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ABSTRACT

Accurate modeling and simulation of forest land cover change resulting from epidemic insect
outbreaks play a crucial role in equipping scientists and forest managers with essential insights.
These insights enable proactive planning and the formulation of effective strategies to mitigate
the impact of such disturbances. By employing advanced modeling techniques, researchers
and managers can anticipate the evolving dynamics of forest ecosystems, thereby facilitating
timely interventions and sustainable management practices. In this study, we applied sixteen
machine-learning models, plus two ensemble averaging procedures, to Mountain Pine Beetle
(Dendroctonus ponderosae) infestation data in British Columbia, to calculate projections of
insect-induced deforestation. Model drivers included topographic, climatic and adjacency
variables. We verified the results of the simulations by randomly splitting datasets between
training and test subsets (aka Validation assessment), as well as by comparing future projec-
tions with observations (aka Prediction assessment). All calculations were carried out for
different mountain pine beetle map sets and time differences, and we employed up to seven
performance metrics (six threshold-dependent and one threshold-independent) and four error
metrics to assess goodness of prediction. ANCOVA tests were then run on metric results to test
differences between Validation and Prediction assessments. In addition, we computed
Friedman rankings for all simulation and metrics. Our results showed that validation assess-
ments were, most of the time, significantly more optimistic than prediction assessments. We
also noted that different conclusions could be reached for different performance metrics. We
conclude that, for prediction purposes, error metrics and components of the confusion table
were most helpful in understanding the ability and limitations of Mountain Pine Beetle
predictive maps. These results also suggest that, in general, care must be taken in assessing
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prediction performance of machine-learning models based solely on validation tests.

1. Introduction

Disturbances are a critical component of forests
dynamics, which shape and substantially affect these
key ecosystems (Bourbonnais, Nelson, and Wulder
2014; McCullough, Werner, and Neumann 1998).
Particularly of interest, forest insect epidemics could
exert a severe impact on ecosystem dynamics due to
enhanced mortality or growth reduction of millions of
trees over widespread areas (Axelson, Alfaro, and
Hawkes 2010; Kastridis et al. 2022; MacLean 2016; Pelz
and Smith 2012; Robbins 2008). In the province of British
Columbia (BC), Canada, an unprecedented insect out-
break of mountain pine beetle (Dendroctonus ponderosae
Hopkins; hereafter MPB), feeding mainly on lodgepole
pine (Pinus contorta), started in the early 90s and reached
a peak between 2005 and 2006, which facilitated
a massive migration of beetles into the province of
Alberta (Patriquin, Wellstead, and White 2007; Petersen

and Stuart 2014; Strohm, Reid, and Tyson 2016). Only in
British Columbia, the total cumulative loss of marketable
pine timber, due to the MPB epidemic, was estimated at
752 million cubic meters (58% of sellable pine volume in
the province) by 2017, corresponding approximately to
more than 16 million of the 55 million hectares of forest
in BC (Bleiker 2019; Corbett et al. 2016; Government of
British Columbia 2023). It is thus a pressing matter to be
able to anticipate the extent and severity of such distur-
bances in the short and middle term, especially with the
spread of MPB infestations beyond BC and into the
Canadian boreal forest. To build models that simulate
the spread of MPB infestations, we must choose those
mathematical methodologies that are flexible enough to
adapt to the available datasets.

Machine-learning (hereafter, ML) techniques are
a set of methodologies within the field of statistical
learning whose objectives are to understand the struc-
ture of the datasets, to uncover the underlying trends
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or patterns without a priori information and to pro-
duce models in order to make predictions (Alpaydin
2014). Their inherent flexibility makes them an opti-
mum choice for classification or regression of complex
problems by learning from the data without imposing
any strict constraint on the relationship between pre-
dictors and response variables (James et al. 2013;
Mahdizadeh Gharakhanlou and Perez 2024; Patel
et al. 2021; Zhao et al. 2025). That is, ML techniques
excel at identifying patterns from the data without any
extra input from the researcher. In the particular case
of the supervised ML classification algorithms that we
will be implementing in the present study, only an
identification of the response variable is required.

The assessment of the predictive capabilities of ML
classification techniques has become a central issue in
this field. A correct determination of their performance
is thus critical, since we aim to apply those ML meth-
odologies to actual cases for which useful and accurate
answers are needed, and from which decisions must be
drawn. There are quite a few performance indices avail-
able for categorical data, most of them derived from
combinations of elements in the confusion matrix.
However, past research has shown how hard it is to
summarize the predictive capabilities of an ML algo-
rithm into a single metric (Pontius 2022).

An additional problem in ML classification lies in
the fact that performance assessment may be hindered
or even biased when the response variable shows
noticeable class imbalance, i.e. low prevalence of one
of the thematic classes (He and Garcia 2009). Metrics
derived from the confusion matrix may then over or
underestimate systematically the performance of the
ML algorithm. For example, if we predicted a 100%
failure for a binary dataset which in fact has a success
probability of 1% (thus, a prevalence of 0.01) the
resulting Accuracy index would be 0.99, thus indicat-
ing a very successful prediction, even though the
model did not predict any of the cases of success at
all. Inconsistencies like this must be handled correctly
lest we end up with an ineffective model.

Finally, an extra difficulty arises when one intends
to implement an ML model to elaborate future pre-
dictions of a natural phenomenon that varies in time
and space, and whose spatial spread depends partly on
the state of neighboring locations, like the MPB out-
break described above. As a consequence, the condi-
tions under which the models are initially calibrated
may change after some time and, thus, the assessment
of their predictive capabilities may become even more
challenging.

Our main research objective is to carry out
a comprehensive evaluation of the performance of
different ML classification models on MPB binary
disturbance data when those models are employed to
track the spread of the MPB infestation in the near
future. Due to the particularities of the available MPB

maps (e.g. varying spatial and temporal dynamics, low
prevalence), we seek to determine which performance
metrics are or are not relevant for our low-prevalence,
spatially and temporally dynamic datasets. We thus set
out to answer the following questions:

(1) How do different ML models compare when they
are used to calculate the extent of a spatially-
spreading disturbance in the near future?

(2) How can we best assess their performance?

To answer these questions, we applied various metrics
to compare predictions with reference data. We then
noted whether metrics showed differences among pre-
dictions, and explored the reasons for such differences
or lack thereof.

2. Materials and methods

A thorough depiction of the study area and the data
sets used in this work have already been described in
previous publications (Harati, Perez, and Molowny-
Horas 2020), and thus only a brief description will be
provided below.

2.1. Study area and pine mortality data

We conducted our study with data selected from
a section of the Canadian province of British
Columbia (BC) covering an area of 944,735 km?. BC
is characterized by a very diverse mountainous land-
scape that is subject to a variety of disturbance regimes
(Axelson, Alfaro, and Hawkes 2009; Haughian et al.
2012; Klenner et al. 2008). Climate in the region is
driven by the vicinity of the Pacific Ocean to the west,
the influence of continental air masses in the plateaus
and the presence of the Rocky Mountains to the east
(Lemmen et al. 2008). We used the “kgc” R package
(Bryant et al. 2017) to determine the Koppen-Geiger
climate classification of the forested area. The prepon-
derant climate class was Dfc (subarctic), although
there were also Dfb (warm-summer humid continen-
tal), ET (tundra), Dsc (dry-summer subarctic), Dsb
(warm-summer Mediterranean continental) and Cfb
(oceanic) zones, in decreasing order of spatial
extension. BC is considered the most physically and
biologically diverse region in Canada, thanks to its
proximity to the Pacific Ocean and the presence of
numerous mountain chains. These mountains divide
the province creating a series of valleys and a broad
central interior plateau; two major ranges are the
Coast Mountains, which lie in the western part of the
province, and the Canadian portion of the Rocky
Mountains in the eastern part. Within and between
these zones, biodiversity varies, while local distur-
bances, such as fire, insects, disease, windthrow and
human activity, significantly influence species



distributions (McGillivray 2011). Finally, about 70% of
the study area (Figure 1) is covered by forests, mostly
of the lodgepole (Pinus contorta) pine species.

Spatial observations of lodgepole pine mortality
due to MPB attacks were collected and processed
regularly by the BC Ministry of Forests from Aerial
Overview Surveys and LANDSAT satellite images
between 1999 and 2014 (BC Ministry of Forests
2015), and made available at their web site. The result-
ing raster maps had a spatial resolution of 400 x 400 m
per pixel and specified the proportion of each pixel
that showed evidence of pine mortality due to MPB
attacks. After downloading those maps, we converted
their relative proportion scale, which ranged from 0 to
1000, into a binary scale indicating presence (1) or
absence (0) of MPB infestation. Those binary maps
were calculated by applying a threshold to the original
proportion data. For details, see (Harati, Perez, and
Molowny-Horas 2020).

2.2. Explanatory variables

To account for past dynamics of the infestation adja-
cent to each map pixel, we also included the infesta-
tion status from the previous year as explanatory
variable. In short, let us denote by ¢, the starting date
for the simulation, and by ¢, the future year for which
a prediction is required. Then, the year previous to t;
will be symbolized by t;, = t;_;, such that t;, < #; <t,.
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Table 1 shows a list of other topographic, climatic
and adjacency explanatory variables that we selected
based on the available literature (Cooke and Carroll
2017; Raffa et al. 2008; Safranyik and Carroll 2007)
and expert knowledge about the phenology and
dynamics of the lodgepole pine and the MPB species.
They thus represented the most important drivers with
which to feed our ML models. The DEM model was
downloaded from the Open Maps collection in Open
Government Portal (Government of Canada 2024).
Previous work highlighted the importance of distance
variables that describe neighborhood effects on the
spread of MPB. Further details can be found in
(Harati, Perez, and Molowny-Horas 2020). As a side
note, it must be mentioned that we did not include in
Table 1 variables that accounted for any likely depen-
dence on meteorology (e.g. hot or cold weather, severe
drought or heavy rain, windy condition), due to the
difficulty in collecting those data.

2.3. Machine-learning modeling and ensemble
learnings

2.3.1. Software choice

Our goal was to model and simulate the presence of
MPB infestation in the lodgepole pine forest cover
within the province of BC. To that aim, we turned to
the “caret” R package (Kuhn et al. 2023) and the
numerous ML methodologies available therein. As
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Figure 1. Map of the study area, lodgepole pine forest cover and MPB infested areas of the province of British Columbia.
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Table 1. List of predictor variables used for modeling. The “time” column
indicates whether the variable corresponds to t;p, or t; (see text for an explana-
tion). The “range” column specifies the range of values across the whole study
area before normalization.

Predictor description Units Time Range
Elevation m - 0-5433
Sine aspect Radians - -1-1
Cosine aspect Radians - -1-1
Ruggedness Arbitrary - —693-4186
Max. temp. warmest month °C - 2.5-29.6
Mean temp. coldest quarter °C - -21.6-6.5
Annual precipitation mm - 251-4607
Identity Arbitrary tip -
Linear weight Arbitrary tip -
Inverse-distance weight Arbitrary tip -
Square-inverse-distance weight Arbitrary tp -
Identity Arbitrary t -
Linear weight Arbitrary t -
Inverse-distance weight Arbitrary t -
Square-inverse-distance weight Arbitrary t -

MPB data, we used the 16-year dataset on recorded
MPB epidemics described above. Rather than imple-
menting ML simulations using all the available meth-
odologies, we used the ranking shown in (Fernandez-
Delgado et al. 2014) for binary classification meth-
odologies. Then, we selected those models that had
performed best in their tests and whose implementa-
tion was available in the aforementioned “caret”
R package (see (Fernandez-Delgado et al. 2014),
Table 9, all algorithms with suffix “_t”). That way, we
could remove algorithms that, a priori, might perform
poorly in our tests. In all, we ended up with 16 ML
independent classifiers (see Table 2).

Once the different ML algorithms have been trained
on the same data one by one, we may obtain better
predictive performance by combining the outputs of
several ML algorithms into one single learner. These
so-called ensemble methods seek to improve the predic-
tions of different ML models by combining their indivi-
dual outputs into a new set of predictions. The idea
behind ensemble methods is that weaknesses and biases
from each individual model can be mitigated, and their
strengths enhanced, by choosing an optimum combina-
tion of models. In this work, we tried two different

ensemble methods: a) a simple average (i.e. an
unweighted sum of the probabilities) and b) stacking of
the ML models with the “caretEnsemble” R package
(Deane-Mayer and Knowles 2023). For the latter, we
chose a greedy optimization on Area Under Curve
(AUC) of the Receiver Operating Characteristic (ROC)
plot via a generalized linear model (see “caretEnsemble”
package for details). In all, we calculated 18 models (i.e.
16 ML models plus 2 ensemble models).

2.3.2. Global parameters

Several global parameters common to all simulations
and models must be specified prior to the calculations,
namely:

¢ Time difference between MPB maps, t, — #;: lar-
ger time differences between MPB maps could
show more changes (i.e. more infestations),
increasing prevalence, at the price of reducing
causality (i.e. infested pixels at #; are less likely
to be the source of infestation of pixels at ¢, when
t, — t; is large). We thus tried several values,
namely t, — t; =1, 2, 3, and 4 years. As specified,
ti =t — 1 always.

Table 2. List of the ML classifiers that have been selected for this study. The names in the
leftmost column correspond to the names used in the “caret” package.

ML classifier Methodology R package Package version
avNNet Multilayer perceptrons caret 6.0-86
bayesgim Bayesian GLM arm 1.11.2
cforest Random forests party 135
50 Decision trees 50 0.1.3.1
fda Flexible discriminant mda 0.5.2
knn Nearest neighbors caret 6.0-86
mlp Multilayer perceptrons RSNNS 0.4.12
mlpWeightDecay Multilayer perceptrons RSNNS 0.4.12
nnet Neural networks nnet 7.3.14
parRF Random forests randomForest 46.14
pcaNNet Multilayer perceptrons RSNNS 0.4.12
pda Penalized discriminant mda 0.5.2
rf Random forests randompForest 46.14
svmPoly Support vector machines kernlab 0.9.29
svmRadial Support vector machines kernlab 0.9.29
svmRadialCost Support vector machines kernlab 0.9.29




e Half-width of neighborhood window, dpgay:
a large window would span larger distances
from previously infested pixels, further extending
the radius of influence of the neighborhood-
dependent predictors.

e Number of subsets for model tuning: tuning of
hyper-parameters was carried out by randomly
splitting the 10,000 points of the calibration data-
set into 10 subset of 1000 points each (see
description below).

e Number of random simulations per ML algo-
rithm: we repeated the calibration + validation +
prediction steps 5 times per every ML algorithm.

2.3.3. Model calibration, validation and prediction
evaluation

We evaluated the performance of each ML model in
three steps: a) calibration, b) validation and c) predic-
tion assessments. Due to the considerable computer
resources that were needed to run all simulations for
the entire MPB maps, we could not use all pixels from
the infestation maps. Instead, we ran steps a), b) and c)
above on data subsets drawn randomly from each
MPB map as follows:

(a) Calibration: first, from a set of three MPB maps
at tyy, t; and #, we drew independent and geo-
graphically coincident subsets of 10,000 points
each. We then performed a random oversam-
pling of points to finally have 5,000 points of
new infestations and 5,000 points of persistence
of non-infestation (for details see Section 2.1.3.
Data normalization and imbalance correction).
These points were then used to calibrate each
ML algorithm.

(b) Validation: next, new, independent subsets of
10,000 points were drawn randomly from the
same t1,, t; and ¢, MPB maps, which was then
used to test the performance of the model
under the same conditions as the calibration
phase.

(c) Prediction: finally, the prediction evaluation step
involved randomly selecting subsets of 10,000
points from an independent dataset of future
MPB infestations to evaluate whether or not the
model could predict future infestation correctly. If
we denote the time difference as A = t, — 1, the

! !

1p b

and £, such that t/lp =t,+A t, =t +Aand

new dataset was drawn from MPB maps at ¢

t, = t, + A. Subsequently, the model used those
subsets from t/lp and ¢, to predict and compare
the observed infestation at £,. For example, in one
simulation we set A = 4 years and calibrated an
ML model for t;, = 2005, t; = 2006, t, = 2010,
then we assessed its validation performance with
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new data from the same t, = 2010, but evaluated
its prediction performance at t, = 2014, with
f,, = 2009 and #; = 2010. Tables Al, A2, A3

and A4 in Appendix A of the Supplementary
Material show the different combinations of ¢,
t; and ¢, that were used throughout the simula-
tions. In all, we calculated
(134 1149+7) x 5% 2 x (164 2) = 7200
models, which correspond to the number of rows
in those tables (13, 11, 9, 7), times the number of
random repetitions (5 rounds of calculations to
compensate for computational limits of working
with large sample sizes), times the number of
subsets (2 subsets for calibration and validation),
times the number of models (16 ML models plus
2 ensemble models).

Model calibration comprised the tuning and training
of the algorithm. Each ML model was calibrated
independently with the aid of the built-in “train”
function of the “caret” package. Tuning of an ML
model is a preliminary step in which the best set of
so-called hyperparameters is calculated. Those
hyperparameters are a small set of internal para-
meters that control the learning/training process of
every individual ML algorithm (see the documenta-
tion to the “caret” R package for further details).
Thus, we applied a 10-fold cross-validation to split
each of the 10,000-point calibration subset into 10
equally sized random subsets of 1,000 points each.
The ML model was computed 10 times by holding
out one of the folds each time. The best set of
hyperparameters was the one that corresponded to
the model with the best accuracy performance.

Subsequently, the model was trained by applying the
ML algorithm to all 10,000 points of the Calibration
data with the selected set of hyperparameters. All these
processes took place automatically inside the “train”
function. Next, we selected the optimal model by max-
imizing the Accuracy metric within “train”.

Later, ML model validation was performed by cal-
culating several performance and error metrics (see
below). This step of the analysis was carried out by
applying the trained model on the validation subset.

Finally, prediction evaluation included applying the
trained model on the prediction subsets, drawn from
MPB maps at t/lp, t, and £,, to assess how the model
predicts independent future infestation scenarios
under different conditions. The same performance
and error metrics as before were computed. Figure 2
2 illustrates the different steps involved.

We used the models determined for every choice of
tip> t1, t; time points and calculated and evaluated the
predicted infested pixels for t, + A time points, where
A =1, 2, 3, and 4. Therefore, the conditions under
which observations at f, + A had been generated
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Validation
data

Calibration
data

e N

Hyperparameter
calculation
J
ML model Validation
calibration assessment

J

'd N\
Explanatory

variables t,, t;

Explanatory Prediction
variables data

[ ML model Prediction }
’ assessment

Figure 2. Flowchart of the a) calibration and validation, and b) prediction assessment stages. For the sake of clarity of the diagram
the input adjacency map at t;, has been omitted, since it can be considered as another explanatory variable. The “ML model” box
in b) corresponds to the output of the “ML model calibration” of stage a). Time point t; =t; + A4 and t; = t, + A, where

A =1,2,3 or 4 (see text for details).

were new to the model. No single metric can probably
give a full account of the performance of an ML
classifier. Therefore, we calculated seven performance
metrics, namely Accuracy, Specificity, Sensitivity,
Precision, Cohen’ x, F1-score and Area Under Curve
(AUC) of the Receiver Operating Characteristic
(ROC) plot. We also calculated four error metrics,
namely False Positives, False Negatives, Quantity
Error and Allocation Error. We describe in detail the
characteristics of the above performance and error
metrics in Appendix B of the accompanying
Supplementary Material.

To provide a more comprehensive evaluation of
ML models, incorporating qualitative results alongside
the aforementioned quantitative metrics can offer
additional insights. Qualitative visualizations, such as
Venn diagrams, can effectively illustrate the overlap or
distinction between true positives, false positives and
false negatives across multiple models. This approach
complements numerical metrics, enabling a more
nuanced understanding of model performance and
decision boundaries that are not easily captured by
quantitative measures alone (Ho et al. 2021; O’Brien
and Zhou 2018).

2.3.4. Data normalization and imbalance
correction

The performance of ML models can be negatively
affected by highly differing value ranges in the pre-
dictor dataset. To mitigate those effects, we normal-
ized the topographic and climatic predictors to a [0, 1]
scale. That performance can also be seriously affected
by data imbalance (i.e. over or under-representation of
one or several classes in the dataset; see e.g (He and
Garcia 2009). To tackle imbalance problems, we

randomly oversampled (without replacement) the
infestation class (i.e. the 1’s) such that there was the
same number of 0’s and 1’s in the calibration subset
(i.e. 5,000 points each). However, in the validation and
prediction subsets we kept the original imbalance,
since they should reflect the observed class distribu-
tion. Figure 3 summarizes the process of selection of
data points for calibration, validation and prediction.

3. Results
3.1. Model validation and prediction evaluation

Top and bottom panels in Figures 4-7 graphically assess
some selected model performance metrics (Accuracy,
Specificity, Sensitivity and AUC, respectively) for the
Validation (top panels) and Prediction (bottom panels)
subsets. Figures 8 and 9 show similar information for
two error metrics (False Negatives and False Positives).
Box-and-whiskers plots were ordered from left to right
in decreasing mean AUC value (at t, — t; =4 years) of
the Validation runs as reference for easy comparison
between figures. Similar plots for the Kappa, Precision,
F1, Quantity Error and Allocation Error metrics are
available in Appendix C of the Supplementary
Material. Prevalence values for the simulations are listed
in Table 3. Figure 10 presents a Venn diagram for visual
comparison of reference changes in the prediction data-
set with simulated changes by each algorithm for
a 4-year time step. The results clearly demonstrate that
all presented ML models overestimated the amount of
change, with the Random Forest (RF) model exhibiting
the least degree of overestimation compared to the
others. Similar diagrams for other time steps are pro-
vided in the Appendix F.
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Figure 3. Selection of calibration, validation and prediction subsets from MPB data in five iterations.

1.0
w“#@%%$Mﬁ%%mmmmmm%M
0.6 . ‘s % §
=
o
0.4 g
0.2
> Lag
@ 0.0 M 1year
3 E3 2 years
210' R B3 3 years
: ' E3 4 years
el LU LT T AT
o H
0.6 . r Fa— 3
o
[+
0.4 S
0.2
0.0
T L 2 B 9 o c B ® @ 2 P o O o © E ®©
T2 L P85 gzLEz3¢E®PR
[o% ® ‘S g ¥ Y S I © E (]>.)\
» © E E © 3 8 ®
? @ <

Figure 4. Box and whiskers plot of the accuracy metric for ML models. Medians are indicated by notches in the small boxes. Upper
and lower limits of each box (i.e. The hinges) correspond to the first (25%) and third (75%) quartiles. Whiskers extend 1.5xIQR from
the lower and upper hinges, where IQR is the inter-quartile range (i.e. 75%-25% percentiles). Outliers (i.e. points beyond both
whiskers) are plotted as solid dots. For the sake of comparison, results for ML models are sorted along the horizontal axis in
decreasing order of average AUC in the validation dataset at t, — t; =4 years. Top panel shows results for validation points,
whereas bottom panel displays results for prediction points.
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Figure 5. Same as Figure 4 for sensitivity.
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Figure 7. Same as Figure 4 for AUC.
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Figure 8. Same as Figure 4 for the proportion of false negative (FN) errors in subsets. Subset size was 10,000 points.
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Figure 9. Same as Figure 4 for the proportion of false positive (FP) errors in subsets. Subset size was 10,000 points.

Accuracy results (Figure 4) for Validation and
Prediction show the same pattern of decreasing accuracy
as time lag increased. Differences between top and bot-
tom panels in Figure 5 (Sensitivity) indicate that the ML
models were able to detect correctly, on average, approxi-
mately 80% of all reference changes in the Validation
dataset. On the other hand, the detection rate dropped
markedly to approximately 65% for the Prediction data-
set. For Accuracy and Specificity (Figures 4 and 6), how-
ever, Prediction runs showed equal or even higher values
compared to Validation runs. For the AUC results
(Figure 7) random forest, based models reached values
very close to 1.0 for Validation, but they decreased to 0.7
for Prediction results.

False Negative errors (Figure 8) were small in vali-
dation and prediction subsets. In prediction, the med-
ian and the interquartile range of False Negative errors
increased with increasing t, — t;. False Positive errors
(Figure 9) were larger than False Negatives for all
models, and all time differences. Quantity Error
(Figure SC4 in Supplementary Material) was smallest

Table 3. Mean and standard deviation (SD) of
prevalence values (%) for different t, — t; values.

t, — t; (years) Mean prevalence SD
1 35 2.0
2 7.6 35
3 10.6 3.9
4 134 45

for random forest (rf). Allocation Error (Figure SC5 in
Supplementary Material) in prediction subset increased
in magnitude and range with increasing t, — f;.

We tested the statistical significance of the
observed differences between Validation and
Prediction evaluation in those metrics with an
Analysis of Covariance (ANCOVA) by controlling
for the time step (t, — t;) covariate. The results of
the tests, illustrated in Tables D1 and D2 in
Appendix D of the Supplementary Material, mostly
confirmed the visual inspection of Figures 4, 5, 6
and 7, namely that AUC and Sensitivity values for
the Prediction subsets were significantly lower than
those for the Validation subset (a “-” sign in col-
umn VP of Tables D1 and D2). On the other hand,
Specificity and to some extent Accuracy had higher
values for the Prediction subset than for the valida-
tion subset. Among error metrics, False Negatives
and Allocation Error increased from Validation to
Prediction for most algorithms. In contrast, False
Positives and Quantity Error marked a decrease
from Validation to Prediction. The effect of the
t, — t; covariate was varied: negative for Accuracy,
Sensitivity, Specificity, AUC and Quantity Error,
and positive for Kappa, Precision, F1, False
Negatives, False Positives, and Allocation Error. In
other words, the former metrics showed inferior
performance and the latter metrics showed superior
performance, as t, —t; grew from 1 to 4 years.
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Figure 10. Venn diagrams of reference and predicted changes with 4-year lag.

3.2. Friedman ranks

Tables 4-7 show the Friedman ranks of the ML mod-
els as calculated with the Accuracy, Specificity,
Sensitivity and AUC indices. Tables 8 and 9 show the
calculated ranks for two error metrics (False Negatives
and False Positives). Similar tables for Kappa,
Precision, F1, Quantity Error and Allocation Error
indices are given in Appendix E of the
Supplementary Material. The procedure to calculate
Friedman ranks for the simulations is described in
Appendix B.

4. Discussion

4.1. Validation and prediction performance of ML
models

Mathematical modeling of an ecological phenom-
enon, such as a spatially spreading disturbance,
depends heavily on existing knowledge of the
mechanisms involved in that phenomenon, as well
as on available data for those mechanisms. Limited
theoretical knowledge and lack of accurate data are
therefore inherent challenges of modeling. Despite
these problems, we tried to evaluate the performance
of our models by comparing several models using
a variety of metrics. We also gained insight about
our models by reviewing other studies in the domain.
For example, in a comparable work (Liang et al.
2014), used general linear models and a similar set
of anthropogenic, biological and physical drivers to
model the spread of the MPB disturbance in the
Rocky Mountains. Their AUC and Accuracy results
for new predicted mortality (Table 4 in that article,

columns AA2) were similar to ours, though lower.
Like the present study, those projections did not take
into account local meteorological conditions (e.g.
rain or wind).

In comparing ML models, we were particularly
curious to see whether averaging or stacking of
multiple ML models resulted in a substantial
improvement over the best individual ML techni-
ques. Notice that other ensemble learning techni-
ques, as well as other ML implementations (e.g.
Weka, (Frank et al. 2017; Witten et al. 2017)),
may also yield different results, but those compar-
isons were not within the objectives of this work.
It is important to have a good understanding
about the performance of ensemble models because
these techniques are computationally intensive and
scientists may wonder whether ensemble learning
classification methodologies are worth the extra
calculations if improvements in performance are
likely to be meager. For example, a recent study
by (Hao et al. 2020) modeled presence-absence
species data and concluded that ensemble techni-
ques did not show any particular benefit over
individually tuned models.

A stark reminder of how hard it is to evaluate
the performance of classification models is the
relative disparity between metrics. Different
indices point to distinct models as the highest
performers. Therefore, to interpret those perfor-
mances, pertinent metrics or group of metrics
should be identified. Such metrics should be con-
sistent with the context of the study and help
differentiate between high- and poor-performance
models.
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Table 4. Friedman ranks and average accuracy for validation and prediction datasets of all sixteen ML models,
plus the two ensemble learning approaches, for t, — t; = 4 years.

Validation dataset Prediction dataset

Rank ML classifier Accuracy (%) Rank ML classifier Accuracy (%)
137 rf 81.17 1.43 rf 81.30
245 stacking 79.04 2.45 stacking 79.39
3.71 parRF 78.12 5.07 parRF 76.77
457 cforest 77.50 511 average 76.90
5.09 average 77.29 5.80 cforest 76.26
7.00 50 75.81 8.00 C50 74.81
9.73 svmRadial 74.23 9.26 fda 73.82
9.81 svmRadialCost 74.23 10.31 svmPoly 7347
10.26 avNNet 73.85 10.69 avNNet 72.84
10.76 svmPoly 73.56 10.71 svmRadial 72.98
11.23 nnet 73.40 10.87 nnet 72.87
11.23 pcaNNet 73.19 10.97 svmRadialCost 72.97
11.73 knn 7234 11.49 pcaNNet 7137
12.29 mlp 72.76 1243 mip 71.87
13.26 fda 72.25 13.51 mlpWeightDecay 71.18
13.54 mlpWeightDecay 72.05 13.74 knn 69.07
17.26 bayesgim 67.18 14.69 bayesglm 68.32
17.47 pda 66.72 16.14 pda 67.51

Models are ordered from best (top) to worse (bottom) Friedman rank. Units of the accuracy column have been rescaled from [0, 1] to [0,
100] for easier reading.

Table 5. Same as Table 4 for specificity.

Validation dataset Prediction dataset

Rank ML classifier Specificity (%) Rank ML classifier Specificity (%)
1.49 rf 82.99 143 rf 86.67
253 stacking 79.43 2.62 stacking 82.87
3.97 parRF 78.11 4.49 parRF 80.46
491 cforest 77.26 531 average 79.83
5.24 average 77.21 5.34 cforest 79.41
7.46 50 7511 717 50 77.68
10.04 svmRadial 72.98 9.01 fda 76.01
10.24 svmRadialCost 7297 10.79 svmPoly 74.81
10.31 knn 72.61 11.13 svmRadial 74.46
10.72 svmPoly 72.16 11.21 nnet 7414
10.80 avNNet 7243 11.29 avNNet 74.25
11.27 pcaNNet 71.80 11.36 svmRadialCost 7441
11.49 nnet 71.86 11.57 pcaNNet 72.81
11.99 mlp 71.34 12.80 mlp 73.09
12.80 fda 70.74 13.09 knn 71.12
13.51 mlpWeightDecay 70.27 14.16 mlpWeightDecay 72.01
16.87 bayesgim 65.78 14.31 bayesglm 69.73
17.10 pda 65.13 15.70 pda 68.76

Table 6. Same as Table 4 for sensitivity.

Validation dataset Prediction dataset

Rank ML classifier Sensitivity (%) Rank ML classifier Sensitivity (%)
5.49 avNNet 81.25 3.99 mlpWeightDecay 66.68
5.84 nnet 81.16 5.34 avNNet 64.87
6.09 mlpWeightDecay 81.08 5.49 mlp 64.87
6.28 svmPoly 80.68 5.60 nnet 64.32
6.56 svmRadialCost 80.65 6.70 pcaNNet 63.70
6.86 svmRadial 80.61 6.77 svmRadialCost 63.01
7.16 pcaNNet 80.38 6.99 svmRadial 62.75
7.80 mlp 80.03 7.28 svmPoly 63.08
7.89 fda 79.82 7.99 bayesglm 61.36
8.60 50 79.41 8.20 pda 61.31
9.63 cforest 78.78 10.06 fda 57.32
10.69 parRF 78.19 11.26 knn 55.65
10.94 average 77.90 12.00 average 56.01
13.07 stacking 76.94 13.56 50 51.25
13.91 knn 70.84 14.14 cforest 49.59
14.81 pda 74.75 15.16 stacking 49.45
15.31 bayesglm 74.26 15.91 parRF 46.44

16.89 rf 71.81 17.91 rf 37.87




Table 7. Same as Table 4 for AUC.
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Validation dataset

Prediction dataset

Rank ML classifier AUC (%) Rank ML classifier AUC (%)
1.80 rf 100.00 431 avNNet 76.87
1.89 parRF 100.00 437 mlpWeightDecay 76.93
3.00 stacking 98.39 5.06 mlp 76.65
417 cforest 96.36 51 average 76.54
5.23 average 92.51 5.37 nnet 76.49
6.11 50 89.65 6.69 pcaNNet 75.98
7.49 knn 87.00 7.17 svmPoly 76.21
8.83 svmRadialCost 85.81 7.46 svmRadialCost 75.69
8.91 svmRadial 85.81 7.54 svmRadial 75.68
10.40 avNNet 85.21 8.90 stacking 75.84
11.10 svmPoly 84.68 10.37 fda 73.45
11.91 nnet 84.61 12.74 bayesglm 72.95
12.86 pcaNNet 83.99 13.31 cforest 71.30
1434 mlpWeightDecay 83.33 1434 pda 72.09
14.49 mlp 83.25 14.54 if 69.63
15.37 fda 82.89 14.80 50 69.84
17.03 bayesgim 75.58 15.14 parRF 69.46
17.97 pda 75.35 16.00 knn 69.41

Table 8. Same as Table 4 for false negatives.

Validation dataset

Prediction dataset

Rank ML classifier FN (%) Rank ML classifier FN (%)
5.14 avNNet 3.07 3.64 mlpWeightDecay 3.95
5.50 nnet 3.07 5.00 avNNet 4.26
5.74 mlpWeightDecay 3.09 5.14 mlp 418
6.21 svmRadialCost 3.15 5.26 nnet 4.19
6.28 svmPoly 3.11 6.36 pcaNNet 4.39
6.51 svmRadial 3.16 6.43 svmRadialCost 4.29
6.81 pcaNNet 3.21 6.64 svmRadial 432
7.46 mlp 3.26 7.28 svmPoly 4.03
7.54 fda 3.28 7.64 bayesglm 4.65
8.26 50 336 7.86 pda 4.60
9.29 cforest 3.47 9.71 fda 4.86
10.34 parRF 3.56 10.91 knn 5.14
10.60 average 3.62 11.66 average 5.17
13.07 stacking 3.73 13.21 50 5.38
13.57 knn 4.74 13.80 cforest 5.50
14.47 pda 4.10 15.16 stacking 535
14.97 bayesglm 4.19 15.57 parRF 5.88
16.54 rf 4.60 17.57 rf 6.85

Table 9. Same as Table 4 for false positives.

Validation dataset

Prediction dataset

Rank ML classifier FP (%) Rank ML classifier FP (%)
1.14 rf 14.23 1.09 rf 11.85
2.53 stacking 17.24 2.62 stacking 15.25
3.63 parRF 18.32 4.14 parRF 17.35
4.57 cforest 19.04 4.97 average 17.93
4.90 average 19.08 5.00 cforest 18.24
7.11 50 20.83 6.83 C50 19.81
9.70 svmRadial 22.61 8.67 fda 21.32
9.90 svmRadialCost 22,62 10.79 svmRadial 22.70
9.97 knn 22.92 10.79 svmPoly 22.49
10.46 avNNet 23.08 10.87 nnet 22.94
10.72 svmPoly 2333 10.94 avNNet 22.90
10.93 pcaNNet 23.60 11.01 svmRadialCost 22.74
11.14 nnet 23.54 11.23 pcaNNet 24.24
11.64 mlp 23.98 12.46 mlp 23.94
12.46 fda 24.48 12.74 knn 25.79
13.17 mlpWeightDecay 24.87 13.81 mlpWeightDecay 24.87
16.53 bayesgim 28.64 13.97 bayesgim 27.03
16.76 pda 29.18 15.36 pda 27.88

AUC values in the validation set were above 0.8 for
most models, above 0.9 for ensemble models, and even
nearly 1.0 for random forest-based models. This alleg-
edly shows that random forest-based models and

ensemble models were especially successful at identi-
fying the rules governing the training dataset. AUC
values dropped to approximately 0.7 for the Prediction
set, a fact which would apparently point to
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a satisfactory predictive capability. Similarly, median
Accuracy values were mostly above 0.7 for Validation
and Prediction sets. However, this rosy picture is tem-
pered by the results from other indices. In particular,
although the Specificity metric indicates that many
non-infested pixels were correctly classified as such,
the Sensitivity metric shows that many infested pixels
were wrongly classified as non-infested. The contra-
dictory results for the AUC index lend support to
findings in other studies (Lobo, Jiménez-Valverde,
and Real 2008), which determined that AUC values
can be significantly affected by low prevalence values.
We further argue that such effect may also exist in
studies with high prevalence values. Thus, caution
should be advocated when interpreting AUC indices.

Our results also indicate that providing Accuracy
alone could give a false sense of confidence in the
performance of the models. One cannot deduce their
true predictive ability unless performance metrics that
are relevant to the objectives and context of the study
are provided. Accuracy may be an inadequate metric
since it weighs both true positives and true negatives
in a similar way. When prediction ability is our main
goal and data imbalance is a concern, Specificity and
Sensitivity are far more informative than Accuracy.

It must be noted, however, that Specificity and
Sensitivity, too, can be misleading if they are the only
metrics used in model assessment. Consider the two
hypothetical examples presented in Table 10. In both
cases, Specificity (or True Negative rate) is 0.6 and
Sensitivity (or True Positive rate) is 0.2. Yet this infor-
mation is not enough to determine whether a model
overestimates or underestimates change. In fact, com-
parison of False Negative and False Positive errors of
the two examples clearly distinguishes between the
two examples. In example 1, where prevalence is
0.50, False Negative errors are larger than False
Positive errors. Thus, in example 1 change is under-
estimated. On the other hand, in example 2, where
prevalence is 0.10, the dominant errors are False
Positives, and change is overestimated. These exam-
ples show that relying on Sensitivity and Specificity,
alone, is insufficient for assessing model performance.
We therefore advocate that Sensitivity and Specificity,
too, should be interpreted with caution, and especially
with consideration of prevalence.

Next, we consider error metrics. Our results show
that in model predictions, Allocation Error is small
and does not substantially distinguish models from
one-another (see Figure C5 and Table E5). However,

values and ranges of Quantity Error were substantially
larger (see Figure C4 and Table E4). This means that,
firstly, Quantity Error was the major type of error that
the models made, and secondly, the large range of
Quantity Errors allows us to identify differences
among models. Therefore, Quantity Error is
a pertinent metric that we can use for comparing our
ML models. A Quantity Error can be an overestima-
tion or an underestimation of the quantity of change.
In order to find out which is the case, we refer to False
Positives and False Negatives (see Figures 8 and 9 and
Tables 8 and 9). Our results reveal that False Negatives
are relatively small in value and small in range, mean-
ing that they do not show major differences between
the models. False Positives, on the other hand, seem to
be the dominant errors and show a large range that
allows to distinguish models from one another.
Therefore, False Positives is another pertinent metric
for comparing ML models in our study.

4.2. Friedman ranks

The ML algorithms that were ranked at the top on the
validation dataset performed more discreetly on the
prediction datasets. Among them, the case for ran-
dom-forest-based algorithms is most interesting, since
random forests are often assumed to be one of the best
performing ML models (Ferndndez-Delgado et al.
2014). Intriguingly, the range of ranks for performance
metrics (but not error metrics) is systematically larger
for Validation than for Prediction subsets. That is,
considering performance metrics (and not error
metrics), models are closer in ranks for Prediction
than for Validation, suggesting that they performed
more similarly in Prediction. That is not the case with
error metrics. In other words, in contrast with perfor-
mance metrics, our error metric ranks revealed larger
differences among Prediction outputs.

Considering performance metrics alone (and not
error metrics), the sums of Friedman ranks of models
suggest that ensemble models (average and stacking)
followed by neural network based models (avNNet
and nnet) were the best machine learning models.
On the lower end of the ranks were bayesglm, pda
and knn. A similar conclusion is reached by consider-
ing performance and error metrics together.

The above conclusion is based on the assumption of
equal importance of all metrics. A different picture
emerges when metrics are studied individually.
While mlp and neural-network-based models rank

Table 10. Confusion matrices for two hypothetical examples with the same sensitivity value and the same specificity value.

Observation

Observation

Example 1 Change Persist Sum Example 2 Change Persist Sum

Model Change 0.10 0.20 0.30 Model Change 0.02 0.36 0.38
Persist 0.40 0.30 0.70 Persist 0.08 0.54 0.62
Sum 0.50 0.50 1 Sum 0.70 0.90 1




high (meaning low error rates) in AUC, Sensitivity,
Allocation Error and False Negatives, rf and random
forest-based models ranked high in Accuracy,
Specificity, Quantity Error and False Positives.
Interestingly, the ranks of stacking ensemble models
are similar to random forest models in error metrics.

As discussed in the previous section, we identified
Quantity Error and False Positives as the pertinent
metrics for comparison of the models in our case
study. As a result, we can say that rf and stacking
were the high performing models, followed by parRF
and average. Ensemble models performed better than
most ML models except random forest models.

4.3. Implications for the evaluation of
machine-learning models

The results of our study serve to highlight the inherent
limitations of cross-validation techniques that rely on
splitting the same dataset between calibration (aka
training) and validation (aka test) subsets see e.g.
(Kuhn and Johnson 2013) for an introduction to
data splitting techniques). Repeated training-test
cross-validation strategies may be valid and sound
for problems in which the algorithms will carry out
predictions under conditions that are similar to those
faced during training. However, we have shown above
that spatially and temporally dynamic processes like
the MPB disturbance may be much harder to validate.

As we noted, model assessment is a challenging
part of the modeling process. Metrics for assess-
ment of models should be chosen and interpreted
with caution and with regard to the context of the
case of study and research objectives (Pontius
2022). An important characteristic of our case
was that all simulations were run in a context
with low prevalence. This should specially be
taken into account when analyzing metrics such
as Accuracy, AUC, Sensitivity and Specificity. We
showed that error analysis can better describe
model performance. Furthermore, direct use of
components of the confusion table provided useful
information that was otherwise hidden from ana-
lyses. This is in line with the recommendations of
recent literature (Varga et al. 2019).

4.4. Limitations of the study

Hardware and software constraints forced us to limit
the size of the datasets in our study. Although we did
all our calculations with random subsets in order to
make sure that the variability inherent to their rela-
tively small size did not affect, on average, model out-
come, it remains to be tested whether larger dataset
may improve the ML performance. Moreover, when
we drastically reduced the size of the datasets to 1,000,
the results (not shown) were noisier but all trends were
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similar to those described above. In those calculations,
however, algorithm convergence was often erratic,
often forcing us to restart all over again.

We chose predictor variables based on weather
rather than meteorology. The former may not be fully
informative as drivers of the MPB infestation, but are
relatively easy to obtain. On the other hand, variables
describing local meteorological conditions are far
harder to find and process, though they may indeed
play a very important role in boosting or curbing the
spread of the MPB disturbance (Perez and Dragicevic
2012). Therefore, future work should strive to include
detailed information about, e.g. local wind conditions
or cold spells into the models, which may likely
enhance the performance of the models.

Finally, in random sampling, which we did due to
computational limits, we lost information about adjacen-
cies and spatial patterns. Such information, especially in
a spatially spreading process like MPB infestation, could
provide insight into the simulated and reference change.
A particular question that can be raised in assessment of
models of spatially spreading processes is about the dis-
tance of spread. Different models of the same process
may simulate spread into different distances compared
with one-another, and indeed in comparison with refer-
ence information. More sophisticated differences emerge
where there is spatial heterogeneity in data, and where
other explanatory variables than the state of each loca-
tion (for example, infestation status) are considered.
Therefore, assessment of models of such processes is
more challenging than point-by-point comparison of
simulation and reference data. New methods using
naive models of contagion for comparison with simula-
tions of spatially spreading phenomena have been pro-
posed in recent literature (Harati et al. 2021). Such
methods add to the analysis of the confusion table and
produce information on not only the count of errors, but
also on where in the study area they occur, thereby
enriching model assessment.

5. Conclusions

In this study, we applied sixteen machine-learning
models plus two ensemble averaging procedures to
MPB infestation data in British Columbia. As pre-
dictor variables driving infestation we included topo-
graphic, climatic and adjacency variables. For cross-
validation, we carried out a two-fold strategy: on the
one hand, we verified the results of the simulations
by randomly splitting datasets between training and
test subsets (so-called Validation assessment); on the
other hand, we compared future projections with
observations (aka Prediction assessment). We did
all calculations for different MPB map sets and
time differences. Seven performance metrics (six
threshold-dependent and one threshold-indepen-
dent) and four error metrics were used to assess
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performance. To study the observed differences
between Validation and Prediction metrics we ran
ANCOVA tests with Validation/Prediction as fixed
factor and time difference between maps t, —t; as
covariate. In addition, Friedman rankings were com-
puted for all simulation and performance metrics.
We argue that different conclusions could be
reached for different performance metrics, and
therefore model assessment metrics should be
selected with regard to the particular context of the
case of study. We conclude that, for prediction pur-
poses, error metrics and components of the confu-
sion table are most helpful in understanding the
ability and limitations of MPB predictive models.
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