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Optimizing MaxEnt model in the prediction of species distribution. KONG Wei-yao'*, LI Xin-
hai’, ZOU Hong-fei'" (' College of Wildlife Resource, Northeast Forestry University, Harbin
150040, China; Jilin Provincial Academy of Forestry Science/ Jilin Provincial Key Laboratory of
Wildlife and Biodiversity in Changbai Mountain, Changchun 130033, China; > Institute of Zoology,
Chinese Academy of Sciences, Beijing 100101, China).

Abstract: Maximum Entropy ( MaxEnt) model has been widely used in recent years. However,
MaxEnt is highly inclined to produce misleading results if it is not well optimized. We summarized
the researches about the model optimization for sampling bias correction, model complexity tuning,
presence-absence threshold selection, and model evaluation. Spatial filtering performs best for sam-
pling bias correction, while restricted background method shows the lowest efficacy. Model complexi-
ty is mainly determined by three factors;: The number of environmental variables, model feature
types, and regularization multiplier. Variables filtering is needed when sample size is less than the
number of environment variables. The criterion of variables selection should focus on their ecological
significance rather than the co-linearity between them. The choice of feature types has relatively limi-
ted effects on predictive performance of the model, therefore it is advised to choose simpler models.
To control overfitting, it is necessary to conduct species-specific tuning on regularization multiplier,
which was usually bigger than the default setting. There are three criteria called objectivity, equality
and discriminability for selecting threshold to convert continuous predication (e.g. probability of
presence ) into binary results. Maximizing the sum of sensitivity and specificity is a sound method for
threshold selection. Model evaluation methods could be classified into two main types: Threshold-
independent and threshold-dependent. Among the threshold-independent evaluations, information
criteria may offer significant advantages over AUC and COR. True Skill Statistics is a better index
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for threshold-dependent evaluations, because it takes both omission and commission errors into

account, and is robust to pseudo-absence assumption and species prevalence.

Key words: MaxEnt model ; sampling bias; model complexity; presence-absence threshold ; model.
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Fig.1  Statistics of published literatures of MaxEnt model
research on CNKI (update to Nov. 15" 2018).
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Table 1 Comparison of 13 sampling bias correction methods
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Fig.2 Influence of model complexity on model performance.
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Table 2 Comparison of 9 presence-absence threshold selection methods
el 1o ELH < M M/NEEAR XPSEE OWRATE R SR F 1
Category Threshold selection MRREME AR fRE  B9RRMEME  Objectivity Equality Discriminability
criteria Robust to Robust to Robust to
small abnormal  prevalence
sample value

A 188 1R R 22 T ETINGEAE M e AR R %= % G ESU) = %
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Threshold identified T INGHIR R 10% BTEER = it i BRI V= B
by ommision rate 10 percentile training presence

58 BARGERE R 1 b R Gt eVl 2 B
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[l 52 PGS RAE A 5 piid i SR BEMN b= L]
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I 5E BARGERAE R 10 G i SR BEM & %
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8 EAUEURHURE SRR MR K i i Bk W 2 i
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9 G H R BB R e M = R RR G [ B W = Gt
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Fig.3 Geographically structured and masked geographically structured methods.
A X B S BB ARG 56 ,B.C.D ZH B AR, X AR RS E A B.C.D IR, J5EALAE B.C.D Fhig it They both use present

points in B, C and D regions for model training and present points in A region for testing. The difference is that the former uses background points from all

the 4 regions while the latter only use background points from B, C and D regions. ( Imitated Radosavljevic, et al.[?')).
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Fig.4 Checkerboard grid method.

BIT RS IX R 55 ke FhET AL AE | A6 R AR P
PR (I35 AT SEE KI5 R 1 S 803 Checkerboard grid divides
research area into k bins showing with different colors. The present point
(circle points) and background point in each bin are independent to
other bins (Imitated Muscarella, et al.'*)) .
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Table 3 Comparison of model evaluation methods
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Fig.5 Influence of relative occurrence area on model performance.
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Al A2 B1 B2 B3

Bl AL BL 2 DWIFHSEPRar A SR, A2 (B2 B3 SN oA = , SRR YT A DXL A2 TN S0 A DX H SEBR Al 40% , B2 MK 1029,
B3 it 44% , 1M 3 TN 45 SR Kappa KE5{E A 0.6 Al and B1 represent the real distribution of two species with black color, and A2, B2, and B3
show the predicted distributions. A2 yields 40% commission error, B2 shows 102% commission error and B3 results 44% omission error. The Kappa score

of A2, B2 and B3 are all 0.6 (Quoted from Jiménez-Valverde, et al.l3y.
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Appendix Open resources for MaxEnt model optimization

P AHZ YR A A% Sy B R A R R AR B A 2
A B AACAE I P 1 2490, BT AL I A —RE 2%
PR T AR Sy

B R, FAR MaxEnt AR 7EH 5 68 F1 )y
RIS, B TRw A RN TR E T
A AT R S RGeS BT E AN R S ) o
(RS AS T, B A AR S — AN TEH AR S L
TG M 3 R U 5 1A 2 A L AR ] BE A 3R
S e LR VPAL T T R IANE Y th TR
A BB G TE 1) B A S ) 0 A A S, TN 45 2R 5 4
PSSR A, AR | SRR R R A BT
DIFEAFIR 2R 2 ] 0 56 F (EAIF S 2D R T

Rpr FEHIhE T # Al
Software Main function Resource acquisition
dismo iZ4T MaxEnt #%Y I 4 AUC.COR i E ESS MSS | maxKappa , ¥ 8 U R A https:// cran.r-project.org

T
ENMeval X ARSI SR AR A 43 21 10 55 0 ik 4y AL, I SR I B b BR 45 40 43 X 238 XL hittps :// cran.r-project.org

E 5 2R FHAS [ R B SR 42 R B & AR, I 113 AIC AUC 3t iR 22 %
ENMTools & AIC \BIC A A7 AELE http ://purl.ocle. org/ enmtools/
PresenceAbsence T AUC https:// cran.r-project.org
pROC P Hh IR B 5 TR BB e S 1TSS https ;:// cran.r-project.org
psych Kappa K56 https:// cran.r-project.org
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