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Wildfire containment probability is not affected by eastern spruce 
budworm defoliation in Ontario, Canada 
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ABSTRACT 

Background. Stand-replacing wildfires and eastern spruce budworm outbreaks (Choristoneura 
fumiferana; SBW) are important disturbances in the boreal forest. SBW defoliation can affect fire 
behaviour by altering fuel loads and connectivity, thereby promoting the transition of low- 
activity surface fires into crown fires. However, little is known about how these altered fuels 
impact the effectiveness of fire suppression. Aims. To assess key drivers of initial attack (IA) success 
in Ontario’s boreal forest and determine if incorporating SBW defoliation data improves predictive 
models. Methods. We developed random forest models of fire containment using established 
predictors including fire weather, fire size at IA and region. We then evaluated if the inclusion of 
time since SBW defoliation improved model performance. Key results. Fire size at IA was the most 
influential variable for determining whether a fire escaped containment. Contrary to our hypothesis, 
we did not find evidence that SBW defoliation greatly improved model performance. Conclusions 
and implications. The size of the fire at IA was the most important variable in determining 
successful containment. Although budworm defoliation has been shown to affect other aspects 
of fire hazard, we were unable to identify an influence on IA success. Future work could benefit 
from focused investigation into how historical SBW defoliation affects fire behaviour.  

Keywords: containment probability, defoliation, fire containment, forest fire, initial attack 
success, machine learning, random forest, spruce budworm, wildland fire. 

Introduction 

The boreal forest is the most expansive forest type in Canada, providing numerous 
ecosystem services to local communities and the global population (Gauthier et al. 
2015). The composition and configuration of the boreal forest that give rise to these 
services are shaped by dynamic landscape processes such as disturbances and succession, 
as well as topography, climate, and their spatial and temporal interactions (Turner 1989,  
2005). Boreal ecosystems have evolved with natural disturbances such as wildfires 
(Weber and Stocks 1998) and periodic insect outbreaks (Blais 1983). However, distur
bance regimes are shifting in terms of their frequency, severity and extent owing to 
climate change (Gauthier et al. 2015). These changes can produce novel and unexpected 
interactions that can alter landscape patterns and processes and thus shift ecosystems 
into alternative stable states (Dale et al. 2001; Buma 2015; Walker et al. 2023). 

The eastern spruce budworm (Choristoneura fumiferana; SBW) is a species of native moth 
that defoliates large areas of balsam fir (Abies balsamea) and spruce (Picea spp.) trees 
throughout the central and southern Boreal, the Acadian and the northern Great Lakes– 
Saint Lawrence forest regions (Fig. 1a). Outbreaks occur periodically every 30–35 years and 
can last anywhere from 5 to 15 years (MacLean 1980; Williams and Liebhold 2000; Jardon 
et al. 2003), depending on forest composition, stand age (Blais 1983) and climatic conditions 
(Gray 2008). Forest stand mortality can occur by the fourth year of an outbreak (Morris 1963), 
but changes to forest structure can continue for up to 14 years (Watt et al. 2018). 

These changes to forest structure following outbreaks have been hypothesised to influ
ence subsequent disturbances such as wildfires (Stocks 1987). Fire behaviour is driven by 
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what is commonly known as the ‘fire behaviour triangle’, 
composed of three interacting elements: weather, fuels and 
topography (Countryman 1966). Changes to the forest struc
ture directly affect fire behaviour by modifying the amount 
(i.e. load), connectivity, and moisture of the fuel. Increased 
surface fuel loads can create higher-intensity fires and greater 
fuel continuity from surface to crown that promote vertical 
fire spread (Watt et al. 2020) and high-intensity crown fires 
(Fleming et al. 2002; Candau et al. 2018). When stands have 
high canopy fuel loads and crown connectivity, active crown 
fires are more likely (Wagner 1977). 

SBW defoliation can influence fire behaviour by altering 
forest fuel abundance, connectivity and structure at varying 
temporal and spatial scales (Watt et al. 2018). Cumulative 
defoliation has been positively correlated with vertical fuel 
connectivity (Watt et al. 2018) whereas the time since defo
liation is associated with increased crown breakage and 
surface fuel accumulation (Stocks 1987; Watt et al. 2020). 
Defoliation begins at the tops of the trees, and following crown 
defoliation, the budworm begins feeding on older foliage, 
which ultimately leads to complete tree mortality (MacLean 
1984). Dead trees, branches and needles accumulate owing to 
windthrow and breakage (Stocks 1987; Péch 1993; Watt et al. 
2018), which contribute to the ladder fuels, lowering the crown 
to base height (CBH) and promoting fire spread into the canopy 
(Fleming et al. 2002). This change in fuel characteristics occurs 
at the hypothesised ‘window of opportunity’ (Fleming et al. 
2002; Watt et al. 2020), a time lag of 3–9 years following 
defoliation in which fuel changes pose the most significant fire 

risk (Fleming et al. 2002). Stocks (1987) found that within this 
timeframe, crown breakage went from 5 to 70%, thus increas
ing the surface fuel load. Watt et al. (2020) found a similar 
result, in which crown breakage increased by 200% within 
4 years (Watt et al. 2020). 

Models using historical data have also shown that cumu
lative defoliation affects the likelihood of lightning fire igni
tion in Ontario, where ignition probability increased 
following a lag of 8–10 years, hypothesised to be due to an 
increase in the surface fuel load (James et al. 2017). However, 
other studies looking at eastern SBW (Péch 1993) have found 
insect-related changes in fuels were not related to increased 
fire risk or crowning potential owing to high decomposition 
rates of downed wood (Péch 1993). A study conducted in the 
Cape Breton Highlands, a moist maritime climate, found there 
was no accumulation of fine fuels on the forest floor, as small 
woody fuels were fully incorporated into the forest floor 
within 1–2 years after falling to the surface (Péch 1993). 
Larger downed woody debris that did not decompose in the 
study time frame was too moist to contribute to fire propaga
tion (Péch 1993). This dampening effect on fire was further 
exacerbated by the proliferation of the understorey vegeta
tion, which reduced radiative heat transfer during a fire. Even 
under drought-like conditions, conventional initial attack (IA) 
tactics would be sufficient for wildfire suppression in moist 
maritime climates (Péch 1993). Other defoliators, like the 
western SBW (Choristoneura occidentalis), have been shown 
to decrease or have no effects on wildfire behaviour. Although 
this insect still affects fuel structure, it is hypothesised that fire 
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Fig. 1. The study region included the boreal shield of Ontario, Canada. Defoliation by the eastern spruce budworm 
(SBW) shares considerable spatial extent with fire ignitions across the province: (a) shows the area defoliated by the 
SBW between 1975 and 2018 shown as cumulative SBW defoliation in years, and (b) shows ignition density in the 
province of Ontario for 1990 to 2019 in ignitions per kilometre squared.   
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intensity (Cohn et al. 2014), occurrence (Lynch and Moorcroft 
2008) and severity (i.e. ecological impact; Meigs et al. 2015) 
may be decreased owing to a reduction in canopy fuels and 
increased understorey regeneration following defoliation. 
Despite this body of work on how insect outbreaks affect 
fire activity, there is a lack of consensus on how the spatial 
legacies of an eastern SBW outbreak might affect fire beha
viour and containment in Ontario. 

Despite the ecological benefits of wildfires, active fire 
suppression is always required in instances involving threats 
to people or values, especially in the wildland–urban inter
face. A primary goal of fire suppression is to contain the 
wildfire quickly to minimise the area burned and loss of 
values. Containment within Canada occurs when the Incident 
Commander classifies a fire as ‘being held’ (referred to in 
Ontario as BHE), which is an operational status assigned to a 
fire when it is considered unlikely to spread in forecast condi
tions owing to sufficient suppression resources and actions 
(Canadian Interagency Forest Fire Centre 2021). Wildfires 
that escape containment efforts can become very large and 
damaging, affecting both people and ecosystems (Fried et al. 
2007). The probability that a fire will escape IA efforts is 
influenced by many factors, many of which are also associated 
with high fire intensity and increased rates of spread (Collins 
et al. 2018). The probability of fire containment can be affected 
by weather (Arienti et al. 2006; Beverly 2017; Cardil et al. 
2018; Collins et al. 2018), fuel type (Flannigan et al. 2006;  
Cardil et al. 2018), fuel load (Collins et al. 2018), topography 
(Collins et al. 2018), fire behaviour (Cardil et al. 2018), agency 
response times (Arienti et al. 2006), allocation of resources 
(Flannigan et al. 2006; Collins et al. 2018), fire size at the time 
of IA (Arienti et al. 2006; Beverly 2017; Marshall et al. 2022) 
and time since prior wildfire disturbance (Beverly 2017). As 
fire spread rates increase and the fire perimeter grows, crews 
must establish a longer hose lay to contain the fire. Establishing 
a perimeter takes time, and if the fire increases in intensity, 
ground crews may be unable to control the fire (Collins et al. 
2018). It is expected that the probability of containment will 
decrease owing to the cumulative effects of SBW defoliation on 
surface fuel accumulation, fire intensity and crowning potential 
(Stocks 1987; James et al. 2017; Candau et al. 2018; Watt et al. 
2018), all of which can contribute to fires that are challenging 
to control (Beverly 2017; Collins et al. 2018). 

In this study, we investigated the determinants of IA 
success in the boreal forests of Ontario, Canada, and 
whether the inclusion of SBW defoliation history improves 
predictive models of containment. Specifically, we devel
oped random forest models of wildfire containment using 
historical fire occurrence records and aerially mapped SBW 
defoliation data. We compared models of IA success with 
and without information on SBW defoliation using several 
metrics of model performance, including accuracy, specificity, 
sensitivity and the area under the receiver operator curve 
(AUC). We hypothesised that SBW defoliation data would 
improve model performance owing to its effect on fuels. We 

further hypothesised that defoliation from 6 to 9 years prior to 
the fire event (i.e. within the historical window of opportu
nity) would have a greater influence on IA. Understanding this 
relationship between insect-altered fuels and wildfire contain
ment is important, as climate change is altering disturbance 
regimes in terms of their frequency, severity and extent, with 
potential disruption to ecosystem services (Gauthier et al. 
2015). Fires that escape IA efforts can lead to widespread 
consequences to human health and the loss of values. With 
the additional uncertainty that comes with novel fuel types, 
ecosystems could shift to alternative stable states, thus disrupt
ing numerous ecosystem services (Dale et al. 2001; Buma 
2015; Walker et al. 2023). 

Methods 

Study region 

We modelled IA success in the boreal forest region of 
Ontario, Canada (Fleming et al. 2002; Crins et al. 2009), a 
region with a long history of SBW defoliation (Fig. 1a) and 
wildfire disturbances (Fig. 1b). Ontario is divided into ecor
egions based on similarities in climate, vegetation and bed
rock geology (Crins et al. 2009). Eastern ecoregions within 
the province have greater mean annual precipitation com
pared with the west (Crins et al. 2009). Western ecoregions 
typically experience more severe drought conditions that 
are conducive to frequent, large fires (Crins et al. 2009;  
Parisien et al. 2011). Forest types across the eastern and 
western ecoregions include a combination of Boreal and 
Great Lakes–Saint Lawrence forest types. Boreal forest fire 
regimes involve small frequent fires, with occasional large 
stand-replacing fires (Weir et al. 2000). In the mixed-wood 
forests, fire return intervals range between 63 and 210 years 
(Crins et al. 2009). As coniferous composition increases, the 
fire return interval decreases. Upland coniferous forests in 
these regions see fire return intervals of 30–187 years, and 
fires in jack pine stands range from 50 to 187 years, and are 
often stand replacing. Lowland coniferous forests have lon
ger return intervals of 150–6000 years and are of varying 
intensity (Crins et al. 2009). 

Data 

We modelled a binary response of IA success using environ
mental and fire management predictors that have been pre
viously shown to affect containment probability (Table 1). 
Environmental predictors such as fire weather, fuel type, 
SBW defoliation history, ecoregion and fire season have 
been shown to influence fire behaviour and thus have poten
tial to create conditions in which a fire would be difficult to 
control. We also included fire management predictors such 
as fire size at onset of IA and fire crew response time. Each 
variable was spatially and temporally restricted to each fire 
ignition point included in this study. 
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IA success 
A fire is classified as successfully contained when it is not 

expected to grow further owing to adequate resources and 
suppression efforts (i.e. BHE stage of control). There are 
many ways that a wildfire can be classified as contained or 
escaped, but for the purposes of this study, a fire was deemed 
contained if it was being held by 13:00 hours the day fol
lowing IA. Previous work has found no significant difference 
in the classification of IA success and failure across defini
tions in modelling wildfire containment (Korkola et al. 
2024). According to the definition of 13:00 hours to BHE, 
83.1% of fires in Ontario are classified as successfully con
tained. Using unbalanced datasets for machine learning mod
els can bias results towards the majority class. In this case, 
the model can classify all fires as contained and still have 
high overall accuracy. To correct for imbalance in the data, a 
down-sampling approach was used on the majority class 
during random forest building. Observations from majority 
and minority classes (N = 700) in the training data were 
randomly sampled with replacement for each iteration of the 
random forest. 

Fire data 
This study uses historical fire ignition data (1990–2019) 

for Ontario, Canada, provided by the Ontario Ministry of 
Natural Resources (OMNR). For each ignition, information 
documenting fire weather, fuel type, agency response time 
and fire season was extracted. Fire season was represented 
as a binary categorical variable such that ignitions before 15 
June were considered spring fires, and ignitions after this 
date were considered summer fires (James et al. 2017). 
Agency response time was calculated by taking the differ
ence between the reported time of the fire and the time of 
IA, represented in hours. 

SBW defoliation data 
Time since the onset of defoliation (TSD), reported in years 

from 0 to a maximum of 15 years, was used to include SBW 
defoliation in the model. This categorical SBW defoliation 
predictor was computed using aerially mapped SBW defolia
tion data (1975–2018) provided by the OMNR (James et al. 
2011, 2017). Ignition points were joined to defoliation poly
gons using a buffer of 500 m around each ignition to account 
for spatial uncertainty in defoliation polygon boundaries. 
Other fuel types in our study were represented by categories 
in the Canadian Forest Fire Behaviour Prediction (FBP) 
System (Forestry Canada Fire Danger Group 1992). FBP 
System fuel type information for each ignition location was 
included in the OMNR ignition database. Fuel types included 
Spruce–Lichen Woodland (C-1), Boreal Spruce (C-2), Mature 
Jack Pine (C-3), Immature Jack Pine (C-4), Red and White Pine 
(C-5), Conifer Plantation (C-6), Boreal Mixedwood (M-1, M-2), 
Dead Balsam Fir Mixedwood (M-3, M-4), Deciduous (D), 
Slash (S), Matted Grass (O-1A) and Standing Grass (O-1B). 

Weather data 
Daily observations at 13:00 hours Local Daylight Time 

(LDT) for temperature, 24-h precipitation, relative humidity 
and wind are used as inputs for the Canadian Forest Fire 
Weather Index (FWI) System (Van Wagner 1974). The FWI 
System provides a relative rating of fuel moisture in three 
forest floor layers (Van Wagner 1974), represented by the 
Fine Fuel Moisture Code (FFMC), the Duff Moisture Code 
(DMC) and the Drought Code (DC). The DMC and DC 
together form the Build-up Index (BUI), which captures the 
amount of fuel available for combustion and the difficulty in 
fire extinguishment (Van Wagner 1974). The Initial Spread 
Index (ISI) describes the potential rate of spread of a fire 
based on FFMC and wind speed (Van Wagner 1974). Finally, 

Table 1. Variables that were included in the SBW and null random forest models.    

Variable Description   

Size at IA The size of the fire in hectares at the onset of initial attack efforts 

Response time The time between the time the fire was reported and the time of initial attack in hours 

BUI Build Up Index, a unitless indicator of the fuel available for consumption by a fire 

ISI Initial Spread Index, a unitless value representing potential fire spread 

FFMC Fine Fuel Moisture Code, a value that represents fuel moisture content of fine fuels and litter 

DC Drought Code, a value that represents moisture content in deep organic layers 

FWI Fire Weather Index, a unitless value representing fire intensity 

DMC Duff Moisture Code, a value that represents the moisture content in the organic layer 

TSD The time since the onset of defoliation in years before the fire ignition 

Fuel type The type of fuel the fire ignited in, as represented by the Fire Behaviour Prediction System fuel categories 

Season The season that the fire started in, a binary variable for spring and summer with a threshold of 15 June 

Ecoregion The Ontario ecoregion in which the fire ignited   
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the ISI and BUI are used to calculate the FWI, which 
describes potential fire intensity (Van Wagner 1974). Fire 
weather indices were interpolated to each fire ignition loca
tion using the OMNR weather stations and thin plate splines 
(Flannigan and Wotton 1989; Wheatley et al. 2022). 

Modelling 

Random forest 
The random forest procedure is a machine learning method 

that combines classification trees to identify more accurate 
and stable results than one would find using single trees 
(Breiman 2001). Combinations of independent variables are 
used to explain variation in the categorical response variable 
by continually splitting the data into more uniform groupings 
(De’Ath and Fabricius 2000). These splits aim to make the 
groups as homogeneous as possible based on the data’s pro
portion of IA successes and failures. Prior studies have opted 
to apply random forest methods in IA success modelling 
owing to the high predictive accuracy and ability to avoid 
overfitting (Collins et al. 2018; Marshall et al. 2022). Using 
the randomForest package in R (Breiman 2001; Liaw and 
Wiener 2002), we created two random forest models, one 
with and one without TSD as a predictor. We used r times 
k-fold cross-validation using the caret package (Kuhn 2008), a 
technique in which the data are split into k number of equal 
folds. Cross-validation allows the testing of model perform
ance on unseen data. In r times k-fold cross-validation, the 
data are trained on the k-1 fold while the other folds are used 
for testing. The process is repeated r times using different 
splits into k folds. The parameters for our cross-validation 
were r = 10 and k = 10. 

Variable selection and importance 
We used the mean decrease in accuracy (MDA) to deter

mine the main drivers of wildfire containment. The MDA is a 
measure of how much accuracy the model loses by exclud
ing that variable. Variable importance measures provide 
information on the main contributors to IA success. Low 
MDA values (i.e. values approaching zero) contribute very 
little to the model’s overall accuracy whereas negative MDA 
values suggest predictive accuracy generally increases when 
these variables are removed. Model covariates with the low
est variable importance scores were iteratively removed 
until model accuracy was no longer improved. Removal of 
low-importance variables can increase model interpretabil
ity and redundancy across predictors in order to determine 
the main drivers of containment in Ontario. Partial depen
dence plots (PDPs) were used as a graphical representation 
of the marginal effects of each predictor on the response, in 
this case, the probability of containment. We used the iml 
package in R for all PDPs (Molnar et al. 2018). 

We identified fire size at IA as the most important varia
ble in both the null and SBW models (see Results) and 
therefore created a simple random forest model of fire size 

at IA to determine whether TSD contributed to fire size. We 
used fire weather (FFMC, DMC, DC, ISI, BUI and FWI), 
response time, fuel type, season and TSD to model fire size 
at IA. We assessed variable importance using the percentage 
increase in mean squared error (%incMSE), which evaluates 
model accuracy when variables are permuted. Higher values 
represent greater importance in the model. 

Analysis 

Performance metrics 
All statistical tests and analysis were completed using R 

statistical software (R Core Team 2024). The performance of 
our two models were evaluated using four commonly used 
machine learning metrics: overall accuracy, sensitivity, speci
ficity and AUC using packages caret (Kuhn 2008) and pROC 
(Robin et al. 2011). Overall accuracy captures the model’s 
ability to correctly classify a fire as escaped or contained out 
of all the predictions. Sensitivity refers to the model’s ability 
to correctly classify IA success whereas specificity refers to the 
model’s ability to classify IA failure correctly. Finally, AUC 
captures the model’s ability to distinguish between successes 
and failures, where 1 is perfect distinguishment, and 0.5 is no 
better than random. Accuracy, sensitivity and specificity are 
all expressed on a continuous scale between 0 and 1, where 0 
indicates poor distinguishment between classes and 1 indi
cates perfect discriminatory ability. The Youden Index was 
used to determine the optimal cut-off threshold for classifica
tion on the receiver operator curve (ROC) (Youden 1950). 
Using multiple metrics can help determine whether the model 
is overfitting or accurately predicting IA success from failure. 
The distribution of each performance metric generated from 
the repeated 10-fold cross-validation procedure was used in a 
modified paired t-test to determine if model metrics were 
significantly different. 

Significance testing 
We used a modified paired t-test at significance level 

alpha = 0.05 (Nadeau and Bengio 1999; Bouckaert and 
Frank 2004) to determine if there were significant differ
ences between the performance metrics derived from mod
els that did and did not include TSD as a predictor. The t-test 
pairs were the outputs from the r times k-fold CV (Cross- 
Validation), in which there were 100 pairs for each accuracy 
metric. We did not use a classic t-test to compare the means 
because values taken from the output of a cross-validation 
violate the assumption of independence and often result in a 
high Type I error (Nadeau and Bengio 1999). The modified 
paired t-test was performed on the results of the repeated 
k-fold cross-validation test and is expressed as: 

( )
t

x
=

+ ˆ

kr i
k

j
r ij

kr
n
n

1
=1 =1

1 22
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where k is the number of folds, r is the number of 
repetitions, x is the difference between the two means for 
run i in fold j, n2 is the number of fires used for testing, and 
n1 is the number of fires used for training. 

Results 

From the original 36,031 fires in the OMNR database, 5080 
fires were retained for modelling after exclusions. Of these 
fires, 83.1% were considered a successful IA containment, and 
55% occurred in fuels with a defoliation history of up to 
15 years. Fire size at IA for contained fires averaged 
0.63 ha, with a median value of 0.3 ha whereas the average 
initial fire size for escaped fires was 7.16 ha, with a median 
value of 1.5 ha (Fig. 2). We restricted our analysis to fires with 
a reported IA or BHE date. Fires lacking this information were 
assumed to be ‘being observed’, where suppression was not the 
main objective. Further restrictions included only modelling 
lightning-caused fires occurring between April and October. 
We restricted our analysis to lightning ignitions only, because 
anthropogenic fires tend to have different environmental driv
ers and are not equally distributed geographically. Fires out
side the April–October fire season were excluded to limit 
confounding factors such as a reduction in available suppres
sion resources. Fires with a final reported size of 0.1 ha were 
also excluded. In Ontario, the smallest reported fire size is 
0.1 ha, but this category includes a range from 0.01 to 0.1 ha, 
making it challenging to accurately capture fire growth at 
these smaller sizes. Fires were also excluded if the response 
time exceeded 48 h, as these fires would have already escaped 
IA efforts and could be classified as response failures rather 
than containment failures (n = 1124). 

The initial model of IA success included variables such as 
fire size at IA, fire weather indices (FFMC, DMC, DC, ISI, 

BUI, FWI), ecoregion, fuel type, season, response time and 
TSD (time since onset of defoliation). The overall accuracy 
of the full model was 0.85 (s.d. 0.02) with an AUC of 0.81 
(s.d. 0.03). Variables with low importance based on the 
MDA were iteratively removed until model accuracy was 
no longer improved. 

Variables retained in the final SBW model included fire 
size at IA, FFMC, DMC, DC, BUI, ISI, FWI, ecoregion and 
TSD. The most important variable was the size of the fire at 
IA, followed by FWI and ISI (Fig. 3a). Response time, fuel 
type and season were removed owing to low MDA values. 

Partial dependence plots (PDPs) were used to illustrate 
the marginal effects of each predictor on the probability of IA 
success with all other predictors held constant (Fig. 4). For 
the SBW model, the probability of containment decreased as 
the size at IA increased. When fire size at IA was 0.1 ha, the 
likelihood of containment was 92%. At 1.4 ha, there was a 
50% chance of BHE by 13:00 hours the next day. Once fires 
surpassed 2 ha in size, the probability of containment 
dropped to 11%. Generally, as FWI values increased, the 
probability of containment steadily decreased. When ISI 
values were below 5, containment probability was generally 
higher, after which containment likelihood dropped and 
then steadily increased. Low BUI values (<25) were associ
ated with lower IA success probabilities, whereas higher 
values were typically associated with greater containment. 
As DMC increased, the probability of containment also 
increased, with the lowest IA success probability occurring 
at DMC < 10. Containment probability generally increased 
with higher FFMC, but decreased once values exceeded 
approximately 85. Although it was least important in the 
model, the PDPs for TSD showed that increasing TSD gener
ally lowers the probability of containment, especially at time 
lags greater than 9 years from the onset of defoliation. A 
value of 0 represented fires that did not burn in defoliated 
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areas and showed a lower probability of containment com
pared with defoliated areas. 

Model predictive accuracy was assessed using overall 
accuracy, specificity, sensitivity and AUC. The SBW model 
performed well, with values for overall accuracy, sensitivity 
and AUC approaching 1, representing a near-perfect class 
distinction between IA success and failure. Model specificity 
was generally lower owing to IA failures being rare events in 
our data. The out of bag (OOB) error was 17.78%. The 
overall mean accuracy of the SBW model was 0.852 (s.d. 
0.016), AUC was 0.814 (s.d. 0.024), specificity was 0.507 
(s.d. 0.056) and sensitivity was 0.922 (s.d. 0.014). Together, 
these metrics indicate good model performance. 

A null model was also created that excluded SBW defolia
tion as a predictor. The final null model included size at IA, 
FWI, ISI, BUI, DMC, FFMC, DC and ecoregion. Response time, 
fuel type and season, were removed owing to low variable 
importance. The size of the fire at IA was again the most 
important predictor, followed by FWI and ISI. Of the lowest 
importance in the model were DC and ecoregion (Fig. 3b). 

The fire size at IA had the highest MDA value in the null 
model. Variables of the highest importance in the model 
tend to show greater variation in the PDPs (Fig. 5). As size at 
IA increased, the probability that a fire was contained 
decreased sharply. At an initial fire size of 0.1 ha, the 
likelihood of containment was 92%. Once fires exceed 
2 ha, the probability of containment dropped to less than 
10%. As FWI increased, the probability of containment 
decreased, with high and extreme values having lower suc
cess rates. ISI values of ~5–7 tended to have lower contain
ment. Lower BUI showed lower containment whereas higher 
values showed high containment likelihoods. Lower DMC 

values had lower containment, but at values of ~10, con
tainment likelihood increased. 

The null model generally performed well across all accu
racy metrics (Table 2) and was similar in terms of perform
ance to the model that included SBW defoliation. The mean 
OOB error for this model was 18.15%. The mean overall 
accuracy was 0.852 (s.d. 0.017), the mean AUC was 0.806 
(s.d. 0.025), the mean specificity was 0.515 (s.d. 0.058) and 
the model sensitivity was 0.921 (s.d. 0.015). 

Paired t-tests were completed for each of the accuracy 
metrics: overall accuracy, AUC, sensitivity and specificity to 
assess for significant differences between the SBW and null 
model (Table 3). Although accuracy metric values differed 
slightly, these differences were generally not statistically 
significant (Table 3). Accuracy values were not significantly 
different (t = −0.063; d.f. = 99; P = 0.950), nor were 
specificity values (t = −0.736; d.f. = 99; P = 0.463) or 
sensitivity values (t = 0.427; d.f. = 99; P = 0.670). However, 
the difference between the SBW and null model AUC values 
was significantly different (t = 2.798; d.f. = 99; P = 0.006). 
The higher AUC value in the SBW model indicated that 
including SBW defoliation as a predictor improves the 
model’s ability to distinguish between IA success and failure. 

The size of the fire at IA was the most important determi
nant of IA success in both final models. Given our interest in 
the role of historical defoliation on containment success, we 
created a simple random forest model to determine if TSD 
influenced the fire size at IA. We found that the overall 
percentage variance explained was low (−1.52%), suggesting 
the model performs poorly and that size at IA is not influenced 
by the TSD predictor. We used the %incMSE to assess variable 
importance. Weather variables were the greatest predictor of 
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Fig. 3. Comparison of variable importance represented by the mean decrease in accuracy (MDA) for the (a) SBW model, and the (b) 
null model. Variables are ordered along the x axis in increasing order of the median MDA value. Fire Size at IA was the most important 
variable in both models. Abbreviations used are: TSD, time since onset of defoliation; DC, Drought Code; FFMC, Fine Fuel Moisture 
Code; DMC, Duff Moisture Code; BUI, Build-Up Index; ISI, Initial Spread Index; FWI, Fire Weather Index; IA, Initial Attack.   
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size at IA, specifically FWI, DC and DMC. Response time was 
the next most important variable in the model. Fuels and 
season were of lower importance and TSD was of the lowest 
importance in the model. The variable importance plot is 
shown in Supplementary Material S1. 

Discussion 

This study modelled IA success probability in Ontario, 
Canada, using several environmental and fire management 

variables, including spruce budworm defoliation history 
(TSD). Our objective was to evaluate whether the inclusion 
of TSD enhanced the predictive performance of IA models. 
Previous research has established a link between SBW defo
liation and wildfire behaviour due to changes in forest fuel 
structure (Stocks 1987; Watt 2014; Watt et al. 2020). 
However, our findings suggest that the effect of SBW defoli
ation on IA success is limited. 

Models that both did and did not include SBW defoliation 
history showed that the most important variables used 
to determine IA success were fire size at IA, FWI and ISI, 
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Fig. 4. Partial dependence plots (PDPs) for the SBW random forest model of IA success. PDPs are a graphical representation of single 
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consistent with previous findings (Arienti et al. 2006;  
Beverly 2017; Marshall et al. 2022). These factors reflect 
the difficulty in containing larger, more intense and rapidly 
spreading fires. As the fire size at IA increased, the probabil
ity of containment dropped rapidly, consistent with past 
research showing that IA is most successful on small fires 
(Reimer et al. 2019). Fires that surpassed 2 ha in size before 
IA had a less than 10% chance of successful containment by 
13:00 hours the following day. Larger fires at the onset of IA 
typically demand more resources and occur under more 
extreme fire weather conditions, making direct suppression 
tactics more difficult and time consuming. 

Other important variables in our models included the fire 
weather indices, mainly FWI and ISI. These predictors had 
lower MDA values compared with the fire size at IA; how
ever, previous work has also shown these variables to be 
important for understanding IA success and fire behaviour 
(Arienti et al. 2006; Flannigan et al. 2006; Podur and 
Wotton 2010; Beverly 2017; Cardil et al. 2018; Collins 
et al. 2018). The FWI is a general indicator of fire intensity, 
in which higher values reflect conditions under which fires 
are more difficult to suppress. The ISI, an index of rate of fire 
spread, also showed an inverse relationship with IA success. 
However, these relationships were more complex, as the 
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Fig. 5. Partial dependence plots for the null random forest model of IA success. Abbreviations used are: DC, Drought Code; FFMC, 
Fine Fuel Moisture Code; DMC, Duff Moisture Code; BUI, Build-Up Index; ISI, Initial Spread Index; FWI, Fire Weather Index; IA, 
Initial Attack.   
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partial dependence plots suggest that containment likelihood 
first decreases and then increases as ISI values rose above 5. 
These non-linear effects likely reflect the dynamic interac
tion between fire behaviour, resource availability and sup
pression tactics. Fire management agencies can adjust their 
tactics and prioritise fires when fire weather indices are high 
to ensure quick response and sufficient resources. However, 
we also acknowledge that the fire weather indices are often 
highly correlated (see Supplementary Material S2). Random 
forest models use ensemble learning and a random subset of 
predictors at each split, making them less affected by this 
problem. As a result, we chose to include all the FWI predic
tors, even though FWI and BUI were highly correlated with 
the other fire weather indices (Supplementary Material S2). 
However, variable importance scores (MDA) can be affected 
by correlation among predictors. To further determine if our 
results were sensitive to high correlation between the fire 
weather indices, we built the same random forest models 
(SBW and null model) but without the inclusion of BUI and 
FWI. We found that our main results were robust and that 
size at IA was still the most important variable followed by 
ISI and FFMC. The variable importance plots can be found in 
Supplementary Material S3. 

The inclusion of spruce budworm defoliation history 
through the TSD variable did not considerably improve 
model predictive performance, despite the previously 
described effects of SBW on forest fuels and fire behaviour 
(Stocks 1987; Fleming et al. 2002; James et al. 2017; Candau 
et al. 2018; Watt et al. 2018, 2020; Fettig et al. 2022). 
However, there was evidence that AUC was slightly, and 
significantly, higher in the model that included TSD, suggest
ing that the SBW model was better able to distinguish between 
IA success and failure. The PDPs indicate that areas with long- 
term defoliation (>9 years) may have marginally reduced IA 
success, which may reflect structural changes in fuels (Watt 
et al. 2018, 2020) and associated hypothesised increases in 
fire intensity (Stocks 1987). Previous work has identified a 
‘window of opportunity’, typically 3–9 years following an 
outbreak, during which fire risk and fire behaviour are highest 
(Stocks 1987; Fleming et al. 2002; James et al. 2017). This 
period is characterised by the accumulation of ladder fuels, 
which enhance the potential for surface fires to transition into 
crown fires by creating a more continuous vertical fuel struc
ture (Stocks 1987; Watt et al. 2018). Increased crown break
age and the falling of standing dead trees contribute to an 
increase in the surface fuel load and eventual reduction in 
canopy fuels (Flower et al. 2014; Watt et al. 2020). Our 
findings indicate that although SBW defoliation may improve 
model discriminatory ability, its influence on the probability 
of successful IA appears to be limited compared with factors 
like fire size and weather. 

Possible reasons for the relatively small effect of SBW on 
IA success in this study could be related to the scale and 
timing of defoliation data used. We used spatially aggre
gated, provincial-level defoliation data that may not capture 
the fine-scale variations in fuel conditions that could influ
ence the effectiveness of IA operations. FBP fuel types may 
not accurately capture stand structural changes from defoli
ation that are relevant for understanding IA or fire beha
viour in these altered stands (Phelps and Beverly 2022). 
Additionally, we did not account for stand age or succession 
in our fuel representation; instead, we used a time since 
onset of defoliation variable (TSD), which may not capture 
fine-scale fuel changes or follow predictable succession 
pathways (Beverly 2017). Much of the work investigating 
the interaction between insect-related fuel changes and 
wildfire is that of statistical modelling and simulation 
(Lynch and Moorcroft 2008; James et al. 2017; Candau 
et al. 2018) rather than empirical field studies (Watt et al. 
2018; Watt et al. 2020). Future research should focus on 
better quantifying stand-scale insect-related fuel changes 
and how these changes influence wildfire behaviour directly 
rather than through human thresholds of suppression. 
Alternatively, the impact of SBW defoliation may be more 
pronounced during moderate fire weather, where additional 
fuel loads could amplify fire behaviour and overwhelm 
suppression capabilities. Many fires that escaped IA in the 
present study occurred during extreme fire weather and 

Table 2. The mean and s.d. for the random forest performance 
metrics.      

Mean ± s.d. 

Metric SBW model Null model   

Accuracy 0.852 ± 0.016 0.852 ± 0.017 

AUC 0.814 ± 0.024 0.806 ± 0.025 

Specificity 0.507 ± 0.056 0.515 ± 0.058 

Sensitivity 0.922 ± 0.14 0.921 ± 0.015 

OOB error (%) 17.78 18.15 

Means and s.d. were a result of the repeated k fold cross validation (r = 10, 
k = 10). The SBW model includes time since onset of defoliation (TSD) as a 
predictor whereas the null model does not. Abbreviations used are: SBW, 
spruce budworm; AUC, area under the receiver operator curve; OOB, out 
of bag.  

Table 3. The t-scores and P-values for each model were calculated 
from the modified paired t-test (d.f. = 99, alpha = 0.05) for each 
performance metric.     

Metric t-score P-value   

Accuracy  −0.063  0.950 

AUC  2.798  0.006 

Specificity  −0.736  0.463 

Sensitivity  0.427  0.670 

A paired t-test was used to determine if there were significant statistical 
differences between the means of the SBW and the null model. AUC was 
the only performance metric with significant differences (alpha <0.05). 
Abbreviations used are: SBW, spruce budworm; AUC, area under the receiver 
operator curve.  
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with large IA sizes, a scenario in which the added complex
ity of altered fuels may be masked (Hart et al. 2015). 

Other possible reasons for the lack of SBW defoliation 
influence on IA success could also be increased crown loss 
after top-kill, which reduces the canopy fuel load and thus 
the potential for torching and crown fire spread (Stocks 
1987; Lynch and Moorcroft 2008; Flower et al. 2014). 
Other factors could be related to fuel decomposition rates 
and understorey proliferation, which would reduce the sur
face fuel load and increase humidity within the stand (Péch 
1993; James et al. 2017). Regardless, this result showing the 
lack of an effect of SBW on IA is important as it highlights 
the complex relationships between insect outbreaks and 
wildfires (Fettig et al. 2022). Although some aspects of 
wildfire activity may be affected by outbreak legacies (e.g. 
ignition; James et al. 2017), it is not necessarily so that other 
aspects (e.g. IA success) are equally affected. More research 
is needed to better understand the complex, spatially vary
ing relationships between insect outbreak impacts, fire 
behaviour and the efficacy of IA suppression. 

We further explored the effect of fuels and TSD on the 
size of the fire at IA. We reasoned that if TSD did not directly 
affect IA, and that size at IA was the most important deter
minant, perhaps TSD indirectly affected IA success through 
its influence on the size of a fire at IA. Defoliation alters the 
fuel complex, potentially increasing the surface fuel load, 
increasing fuel drying from greater canopy openness, and 
promoting greater connectivity between surface and crown 
fuels. These insect-related changes can alter fire intensity 
and rates of spread, thus contributing to greater area burned. 
However, we found that weather and response time were the 
main determinants of initial fire size, whereas fuels and TSD 
were of low importance. We understand that modelling fire 
size at this spatial and temporal scale could lead to the lack 
of influence of fuels on fire size, in which large amounts of 
variation are not accounted for by weather, response times 
and fuels alone. This complex relationship requires further 
study that is beyond the scope of this paper. 

For this study, we defined a fire as contained when it was 
BHE before 13:00 hours the day after IA. This period is 
critical during suppression, as fire agencies want to contain 
a fire before the following burning period, in which fire 
behaviour peaks and therefore fires become much more 
difficult to control. This definition was chosen to limit the 
conditions of the fuels and weather to the ignition points for 
which we had available data. We assumed that a fire could 
be deemed difficult within the first firefighting efforts as a 
result of the SBW fuels, which could delay crews from 
establishing the fire perimeter and thus deeming it BHE or 
contained. Most studies use either a time-based definition 
(Collins et al. 2018; Marshall et al. 2022; Wheatley et al. 
2022), as we used here, or a size-based definition (Arienti 
et al. 2006; Podur and Wotton 2010). We found that a size 
definition was not appropriate for our study as we were only 
looking at the initial conditions surrounding fire ignition. 

Also, previous work has found that the definition of success
ful containment does not greatly impact model results, and 
that these definitions should be chosen based on specific 
objectives (Korkola et al. 2024). The use of a threshold for 
IA success could also be a reason for the lack of evidence of 
SBW on containment probability rather than the use of fire 
behaviour outputs. Previous work has linked defoliation to 
fire behaviour (Fettig et al. 2022); however, this dynamic 
process in which fuels, weather and topography affect fire 
behaviour may not be well represented in an arbitrarily 
defined threshold such as fire containment. 

The defoliator–wildfire interaction is challenging to 
quantify owing to the dynamic temporal and spatial changes 
in forest fuels, in which one must account for the effects of 
cumulative defoliation and the time since the defoliation or 
mortality. Improving our understanding of the mechanisms 
driving fire behaviour is crucial for enhancing our ability to 
model the complex interactions between insect outbreaks 
and wildfire dynamics. This lack of consensus on whether 
SBW increases fire behaviour or risk is in part due to the 
range of spatial and temporal scales that these disturbances 
occur at as well as the wide range of fire behaviour variables 
that can be used as a response (James et al. 2017; Fettig 
et al. 2022; Romualdi et al. 2023). This interaction between 
wildfire and defoliators also varies across its boreal range 
with evidence in the eastern parts of Canada showing no 
increase in wildfire risk following defoliation from the east
ern SBW (Péch 1993). These results are limited to the east
ern SBW and may not be applicable to other insect systems 
like the mountain pine beetle (Dendroctonus ponderosae) 
and western spruce budworm. 

This study was restricted to lightning fires that occurred 
between 1990 and 2019 for the province of Ontario. We 
focused on lightning-caused fires to isolate the natural driv
ers of fire occurrence and minimise the influence of human 
ignitions. However, this focus on a specific ignition type 
could be a potential reason that season and response time 
had low importance in the initial models. Human-caused 
fires typically dominate in the spring, whereas lightning- 
caused fires dominate in the summer (Stocks et al. 2002). 
Restricting our analysis to lightning fires would reduce the 
variability in the season predictor and give it low importance 
in our model. Additionally, response times are generally 
longer for lightning ignitions compared with human-caused 
ignitions, which tend to be in more densely populated areas 
with quicker detection (Wotton and Martell 2005). 

Conclusion 

The boreal forest is expected to be the most affected by 
future climate change of all biomes (Gauthier et al. 2015). 
As a result, disturbance regimes are expected to shift in 
terms of their frequency, severity and extent. Climate 
change is expected to affect forest insect pests, including 
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the outbreak dynamics and spatial extent of the SBW, through 
both direct and indirect effects (Candau and Fleming 2011). 
Independently of changes to fuel abundances and connectivity 
due to insect activity, forest fires are also increasing in fre
quency and severity owing to climate change (Podur and 
Wotton 2010). Evidence suggests that the altered stand struc
ture left behind by the SBW increases the probability of fire 
ignition (James et al. 2017) and severity (Fleming et al. 
2002). These changes could also impede crew movement 
and alter air attack effectiveness, therefore affecting fire sup
pression efforts (Beverly 2017). We can expect to see a greater 
interaction between these two disturbances due to the consid
erable spatial extent of the SBW as well as the effects of 
climate change (Fleming et al. 2002; Candau and Fleming 
2011; Régnière et al. 2012). These impacts will disrupt many 
ecosystem services, forest habitats and economic benefits. 

Contrary to expectation, we did not find any strong evi
dence that SBW defoliation on its own affected wildfire 
containment probability. Rather, fire size at the time of 
initial attack and fire weather conditions remain the stron
gest predictors of IA success. Although SBW defoliation did 
not greatly improve model performance, it remains a varia
ble of interest owing to its potential effects on fire ignition 
and spread. Future research should further investigate the 
initial fire behaviour in SBW-affected areas, especially con
sidering the expected increase in fire load due to climate 
change. Understanding the dynamic changes in fuels due 
to defoliation and decomposition rates is needed for improv
ing fire management strategies in the context of increasing 
wildfire activity and increasing uncertainty due to climate 
change. 

Supplementary material 

Supplementary material is available online. 
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