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Why is obesity important?





Because its the most 
expensive threat 
facing humanity







Estimates of Funding for Various Research, Condition, and 

Disease Categories NIH

Research/Disease	Areas

FY	2016Actual		(Dollars	
in	millions)

2015	US	Mortality 2015	US	Prevalence	
(Standard	deviation)

Cancer 5589.00 652,672 8.7% (0.20%)
Cardiovascular 2108.00 1,464,485 -
Chronic Obstructive Pulmonary Disease 97.00 292,471 6.2% (0.18%)

Diabetes 4/ 1084.00 252,806 9.7% (0.22%)
Digestive Diseases 1745.00 - -
Heart Disease 1289.00 1,202,319 11.7% (0.26%)
Heart Disease - Coronary Heart Disease 419.00 536,339 6.1% (0.17%)

Hypertension 224.00 427,631 27.0% (0.33%)
Inflammatory Bowel Disease 126.00 2,966 -
Obesity 965.00 39,590 30.0% (0.38%)
Stroke 308.00 234,867 -
 13,954 5,106,146  
% of total 17% 73%  
Physical Activity 392.00 - -
Prevention 7566.00 - -
Tobacco 299.00 - -
Nutrition 1615.00 - -
Basic Behavioral and Social Science 1804.00 - -

Behavioral and Social Science 4137.00 - -
 15,813   

What’s being done about it?



What’s being done about it?



What’s being done about it?

In spite of this…



Its everywhere









Its getting worse









Its affecting our children
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Komlos, J., & Brabec, M. (2010). The Trend of Mean BMI Values of US Adults, Birth Cohorts 1882-1986 Indicates 
that the Obesity Epidemic Began Earlier than Hitherto Thought. doi: 10.3386/w15862

BMI Deciles
90th

50th

10th

Deciles trends in white US males by birth cohort

Radical differences!

Rate of change of deciles trends

Remember: Evolution likes diversity

What factors (behaviours)
are at the root of these 
differences?

But is it new?



Why are we failing to 
control it?



Microbiome

Sedentarismo

Sobreconsumo
Nutrición	
fetal

SNP	FTO	

Obesity

Nivel	socio-economico

Imagínense	miles	de		
hombres	ciegos…	

Sociológo	
Economista,…

Geneticista	
Bioinformático,…

Psicólogo,	
Nutrólogo,	
Comunicólogo,…

Endocrinólogo,	
Bacteriólogo,…

Planeadores		
urbanos,	
Científicos	de		
los	deportes,…

Especialista	en	
nutrición	
maternal-fetal



Sobreconsumo

Nivel	socio-económico

Escolaridad

Propaganda	de	
la	industria	
alimentaria

Imagínense	miles	de		
hombres	ciegos…	

Factores		
evolutivos

Disponibilidad	
de	comida

Depression



Obesity (health) is dynamic and adaptive
Associated with behaviour and decision making



Nature versus nurture versus environment

0%

5%

10%

15%

20%

25%

30%

35%

40%

 Carre
ra 

Té
cni

ca

 Secu
ndari

a

 Prim
ari

a

 Bach
ille

rato

 Lic
encia

tura

 Post-
Docto

rad
o

 M
aest

ria

 Docto
rad

o
 Otro

Obesity incidence Project 42 UNAM

Nurture 
+ 

environment?

Nature?

And what’s more important?
Nature or Nurture or “Niche”?



Energy “in”
Food

Energy “out”=

Energy “needed”

= =

//

But… Energy is Conserved
Metabolized

Non-metabolized

And what does ”Needed” mean anyway?

How do we measure this? How do we measure this?

How do we measure this?

This has to hold for ALL processes over ALL time scales 

Ein(t)

⍺ Ein(t)

(1 - ⍺)Ein(t)

Behaviour
in a given 
environment 
controls how 
much and 
what

Independently of how much nature and how much nurture… 
Its due to Energy disequilibrium = more “in” than “out”



1. What are some of those behaviours? 
2. How do we quantify/measure them?
3. What are risk factors for those behaviours?
4. How plastic are they?
5. How do we model them?
6. How do we change them? MCII?

You can’t gain weight without an associated set of 
decisions/actions that correspond to a behaviour

And for all this we need data. Lots of them! 
It’d also be nice to have a theoretical paradigm 
that covers all this…  

The Conductome



P(C(t)|X(t))
Decision/Action The “World”

The Conductome also implicitly represents a Prediction Model where 
the prediction is that the decision/action will lead to some benefit.

Here we know the 
”World” because we 
create it. We also know
the algorithm P( | ) and 
the payoff from our prediction
and action

Here we neither know the 
”World” nor the algorithm 
P( | ) nor the payoff from 
our prediction and action

CONDUCTOME
“World” + algorithm +payoff

This… 

is the



The Conductome Landscape

Education X1

Drink the Coke

Don’t drink the Coke

Cognitive stress X2

Behaviour change –
Just how plastic is it? 

Reduce cognitive stress versus 
5 more years of education? 

(X1, X2) – Conductome dimensions

Decision/action
threshold

The Conductome landscape
is dynamic and adaptive.
There is a landscape for every
decision/action/behaviour



Project 42 
Developing the Deepest Database for Obesity and  
Metabolic Disease
Phase	I:	(03-05/2014)	1,076	academics	and	non-academics	from	12	institutions	of	the	UNAM	(ICN,	IFC,	FC,	IB,	
II,	IG,	IF,	IM,	IIMAS)	
2,524	variables	-	Genetic,	epidemiological,	physiological,…	
Epidemiological:	Personal	(81),	Personal	history	(130),	Family	History	(548),	Self-health	evaluation	(226),	
Nutrition	(220),	Lifestyle	(390),	Health	knowledge	(293);	Genetic	(772);	Anthropometric	and	physiological	(49).

Phase	II:	(2017-2018)	840	undergraduate	students	of	the	Fac.	Med.	UNAM	
Adding	psychological	variables	and	actigraphy.	Involvement	of	the	ISSTE	-	99	diabetics.	

Phase	III:	(01/2019-02/2020)	Design	and	Implementation	of	a	Machine	learning	based	Analytics	Platform	to	
be	publicly	available	to	analyse	the	data	from	Project	42	

Phase	IV:	(08-10/2019)	Follow	up	of	the	1,076	de	Phase	I	(310),	incorporation	of	new	participants	(855)	and	
implementation	of	WOOP	intervention.	Another	blood	sample,	added	psychological	variables	

Phase	V:	(11/2019-05/2020)	Extension	to	200	academics	and	non-academics	of	the	UNAM	Campus	Juraquilla	
Incorporation	of	fMRI	protocols.	

Phase	VI:	(02/2020-02/2022)	Extension	to	1000	students	of	the	Fac.	Med.,	Fac.	Psic.,	FES	Zaragosa	UNAM	and	
Univ.	Iberoamericana.	Comparison	low	lifestyles	and	physiological	health.	Development	of	Machine	learning	
models	for	activity	identification.
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=    42 Predictive model 
for obesity…
The Conductome



2. Consumption…
You aren´t what you eat you become what you eat

Energy balance point

Energy balance point

Calorie deficitCalorie excess
max aprox 250 cals

This gradually decreasing calorie excess
seems to be the motor for the population
level increase in BMI

This isn’t noise its
multifactoriality

Epidemiological data from ENSANUT 2006  

Biggest risk group 70% 
of weight gain here

Standard 
deviation
is 1300 cal

Standard 
deviation
is 5.17kg/m2

Regression of BMI change versus calorie excess

This is just one dimension of 
Behaviour – total consumption



The Challenge of Measuring ”Real World” Energy Imbalance: 
Some Phenomenological Observations

1) Population Energy Balance is a truly Emergent phenomenon

Why? 

2) Maximum calorie excess is 250 cal but the population level std dev is 1300 cal

3) Calorie excess changes by only 8 calories per year

4) Average BMI increase per year is 0.15kg/m2 (400g) but the population level std dev is 5.17kg/m2

5) For an excess of 250 cal one expects a yearly increase of 13kg
Over a 30 year period the excess is over 1,000,000. Using the 3500 cal/pound rules this should correspond to an
increase of 140kg! 

6) We should be even fatter! Where do all the calories go?



The Conductome: Consumption 
We “Decide” to eat the “wrong” things
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The motor changes its fuel…

Accelerated reduction in meat 
consumption in the aged

Edad	20 Edad	50 Edad	80 Diff	50	20 Diff	80	20 Diff	80	50 Edad	20 Edad	50 Edad	80
S 650 540 460 16.92% 29.23% 14.81% 26.75% 23.38% 24.73%
FF 230 185 140 19.57% 39.13% 24.32% 9.47% 8.01% 7.53%
M 370 330 240 10.81% 35.14% 27.27% 15.23% 14.29% 12.90%
D 450 415 370 7.78% 17.78% 10.84% 18.52% 17.97% 19.89%
F 230 270 200 -17.39% 13.04% 25.93% 9.47% 11.69% 10.75%
V 120 150 90 -25.00% 25.00% 40.00% 4.94% 6.49% 4.84%
C 380 420 360 -10.53% 5.26% 14.29% 15.64% 18.18% 19.35%

2430 2310 1860 4.94% 23.46% 19.48%
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The fuel mix at age 20 consists of 51.5% sugars, 
junk food and meat and 30% fruit, vegetables 
and cereals. At age 50 its 45.5% and 36.5%.

Epidemiological data from ENSANUT 2006
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2. Exercise …

6 Stephens C.R. and Borras J.A.

that of a schema associated with a wildcard symbol ⇤. Thus, ⇤ at any point in
the sequence means we “don’t care” about its value. For example, the sequence
⇤⇤⇤⇤⇤B represents those participants who are doing less than the recommended
amount of exercise currently, independent of their previous history. In this case
In terms of probabilities

P (⇤ ⇤ ⇤ ⇤ ⇤B) =
X

a0=A, B

X

a1=A, B

X

a2=A, B

X

a3=A, B

X

a4=A, B

P (a0a1a2a3a4B) (5)

represents a coarse-grained marginal probability relative to the original fine-
grained set of probabilities on specific histories.

In Table 1 we see the top and bottom 5 ranked schemata in terms of ". Note
that all show a statistically significant relation beyond the 95% confidence inter-
val (p < 0.05 |" > 1.96|). The most striking conclusion to draw from these results
is that obesity is much more linked to patterns of exercise such that the corre-
sponding persons exercised more than the minimum recommended other than in
the recent past but currently and in the recent past - one year - they exercised
less than the recommended amount. On the contrary, the highest probabilities
to not be obese are associated with patterns of exercise that show no significant
change through time. Simply put, in terms of habits, obesity is much linked to
the loss of a good habit while not being obese is associated with maintaining a
good habit. Besides the fact that we can quantify this fact the notable conclu-
sion is that changing from good to bad habits is seen to be much more linked to
obesity than maintaining a bad habit. The latter would manifest itself through
the appearance of schemata such as ⇤BB ⇤ ⇤B, BB ⇤ ⇤BB etc.

History ✏ Nx Ncx % score

A*A*BB 3.56 94 38 40.43 0.73
AAA*B 3.55 91 37 40.66 0.74
AA**BB 3.53 113 44 38.94 0.67
AA**B* 3.40 131 49 37.40 0.60
A***BB 3.23 137 50 36.50 0.57
*A***A -3.27 157 21 13.38 -0.75
**AAA -3.27 157 21 13.38 -0.75

AA**AA -3.51 103 10 9.71 -1.11
A**AA -3.61 134 15 11.19 -0.95
***AA -3.76 193 25 12.95 -0.79

Table 1: This table shows the 5 history schemata of highest " values, and also the 5

lowest, for the obesity class. We also show the score contributions for each history.

Turning to the academic class, we can perform a similar analysis to deter-
mine which patterns of exercise most di↵erentiate between academics and non-
academics. In Table 2 we see again the list of the 5 highest and 5 lowest values of

Obesity % versus historical exercise behavior
A > recommended exercise, B < recommended, * don’t care;
(30y, 20y, 10y, 5y, 1y, now)

Its worse to have had good 
habits and lost them than 
never to have had them 

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Aerobics Yes
Aerobics no

Athletics Yes
Athletics no

Bicycling Yes
Bicycling no
Walking Yes
Walking no

Running Yes
Running no

Obesity incidence vs exercise type

Proportion obese Probabili ty obesity Proportion population

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

Likes exercise Doesn’t like exercise Likes intense
exercise

Doesn't like intense
exercise

What do you think about exercise?

Proportion population Probabili ty obesity Proportion obese

How many dimensions do we need to describe our decision 
making/actions and behavior with respect to exercise?



The Conductome:  Exercise  
We “Decide” when to exercise, what type, how often,…

For men 20-59 de PREVENIMSS 2006

For seniors > 59 Is it riskier to walk 
than do nothing?



Bayesian Analysis of Histories 7

". As with obesity there is a very sharp di↵erentiation between the class and its
complement. Academics are clearly distinguished by a higher incidence of good
exercise habits while non-academics are distinguished by a higher incidence of
bad exercise habits.

History ✏ Nx Ncx % score

*A***A 5.55 157 85 54.14 0.86
A**AA 5.21 134 73 54.48 0.88
AA**A 5.13 135 73 54.07 0.86
A*A*A 5.06 129 70 54.26 0.87
*A**A 4.97 165 85 51.52 0.76

*BBB** -4.32 197 37 18.78 -0.77
**BB* -4.40 267 55 20.60 -0.65
*BBB* -4.41 207 39 18.84 -0.76
**BBB -4.41 245 49 20.00 -0.69
**B*B -4.55 260 52 20.00 -0.69

Table 2: This table shows the 5 history schemata of highest " values, and also the 5

lowest, for the academic class. We also show the score contributions for each history.

5 Model performance using Naive Bayes vs. Generalised
Naive Bayes

We will now show how di↵erent models using di↵erent feature combinations
lead to di↵erent classifier performance. In this analysis we used histories with
both 6 and 5 features. We can combine together the schemata from these two
di↵erent history types into a hyperschemata using the symbol # to denote that
we don’t care if the corresponding end symbol came from a history with 5 or 6
defining features. In other words, # can represent A, B or N , where N always
occurs to the left, i.e., earlier, of the A and B symbols. Joining those persons
with either 5 or 6 symbols we have 939 individuals. We divide this population
into a training set (626 individuals) and a test set (313 individuals). In Table
3 we see the most important feature combinations, which is similar to that of
Table 1. We now consider the predictive value and performance of models based
on di↵erent factorisations of the histories. We will consider histories of the form
#a1a2a3a4a5. In other words we will consider 32 models associated with di↵erent
exercise histories up to 20 years in the past. A model in this setting is just a score
function associated with a given factorisation or coarse graining of the history.
We can then compare the relative performance of each model. In particular,

1. Naive Bayes: Here, the score is the sum of scores for each time period.
Thus, for example, SNB(#AABBB) = S(a0 = #) + S(a1 = A) + S(a2 =
A) + S(a3 = B) + S(a4 = B) + S(a5 = B)

Probability to be an academic versus historical exercise behavior
A > recommended exercise, B < recommended, * don’t care;
(30y, 20y, 10y, 5y, 1y, now)

Why are shorter people more likely
to be obese? Unit bias?*

* Katherine Stephens

Big Mac meal 
for a large person

Torta Cubana
for a large person

Big Mac meal 
for a short person

Torta Cubana
for a short person

Effect of cognitive biases
• Self-serving
• Anchoring
• Unit

3. And some risk factors… being short, being non-academic, looking at the
world through rose-tinted glasses,… 



The Rational Conductome: 
The Information X(t)

✤ Do we have the information available to make a “rational” decision?

Pregunta Epsilon #	
parbcipantes

Proporcion	
poblacion

#	obesos Probabilidad	
obesidad

Proporcion	
obesos

Hacer	ejercicio	no	_ene	
importancia

0.51 3 0.28% 1 33.33% 0.44%

Hacer	ejercicio	es	poco	
importante

-0.90 3 0.28% 0 0.00% 0.00%

Hacer	ejercicio	es	importante -1.45 115 10.69% 18 15.65% 7.89%

Hacer	ejercicio	es	muy	
importante

0.56 953 88.57% 209 21.93% 91.67%

Pregunta Epsilon #	parbcipantes Proporcion	
poblacion #	obesos Probabilidad	

obesidad
Proporcion	
obesos

Si	conoce	el	IMC	para	un	peso	
normal

-3.07 141 13.12% 15 10.64% 6.58%

No	conoce	el	IMC	para	un	
peso	normal

1.21 934 86.88% 213 22.81% 93.42%

Pregunta Epsilon #	parbcipantes Proporcion	
poblacion #	obesos Probabilidad	

obesidad
Proporcion	
obesos

Si	sabe	del	nuevo	impuesto	en	
alimentos	de	alta	densidad	
energe_ca

-0.81 814 75.72% 163 20.02% 71.49%

No		sabe	del	nuevo	impuesto	
en	alimentos	de	alta	densidad	
energe_ca

1.47 261 24.28% 65 24.90% 28.51%

What information is
necessary and what 
information, if any, 
is sufficient?



Education and the Conductome 
What Decisions are Taken Differently?
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Frequency	 of	obesity	 vs	education

UNAM 2014 Study: 1,076 participants



Education and the Conductome 
What Decisions are Taken Differently?
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Frequency	 of	obesity	 vs	education

UNAM 2014 Study: 1,076 participants

WHY?



4. How plastic are they?
Estimates of Funding for Various Research, Condition, and 

Disease Categories NIH

Research/Disease Areas
FY 2016Actual  

(Dollars in millions)
2015 US 

Mortality
2015 US Prevalence 
(Standard deviation)

Cancer 5589.00 652,672 8.7% (0.20%)
Cardiovascular 2108.00 1,464,485 -
Chronic Obstructive Pulmonary Disease 97.00 292,471 6.2% (0.18%)
Diabetes 4/ 1084.00 252,806 9.7% (0.22%)
Digestive Diseases 1745.00 - -
Heart Disease 1289.00 1,202,319 11.7% (0.26%)
Heart Disease - Coronary Heart Disease 419.00 536,339 6.1% (0.17%)
Hypertension 224.00 427,631 27.0% (0.33%)
Inflammatory Bowel Disease 126.00 2,966 -
Obesity 965.00 39,590 30.0% (0.38%)
Stroke 308.00 234,867 -

13,954 5,106,146
% of total 17% 73%
Physical Activity 392.00 - -
Prevention 7566.00 - -
Tobacco 299.00 - -
Nutrition 1615.00 - -
Basic Behavioral and Social Science 1804.00 - -
Behavioral and Social Science 4137.00 - -

15,813

Not very! Well, at least not the healthy behaviors 



✤ So, there is ample evidence that we eat too much, too much of the 
wrong things and we don’t exercise enough. These are all associated 
with “bad” decisions?

✤ Why do we make these decisions?

✤ Are our decisions rational? Depends on:

✤  What value function our decision making is based on

✤ What prediction/processing model P(  |  ) we use

✤ What information X(t) we have available



Perception, Educational Level 
and Gender

Gender difference
for BMI versus height

“Do you consider yourself to be…? 1) Overweight, 2) Obese, 3) Underweight, 4) Normal” 

ENSANUT 2006

People of different
educational levels
have different models 
of themselves and their
environment



Perception, Educational Level and Gender  
Misperception by linguistic concept

All BMI Obese Education level (n; %)
Self-Perception None/Kinder Primary Secondary High School Undergraduate Postgraduate

Obese 13; 2.3 87; 3.3 54; 5 29; 7.1 19; 7.4 1; 6.7
Overweight 338; 59.5 1845; 69.8 830; 77.4 326; 80.3 209; 81.3 13; 86.7

Normal 200; 35.2 672; 25.4 177; 16.5 50; 12.3 28; 10.9 1; 6.7

Underweight 17; 3 38; 1.4 12; 1.1 1; 0.2 1; 0.4 0; 0
BMI Obese 
Men Education level (n; %)

Self-Perception None/Kinder Primary Secondary High School Undergraduate Postgraduate

Obese 4; 3.7 14; 2.2 13; 4.6 10; 6.8 3; 2.5 1; 9.1

Overweight 65; 60.2 406; 62.8 196; 68.8 110; 75.3 98; 81.7 9; 81.8

Normal 38; 35.2 217; 33.5 69; 24.2 26; 17.8 18; 15 1; 9.1

Underweight 1; 0.9 10; 1.5 7; 2.5 0; 0 1; 0.8 0; 0
BMI Obese 
Women Education level (n; %)

Self-Perception None/Kinder Primary Secondary High School Undergraduate Postgraduate
Obese 9; 2 73; 3.7 41; 5.2 19; 7.3 16; 11.7 0; 0
Overweight 273; 59.3 1439; 72.1 634; 80.5 216; 83.1 111; 81 4; 100

Normal 162; 35.2 455; 22.8 108; 13.7 24; 9.2 10; 7.3 0; 0

Underweight 16; 3.5 28; 1.4 5; 0.6 1; 0.4 0; 0 0; 0

Number and percentage of actual BMI obese by self-perceived BMI category and educational level.

ENSANUT 2006



Perception, Educational Level 
and Gender

All Education Level (n; %)

Actual BMI None/Kinder Primary Secondary High School Undergraduate Postgraduate
Obese 13; 2.3 87; 3.3 54; 5 29; 7.1 19; 7.4 1; 6.7
Overweight 154; 19.5 1116; 34.7 652; 45.3 323; 50.1 213; 57 12; 66.7

Normal 543, 72.4 1621; 73.2 750; 70.1 315; 64.2 262; 77.5 14; 73.7

Underweight 11; 36.7 17; 34.7 20; 69 11; 64.7 5; 41.7 N/A

MEN Education Level (n; %)

Actual BMI None/Kinder Primary Secondary High School Undergraduate Postgraduate
Obese 4; 3.7 14; 2.2 13; 4.6 10; 6.8 3; 2.5 1; 9.1

Overweight 50; 18.1 364; 28.8 189; 34.1 104; 38.7 88; 45.8 7; 63.6

Normal 229; 74.8 753; 81 340; 77.3 132; 65 127; 84.1 7; 87.5

Underweight 4; 33.3 7; 38.9 3; 33.3 3; 42.9 3; 75 N/A

WOMEN Education Level (n; %)

Actual BMI None/Kinder Primary Secondary High School Undergraduate Postgraduate

Obese 9; 2 73; 3.7 41; 5.2 19; 7.3 16; 11.7 0; 0

Overweight 104; 20.3 752; 38.5 463; 52.4 219; 58.2 125; 68.7 5; 71.4

Normal 314; 70.7 868; 67.6 410; 65.1 183; 63.5 135; 72.2 7; 63.6

Underweight 7; 38.9 10; 32.3 17; 85 8; 80 2; 25 N/A

Number and percentage of participants correctly identifying their BMI category by educational level for all four standard BMI categories.

ENSANUT 2006



Perception and Action

BMI Obese Education level (n; %)
Intention to 
lose None/Kinder Primary Secondary High School Undergraduate Postgraduate

All 17; 6.3 100; 7.1 61; 9.2 28; 10.9 24; 15.7 2; 25.0

Men 2; 3.9 23; 8.0 10; 6.4 10; 12.2 10; 16.1 1; 25.0

Women 15; 6.8 77; 6.8 51; 10.0 18; 10.3 14; 15.4 1; 25.0

1) “In the last year have you lost or gained weight?”  

2) “Was this weight loss intentional?”

ENSANUT 2006
Mis-perception has consequences



Do We Always Misperceive  
our Weight?

Self-Reported BMI

Measured BMI (n; %) Underweight Normal Overweight Obese Total

Underweight 4; 57.1 3; 42.9 0; 0.0 0; 0.0 7; 100.0

Normal 4; 1.8 178; 80.2 38; 17.1 2; 0.9 222; 100.0

Overweight 2; 0.5 81; 19.4 292; 69.9 43; 10.2 418; 100.0

Obese 0; 0.0 4; 1.4 71; 24.6 213; 73.9 288; 100.0

MHAS Study
Collaboration with INGER

There are systematic misperceptions in terms of image and 
linguistic concept, but not numbers. Why?



obesity

obesity

347 SNPs considered - Subsets with
obesity, DM2, dislipidemias, hepatic;
Collaboration with Dr. Samuel Canizales
UNAM/INMEGEN

The model doesn’t offer
much predictability 

(score = 0.904, predictive but rare)
(score = 0.105, not so predictive but common)

Relevence of genetics

Project UNAM: Genetic analysis of 568 participants

consistent with:

What is the genetics
of conduct?

Where is the ”thrifty gene”?
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Introduction

Obesity and Overweight are complex phenomena with genetic, endocrine and behavioral components (Bray 2007). 

The positive Energy Imbalance  that gives place to overweight occurs when consuming more energy than is spent. 

Consuming food involves Decision Making  restricted by availability of sources, time and competition. The main 

objective of a Food Strategy  is survival of individuals and populations. Then avoid negative long-term energy 

imbalance is a priority.

An optimal strategy seeks energy balance. It can regulate consumption, perception and movement across the 

environment. Nonetheless the extended epidemic of obesity and overweight is evidence of a generalized deviation of 

an optimal energetic plan. 

Johnson and Andrews (2010) suggest a prehistoric mutation of human ancestors to increase fat stores. Such that 

mechanism, originally a survival advantage against starvation, could explain partially the resilient tendency to 

overweight in Obesogenic Environments. There is no accessible data to test directly such that hypothesis. However 

those inaccessible scenarios can be investigated in a generative manner by agent system simulations (Epstein 2006). 

The aim of this work is to investigate the origin and development of bias in food strategies with Agent Based 

Modeling (ABM). The Agent Model presented here exhibits the competition between two kind of agents: A perceptive 

one (Type II) that can observe a larger local environment at an energetic cost and other that only can perceive for 

free the cell where is situated (Type I). Agents were provided with three capacities: To eat, to move and to reproduce 

themselves. Perceptive agents' strategy is more complex and can be considered cognitively superior. To measure 

system's performance we obtain in each simulation the extinction time (if is the case), the final fraction of agents of 

type I and the time when diversity is lost (if is the case). 

 

    

Design of Agents System

● Environment: 41 X 41Square Grid in a
 Thorus (PBCs), each cell can 
grow a source of energy. 

● Agents: Two types according food strategy:
 Perceptive and non-perceptive.

● Agents have move, eat and intend to reproduce every time.
● Each time-step agents spent energy in a basal metabolism

and in a cost of movement proportional to their energy. 
If the agent is perceptive pays a fixed cost of perception. Both agents
consume the energetic sources in their consuption area.  

Figure 1.  View  of a typical simulation of 
ABM. This was implemented in NetLogo.

Cost of movement and reproduction

● Reproduction consists in the division of an agent when it exceeds 

a limit of energy (20).  It makes more pronounced the effect of the 

cost of movement in the final distribution of agents: This favors 

one of the two types depending on their value: If the cost of 

movement is lower than 0.02 agents type II are predominant. 

When is greater than 0.02 agents type I survive more oftenly (Fig. 

4A). 

● In general, reproduction changes changes the distribution of types 

in final states (Fig. 4B)

● The dynamics of the types distribution have a similar characteristic 

behavior: Cost of movement determines the final type of agent and 

reproduction helps the predominant agent (Fig. 5).  

Parameters Symbol

Basal Metabolism

Cost of Perception

Cost of Movement

Source Energy

 Consumption Area

Effect of Cost of Perception and Regeneration of 

Sources

● Rapid regeneration of resources can make the population survive 

indefinitely (Fig. 3A). This also causes the scenarios with 

perceptual agents to disappear while slow regeneration allow 

diversity in the ensemble of simulations (Fig. 3B).  

● Final stages where both type of strategies coexist are scarce. 

Most scenarios finish with homogeneous populations. 

● Perceptive agents can live longer than non-perceptive only if the 

cost of perception is low (Fig. 3B). In those scenarios with rapid 

regeneration an increase in cost of perception makes the minority 

agents (perceptive) to dissapear faster. If regeneration is slow an 

increase on the cost makes the minority agents to dissapear a little 

bit more slowly (Fig. 4B). 

Figure 3.  Effect of cost of perception and regeneration time in (A) average 
extinction time, (B) average final low fraction (type I fraction), (C) average 
time of lost of diversity and (D)  comparison of rapid and slow regeneration 
on final fraction and lost of diversity time.  

Figure 2. Sketch of ABM environment, agent type I and II and Energy of agent at time t.

Table 1. Parameters and symbols of ABM.

Figure 4.  Effect of cost of movement and reproduction in (A) average final low 
fraction (type I fraction) and (B) histogram of final low fraction. 
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Agent Type I (non-perceptive)

● Perceives only the cell where is placed
● Eat only the sources in the cell is placed (A = 1).
● Moves randomly to a neighbour cell

Agent Type II (perceptive)

● Perceives the cell where is placed and the first eight 

neighbours
● Eat only the sources in the cell is placed(A = 1).
● Moves to a neighbour cell with energetic sources 

available. It reduces uncertainty when looking for 

energy but it has a cost. 

(A) (B)

(A) (B)

(C) (D)

Figure 5.  Effect of 
cost of movement 
and reproduction 
in the average 
fraction of type I 
agents at every 
generation. 

Let’s try and recreate the world of 
200,000 years ago and see what 
behaviours were useful in environments 
then versus environments now.

Recreate environments with scarcity/
plenty and find which adaptations are 
favoured/disfavoured



The Individual Conductome - the 
“Demand”
We can only gain weight if “energy in > energy out” - my choices
✤ How do we characterise the encounters we have with potential “energy in” events?

✤ Frequency
✤ Type - how do we classify them? - food/beverage type, “calories”, portion size,…

✤   How do we characterise the encounters we have with potential “energy out” events?
✤ Frequency

✤ Type - how do we classify them? - involuntary/voluntary, estimate calories, stairs vs 
elevator, T-shirt/overcoat,

✤ How do we characterise our decision making for each potential encounter?
✤ Eat/don’t eat, hamburger/salad, large portion/small portion, stairs/elevator, t-

shirt/overcoat,…
✤ There’s also the question about “priming” for all these decision events - marketing 

propaganda, health warnings,…



The Individual/Organizational 
Conductome - the “Supply”
We can only gain weight if “energy in > energy out” - the 
environment —> choices of others
✤ How do we characterise the encounters we have with potential “energy in” events?

✤ Frequency - widely available/scarce, 24 hours/restricted hours,…

✤ Type - how do we classify them? - MacDonalds/street food/restaurant, only salads/only junk food, 
only large portions,…

✤   How do we characterise the encounters we have with potential “energy out” events?

✤ Frequency - widely available/scarce, 24 hours/restricted hours, obligatory/voluntary,…

✤ Type - how do we classify them? - involuntary/voluntary, estimate calories, stairs vs elevator, air 
conditioning/heating,

✤ How do we characterise the decision making of the “suppliers” for each potential encounter?

✤ To make profits, to get more votes, Sell hamburgers/salads, large portion/small portion, 
stairselevator, t-shirt/overcoat,

✤ There’s also the question about “controlling” the environment - taxes on high energy content food, food 
labeling, health messaging,…



Conclusions
✤ The Human Conductome is the entirety of factors which control human 

behavior: Behaviour <— Strategies <— Decisions <— Predictions 
✤ It is extraordinarily multifactorial and adaptive. It requires big, deep data 

across multiple scales to understand it: genetics, epigenetics, physiology, 
psychology, neuroscience, epidemiology, sociology,… We don’t have such data, 
but the Data Revolution is helping.

✤ A crucial ingredient of the Conductome is how we evaluate decisions, the 
different concepts of value and to understand why we make “bad” decisions.

✤ Another crucial ingredient is how we create a model of reality that may be 
substantially different from reality itself. Such deviations can have severe 
psychological, social and other health consequences.

The goal of Project 42 is to obtain and model data in order to better understand the Conductome and 
predict human behavior. We have a lot of interesting work to do over the coming months, years, decades,
… We need a lot of help!

You’re all invited!
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