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Abstract

1. Climate change has driven extensive reorganisation of plant communities as species
adjust their ranges in response to changing conditions. Existing studies focus on
the role of temperature, documenting shifts in range margins, but neglect changes
in abundance within the range. This results in unexplained patterns complicated
by overlooked, interacting biotic and abiotic drivers, such as soil properties and
herbivores, limiting our ability to predict forest response and vulnerability to climate
change.

2. Here, we develop the Abundance Trend Indicator (ATI), a machine learning approach
that learns the conditions under which changes in species' abundance have occurred
and, thus, the extent and location of the mismatch of a species' current range to its
total realised habitat. The resulting abundance shift maps identify abundance shift
directions, vulnerable species and their drivers. We validate the algorithm on New
Zealand's forest inventory data (2821 sites, 77 woody species, collectively account-
ing for 75% of forest canopy nationally) and 37 predictor variables, which include
climatic, topographic, edaphic and biological factors.

3. ATI confirms globally observed trends of upward and poleward abundance shifts,
but reveals drivers such as soil pH, grazing and climate stability for species shift-
ing in opposite directions. Moreover, our findings suggest that vulnerability is
primarily explained by a plant's ability to tolerate or avoid stress resulting from
climatic fluctuations and limited migration capacity.

4. Synthesis. Using existing forestinventory data, ATI models within-range abundance
shifts, rather than changes in range margins, resulting in earlier detection of
environmental drivers and geographical directions of plant migration. This enables

the early identification of vulnerable species.
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1 | INTRODUCTION

Human activities drive climate change, biodiversity redistribution
and species introductions that are reshaping Earth's ecosystems
at an unprecedented rate and creating novel climates (Williams
et al., 2007) and communities (Gougherty et al., 2024). Species
react to these environmental changes by expanding or contracting
their geographical range, tracking more favourable conditions or
persisting in place due to phenotypic plasticity, genetic adaptation
(Diamond, 2018) or phenological shifts (Jakoby et al., 2019). Failure
to adapt or migrate leads to various degrees of vulnerability or
extinction (Lenoir & Svenning, 2015). Identifying the behaviour of
species in relation to their biotic and abiotic environment, therefore,
is key to conserving biodiversity.

The most well-documented trend of species range shifts (~50%-
80%) in response to recent climate change is a poleward and up-
ward movement towards cooler temperatures (Lawlor et al., 2024;
Rubenstein et al., 2023). Fewer than 20% of studies consider range-
shift drivers beyond temperature (Taheri et al., 2021). Temperature,
however, might not be a direct driver of range shifts. For example,
the water balance of individual trees is influenced by factors such as
topography, soil and interspecific interactions (Stephenson, 1998),
making range shifts inherently local (Rapacciuolo et al., 2014).
Consequently, many species may be responding not to temperature
itself, but to other changing environmental factors, such as precipita-
tion (Crimmins et al., 2011; Fei et al., 2017), biotic interactions (Lenoir
etal., 2010; Louthan et al., 2015) or land-use change (Guo et al., 2018).
Accurate range shift analyses, therefore, need to consider multiple
drivers as well as their interactions (Lawlor et al., 2024).

In long-lived plant species, range shifts often lag behind within-
range abundance shifts (Breshears et al., 2008), sometimes by
centuries (Beckage et al., 2008), thereby masking the responses to
climate change. Previous studies, however, have mainly documented
range shifts at species' margins (Lenoir & Svenning, 2015) as they
only require presence-absence data. This neglects that a plant
species' demographic performance varies across its geographical
range, in response to local abiotic gradients (Doak & Morris, 2010;
Lynn et al., 2021; Villellas et al., 2015). Abundance shift observa-
tions across the species' entire range should therefore be preferred
to range shift observations to assess climate change responses and
identify vulnerable species.

Plant abundance and occurrence data are available from National
Forest Inventories (NFls), which monitor forest composition over time
(Tomppo et al., 2009). However, these inventories often lack uniform
methods for collecting, storing and processing this data, especially for
older observations (Chirici et al., 2012). New analytical approaches can
unify conflicting protocols and handle missing data. For instance, seed-
lings and adults are usually surveyed using different methods (Wiser
et al., 2001), but comparing their distributions can be used for range-
shift assessments (Lenoir et al., 2009; Woodall et al., 2009). In another
instance, to account for heterogeneous survey methodologies, multiple
locations were combined into an artificial plot and abundances com-
pared to reveal shifts and drivers of change (Fei et al., 2017). Analytical

methods, therefore, will leverage larger datasets and yield more widely
applicable insights if they are able to operate on protocol-independent
representations of NFI data rather than relying on inventory-specific
survey designs.

The most common methods used to assess range shifts are spe-
cies distribution models (SDMs, Guisan & Thuiller, 2005), which model
the abiotic conditions of a species' presence and extrapolate it into
the future (Foden et al., 2019). Since SDMs typically output habitat
suitability, they fail to reliably predict abundances needed for effec-
tive conservation (Johnston et al., 2015), with only 42% of studies
finding consistent positive correlations with independent abundance
estimates (Lee-Yaw et al., 2022). Abundance can also be predicted by
demographic rates (Ehrlén & Morris, 2015) through process-based
models (Connolly et al., 2017), but estimating them requires data of
high spatiotemporal resolution (Dormann et al., 2012) and, for long-
lived trees, in particular, at different life stages (i.e. stage-dependent
population models Caswell, 2006). Despite growing data availability
(e.g. COMPADRE database, Salguero-Gémez et al., 2015) data on vital
rates remain scarce. For instance, COMPADRE contains only three na-
tive vascular plant species from New Zealand. More data and better
methods are therefore needed to overcome these challenges and bet-
ter predict the impact of climate change on species range and abun-
dance shifts (Lenoir & Svenning, 2015).

Here, we present a conceptually distinct machine learning ap-
proach, the ‘Abundance Trend Indicator (ATI), which estimates
the degree to which a specific climate is conducive to an increase
in species abundance. The resulting ATl maps allow for estimation
of geographical abundance gradients and numerous environmental
drivers of these abundance changes. Moreover, vulnerability can be
assessed if the abundance trend of a species is predominantly neg-
ative. We validate and exemplify the approach using New Zealand's
forest inventory dataset comprised of 2821 sites surveyed from
1969 to 2019 with individual counts of 77 woody species and 37
spatio-temporal, abiotic and biotic variables. We aimed to quantify
the contribution of drivers other than temperature to abundance
shifts, distinguish individual species responses from mean trends
and assess species vulnerability arising from species-specific envi-
ronmental limits and stressors. Detailed species-level results and
ATl maps are available on an interactive website: https://ati-nz-predi
ctions-7e6f3d514735.herokuapp.com/.

2 | MATERIALS AND METHODS

The Abundance Trend Indicator (ATI) is a machine learning model
that uses environmental (i.e. biotic and abiotic) predictor variables
x; to predict how conducive a location i is to a species abundance
increase (Figure 1). Itis trained on resurveyed plots where the binary
target labels y; € {0, 1} corresponded to an increase or decrease of
individual adult tree counts (steps 1 and 2 in Figure 1). Formulating
y as a binary variable allows us to clean the training data using a
well-established framework (Brodley & Friedl, 1999) (step 3) and
to achieve higher accuracy in predicting y from x (step 4). The
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FIGURE 1 Overview of the Abundance Trend Indicator (ATI) algorithm. The final ATl map (step 7) is the combination of the predictions of
a (binary) classification model trained on tree count data and environmental variables (left path, steps 1-5) masked by areas similar in climate
and topography to the training data (right path, step 6). ATl maps reveal environmental and geographical gradients of abundance shifts and
species vulnerability (steps 8-9). Additionally, models can be analysed directly (step 10) to infer the importance of environmental covariates.
A dashed line between steps 4 and 10 indicates that the models from step 4 are used for inference in step 10.
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model, then, made binary yearly predictions over the species' entire
range ati,,: RNXP _, 10,1}V, which were averaged over the years
1969-2019 (step 5). This step transformed binary into continuous
predictions, indicating how conducive the environment in each grid
cell was to abundance increases over the 50-year period. To avoid
extrapolation, we limited predictions to the range of environmental
conditions where the species has been previously observed (step 6).
The final ATl map (step 7) thus consisted of the ATI predictions (step
5) masked with the similarity mask (step 6) and was used to reveal
directions of increasing abundance (abundance gradients, along
geographical or environmental variables) and assess how favourable
a species' realised niche is to increased abundance (i.e. vulnerability,
steps 8 and 9).

21 |
(step 1)

Occurrence dataset and training labels

New Zealand, as a study area, is well-suited for studying climate-
driven abundance shifts because its forests span a wide range of
latitudinal, elevational and temperature gradients (see Figure 3) with
intact forests largely managed for conservation (Ewers et al., 2006;
Heino et al., 2015). The Southern Alps, spanning almost the entire
length of the South Island, encompass alpine flora, cool-temperate
forests and lowland shrublands, whereas in the north, the vegetation
transitions from montane to subtropical. Long geographical isolation
results in a very high level of endemism (82% of plant species, Murray
& de Lange, 2011), many with limited dispersal capacity and distinct
ecological strategies, which makes within-range demographic
responses particularly informative (Pagel et al., 2020). In addition,
introduced herbivores (e.g. red deer Forsyth et al., 2010) impose
spatially heterogeneous top-down pressure on forest vegetation,
providing an opportunity to assess how biotic regulation interacts
with climatic gradients to shape climate change responses (Jia
etal.,, 2018).

A training label is a binary number that refers to an outcome a
model aims to predict, given a set of predictor variables (e.g. an in-
crease or decrease in abundance under certain environmental con-
ditions). To obtain training labels for our model, we used a subset of
2821 plots in New Zealand's nationwide forest inventory data (NVS,
Wiser et al., 2001) containing 311 woody species with at least two
surveys in the years 1969-2019, not more than 30years and not less
than 2years apart (9388 observations total). Importantly, this data-
set contains a series of permanent plots covering all forested areas
at regular spatial intervals, minimising spatial bias (visible as a grid
pattern in Figure S6). Moreover, the protocol ensures a consistent
measurement of vegetation. Each plot measured 20x20m. If a plot
was measured more than twice, each consecutive pair was treated
independently. Each survey consisted of counts of mature individu-
als of shrubs, trees, tree ferns and vines, and their diameter at breast
height (DBH). Individuals under 120cm in height were not counted.
Plots closer together than the resolution of our topographic data
(100m) were treated as one combined plot.

We used two methods to extract training labels, resulting in two

datasets:

1. Abundance Only: Based on whether the number of individuals
increased or decreased, a 1 or O was assigned. Instances with
an equal number of individuals were discarded.

2. Abundance and DBH: Expands the Abundance Only datasets by
adding plots with an unchanged number of individuals, where a
1 was assigned if the sum of DBH of all individuals increased. In
74.9% of cases, equal individuals resulted in a DBH increase (i.e.
individuals aged and grew). In 25.1% younger individuals replaced
older individuals, and total DBH decreased.

The datasets yielded 65 species covering 69.37% and 86 species
covering 75.59% of forest canopy cover, respectively (Figure S1).
The Abundance Only dataset records a ‘1’ only when individual
counts rise due to recruitment, survival or reduced mortality. The
Abundance and DBH dataset broadens the criteria for a positive
abundance trend by including an increase in biomass (i.e. an increase
in total DBH, but not individuals).

We used another subset of NVS plots measured using the RECCE
methodology (Hurst, 2022; 18,664 observations in 15,095 plots)
to estimate species cover, as they contained categorical cover es-
timates for every height tier category (1 through 6, for individuals
>25m down to <60cm) and can be collapsed into a single cover es-
timate (Fischer, 2015). The sum of these estimates was normalised
to 1, yielding relative canopy cover values for each species. Given
that abundance changes are approximately Gaussian distributed
(Figure S9) and following (Pearson et al., 2007; Wisz et al., 2008),
we excluded species with fewer than 100 total or fewer than 20
observations in either class to avoid a strong class imbalance and
an over-dependency of scores on the random choice of training and
test data.

2.2 | Predictor variables and training data (step 2)

We derived predictor variables from geospatial data. Variables
that change over time (e.g. climate) need to be provided for each
year, as otherwise ATI predictions would be identical every year
and result in a binary output (see grey box between steps 4 and
5 in Figure 1). We constructed 19 BioClim variables (O'Donnel &
Ignizio, 2012) obtained from monthly rainfall, minimum and maxi-
mum temperatures at 1km resolution from the HOTRUNZ dataset
(Etherington et al., 2022). We then decomposed the time-dependent
BioClim variables v(t)into a linear trend and a stochastic component:
v(t) =m, - t + n retaining only the former for training. This reduces
the effect of annual climate fluctuations on species abundances in
favour of slow decadal climate changes. Short-term fluctuations,
however, are captured in dedicated BioClim variables, such as tem-
perature seasonality. Additionally, we extracted 15 static topo-
graphic and edaphic variables (e.g. elevation) from the NZEnvDS
dataset (McCarthy et al., 2021). Since New Zealand's vegetation
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is subject to strong impacts from grazing by introduced mammals
(Wyse et al., 2018; Zotov, 1938), we included layers for rat, possum
and red deer distributions (Department of Conservation, 2015a,
2015b, 2015c¢).

We reduced the ‘Full'’ 37-variable dataset to an ‘Explain’
14-variable dataset using hierarchical clustering (see Section S1.2,
Figure S2 and Table S1) to improve the interpretation of climatic
drivers by removing highly correlated variables. Limiting collinear-
ity additionally improves the fidelity of feature importance scores
(Section 2.10; Molnar, 2022). PCA was considered but discarded due
to poorer model performance and interpretability (Figure S3). For
applications where variable interpretation is secondary to model
performance (e.g. spatial forecasting of locations of high canopy
turnover), the ‘Full’ dataset can be used, as it yields a slightly better
model fit (Figure S12). However, since our focus was on obtaining
ecologically interpretable results, we used the ‘Explain’ dataset for
this study. The interactive website contains results for both datasets
(https://ati-nz-predictions-7e6f3d514735.herokuapp.com/).

Because the model is trained to predict changes in abundance, it
may be susceptible to regression to the mean (RTM), where extreme
initial values can create spurious correlations with environmen-
tal predictors (see Section S1.7 for details). A common mitigation
strategy is to include the initial abundance as a covariate (Mazalla &
Diekmann, 2022). However, in our case, an initial abundance of zero
would always produce a binary ‘increase’ label, thus revealing the la-
bels in the training data and artificially inflating model performance.
We therefore included mean abundance instead. Since abundance
is only known for the training data, this adjustment can only be ap-
plied for inference (only Section 2.8 and Figure 5), not for prediction.
Overall, ATl's binarisation reduced RTM effects to a negligible level
(R?*~0.01; Figure S8 and Section 51.7).

2.3 | Data cleaning (step 3)
Our dataset contained data entry and collection errors (see
Section S2), leading to erroneous target labels (i.e. labelling noise).
Such issues are common in multi-decadal national forest inventories,
where observer changes, taxonomic revisions and disturbances
introduce inconsistencies (Thompson etal.,2007). In our data, at least
2.7% of plots had unnaturally high species turnover, and 3.68% of
congeneric species were misidentified. Labelling noise can also arise
from the stochasticity of rare or hard-to-detect species, resulting in
reported error rates of 5.9% to 21% (Scott & Hallam, 2003; Verheyen
et al., 2018). To reduce labelling noise, we modified an established
editing procedure (Frénay & Verleysen, 2014) to allow the exclusion
of a flexible number of potentially erroneous observations. We
found an effective cut-off rate of 10% and 15% for the Abundance
Only and Abundance and DBH datasets, respectively (Figure S12C).
Beyond these thresholds, the cleaning process rendered some
species data-deficient, thereby reducing the dataset.

Our algorithm assigned each data point (i.e. plot pair) a contin-
uous noise score ¢; € [0, 1] based on its environmental predictors x;
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and binary label y;, relative to the K most similar neighbouring plots
and their labels. Similarity was defined as the sum of differences of
all environmental variables. High noise scores indicated plots whose
labels contradicted those of environmentally similar neighbours
(Figure S4). Ranking observations by noise scores allowed for the
flexible removal of the noisiest fraction of the dataset. Section S1.3

provides a detailed description of the data cleaning steps.

2.4 | Model training (step 4)

We used a random forest (RF) classifier implemented in the SciKit
Python package (Pedregosa et al., 2011), due to its excellent
predictive performance (Breiman, 2001). Random forests classify
data by aggregating predictions from many decision trees built during
training. Three alternative models: logistic regression, support vector
machines and artificial neural networks showed poorer performance
(Figure S12) and were not pursued further (see Section 51.4). We
identified optimal hyperparameters using an exhaustive grid search
across all possible parameter combinations (Table S2). Model training
employed fourfold cross-validation, and predictive performance
was evaluated using the mean Area Under the Receiver Operating
Characteristic Curve (ROC AUC) (Fawcett, 2006). In ecological
applications, ROC AUC values below 0.7 are generally considered
poor (Araujo et al., 2005). We therefore rejected classifiers scoring
below this threshold. Final model performance was calculated as the
average ROC AUC score of the four test folds (see Table S5).

2.5 | Unmasked ATl maps (step 5)

The trained models make discrete predictions for each grid cell i
and year ati,: RNXP _, {0, 1}N. Taking the average over all years
Y ={yr| 1969 <t <2019} yields a single continuous number be-
tween O and 1 ATl = ﬁ Y, rati, for each grid cell i. This eliminates
species-specific differences in the number or spacing of training data
points. The predictions can be mapped. Locations with ATl <0.5 indi-
cate that environmental conditions averaged over the years Y led to
a decrease in abundance, whereas locations with ATl >0.5 indicate
that conditions led to an increase in abundance. Importantly, the un-
masked map contains areas far outside the training range (i.e. a spe-
cies' realised niche), possibly leading to erroneous model behaviour
(Bartley et al., 2019). We therefore discarded predictions outside the

species range (see next section).

2.6 | Similarity maps (step 6)

Following (Owens et al., 2013), we identified and excluded grid cells
whose environmental conditions fell outside those represented in
the observed species records, thereby avoiding extrapolation into
novel environmental space. The resulting binary similarity masks

delineated each species' realised range, allowing a small, flexible
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margin around the observed conditions (Figure Sé). First, to as-
sess how similar environmental conditions at a location x; were to
those at the observed locations, we calculated the average distance
in terms of environmental similarity to the K = 3 nearest observed
locations NN(xi) for each year individually and then averaged over
all years, yielding D; = m;K v Zxenngx)lIX—Xill- The resultis a
distance map (Figure S6A) that assigns an environmental distance
value to each grid cell i. Next, we defined a threshold S per species
and excluded points where D; > S. This yielded the binary similarity
mask (Figure S6C). We defined S = yS’ with y = 1.2 (Figure S6C yel-
low area) where §' is the threshold containing 95% of a species oc-
currences (Figure S6B) and corresponds to the range of the species
without strong outliers (Figure S6C orange area). However, since
we are interested in predicting range shifts beyond the observed
range, we set y > 1 to include the periphery of the species range

(Figure S6C, yellow area added due toy > 1).

2.7 | Final ATI map (step 7)

The final ATl map (Figure 1, Step 7) comprises modelled predictions
with environmentally dissimilar areas removed using the similarity
mask (see previous two sections). This map indicates how frequently
climatic conditions over the past 50years have facilitated increases
in abundance within and immediately surrounding a species' realised
niche. The spatial mean of the ATl map provides an overall indicator
of the species' climatic vulnerability, while its spatial gradients indi-
cate the direction of abundance shifts. Interpretation depends on
the training dataset used (see Section 2.1). We use the Abundance
Only dataset to infer abundance gradients, as it provides a stronger
signal of demographic expansion. For climate vulnerability assess-
ments, we used the larger Abundance and DBH dataset. The differ-
ence between the datasets is that ATl >0.5 in the former suggests
increasing population size, whereas in the latter, it reflects either
population expansion or biomass growth (i.e. increased DBH with-
out an increase in the number of individuals).

2.8 | Abundance gradients (step 8)
Abundance shifts are defined as transitions from areas of predicted
decline to areas of predicted increase. These directions can be ana-
lysed along geographic gradients to determine where species are
moving (e.g. to lower latitudes) or along environmental gradients
to identify the climatic or biotic drivers of the abundance shift (e.g.
towards lower temperatures, niche shifts). To quantify these direc-
tions, we first segment the grid cells in the ATl map into two subsets:
ATI* = {i| ATl; > 0.5} and ATI™ = {i| ATl; < 0.5} which correspond
to spatially explicit areas of projected demographic gain or loss,
respectively.

Next, for a variable of interest v, we calculate its average

value within each subset, weighed by the predicted ATI values:

u(v)yt = ﬁzieﬂpati(i)-v(i) and analogously for u~(v). These
weighted means reflect the average conditions associated with pre-
dicted increases or decreases in abundance, respectively. Therefore,
we can interpret the difference Av= u*(v) — u~(v) as an abun-
dance gradient along the variable v. For example, if v is elevation
and 4u(v) > 0, the abundance gradient points towards a higher el-
evation, indicating an uphill migration. If v is precipitation, the spe-
cies expands into wetter climates (e.g. to escape an arid climate).
Importantly, abundance gradients are not range shifts, which are
defined geographically. Rather, they describe the environmental or
spatial direction within and around the realised niche towards which
the abundance is predicted to increase. To synthesise patterns

across variables, we used principal component analysis.

2.9 | Climate vulnerability assessment (step 9)

To assess species' vulnerability to climate-related extinction (hereaf-
ter: ‘vulnerability’), we computed the mean ATI across all predicted
grid cells using the Abundance and DBH dataset. A median value <0.5
indicates that predicted decreases outweigh increases within the spe-
cies' realised range. To estimate overall forest condition, we computed
a canopy-weighted average ATl across species, using relative cover as
weights. This provides an integrated indicator of forest demographic
health. ATl value distributions will have heavy tails at the lower end,
as the similarity mask allows for a slight extrapolation (factor y = 1.2
in Section 2.6) outside of a species' realised niche (Figure S6), which
would naturally have very low ATl values. When assessing vulnerabil-
ity, a slightly smaller quantile (e.g. 25%-75% in Figure 2), therefore,
better approximates the ATI values within the species' currently oc-
cupied range. To interpret the drivers of vulnerability, we combined
feature-importance scores (Section 2.10), which quantify the relative
contribution of each predictor, with abundance gradient analyses
(Section 2.8), which indicate the direction of demographic change
along environmental axes.

2.10 | Feature importance (step 10)

Random forest models produce a positive feature importance value
for each variable during training. These values sum to one and indicate
the relative contribution of each variable to make correct predictions
(Breiman, 2001). We used SciKit's Python package to extract these
values for our models. For the feature importance analysis, we added
the species abundance as an additional variable, as this eliminates
the regression to the mean (RTM) effect, which confounds inference
(Mazalla & Diekmann, 2022) (See Section S1.7 for details).

As environmental conditions relevant to a species' growth are
expected to correlate well with the abundance trend, we computed
correlations ry(v) € [— 1, 1] between ATI values and predictor vari-
ables v for every species s as an alternative importance metric. To

highlight only the correlation's strength (and not the direction),
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FIGURE 2 Vulnerability assessment through analysis of ATI distributions. (a): Bars indicate 25%-75% percentiles of ATl values across
individual species' realised niches. Yellow lines indicate the ratio of grid cells with ATl >0.5 to total cells. The magenta line is the cover
weighted mean for all species. Nineteen vulnerable species (light blue bars) have an ATl median below 0.5. (b): Feature importances and
abundance gradients for the 19 vulnerable species. The size of markers indicates the importance of the feature for the species' model.
Colours indicate abundance increases (red)/decreases (blue) towards larger values of this variable. The right column gives the average

importance of each variable for all species.

we use the absolute value of the correlation | r, |. To assess the im-

portance of a variable in general, we average it across all species

1TV | =2 %, 1rW) |

2.11 | Synthetic species

To illustrate our method's applicability and correctness, we generated
three synthetic species shifting their abundance exclusively up a pre-
cipitation, elevation or latitude gradient. We compared AUC scores
of the synthetic predictions to those of natural species, presumably
driven by multiple environmental drivers and their interactions.

Two Gaussian distributions (for the year 1990 and 2019) de-
scribed the synthetic species' abundance distribution along each
variable. The mean of these distributions was artificially offset to
mirror globally observed speeds of range shift for latitude and ele-
vation of 11.8km/decade and 9 m/decade (Rubenstein et al., 2023).

We used real-world climate data for this experiment. A detailed de-

scription is provided in Section S3.4.

3 | RESULTS

3.1 | Assessing species' climate vulnerability

We identified 19 vulnerable species for which, on average across
their ranges, observed environmental change has led to declines
in their abundance over the study period (i.e. median ATl <0.5,
Figure 2a). These species had a collective canopy cover of 20.51%.
Across all 86 species, however, the ATl median was 0.66, indicat-
ing that collectively, recent environmental change contributes to
increases in New Zealand's species richness locally. The climati-
cally vulnerable species were predominantly predicted to shift their
abundance towards higher elevation and precipitation and towards
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FIGURE 3 Each subplot corresponds to abundance gradients along one environmental variable (e.g. Elevation, top right) and shows the
average conditions correlated with increasing (red vertical line) and decreasing (blue vertical line) abundance trend prediction across all
species. The shades represent +1 the standard deviation among all 62 species. An arrow depicts the direction of the gradient along this
variable (e.g. points rightwards, towards higher elevation). Dashed arrow outlines signify statistically non-significant changes. The black line
indicates each variable's nationwide (New Zealand) distribution to provide context for the frequency of the habitat.

lower temperature and precipitation fluctuations (Figure 2b). The
most important directions of abundance changes occurred along
latitude and temperature ranges. For four species, however, abun-
dance shifts occurred along a precipitation seasonality gradient, an

otherwise less important variable.

3.2 | Abundance shifts polewards and upwards
towards steeper, wetter, cooler areas with lower
isothermality

We identified abundance gradients for 62 species in the
Abundance Only dataset (Figure 3). In addition to abundance
gradients along elevation, temperature and precipitation, we
found statistically significant abundance shifts (see Table S6 for
test statistics) in the direction of areas with lower isothermality,
more acidic soils and steeper slopes. Since the annual tempera-
ture range (a component of isothermality) showed no significant
shifts, isothermality gradients might be explained by lower diurnal
ranges. Precipitation seasonality, wind exposure and the distance
to the nearest river were not associated with significant shifts in

abundance. While species preferred the absence of red deer, the

difference was non-significant across all species. Aspect showed
no significant gradients along eastness but a small, significant
shift along northness, corresponding to a rotation of ~5° closer to

cooler, south-facing slopes.

3.3 | Species respond individually to climate
change and are far from the mean

For the six variables with the strongest abundance gradients, we
additionally assessed the distribution of individual responses and
compared them to the mean response (Figure 4a-c). Across all six
variables except precipitation seasonality, approximately two thirds
of species shifted in the average direction. For example, 63.8% of
species shifted their abundance towards the average direction of
wetter habitats, and 65.5% towards cooler habitats (i.e. towards the
lower left of Figure 4a). The remaining ~35% shifted into drier and
warmer habitats. Likewise, 69.9% and 67.9% of species increased
abundance polewards or towards higher elevations, respectively (i.e.
towards the bottom and right of Figure 4b). The mean and standard
deviation of responses across all species (red cross and ellipse,

Figure 4a-c) only poorly captured the accurate distribution of
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(d) PCA biplot of abundance gradients along all 14 environmental variables, concentric circles for length comparison of unit vectors.

individual shifts (background heatmap), indicating species-specific
rather than collective responses.

A principal component analysis of all abundance gradients re-
sulted in a dominant axis (PC1, explaining 51.06% of variation,
Figure 4d). Negative values on PC1 described abundance gradients
aimed polewards, towards higher elevations and cooler climates,
but also to harsher conditions (i.e. steeper, wind-exposed slopes
and acidic soils). Positive values on PC1 reflected abundance gra-
dients towards locations of stronger annual precipitation seasonal-
ity in precipitation and isothermality, and high grazing pressure and
temperatures. Greater isothermality along PC1 is likely the result
of increased diurnal ranges, as the annual temperature range is or-
thogonal to PC1. PC2 explained only a negligible 15.79% and was
dominated by the temperature annual range and the distance to the
nearest river (Figure 5b).

3.4 | Elevation and temperature insufficiently
explain abundance shifts

To understand which variables drive abundance increases, we as-
sessed ATI correlations and feature importance scores (Figure 5).
While changes in species' abundance correlated most strongly with
annual mean temperature (7| = 0.40), elevation (7| =0.34) and
latitude (7| =0.32), almost all remaining climate and soil variables
were comparably highly correlated (0.31 to 0.1). In contrast, the three
synthetic species (Section 2.11 and $3.4) correlated with their main
abundance driver elevation (r = 0.75), annual precipitation (r = 0.63)
and latitude (r = 0.81) substantially better than any real-world species
(green diamonds, Figure 5a). Feature importance (Figure 5b), attrib-
uted comparably large importance to latitude, temperature, precipita-
tion and their fluctuations. However, individual species' responses are
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FIGURE 5 Variable importance. (a) Average Pearson's correlation of ATl and environmental variables within species' ranges (red). The
average absolute values are displayed in blue text above. Correlation for synthetic species with their main drivers given as green diamonds.
(b) Feature importance scores from the random forest model. Higher scores indicate a stronger reliance of the model on the variable to

predict ATI. Several outlier species are highlighted.

concealed when the values are averaged. Striking examples of plant
species whose abundance shifts occur strongly along a single vari-
able are found among the outliers (highlights in Figure 5b). Notably,
Lophozonia menziesii, possibly the most abundant tree in New Zealand,
was strongly driven by annual temperature.

4 | DISCUSSION

We present the ATI, a new method to identify and map areas of
change in species abundance, which draws on historical tree count
data common to many biological inventories (i.e. forestry inventories).
We used ATIl maps to reveal 19 vulnerable species in New Zealand and
their environmental pressures. Abundance gradients, derived from
ATI maps, showed that species abundance of New Zealand's woody
species largely matched global trends with temperature, precipita-
tion, isothermality and pH as primary drivers, resulting in abundance

shifts polewards and upslope to higher elevations (Lawlor et al., 2024;
Rubenstein et al., 2023), thus validating our method. However, ATI
also revealed that these mean trends poorly matched individual re-
sponses, especially for specialist species, driven by less commonly sig-
nificant variables such as grazing pressure. ATl is available as a Python
package, and detailed maps for this dataset are accessible on https://
ati-nz-predictions-7e6f3d514735.herokuapp.com/.

4.1 | Method interpretation

ATl identifies areas of repeated positive net change in adult abun-
dance, thereby approximating a species' demographic niche when
immigration is negligible. While it explicitly models the abiotic
filter, biotic interactions are implicitly captured in the data (e.g.
under given conditions, a species can decline due to either abiotic
or biotic filtering), thereby linking it to the fundamental niche. The
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fundamental niche is defined as the species' growth rate under
optimal conditions and no competition ry > O (Birch, 1953; Ehrlén
& Morris, 2015). Although ATI does not estimate r,, directly and
includes biotic effects, an increase in adult abundance (i.e. ATI
>0) is a necessary (albeit not sufficient) empirical condition for
positive population growth (i.e. > 1). ATl can therefore be consid-
ered a pragmatic proxy for identifying environments with ry>0
at landscape scales, since directly measuring ry is challenging, es-
pecially for long-lived trees. For instance, the COMPADRE data-
base (Salguero-Gdémez et al., 2015), which compiles demographic
models globally, contains only 792 species and only one from our
dataset. By contrast, the ATI estimate uses only tree-count sur-
vey pairs, which are widely available in national forest inventories.
This allows ATl to complement species distribution models (Guisan
& Thuiller, 2005), which do not explicitly model processes such as
net population growth rate (Thuiller et al., 2013).

ATl is formulated as a binary classification model rather than a
regression model. Its objective is to identify the direction of abun-
dance change (increase vs. decrease) and to quantify the balance
between positive and negative changes, which we interpret as (cli-
mate) vulnerability. The ATl score depends on the relative frequency
and spatial pattern of increases and declines, not on precise esti-
mates of absolute abundance, and is largely insensitive to absolute
abundance values given their approximately normal distribution (see
Section S1.8 and Figure S9). Accurate abundance modelling requires
additional information on biotic interactions (Meier et al., 2010) and
is context-dependent (Lynn et al., 2019), which a landscape model
cannot fully capture. However, binarisation offers three key advan-
tages. First, it enables the use of an established label noise removal
framework (Brodley & Friedl, 1999; Frénay & Verleysen, 2014), which
counteracts errors in forest inventory datasets estimated from 5.9%
(Scott & Hallam, 2003) to 21% (Verheyen et al., 2018) (Section S2) and
enables the model to capture underlying general trends with higher
accuracy (Section S3.3). Second, classification models are inherently
less sensitive to outliers (Loh, 2011). Third, a fivefold reduction (to
R?=0.01; Figure $8) in the effect of regression to the mean (RTM),
where extreme initial abundance values bias the observed change in
abundance (Mazalla & Diekmann, 2022), masking the relationships
between environment and abundance (Section S1.7). An expansion
of ATI to three classes (increase, decrease or no change) is mean-
ingful, but requires three separate classifiers (Galar et al., 2011), in-
creasing data requirements threefold. ATl's binary approach should
therefore be viewed as a landscape-scale screening tool to identify
dominant environmental drivers of abundance change and to flag
species at risk, but followed by finer scale abundance analyses, such
as joint species distribution models (Ovaskainen & Soininen, 2011).

Binarisation of ATl necessitated addressing areas with unchanged
individual counts, resolving this via total DBH changes; however, it is
problematic because DBH reflects biomass, not fitness. Long-lived
adults can maintain and increase biomass despite population decline
(Tilman et al., 1994). Conversely, juveniles and seed banks contrib-
ute little to DBH but increase overall fitness through recruitment.
Moreover, DBH change is site-specific, influenced by factors such
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as soil fertility and amplified by temporal factors, including gap dy-
namics (Bagnato et al., 2021). However, if ATl were used to predict
carbon storage, productivity or biomass dynamics, choosing DBH
changes for label generation over the number of individuals would
be meaningful and straightforward.

While ATl was developed on New Zealand plants, it can be
applied to animals if survey protocols and detection biases are ac-
counted for (e.g. seasonal bird migration should not count as an
abundance change). A major advantage is that ATl can combine mul-
tiple abundance metrics (e.g. individual counts or detection probabil-
ity changes convert equally into binary labels), solving a major issue
for biodiversity tracking (Callaghan et al., 2024). Similarly to SDMs,
ATI extensions would require taxon and location-specific variables
(e.g. habitat structure for animals, or snow-related variables at high
latitudes) (Guillera-Arroita et al., 2015), and should follow ODMAP
guidelines (Zurell et al., 2020) for validation, training and documen-
tation. We introduced a mutual information and clustering-based
variable choice procedure, which incorporates training labels, is
taxon-agnostic (Section S1.2) and reduces collinearity (Dormann
et al., 2013). With minor adjustments, therefore, the ATI framework
can be applied to other organisms and at other locations.

Our method has a few limitations that can be addressed in future
implementations. First, data on land-use change would likely improve
abundance predictions (Guo et al., 2018), but were unavailable for
New Zealand at the time of analysis. Recently developed global land-
use datasets (e.g. Woodman et al., 2026) provide a clear next step for
improving ATl predictions. Our method does not account for species
interactions or density dependence (Chesson, 2000), and likely re-
moves their effects in the data cleaning step. Density dependence
strongly influences abundance distributions (Ehrlén & Morris, 2015)
and, as we demonstrate for inference, can be accounted for in ATI
by including abundance as a predictive variable, improving model
performance (Figure S12A). For the prediction case, it would need
to be estimated or measured. Second, abundance shifts result from
a change in fitness, mediated by a species' traits (Funk et al., 2017,
Laughlin, 2023). Incorporating trait data might, therefore, allow us
to unify species-specific ATl models into a single model, vastly ex-
panding the training dataset and enabling more complex models that
can infer successful trait combinations (i.e. functional strategies).
Finally, while ATl successfully recovers abundance gradients for syn-
thetic species (Section S$3.4), full ecological validation at the land-
scape scale will require future studies using independent or targeted
datasets.

4.2 | Ecological results

Our results align New Zealand's flora with global trends of
abundance shifts towards the poles and to higher, cooler elevations
(Lenoir et al., 2020; Parmesan & Yohe, 2003; Figure 3). However,
temperature and elevation had only a modest twofold difference in
feature importance to the leastinfluential variables (Figure 5b). These
variables contributed to within-range biodiversity rearrangement,
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especially for specialist species (outliers in Figure 5b), pointing to
their importance in predicting abundance shifts and consequent
range shifts (Franklin, 2023; Howard et al., 2014). The presence
of multiple interacting abundance gradients is further exemplified
by comparing the lower prediction accuracy of real-world species
(average AUC=0.62) to that of synthetic species (driven by a single
variable, AUC >0.85; Section S3.4, Figure 5a). These findings
illustrate ATI's advantage in capturing the complex interplay of a wide
array of environmental drivers within a species' range, addressing
limitations of previous work, overlooking within-range abundance
dynamics (Rubenstein et al., 2023; Taheri et al., 2021).

Abundance gradients for all species were predominantly dis-
tributed along an axis from stress tolerance (PC1 in Figure 4d) to
avoidance. The ability to move (i.e. avoid stress) or persist (i.e. tol-
erate stress) determines a species' demographic success (Lenoir &
Svenning, 2015). However, environmental conditions translate into
stress differently for each species (Lichtenthaler, 1998), and thus,
predicting abundance changes requires consideration of what con-
stitutes stress to each species within the studied habitat. For ex-
ample, the toxic Brachyglottis repanda has a competitive advantage
under grazing pressure (Mortimer & White, 1967), and showed the
strongest feature importance score for this variable (Figure 5b).
This species-specificity is illustrated by the majority of abundance
gradients lying outside the 16 margin around the mean gradient
(Figure 4a-c), in other words, the mean response of all species is
not a common response of any species. This illustrates that a better
understanding of biodiversity rearrangement needs to consider indi-
vidual plant stressors caused by a diverse range of factors.

Vulnerability assessments for individual species at a landscape
scale are often costly, time-consuming, and dependent on limited
expert opinions (Ackerly et al., 2010) and might not reflect species'
shrinking ranges (Goury et al., 2025). Recently developed climate-
based methods broadly assess biodiversity risk but sacrifice precision
(Klausmeyer et al., 2011). ATI, on the other hand, enables broad-scale
climate vulnerability assessments for individual species by identify-
ing species with predominantly declining abundances. An important
limitation of this metric is that it does not account for aspects of
vulnerability beyond climate, such as introduced diseases, dispersal
limitation, or habitat destruction and fragmentation, unless they are
included as predictive variables (e.g. deer presence in our data). We
identified 19 such species across New Zealand whose vulnerability
is driven by climatic variability, particularly temperature range and
precipitation seasonality. Despite mean annual temperature (MAT)
being more important collectively (Figure 5a), it was not of primary
importance to any of the vulnerable species (Figure 2b). This aligns
with experimental evidence that limited adaptive phenotypic plas-
ticity to climatic variability, rather than tolerance to mean climate,
often determines population persistence under changing conditions
(Reyer et al., 2013; Scheepens et al., 2018), highlighting that increas-
ing fluctuations may pose a stronger risk than shifts in climatic means.
Alarmingly, two of the most vulnerable species (Metrosideros diffusa

and Metrosideros fulgens) belong to the Myrtaceae family, which is

susceptible to the recently introduced invasive fungal pathogen
Austropuccinia psidii (myrtle rust) (Toome-Heller et al., 2020). Given
that only 2years in our dataset overlap with the presence of myrtle
rust, this may reflect interacting pressures of climate variability and
disease, highlighting these species as priorities for closer monitoring
under ongoing environmental change.

5 | CONCLUSION

Our study underscores the necessity of examining within-range
abundance changes to understand forest plant species' responses
to recent climate change. The ATI leverages freely available forest
inventory data to identify spatially explicit changes in species
abundance and reveals that species respond individually rather
than following mean trends, often as a function of unstable
environmental conditions. Moreover, the focus on abundance ties
the model outputs closer to niche theory and enhances our ability to
identify vulnerable species and the specific factors contributing to
their decline. By using ATl alongside species distribution models, we
can refine ecological predictions and inform conservation strategies
more effectively. ATl is easily expanded to other organisms and
locations, provided abundance changes can be detected reliably.
A Python package for ATI is available, and an interactive website
(https://ati-nz-predictions-7e6f3d514735.herokuapp.com/)

showcases detailed results to foster broader familiarity with ATI.
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SUPPORTING INFORMATION

Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1. Data statistics for the Abundance and DBH dataset
containing 86 species with sufficient data and covering 75.59% of
the forest canopy. A: Number of observations by species and their
cumulative canopy cover, ordered by the number of observations.
B: The distribution of the classes shows a slight class imbalance.
C: Number of measurements by time between them. Each
measurement is a plot that has been surveyed twice, with a certain

number of years between measurements. D: The average number of

plot remeasurements. Most plots have only been measured twice,
yielding a single observation for the occurring species.

Figure S2. Dimensionality reduction used to generate the Reduced
Dataset. A: Result of the hierarchical clustering procedure with
distance metric set to the absolute value of the correlation between
values and Ward's linkage. Clusters below 0.5 are highlighted in
different colours. The number behind each variable is the mean
mutual information value. For readability, it is normalised such that all
values sum up to 100. B: Histogram of pairwise correlations between
the variables in the Full and Reduced datasets, respectively. Showing
a reduction of highly correlated variables. C: Mutual information
of the variable and the training label (increase/decrease) across all
species. Lower numbers indicate lower dependence of the target
labels on the variable.

Table S1. List of variables included in the Reduced dataset. Lists
the 18 clusters from Figure S2 along with their mutual information
values (normalised so that they sum up to 100). From each cluster,
one (in some cases none) variable is included, and the reason for
including and excluding is given in the ‘Comment’ column. The
result is a dataset of 14 variables that are weakly correlated and of
ecological relevance.

Figure S3. Principal components of the Full dataset. A: Blue bars are
eigenvalues, and the red line indicates the cumulative explained variance
by all PCs up to this number (secondary y-axis). A dashed line indicates
the Kaiser rule threshold of A=1 for relevant principal components.
B-D: Loadings on the first three principal components. For overview,
only the first 20 variables are displayed. Variables are colour-coded by
category (legend in panel C). Absolute y-axis values are for comparison
only and indicate the loading onto the principal component.

Figure S4. Examples of noise score assignment using our modified
nearest neighbour noise detection for K=4. The point with a black
cross in the centre is the one receiving the noise score, indicated
under the circle. The circle represents the maximum distance to its
neighbours: aR. The noise score is O (not mislabelled) and 1 (likely
mislabelled). (1, top left) All neighbours have a different label.
This point is, therefore, likely mislabelled. (2) Point has only K/2
neighbours; this limits the maximum noise score to 0.5, and since all
neighbours have a different label, the maximum noise score of 0.5 is
assigned. (3) Feature outlier that has no neighbours and this canot
be considered mislabelled. (4-6) Closeness of a point to members of
the other class modulates how likely it will be considered noise. The
shade indicates a hypothetic class decision boundary.

Figure S5. Finding optimal noise detection hyperparameters for
random forest using the FO.5 score that penalises false positives
(excluding a valid point) stronger than false negatives (missing a
noisy point). A: Values of FO.5 score over alpha and K values with the
optimal value highlighted at K*=20 and Alpha*=1.5. B: Performance
for K*=20 over the cut-off of data. The optimal FO.5 score is at
11.3% cut-off at Alpha*=1.5. C: Comparison of the influence of
using L1 versus L2 distance norm during noise detection at K* and

Alpha*. L1 shows slightly improved performance.
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Table S2. Values of hyperparameters that were compared during
hyperparameter tuning for each classifier.

Figure S6. Visualisation of the similarity surface method for
Geniostoma ligustrifolium, a North Island shrub. A: Distance D of
average climatic and topographic conditions to the occurrence set.
Coral dots are plots where the species has been observed. Darker
colours are areas of higher similarity or shorter distances. Possible
outliers are marked to visualise the need for the 95% cut-off. (For
contrast, distances above 25 have been set to 25) B: Distribution of
distances with 95% percentile marked (S’). Since the distance is an
average across all years and climatic variables fluctuate, the mean
is not very close to zero. C: The final similarity mask with the 95%
percentile (S’) in orange and the additional area gained by upscaling
Sto S in yellow. Grey areas are excluded from prediction.

Figure S7. Relation of Difficulty score to species and predictive
variables. A. Average difficulty by species ordered by mean difficulty
for the Random Forest classifier. Means of other classifiers shown
as lines. Bars indicate the number of observations for this species
(secondary Y axis). B. Pearson correlation of Random Forests's
numeric difficulty with variables from the ‘Reduced’ set of variables.
Each point in the box plot represents a species. dY variable is the
number of years between measurements. C: Correlation of mean
difficulty with class imbalance (ratio of ‘Increase’ points vs all points).
Figure S8. Analysis of the susceptibility of the regression to the
mean (RTM) effect following (Mazalla & Diekmann, 2022). Each
data point consists of an abundance measurement at two time
points a,,a,. RTM strength is assessed by correlating the species
average abundance da, = %(a1 + ag) with the binary class label (i.e.
increase or decrease in abundance, as implemented in this study in
orange) or the continuous change score A, = a; — aq (i.e. abundance
difference). (A) Histogram of the correlation R2 for the binary and
continuous case. (B) Bar plot of p-values for the same evaluation
indicating whether a correlation, and thus the RTM effect, exists.
Figure S9. Analysis of the distributions of change in number of
individuals across all observation pairs in the training data. (A)
Change in abundance across all species standardised to zero mean
and unit variance (p(s), grey lines), average for all species (blue line)
and a Gaussian fit to the average (red line). The average changes
in abundance are close to Gaussian but with heavier tails. (B)
Distribution of Kullback-Leibler divergences of species abundance
changes P(s) to a uniform distribution (blue line) and a Gaussian
distribution (orange line). Changes in abundance p(s) resemble a
Gaussian distribution more closely than a uniform distribution.
Figure S10. Jaccard similarity between plot surveys by the time
between surveys. High values indicate similar species composition.
A: For a dataset of tagged woody plants. B: For the RECCE dataset
that measures a much wider range of species (also non-woody) in
height and cover tiers. Trendlines are rolling averages over a 15(A)
and 10 (B) year window, respectively.

Table S3. Two measurements of the same plot in 2012 as

part of different projects. Project 1 measured biodiversity, and
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Project 2 measured carbon. As a result, we suspect that shrubs were
excluded.

Table S4. Results of the analysis of two measurements of the same
plot where a species of a genus is ‘replaced’ by another species of
the same genus. For example, in the last row, ‘Veronica parviflora’
was detected in the first survey of a plot (first column). In 63.6% of
the results, it was detected in the second survey of this plot (some
years later). But in 9.1% of the cases, V. leiophylla was recorded while
V. parviflora disappeared (second column). This indicates possible
misclassification. The remaining 27.3% are cases where neither V.
parviflora nor any other Veronica species was present in the second
survey. Note that Coprosma ‘small-leaved’ was excluded from the
final dataset and kept here as an illustration of the classification
difficulty of the Coprosma genus.

Figure S11. Prediction accuracy of the dataset split by difficulty
categories of the random forest classifier. Accuracy is the ratio
of correctly classified instances to the total number of training
instances.

Figure S12. Classifier performance on different sets of variables
using the Abundance and DBH Dataset. A: Mean AUC scores over
three variable sets. B and C: Cumulative canopy cover and number
of species of all species classified with an AUC score above 0.7 over
the fraction of noise removed. A single legend is used for all panels.
Table S5. Individual AUC scores for the random forest model on
the Abundance Only dataset (at 10% label noise reduction) and
Abundance and DBH dataset (at 15% reduction). The total cover of
each species is given in the right-most column. Since data-deficient
species are not included, the cover column sums up to ~73% of forest
cover and the Abundance Only dataset contains fewer species. The
table is sorted by Abundance and DBH score. (Scores below 0.7 are
included due to rounding precision).

Figure S13. Learnability of the dataset. Each point in the box plots is
a species. Acronyms describe the different models (Section S1.4). (A)
Models trained on trivial, trivial + learnable or full (sub) datasets (see
Section 2.8). (B) Fraction of trivial, learnable and unlearnable data
points. (C) Similarity of difficulty labels between pairs of classifiers
(left) and all (non-linear) classifiers (right).

Figure S14. Synthetic species generation for a hypothetical species
shifting abundance towards higher elevation (A), latitude (B) or lower
precipitation (C). The Gaussian sampling distributions for the years
2000 and 2019 (dashed lines) are determined using the mean and
standard deviation of the distribution of all plots (black line). Their offset
simulates a species abundance shift along the gradient of this variable.
The distributions of the 1000 sampled plots are displayed as solid
lines. They can be seen as the elevational, latitudinal or precipitation
distribution in the years 1990 and 2019, with an abundance relocation
towards higher values occurring during this time period.

Figure S15. ATI predictions for the synthetic species with an
abundance gradient towards higher precipitation (A) or elevation (B)
or latitude (C). As well as the average precipitation, elevation and

latitude (D-F) in the study area and time period.
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Figure S16. Correlation of predicted ATl values for the three

synthetic species with the environmental predictor variables. The How to cite this article: Shabanov, I., Lensen, A, Tonkin, J., &

highest correlation values, as would be expected, occur with the Deslippe, J. R. (2026). A machine learning framework for

variables used to generate the synthetic species themselves. mapping shifts in species' abundance from long-term

Table S6. Test statistics for statistical significance testing of monitoring data. Journal of Ecology, 114, €70344. https://doi.

abundance gradients in Figure 3. Values with p<0.05 highlighted in 0rg/10.1111/1365-2745.70344
bold.
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