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e In this project we used Empirical Dynamic Modeling (EDM), an

We were able to achieve comparable predictive accuracy to

equations-free machine-learning approach, to study the : ' 4 traditional EDM using fewer timepoints by utilizing spatial
growth of tropical rainforests*® at a sub-plot level. i 0 w I data.

e We tested methods which use different spatial patterns, such 3 ‘ Siope of e Average predictive accuracy for most methods was greater
as elevation, cardinal direction, and growth in adjacent areas, G 00- I| I I }— . F_L'A; for areas with smaller change in elevation than those with
to inform how the data from neighboring regions was used to | | L larger change in elevation. However, categorizing spatial
predict change in aboveground biomass in a central area. 03 ' \ ' neighbors based on their growth performed well on both

e We also included the change in elevation of a region as a ' E slope categories.
variable to test whether the change in elevation itself, or the S e I e The amount of temporal data needed to create the best
relationships it creates, impact the prediction of growth. Diiance Diecions Elosion Gt models differed in areas with small and large changes in

e We then COmpGred these methods to traditional, tempOrGI Figure 1. - Correlation between predictions and test data of different elevation.

EDM' as well as randomly categorized spatial areas. methods of EDM on areas with high change in elevation (>7.97m) and e The variables which best predict change in aboveground
: : areas with low change in elevation (<7.97m) . : :

e We dlso compared how each method performed in areas with Ppre— T biomass depend not only on the method that is used, but

high (>7.97m) and low (<7.97m) changes in elevation. o petnce | ooe psence also the change in elevation of the region the method is
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# = * l W e Apply this methodology to different ecosystems.

e Explore different methods of using spatial patterns to extend ‘ —
an existing machine-learning approach which is based on S +-.*-+

Pearson's Correlation

long-term time data. oz | ! e Develop methods based on other spatial relationships such
e Determine if we can use these spatial patterns in combination cperge WooNe N s S owmen 0 £ & W Me N s s as light availability.
with or instead of time-series data to explore a vital ecological | Rankea Grou G e Apply existing methods for detecting causality using EDM to
system where change happens slowly and long-term data m o= * ' the spatial patterns explored in these models rather than the
are rare. o * - * - - temporal patterns they are traditionally applied to.
Figure 2. - The correlation between predictions and test data in aboveground
biomass in areas with large versus small changes in elevation when using
variables created from different categorization methods. The predictive accuracy
of EDM without using spatial data is represented in each slope category by the solid
lines.
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" Figure 3. - Change in the correlation between predictions and test data of each e Data for this research comes from the Smithsonian Tropical Research Institute site at
method when different amounts of temporal dimensions are combined with the
, , - , , Barro Colorado Island.
! ° ° spatial categories of that method. The predictive accuracy of EDM without using

spatial data is represented in each slope category by the solid lines.
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