therapeutics

Telehealth or telemedicine

Health information technology (HIT)

Web-based assessment

Mobile applications used on a smart phone, tablet, or computer

A subset of lifestyle technology products with successful FDA approval for safety and
effectiveness

Health technology products that do not require validity or efficacy or regulatory
oversight

General term for body-worn sensors capable of tracking location, time, environment,
motion, and certain body measures (e.g., blood glucose, etc.)

Health technology products used for measurement/intervention that are supported by
evidence to demonstrate quality and validity

Evidence-based health technology products that deliver a health intervention and
have been reviewed or certified by a regulatory board

Use of electronic information and telecommunication technologies to deliver and
support long-distance clinical health care, patient- and professional health-related
education, public health, and health administration

Electronic medical records and related information systems

Tool requiring internet connection; often a "cloud-based" data source

Adapted from McClung et al 2022. JANA. 2022;122(1):207-18.

15
Food health infrastructure
*  The management and implementation of the FHIs should be driven from the user
level and comprise
o nutrition bioinformatics structures, including all biologically relevant data, O§1
preprocessed omics as well as descriptive and study participant phenotype = i
data; prioritizing n-of-1 data;
o data management; -
o data processing; informatics infrastructure with standardized food intake
monitoring
o data sharing capabilities; and
o platforms for publishing the data derived from the studies to a bigger
community (e.g., web portals). —
e Establishing an FHI will ensure that the data related to food constituents, intake, =
environmental variables, determinants of health, energy expenditure, and —
disease risk are all in one place. I - I
* These FHI data can help reveal the determinants of behavior, which can be used
to develop prediction algorithms and nutritional interventions.
Verma et al. Front Nutri. 2018;5:
16
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Dietary data collection

Methodology

e Food intake
diary/record

e 24-hour recall

e Questionnaires

® Devices

* Apps

Biases

Recall
Reactivity
Reporting
Portion Size

Adherence

e Definition
¢ Data collection
e Data reporting

Tools Databases

e Devices e Standardized
* Apps source and
e Measures or format
reference e Inclusive of
standards ethnic foods
¢ Sync with
other
measures

17

Physical activity

Questionnaires

« Types of activity, period of
capture, comprehensive
list of activity types

Tracking Apps
« Phones, input/entry requiring
active OR passive methods

Wearables
« Watches, sensors, trackers

Data Cleaning and
Integration

18
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Biosamples P

® Plasma/serum | /é
o Tissue (
Biospecimen [
Type e Hair/nails \ Py
o Saliva bl —

e Continuous
VU EHE NI o Snapshot in
time

* Collection
e Storage
* Shipping
¢ Handling

Processing

e Intra-study
. differences
Analysis * Inter-study
differences

19
Factors influencing the gut microbiota
] =
Stress
Exercise, metabolic,
_psychological y
Lo
i gut
o miq_robim"ne
method
: [ Birthing !t
- process
. ..,-}‘. . 4 ‘:
g \ &
Nutritional, Medical, and Surgical Management, 2019, Chapter 4; gut microbiome
20

10
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Analysis — omics analyses
—
e W] i [

Metabolites

\

Phenotype/Function

21

Electronic Health Records

EHRs store a lot of clinical data, but the
following factors must be considered:

- Data can be heterogenous, complex, and come
in a mixed format of structured/unstructured
forms

o E.g., imaging, lab reports, doctor’s notes
+ Medication use
+ PHI & sensitive information

- Release & integration with precision database

22

11
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Current challenges: data standardization

1. single Outcome/

HVpothesis Driven

2, Precision Nutrition
pata 'Infrastructure

ultidisciplinary
4. M Al Team

approach/

Adapted from Verma et al. Front Nutri. 2018;5: 117.

23
Data Standardization
e  Benefits of digitizing records include having complete relational data for each person and across
participants/cases
e  However, digitization can lead to challenges such as
o Improper standardization formats
o Lack of user interface training
o Poorly designed technology can lead to errors in the record
e  Current needs include
o  Standardizing data formats
o A priori communication between Al and clinical teams from design to study setup and implementation
o Providing sample datasets to train systems, or enhance seamless integration of multi-scale data
e Data standardization can make updating these datasets more feasible while also improving communication
between clinical sites
24

12
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Missing Data

e Missing data can lead to biased and misleading results. How can we fix this?
o Imputation methods for missing data:
s Mean/Median imputation — missing values substituted for mean/median values
e Introduces bias for extreme values

s K-Nearest Neighbors — values from the grouped individuals can be averaged and
assigned to the missing variable

e May fail in cases where individuals cannot be well separated in groups based on
their clinical record values

s Multiple imputation by chained equations (stochastic method) — iterative process
considering relationships between variables

e Assumes normally-distributed data; excluding non-normally distributed data
can lead to bias

e Computationally intensive

25
Current challenges: team science
§
4;3“““‘“‘”7‘13"'{’.3?“
DI

13
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Team science approach for generating Al-ready data

How do we adapt to the widespread use of data-driven technologies?

* Support a team science approach and the development of professionals
with clinical and computational skills.

Engagement

* Integrate experts in all relevant fields to provide insight from diverse
perspectives

* Engage research team in all aspects of the project, from inception and
planning to completion, analysis, and interpretation of findings

* Engage data scientists as integral peer collaborators

Training & Education

* Conduct periodic multidisciplinary trainings (e.g., in biology, nutrition,
biomedicine, computer science, statistics, mathematics)

o Provide an overview of the latest available technology, data
standards, and methodologies

o Consider cutting-edge knowledge informed by the change in day-
to-day informatics challenges

o Ensure users understand how to utilize technology and navigate big
data to advance predictive capabilities

o Emphasize that Al is a tool to facilitate decision-making, not a
replacement for human experts

Al as a tool in
informing study
designs

-3

28
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Adaptive study design

Traditional fixed-sample design:

Adaptive design:

— I

Adapted from Pallmann et al. BMC medicine. 2018;16(1):1-5.

29
Adaptive study example: calorie restriction
* Surveys of preferred foods
* Baseline data - Al algorithm v adhgrence
* Revise meal plan — to diets
* Continuous Al monitoring h
BT — —
« RCT Provide weekly tailored meal
¢ Target: 20% CR plans that optimize prefer-
e Standardized diets ences & preserve 20% CR
30

15



10/25/2023

The current age of big data provides exciting

opportunities to integrate data on food
consumption and electronic health records
to create “synthetic human cohorts.”

o These cohorts can be used in
responses to nutrition
recommendations at the system level

One of the primary goals for personalized
nutrition is to create predictive models that
draw on a history of monitored health
responses.

Integrated personalized predictive models

31

Social graph

Biosensors
Imaging

Geographic information system (GIS) of a human being

The ability to digitize the medical essence of a human being is
predicated on the integration of multiscale data, like a Google
map, which consists of superimposed layers of data such as
street, traffic, and satellite views.

For a human being, these layers include

demographics and social graph;

biosensors to capture the individual’s metabolism,
activity, and lifestyle

imaging to depict the anatomy (often along with
physiologic data);

biology from the various omics (genome-DNA sequence,
transcriptome, proteome, metabolome, microbiome,
and epigenome) called “panor-ome”; and

environmental exposure data, known as the
““exposome.”

Topol EJ. Cell. 2014;157(1):241-53.

32
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Market ahead of the science?

Complete your tests
Test your gut, blood fat, and blood sugar responses with at-home test kit

Get your insights
About 6 weeks later receive your personalized insights report

Retrain your biology
Put your insights into action with a 4-week plan tailored to your biology

Eat for life
Get 4 months access to our app to help you sustain change and thrive
ZOE GLOBAL

https://zoe.com

33

Considerations for Al & precision health

* Address system-level challenges in the pre-
competitive space, including regulatory
environment, scientific and communication
standards, and behavioral considerations to drive
consumer adoption and effectiveness of
precision health

* Al technologies must use interfaces that
accommodate all levels of technological literacy.

* Promote equitable access and implementation
of strategies in the health-disease continuum
from wellness optimization, to functional
maintenance, to disease risk reduction and
disease management

34
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Summary

+ Nutritional factors are determined by multiple factors.
o E.g., physiology, omics analysis, food intake, diet, metabolism, physical activity

+ Al- Machine Learning, and deep learning can help provide personalized
recommendations for improved health and well-being.

- Data-driven approach comes with the need to develop an integrated system to assess
associated benefits and challenges.

+ Longitudinal data on physiology, microbiome, and other relevant biomarkers can
strengthen personalized programs

+ Protection of individual data privacy and preventing discrimination is of top priority.

« Overall, a precision infrastructure framework establishes preventative and predictive
guidelines for health and disease management.

35
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Al and the Big Challenges in Ag and Food

« Agriculture has been hugely successful

* Big health and environmental challenges o

»
\
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40

« How Al can be a solution

Aaron Smith

DelLoach Professor of Agricultural Economics
UC Davis

https://asmith.ucdavis.edu
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Verdant Robotics weeder




Quantity Indexes of Output, Input, and MFP, U.S. Agriculture, 1910-2007

Index (1910 = 100)

550

Index (1910 = 100)

SOO —_ _Output
450 L ===|nput
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400 L
350 Average annual percent change, 1910-2007
Ourtput 1.58

00 L _
3 Input 0.16
250 MFP 1.42 -
200 i
150 i
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1910 1918 1926 1934 1942 1950 1958 1966 1974 1982 1990 1998 2006

Source: Abridged version of Figure 1 in Pardey and Alston (forthcoming).
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American
farmers now
produce
four times
as much
with almost
the same
inputs




Change in cereal production, yield, land use and population, World

All figures are indexed to the start year of the timeline. This means the first year of the time-series is given the value
zero.

+250% Cereal production
+200% Cereal yield
Population (historical estimates)
+150%
+100%
+50%
Land used for cereal
+O% / T T T T T 1
1961 1970 1980 1990 2000 2010 2021

Source: Our World in Data based on World Bank; Food and Agriculture Organization of the United Nations
OurWorldInData.org/crop-yields « CC BY
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The world
produces
250% more
cereals with
only 15%
more land.




Real Commodity Prices

Higher
productivity

3000 means lower
prices
oé Commodity
£ 2000 — & | Prices down
S ~ e | 50% since

1960 (adjusted
for inflation)

1000

0
Jan-1960 Jan-1980 Jan-2000 Jan-2020
Year

https://agdatanews.substack.com
Source: https://www.worldbank.org/en/research/commodity-markets
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Share of disposable personal income spent on food in the United
States, 1960-2022
Percent
18 4
16 A
14 -
12 -
Total food

10 A
8 -
) Food at home

Food away from home _>‘(/
4 — / S -~
2
0 T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T

R S S S VR R S SO S P B T S-S

Note: Percentages are calculated using nominal values.
Source: USDA, Economic Research Service, Food Expenditure Series.

Food now a
much lower
percent of
American
household
budgets
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Trends in agricultural outputs, inputs, and total factor productivity (TFP) by country income

group, 1961-2021

Index, 1961=100

High income Low income World

Productivity
has improved
the most in
rich countries

600

Country income group (select)

High income Measure (select) Legend
7

[] Upper-middie income Inputs B inputs
7

[] Lower-middle income Outputs Il outputs
7

Low income TFP TFP

World

Source: USDA, Economic Research Service, International Agricultural Productivity data product.
Data and methods as of September 2023.
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Prevalence of undernourishment in developing countries, 1970 to 2015
in Data

The share of individuals that have a daily food intake that is insufficient to provide the amount of dietary energy
required to maintain a normal, active, and healthy life.

30% Percent

o, undernourished
is down by 65%
in developing
15% countries

Developing countries

20%

10%

5%

0%

1970 1980 1990 2000 2010 2015

Source: Food and Agriculture Organization of the United Nations and ESS Indicators
Note: Data from 1990 onwards is well-established within FAO estimates. Earlier estimates are significantly more uncertain.
OurWorldInData.org/hunger-and-undernourishment/ « CC BY
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DAILY CALORIES CONSUMED BY AMERICANS, 1961-2013

Calories per capita/per day Recommended daily calorie intake: 2,000 (women) 2,500 (men) L ower
4o 3,682 prices and
,.»—-/J_/\/_’\’ tasty and
3000 convenient
2,880 ultra-
2,000 processed
food
000 means
people eat
more
0
1961 1970 1980 1990 2000 2013
SOURCE: Food And Agriculture Organization Of The United Nations Statistics Division; National Geographic BUSINESS INSIDER
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Share of adult men overweight or obese vs. daily supply of calories, 2014

Being overweight or obese is defined by a body mass index (BMI) greater than 25.
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“Over half the
population in OECD
countries is
overweight, with
nearly 1 in 4 people
considered

obese.”

“8.4% of the health
budget of OECD
countries will be spent
to treat the
consequences of
overweight over the
next thirty years”

Source: Heavy Burden of
Obesity, oecd.org




The environmental impacts of food and agriculture

26% of greenhouse gas emissions come from food

Food Non-food
Converting land to crops

50% of the world’s habitable land is used for agriculture causes massive carbon

Agriculture Forests, shrub, urban area, freshwater IOS Ses
51 million km? 51 million km?

Excess fertilizer

Freshwater Agriculture Industry (15%) application pollutes
withdrawals 70% of freshwater withdrawals Households (11%)
waterways
78% of global ocean and freshwater pollution

Eutrophication Agriculture Other sources
78% of global eutrophication 22%

Wild mammals (6%)

Greenhouse gas
emissions

Land use

70% of global freshwater withdrawals are used for agriculture

94% of global mammal biomass (excl. humans) is livestock

Mammal )
biodiversity Livestock

94% of global mammal biomass (excluding humans)

71% of global bird biomass is poultry livestock

biodi Bird Poultry livestock Wild birds
10 IVEI’SIW 71% of bird biomass 29% of bird biomass

Data sources: Poore & Nemecek (2018); UN FAO; UN AQUASTAT; Bar-On et al. (2018). Licensed under CC-BY by the author Hannah Ritchie.
OurWorldinData.org - Research and data to make progress against the world's largest problems. Date published: November 2022.
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Global meat consumption, World, 1961 to 2050

Expressed in tonnes of meat. Data from 1961-2013 is based on published FAO estimates; from 2013-2050 based on
FAQ projections. Projections are based on future population projections and the expected impacts of regional and
national economic growth trends on meat consumption.

Increasing population
SEEE implies more food
demand

500 million

Sheep and goat

400 million
Beef and Buffalo |ncrea3|ng Incomes

mean more demand for
resource-intensive
Pigmeat food

300 million

200 million
Meat demand projected

to increase 50% in the

100 million Poultry next 30 years

0

1961 1980 2000 2020 2040 2050

Source: Food and Agriculture Organization of the United Nations OurWorldInData.org/meat-production « CC BY
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| Productivity growth has slowed

Natural lag com

Natural log wheat

Can Al technology accelerate
growth?

2 . — — ———
1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2009

Oats
TA [
Panel B: Modern genetics and precision agriculture technologies
) 100 Percent Percent 100
2l T — e
g 72| .E‘ 3
2 5 or 180
E 0 | E
“ 68 e
60 1 60
66
64
40 1 1 40
B L i i " " i i i i i - b6 L . L \ .
1910 1920 1930 1940 1950 1960 1970 1980 1990 1000 2009 1910 1920 1930 1940 1950 1960 1970 1980 1950 2000 2009 ——
Rice Soy 20 |- 4 20
00 0
BE | 7.8
P=1975 ok 4 0
BS:| o - I 1 I 1 1
B4 4 1990 1995 2000 2005 2010 2015
8 E
< % 72
£ 82 & GE cotton e Grid/zone soil sampling == Autosteer
F T
g B0 5 o —— GE soybeans Variable rate technology (VRT) == Satellite or aerial imagery
15 | nutrient application
66
T == GE corn Yield monitor with GPS e VRT sceding prescription
- 6.4
T L Note: Adoption rates represent shares of farms or farm area adopting.
72 L 6 Source: Alston and Pardey (2020).

1910 1920 1930 1940 1950 1950 1970 1980 1590 2000 204 1910 1920 1930 (540 1950 1960 1970 1980 1590 2000 2009
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Food is abundant and inexpensive, but

Dictionary
b deteriorating health Definitions from Oxford Languages - Learn more
- environmental and climate challenges © externality
. = / ek star'naladég, ik ster'naledé/
« global food demand will increase

1. ECONOMICS
a side effect or consequence of an industrial or commercial activity that affects other parties
without this being reflected in the cost of the goods or services involved, such as the pollination of

P ro b I e m : Exte rn a I iti es surrounding crops by bees kept for honey.

« Costs of eating decisions not borne by current self (“internality”)
« Costs of healthcare not borne by individual

« Costs of pollution not borne by farmer

- Benefits of innovation flow beyond innovator

- Benefits of data flow beyond provider

Solution: Public funding of ethical technologies to benefit society

* Focus on areas with substantive externalities
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What do we mean by ethics?

Three core questions

1. Who wins and who loses?
2. Who bears risk?
3. Who decides?

Example Al Technologies
. Autonomous weeder
. Precision seeding and fertilizer application
. Supply chain optimization
. Automatic pathogen detection in food processing
. Diet customization tools
. Engineering healthful foods
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Acrobat. Hover cursor over dates below or circles to the right
to display more information. If you have issues with these
features you can download a sandard PDF available here.

® This is an Interactive PDF and is best viewed using Adobe
NSF-LED NATIONAL Al RESEARCH INSTITUTES ‘

The U.S. National Science Foundation (NSF) announced a $220 million investment in eleven new Artificial
Intelligence (Al) Research Institutes, building on the first round of seven Al Institutes totaling $140 million 2 0 2 0Awards 2 o 2 1Awards

Jfunded last year. (The default map view below shows all awards combined).
Y LEAD ORGANIZATION M PRINCIPAL ORGANIZATIONS @ PARTNERS/COLLABORATORS N S F h as fu n d e d
~25 research
u u
Institutes

m - ..:..gég ! « USDA'NIFA CO-

000 ©
B9200 o © ,°

)
" 000 %{'*O

.o funds 5 institutes

| am part of the Al
Institute for Next
Generation Food
Systems (AIFS)

-

-

The map reflects the approximate location of the Institutes’ lead and principal organizations (staffing and/or activity), as well as their initial funded and unfunded partners.
Note: Partners and collaborators related to an Institute may be represented with a single plot due to space limitations.

AlINSTITUTE UC DAv Is
"ﬁi AIF FOOD SYSTEMS i
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Who is Responsible for Responsible Al?

Everyone is responsible
 regulations cannot govern what they do not see (e.g.,
micro decisions about which data to include)

* fund the Al we want!

We interviewed AIFS researchers
» researchers express confidence in academic research
practices and outcomes; skeptical of private sector

* researchers must navigate a complex landscape to
get data, comply with regulations, test and deploy
products, and pivot quickly.

« sometimes trustworthiness makes an Al tool less likely
to be used (“Better not to Know”).

UCDAVIS

UNIVERSITY OF CALIFORNIA

Precision Agriculture
https://doi.org/10.1007/s11119-023-10063-3

Who is responsible for ‘responsible Al'?: Navigating
challenges to build trust in Al agriculture and food system
technology

Carrie S. Alexander'® . Mark Yarborough?® . Aaron Smith?

Accepted: 7 August 2023

High-Quality
Fewer Regulations Al-Based Technologies

+ +
Less Intense Drought “Window of Opportunity”
Remains Open

+
Greater Labor Supply =
= Al-Based Methods Contribute i
Conventional Methods to Sustainable Environmental 3
and Human Gonditions %
n
ey =
Ty . “Window of Opportunity” Opens
\\‘q’\ Increased Regulations P o A g
:‘3 < . F Increased Federal Funding for f §
Worsening Environmental Public-Private Partnerships 5 5
Conditions -
= Responsive (Not Rushed, g
Conventional Methods Not Toa Slow)

Becoming Untenable

High-Quality Al-Based "8

Government intersects cycle at two points: (1)
i | regulation which i ivizes interest in

more efficient methods and (2) increased funding
and support for public-private partnerships to
improve quality of technologies

Conventional methods, increasing regulations, I C i of Al-based
worsening environmental and labor conditions - . .
o = 52.°, Academic research of Al-based technologies
= More sustainable methods, smart regulations, Barriers between conventional and Al methods

Tl improved environmental and labor conditions

Fig.2 Improved Al-based food system technology research, development. and adoption




Farmer Survey: Why are you concerned about sharing your data?

Why are you concerned?

50 e 47% unconcerned
45

40
35
30
25
20
15
10

0

Others make Invasion of Unsure how it Unconcerned
money off me privacy will be used

* Most of the
concerned give
multiple reasons

Percent

Ll

Source: Author calculations from survey of
lllinois corn and soybean farmers
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Farmer Trust and Al Technology Adoption

* modern American farmers use a lot of
technology

« farmers are concerned with regulatory
burden, labor scarcity, and financial
pressures

* main barriers to adoption are not trust,
but whether Al will solve these problems

L AIFS S8 UCDAVIS
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The Challenge

Continued Productivity Gains AND Better Health and Environment

Invest in problems beset by externalities
* these are problems private firms won’t solve

Negative externalities: health, pollution
» for farmers, save cost and reduce pollution
« foods that are more appealing and more healthful

Positive externalities: systems, infrastructure, data

* build data resources and infrastructure

Ethical RD&D requires continuous vigilance

1. Who wins and who loses?
2. Who bears risk?
3. Who decides?
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Aaron Smith
DelLoach Professor of Agricultural Economics
UC Davis
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https://asmith.ucdavis.edu/
https://agdatanews.substack.com/
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4 N What is Supply Chain Management (SCM)?

“..the systemic, strategic coordination of the traditional business
functions and the tactics across these business functions within a
particular company and across businesses within the supply chain, for
the purposes of improving the long-term performance of the
individual companies and the supply chain as a whole.” - mentzer et al. (2001)

2
o= lig=FE - i

RAW MATERIALS SUPPLIER MANUFACTURER DISTRIBUTOR RETAILER CONSUMER w

P
<

- c AN MIT Center for
I I b : Transportation &

€ Logistics }

{ ‘ SCM for food and agribusiness is complex and
~ multi-factorial

Economics

SCM and Social Sciences
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E.. :. . 7.._. : :

Health Innovation
Sciences Sciences
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The issues

Food insecurity

5b people
(446m LAC)

1.25b people
(143m LAC)

Severe
Fl

746m people
(62m LAC)

Source: FAQ, (2020)

USS3.75/day
(US$2.98/day LAC)

US$2.33/day
(US$2.83/day LAC)

USS0.79/day
(US$1.06/day LAC)

>
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Unfortunately, this is creating dynamics that makes F & V ‘ :
expensive to eat and hard to purchase for low-income >
population!

A OTMNK L SeR

F&V Can't afford F&V
Affordability ‘ R Demand
+ \_/
Created by Sanches, (2019)
\

o g

Sources:
Monsivais et al. (2008); USDA, (2013); Swinburn et al. (2019)

‘ ‘ Current food supply chain is mostly inventory-pushed

. and depends in a large number of intermediaries
> >|?m- &
U,
S &
@ @
Fedsbrer Processor Wholesaler/Distributor Ret Cons&r

Q9

&

V—y‘i

<

28% due to poor ( 28% due to wasted
agriculture practices  44% of food loss/waste due to madequaie food
storage, handling, transportation and <
processing
Sources:
Martinez and Stewart, (2013); Dreyer et al. (2014); Dani, (2015); Murray, (2017) ’
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without written authorization of Chris Mejia 5



Property of the MIT Food and Retail

Operations Lab

Agribusiness

Exploratory model
Market Size and Direct Accessibility
as Mediators for Explaining Potato Prices

UTEC Noriega, Larco, Antonini & Mejia-Argueta (2021)

nnnnnnnnnnnnnnnnnnnnnnn

< <4
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<

4 N

Context and issue

Volume production TFP by farm-size, without firms

. 400
8% of total production of crops in 3%

Peru belongs to potato (INEI, 2017). 300
77% of sales are white potatoes ¥

200
in WM (CITE Papa, 2020). 150

100
50

Farm size distribution 0
~80% Small-scale producers (<

5ha).

Medium-size farms (5-50ha).

Large farms (> 50ha).

Less than 1 ha 1to3ha 3to5ha 5to 10 ha 10to 50 ha

a
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4 ‘ Our study

Market channel Factors direct effect to Farm gate
directness price
Research questions r—l e
q ]]:c:_rmg,r ——) FmL consumes "
1 What factors explain better | % Tadors" |—»| Form g foce|
connectivity to the market ’—‘l H
Collector 1 —_—
channel directedness and access I’—‘_ i
to larger markets? ——[w |
& lb'_h‘*fﬂ | Factors indirectly affecting and
¢ | mediating the farm gate price
>. How do market channel Rt Jommee e

directedness or market size Market size access o

access have an effect on farm’s y N
te price? Lot [ | < 3
gate price? s o

pﬂgiﬂﬂl\ maskad” i

3. What is the direct or indirect L

g Farm gate
2 price

influence of different factors* on

farm’s gate price? ’

Associativity vs intermediation

Economies of scale
related

Transportation time
to market

Information access

Market size access

Productivity Market channel

directedness

Associativity

Demand outlets

Do not reproduce, copy or use the content
without written authorization of Chris Mejia 7
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Farm gate prices: Coupler + Wholesaler vs Retailer and end
consumer

CFI: 0.99>0.95
RMSEA: 0.07 < 0.08
SRMR: 0.05<0.08

. Market size access is now
negatively related to Farm gate
price.

N
- |
N
E Relationships are distinct,
- |
Votumeof |

. Volume of district is now
negatively and directly related to
Farm gate price.

. District’s points of sale is now
negatively and directly related to
Farm gate price.

|

‘ ‘ Takeaways

* Mixed effects on factors that are positively related to
market directedness but negative effects of farm prices
(volume & POs)

* This suggests that multiple price-equilibria exists and a
geographical analysis is needed.

* Importance of local demand should not overlooked

* Larger markets do not necessarily imply higher prices, but more
local markets may do so.

* Information is not related to market accessibility or price

* Having data but possibly no real choices, makes information non-
actionable.

a
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without written authorization of Chris Mejia 8



Property of the MIT Food and Retail
Operations Lab

10/17/2023

Nutrition for underserved communities

< < <
e LLLLEA LY

===y

Prescriptive model
Delivering local nutritious food baskets

F—

Supply Chain

Das, Mejia-Argueta & Sadalla (2021)

4 N

Nutrition issue in India

Summary Statistics - Quantities in kg per household per month

ICMR Recommended Targets
(Monthly Quantities)

Cereals — 8.1 kg

—————— For family of 4 -> 32.4 kg

Pulses — 2.7 kg

——————— For family of 4 -> 10.8 kg ™

ricePDS wheatPDS jowar bajra maize ragi moeng masur urd peas cereals total pulses total

count 573.00 586.00 184.00 207.00 364.00 149.00 619.00 603.00 589.00 554.00 625.00 625.00
mean 17.45 1221 753 a1 540 384 093 108 0.95 0.95 5211 373
std 9.88 877 1019 939 7.55 4.41 043 0.57 0.52 0.76 12.47 1.14
min 1.00 082 010 0.25 0.10 0.20 020 0.10 024 0.10 2095 1.02
25% 1075 423 200 210 169 114 065 0.66 0.63 0.50 42 80 292
50% 15.55 1099 5.00 4.80 3.00 1.80 085 0.93 0.85 07 51.62 367
75% 2419 17.48 981 1000 5.05 4 66 11 141 114 103 60.97 454
max 53.76 6240 28000 5294 2000 20.00 4.09 4325 6.00 487 9373 778

Excess

Deficiency

ICMR-NATIONAL INSTITUTE OF NUTRITION

Scope:
Cereals and Plant sourced Proteins
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* What are some feasible

‘ ‘ Our study

To solve:

RESEARCH QUESTION

Availability of Nutritious Food

approaches for the design of Affordability of food for population
healthy, affordable,. Iocglly » By all sections of the society
sourced food combinations for
Indian households?

Access

e Either produced locally or through

*  What supply chain mechanisms distribution, made accessible across

might be leveraged to distribute geographies

the designed food baskets at
scale to vulnerable
subpopulations in India?

Within Scope:

Food items — Cereals and
Pulses

Distribution Channel —
Government owned and
operated

Targeted Beneficiaries — The
poorest segment of
households covered by the
government run Public
Distribution System in India

a

< ‘ Methodology

Segment Customers: Characterize Customers and Clusters
* Geography, socioeconomic features, historical consumption

* PCA and K-means clustering

Design Food Basket for each cluster:
* Assortment of food items that meets prescribed nutritional targets

e Bin Packing Algorithm Inspired

Design Distribution Network to deliver baskets to clusters (Location
Allocation):
* Design a distribution strategy for the baskets to clusters at scale
*  Multi Commodity MILP
* Count of storage centers is discrete

* All other decision variables continuous

Segment Customers

Distribution of
baskets to cluster
districts

Design Food Baskets for
Customer Segments
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Food basket design for each cluster
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Distribution

Progortion of Total
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* What factors should govern the design of healthy, affordable, locally sourced food
combinations for Indian households?

Conclusion

* Identification of locally grown pulses and cereals in different parts of India
* Clustering of Customers based on Local Taste Preferences

* A cost-efficient strategy for connecting supply nodes with demand clusters

What supply chain mechanisms might be used at a population level to distribute the
designed food baskets efficiently in India?

We built on the Government Public Distribution System adding pulses in a cost-effective way for three
reasons:

It has maximum reach in terms of number of beneficiaries, so caters to a large population base
It subsidizes both production and consumption sides

Public data on count and location of storage centers

a

International food flows

Criticality and resilience of global food supply chains

Dugundji, Mejia-Argueta, Koch & Gamez (2023)
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Conclusions and future work
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. Improving food SCs will support the productivity and growth

Huge opportunity to link SCs to nutrition intervention
schemes and other disciplines

SCs for bottom of the pyramid firms and consumers are still
considered unexplored (business opportunity!!)

Long-term sustainable food ecosystems have to consider a
inter-disciplinary approach to provide holistic solutions.

a
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SUPPLY CHAIN MANAGEMENT AND
LOGISTICS IN LATIN AMERICA
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