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Metody fyzické geografie 3:
Biogeografie & ekologie

Jan Divisek
Geograficky ustav & Ustav botaniky a zoologie 'PAEOMET 20055

METODY FYZICKE
GEOGRAFIE 3!
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climate: 16.6*** land-cover: 17.8***

i m 2_3***
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Metody fyzicke geografie 3 —22.5. 2017

* Teoretickda cast
* Modelovani rozsireni druh

* Machine-learning methods
* CART
 Random Forest
* MaxEnt

* Prostorova autokorelace

* Prakticka cast
e zitra



Modelovani v biogeografii a ekologi

* Postup vyuzivajici numerické metody k predpovezeni geografického rozsireni
druhu na zadkladé pozorovaného vztahu k environmentalnim faktoriim

» Geografickd reprezentace rozsiteni (1/0) nebo pravdépodobnosti vyskytu duhu

400

e Alternativni ndzvy w0 | modes

= niche models
* Environmental niche modelling (ENM) I s
» Species distribution modelling (SDM)

* Climate envelope modelling

250

200

* Habitat suitability modelling

150

related papers

100




Teoretickeé zaklady

Modelovani rozsSireni druht stavi na Hutchinsonove (1957) teorii
fundamentalni a realizované niky

Neexistuje vSeobecny konsenzus o tom, co modely vlastné
vyjadruji
» VétSina modell nezahrnuje druhové interakce a dalSi faktory omezujici
rozsireni druhu = fundamentdlni nika (napft. Soberdon & Peterson, 2005)

* Modely jsou zaloZzeny na pozorovanych prezencich (a pripadné absencich)
druhu = realizovana nika (napr. Guisan & Zimmermann, 2000)

Mezidruhové interakce

L4 o/

organismu)
* Negativni — soucast realizované niky (limituji prostor existence organismu)
Modelovani probiha v uréitém méritku (rozliseni) = i kdyz se dva

druhy vyskytuji ve stejném kvadratu nemusi spolu prichazet do
kontaktu

Moisture

Fundamental
Niche

Realized
Niche

Temperature



Obecny postup modelovani

Sample
design

Species
occurrence
: data

calibration

Candidsate variables

Scale

_________ Modeling
validation o framework

A 4

Map of
predicted
occurrence

B

Environmental
data

Franklin (2009)




Obecny postup modelovani

Descriptive data
from literature, = -«
tield knowledge

Laboeratory experiments
{ecophysiology)

‘ 2. Statistical Statistical literature,
Sampling design formulation existing models
= . T ) .
Quality of Calibration Evaluation
the fit o
e dataset dataset Predictive
power

4,

Predictions

Evaluation

_ _ Fitted Predicted tabels
Diagnostic

tests values values

Guisan & Zimmerman (2000)



o vk W E

Kl

icCove kroky

Teorie, hypotézy, otazky...

Data o rozsireni druhu (velikost vzorku, sampling bias, absencni data...)
Environmentalni data (dostupnost, rozliseni...)

Modelovaci metoda

Testovaci a validacni metody

Finalni projekce modelu do prostoru



Data o vyskytu druhu — velikost vzorku

* Cim vice, tim lépe?

* Reprezentativni pokryti
* Areal
* Environmentalni gradient

e Dllezitéjsi extrémy nez pramér

-
-

a S0 0e » 1 L L L L)

observation
observation

. 0 N
gradient gradient



Diversity and Distributions, (Diversity Distrib.) (2008) 14, 763-773

Effects of sample size on the performance
Ml Of species distribution models
OO M. S. Wisz"*, R. J. Hijmans’, J. Li’, A. T. Peterson®, C. H. Graham’, A. Guisan®

and NCEAS Predicting Species Distributions Working Group+t

Vé 7 ’ 0-7 =
* Porovnani 12 modelovacich metod all species
e 46 druhl z 6 rliznych oblasti —a— bioclim
. . o —{— bruto
* 3 velikosti vzork( (10, 30 a 100) 0.65 - dkgarp
domain
o —X=— gam
e es 7 v o v =
* Se snizujicim se poctem vzorku klesala presnost = s —'—9:"“
o S 6 —+—gIm
modelu E = == = lives
* Nejméné citlivy byl MaxEnt T e
=l marsint
e Zadna metoda nefungovala dobre s n < 30 0.55 - —— % maxent
om.garp
0.5 .

10 30 100
Sample size



Data o vyskytu druhu — sampling bias

Presnost lokalizace
» Lokality zamérené GPS vs. data z grid(

* Oversampling x undersampling

* Nékterym Uzemim je vénovana vyssi pozornost nez
jinym (preferencni snimkovani)

* Pseudo-replikace
* \/zdalenost vzorkU nizsi nez rozliseni enviro. dat

Autokorelace
e Témér vidy
* Pokud nezustava v reziduich modelu, je to OK

* Pokud ano, obtizné testovani vlivu env. proménnych
* Chybéjici dulezity prediktor

Travniky z EVA

8, .
E. S B



Journal of Applied Ecology 2008, 45, 239247 doi: 10.1111/].1365-2664.2007.01408.x

The influence of spatial errors in species occurrence
data used in distribution models

Catherine H. Graham', Jane Elith?, Robert J. Hijmans®*t, Antoine Guisan®,
A. Townsend Peterson®, Bette A. Loiselle® and The Nceas Predicting Species

Distributions Working Groupt 10

a8 1 b12 bc2 bec34bc 23 ¢ 23¢c 34 €45 d 5
10 modelovacich metod ’ s i I T I B
o oV V4 . 8 9
* 40 druht ve 4 odlisnych regionech = i
74 - - aj|e
. 8 oy (4] —— o —
* Chyba lokalizace ; 1 |a i
* Posun kazde souradnice o Cislo nahodne vybrané z g ° oflt [°12
normalniho rozdéleni s primérem 0 a SD =5 km X J1 LI |n |
3 & o aki o
* Chyba v lokalizaci vzorku sniZila pfesnost modelu ve 3 ze R | I 1. 1,
4 regionu I
v . . v s v,V o 1 — I I S 4 0 o oo
* | pres chybu v lokalizaci bylo mozne pro vetsinu druhu
postavit relativné presné modely 0 =& o = T ——
* MaxEnt a Boosted Regression Trees byly nejméné zavislé WERRRIRD . TR . G-

na nepresnostech v lokalizaci vzork Modeling method



Absencni data

Comparison of regional background selection methods

* Ne vzdy dostupné nebo pouzitelné

» Nékteré metody vyzaduji: ')«
* jen prezencni data (MaxEnt)
* prezencni a absencni data (GLM, Random Forests)

- Buffered MCP

, I Buffered LACH (a=4)

Distance from Obs. Pts.

* Pokud nejsou dostupné, pouzivaji se tzv.
pseUdO-absenceS (baCkground pOIntS) Effect of different alpha values on areas of background
* N3hodné vygenerované body v daném regionu A S T DO S JOUEN IO IR et Ty

* Jejich podet a rozmisténi mlze zasadné ovlivnit T hat B Bt B R
vysledek modelu

* Pokud nemame reprezentativni vzorek arealu druhu
doporucuje se omezit prostor pro generovani
pseudo-absences




BMC Ecology WA Methods in Ecology and Evolution

Methods in Ecology and Evolution 2012, 3, 327-338 doi: 10.1111/j.2041-210X.2011.00172.x
Research article . . . . .
Do pseudo-absence selection strategies influence species Selectlng pseudo-absences for species distribution
distribution models and their predictions? An information-theoretic models: how, where and how many?
approach based on simulated data
Mary S Wisz*! and Antoine Guisan? Morgane Barbet-Massin'*, Frédéric Jiguet', Cécile Héléene Albert>® and Wilfried Thuiller®

Table 1. How to choose pseudo-absences according to the modelling technique from results of this study, the bold criteria being the most
important for the considered modelling technique. ‘Same as number of presences, at least 10 runs when less than 1000 PA’ means that when more

than 300 presence points were considered, 1000 PA should be selected and when 100 or less presences points were considered, a minimum of 10
runs with 100 PA gave the best results

Method for selecting pseudo-absences Number of pseudo-absences
GLM, GAM ‘random’ performs consistently well, excepted when 10 000 PA or a minimum of 10 runs with 1000 PA
presences are climatically biased for which ‘2°far’ is with an equal weight for presences and absences

the best method

MARS ‘random’ performs consistently well, except when A minimum of 10 runs with 100 PA
presences are climatically biased for which 2°far’
is the best method

MDA *2°far’ performs consistently better with few A minimum of 10 runs with 100 PA with an equal
presences, ‘SRE’ performs better with a large weight for presences and absences
number of presences; ‘random’ performs
consistently well with spatially biased presences

CTA, BRT, RF 2°far’ performs consistently better with few Same as number of presences, 10 runs when less than

presences, ‘SRE’ performs better with a large 1000 PA with an equal weight for presences and
number of presences absences




Environmenta

Nadm. vyska
- 820mn. m.

.> — 135mn.m.

ni data

* Vlybér environmentalnich dat vzdy zavisi na:
* otazkach, které resim
* relevanci vzhledem biologickym datiim
* dostupnosti a jejich kvalité

* prostorovém meéritku, resp. rozliseni @
* PouZivat plochojevna zobrazeni

Roéni tahrn
srazek

A 927 mmirok
j ‘ .

458 mm/rok

5
18.0 %
3
c
3
P
o
165 3 :
s Geologie
a
E’, Upper Tertiary and Quaternary sediments
c
T Carpathian flysch sediments
15.0 N cCretaceous sediments
(9]

- Limestone and calcareous sediments
B scrpentines

- Proterozoic and Palaeozoic rocks




Journal of Vegetation Science 27 (2016) 1308-1322

SYNTHESIS

What we use is not what we know: environmental
IAVS predictors in plant distribution models 1

Heidi K. Mod, Daniel Scherrer, Miska Luoto & Antoine Guisan

7N

* Relevance env. prediktort a frekvence 2 0:7_
jejich pouziti v SDMs 2 06

e 200 studii zamFenych na modelovani §
(2010-2015) 8

 VétSina studii nepouzila nékteré dulezité
ekofyziologické environmentalni
promeénné (vlhkost, ptudni pH, ziviny atp.)

* PocCet pouzivanych relevantnich
prediktord stagnuje poslednich 15 let L e S

temperature; 2a mean precipitation; 2b extreme precipitation; 2c
seasonality of precipitation; 2d water balance; 2e soil maisture; 3a pH/
bedrock; 3b nutrients; four radiation; five biotic interactions; éa natural
disturbances; 6b human disturbances; seven land use; eight topography.



Diversity and Distributions, (Diversity Distrib.) (2007) 13, 332-340

(b)
T a Sensitivity of predictive species o —
Ml distribution models to change in X 3.
- - a —_
OO grain size 5 o B
2 . O = =
Antoine Guisan'*, Catherine H. Graham?, Jane Elith’, Falk Huettmann®* and - — = - = —
the NCEAS Species Distribution Modelling Group+ cf o | ::5 .. C...4.. E ‘E o =] e
o © - L = = = o= o
) = — e =
4 LI N _ —_ —_
* 10 modelovacich metod 53 _ -
-
(] % V4 o = —_
* 50 druhu ve 5 odlisnych regionech A S oS 25 s
STEPF X K S
7’V 7 oV 7 \"4 7 O )
* 10x snizené rozliseni env. proménnych ¢ P N ¢
Mean SD Mean SD P-value
AUC Rank base AUC AUC 10x Rank 10x AUC 10x (AUC dift.)
(b) Techniques
BRUTO 0.6928 4 0.1306 0.6859 2 0.1291 0.0067
BRT 0.7040 1 0.1321 0.6993 1 0.1299 0.2060
BIOCLIM 0.6391 9 0.1074 0.6313 10 0.1134 0.0078
DOMAIN 0.6383 10 0.1248 0.6337 9 0.1262 0.1248
GAM 0.6939 3 0.1338 0.6844 3 0.1287 0.0004
OM-GARP 0.6605 8 0.1284 0.6542 8 0.1129 0.8963
GDMSS 0.6726 7 0.1390 0.6731 6 0.1216 0.1476
GLM 0.6838 5 0.1352 0.6546 7 0.1447 0.0049
MAXENT 0.6954 2 0.1241 0.6793 4 0.1216 0.0008
MARS 0.6744 6 0.1583 0.6760 5 0.1543 0.4602




Article

Z

Very high resolution

environmental predictors in
species distribution models:
Moving beyond topography?

Jean-Nicolas Pradervand*
University of Lausanne, Switzerland

Progress in Physical Geography

2014, Vol. 38(1) 79-96

© The Author(s) 2013

Reprints and permission:
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Figure |. (a) Boxplots of the AUC values representing the mean of the three modelling techniques across all
species, for the six different resolutions examined. (b) Difference (delta) in the mean AUC values across all
species of the means for each species across the three modelling techniques. Differences are always
expressed between the 5 m models (best AUCs) and all other resolutions (2, 10, 25, 50 and 100 m). On
average, models at the different resolutions show roughly no difference.



Metody

e Zakladni 3 kategorie modelovacich metod

1) Profile techniques (jednoduché metody vyuzivajici napr. environmentalni vzdalenosti
mezi vzorky)

* BIOCLIM
« DOMAIN
* Ecological Niche Factor Analysis (ENFA)

2) Regression-based techniques
* Generalized Linear Models (GLM)

* Generalized Additive Models (GAM) l . MAX E NT
* Multivariate Adaptive Regression Splines (MARS)
3) Machine-learning techniques
* Boosted Regression Trees (BRT)
 Random Forests (RF)

* Support Vector Machines (SVM)
* MaxEnt




ECOGRAPHY 29: 129151, 2006

Novel methods improve prediction of species’ distributions from
occurrence data

Jane Elith*, Catherine H. Graham*, Robert P. Anderson, Miroslav Dudik, Simon Ferrier, Antoine Guisan,
Robert J. Hijmans, Falk Huettmann, John R. Leathwick, Anthony Lehmann, Jin Li, Lucia G. Lohmann,

Bette A. Loiselle, Glenn Manion, Craig Moritz, Miguel Nakamura, Yoshinori Nakazawa, Jacob McC. Overton,
A. Townsend Peterson, Steven J. Phillips, Karen Richardson, Ricardo Scachetti-Pereira, Robert E. Schapire,
Jorge Soberon, Stephen Williams, Mary S. Wisz and Niklaus E. Zimmermann
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Methods in Ecology and Evolution 2013, 4, 327335

The impact of modelling choices in the predictive

performance of richness maps derived from
species-distribution models: guidelines to build better

diversity models
Blas M. Benito'*, Luis Cayuela? and Fabio S. Albuquerque’
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;QHEHEH mnnessnanil
< FH‘:R >3|IES Nl\‘-lF! EFI\J5 EII\I EPI‘JS MAN EUC MAH CHE MAX BRT EN2 GAM EN4 VMO MAR LOG VMR
§s ﬂ | | r | ‘ [ ]
| o HE S HHEaHo00]

< >3ES NNF! EN5 EN1 MAH EN3 MAN EL'G CHE MA)(

BRT EN2 GAM VMO EN4 MAR LOG

VMR

Fig. 5. Ordered boxplots showing the performance of each S-SDM series in terms of species richness (Rpp, plot a) and species composition (Cpp,
plot b). Lower values indicate better predictive performances. The y axis was clipped to the higher quartiles to provide a better visualization.



Machine-learning methods



Klasifikacni a regresn | stro MY (Classification And Regression Trees, CART)

* Rozhodovaci strom — sada hierarchicky usporadanych rozhodovacich pravidel

* Podle typu zavislé proménné je délime na:
» Klasifikacni

* Regresni
* Postupné déli zavislou proménnou tak, aby jeji hodnoty uvnitf uzlu byly co nejhomogennéjsi a
zaroven mezi uzly co nejrozdilnéjsi

obratlovec

* Homogenitu pocita pomoci kriterialni statistiky

ANOQ NE
* Minimalni kvadraticka chyba pro regresni stromy Q(T)
N¢ Zije ve
1 1 _ teplokrevny skupinach
Ye = FZ Yi(e) Q:(T) = Fz(%‘ —Ve)?
t t &= ANO NE NE ANO
N; je poCet pozorovani v uzlu t; y;) jsou hodnoty zavisle proménné v uzlu t o sije ve miize létat
ohrozeny skupinach
/\ NE ANO

* Gini index pro klasifikacni stromy
J J

muze létat ma ch.'upy

Gl = Zptc(l —Dee) =1— zptzc
c=1 c=1
pct je pravdépodobnost kategorie c vuzlu t Komprdové (2012)



Algoritmus rustu stromu CART

1. Rozdél soubor na trénovaci a testovaci. Tento pomeér se urcuje na zakladé poctu
pozorovani a ucelu studie

2. Najdi nejlepsi rozdéleni kazdého z prediktoru

a) Pro spojité proménné - sefad hodnoty kazdého prediktoru (spojitého nebo ordinalniho) od
nejmensi po nejvetsi - pro vSsechna mozna déleni zavislé proménné na dva dcefiné uzly spoditej
kriteridlni statistku = rozdéleni (délici hodnota), pro které je kriterialni statistika nejmensi se
pouzije pro rozdéleni zavislé proménné

b) Pro kategoridlni proménné — vyzkousej vSechny moznosti rozdéleni zavislé proménné pomoci
kategorii vysvétlujici proménné a pro kazdé déleni spocitej kriterialni statistiku - rozdéleni
(délici hodnota), pro které je kriterialni statistika nejmensi se pouzije pro rozdéleni zavislé
proménné

3. Rozdél soubor na dva dceriné uzly t1 a t2 podle hodnoty prediktoru vybrané v kroku 2

4. Opakuj krok 2 a 3, dokud neni dosazeno nékterého z pravidel pro zastaveni rlstu
stromu

5. Pouzij testovaci soubor k ovéreni vhodné velikosti stromu, a pokud je strom pfilis velky,
prorez strom (prune tree)



Kritéria pro zastaveni rustu stromu (stopping rules)

1.

Terminalni uzel obsahuje pouze jedno pozorovani

VSechna pozorovani v uzlu maji stejnou hodnotu vsech prediktoru (s pouzitim
vybranych prediktort jiz nelze zavislou proménnou dale délit)

VSechna pozorovani v uzlu maji stejnou hodnotu zavisle proménné (uzel je zcela
homogenni)

Definovana kritéria

1.

2.
3.
4

Maximalni pocet vétveni daného stromu
Maximalni poCet pozorovani v koncovém uzlu
Frakce pozorovani v uzlu, ktera jiz nemuze byt oddélena

Velikost chyby v potenciadlnich dcerinych uzlech (uzel se nerozdéli, pokud stredni
kvadratickd chyba (MSE) nebo procento nespravné klasifikovanych vzorkd v
dusledku rozdéleni prekrodi urcitou hranici)



CART v R

Proménna a jeji hodnota
pouzita pro déleni

Primérna hodnota zavislé

proménné v daném uzlu FLUVISOL <> 0.5

rpart {rpart}

27.4 ; 97 obs; 43.4%

Pocet pozorovaniv R |

daném uzlu © pH<>4.255 (®
rrrrrrrrrrr 24.4 ; 81 obs; 12.5%
42.7
Cislo L | 16 obs
S0 pH <> 3.675 COVERE1 >< 65
terminalniho 22 ; 59 obs; 4.3% 30.9; 22 obs; 1.8%
| uzlu | | | |
n= 97 @ ELEVATION >< 457.5 G @
23.2 ;49 obs; 2.3%
15.9 | | 26.7 32.9
node), split, n, deviance, yval 10 obs 7 obs 15 obs
* denotes terminal node CAMBISOL <> 0.5 5 R Y
21.7 ; 33 obs; 1.8% T
26.4 Variabilita
1) root 97 10293.5100 27.41237 | | 16 obs Vwsvtlens
2) FLUVISOL< 0.5 81 4807.3580 24.39506 2 COVERE3 >< 62.5 yv ,
4) pH< 4.255 59 2303.9320 21.96610 22.9 ; 26 obs; 1% Primérna hodnota delenim
8) pH< 3.675 10  296.9000 15.90000 * 2L | | <vis]4 _
9) pH>=3.675 49 1563.9590 23.20408 2 A Zavisi€ promenne v
18) ELEVATION>=457.5 33  841.3333 21.66667 terminalnim uzlu
36) CAMBISOL< 0.5 7  104.8571 17.14286 * 20.8 24.9
13 obs 13 obs Polet pozorovani v

554.6538 22.88462
211.6923 20.84615 *

37) CAMBISOL>=0.5 26

74) COVERE3>=62.5 13

75) COVERE3< 62.5 13 234.9231 24.92308 *

19) ELEVATION< 457.5 16 483.7500 26.37500 *

5) pH>=4.255 22 1221.8180 30.90909
10) COVERE1>=65 7 511.4286 26.71429 *
11) COVERE1l< 65 15 529.7333 32.86667 *

3) FLUVISOL>=0.5 16 1015.4380 42.68750 *

Total deviance explained = 67.1 % termindlnim uzlu

Variabilita vysvétlend
regresnim stromem

Vegetacni snimky z transektd v ddoli ViItavy. Zeleny & Chytry (2007)



Vlybéer optimalniho stromu

e K urceni optimalni velikosti stromu Ize pouzit kritérium slozitosti stromu (cost-
complexity criterium)
* SlozZitost stromu = jeho velikost (pocet termindlnich uzl()

Co(T1) = DTy + a|T,|
T, je pocet termindlnich uzli stromu; DT; je chyba stromu T,
Parametr ¢ > 0 vyjadruje kompromis mezi velikosti stomu a jeho presnosti

K odhadu a se pouZiva kriZova validace



k=1 k=2 k=3 ... ... ... .. ... ... k=10

VAV / . . . .
Krizova validace (Cross-validation) e

_.yY

* Pozorovani jsou rozdélena do k nezavislych podsoubort - i >
* Jeden podsoubor se vzdy pouzije pro testovani .
(pozorovani nejsou pouzita pri tvorbé modelu) . T R
* Ostatni podsoubory, tj. k-1 skupin se pouzije pro tvorbu | I |
modelu ’

* Celkem je vytvoreno k modell otestovanych na k 9 ;
testovacich souborech : |

Obr. 2.11 Princip rozdéleni souboru na testovaci a

* Vlybereme strom s nejvétsi presnosti, ale zaroven rozdil trénovaci pro k = 10. Tmava policka oznacuji
v . ’ 7 4 4 es 01’(?‘01’ SOHbO}".
v chybé mezi testovacim a trénovacim souborem musi “

byt co nejmensi -
v - optimalni strom testovaci
* Presnost stromu . soubor
* KlasifikaCni strom — podil spravné zarazenych pozorovani :g
* Regresni stromu — koeficient determinance (R?) 2 i nedoudeny < picuteny  trénovaci
’ S 7] S == - _ _ _soubor
* Chyba regresniho ) | | | | -==-
* Pro trénovaci soubor e(t) =1 — Riren 0 2 4 6 8 10 12 14
* Pro testovaci soubor e'(t)=1—RZ velké o slozitost malé o

Obr. 2.12 Hleddni optimdlniho stromu. SloZitost stromu na ose x je reprezentovdna poctem
termindlnich uzlit [6].



X-val Relative Error

Krizova validace (Cross-validation)

1.2

1.0

0.8

0.6

0.4

(=Y

size of tree

Pocet termindlnich uzld

Minimalni cross-validovana chyba + 1SE
(standardni chyba odhadu)

Inf

0.23

I I I
0.073 0.032 0.02

cp

Slozitost stromu

I I
0.018 0.014

I
0.01

FLUVISOL <> 0.5
27.4 ; 97 obs; 43.4%

22
59 obs

pH <> 4.255 ®@
24.4 ; 81 obs; 12.5%
42.7
16 obs

2

30.9
22 obs

Total deviance explained = 55.9 %

Vegetacni snimky z transektd v ddoli ViItavy. Zeleny & Chytry (2007)



V\yhody a nevyhody CART

Vyhody
* Neklade zZddné podminky na typ rozdéleni zavisle proménné ani prediktor(
Zavisle proménna i prediktory mohou byt vSech typu (kategoridlni, ordinalni i spojité)

Je mozne pouzit korelovane prediktory, protoze strom roste hierarchicky a pro deleni se
vybird vidy jen jeden prediktor (mj. ze vsech moznych korelovanych)

Vysledky presnosti stromu lze snadno porovnat s vysledky jinych modela (R?)

Snadne graficke znazorneni v podobe grafu se stromovou strukturou, z cehoz plyne
jednoducha interpretace ziskanych vysledku

Nevyhody

* Nestabilita - mala zména v datech zpUsobi zmény v rozhodovacich pravidlech uvnitf uzl(,
coz muze vést ke zméné vyslednych klasifikaci/predikci

* VVzhledem k nestabilité je nutna opatrnost pfri interpretaci stromu
e Stromy jsou nevhodné pro maly pocet vzorkU a velky pocet kategorii zavisle proménné

* Méreni presnosti stromu je vyrazne zavisle na krosvalidacnim mechanizmu a dalsich
parametrech pri validaci modelu ve fazi uéeni (napr. pravidla pro zastaveni rustu stromu)
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Landscape classification of the Czech Republic based on the
distribution of natural habitats

Klasifikace krajiny Ceské republiky na zikladé rozSifeni prirodnich biotopt

JanDiviiek'™ Milan Chytry?, VitGrulich® & LuciePolakova*

2370 grid cells
PRECIPITATION >< 684 mm

787 grid cells
FLYSCH SEDIMENTS <> 0.15%

PROTEROZOIC AND 1583 grid cells
PALEOZOIC ROCKS ALTITUDE >< 338 m a.s.].
><0.05% TEMPERATURE <> 8.2 °C

Similarity
A
1 100 km

North Bohemian lowland and hilly region 0

2 South Bohemian hilly region
3- Hercynian mountain region

4777 Bohemian-Moravian highland region
5 Carpathian region
6 Moravian hilly region

656 grid cells 131 grid cells

972 grid cells

7 South Moravian lowland region

Fig. 7. —Regions of the Czech Republic based on the spatially constrained clustering with the optimal number of
seven clusters according to cross-validation procedure. Reversal in the dendrogram is due to spatial constraints.

611 grid cells
CRETACEOUS SEDIMENTS >< 0.05%

Cluster 3 Cluster 5 TEMPERATURE <> 7.4 °C
Hercynian Carpathian ALTITUDE >< 491 m a.s.l.
mountain region

region |

234 grid cells
PROTEROZOIC AND
PALEOZOIC ROCKS 0\ 393 grid cells

<>99.35% Cluster 2 Cluster 1

South MNorth
Bohemian Bohemian
hilly region lowland and hilly

region
159 grid cells 235 grid cells
Cluster 3 Cluster 4
Hercynian Bohemian-Moravian
mountain highland
region region

Total classified correct = 69.4%

228 grid cells
ALTITUDE >< 225 m a.s.l.

]

198 grid cells 90 grid cells
Cluster 6 Cluster 7
Moravian South Moravian
hilly region lowland region

Fig. 9. — Classification tree describing the separation of the seven regions (clusters) resulting from spatially con-

strained clustering in terms of abiotic factors. See Fig. 5 for details.



Nahodné lesy

Random Forests



Nahodné lesy (Random Forest)

Metoda je zalozena na CART - kombinaci vice stromu vznika ndhodny les

Nahodné lesy odstranuji problémy spojené s CART, zejména jejich nestabilitu

Jsou vsak slozitéjsi a méne prehledné - nékdy (drive) povazovano za tzv. ,black-
box“

Plvodné pro velké soubory s velkym mnozstvim prediktort

Lze pouzit (stejné jako CART) pro klasifikaci a regresi

 V biogeografii se dnes Casto pouzivaji pro prostorové modelovani rozsireni druhu
- velice efektivni

randomForest {randomForest}




Princip vypoctu nahodného lesa

1. Vytvor bootstrapovy podsoubor L, o velikosti N - trénovaci soubor
* bootstrapovy vybér = nahodny vybeér

2. Vyber ndhodné m prediktort

3. Vytvor strom T. na bootstrapovém souboru L, pouze s pouzitim m nahodné
vybranych prediktoru

* pro klasifikaci je hodnota m = 4/p a minimalni velikost uzlu je 1
* pro regresi je hodnotam = p/3 a minimalni velikost koncového uzlu je 5

4. Pomoci vytvoreného stromu predikuj oob (out-of-bag, out of bootstrap sample)
data (testovaci soubor) - vypocet chyby stromu

5. Opakuj kroky 1-4 az do konecného poctu stromu v lese (500 ale Ize nastavit
uzivatelem)

6. Spocitej celkovy vysledek klasifikace/predikce celého lesa vétSinovym
hlasovanim/priimérovanim



Vysledek nahodného lesa v R

randomForest {randomForest}

Call:
randomForest (x = env, y = div, ntree = 200, mtry = 7, importance = T,
Type of random forest: regression
Number of trees: 200 ' 5 )
No. of variables tried at each split: 7 (e

Pocet proménnych k
dispozici pro kazdé
déleni

Mean of squared residuals: 54.87076

[¢)

% Var explained: 49.44

Vysvétlena variabilita

Primér ze c¢tvercl
rezidualnich hodnot

nPerm

999)



importance {randomForest}

varImpPlot {randomForest}

Dulezitost proméeénnych v modelu

Mean decrease in accuracy Mean decrease in node impurity

Plot size Carpathian flysch sediments
Altitude Annual precipitation
Annual precipitation Area of semi-natural grasslands
Area of semi-natural grasslands Reference evapotranspiration
Reference evapotranspiration Continentality
Area of forests Altitude o
Carpathian flysch sediments Actual evapotranspiration o
Area of fields Topographic wetness index O
Average patch perimeter-area ratio Mean annual temperature ©
Length of grassland edges Average patch perimeter-area ratio ©
Mean annual temperature Terrain ruggedness ©
Continentality Total area of grasslands ©
Actual evapotranspiration Area of forests ©
Connectivity of grassland patches Plot size o
Total area of grasslands Heat load index ©
Terrain ruggedness Length of grassland edges ©
Limestone and calcareous sediments Area of fields o
Build-up area Connectivity of grassland patches o
Topographic wetness index Build-up area o
Upper Tertiary and Quaternary sediments Proterozoic and Palaeozoic rocks
Proterozoic and Palaeozoic rocks Upper Tertiary and Quaternary sediments
Heat load index Limestone and calcareous sediments
Cretaceous sediments ° Cretaceous sediments
Tertiary volcanic rocks o Tertiary volcanic rocks
1T 1 1T T T 1 | | | | | |
10 15 20 25 30 35 40 0 10000 30000 50000
%IncMSE IncNodePurity

O kolik permutace (zndhodnéni) dané proménné
zhorsi predikci testovacich dat (oob dat). Cim nizsi
predikéni schopnost (vétsi predikéni chyba MSE)
modelu tim vyznamné;jsi proménna.

Meéfri jak dobre je vysvétlujici proménna schopna
délit zavislou proménnou. Cim homogennéjsi
shluky oddéli tim je vyznamnéjsi.




Dulezitost proméeénnych v modelu

Mean decrease in accuracy (%)

1. Pro kazdy strom je spocitana chyba na testovacich datech (oob data)
* Pro klasifikaci se méri podilem chybné klasifikovanych vzorka (misclassification rate)
* Pro regresi MISE

2. Testovana proménna se zamicha a opét se spocita predikcni chyba

3. Spocita se rozdil predikcnich chyb pro dany strom

4. Rozdily se zprimeéruiji pres vSechny stromy a podéli se smérodatnou odchylkou
Mean decrease in node impurity

1. Vzdy, kdyz je proménna pouzita pro déeleni se spocita o kolik poklesne mira
,heterogenity” uzlu
* Pro klasifikaci se méri Gini indexem
* Pro regresi rezidualni sumou ¢tverct (RSS)



Pa rt|a| dependence plOt partialPlot {randomForest}

* Ukazuje marginalni efekt vybrané promeéenné, tj. vztah zavislé a vysvétlujici
promenneé
* Jedna se o vztah mezi zavislou a vysvétlujici proménnou za situace, kdy vlivy vSech ostatnich
proménnych jsou zpriimérovany

Partial Dependence on "Altitude"

36.0 365 370 375 380 385
\ \ \ \ \ \

35.5
\

T T T I
200 400 600 800 1000 1200 1400

"Altitude”



o O O O
P . . / Vt SR 2I
rincip vypoctu e
Minimum = 200 Maximum = 1400
Sampl 65 435 253 6.1 3.9 l
Samp2 59 869 560 59 5.8
Samp3 6.2 501 280 Sampl 65 435 400 6.1 3.9
Samp4 7.1 467 200 Samp2 5.9 869 400 59 5.8
2.4
SampN 2.1 1102 1400 6.5 435 300 6.1 3.9 1.2
59 869 300 59 5.8
24 9.5
435 200 6.1 3.9 1.2
| 869 200 59 58
| 501 200 62 24 95
| 467 200 6.6 1.2

Number of species

1102 200 52 95

355 36.0 365 37.0 375 38.0 38.5
|

Y | |
T T
200 400 600 800 1000 1200 1400

"Altitude”



Random Forest in species distribution modelling

10Km

Additive Logistic Logistic Model Classification Tree Random Forest
Model (GAM) (GLM) Model Model

Edwards et al., ECOCHANGE, Lausanne, Sep 2009



Predikce druhové bohatosti travinné vegetace CR

(a) all species in grassland vegetation . (c) native species in grassland vegetation
No. of species No. of species

22 1123

[ 23-26 [ 24 - 27
27-29 28 - 30
30-32 31-33

[ 33.37 [ 34-37

N 38 -44

B 45 - 61
0

. Var. explained: 50.1%

L e

(e) alien species in grassland vegetation (g) endangered species in grassland vegetation
No. of species No. of species




Predikce druhové bohatosti lesni vegetace CR

No. of . (d) native species in forest vegetation
0. of species No. of species

(b) all species in forest vegetation

-g;g B 0-17
21-23 B 15 - 20

24 - 25 21-23

] 2425
-gggg [ 26-27

-44

Var. explained: 45.8%

No. of species

Var. explained: 46.0%




| lesni vegetace Evropy

bohatost

Predikce druhové

30°E

20°E

10°E

Do

10°W

44.2%

Var. explained

Vecera et al. (in prep.)
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Maximum entropy modeling



MaxEnt

* Metoda ,strojoveho uceni” a software uvedeny v r. 2004 pro modelovani
prezencnich dat

» ,The model minimizes the relative entropy between two probability densities (one estimated
from the presence data and one, from the landscape) defined in covariate space” (Elith et al.
2011)

* JAVA program, R knihovna dismo, SDMtoolbox pro ArcGIS

Diversity and Distributions, (Diversity Distrib.) (2011) 17, 43-57

A statistical explanation of MaxEnt for
Ml ecologists
OO Jane Elith'*, Steven J. Phillipsz, Trevor Hastie®, Miroslav Dudik?,

Yung En Chee' and Colin J. Yates®

— - Mapped covariates - — Sample at locations —— Probability densities

Presence records

!
.
e
o
s —_
S

Density

-l

Background sample

_—

Density




Data

* Prezencni data

e Souradnice X a 'Y lokalit vyskytu druhu (csv format)

 Absencni data

* \/yuziva tzv. background points (pseudo-absences),
které charakterizuji environmentalni podminky

studované oblasti

e Background points (zpravidla 10 000) jsou nahodné
vybirané z celé studované oblasti, nebo z
preddefinovaného prostoru (bias file)

* Environmentalni data
* Rastrové vrstvy (ascii) ve stejném rozliseni a

rozmeéru

|= | Maximum Entropy Species Distribution Modeling, Version 3.3.3k

Campie:)
File - Browse Directory/File
Create response curves
Make pictures of predictions [v/
Do jackknife to measure variable importance
Output format |Logistic -
Output file type |asc
Output directory Browse
v| Auto features Projection layers directory/file Browse
Run Settings Help
%




Vystup MaxEntu

Pravdépodobnostni (0...  ....1) Kategoridlni (1/1)




Evaluace modelu

* Pro kategorialni model
* Threshold-dependent measures (napr. Kappa)

Table 9.3. Threshold-dependent accuracy measures for species presence—absence
models based on the error matrix, where n is the total number of observations
used for validation; n = TP + TN + FP + EN (Table 9.2). These accuracy
measures can be calculated for any probability threshold used to define
categorical predictions, except for the true skill statistic which, by definition, is
based on the probability threshold for which the sum of sensitivity and

specificity is maximized

Measure Calculation
Sensitivity TP/(TP + FN)
False negative rate 1 — Sensitivity
Specificity TN/(TN + FP)

False positive rate
Percent correct classification
Positive predictive power

Odds ratio
Kappa

True skill statistic

1 — Specificity
(TP + TN)/n
TP/ (TP 4-EP)
(TP x TN)/(FP x FN)

[(TP4TN)—(((TP+FN)(TP-+FP)+(FP+TN)(EN+TN))/n)]
[—(((TP+FN)(TP+FP)+(FP+TN)(EN-+TN))/1m)]|

1 — maximum (Sensitivity + Specificity)

* Pro pravdépodobnostni model
* Threshold-independent measures (napr. AUC)




Evaluace kategorialniho modelu

* The confusion (error) matrix

Testovaci data

presence (1) absence (0)
C)
]
(S
S n n
(%)
o
Q.

Model




Evaluace kategoria

* The confusion (error) matrix

niho modelu

Testovaci data

presence (1)

presence (1)

Model

absence (0)



Evaluace kategorialniho modelu

* The confusion (error) matrix

Testovaci data

presence (1) absence (0)
C)
o »
= n True positives (TP)
g
Q.

Model

True negatives (TN)




Evaluace kategorialniho modelu

* The confusion (error) matrix

Testovaci data

presence (1) absence (0)

e T -

presence (1)
S

Model




Evaluace kategorialniho modelu

* The confusion (error) matrix
Testovaci data
presence (1) absence (0)

commission error

False positives (FP)

presence (1)
S

Model

omission error

False negatives (FN)




* The confusion (error) matrix

Testovaci data

presence (1) absence (0)
)
3 | Sensitivity
0 (% true positives)
& P
- o
©
O e———————————————————————
=

(% true negatives)

L&
OiOhkz=



Evaluace kategorialniho modelu

Table 9.3. Threshold-dependent accuracy measures for species presence—absence
models based on the error matrix, where n is the total number of observations
used for validation; n = TP + TN + FP + EN (lable 9.2). These accuracy
measures can be calculated for any probability threshold used to define
categorical predictions, except for the true skill statistic which, by definition, is
based on the probability threshold for which the sum of sensitivity and
specificity is maximized

Measure Calculation

Sensitivity TP/(TP + FN)

False negative rate 1 — Sensitivity

Specificity TN/(TN + FP)

False positive rate 1 — Specificity

Percent correct classification (TP + TN)/n

Positive predictive power TP/H(TP+FP)

Odds ratio (TP x TN)/(FP x FN)

Kappa [(TP+TN)—(((TP+EN)(TP+FP)+(FP+TN)(EN+TN))/n)]

[n—((TP+FN)(TP+FP)+(FP+TN)(FN+TN))/u)]
True skill statistic 1 — maximum (Sensitivity + Specificity)




Evaluace pravdéepodobnostniho modelu

e Receiver Operating Characteristic (ROC curve)

Sensitivity vs. 1 - Specificity for substriata_1
ok ' ' ' ' ' ' ' ' ' ' " | Training data (AUC = 0.905) =
' Testdata (AUC =0.883) =

i Random Prediction (AUC =05) =

o
o

=
'

=
o

=
P

o
o

1 Hodnoty pro riizné

o thresholdy (0,0.1...1)

=
.

Sensitivity (1 - Omission Rate)

True positive rate

0.0 04 02 0.3 04 0.5 0.6 0w 08 049 1.0

1 - Specificity (Fractional Predicted Area)
@ False positive rate @



Evaluace pravdéepodobnostniho modelu

e Area Under ROC Curve (AUC)

Sensitivity vs. 1 - Specificity for substriata_1
10 Training data (ALC =0.805, =
' Testdata (AIC =02833) B

09 Fandom Pradiction (ALUC =045 ®
0.a
@3
© 07 Model performance
O Goe (AUC values)
2§
‘» 05
S : 0.9-1.0: very good
@ =04 0.8 -0.9: good
= Eoa 0.7 - 0.8: moderate
0.2 0.6-0.7: low
0.5-0.6: very low
0.1

0.0 04 02 0.3 04 0.5 0.6 0w 08 049 1.0

1 - Specificity (Fractional Predicted Area)
@ False positive rate ®



Contents lists available at ScienceDirect

Quaternary Science Reviews

journal homepage: www.elsevier.com/locate/quascirev

it
QUATERNARY

Palaeodistribution modelling of European vegetation types at the Last
Glacial Maximum using modern analogues from Siberia: Prospects
and limitations

Veronika Janska “, Borja Jiménez-Alfaro ", Milan Chytry °, Jan Divisek * ",
Oleg Anenkhonov ¢, Andrey Korolyuk ', Nikolai Lashchinskyi , Martin Culek *
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(a) Arctic or alpine (b) Betula nana s. |. (c) Arctic or alpine (d) Arctic or alpine tall-forb
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Table 3
Evaluation of distribution models computed for 22 vegetation types in present-day Siberia. The Area Under the Receiver Operating Characteristic Curve (AUC), overfitting and
omission rates were calculated from MaxEnt using cross-validation. Reliability reflects the final expert evaluation of the models.

Vegetation type AUC Overfitting Omission rate Reliability
(a) Arctic or alpine heathland 0.984 + 0.002 0.003 + 0.003 0.040 + 0.089 good

(b) Betula nana s. 1. scrub 0937 + 0.024 0.017 + 0.030 0.143 + 0.143 good

(c) Arctic or alpine deciduous scrub 0.929 + 0063 0.026 + 0.068 0.120 + 0179 good

(d) Arctic or alpine tall-forb vegetation 0912 + 0.031 0.043 + 0.037 0.240 + 0.167 moderate
(e) Marsh 0.808 + 0.084 0.057 + 0117 0367 + 0.182 bad

(f) Ombrotrophic bog 0.893 + 0.057 0.036 + 0.070 0210 + 0.198 moderate
(2) Minerotrophic fen 0.878 + 0033 0.030 + 0.047 0300 + 0.199 moderate
(h) Peatland forest 0.843 + 0038 0.035 + 0.050 0321 + 0.151 moderate
(i) Dark-coniferous boreal forest 0.893 + 0.020 0.025 + 0.026 0.238 + 0.079 good

(j) Pinus sylvestris boreal forest 0.901 + 0.043 0.025 + 0.056 0.180 + 0.192 good

(k) Larix boreal forest 0923 + 0015 0.016 + 0.020 0211 + 0.139 good

(1) Hemiboreal forest 0912 + 0.021 0.018 + 0.027 0.198 + 0.085 good

(m) Temperate light-coniferous forest 0.801 + 0.008 0.051 + 0.015 0.284 + 0.102 moderate
(n) Temperate deciduous forest 0.803 + 0.036 0.075 + 0.047 0428 + 0.092 bad

(o) Wet meadow 0.768 + 0.087 0.091 + 0.108 0.287 + 0.256 bad

(p) Meadow steppe 0.710 x 0059 0.060 + 0.080 0412 + 0121 bad

(q) Typical steppe 0.752 + 0018 0.043 + 0026 0.345 + 0.083 moderate
(r) Shrubby steppe 0.889 + 0.030 0.032 + 0.028 0.300 + 0.143 moderate
(s) Wet saline grassland 0.814 + 0.039 0.028 + 0.054 0.262 + 0.042 good

(t) Dry saline grassland 0.893 + 0025 0.019 + 0.032 0203 + 0.122 good

(u) Annual succulent halophytic vegetation 0.874 + 0022 0.021 + 0.031 0318 + 0.112 good

(v) Perennial succulent halophytic vegetation 0.939 + 0.016 0.005 + 0.021 0135 =+ 0126 good




(a) Arctic or alpine (b) Betula nana s. |. (c) Arctic or alpine (d) Arctic or alpine tall-forb
heathland scrub deciduous vegetation
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