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BACKGROUND

* Tree species and their populations are adapted to specific combinations of
climate, soil, and biotic factors, but warming temperatures may result in

maladaptation.?

 To address these mismatch, foresters assist with reforestation by moving
planting stock north and up in elevation to compensate for climate change,
but static soil conditions need to be considered. 23

 Historically, managers rely on seed zones or ecosystem delineations
(ecozones) to guide seedlot selection. 4> These ecozones often represent soil &
patterns or underlying geology and therefore have the potential to serve as \ \
proxies for soil filters within the sequential selection. 7 '

 This study aims to develop a two-stage approach to guide assisted
migration: first, identifying areas that are climatically suitable, then

refining these recommendations based on soil conditions.
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1. WITHIN/BETWEEN ECOZONE VARIANCE
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SEQUENTIAL MODELLING FRAMEWORK
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MAJOR FINDINGS

framework that integrates climate

matching with ecozone-level soil

predictor filtering.

Fig.1. Map of major Alberta ECOZONE AVERAGES ACCURATELY REPRESENT RAW SOIL DATA
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SOIL PROPERTIES VARY MORE BETWEEN ECOZONES THAN WITHIN
THEM

Table 3. Percentage of total variance in each soil variable explained by ecozone classification, based on
one-way ANOVA results. Soil properties that exhibit percentages above 85% are starred.
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Soil Variable Variation Between Ecozones (%)
Bulk Density (cg/cm?) 02.6*
pH (pHx1 O)' 92_1 - (50i|§zar53";‘ Fragment Volume ?oila(;(c)jars;? Fragment Volume . ;.;‘
Cation Exchange Capacity (CEC, mmol/kg)* 0.4~ . ———
Nitrogen (kg/kg)* 89.6* i g
1 78 - 107 [ 78 - 107
Organic Carbon Density (OCD, hg/dm?)* 88.9* [ 107 - 128 [ 107 - 128
[ 128 - 148 [] 128 - 148
CEC (Deep, mmol/kg)* 88.5* g 8- E‘ A
SOC (Deep, da/kg)* 86.1* — P | =i
Coarse Fragment Volume (CFV, cm¥dm? vol %) 80.2 & Rret M | ,
e T G LSRR L g . A, v
Clay (g/kg) 78.3 o Nl SRR i"* AN G S
Silt (g/kg) 77 Fig. 2. Map of North America, depicting raw coarse fragment volume (CFV) data  Fig. 3. Major Ecozones of North America, depicting average coarse fragment
within the 15-30cm layer. volume (CFV) across all depth layers
Sand (g/kg) 76.9
Nitrogen (Deep, kg/kg)* 90.1*
OCD (Deep, hg/dm?) 89.0* 0.5 12
Soil Organic Carbon (SOC, dg/kg) 85::/*
* Indicates values for which >85% of the variance was explained by ecozones. 0.4
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0.3 I.-.Ii-'-’l
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« Different species have different ecological niches, range sizes, etc. No single
combination of predictors universally optimizes performance across taxa. 0.0 °
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Imate Imate + [opo Imate + Solls + 1opo Imate + [opo + Fro

DNN, the more effective Random forest model shows no significance. Predictor Set

Climate + Soils Climate + ProbLC Climate + Soils + ProbLC

Fig. 3. R2 and mean absolute error for a deep neural network model, of the twelve study species. comprised of different predictor combinations. Model trained on
Aggregated forest plot data.
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NEXT STEPS
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Model performance demonstrated variability across predictor sets and
specles, Indicating substantial opportunity for refinement. The DNN
framework 1s inherently sensitive, and must be fine-tuned. Future efforts
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will be directed toward increasing spatial resolution and improving the

R
Mean Absolute Error

integration of fine-scale environmental predictors to better capture

0.2

localized ecological processes. The refined modelling framework will
ultimately be incorporated into the DIVERSE seed selection tool, enabling
evidence-based decision-making for climate-informed reforestation and
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assisted migration across North America. © © o e
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Fig. 4. R2 and mean absolute error for a random forest model, of the twelve study species. comprised of different predictor combinations. Model trained on
Aggregated forest plot data.
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