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Todos los modelos son Incorrectos

pero algunos son utiles”

George Box, 1978
*Bajo términos y condiciones
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Contenido

« La salud desde la perspectiva de los sistemas adaptativos complejos

» La aprendizaje automatico como herramienta para estudiar estos sistemas
* Ejemplo usando registros de salud nacionales daneses

* Algoritmos justos

« (Grandes datos en LATAM
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Estudiando problemas de salud
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La salud es un fenomeno complejo
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Figure 5.2: The full obesity system map with thematic clusters (see main text 5.1.2 for discussion)"'® Variahles are represented by boxes, positive causal relationships are

sented by solid arrows and negative relationships by dotted lines. The central engine is highlighted in orange at the centre of the map
Map 5
Full Generic Map
Thematic Clusters (filled)

Soclal Psychology

=——— e (Jebb et al., 2007)
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Data modalities
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Adapted from (Acosta et al. 2022)
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Inspired by "Statistical Modeling: The Two Cultures”, Breiman 2001
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Modelaje de Datos

Linear regression
X —» Logistic regression [—* Y
Cox model

Inferencia
» Definir relaciones entre Xe Y
* Funcioén definida bajo supuestos estadisticos

Y:BO+BIX1+ +BiXi+€

Inspired by "Statistical Modeling: The Two Cultures”, Breiman 2001
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Modelaje de Datos Modelaje algoritmico
Linear regression
X —» Logistic regression [—* Y [ .
Cox model '- /
\5_____ Decision trees P /
Neural networks ~
Inferencia Prediccion
» Definir relaciones entre Xe Y * Predicciones de Y en base a X
* Funcioén definida bajo supuestos estadisticos « Funcion indefinida y aprendida por algoritmos
/( — ]\ﬁo L SwbTree
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Inspired by ”Statistical Modeling: The Two Cultures”, Breiman 2001 b vl Image | Abid Ali Awan
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preventative treatment

Estratificacion de individuos agrupandolos por
sexo, edad, genética, etnicidad, biomarcadores, etc
que se puedan tratar uniformemente

Diapositiva cortesia de Dr. Tibor V. Varga
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Integrar toda la informacion posible para desarrollar
predicciones de riesgo y estrategias de tratamiento
especificas para cada individuo

Currie G, Delles C. Adv Exp Med Biol. 2018
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Taxonomia de la Inteligencia Artificial (I1A)

Habilidad de los sistemas computacionales para:

... actuar conocimiento programado por humanos

Artificial Intelligence (Al)

... adquirir conocimiento

Machine Learning (ML)

--- epochs: 0

Artificial Neural Networks (ANN)

Deep Leamning (DL) Large Language Models =

-1.5

(LLMs)
2 0

o 1.5
15 -15 =10 -5 Owb

5} 10 15

Generative Al (GenAl)
Usar datos para aprender

reglas complejas
por minimizacion de errores
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Machine learning: Supervised vs unsupervised
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Use the finalized model 15 —* iy
to predict the outcomes & SH : Dimension
of cases in the test 10+ 2 reduction i
dataset 3 £ 10 15 algorithm 7
0 Yo
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X, T T T T
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1.00 ! X,
= 075 Estimate the performance
= of the model by
B 0.50 comparing the predictad
¢ 025 outcomes with the observed
0.00 4 oufcomes in the test dataset
0.00 0.25 0.50 0.75 1.00 Yu, K.-H., Beam, A. L., & Kohane, I. S. (2018). Artificial intelligence in healthcare.

Specificity Nature Biomedical Engineering, 2(10), 719 14
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Aprendizaje automatico como herramienta cientifica

@ Interacciones o/f Efectos no-lineales
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Aprendizaje automatico como herramienta cientifica

@ Interacciones o/f Efectos no-lineales

Incluir tantos datos como sea posible, midiendo la incertidumbre
en lugar de ignorarla

Explorar la estructura en los datos
que sugieran nuevas hipotesis

“Ciencia nocturna”: explorar el campo no estructurado
de posibles hipotesis e ideas no investigadas

(Yanai & Lercher, 2019)

HEALTH
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Usando los registros de salud e inteligencia artificial

' R RE SRk
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Secuencia de eventos (palabras) en
la vida de un individuo (frases)

Generar representaciones
numericas (embeddings) de los
eventos

Calcular distancias entre eventos
para ver estructuras y relaciones
(patrones)

17
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Ejemplo de diabetes en registros nacionales daneses

1. Harmonisation

Datos de 2.2 millones de individuos:

s s E 0
o A /"\ . DANLIFE, nacidos entre 1980-2015
CITTTIITITIITTTIN
2. Representation learning ‘

Busqueda de términos clinicos:
« Med: A10 - DRUGS USED IN DIABETES
 Diag: E11 - Type 2 diabetes mellitus

* Dimensionality reduction

¢ Hierarchical clustering of neighboring terms

18
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Ejemplo (en desarrollo)

E11.0
Type 2 diabetes mellitus: With ketoacidosis Other blood glucose lowering drugs, excl. insulins _
Type 2 dighptes mebitss Wishiresiphenad shdidptoccoamputisatass
Type 2 diabetes mellitus: With other specified complications Type 2 diabetes mellitus
Type 2 diabetes mellitus: With neurological complications —— Type2-diabetes m_ilitus- With renal complications
Type 2 diabetes mellitus: With unspecified complications pe tldyl P tidabe (AJ}B(DPP AVinhibitors
Sodium-glucose co-transporter 2 (SGLT2) inhibitors ~_Type 2 ey RSPtk multiple complications

Type 2 diabetes mellitus: Without complications Glucagon-like peptide-1 (GLP-1) analogues
Combinations of oral blood glucose lowering drugs 9 gul?or?ylure(as ) 9

A10B.F®

Insulins and analogues for injectionsinterm@diate- or long-acting combined with fast-acting

Insulins-and analogues for injection, long-acting
Insulins and analogues for injection, fast-acting

Biguanides Insulins and analogues for injection, intermediate-acting

source
—— Medications
—— Adverse childhood experiences
—— Procedures
—— Diagnoses

o~
\/\
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COMPLEX

19



HEALTH

(]
o, UNIVERSITY OF COPENHAGEN A N COMPLEX

Explainable Machine Learning
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Explainable Machine Learning Xn_. y

SHapley Additive exPlanations (SHAP)
« Basado en teoria del juego

« Contribucion de cada variable a los valores predichos por un modelo

2 ‘Black box’ model prediction ‘White box’ local explanation
Age =65 Age =65 +2.5
BMI = 40 BMI = 40 > +0.5
Blood pressure = 180 Blood pressure = 180 —| — +3.0
Sex = Female Sex = Female —| «——2.0
!

Mortality risk score = 4 Mortality risk score = 4



Explainable Machine Learning Xn v
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SHapley Additive exPlanations (SHAP)
« Basado en teoria del juego

« Contribucion de cada variable a los valores predichos por un modelo
* Interacciones Shapley

Potential Question: "Does the location of my property affect its price y = 454 000?"

higher2lower
base value f(x)
4.54

Shapley
Values

2 3 4
AveRo. House. Latit. Longi. AveOc.
(3.98) (52.0)| (37.8) |(-122.44) (1.36)

ongi.
m(-122.44)

Latit. x Longi.
AveRo. Latit. x Longi. House. Longi. AveOc. AveOc. x Longi.| House. x AveOc. (37.8 x -122.44)
(3.98) (37.8 x -122.44) (52.0) (-122.44) (1.36) (1.36 x -122.44) (52.0 x 1.36)

Shapley ) 4.54
Interactions : h : : . 5 s
(order 2) MBI D
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Real world patterns of health Discriminatory
inequality and discrimination data
Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and
and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making datasets into data distributions
Application . Biased Al design and
el g Use «— Design :
injustices deployment practices

& & = & 52
C 11 e
[ -
[-_-:] ol A 1) % %
Disregarding Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda setting and design, model building explanation and system
digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices

(Leslie et al., 2021) 23
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AlfaDiab - Algorithmic Fairness in Diabetes Prediction

According to the prediction
model, they are likely to
develop diabetes

According to the prediction
model, they are likely to
develop diabetes

In reality, they are the ones
that develop diabetes

=ailje =aillje =ilo

In reality, they are the ones
that develop diabetes

Overall accuracy = 66% Overall accuracy = 66%

& @ (] ®
'Accuracy =100% |IH\Accuracy =33% 'Accuracy =66% III\Accurac:y =66%
UNFAIR FAIR

irepresents the MAJORITY population, ri\ represents the MINORITY population.

Imagenes cortesia de Dr. Tibor V. Varga

: . Non-Hispanic Non-Hispanic
Al Hispanics g acks Whites

%0_08 }} H}{H{ Model
SUHHIIN 41 2 e,
E 3 { *4****

Comparison of predicted incidences by the
Framingham Offspring Risk Score type 2
diabetes prediction algorithm (red), and real
life incidences (green). This landmark risk
score performs reasonably well on average,
but underestimates risk for Hispanics and
Blacks, and overestimates risk for Whites.

(Cronjé et al., 2023)

24
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AlfaDiab - Algorithmic Fairness in Diabetes Prediction

O=)

as fee

w Sex

ox

>‘0 Ethnicity
Laboratory tests

Family history

s
il
& Medications

25
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AlfaDiab - Algorithmic Fairness in Diabetes Prediction

&
National registers @ @
0-)

Age
- -

I se

>‘0 Ethnicity

000  Relationship

$ 0®
é Employment

Social benefits

=r= \\Nealth/Income

s% E Machine Learning
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Personalized
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Cohortes en LATAM?
 Poblacion en Dinamarca: 6 millones
« Larga tradicion de registros de salud
« Diagnosticos a nivel de hospitales registrados
« Sociedad bastante homogénea
« Brasil:
 The 100 Million Brazilian Cohort

International Journal of Epidemiology, 2022, Vol. 51, No. 2

Population from Cadastro Unico (2001 - 2018): low-income families potentially eligible for social protection programs (N=131.687.800)

Cadastro Unico Bolsa Familia Mcmv SINASC SIH SINAN
Individual and family Records of Records of live dl;‘;zzz’z:’;esglm
records: Records of the beneficiaries of the births: maternal and Records of e
demographic and income transfers housing newborn hospitalisations compulsory
socioeconomic data programmee characteristics notification
Conditionalities Cisternas SISVAN SiM
Ret:)(;:i 02‘ Records of Records of growth
sl A beneficiaries of the monitoring,
compliance with W Records of deaths
sanitation development and
PBF (health and
programme food consumption 27

education)
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Perspectivas a futuro

« Métodos mixtos y modelos causales

* Integracidon de datos cualitativos con herramientas cuantitativas ? | | | |
« Uso de principios de inferencia causal (“causal inference”)
G

» Entender la complejidad de |la salud con datos diversos
* Inclusion de componentes ambientales y psicosociales
 Mapeo de sistemas adaptativos complejos en salud publica

&
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Perpetuando sesgos sociales

A (Obermeyer et al., 2019)
 Healthcare algorithm for screening and S ol :
preventive intervention i i I 1 O 0 T I O O
* Applied to roughly 200 million people in i
the United States each year g Zf?
* Trained on health costs as a proxy for 5 A
health needs E A
 Less money is spent on Black patients who 8 /#’“
have the same level of need 2 A
e
x xgﬁj:‘:“ 5’“&(’
“At the same level of algorithm-predicted risk, | aEEes :
Blacks have significantly more illness burden than Whites.” S S S S S S S S S

Percentile of Algorithm Risk Score

31
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Causal inference approaches

Propensity scoring:

 50% in completely randomized trials with

Inverse probability weighting

two treatment arms of equal size

G-computation

Patient survival

Treatment

Causal Machine Learning

Traditional ML
|

| 1 [ ! :
1 ] 1 : : '

X X X X X X2
Not treated | Not treated ;

|
History ‘—+—‘ Predictions Time
Now

Targeted maximum likelihood estimation

Patient survival

Treatment

More effective
than average

./ HEALTH
'\ COMPLEX

Individual
treatment
effect

Average
treatment
effect

[+
b4 -
8
%
-
=
g _
E
)
®
= Less effective
than average
I I
10 20
Causal ML
|
Treated =2
st}
-
- 1 @
N 1 =
L 28
| 83
=

X X X X X X

Not treated : Not treated
I

v ueld |

|
| | ! | |
History ‘—1'.—' Predictions Time
Now

I
60+ Age (years)

(Feuerriegel et al., 2024) 3,
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A new perspective on causality

Layer Typical Typical Example
(Symbolic) Activity Question
L1 Associational  Seeing What 1s? What does a symp-
P(y|x) How would seeing tom tell us about the
X change my belief disease?
in¥y?
Ln Interventional  Doing What 1f? What 1f I take aspirin,
P(v|do(x),c) What if I do X? will my headache be
cured?
L3 Counterfactual Imagining Why? Was 1t the aspirin
P(yyx',y) What if I had acted that stopped my
differently? headache?

Table 1.1: Pearl’s Causal Hierarchy.

" HEALTH
-\ COMPLEX
Observational
studies
RCTs

(Bareinboim et al., 2022) 53
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