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ARTICLE INFO ABSTRACT

Keywords: Our study explored the spatiotemporal dynamics of spruce budworm (SBW) defoliation in Quebec’s bo-
Climate real forests, highlighting how climatic factors, historical defoliation, and landscape heterogeneity intersect.
Dlef"ha“““ SBW outbreaks are a major disturbance in these ecosystems, with significant ecological and economic
Clustering

repercussions—underscoring the need to understand the mechanisms that drive them. Although previous
research has linked warming temperatures and past defoliation patterns to more severe outbreaks, their
localized effects remain poorly characterized. Our aim is to clarify these localized processes and support more
targeted forest management strategies.

We employed an adjacent-category autoregressive (ACAR) model specifically designed for ordinal de-
foliation data spanning 1992-2022. Defoliation was categorized into three severity levels: none, light,
and moderate/severe. Key climate variables — most notably spring and summer temperatures, as well as
precipitation — were obtained from BioSIM and assigned to each landscape unit (LU). After fitting individual
ACAR models to each LU and confirming their adequacy via the Portmanteau test, we identified the best
models using the Akaike Information Criterion (AIC). A clustering analysis then grouped LUs with comparable
model parameters into distinct ecological response clusters.

Our findings reveal that temperature exerts a non-linear influence on SBW defoliation: while warmer spring
and summer conditions can initially facilitate larval survival, exceedingly high temperatures reduce defoliation
by surpassing larval thermal tolerance and disrupting phenological synchrony with host trees. Additionally,
strong autoregressive feedback values (f,,f,) underscore the cumulative effect of past defoliation—trees
weakened by previous outbreaks become more susceptible to subsequent infestations, triggering feedback
loops that endanger long-term forest health. Through clustering, we identified five distinct landscape groups.
The more homogeneous clusters (Clusters 4 and 5) displayed either relatively stable precipitation patterns or
pronounced temperature variability, each with high silhouette scores (0.55 and 0.24, respectively), indicating
clear opportunities for targeted management. Meanwhile, heterogeneous clusters like Cluster 1 (silhouette
score: —0.43) exhibited overlapping characteristics that warrant further investigation.

Overall, these results emphasize the importance of localized management approaches that account for
climatic thresholds and historical defoliation patterns. Pinpointing temperature extremes and incorporating the
impacts of cumulative defoliation can guide both the timing and intensity of interventions. Future research may
integrate additional spatial factors, such as forest composition and connectivity, to refine outbreak predictions
further. Ultimately, adaptive, multi-scale management is essential for maintaining the resilience of boreal
forests in a changing climate.
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1. Introduction

The boreal forest, which extends across vast regions of North Amer-
ica, is a complex ecosystem that supports a wide range of plant, animal,
and microbial life (Hansen et al., 2010; Brockerhoff et al., 2017). This
biome plays an essential role in global carbon storage and climate
regulation, making it a crucial element in the ecological balance of the
Earth (Pan et al., 2011; Xu and Hisano, 2024; Gauthier et al., 2023).
However, the boreal forest is particularly vulnerable to natural and
anthropogenic disturbances (Frelich et al., 2024; Seidl et al., 2020,
2023). One of the most significant threats is the periodic outbreak of
the spruce budworm (Choristoneura fumiferana Clem.), a native insect
that specifically targets coniferous trees (Sidhu et al., 2024). Recurring
every 30 to 40 years, SBW outbreaks involve massive larval populations
that feed on host tree foliage of host trees. During these infestations,
trees suffer extensive defoliation, which not only weakens their overall
health but also compromises their growth and resilience (Debaly et al.,
2022; Doran et al., 2017). Extending our earlier work on the adjacent-
category autoregressive (ACAR) model (Osse et al., 2023), we now
delve deeper into how spatial heterogeneity influences SBW defoliation
dynamics across the boreal landscape. When defoliation persists for
multiple years (on average five), tree mortality rates can become alarm-
ingly high (Houndode et al., 2021; Fierravanti et al., 2019; MacLean
et al., 2024), especially in stands dominated by balsam fir (Abies bal-
samea) and white spruce (Picea glauca) (Lemay et al., 2022; Kneeshaw
et al., 2022). Despite ongoing research on the ecological and economic
consequences of SBW outbreaks, the boreal forest’s vulnerability is
compounded by its limited ability to recover quickly under increasingly
variable climatic conditions (Seidl et al., 2017).

Although numerous studies have already demonstrated the critical
influence of temperature, precipitation, and landscape factors on the
severity of SBW outbreaks (Li et al., 2020; Régniere and Nealis, 2019;
Subedi et al., 2023; Bouchard and Auger, 2014; Bouchard et al., 2018;
Fierravanti et al., 2015), the methods commonly used to model their
effects on outbreak development present several limitations. On the
one hand, most current approaches focus on the broad-scale effects of
climate (Gray, 2013; Navarro et al., 2018; Bouchard et al., 2018), often
neglecting the fine-scale integration of spatiotemporal heterogeneity in
models. This omission limits the capacity to account for local specifici-
ties, such as microclimatic variability, that play a determining role in
the dynamics of defoliation. On the other hand, the cumulative effects
of defoliation, which progressively weaken trees (Debaly et al., 2022;
Paixao et al., 2019; Chen et al., 2017a) and can amplify the magnitude
of subsequent outbreaks, remain relatively underexplored, making it
difficult to identify management strategies that are well-adapted to real
conditions. Moreover, the cumulative and lagged nature of defoliation
damage, wherein each outbreak cycle builds on the weakened state
induced by preceding cycles, demands advanced modeling techniques
that simultaneously account for autocorrelation and spatial heterogene-
ity (Chen et al., 2017a; Debaly et al., 2022). Furthermore, the impact of
extreme climate events — such as heatwaves and prolonged droughts
— on SBW biology and the resulting defoliation of host species requires
further research. These phenomena may initiate or reinforce medium
to long-term feedback loops, affecting both outbreaks dynamics and
the resilience of forest stands (Moise et al., 2019; Flower et al., 2014;
Balducci et al., 2020). In light of these findings, an integrated approach
is paramount. Employing models that capture the multiple levels of
landscape heterogeneity, coupled with targeted studies conducted un-
der varied conditions, will help develop more robust and effective
management and adaptation strategies for SBW outbreaks.

The primary objective of this study is to investigate the dynamics
of SBW-induced defoliation by exploring the interplay between cli-
matic factors and landscape heterogeneity through the application of
an adjacent-category autoregressive (ACAR) model for ordinal time
series (Osse et al., 2023). This approach is particularly well-suited to
capture the inherent characteristics of most defoliation data, notably its
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ordinal structure. We hypothesize that even when two spatially distinct
sites exhibit the same level of defoliation, the underlying processes
may diverge, thus warranting a departure from the conventional global
modeling strategy. Instead of imposing a single, uniform model across
the entire study region with shared parameters (Subedi et al., 2023;
Navarro et al., 2018; Zhu et al., 2018; Eickenscheidt et al., 2019;
Berguet et al., 2021), we analyze multiple landscape units, each sub-
jected to distinct environmental conditions. This localized modeling
approach improves our understanding of how site-specific ecological
and climatic drivers influence defoliation dynamics. By comparing out-
comes across these varied units, we gain insights into localized patterns
of forest health and resilience, as well as the context-dependent effects
of environmental stressors. We further employ clustering techniques to
group landscape units based on similarities in the locally fitted models,
thereby facilitating more targeted forest management strategies that
address the unique needs and conditions of each cluster. Consequently,
the proposed framework offers a region-specific decision-making tool
for forest resource management, enhancing the effectiveness of inter-
ventions aimed at mitigating SBW-induced defoliation. Through these
clusters, forest managers can prioritize interventions in landscape units
where climatic pressure and defoliation trajectories are most severe,
optimizing resource allocation and potentially mitigating future SBW
damage.

2. Materials and methods
2.1. Study area

The study area is located within the boreal forests of Quebec,
encompassing approximately 840,000 km?. This region is characterized
by vast coniferous forests, predominantly composed of balsam fir (Abies
balsamea) and white spruce (Picea glauca), extending across latitudes
45° to 51°N and longitudes 65° to 80°W (Fig. 1). The regional climate
is subpolar-subhumid continental, characterized by long, cold winters
and short, cool summers. The north is colder and drier (mean annual
temperature —7.5°C, mean annual precipitation 500 mm/year), while
the south is warmer and wetter (1°C, 1000 mm/year). Subedi et al.
(2023). This region exhibits high vulnerability to periodic SBW out-
breaks (Cooke, 2024; Black et al., 2024; Boulanger and Arseneault,
2004). The ecological classification of Saucier et al. (2010) segments
the study area into landscape units, defined as territories characterized
by ecological homogeneity, shaped by factors such as topography,
climate, and soil. Our investigation encompassed the totality of land-
scape units affected by the defoliation attributable to the SBW during
the study period 1992-2022 (see Fig. 1). By focusing on all affected
landscape units, we aimed to capture the variability of the severity
dynamics and patterns of defoliation in different landscape units, thus
providing a comprehensive understanding of the climatic impacts on
the local dynamics of defoliation.

2.2. Data description

2.2.1. Defoliation data

The defoliation data used for this study consist of georeferenced
polygons, which were delineated during aerial surveys of the defolia-
tion damage caused by the SBW. These surveys are conducted annually
across the province of Quebec. Each polygon is associated with defolia-
tion class defined on the following ordinal scale: no defoliation (none),
defoliation of the upper few tiers (light), defoliation of the upper half
(moderate), and almost complete defoliation (severe). The collected
defoliation data span each year from 1992 to 2022, inclusively, and
are freely accessible through the Quebec Ministry of Natural Resources
and Forests (MRNF, 2022).

For the purposes of this study, models were developed at the
landscape unit scale. To obtain a single value of defoliation for each
landscape unit on a given year, a spatial intersection was performed
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Fig. 1. Landscape units of the Quebec boreal forest included in this study.

between the defoliation polygons and the georeferenced polygons rep-
resenting the landscape units, using the sf package (Pebesma, 2018).
When multiple defoliation levels were present in a landscape unit
on a given year, the defoliation level with the largest area within
the landscape unit was chosen. Some landscape units experienced
minimal defoliation, while in others, certain defoliation levels were
absent during the study period. For the modeling process, we excluded
landscape units that experienced no defoliation during the study pe-
riod; for the remaining units, moderate and severe defoliation levels
were amalgamated into a single category to increase the number of
observations for each defoliation level. Consequently, three defoliation
levels (none, light defoliation, and moderate/severe defoliation) were
analyzed instead of the initially mentioned four.

2.2.2. Climate data sets

We used climate data derived from BioSIM (Fortin et al., 2022),
a software tool designed to generate interpolated climate information
from meteorological records adjusted to specific geographic locations
and elevation. BioSIM integrates long-term climate normals with short-
term weather data from meteorological stations, along with digital
elevation data, to interpolate climate variables. BioSIM (version 11)
was configured to retrieve climate data from nearby weather stations
managed by meteorological agencies (e.g., Environment and Climate
Change Canada). For each landscape unit (using the centroid of the
landscape unit), it selected the nearest weather stations. Elevation
data were incorporated from high-resolution digital elevation models
to adjust for topographic variation in temperature and precipitation,
improving the accuracy of localized climate estimates.

We extracted elevation and a suite of key climate variables for each
study location, including daily maximum and minimum temperatures,
daily precipitation, daily relative humidity, daily solar radiation, daily
wind speeds at 2 m and 10 m above ground, and daily snow data. To
reflect the biological characteristics of the spruce budworm (SBW) and
align with prior studies (Debaly et al., 2022; Volney and Fleming, 2007,
2000; Osse et al., 2023), daily maximum and minimum temperatures
were seasonally aggregated for spring and summer. Given the high
correlation between daily relative humidity and daily precipitation, as
well as between daily wind speeds at 2 m and 10 m, we aggregated
these variables to simplify subsequent analyses. Specifically, daily pre-
cipitation was aggregated as total annual precipitation, and daily wind

speed at 10 m was represented as annual wind speed variation at the
same height. Spring was defined as April, May, and June, while summer
comprised July, August, and September.

For the purposes of this study, we focused on the following cli-
mate variables: the range (maximum - minimum) of daily maximum
temperature during the summer (Tmax. summer), the range of daily
maximum temperature during spring (Tmax. spring), the range of daily
minimum temperature during summer (Tmin. summer), the range of
daily minimum temperature during spring (Tmin. spring), the logarithm
of total annual precipitation (logTotprec), the annual range of wind
speed at 10 m (Wind speed at 10 m), the average annual solar radia-
tion (Solar radiation), and the total annual snowfall (Snow). Quadratic
terms were included for temperature-related variables (Tmax. summer,
Tmax. spring, Tmin. summer, and Tmin. spring) to account for potential
non-linear climate effects. We prioritized predictors that (i) map di-
rectly onto SBW physiology and host-insect phenology, (ii) summarize
seasonal exposure windows that matter biologically, and (iii) keep
models parsimonious. Seasonal ranges of daily minima and maxima
(spring/summer) capture tolerance windows, phenological pacing, and
heat- or cold-stress amplitudes affecting larval development, host bud-
burst, and synchrony. Annual precipitation (log-scaled) summarizes
moisture availability and correlates with humidity regimes that can
mediate larval performance and pathogen pressure. Wind at 10m in-
tegrates dispersal and dislodgement mechanisms for first-instar larvae.
Solar radiation and snowfall approximate, respectively, energy input
(affecting microclimate and host tissue quality) and overwintering
context. Quadratic temperature terms were included a priori to detect
threshold-like responses consistent with physiological and synchrony
constraints, while avoiding proliferation of highly collinear derived
metrics.

2.3. Modeling

For each landscape unit, we fitted an adjacent-category autoregres-
sive model (Osse et al., 2023) with all possible combinations of our
covariates. The model is defined as:

j-1 J
Yk,t:]l{zﬁk,tSUr<zﬂk,;}, 0<j<K, (€8]
k=0 k=0

P
log i

- =in,= coj+yTX,_1+aTl—/,_1+ﬂjr/j’,_1, 1<j<K,teZ, (2)
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where:

w; €R,yeRP. e eRK and g, e R* for j =1,..., K.

w;: is the intercept for category j,

y: represents the effect of covariates (e.g., temperature, precipita-
tion),

a: captures the autoregressive influence of severity from the prior
year and

p;: extends the autoregression beyond a lag of 1.

Model adequacy was assessed using a Portmanteau test with lag 1,
as described in Osse et al. (2023). The test tests whether the first-order
residual autocorrelations are jointly zero—i.e., whether the fitted model
has left any serial dependence unexplained. Only models for which
the Portmanteau test did not reject the adequacy were considered. We
selected the best model for each landscape unit using the information
criterion AIC.

2.4. Clustering

For any landscape unit i/, we denote as (X,(i), Y,“)) the dataset that
yielded the best model U; with the estimated values of the parameters
09 = (0T, vec(T,a", By, ..., fx)T, k; the number of estimated param-
eters in the model U; and AIC; its Akaike information criterion. Given

two landscape units a and b, we have:

for the dataset X, f“) of landscape unit a, the best model is U, with
its Akaike Information Criterion AIC,;

for the dataset X ,(") of landscape unit b, we have a different model
U, with its Akaike Information Criterion AIC,;

using model U, as-is (same values of the parameters @, without
re-fitting the model), we calculate its likelihood (£) with the data
X,(") to obtain the corresponding Akaike Information Criterion,
denoted AIC,, denoted AIC,, = 2k, — 2In(L(6@|X?));
similarly, we take model U, and calculate its likelihood with
the data X [(“), resulting in the corresponding Akaike Information
Criterion AIC,, denoted AIC,;, = 2k, —2In(L(U,| X\”)).

We also denote as d,, the distance between U, and U, the respective
best models of landscape units a and b. Our distance is given by:

dyp = \/ (AICy, — AIC,)? + (AIC,;, — AIC,)?

In other words, we define a distance between models such that
the distance is small if the best model for landscape unit a provides
a good fit to the data of landscape unit » and vice versa. Clusters
of landscape units were then identified from the pairwise distance
matrix d, , using hierarchical clustering with Ward’s minimum-variance
method (Murtagh and Legendre, 2014).

2.5. Statistical characteristics of clusters and assessment of clustering qual-
ity

2.5.1. Statistical characteristics of clusters

The optimal number of clusters was determined by inspecting the
Ward-linkage dendrogram. To discern the distinguishing features of
each group, a comprehensive statistical analysis of the environmental
and climatic variables was executed. Key variables such as elevation,
seasonal temperature ranges (both maximum and minimum), humidity,
wind speed, solar radiation, precipitation, and snow cover were chosen
due to their ecological significance and potential impact on SBW defo-
liation dynamics. For each group, the means and standard deviations
of these variables were computed to encapsulate the central tendencies
and variability. A boxplot was constructed to visualize the mean values
of these variables across clusters, facilitating direct comparisons. To
evaluate the statistical significance of differences between the groups,
we employed Analysis of Variance (ANOVA) (Stahle et al., 1989) for
each variable, using the cluster assignments as the grouping factor.
Variables exhibiting a p-value below the significance threshold of 0.05
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were considered significantly different between groups. For these vari-
ables, a post hoc Tukey’s Honest Significant Difference (HSD) test (Abdi
and Williams, 2010) was conducted to identify which clusters differed
in a pairwise manner.

2.5.2. Assessment of clustering quality

The clustering quality was evaluated employing the silhouette
method (Dudek, 2020), which assesses cluster cohesion and separation.
Initially, a Euclidean distance matrix was computed for the scaled
numerical variables to quantify the dissimilarities among the landscape
units. Subsequently, for each observation, the silhouette coefficient was
computed using the formula:

b(i) — a(i)

max(a(i), b(i))
where a(i) signifies the average distance between observation i and all
other points within the same cluster, and b(i) indicates the minimum
average distance between observation i and all other groups. The
silhouette coefficient ranges from —1 to 1, where values approaching 1
denote strong clustering, values near 0 indicate boundary observations,
and negative values suggest potential misclassification. The average
silhouette width was determined as a global measure of cluster quality,
with higher values indicating better-defined clusters. To visualize the
results, a silhouette plot was generated, with each cluster represented
by a distinct color, and the average silhouette width marked by a ver-
tical dashed line. This visualization offered insights into the cohesion
within clusters and the separation between clusters, thereby facilitating
the identification of poorly defined or overlapping clusters.

S@) =

2.6. Implementation and tools

All statistical analyses and inference methods were implemented
in R language version 4.4.2 (R Core Team, 2024). The following pack-
ages were used for data manipulation, analysis, and visualization:
dplyr (Wickham et al., 2023), tidyr, tibble, and ggplot2
for data handling and creating boxplots; cluster (Maechler et al.,
2013) for silhouette analysis; factoextra (Kassambara and Mundt,
2017) and dendextend for cluster visualization and customization;
sf (Pebesma, 2018) and ggspatial for geospatial data handling and
mapping; raster for raster data manipulation; multcompView to
display multiple comparisons with letter-based grouping; ggthemes
and viridis for additional themes and color palettes; grid and
cowplot for advanced plot layout manipulation; and conflicted
to manage naming conflicts between packages. The significance of
the results was evaluated at the 5% threshold (« = 0.05). All scripts
and data sets are available in the repositories mentioned in the Data
Availability Statement, ensuring reproducibility.

3. Results

This section presents how landscape-level models of SBW defolia-
tion were fitted and then clustered based on their similarity, highlight-
ing both the influential climatic covariates identified and the resulting
spatial patterns of defoliation. In this study, the ACAR model was
implemented on individual landscape units, which were subsequently
aggregated into clusters based on similarities of the fitted models.
Models in the same cluster thus show similar defoliation dynamics,
including the effects of environmental variables on defoliation.

3.1. Climatic influences and defoliation dynamics

The coefficients of the best model for each landscape unit are
presented in Table 1. The variation in minimum temperature during
summer is the most influential climatic variable across the majority
of landscape units (Fig. 2). In numerous units, these models integrate
parameters associated with the seasonal range of daily maximum and
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Fig. 2. Frequency of variable selection.

minimum temperatures, thus highlighting not only the non-linear re-
lationship between temperature and defoliation but also the seasonal
specificity of these effects. This underscores the diverse interactions
between climatic factors and ecological processes dependent on the
season. For example, in regions such as Lac la Blanche and Mont-
Laurier, the coefficients for spring and summer temperatures exhibit
a quadratic effect. For summer temperatures, a maximum threshold
becomes apparent, indicating that elevated temperatures beyond a par-
ticular range correlate with reduced defoliation. For certain units (for
example, Lac Mékinac and Réservoir Pipmuacan), significant feedback
parameters, particularly p, indicate strong autoregressive dependen-
cies. This implies that the dynamics of defoliation in these landscape
units are influenced by antecedent conditions, suggesting the cumula-
tive impact of defoliation over time on forest health. In Port-Menier,
the models demonstrate a pronounced effect of spring temperatures,
where a wider range of spring temperatures leads to increased defoli-
ation. Moreover, in Monts Groulx and Petit Lac Manicouagan, summer
temperature thresholds exhibit a nuanced relationship: increased vari-
ability in summer temperatures is linked to reduced defoliation up
to a certain threshold, beyond which the trend reverses, resulting in
increased defoliation.

We also found that wind speed and precipitation exert contrasting,
generally milder impacts on defoliation compared to temperature, yet
they vary substantially across different landscape units. For instance,
when wind speed at 10 m emerges as a significant factor, it can
either increase (e.g., Mont-Laurier) or decrease (e.g., Lac du Poisson
Blanc) the probability of defoliation depending on local conditions.
Precipitation likewise exhibits notable variability: positive effects are
observed in certain units (e.g., Saint-Jérome) and negative effects in
others (e.g., Réservoir Pipmuacan). Overall, these results underscore
the need to consider wind speed and precipitation locally in defoliation
models, given that their impacts are strongly tied to each landscape’s
distinct ecological context.

3.2. Cluster heterogeneity

The clustering of landscape units based on their models of defo-
liation dynamics (Fig. 3) and the characterization of these clusters
(Fig. 4) have revealed a broad spectrum of SBW-induced defoliation
patterns in boreal forests, intricately shaped by different environmental
factors. Among the five identified clusters, clusters 4 and 5 stand out for
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their homogeneous climatic and topographic conditions, with positive
silhouette scores (0.55 and 0.24, see Fig. 5). Cluster 4, located in low-
altitude zones with minimal thermal variation and high precipitation,
indicates stable climatic conditions that reduce the vulnerability of
SBW. Conversely, cluster 5, characterized by high altitudes, significant
thermal variation, high solar exposure, and low snow cover, reflects
extreme conditions where SBW activity is less predictable, requiring
tailored adaptive management strategies. Fig. 6 depicts the spatial
distribution of landscape units, highlighting their arrangement across
the study area.

In contrast, clusters 1, 2, and 3 exhibit negative silhouette scores
(—0.43, —0.32, and —0.24, Fig. 5), suggesting overlaps and heteroge-
neous characteristics. These clusters represent intermediate conditions,
ranging from areas with significant wind exposure and moderate hu-
midity (cluster 1), to low-altitude zones with low precipitation and
humidity (cluster 2), to highly diverse landscapes that need further
segmentation (cluster 3). These findings highlight the critical role of cli-
matic factors such as altitude, thermal amplitude, humidity, and wind
in shaping SBW defoliation patterns and provide actionable insights for
developing differentiated forest management strategies.

4. Discussion
4.1. The multifaceted impacts of climate on the defoliation dynamics

While numerous studies have shown that rising temperatures at-
tributable to climate change are correlated with increases in both the
frequency and intensity of SBW outbreaks (Overpeck et al., 1990;
Régniére and Nealis, 2007; Pureswaran et al., 2015; Bouchard and
Auger, 2014; Bouchard et al., 2018; Moise et al., 2019; Pureswaran
et al,, 2019), our model results demonstrate a complex and non-
linear association between temperature and SBW defoliation dynamics.
This complex relationship may arise from the combined influence of
physiological (Bellemin-Noél et al., 2021; Deslauriers et al., 2019;
Howe et al., 2024), phenological (Eveleigh and Johns, 2014; Deslau-
riers et al.,, 2019), and ecological factors (Zhang et al., 2018) that
drive SBW behavior, highlighting the importance of understanding
how climate change modifies defoliation patterns during SBW out-
breaks. Existing ecological literature associated warmer summers with
increased larval mortality or delays in defoliation cycles (Abarca and
Lill, 2015; Ward et al., 2019; Portalier et al., 2024; Delisle et al.,
2022). Our results emphasize the complex role that temperature plays
in shaping the defoliation dynamics. In specific landscape units, the
models offer supplementary insights. Although initially beneficial to
SBW populations (Régniére and Nealis, 2019; Bellemin-Noél et al.,
2021), rising temperatures can precipitate a series of physiological
stresses and ecological mismatches that ultimately constrain their suc-
cess (Howe et al., 2024; Portalier et al., 2024). These findings suggest
that temperature-related variables (e.g., Tmin. summer) play a dual role:
they can promote SBW development up to a threshold but can also
hinder larval survival beyond it. This threshold-like behavior further
reflects the non-linear impact of extreme temperatures on physiological
processes (e.g., dehydration, metabolic stress) in SBW larvae.

A pivotal mechanism affecting SBW dynamics under increasing
temperatures is the disruption of phenological synchrony between the
budworm’s life stages and the bud burst of its host trees. Premature
bud bursts in species such as black spruce (Picea mariana) and balsam
fir (Abies balsamea) may not coincide with larval emergence, lead-
ing to mismatches that diminish larval survival (Pureswaran et al.,
2019; Portalier et al., 2024; Howe et al., 2024). Black spruce, due
to its inherently delayed bud burst, becomes less susceptible to de-
foliation in warmer climates, as larvae may emerge before adequate
foliage becomes available for consumption (Pureswaran et al., 2015).
This phenomenon highlights the existence of a defoliation threshold,
wherein excessive warming reduces defoliation rates due to disrupted
synchrony. This interpretation provides a compelling explanation for



Table 1
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Lac la ~10.68 ~11.48 0.82 ~1.70 - - - - 0.30 - 2.25 4.45 0.76 —0.14 1.03 0.60
Blanche (3.48) (3.34) (0.30) (0.62) 0.11) (1.19) (2.46) (0.20) (2.14)
Mont-Laurier -60.89 -64.43 -3.55 - - - 179.94 - - - -0.37 —0.62 7.56 -6.77 0.94 0.25 0.32 0.85
(29.14) (29.56) (0.53) (47.21) (0.10) (0.11) (5.61) (1.76) (0.05) (0.14)
Lac du ~181.51 —284.52 5.47 - - 126.85 ~326.21 - ~0.57 - ~11.52 - 208.96 327.46 ~0.97 —0.49 0.05 0.97
Poisson (11.92) (12.97) (0.54) (10.23) (49.38) (0.05) 0.93) (18.21) (29.44) (0.01) (0.04)
Blanc
Saint-Jérome -61.48 -179.28 - -53.84 - - - 206.14 -0.17 - - 3.36 30.85 138.36 0.39 —0.99 0.03 0.98
(12.05) (10.32) (3.84) (9.96) (0.02) (0.28) (2.28) 9.72) (0.03) (0.01)
Lac Mékinac -530.11 -532.07 - -10.50 - 11.24 434.70 37.31 -0.08 - - - 103.98 98.05 0.76 -0.83 0.42 0.81
(141.06) (141.41) (3.67) (2.62) (105.22) (26.57) (0.08) (44.25) (37.54) (0.02) (0.29)
Tadoussac —41.20 —49.25 7.15 - - ~190.06 298.97 47.66 - - 17.03 - ~14.56 13.98 0.81 0.80 0.00 1.00
(56.82) (66.14) (0.70) (61.62) (165.18) (14.39) (5.21) (6.80) (33.59) (0.14) (0.18)
Plaine du lac  -37.40 -194.45 - —34.60 ~7.65 - 143.72 - - - -1.57 3.70 151.79 317.82 -0.60 -0.93 0.01 0.99
Saint-Jean (4.12) (4.76) (2.43) (0.19) (2.98) (0.06) 0.17) (3.43) (5.66) (0.04) (0.01)
Réservoir 9.08 ~0.33 - - - - - ~10.09 - 0.01 - - 16.60 25.80 0.87 0.54 0.04 0.98
Pipmuacan (4.45) (2.74) (4.51) (0.02) (7.91) (9.44) (0.32) (0.21)
Lac des Savanes -2.78 —9.22 - ~27.50 - - 56.10 - - - - 2.22 —2.97 —2.74 0.82 0.70 0.31 0.85
(28.25) (32.51) (6.17) (27.59) (0.49) (3.92) (4.63) (0.13) 0.27)
Forestville -166.40 -168.37 5.98 - - - 58.77 - - - - - 25.52 -1.43 0.85 0.95 0.00 1.00
(44.53) (46.28) (1.40) (15.36) (9.16) (5.77) (0.07) (0.05)
Lac au Loup —419.16 —426.88 - - ~12.95 227.09 - - - - ~20.26 - 1.88 0.44 0.91 0.88 0.00 1.00
Marin (51.48) (48.77) (1.21) (13.45) (1.02) (10.12) (12.30) (0.03) (0.06)
Lac Dionne -321.89 —404.73 2.54 - - -1.23 - 199.37 - - - - 132.10 212.41 -0.61 —0.89 0.00 1.00
(47.14) (52.07) 0.72) (0.46) (35.38) (12.59) (18.62) (0.11) (0.02)
Sept-fles -387.45 —494.45 - -6.00 13.66 -6.56 - - - - - - 419.57 459.55 -0.91 —0.80 0.03 0.99
(22.31) (31.78) (0.67) (1.04) (0.61) (26.84) (29.17) (0.01) (0.02)
Port-Menier 36.61 23.29 - 30.79 0.69 - - ~150.09 - - - - -128.43 -31.06 0.98 0.67 0.16 0.92
(12.60) (13.51) (4.49) (0.94) (8.00) (11.14) (2.27) (0.01) (0.02)
Riviére Jupiter ~ -1190.21  -1193.18 - 297.07 ~14.05 8.88 399.43 - - - - —28.46 27.86 8.48 0.79 0.81 0.23 0.89
(80.05) (80.11) (22.05) (1.44) (0.66) (23.43) (1.98) (1.83) (3.54) (0.02) (0.01)
Riviére aux —725.05 —741.87 5.36 278.55 -4.28 -42.05 43.13 ~26.65 - - 3.95 -24.35 13.31 9.56 0.42 -0.31 0.20 0.90
Saumons (87.94) (89.87) (0.53) (39.54) (0.61) (7.84) (8.18) (13.45) 0.74) (3.42) (1.93) (2.41) (0.03) 0.07)
Lac Manouane  —328.60 -372.34 32.28 -123.49 - -33.43 - - - - 13.43 2.06 448.88 259.49 -0.47 —0.64 0.00 1.00
(9.22) (10.32) (1.40) (11.34) (2.54) (0.50) (0.39) (24.91) (23.18) (0.01) (0.01)
Lac Rouvray —409.58 —477.51 - - - 137.83 - - - - ~11.13 - 65.44 112.44 0.49 0.31 0.01 0.99
(57.16) (67.36) (18.99) (1.54) (10.82) (21.33) (0.07) (0.08)
Lac du Sault -119.16 -234.62 -8.87 - - - - 112,53 - - - - 207.59 331.01 -0.96 -0.98 0.00 1.00
aux Cochons (10.68) (13.43) (0.48) (9.62) (10.03) (16.76) (0.01) 0.01
Lac Dissimieux  43.47 —23.77 - - - - - - —0.24 - 0.32 —0.43 11.28 111.81 0.71 —0.95 0.15 0.93
(9.69) (2.33) (0.04) 0.02) (0.09) (1.84) (15.78) (0.05) (0.03)
Lac Guinecourt  —167.07 —257.71 - - - 92.24 - —40.63 - - ~9.77 - 98.36 119.15 0.86 ~0.99 0.13 0.94
(79.27) (103.97) (36.58) (11.67) (3.64) (36.90) (220.98) (0.02) (0.02)
Lac Carteret 141.00 -87.15 —24.85 - - - -116.35 - 0.99 - - - 483.52 352.34 -0.85 0.66 0.00 1.00
(22.66) (46.12) (2.33) (17.47) (0.08) (16.02) (17.67) (0.03) (0.02)
Réservoir Manic —478.35 —542.20 - - - 164.05 174.32 —285.53 - - ~12.68 ~1.59 156.11 308.27 ~0.83 —0.63 0.00 1.00
3 (15.81) (15.28) (5.83) (6.21) (12.36) (0.49) (0.06) (8.62) (11.81) (0.01) (0.01)
Lac Berté 47.36 -46.78 - - - - - - ~0.50 - - - 249.51 111.57 -0.06 0.69 0.14 0.93
(16.02) (6.93) (0.16) (64.14) (35.65) (0.33) (0.01)
Lac Sainte-Anne  62.19 29.24 - - - - - -80.16 - - 0.50 -0.71 221.90 78.50 -0.79 0.83 0.00 1.00
(6.92) (23.04) (6.32) 0.07) (0.14) (42.66) (18.19) (0.03) (0.02)
Lac Walker —22.11 ~73.64 - - 0.79 ~12.06 - - - - - - 317.19 127.36 ~0.80 0.77 0.00 1.00
(5.17) (4.59) (0.28) (0.73) (13.91) (6.82) - (0.01)

(continued on next page)
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Table 1 (continued).

Réservoir —7.04 ~14.66 - - - - - —0.22 - 0.89 55.46 ~1.36 0.59 0.73 0.09 0.95

Manicouagan ~ (3.26) (6.93) (0.09) (0.23) (21.95) (10.09) (0.20) (0.12)

Monts Groulx ~ ~767.70 -924.03 70.55 - -32.81 - - - - - 366.70 422.45 -0.39 -0.79 0.01 1.00
(52.66) (66.89) (5.13) (2.48) (28.28) (33.86) (0.03) (0.01)

Lac Grandmesnil -40.43 -459.21 - - - - - -0.45 - -0.78 41274 670.93 -0.95 -0.95 0.00 1.00
(5.71) (46.59) (0.02) (0.05) (46.96) (87.56) (0.01) (0.01)

Lac Nipissis 13271 108.48 - 6.65 ~29.89 32.10 - - - - 10.06 16.17 0.96 0.74 0.00 1.00
(150.66) (134.40) (5.38) (14.40) (7.80) (7.86) (31.54) (0.07) (0.27)

Havre-Saint -15.10 -155.15 - - - - -0.16 - -0.65 - 384.12 176.94 -0.86 0.84 0.21 0.90

Pierre (1.09) (11.64) (0.01) (0.05) (31.84) (11.38) (0.02) (0.03)

Lac Pécaudy 10.49 -64.54 - - 8.10 -11.96 - -0.53 - - 108.74 122.39 -0.50 -0.98 0.00 1.00
(2.79) (7.96) (1.10) 1.37) (0.06) (10.55) (11.26) (0.04) 0.01

Petit lac 35.41 33.35 - - - - - -0.53 -1.18 - 171.20 ~19.80 ~0.90 0.62 0.24 0.89

Manicouagan ~ (2.69) (5.46) (0.02) (0.05) (7.68) (1.83) (0.02) (0.02)
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Fig. 3. Dendrogram of landscape units hierarchical clustering.
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Fig. 4. The distribution of significant environmental variables across clusters. Each boxplot represents a specific variable’s variation among the five clusters. The
black points within each box denote the mean values of the variable for the corresponding cluster. Compact letter displays (above the boxes) indicate significant

differences between clusters based on post-hoc Tukey tests.

the quadratic effects observed in our model, emphasizing the complex
and non-linear relationships among key variables.

In parallel to the effect of temperature on SBW-host synchrony,
temperature-induced physiological stress emerges as a critical factor
limiting SBW populations (Régniére and Nealis, 2019; Bouchard et al.,
2018). As temperatures rise, metabolic rates in ectothermic organisms
such as the SBW accelerate, thereby increasing energy demands that
may not be sustainable under suboptimal conditions (Goodhue et al.,

2017; Reichenbach and Stairs, 1985; Hayes et al., 2015). This is partic-
ularly evident during critical life stages, such as larval feeding, where
high temperatures lead to reduced nutrient absorption, dehydration,
and impaired growth (Bellemin-Noél et al., 2021; Nealis and Régnieére,
2004). Additionally, extreme temperatures disrupt reproductive success
by diminishing egg viability and altering timing, further constraining
population growth (Candau et al., 2018; Ren et al., 2020). Furthermore,
the responses of host trees to rising temperatures significantly influence
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Silhouette coefficient

Fig. 5. Silhouette analysis of cluster performance.

SBW survival and development. Elevated temperatures expedite foliage
maturation, resulting in tougher and less nutritious leaves, thereby
reducing their suitability for larvae (Eveleigh and Johns, 2014). Com-
pounding this effect, temperature-induced changes in foliage chem-
istry, such as increased levels of secondary metabolites like phenolics
and terpenes, degrade food quality even further, intensifying physio-
logical stress in larvae (Despland et al., 2011). Consequently, these
nutritional limitations hinder larval growth and survival, ultimately
reducing population viability.

Localized microclimatic conditions further exacerbate SBW out-
break dynamics. For instance, drier or warmer microclimates intensify
water stress in host trees, accelerating the decline in foliage quality
and availability (Zhang et al., 2018). This spatial variability in habitat
suitability not only alters the geographical extent and intensity of
outbreaks but also contributes to regional variations in the processes
driving defoliation dynamics, as reflected in different landscape-based
models. Taken together, these findings emphasize the urgent need
for adaptive forest management strategies to mitigate the impacts of
SBW outbreaks in the context of a changing climate. On one hand,
monitoring phenological shifts in host trees is essential to enhance
forest resilience; on the other hand, identifying temperature thresholds
that constrain SBW populations is equally critical for refining predictive
models. In some landscape units, spring temperatures lead to increased
defoliation. This pattern agrees with the hypothesis that warmer springs
may precipitate the early emergence of larvae, thereby exacerbating
damage from defoliation (Régniere et al., 2012; Bellemin-Noél et al.,
2021; Delisle et al., 2022; Rose and Blais, 1954; Moise et al., 2024).

Our findings also underscore that, while temperature is widely rec-
ognized as a fundamental determinant of SBW dynamics (Pureswaran
et al.,, 2015; Régnieére and Nealis, 2019), additional climatic factors
such as wind speed and precipitation can play a significant context-
dependent role (Royama, 1984). Higher wind speeds often facilitate the
dispersal of first instar larvae by allowing them to bridge between host
trees (Beckwith and Burnell, 1982; Ramachandran, 1987; Anderson and
Sturtevant, 2011), but strong gusts can also dislodge larvae, reducing
their chances of survival (Jennings et al., 1983). This dual effect
is clearly illustrated by the contrasting coefficients in Mont-Laurier
(positive effect) and Lac du Poisson Blanc (negative effect). Precipita-
tion similarly exerts a range of impacts: excessive rainfall can reduce
larval feeding efficiency or encourage entomopathogenic fungal out-
breaks (Subedi et al., 2023), whereas heightened humidity can in some
contexts bolster larval survival (Bouchard et al., 2018). Given that these
variables demonstrate markedly different influences across landscape
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units — positive in Saint-Jérdme vs. negative in Réservoir Pipmuacan
— local ecological factors such as stand composition, topography, and
microclimatic conditions likely mediate these processes. Consequently,
incorporating wind speed and precipitation into defoliation models on
a site-by-site basis is essential for accurately predicting SBW outbreaks
and tailoring more effective forest management strategies.

4.2. Methodological contributions and novelty

While our results reaffirm the documented influences of temper-
ature and precipitation on SBW dynamics, the principal contribution
of this study is methodological. We extend and operationalize the
adjacent-category autoregressive (ACAR) framework (Osse et al., 2023)
for ordinal defoliation time series, bringing together three proper-
ties rarely combined in outbreak analyses. First, it respects the or-
dered, categorical scale of defoliation by modeling adjacent-category
log-odds, thereby avoiding the information loss inherent to arbitrary
dichotomization or continuous approximations (Agresti and Kateri,
2011; Biirkner and Vuorre, 2019). Second, it embeds temporal de-
pendence through an explicit AR(1) structure on the linear predictor,
directly capturing epidemic memory and state persistence—an element
often highlighted as missing in conventional outbreak models (Royama,
1984; Sturtevant et al., 2015). Third, it remains fully interpretable, with
coefficients mapping to odds ratios that govern transitions between
neighboring defoliation states, in contrast to the opacity of many
machine-learning approaches increasingly applied to forest-disturbance
data (Hanberry, 2022). Taken together, these features distinguish the
ACAR framework from conventional logistic, multinomial, or general-
ized additive approaches, which typically neglect at least one of these
dimensions (Wood, 2017; Subedi et al., 2023; Régniére and Nealis,
2019).

Within this framework, the temperature response was modeled as a
quadratic curve, which makes it possible to identify a thermal optimum
— or tipping range — beyond which the risk of outbreak intensification
becomes highest. The steepness of the curve around this optimum
reflects the system’s sensitivity, indicating how strongly defoliation
dynamics respond to small shifts in temperature. These parameters
provide immediate ecological meaning and management relevance:
they delineate the ranges of temperature where interventions are most
critical and where forest systems may undergo non-linear shifts toward
elevated defoliation risk (Moise et al., 2019; Pureswaran et al., 2019).
Explicitly detecting such thresholds directly answers recent calls for
models capable of identifying non-linear ecological responses to climate
change (Seidl et al., 2017; Thom, 2023).

Beyond the single-site modeling, we complement the ACAR with
a clustering procedure based on a bidirectional AIC distance between
fitted models. Unlike traditional groupings based on static abiotic de-
scriptors, this method partitions landscapes according to the functional
similarity of their outbreak dynamics. This information-theoretic ap-
proach follows the philosophy of Burnham and Anderson (2002), where
AIC is used not only for single-model selection but also as a comparative
measure of model fit across competing hypotheses. By extending this
logic to a cross-application of fitted models, our framework explicitly
evaluates how well the process governing one landscape can explain the
data from another. This is conceptually aligned with the perspective
of Hilborn and Mangel (1997), who emphasize confronting ecologi-
cal models with empirical data as a critical step in evaluating their
generality and transferability. The resulting clusters encode ecological
memory, reveal policy-relevant thresholds (via 7* and curvature), and
align directly with site-specific climatic pressures.

Taken together, this methodological contribution advances both
theory and practice. It provides a general and extensible statistical
tool for ordinal ecological time series — such as disease-severity
scales, drought categories, fire-danger indices, avalanche-danger rat-
ings, air-quality index classes, trophic-state classifications of lakes,
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cluster 3
cluster 4

cluster 5

Fig. 6. Mapping clustered landscape units.

harmful-algal-bloom severity levels, coral-bleaching alert stages, river
ecological-integrity classes, ordinal abundance categories, and aggre-
gated phenological stages (Tramblay et al., 2020; Jolly et al., 2015) —
while simultaneously offering an actionable framework for forest man-
agement, enabling differentiated interventions at the landscape-unit
scale.

4.3. Legacy effects of historical defoliation events

Our findings indicate that defoliation dynamics within a given land-
scape unit depend not only on the current year’s climatic conditions
but also on the cumulative defoliation that occurred earlier in the
same outbreak cycle. The significant autoregressive terms reflect this
legacy effect: each successive year of moderate or severe defoliation
further weakens host trees, thereby increasing their likelihood of sus-
taining additional damage as the epidemic wave progresses (Nealis
and Régniere, 2021; Debaly et al., 2022; Osse et al., 2023). Persistent
defoliation can lead to a reduction in the photosynthetic capacity of
a tree, the depletion of its energy reserves, and the limitation of its
recovery capabilities, increasing its vulnerability to additional stressors
such as drought, secondary pests, or diseases (Wang et al., 2021;
O’Connell and Wiley, 2024; Deslauriers et al., 2019). In addition, this
cumulative effect can trigger a feedback loop in which declining forest
health increases the likelihood of further defoliation, thus amplifying
the long-term effects on forest structure and composition (Régniére and
Nealis, 2007; Chen et al., 2017b; Sturtevant et al., 2015). These results
highlight the need to integrate temporal factors and the legacy of
historical disturbances into models of defoliation dynamics and forest
management strategies. By appreciating the impact of previous condi-
tions, managers can more effectively predict the severity of outbreaks,
prioritize intervention strategies, and work towards preserving the
ecological integrity of forest ecosystems over time. Such a cumulative
effect aligns with previous research indicating that repeated defoliation
episodes gradually erode a tree’s vigor, increasing subsequent infes-
tation risks (Régniere and Nealis, 2007; Sturtevant et al., 2015). By
capturing these feedback loops, the ACAR model thus provides a more
realistic representation of defoliation trajectories in these vulnerable
forest stands.
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4.4. Advancements in management strategies

Although our findings support prior research advocating for differ-
entiated management strategies in boreal forests (Park et al., 2014;
MacLean, 2016; James et al., 2011; Hennigar and MacLean, 2010;
Venier and Holmes, 2010; Chavardes et al., 2021), they also pro-
vide significant advancements for managing SBW outbreaks in these
ecosystems. Modeling using the ACAR framework, which accounts for
both cumulative and autoregressive effects of defoliation, followed by
clustering, emerges as a valuable tool for environmental segmenta-
tion to inform targeted strategies, identify complex and transitional
zones, and optimize resource allocation. Homogeneous clusters, such
as clusters 4 and 5 identified in our analysis, enable the recognition of
specific climatic zones where long-term management strategies can be
effectively planned. By tailoring management approaches to the unique
characteristics of each cluster, resource allocation can be optimized,
prioritizing interventions in the most vulnerable or unstable areas.
The heterogeneous outcomes highlight the role of local environmen-
tal conditions — such as topography, microclimate, and more — in
shaping SBW outbreak dynamics. Consequently, they underscore the
need for nuanced, site-specific modeling approaches rather than generic
prescriptions, ensuring that forest management strategies can be better
aligned with the particular climatic and ecological contexts of each
landscape.

5. Conclusion

This study enhances our understanding of the non-linear and region-
specific dynamics associated with SBW outbreaks. The clustering anal-
ysis of landscape units highlights the critical importance of accounting
for local heterogeneity: certain clusters reveal distinct opportunities
for targeted interventions, whereas others exhibit more complex, over-
lapping trajectories that warrant further investigation. By assimilat-
ing these insights, it becomes apparent that adaptive and differen-
tiated management strategies, tailored to the specific conditions of
each cluster, are vital to mitigating both the ecological and economic
consequences of SBW outbreaks.

Looking ahead, spatially explicit and temporally sensitive modeling
approaches can refine predictions regarding the timing and location of
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outbreaks. Incorporating spatial dependencies into these models will
allow us to better capture the influence of forest composition, geo-
graphic features, and climate on both the initiation and propagation of
outbreaks. In particular, extending the ACAR framework to account for
spatial autocorrelation could improve predictive accuracy and provide
more realistic representations of cross-boundary spread processes such
as larval dispersal and host connectivity.

Beyond reaffirming the documented influence of climate, this study
advances the field in three key ways. First, it demonstrates that SBW
responses to seasonal temperature gradients are non-linear, reveal-
ing thresholds that mark tipping ranges for outbreak intensification
or decline. Second, it explicitly captures epidemic legacy effects by
embedding autoregressive terms in an ordinal framework, thereby
quantifying the ecological memory of each landscape unit. Third, it
introduces a novel clustering approach based on bidirectional AIC dis-
tance, which groups landscapes according to the functional similarity
of their outbreak dynamics rather than static abiotic descriptors.

Together, these innovations move beyond descriptive correlations
and provide an operational framework for forest management. By
segmenting the boreal forest into clusters with distinct outbreak trajec-
tories, the approach enables managers to tailor interventions to zones
of high vulnerability, anticipate threshold crossings, and avoid one-
size-fits-all prescriptions. While host composition and extreme climatic
events such as spring warm spells were not explicitly modeled, inte-
grating these factors represents a promising avenue for future research.
Ultimately, this framework contributes both conceptually and practi-
cally to adapting spruce budworm management strategies to the reality
of climate-driven disturbance dynamics.
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