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=    42 Predictive model 
for obesity…



Fase	0:	ENSANUT	2006,	2012;	ENCOPREVENIMSS

Fase	I:	(03-05/2014)	1,076	académicos	y	no-académicos	de	12	insJtutos	y	facultades	
de	la	UNAM
2,524	variables	-	Gené%cos,	epidemiológicos,	fisiológicos,	antropométricos…	Epidemiológicos:	
Personales	(81),	Historias	personales	(130),	Historias	familiares	(548),	Auto-evaluación	de	
salud	(226),	Nutrición	(220),	Es%lo	de	Vida	(390),	Conocimiento	de	salud	(293)	

Fase	II:	(03/2017-09/2018)	700	estudiantes	de	medicina	de	la	Fac.	Med	UNAM;	(06/17)	100	
trabajadores	y	profesores	de	la	FM.	Adición	de	variables	psicológicas.	Colaboración	con	el	
Hospital	Juaréz

Fase	III:	(12/2018-02/2019)	100	diabéJcos	del	ISSTE

Fase	IV:	(05-08/2019)	Seguimiento	de	los	1,076	de	Fase	I.	RepeJción	del	análisis	de	bioquímica	
sanguina.	Construcción	de	una	plataforma	de	análisis	y	hacer	disponible	los	datos.
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El propósito principal de los seres 
vivos y de la ciencia y de la medicina y 
de la salud pública es…

Predecir
La Toma de Decisiones

para

¿Por qué un modelo de 
predicción es importante?



Algunas decisiones importantes…



¿Qué no hace decisiones?

El mundo como una máquina

¿Cómo se modela las maquinas?

Con ecuaciones diferenciales
Todos obedecemos la ley

De hecho...

somos esclavos de la ley 



Predictabilidad y la  
toma de Decisiones

“Decisiones”
Normalmente pensamos en las decisiones como algo más humano 

asociado con la voluntad libre

¡Somos autómatas! En la mayoría…
Una bola en un campo gravitacional
Un gato en un campo gravitacional
Un ser humano en un campo gravitacional

¿Porqué tomamos malas decisiones?



Síndrome Metabólico 

Se usa la definición de MetS del IDF (Alberti et al., 2009), que requiere al 

menos tres de los siguientes: 

1. Cintura > 90 cm en hombres y > 80 cm en mujeres. 

2. Triglicéridos elevados ≥ 150 mg/dl. 

3. Colesterol HDL bajo < 40 mg/dl en hombres y < 50 mg/dl en mujeres.  

4. Presión arterial elevado - SBP ≥ 130 mmHg y/o DBP ≥ 85 mmHg.  

5. Glucosa de plasma elevada en ayunas ≥ 100 mg/dl.

¿Cómo dependen estos de nuestras decisiones?



Nature versus nurture versus environment
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La Toma de Decisión y la 
Pandemia de Obesidad

No puedes ganar de peso sin un 
conjunto de decisiones/acciones que 

corresponden a una conducta

1. ¿Qué son algunas de esas conductas?
2. ¿Cómo las cuantificamos/medimos?
3. ¿Qué son los factores de riesgo para esas 

conductas? 
4. ¿Cómo tan plásticos son?
5. ¿Cómo los modelamos?



Obesidad - factores de riesgo: Que haces 
No eres lo que comes te vuelves lo que comes

In	Table	1	we	see	the	number	and	percentage	of	participants	by	age	interval	and	category	in	the	
sample.	The	larger	number	of	female	respondents	is	due	to	the	fact	that	women	were	more	likely	to	
be	at	home	when	the	interviewer	called.		

Table	1	–	Number	and	percentage	of	the	different	categories	by	age	group	

Gender	 Male	 Female	 All	Adults	
		 #	 %	Males	 %	Age	 #	 %	Females	 %	Age	 #	 %	Adults	
Age	 		 	 		 		 	 	 		 		
20-29	 1170	 20.66%	 33.15%	 2359	 23.41%	 66.85%	 3529	 22.42%	
30-39	 1511	 26.69%	 31.70%	 3256	 32.31%	 68.30%	 4767	 30.29%	
40-49	 1250	 22.08%	 37.63%	 2072	 20.56%	 62.37%	 3322	 21.11%	
50-59	 755	 13.33%	 41.26%	 1075	 10.67%	 58.74%	 1830	 11.63%	
60-69	 545	 9.63%	 43.15%	 718	 7.13%	 56.85%	 1263	 8.03%	
	70-80	 431	 7.61%	 41.97%	 596	 5.92%	 58.03%	 1027	 6.53%	
Total	 5662	 		 		 10076	 		 		 15738	 		
	

In	Figure	1	we	see	a	graph	of	BMI	versus	age	for	the	15,738	included	participants.	Also	included	is	
the	data	corresponding	to	average	BMI,	<BMI(t)>,	per	age	group	and	a	quadratic	polynomial	fit	to	
the	binned	data.	A	linear	fit	was	also	considered	but	was	less	statistically	significant.	

		

Figure	1:	BMI	against	age	for	all	adults,	male	and	female.	

The	summary	statistics	for	this	regression	can	be	seen	in	Table	2,	where	we	see	the	relationship	

between	age	and	BMI	for	the	full	sample	and	for	the	different	groupings	using	a	regression	with	

linear	and	quadratic	age	terms.		As	can	be	seen,	the	fit	to	a	quadratic	curve	is	very	impressive,	with	f	

values	in	the	range	290-370	and	absolute	t	values	for	the	regression	coefficients	between	14	and	27.	

The	relatively	low	value	of	the	R2	coefficient	is	associated	with	the	fact	that	although	the	quadratic	

tendency	is	extremely	statistically	significant	there	is	also	a	great	deal	of	underlying	statistical	

variation.	

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	

BMI	 		 		 		 		 372.668	 0.045	 0	 		 		

ALL	 Constant	 18.533	 0.347	 53.445	 		 		 0	 17.853	 19.212	

		 Age	 0.433	 0.016	 27.278	 		 		 0	 0.402	 0.464	

		 Age^2	 -0.004	 0	 -26.678	 		 		 0	 -0.005	 -0.004	

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	

BMI	 		 		 		 		 103.539	 0.035	 0	 		 		

Men	 Constant	 20.06	 0.493	 40.666	 		 		 0	 19.093	 21.027	

		 Age	 0.321	 0.022	 14.347	 		 		 0	 0.277	 0.364	

		 Age^2	 -0.003	 0	 -14.326	 		 		 0	 -0.004	 -0.003	

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	

BMI	 		 		 		 		 290.452	 0.055	 0	 		 		

Women	 Constant	 17.399	 0.46	 37.821	 		 		 0	 16.497	 18.301	

		 Age	 0.504	 0.021	 23.794	 		 		 0	 0.463	 0.546	

		 Age^2	 -0.005	 0	 -22.767	 		 		 0	 -0.006	 -0.005	

	

Table	2:	Regressions	of	BMI	against	age	for	all	adults,	male	and	female.	

	

	

Figure	2:	Daily	calorie	consumption	against	age	for	all	adults,	male	and	female.	
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Age	

Total	calories	in	relaPon	to	age	for	all	adults	
Total	Calories	

Av.TotCals	

Linear	(Total	Calories)	

In	Figure	2	we	see	a	graph	of	average	daily	calories	consumption	versus	age	for	the	15,738	included	
participants.	Also	included	is	the	data	corresponding	to	average	calorie	consumption,	<C(t)>,	per	age	
group	and	a	linear	polynomial	fit	to	the	binned	data.	A	quadratic	fit	was	also	considered	but	did	not	
lead	to	a	more	statistically	significant	f	value.	

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Total	Cals	 		 		 		 		 197.52	 0.012	 0	 		 		
ALL	 Constant	 2.565	 0.024	 105.479	 		 		 0	 2.517	 2.612	
		 Age	 -0.008	 0.001	 -14.054	 		 		 0	 -0.009	 -0.007	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Total	Cals	 		 		 		 		 69.552	 0.012	 0	 		 		
Men	 Constant	 2.638	 0.042	 62.809	 		 		 0	 2.556	 2.721	
		 Age	 -0.008	 0.001	 -8.34	 		 		 0	 -0.009	 -0.006	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Total	Cals	 		 		 		 		 144.087	 0.014	 0	 		 		
Women	 Constant	 2.544	 0.03	 85.301	 		 		 0	 2.485	 2.602	
		 Age	 -0.008	 0.001	 -12.004	 		 		 0	 -0.01	 -0.007	
	

Table	3:	Regressions	of	total	reported	daily	consumption	against	age	for	all	adults,	male	and	
female.	

In	Table	3	we	see	the	summary	statistics	for	the	relationship	between	age	and	total	calorie	
consumption	for	the	full	sample	and	for	the	different	groupings	using	a	regression	with	only	a	linear	
term.	Once	again,	the	strong	statistical	significance	of	the	underlying	tendency	is	apparent	with	f	
values	in	the	range	69	to	197	and	absolute	t	value	for	the	regression	coefficient	in	the	range	8-14.	As	
with	BMI,	the	low	R2	value	is	an	indication	of	a	high	degree	of	statistical	variability.	

	

	

Figure	3:	BMI	against	daily	calorie	consumption	for	all	adults,	male	and	female.	
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was	found	that	a	regression	with	only	a	linear	term	was	better.	The	results	show	that	average	BMI	
decreases	linearly	as	a	function	of	age,	decreasing	by	a	factor	of	approximately	0.1	each	year.		

			

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
BMI	Change	 		 		 		 		 45.89	 0.45	 0	 		 		
ALL	 Constant	 0.513	 0.08	 6.428	 		 		 0	 0.353	 0.674	
		 Age	 -0.01	 0.002	 -6.774	 		 		 0	 -0.013	 -0.007	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
BMI	Change	 		 		 		 		 14.05	 0.201	 0	 		 		
Men	 Constant	 0.387	 0.11	 3.531	 		 		 0.001	 0.168	 0.607	
		 Age	 -0.008	 0.005	 -3.748	 		 		 0	 -0.012	 -0.004	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
BMI	Change	 		 		 		 		 41.91	 0.428	 0	 		 		
Women	 Constant	 0.595	 0.097	 6.163	 		 		 0	 0.402	 0.789	
		 Age	 -0.012	 0.002	 -6.473	 		 		 0	 -0.015	 -0.008	
	

Table	5:	Regressions	of	centralized	moving	average	of	year	on	year	BMI	change,	ΔMA(t),	versus	age	
for	all	adults,	male	and	female.	

In	Table	6	we	see	the	relationship	between	change	in	average	BMI,	ΔMA(t),	versus	<C(t)>.	Once	again,	
regressions	with	only	a	linear	term	were	found	to	yield	better	results.		The	regressions	for	all	
categories	are	again	statistically	significant	for	all	three	categories.	The	results	show	that	average	
BMI	decreases	linearly	as	a	function	of	age,	decreasing	by	0.1	kg/m2	each	year.		

	

		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Moving	Av.	 		 		 		 		 29.236	 0.343	 0	 		 		
BMI	Change	 Constant	 -1.954	 0.362	 -5.392	 		 		 0	 -2.68	 -1.228	
ALL	 Total_Cals	 0.904	 0.167	 5.407	 		 		 0	 0.569	 1.239	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Moving	Av.	 		 		 		 		 13.397	 0.193	 0.001	 		 		
BMI	Change	 Constant	 -1.625	 0.444	 -3.656	 		 		 0.001	 -2.515	 -0.734	
Men	 Total_Cals	 0.724	 0.198	 3.66	 		 		 0.001	 0.328	 1.121	
		 Variable(s)	 Unstd.	B	 Std.	Error	 t	 f	 R^2	 Sig	 Lower	 Upper	
Moving	Av.	 		 		 		 		 22.429	 0.286	 0	 		 		
BMI	Change	 Constant	 -1.754	 0.372	 -4.711	 		 		 0	 -2.5	 -1.008	
Women	 Total_Cals	 0.833	 0.176	 4.736	 		 		 0	 0.481	 1.185	
	

Table	6:	Regressions	of	centralized	moving	average	of	year	on	year	BMI	change,	ΔMA(t),	against	
average	reported	daily	calorie	consumption,		<C(t)>	,	for	all	adults,	male	and	female.	
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Es el exceso de calorias que es el motor para la obesidad. 
El motor es mas activo a las 20, para a las 50 y luego se 
pone en reversa.

No es “ruido”es 
multifactorialidad

Epidemiological data  
from ENSANUT 2006  



Obesidad - factores de riesgo: Que haces 
“Decidimos” comer cosas “equivocadas” 
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El motor se cambia de combustible…
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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%
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La mezcla de combustible a edad 20 consiste de 
51.5% azucares, comida chatarra y carnes y 30% 
frutas, verduras y cereales. A edad 50 son 45.5% 
y 36.5% respectivamente.

Epidemiological data from ENSANUT 2006



Obesidad - factores de riesgo: Que haces 
Ejercicio 
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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
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Obesity incidence vs exercise type

Proportion obese Probabili ty obesity Proportion population

Obesidad	%	versus	conducta	historic	de	ejercicio		

A	>	can%dad	recomendada,	B	<	recomendado,	*	“no	importa”;

(30años,	20años,	10años,	5años,	1año,	actualmente)

¿Cúantas	dimensiones	se	necesita	para	describir	nuestra		
tomo	de	decisión	y	conducta	respeto	al	ejercicio?

Es	peor	haber	perdido		
un	buen	hábito	que		
nunca	lo	haber	tenido	



¿En que información basamos 
nuestras decisiones?

✤ ¿Tenemos la información a mano para tomar una decisión “racional”?

Pregunta Epsilon #	
parJcipantes

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 #	parJcipantes 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 #	parJcipantes 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%

¿Qué información es
necesario y que 
información, si existe, 
es suficiente?



Obesidad - otros factores de riesgo
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)

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

Efecto	de	sesgos	cogniJvos

• “Self-serving”
• “Anchoring”
• “Unit”

Probabilidad	ser	académico	versus	conducta	histórico	de	ejercicio		

A	>	can%dad	recomendada,	B	<	recomendado,	*	“no	importa”;

(30años,	20años,	10años,	5años,	1año,	actualmente)

¿Por qué la gente más chaparra
son más propensa ser obesa?



El papel de la Educación 
¿Cuales decisiones se toman en forma distinta?
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Frequency	 of	obesity	 vs	education

UNAM 2014 Study: 1,076 participantes



Percepción, Escolaridad y 
Género

Diferencia entre 
percepción y realidad
de obesidad por genero

“Te consideras ser…? 1) bajo peso, 2) normal, 3) sobrepeso, 4) obeso” 

ENSANUT 2006

Gente de distintas 
escolaridad es tienen 
modelos distintos de
ellos mismos y de su 
ambiente



Percepción y Acción

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) “En el último año has perdido o ganado peso?”  

2) “La perdida era intencional?”

ENSANUT 2006
Mal-percepciones tienen consecuencias



Driver Value Epsilon P(C/X) P(C) N(X/C) N(X) N(C) NTotal
rs2943641_A 2 2.9391 0.6000 0.2169 6 10 123 567
rs2972146_C 2 2.9391 0.6000 0.2169 6 10 123 567
rs2943650_G 2 2.9391 0.6000 0.2169 6 10 123 567
rs12629908_A 2 2.6981 0.3116 0.2169 43 138 123 567
rs870347_C 2 2.2200 0.2914 0.2169 44 151 123 567
rs1407434_G 0 2.1617 0.2841 0.2169 50 176 123 567
rs972283_A 2 2.1543 0.3085 0.2169 29 94 123 567
rs10496971_C 2 1.9688 0.3011 0.2169 28 93 123 567
rs2241766_C 1 1.9472 0.2741 0.2169 54 197 123 567
rs10885122_A 2 1.9426 0.5000 0.2169 4 8 123 567
rs2986742_G 2 1.9121 0.4545 0.2169 5 11 123 567

rs1799884_A 2 -2.0385 0.0000 0.2169 0 15 123 567
rs3943253_A 2 -2.0502 0.1364 0.2169 15 110 123 567
rs4607517_A 2 -2.1053 0.0000 0.2169 0 16 123 567
rs4880436_A 2 -2.1388 0.0870 0.2169 4 46 123 567
rs174537_C 2 -2.1927 0.0851 0.2169 4 47 123 567
rs174546_G 2 -2.1927 0.0851 0.2169 4 47 123 567
rs174550_A 2 -2.1927 0.0851 0.2169 4 47 123 567
rs972283_A 0 -2.3181 0.1521 0.2169 33 217 123 567
rs2073821_A 2 -2.3502 0.1170 0.2169 11 94 123 567
rs1513181_G 2 -2.3605 0.1250 0.2169 14 112 123 567
rs2237895_A 2 -2.3836 0.1308 0.2169 17 130 123 567
rs7803075_G 2 -2.4635 0.0847 0.2169 5 59 123 567
rs896854_A 0 -2.5528 0.1398 0.2169 26 186 123 567
rs7809589_C 2 -2.5964 0.1231 0.2169 16 130 123 567
rs1111875_A 0 -3.2065 0.1211 0.2169 23 190 123 567

obesidad

obesidad

772 SNPs considered
Subconjuntos con obesidad,
DM2, lípidos, hepatic 

Thrifty Gene Hypothesis - Neel 1962

Adaptaciones que eran útiles en 
nuestro pasado evolutivo ya son 
dañinas.

Enfoque fisiológico versus conductual - 
¿cúales genes están  asociados con 
conductas genéricas? Buscando un 
“aguja-en-un-pajar”.

Psicología Evolutiva versus
Cuentos de hades evolutivos…

(score = 0.904, predictivo pero raro)

(score = 0.105, poco predictivo pero común)

¿Las decisiones “malas” estan  
en nuestros Genes? 

UNAM Study 2014: Genetic analysis



Obesidad es una enfermedad de 
la conducta. ¿Qué tal los demás 

componentes de MetS?



Cantidad versus calidad del  
desgaste metabólica



Cantidad versus calidad del  
desgaste metabólica



Cantidad versus calidad del  
desgaste metabólica



El Desgaste metabólico  
como función de edad
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Conclusiones

✤ La Conductoma humana es la totalidad de factores que controlan el comportamiento 
humano: Comportamiento <— Estrategias <— Decisiones <— Predicciones 

✤ Es sumamente multi-factorial y adaptativo y requiere la integración de múltiples 
disciplinas

✤ Las enfermedades metabólicas, con la obesidad como motor principal, dependen de la 
conducta humana que cause “desgaste”

✤ Hay dos dimensiones principales del desgaste: cantidad (edad) y calidad (estilo de 
vida)

✤ No todas las variables metabólicas tienen la misma dependencia en estos factores ni 
en grado ni en tiempo

✤ La aetiologia de los distintos factores metabólicos es distinta

La meta de Project 42 es obtener y modelar datos para mejor entender la Conductoma y predecir el 
comportamiento humano. Hay mucho por hacer y necesitamos ayuda.

¡Están invitados!
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