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Uzam-zamansal modelleme

Guatemala yerlileri tarafından çizilen 1527 ve 1530 yılları arasındaki İspanyol
işgalinin haritası
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Uzam-zamansal modelleme

“After choosing the area we usually have no guidance beyond the verifiable fact that
patches in close proximity are commonly more alike, as judged by the yield of the
crops, than those which are far apart.” (R. A. Fisher, 1935)
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Uzam-zamansal modelleme
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Uzam-zamansal modelleme
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Uzam-zamansal modelleme
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Enfeksiyon hastalıklarının modellenmesi
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Kırım–Kongo Kanamalı Ateşi (KKKA) hastalığı
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Türkiye’de KKKA
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Türkiye’de KKKA

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Total

2004

2005

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

Total

Season

0 0 2 9 24 62 101 44 6 1 0 0 249

0 0 0 8 27 77 95 51 3 4 0 0 265

0 0 1 19 65 160 114 72 8 0 0 0 439

0 0 2 25 119 216 224 90 40 1 0 0 717

0 0 1 37 241 432 411 151 40 2 0 0 1315

0 0 0 37 205 496 366 177 33 3 1 0 1318

0 0 0 61 240 272 222 59 11 2 0 0 867

0 0 1 29 149 341 349 180 19 5 2 0 1075

0 0 1 31 223 233 201 90 13 3 1 0 796

0 0 1 74 225 260 254 81 11 2 2 0 910

0 4 6 95 218 238 280 108 13 5 0 0 967

0 0 2 16 97 231 218 119 20 12 2 1 718

0 4 17 441 1833 3018 2835 1222 217 40 8 1 9636
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Regresyon problemi

Eğitim kümesi: X = {(xi, yi) ∈ RD × R}Ni=1

X =


x11 x12 . . . x1D
x21 x22 . . . x2D

...
...

. . .
...

xN1 xN2 . . . xND

 y =


y1
y2
...
yN


Önceden görmediğimiz bir veri noktası x∗ ∈ RD için çıktı değerini kestirmek

x∗ =
[
x∗1 x∗2 . . . x∗D

]
y∗ =

[
?
]
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Gauss süreci

Normal dağılım: N (x;µ, σ2)

p(x) =
1√
2πσ2

exp

(
−(x− µ)2

2σ2

)
Çok değişkenli normal dağılım: N (x;µ,Σ)

p(x) =
1√

(2π)D|Σ|
exp

(
−1

2
(x− µ)>Σ−1(x− µ)

)
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Gauss süreci

yi = f(xi) + ξi ∀i
f ∼ GP(f ;m(·), k(·, ·))
ξi ∼ N (ξi; 0, σ

2) ∀i

yi : xi için ölçülen çıktı değeri

f(xi) : xi için gerçek çıktı değeri

m(·) : ortalama fonksiyonu

k(·, ·) : kovaryans fonksiyonu

ξi : gürültü (ölçüm hatası, kayıt hatası, sistemdeki gürültü)
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Gauss süreci

Gauss süreci fonksiyonlar üzerinde tanımlanmış bir dağılımdır.

Gözlemlenen değişkenler beraberce normal dağılım izlemektedir.
f(x1)
f(x2)

...
f(xN )

 ∼ N


f(x1)
f(x2)

...
f(xN )

;

m(x1)
m(x2)

...
m(xN )

,

k(x1,x1) k(x1,x2) . . . k(x1,xN )
k(x2,x1) k(x2,x2) . . . k(x2,xN )

...
...

. . .
...

k(xN ,x1) k(xN ,x2) . . . k(xN ,xN ))
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Gauss süreci

Ortalama fonksiyonu olarak genelde 0 fonksiyonu kullanılmaktadır.

m(xi) = 0

Kovaryans fonksiyonu olarak Gauss çekirdeği sıklıkla kullanılmaktadır.

k(xi,xj) = exp(−‖xi − xj‖22/s2)

y = f + ξ

f ∼ N (f ;0,K)

ξ ∼ N (ξ;0, σ2I)
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Gauss süreci

Bayes teoremini kullandığımızda:

p(f |y) = p(y|f)p(f)
p(y)

p(f |y) ∝ p(y|f)p(f)
∝ p(y − f)p(f)
∝ N (y − f ;0, σ2I)N (f ;0,K)
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Gauss süreci

En büyük ardıl olasılık kestirimini kullanarak:

f? = argmax
f

p(f |y) = argmax
f

log p(f |y)

log p(f |y) = − 1

2σ2
‖y − f‖22 −

1

2
f>K−1f + constant

f değişkenini Kα ile yer değiştirdiğimizde:

log p(α|y) = − 1

2σ2
‖y −Kα‖22 −

1

2
α>Kα+ constant
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Gauss süreci

Kısıtsız en iyileme problemi

α? = argmax
α

log p(α|y)

= argmax
α
− 1

2σ2

(
y>y − 2y>Kα+α>KKα

)
− 1

2
α>Kα

α değişkenine göre türev alıp en iyi değeri bulabiliriz.

α? = (K + σ2I)−1y
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Gauss süreci

a ∼ N (a;µa,Σa)

b ∼ N (b;µb,Σb)

a+ b ∼ N (a+ b;µa + µb,Σa + Σb)

y and y∗ için bileşik olasılık dağılımı[
y
y∗

]
∼ N

([
y
y∗

]
;

[
0
0

]
,

[
K + σ2I k∗
k>∗ k(x∗,x∗)

])

k∗ =


k(x1,x∗)
k(x2,x∗)

...
k(xN ,x∗)
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Gauss süreci

[
a
b

]
∼ N

([
a
b

]
;

[
µa

µb

]
,

[
Σaa Σab

Σba Σbb

])
b|a ∼ N

(
b;µb + ΣbaΣ

−1
aa (a− µa),Σbb −ΣbaΣ

−1
aa Σab

)
y∗ değerini kestirmek için aşağıdaki dağılımı kullanabiliriz.

y∗|y ∼ N
(
y∗;k

>
∗ (K + σ2I)−1y︸ ︷︷ ︸

α

, k(x∗,x∗)− k>∗ (K + σ2I)−1k∗

)
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Spatiotemporal prediction of infectious
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Abstract

Background

Infectious diseases are one of the primary healthcare problems worldwide, leading to mil-

lions of deaths annually. To develop effective control and prevention strategies, we need

reliable computational tools to understand disease dynamics and to predict future cases.

These computational tools can be used by policy makers to make more informed decisions.

Methodology/Principal findings

In this study, we developed a computational framework based on Gaussian processes to

perform spatiotemporal prediction of infectious diseases and exploited the special structure

of similarity matrices in our formulation to obtain a very efficient implementation. We then

tested our framework on the problem of modeling Crimean–Congo hemorrhagic fever cases

between years 2004 and 2015 in Turkey.

Conclusions/Significance

We showed that our Gaussian process formulation obtained better results than two fre-

quently used standard machine learning algorithms (i.e., random forests and boosted

regression trees) under temporal, spatial, and spatiotemporal prediction scenarios. These

results showed that our framework has the potential to make an important contribution to

public health policy makers.

Author summary

Infectious diseases cause important health problems worldwide and create difficult chal-
lenges for public health policy makers. That is why they need reliable computational tools

PLOSNeglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0006737 August 17, 2018 1 / 20

a1111111111
a1111111111
a1111111111
a1111111111
a1111111111

OPENACCESS

Citation: Ak Ç, Ergönül Ö, Şencan İ, Torunoğlu MA,
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Yapısal Gauss süreci modelimiz
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Yapısal Gauss süreci

Her bir veri noktası xi, bir lokasyon ve bir zaman vektöründen oluşmaktadır.

k(xi,xj) = k((sl, tp), (sm, tq)) = ks(sl, sm)kt(tp, tq)

Çekirdek matrisini iki küçük matrisin Kronecker çarpımı şeklinde yazabiliriz.

K = Ks ⊗Kt

y∗ değerini kestirmek için aşağıdaki dağılımı kullanabiliriz.

E[y?|x?,X,Y, σ2] = (ks,? ⊗ kt,?)>(Ks ⊗Kt + σ2I)−1 vec(Y)

Var[y?|x?,X,Y, σ2] = ks(s?, s?)kt(t?, t?)− (ks,? ⊗ kt,?)>(Ks ⊗Kt + σ2I)−1(ks,? ⊗ kt,?)
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k(xi,xj) = k((sl, tp), (sm, tq)) = ks(sl, sm)kt(tp, tq)

Çekirdek matrisini iki küçük matrisin Kronecker çarpımı şeklinde yazabiliriz.
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Kronecker çarpımı

A: m× n büyüklüğünde bir matris

B: p× q büyüklüğünde bir matris

A⊗B: mp× nq büyüklüğünde bir blok matris

A⊗B =

a11B · · · a1nB
...

. . .
...

am1B · · · amnB


Örnek[

1 2
3 4

]
⊗
[
0 5
6 7

]
=


1× 0 1× 5 2× 0 2× 5
1× 6 1× 7 2× 6 2× 7
3× 0 3× 5 4× 0 4× 5
3× 6 3× 7 4× 6 4× 7

 =


0 5 0 10
6 7 12 14
0 15 0 20
18 21 24 28
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Yapısal Gauss süreci

Ks = UsDsU
>
s

Kt = UtDtU
>
t

Ks ⊗Kt = (Us ⊗Ut)(Ds ⊗Dt)(Us ⊗Ut)
>

(Ks ⊗Kt + σ2I)−1 = (Us ⊗Ut)(Ds ⊗Dt + σ2I)−1(Us ⊗Ut)
>
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Kestirim sonuçları
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Kestirim sonuçları
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a b s t r a c t

Objectives: We aimed to develop a prospective prediction tool on CrimeaneCongo haemorrhagic fever
(CCHF) to identify geographic regions at risk. The tool could support public health decision-makers in
implementation of an effective control strategy in a timely manner.
Methods: We used monthly surveillance data between 2004 and 2015 to predict case counts between
2016 and 2017 prospectively. The Turkish nationwide surveillance data set collected by the Ministry of
Health contained 10 411 confirmed CCHF cases. We collected potential explanatory covariates about
climate, land use, and animal and human populations at risk to capture spatiotemporal transmission
dynamics. We developed a structured Gaussian process algorithm and prospectively tested this tool
predicting the future year's cases given past years' cases.
Results: We predicted the annual cases in 2016 and 2017 as 438 and 341, whereas the observed cases
were 432 and 343, respectively. Pearson's correlation coefficient and normalized root mean squared error
values for 2016 and 2017 predictions were (0.83; 0.58) and (0.87; 0.52), respectively. The most important
covariates were found to be the number of settlements with fewer than 25 000 inhabitants, latitude,
longitude and potential evapotranspiration (evaporation and transpiration).
Conclusions: Main driving factors of CCHF dynamics were human population at risk in rural areas,
geographical dependency and climate effect on ticks. Our model was able to prospectively predict the
numbers of CCHF cases. Our proof-of-concept study also provided insight for understanding possible
mechanisms of infectious diseases and found important directions for practice and policy to combat
against emerging infectious diseases. Ç. Ak, Clin Microbiol Infect 2020;26:123.e1e123.e7
© 2019 European Society of Clinical Microbiology and Infectious Diseases. Published by Elsevier Ltd. All

rights reserved.

Introduction

CrimeaneCongo haemorrhagic fever (CCHF) is a tick-borne viral
infection usually transmitted by tick bites, or through contact with
tissues, blood or other bodily fluids from infected people and
animals [1]. Turkey has the highest case counts among other
countries where it remains endemic. Hyalomma marginatum ticks
are the primary vectors, and they feed on animals at each devel-
opmental stage. Both wild and domesticated animals are important

in the disease transmission cycle, serving as reservoirs for the
continuation of tick re-infection.

People working or living close to livestock or to habitats of the
vector ticks are particularly at risk. Human-to-human transmission
is possible, typically among health-care workers or care-givers.
When the possibility for enzootic transmission exposure in-
creases, the risk of CCHF virus infection for humans increases as
well [2]. Environmental changes can influence both the survival
and reproduction of H. marginatum ticks, then may trigger
community outbreaks. For example, neglect of agricultural lands
and agricultural reforms causing landscape alterations may be an
important factor for the emergence of CCHF. The investigation of
those environmental factors that may influence the cycle of CCHF is
relevant for outbreak preparedness and response.
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Çok çekirdekli yapısal Gauss süreci modelimiz
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