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Predicción espacial, versión simplificada 1
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Predicción espacial, versión simplificada 2
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Predicción espacial, versión no tan simplificada 1
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Predicción espacial, versión no tan simplificada 2

Necesitamos estructura:
y1
...

y6
w

 ≡
[

y
w

]
∼ N7

([
µy
µw

]
,

[
Vyy Vyw
Vwy Vww

])

Entonces, una buena idea para predecir w en base a y es

ŵ = E(w |y) = µw + Vwy V −1
yy (y − µy )

el cual es un predictor con ciertas propiedades óptimas en el
caso Normal y con buenas propiedades aún en el caso
no-Normal1.

1Cressie, N. (1993) Statistics for Spatial Data. Wiley
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Predicción espacial, versión no tan simplificada 3
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Otra estructura de dependencia: Datos temporales2
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2Hyndman, R.J. and Athanasopoulos, G. (2018). Forecasting: Principles
and Practice. OTexts.
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Observaciones importantes

Tanto en el caso espacial como en el temporal, los datos

y1, y2, . . . , yn

no son i.i.d.
T́ıpicamente, sólo pueden considerarse como una sola
observación

(y1, y2, . . . , yn)

de una distribución n-variada (de ah́ı el interés agudo en
suponer y verificar estacionariedad).
Las estructuras de dependencia juegan un rol clave en la
inferencia estad́ıstica.
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Datos espacio-temporales: Tasa de desempleoJournal of Statistical Software 19

Figure 9: Unemployment rate per state, over the years 1970-1986.

produces the plot shown in Figure 9.
Time and state were not removed from the data table on construction; printing these data
after coercion to data.frame can then be used to verify that time and state were matched
correctly.
The routines in package plm can be used on the data, when back transformed to a data.frame,
when index is used to specify which variables represent space and time (the first two columns
from the data.frame no longer contain state and year). For instance, to fit a panel linear
model for gross state products (gsp) to private capital stock (pcap), public capital (pc), labor
input (emp) and unemployment rate (unemp), we get

R> zz <- plm(log(gsp) ~ log(pcap) + log(pc) + log(emp) + unemp,
+ data = as.data.frame(Produc.st), index = c("state", "year"))

where the output of summary(zz) is left out for brevity. More details are found in Croissant
and Millo (2008) and Millo and Piras (2012).
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Datos espacio-temporales: Viento314 spacetime: Spatio-Temporal Data in R
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Figure 4: Space-time interpolations of wind (square root transformed, detrended) over
Ireland using a separable product covariance model, for 10 time points regularly distributed
over the month for which daily data was considered (April, 1961).

6. Spatial footprint or support, time intervals, moving objects

6.1. Time periods or time instances
Most data structures for time series data in R have, explicitly or implicitly, for each record
a time stamp, not a time interval. The implicit assumption seems to be (i) the time stamp
is a moment, (ii) this indicates either the real moment of measurement / registration, or the
start of the interval over which something is aggregated (summed, averaged, maximized).
For financial “Open, high, low, close” data, the “Open” and “Close” refer to the values at
the moment the stock exchange opens and closes, meaning time instances, whereas “high”
and “low” are aggregated values – the minimum and maximum price over the time interval
between opening and closing times.
Package lubridate (Grolemund and Wickham 2011) allows one to explicitly define and com-
pute with time intervals (e.g., Allen (1983)). It does not provide structures to attach these
intervals to time series data. As xts does not support these times as index, spacetime does
also not support it.
According to ISO 8601:2004, a time stamp like 2010-05 refers to the full month of May, 2010,
and so reflects a time interval. As a selection criterion, xts will include everything inside the
following interval:

R> library(xts)
R> .parseISO8601(’2010-05’)

$first.time

3Pebesma, E. (2012) spacetime: Spatio-Temporal Data in R. Journal of
Statistical Software, 51, 7.
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Estructura de covarianza, datos espacio-temporales

Proceso aleatorio Y (s, t) con función de covarianza separable4

Cov(Y (s, t), Y (s ′, t ′)) = CS(s, s ′)CT (t, t ′)

Datos: Y = (Yij) matriz m × n, con Yij = Y (si , tj)
Vectorización de matriz de datos

Vec(Y ) =

(Y (s1, t1), . . . , Y (sm, t1), Y (s1, t2), . . . , Y (sm, t2), . . . , Y (s1, tn), . . . , Y (sm, tn))T

Covarianza: Producto de Kronecker de matrices de covarianza
espacial y temporal

Cov(Vec(Y )) = CT ⊗ CS

4No todo es separable: Cressie, N. & Huang, H. (1999) Classes of
nonseparable, spatio-temporal stationary covariance functions. JASA.
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Una generalización: Datos espacio-temporales multivariados6

Caso Y (s, t) ∈ Rp. En cada punto espacial se recolecta
información sobre p variables.
Datos: Y = (Yijk) arreglo m × n × p (Estructuras
tensoriales5).
Covarianza: Producto de Kronecker de matrices de covarianza
espacial, temporal, multivariada

Cov(Vec(Y )) = CT ⊗ CS ⊗ CM

5De la Peña Hnidey, V́ıctor Manuel (2022) Descomposición SVD para
tensores (t-SVDM) y sus aplicaciones. Poster en XX Escuela de Probabilidad y
Estad́ıstica. CIMAT.

6Bahadori, M.T., Yu, Q. & Liu, Y. (2014) Fast multivariate spatio-temporal
analysis via low rank tensor learning. NIPS
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Modelos gráficos: Relaciones de dependencia

Los modelos gráficos proveen la estructura para codificar las
dependencias condicionales en un grupo de variables
X1, X2, . . . , Xd

Han sido aplicados en muchos contextos, ciencias sociales,
redes de regulación biológica, conectividad cerebral, etc.
El concepto de dependencia condicional es mas adecuado para
representar “ligas directas” entre variables, que otros
conceptos de dependencia7.

7Giraud, C. (2015) Introduction to High-Dimensional Statistics. Chapman
& Hall.
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Grafos

Un grafo G = {V , A} ≡ {vértices, aristas}
No hay arista entre X y Y ⇐⇒ X ⊥ Y | resto
X ⊥ Y | Z ⇐⇒ f (x , y |z) = f (x |z)f (y |z)
Una forma de codificar relaciones de dependencia condicional
es mediante grafos no dirigidos

GRAPHICAL MODELS 145

We call neighbors of a, the nodes in ne(a) =
{

b : b
g∼ a
}

, and we set cl(a) = ne(a)∪
{a}.

Nondirected graphical model
The distribution of the random variable X = (X1 . . . ,Xp) is a graphical model ac-
cording to graph g if it fulfills the property

for all a : Xa ⊥⊥ {Xb, b /∈ cl(a)}
∣∣ {Xc, c ∈ ne(a)} .

We write L (X)∼ g when this property is met.
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Figure 7.3 Nondirected graphical models: Xa ⊥⊥ {Xb : b� a} | {Xc : c∼ a}.

Again, we check that if L (X)∼ g and g⊂ g′ then L (X)∼ g′, so there is no unique
graph g, such that L (X)∼ g. In particular, if g# represents the complete graph (where
all the nodes are connected all together), then L (X) ∼ g#. Yet, when X has a pos-
itive continuous density with respect to some σ -finite product measure, there exists
a unique minimal graph g∗ (for inclusion), such that L (X)∼ g∗. We will prove this
result in the Gaussian setting in Section 7.3, and we refer to Lauritzen [81] Chapter 3
for the general case. In the following, we call simply “graph of X” the minimal graph
g∗, such that L (X)∼ g∗.

There is a simple connection between directed and nondirected graphical models.
Let g be a directed graph such that L (X)∼ g. We associate to g the so-called moral
graph, which is the nondirected graph gm obtained as follows:
1. For each node, set an edge between its parents in g.
2. Replace all arrows by edges.
We refer to Figure 7.4 for an illustration.
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Modelos gráficos no dirigidos

Un resultado famoso (Teorema de Hammersely-Clifford)
asegura que la distribución conjunta asociada a una gráfica no
dirigida, g , es factorizable en “cliques”

f (x1, x2, . . . , xd) =
∏

c∈cliques(g)
fc(xc)

En otras palabras, para conocer el comportamiento global, es
suficiente conocer el comportamiento local de una gráfica
ḿınima. Pero este es, en general, un problema dif́ıcil, el cual,
sin embargo, es soluble en el caso Gaussiano.

EPE2022
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Caso Gaussiano

La densidad Normal d-variada es

f (x) = 1
(2π)d/2|Σ|1/2 exp

{
(x − µ)T Σ−1(x − µ)

}
Particionando x , µ y Σ

x =
[

x1
x2

]
, µ =

[
µ1
µ2

]
, Σ =

[
Σ11 Σ12
Σ21 Σ22

]

Puede verse que las condicionales son normales y que, por
ejemplo:

E (X1|X2) = µ1 + Σ12Σ−1
22 (X2 − µ2)

Var(X1|X2) = Σ11 − Σ12Σ−1
22 Σ21

EPE2022
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Distribuciones condicionales bajo modelos Gaussianos

Veamos más de cerca la varianza condicional:

Var(X1|X2) = Σ11 − Σ12Σ−1
22 Σ21

La matriz de precisión, Ω, es[
Σ11 Σ12
Σ21 Σ22

]−1

= Σ−1 ≡ Ω =
[

Ω11 Ω12
Ω21 Ω22

]
.

Puede verse que (usando fórmulas para la inversa de una matriz
particionada)

Ω11 = (Σ11 − Σ12Σ−1
22 Σ21)−1

EPE2022



Espacial Temporal EspTemp ModGraf Ejemplos

Distribuciones condicionales bajo modelos Gaussianos

Esto es,

Ω11 = (Σ11 − Σ12Σ−1
22 Σ21)−1, o, equiv. Ω−1

11 = Var(X1|X2)

Ahora, considere X1 de dimensión d1 = 2. Vemos que

Var(
[

X11
X12

]
|X2) =

[
ω11 ω12
ω21 ω22

]−1

= 1
∆

[
ω22 −ω12

−ω21 ω11

]

El resultado importante es que

X11 ⊥ X12 | X2, si y solo si ω12 = 0

equivalentemente, El nodo i es independiente del nodo j ,
condicionalmente al resto de los nodos, si y solo si ωij = 0

EPE2022
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Estimación de modelos gráficos Gaussianos
Suponemos que se dispone de datos

X =


xT

1
xT

2
...

xT
n


n×d

bajo normalidad, xi ∼ N(µ, Ω−1) e independencia, la
logverosimilitud perfil para Ω es

logL = log |Ω| − tr(SΩ)
donde S es la varianza muestral

S = 1
n

n∑
i=1

(xi − x̄)(xi − x̄)T

En este caso, se obtiene el máximo en forma anaĺıtica
Ω̂ = S−1

EPE2022
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Estimación de modelos gráficos Gaussianos
Usando algún umbral de corte para los elementos de Ω̂, o pruebas
de hipótesis para conservar aristas significativas (ajustando por
multiplicidad de pruebas8), podemos desplegar la estimación:

Fat11

Meat11

Fat12

Meat12

Fat13

Meat13

LeanMeat

Fat11

Meat11Fat12

Meat12Fat13

Meat13LeanMeat

8Benjamini, Y. & Hochberg, Y. (1995). Controlling the false discovery rate:
a practical and powerful approach to multiple testing, Journal of the Royal
Statistical Society Series B, Vol.85, 289–300.
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Estimación rala de modelos gráficos Gaussianos

Regularización es otra forma de inducir “sparseness” en un modelo
gráfico, un ejemplo es el Lasso Gráfico:

min
Ω>0

{−log|Ω| + tr(SΩ) + λ||Ω||1} , λ ≥ 0

Banerjee, O., El Ghaoui, L. & d’Aspremont, A. (2008).
Model selection through sparse maximum likelihood
estimation for multivariate Gaussian or binary data, Journal of
Machine Learning Research
Friedman, J., Hastie, T. & Tibshirani, R. (2008). Sparse
inverse covariance estimation with the graphical Lasso,
Biostatistics
Mazumder, R. & Hastie, T. (2012). The Graphical Lasso:
New insights and alternatives, Electronic Journal of Statistics
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Estimación rala de modelos gráficos Gaussianos

Comentamos que la esperanza condicional es

E (X1|X2) = µ1 + Σ12Σ−1
22 (X2 − µ2)

Considerando el caso d1 = 1 puede verse (s.p.g. medias cero)
que las variables satisfacen un modelo de regresión

X1 =
∑
j ̸=1

βjXj + ϵ

donde los ceoficientes de regresión son funciones de las
entradas de la matriz de precisión.
Meinshausen y Buhlmann9 usan este modelo básico para
estimar en forma rala, usando regresión Lasso, los elementos
de Ω.

9Meinshausen, N. & Buhlmann, P. (2006) High-dimensional graphs and
variable selection with the lasso. Annals of Statistics, 1436–1462.
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Datos financieros10

Figure 9: Average monthly return of firms used in the empirical analysis of Section 5 over
3-year rolling windows spanning 1990− 2012. In each window, 25 largest firms (in terms of
market capitalization) from three sectors - Banks (BA), primary broker-dealers (PB), and
insurance firms (INS), are included.
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Figure 10: Standard deviation of monthly returns of firms used in the empirical analysis of
Section 5 over 3-year rolling windows spanning 1990−2012. In each window, 25 largest firms
(in terms of market capitalization) from three sectors - Banks (BA), primary broker-dealers
(PB), and insurance firms (INS), are included.
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Electronic copy available at: https://ssrn.com/abstract=2816137

10Basu, S., Das, S., Michailidis, G. & Purnanandam, A. (2019) A
system-wide approach to measure connectivity in the financial sector.
http://dx.doi.org/10.2139/ssrn.2816137
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Interconectividad de instituciones financieras
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199510:199809

Pairwise VAR

FEDERAL NATIONAL MORTGAGE ASSN
NATIONSBANK CORP

CHASE MANHATTAN CORP NEW
AMERICAN EXPRESS CO

FIRST UNION CORP
WELLS FARGO & CO NEW

FEDERAL HOME LOAN MORTGAGE CORP

BANK NEW YORK INC

FLEET FINANCIAL GROUP INC NEW

P N C BANK CORP

ROYAL BANK CANADA MONTREAL QUE

KEYCORP NEW

NATIONAL CITY CORP

M B N A CORP

HOUSEHOLD INTERNATIONAL INC

BANKERS TRUST CORP

COMERICA INC

STATE STREET CORP

S L M HOLDING CORP

SUNAMERICA INC

SUMMIT BANCORP

MERCANTILE BANCORPORA TION INC

FIRSTAR CORP NEW

CRESTAR FINANCIAL CORP

SYNOVUS FINANCIAL CORP

TRAVELERS GROUP INC

MORGAN STANLEY DEAN WITTER & CO

MERRILL LYNCH & CO INC

FRANKLIN RESOURCES INC

SCHWAB CHARLES CORP NEW

LEHMAN BROTHERS HOLDINGS INC

BEAR STEARNS COMPANIES INC

DONALDSON LUFKIN & JEN INC NEW
T ROWE PRICE ASSOC INC

EDWARDS A G INC
LIBERTY FINANCIAL COS INC

FINANCIAL SECURITY ASSR HLGS LTD
C M A C INVESTMENT CORPNVEST L P

RAYMOND JAMES FINANCIAL INC
PENNCORP FINANCIAL GROUP INC

PIONEER GROUP INC
INSIGNIA FINANCIAL GROUP INC

NUVEEN JOHN CO

JEFFERIES GROUP INC

JOHN ALDEN FINANCIAL CORP

EATON VANCE CORP

DAIN RAUSCHER CORP

CRIIMI MAE INC

MORGAN KEEGAN INC

ALLSTATE CORP

GENERAL RE CORP

AETNA INC

AMERICAN GENERAL CORP

MARSH & MCLENNAN COS INC

UNITED HEALTHCARE CORP

AON CORP

EQUITABLE COS INC

C N A FINANCIAL CORP

LINCOLN NATIONAL CORP IN

A F L A C INC

ST PAUL COS INC

PROGRESSIVE CORP OH

U N U M CORP

SAFECO CORP

M G I C INVESTMENT CORP WIS

M B I A INC

CINCINNATI FINANCIAL CORP

TORCHMARK CORP

ACE LTD
OXFORD HEALTH PLANS INC

OLD REPUBLIC INTERNATIONAL CORP
RELIASTAR FINANCIAL CORP

ALLMERICA FINANCIAL CORP
AMERICAN NATIONAL INS CO

199510:199809

DLVAR

FEDERAL NATIONAL MORTGAGE ASSN
NATIONSBANK CORP

CHASE MANHATTAN CORP NEW
AMERICAN EXPRESS CO

FIRST UNION CORP
WELLS FARGO & CO NEW

FEDERAL HOME LOAN MORTGAGE CORP

BANK NEW YORK INC

FLEET FINANCIAL GROUP INC NEW

P N C BANK CORP

ROYAL BANK CANADA MONTREAL QUE

KEYCORP NEW

NATIONAL CITY CORP

M B N A CORP

HOUSEHOLD INTERNATIONAL INC

BANKERS TRUST CORP

COMERICA INC

STATE STREET CORP

S L M HOLDING CORP

SUNAMERICA INC

SUMMIT BANCORP

MERCANTILE BANCORPORA TION INC

FIRSTAR CORP NEW

CRESTAR FINANCIAL CORP

SYNOVUS FINANCIAL CORP

TRAVELERS GROUP INC

MORGAN STANLEY DEAN WITTER & CO

MERRILL LYNCH & CO INC

FRANKLIN RESOURCES INC

SCHWAB CHARLES CORP NEW

LEHMAN BROTHERS HOLDINGS INC

BEAR STEARNS COMPANIES INC

DONALDSON LUFKIN & JEN INC NEW
T ROWE PRICE ASSOC INC

EDWARDS A G INC
LIBERTY FINANCIAL COS INC

FINANCIAL SECURITY ASSR HLGS LTD
C M A C INVESTMENT CORPNVEST L P

RAYMOND JAMES FINANCIAL INC
PENNCORP FINANCIAL GROUP INC

PIONEER GROUP INC
INSIGNIA FINANCIAL GROUP INC

NUVEEN JOHN CO

JEFFERIES GROUP INC

JOHN ALDEN FINANCIAL CORP

EATON VANCE CORP

DAIN RAUSCHER CORP

CRIIMI MAE INC

MORGAN KEEGAN INC

ALLSTATE CORP

GENERAL RE CORP

AETNA INC

AMERICAN GENERAL CORP

MARSH & MCLENNAN COS INC

UNITED HEALTHCARE CORP

AON CORP

EQUITABLE COS INC

C N A FINANCIAL CORP

LINCOLN NATIONAL CORP IN

A F L A C INC

ST PAUL COS INC

PROGRESSIVE CORP OH

U N U M CORP

SAFECO CORP

M G I C INVESTMENT CORP WIS

M B I A INC

CINCINNATI FINANCIAL CORP

TORCHMARK CORP

ACE LTD
OXFORD HEALTH PLANS INC

OLD REPUBLIC INTERNATIONAL CORP
RELIASTAR FINANCIAL CORP

ALLMERICA FINANCIAL CORP
AMERICAN NATIONAL INS CO

200608:200907

Pairwise VAR

BANK OF AMERICA CORP
CITIGROUP INC

JPMORGAN CHASE & CO
WELLS FARGO & CO NEW

U B S AG
ROYAL BANK CANADA MONTREAL QUE

AMERICAN EXPRESS CO

U S BANCORP DEL

DEUTSCHE BANK A G

TORONTO DOMINION BANK ONT

BANK OF NOVA SCOTIA

BANK OF NEW YORK MELLON CORP

FEDERAL NATIONAL MORTGAGE ASSN

BANK MONTREAL QUE

CANADIAN IMPERIAL BANK COMMERCE

STATE STREET CORP

FEDERAL HOME LOAN MORTGA GE CORP

P N C FINANCIAL SER VICES GRP INC

CAPITAL ONE FINANCIAL CORP

SUNTRUST BANKS INC

B B & T CORP

REGIONS FINANCIAL CORP NEW

NORTHERN TRUST CORP

S L M CORP

AMERIPRISE FINANCIAL INC

GOLDMAN SACHS GROUP INC

MORGAN STANLEY DEAN WITTER & CO

FRANKLIN RESOURCES INC

SCHWAB CHARLES CORP NEW

C M E GROUP INC

BLACKROCK INC

N Y S E EURONEXT

T ROWE PRICE GROUP INC
T D AMERITRADE HOLDING CORP

LEGG MASON INC
ALLIANCEBERNSTEIN HOLDING L P

NASDAQ O M X GROUP INC
INVESCO LTDS E I INVESTMENTS COMPANY

E TRADE FINANCIAL CORP
EATON VANCE CORP

JANUS CAP GROUP INC
FEDERATED INVESTORS INC PA

RAYMOND JAMES FINANCIAL INC

JEFFERIES GROUP INC NEW

AFFILIATED MANAGERS GROUP INC

INTERACTIVE DATA CORP

MORNINGSTAR INC

LAZARD LTD

WADDELL & REED FINANCIAL INC

AMERICAN INTERNATIONAL GROUP INC

UNITEDHEALTH GROUP INC

MANULIFE FINANCIAL CORP

METLIFE INC

PRUDENTIAL FINANCIAL INC

TRAVELERS COMPANIES INC

ALLSTATE CORP

A F L A C INC

SUN LIFE FINANCIAL INC

AETNA INC NEW

HAR TFORD FINANCIAL SVCS GRP INC

CHUBB CORP

ACE LTD NEW

MARSH & MCLENNAN COS INC

PROGRESSIVE CORP OH

LINCOLN NATIONAL CORP IN

PRINCIPAL FINANCIAL GROUP INC

AON CORP

C I G N A CORP

GENWORTH FINANCIAL INC
HUMANA INC

X L CAPITAL LTD
C N A FINANCIAL CORP

UNUM GROUP
COVENTRY HEALTH CARE INC

200608:200907

DLVAR

BANK OF AMERICA CORP
CITIGROUP INC

JPMORGAN CHASE & CO
WELLS FARGO & CO NEW

U B S AG
ROYAL BANK CANADA MONTREAL QUE

AMERICAN EXPRESS CO

U S BANCORP DEL

DEUTSCHE BANK A G

TORONTO DOMINION BANK ONT

BANK OF NOVA SCOTIA

BANK OF NEW YORK MELLON CORP

FEDERAL NATIONAL MORTGAGE ASSN

BANK MONTREAL QUE

CANADIAN IMPERIAL BANK COMMERCE

STATE STREET CORP

FEDERAL HOME LOAN MORTGA GE CORP

P N C FINANCIAL SER VICES GRP INC

CAPITAL ONE FINANCIAL CORP

SUNTRUST BANKS INC

B B & T CORP

REGIONS FINANCIAL CORP NEW

NORTHERN TRUST CORP

S L M CORP

AMERIPRISE FINANCIAL INC

GOLDMAN SACHS GROUP INC

MORGAN STANLEY DEAN WITTER & CO

FRANKLIN RESOURCES INC

SCHWAB CHARLES CORP NEW

C M E GROUP INC

BLACKROCK INC

N Y S E EURONEXT

T ROWE PRICE GROUP INC
T D AMERITRADE HOLDING CORP

LEGG MASON INC
ALLIANCEBERNSTEIN HOLDING L P

NASDAQ O M X GROUP INC
INVESCO LTDS E I INVESTMENTS COMPANY

E TRADE FINANCIAL CORP
EATON VANCE CORP

JANUS CAP GROUP INC
FEDERATED INVESTORS INC PA

RAYMOND JAMES FINANCIAL INC

JEFFERIES GROUP INC NEW

AFFILIATED MANAGERS GROUP INC

INTERACTIVE DATA CORP

MORNINGSTAR INC

LAZARD LTD

WADDELL & REED FINANCIAL INC

AMERICAN INTERNATIONAL GROUP INC

UNITEDHEALTH GROUP INC

MANULIFE FINANCIAL CORP

METLIFE INC

PRUDENTIAL FINANCIAL INC

TRAVELERS COMPANIES INC

ALLSTATE CORP

A F L A C INC

SUN LIFE FINANCIAL INC

AETNA INC NEW

HAR TFORD FINANCIAL SVCS GRP INC

CHUBB CORP

ACE LTD NEW

MARSH & MCLENNAN COS INC

PROGRESSIVE CORP OH

LINCOLN NATIONAL CORP IN

PRINCIPAL FINANCIAL GROUP INC

AON CORP

C I G N A CORP

GENWORTH FINANCIAL INC
HUMANA INC

X L CAPITAL LTD
C N A FINANCIAL CORP

UNUM GROUP
COVENTRY HEALTH CARE INC
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Electronic copy available at: https://ssrn.com
/abstract=2816137
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Interconectividad en regiones cerebrales12

Datos públicos: “Autism Brain Imaging Data Exchange”
Datos de fMRI en estado de reposo de 63 individuos
37 de ellos del grupo con ASD (Trastorno del espectro autista)
26 controles
Cada sujeto tiene registros de resonancia magnética de 111
regiones de interés y 116 puntos en el tiempo:

Xi , matriz 116 × 111, i = 1, . . . , 63

Interés: Comparar la “conectividad” 11 del grupo ASD versus
el grupo control

11Varoquaux, G., Gramfort, A., Poline, J.B. y Thirion, B. (2010). Brain
covariance selection: better individual functional connectivity models using
population prior, arXiv:1008.5071v4

12Urquiza Robles, Natalia Monserrath (2017) Comparación de modelos
gráficos gaussianos con aplicación en datos de fMRI. Tesis de Maestŕıa en
Prob. y Est., CIMAT.
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Modelos gráficos individuales
24 CAPÍTULO 3. CONTRASTE DE HIPÓTESIS EN GGMS

Sujeto con ASD 1 Sujeto con ASD 2 Sujeto con ASD 3

Sujeto control 1 Sujeto control 2 Sujeto control 3

Figura 2. Gráfica estimada de 6 distintos sujetos.

En la Figura 2 se ilustran las gráficas de 6 distintos individuos, 3 del grupo con ASD y 3 del
grupo control. En el peŕımetro del ćırculo se encuentran los nodos de la gráfica mientras que
las ĺıneas rojizas representan las aristas. Las gráficas fueron estimadas utilizando el méto-
do Lasso Gráfico y el algoritmo StARS. Note de las figuras que no sólo son diferentes las
gráficas entre el grupo que presenta ASD y el grupo control, sino que para cada individuo la
gráfica vaŕıa. Aśı, esta observación debe ser contemplada en el planteamiento de la prueba
de hipótesis que interesa. Además, también se debe considerar la varianza que se deriva del
hecho de que las gráficas son estimadas para cada individuo y no solamente observadas, lo
que puede ser atendido mediante remuestreo.

Una manera de replantear el contraste de hipótesis en la expresión (3.1) es la que se plan-
tea en Narayan et al. (2015). Aśı, en este caṕıtulo se detalla el método introducido en dicho
estudio. Se explica primero la estructura de los datos fMRI, para después dar paso al plan-
teamiento del contraste de hipótesis. Luego se detalla el procedimiento a seguir para realizar
la estimación de la matriz de precisión por individuo, donde se incluye el blanqueamiento
de los datos, remuestreo y Penalización aleatoria. Por último, se presenta el estad́ıstico de
prueba y el algoritmo resumen.
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Hipótesis de interés: H0 : ΩA = ΩC

Las hipótesis de igualdad de conexión que fueron rechazadas
son consistentes con teoŕıas que se han desarrollados para
personas con ASD
Las aristas que resultaron tener más probabilidad de estar
presentes en personas con ASD son aquellas que unen nodos
cercanos, mientras que las aristas con menor probabilidad de
existir en personas de este grupo unen nodos lejanos.
Los modelos gráficos Gaussianos, además de aplicaciones
como la presentada, se han usado en Estad́ıstica Espacial
(Campos Aleatorios Markovianos), Ciencias Sociales y
Econoḿıa.
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