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RESULTS:

INTRODUCTION: Data collection and modeling workflow
Species distribution models (SDMs) are widely used to gain Table 2: Summary of best models for each species A B )
eCO|Ogica| UnderStanding and gUide Conservation deCiSionS' Species No. Records Architecture No.epochs Epoch duration (sec) Measure Loss ACC ROC PR Total score 5 g
. . . . can02 740 CNN 6 16.766 ACC 0.911 0.816 0.851 0.841 2.508 £ 8 g ~ L
SDMs have been developed with a wide variety of machine can03 165  CNN 4 26.378 ACC 0411 0952 0957 0946  2.855 3 ] l” | N 1 ,' W r l
. ] . ] ] . can05 138 LSTM 11 49.696 Loss 024 0942  0.956  0.952 2.85 &8 £ M\Md. w’ ‘ |v | F | M
learning algorithms, which have improved considerably with the can07 221 InceptionTime 5 27.562 ROC 0533 0977 0985 0984  2.946 : | [T IMJ f M |
. . . . can08 322 ResNet 5 30.104 ACC 0.65 0.822 0.83 0.813 2.465
standardization of modelling workflows and thorough inter- can09 119 LST™ 6 55.27 ROC 0384 0989 0993 0993 2975 A A
canl0 234 CNN 4 9.433 PR 0.392 0.914 0.933 0.931 2.778
model comparisons of predictive accuracy being performed (e.g., canii 478 CNN 10 20268 vl B
canl2 312 LSTM 21 85.588 Loss 0.026 1 1 1 3 = g g
1 canl5 721 CNN 11 10.963 PR 0.798 0.792 0.847 0.843 2.482
VaIaV| et al" 2022) However’ one property current mOdE|S have canl7 313 LSTM 34 47.102 Loss 0.496  0.811 0.883  0.873 2.567 8 8 -
. . . - . canl8 612 InceptionTime 5 37.622 Loss 0.419 0.919 0.958 0.957 2.834 o | g
in common is the use of predlctors that Strongly Slmpllfy the can19 109 LSTM 30 30.226 Loss 0.034  0.998  0.999  0.999 2.996 £ s " ” |‘ ,‘ “ m “' Iy l » L ”

. L L. L. . can20 380 LSTM 4 53.288 PR 0.354  0.939  0.944 0.925 2.808 5 \l‘ H' | 4“ " \& HJ = | 1 | ” (4”
temporal variability of driving factors. This is despite most i | M ﬁ‘ ﬂ L AL
factors driving species distributions (e.g., climate, land-use) i\ A A
being temporally dynamic. Thus, recent studies ( Capinha et al,

Architecure D CNN - DeepConvLSTM . InceptionTime |:| ResNet

; . A 1001 . C

2021; Smith et al. 2022) have turned to deep learning to process

Initialization: Choose

raw, ordered temporal data to assess environmental patterns

and to effectively predict suitable habitat conditions. Unlike for

conventional methods, no such analysis has been done to

Number of epochs

determine the best working protocols for time series-based deep

o‘ ;’ .. .o.$
. e® o
°

InceptionTime ResNet

s: . ... L ] o
-|— o .‘ [ ] * [ ]
.T. T 751 species
J— Collect and partition training, validation, and testing data
50 1
3 . ° Choose Select different
0 < . . architecture ;
. . 251 . . architecture
L] . d ° ° ® A
n . = ~ - - d ® ° .:. ..’ (X )

¥l Generate and train candidate models

learning SDMs. This study aims to determine a consistent

o
1

Sum scores
o

w
1

workflow for such cases and evaluated models on the following

o ] s . o . Qe LI . s B
[ ] [ ] . .
Choose selection metric

o ® ° ® . ] oo o e o *
. L] ° &
. - ) 100 1 . :
J. J_ ' ) . Select different
o metric
. . o * L, Te PPN Tune best model =
’.: . o, e e -
. . . - s ..:". j? Run 100 epochs or until early stopping is initiated

parameters: average epoch computation time; number of
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performance statistics.
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METHODS:

Species records included 14 bird species from Ontario, Canada,
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compiled by the the National Center for Ecological Analysis and
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Main finding:

This study found no clear relationship between performance metrics, model architecture, or overall performance, suggesting that the best protocol may be
species or study specific. However, AutoML provides an accessible and efficient way to compare a variety of models.




