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Abstract  Understanding tree mortality is crucial to under-
stand forest dynamics and is essential for growth models and 
simulators. Although factors such as competition, drought, 
and pathogens drive mortality, their underlying mechanisms 
remain difficult to model. While substantial attention has 
focused on selecting appropriate algorithms and covariates, 
evaluating individual tree mortality models also requires 
careful selection of performance criteria. This study com-
pares seven different metrics to assess their impact on model 
evaluation and selection. Results show that candidate models 
exhibited varying performances across metrics and that the 

choice of metric significantly influences the selection of the 
best model. When no confusion matrix was available, the 
area under the precision-recall curve (AUCPR) emerged 
as a more reliable alternative to the area under the ROC 
curve (AUC), offering a more informative assessment for 
imbalanced datasets. When a confusion matrix was avail-
able, Cohen’s Kappa coefficient (K) and Matthews correla-
tion coefficient (MCC) outperformed accuracy-based met-
rics, providing a fairer evaluation of both live and dead tree 
classifications. These findings emphasize the importance of 
choosing appropriate evaluation standards to enhance mor-
tality model assessment and ensure reliable predictions in 
forestry applications.

Keywords  Forest modeling · Survival · Binary 
classification · Area under the precision-recall curve 
(AUCPR) · Mathews correlation coefficient (MCC)
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FPR	� False Positive Rate
FN	� False Negative values (from confusion 

matrix)
FNR	� False Negative Rate
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G	� Stand basal area
h	� Tree total height
K	� Cohen’s Kappa coefficient
KNN	� K-Nearest Neighbour
LR	� Logistic binomial Regression
MCC	� Matthews Correlation Coefficient
ML	� Machine Learning
NB	� Naive Bayes
RF	� Random Forest
ROC Curve	� Receiver Operating Characteristic Curve
SDI	� Stand Density Index
SI	� Site Index
SPEI	� Standardized Precipitation Evapotranspira-

tion Index
SVM	� Support Vector Machine
TI	� Time elapsed
TP	� True Positive values (from confusion 

matrix)
TPR	� True Positive Rate
TN	� True Negative values (from confusion 

matrix)
TNR	� True Negative Rate

Introduction

Forest modeling has advanced significantly in assessing for-
est dynamics, yet many challenges remain. One of the most 
persistent difficulties is accurately predicting individual tree 
mortality (Bugmann et al. 2019). Although factors such as 
competition (Bravo-Oviedo et al. 2006; Pretzsch et al. 2023) 
and drought (Senf et al. 2020) can partially explain mortality 
events, the predictive performance of current models often is 
lower than desired. In recent years, widespread tree mortal-
ity following heat and drought episodes has been observed 
globally, underscoring the need for more reliable mortal-
ity predictions under increasingly challenging and chang-
ing conditions (Hartmann et al. 2022). Accurate estimation 
of tree mortality is essential not only for evaluating forest 
health, but also for improving deadwood quantification and 
decay rate estimation (Paletto et al. 2014; Fravolini et al. 
2018), both of which are critical for understanding forest 
dynamics and modeling carbon stock decomposition.

Proposed solutions for improving mortality models 
address different aspects of the problem. The covariates 
analyzed typically cover a range of factors, including those 
mentioned earlier, and are usually selected and compared 
carefully in each study based on their availability and 
explanatory power. Modeling approaches have traditionally 
relied on logistic regression (LR) (Hülsmann et al. 2017; 
Shifley et al. 2017; Pretzsch et al. 2020), although alternative 

algorithms have also been explored (Shearman et al. 2019; 
McNellis et al. 2021; Venturas et al. 2021).

Regardless of the algorithm used, candidate mortality mod-
els must be evaluated to identify the most accurate one. Binary 
classification model outputs range from 0 to 1, with intermedi-
ate values representing the gradual transition between the nega-
tive class (0, alive tree) and the positive class (1, dead tree). 
To evaluate these probabilistic outputs, performance metrics 
can be calculated at different classification thresholds and plot-
ted against each other, forming curves. One such curve is the 
receiver operating characteristic (ROC) curve, which plots the 
true positive rate (TPR) against the false positive rate (FPR). 
In this context, TPR represents the proportion of correctly pre-
dicted dead trees among all actual dead trees, while FPR indi-
cates the proportion of live trees incorrectly classified as dead. 
The area under the ROC curve (AUC) has become the standard 
metric for assessing mortality model classification performance 
(Bravo-Oviedo et al. 2006; Adame et al. 2010; Hülsmann et al. 
2018; Salas-Eljatib and Weiskittel 2020; McNellis et al. 2021). 
However, its suitability is debatable, especially given that sin-
gle-tree mortality datasets are often highly imbalanced (that is, 
datasets in which one class is significantly underrepresented 
due to the low probability of an event; in our case, dead trees 
resulting from natural mortality). For example, annual mortal-
ity rates have been reported as low as 0.35% in Pyrenean oak 
monospecific stands of north-west Spain (Adame et al. 2010), 
around 8% in Scots pine and Mediterranean pine monospecific 
stands in Spain (Bravo-Oviedo et al. 2006), and ranging from 5% 
to 20% in young stands to 1%–2% in mature stands of unman-
aged monospecific plots of common tree species across Europe 
(Pretzsch et al. 2023). Since AUC is sensitive to class imbalance, 
alternative metrics may be more appropriate. The area under the 
precision-recall curve (AUCPR) (Saito and Rehmsmeier 2015) 
follows a similar approach and is more suitable for imbalanced 
datasets, yet it remains largely unknown in assessing individual 
tree mortality. In this context, precision refers to the proportion 
of correctly predicted dead trees among all trees predicted as 
dead, while recall (also known as the TPR) refers to the propor-
tion of actual dead trees that were correctly identified. AUCPR 
emphasizes performance on the minority class (in our case, dead 
trees), making it a valuable tool for evaluating models under 
class imbalance conditions.

Alternatively, when a classification threshold is applied and 
a confusion matrix is available, model performance is typi-
cally evaluated using criteria such as overall accuracy (ACC) 
or group-specific accuracy, with ACCa for live trees and ACCd 
for dead ones. However, these metrics are less suitable for 
imbalanced datasets, as they do not adequately represent model 
performance. To address this issue, Cohen’s Kappa coefficient 
(K) (Cohen 1960) was proposed in previous studies (Bravo and 
Bravo-Núñez 2017; Reis et al. 2018) and Matthews correlation 
coefficient (MCC) (Matthews 1975) has been suggested as more 
reliable under such conditions (Chicco 2017; Chicco and Jurman 
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2020). Despite being less explored in forest mortality model 
evaluation, these standards better account for data imbalances, 
improving model assessment. This is particularly important in 
mortality modeling, where “dead” trees, though less frequent, 
are the most critical group for long-term simulations. Errors in 
their prediction accumulate over time, potentially compromis-
ing forest dynamics simulations (Bircher et al. 2015). Moreover, 
accurately tracking dead trees is essential for studies on biodi-
versity, wood decomposition, and carbon sequestration (Friend 
et al. 2014), among other topics.

While both explanatory variables and the suitability of dif-
ferent algorithms for predicting individual tree mortality have 
been previously assessed, the criteria for selecting the best-
performing model remain underexplored. In this study, we 
assessed the adequacy of performance metrics for evaluating 
individual tree mortality models to determine whether model 
selection outcomes vary depending on the metric used. We used 
long-term experimental plots of Norway spruce growing under 
natural conditions, excluding exceptional mortality events such 
as windthrows, pest outbreaks, and wildfire-induced mortality. 
To this end, we compared a range of evaluation criteria to under-
stand their behavior and the specific insights each provides for 
model selection. Model performance was assessed across dif-
ferent combinations of explanatory variables and algorithms, 
applying various metrics depending on whether a confusion 
matrix was available. This study addresses the following key 
questions:

(1)	 Do different metrics yield varying performance ranges 
when evaluating the same models?

(2)	 Does the choice of metric influence which model is 
selected as the best?

(3)	 Are AUC and ACC, the standard benchmark for mortal-
ity model evaluation, the best choice?

Materials and methods

Data

This study utilized observational data from long-term Norway 
spruce (Picea abies (L.) H. Karst) trials conducted in Bavaria, 
Germany. These experimental plots comprise even-aged, pure 
stands established at varying planting densities under distinct 
thinning treatments. To focus solely on natural mortality pro-
cesses, only data from unmanaged control plots were included. 
Thus, the dataset comprises 11,380 tree records from 12 plots, 
with a natural mortality proportion of 14.6% measured at vary-
ing intervals between 1980 and 2018. Tree attributes such as 
survival status, spatial coordinates, size, and age were recorded 
during periodic inventories. Ecological variables such as compe-
tition indices, growth measurements, and site productivity were 
derived from the original records, while climate variables were 

sourced from WorldClim datasets (Fick and Hijmans 2017; Har-
ris et al. 2020). For further details regarding the dataset structure 
and experimental design, see Vázquez-Veloso et al. (2025).

Analysis

To explore individual tree mortality, a range of covariates was 
grouped thematically into categories: tree size, stand productiv-
ity, competition, growth rates, inventory timing, climatic condi-
tions, and tree social status. These variables were selected and 
combined based on their ecological relevance and avoiding mul-
ticollinearity. Model setups were constructed by systematically 
combining variables across categories, yielding 180 candidate 
covariate sets per algorithm. This approach was guided by eco-
logical reasoning, ensuring that the resulting models remained 
interpretable and biologically meaningful.

Following the covariate selection, several algorithms were 
used to evaluate its performance. Logistic binary regression 
(LR) was included as the benchmark algorithm in predicting 
individual tree mortality (Merkl and Hasenauer 1998; Bravo-
Oviedo et al. 2006; Hülsmann et al. 2017; Shifley et al. 2017; 
Shearman et al. 2019). In addition, various machine learning 
(ML) algorithms were tested, including decision trees (DT), 
random forest (RF), naive bayes (NB), K-nearest neighbors 
(KNN), and support vector machines (SVM). Each combina-
tion of covariates and algorithm constituted a candidate model, 
whose performance was evaluated as described in the follow-
ing section. All candidate models were trained and tested using 
the same methodological framework to ensure comparability, 
with analyses conducted in R (R Core Team 2021) using the 
caret library (Kuhn 2008). Additional methodological details 
are available in Vázquez-Veloso et al. (2025).

Evaluation metrics

The metrics used address two different analytical approaches. 
When no classification threshold was applied, model perfor-
mance was evaluated by analyzing metric values across all pos-
sible thresholds using graphical methods. In these cases, a single 
classification score was obtained by calculating the area under 
the curves generated by those methods. For example, the area 
under the ROC curve (AUC) provides a single value summariz-
ing the true positive rate (TPR) and false positive rate (FPR), 
representing overall model classification performance. Similarly, 
the area under the precision-recall curve (AUCPR) condenses 
the precision and recall values into a single score (Saito and 
Rehmsmeier 2015). Both AUC and AUCPR were included in 
this study for model selection without applying a classification 
threshold. These metrics serve, respectively, as the standard 
benchmark and the recommended alternative for imbalanced 
datasets.

When a threshold is applied, a confusion matrix becomes 
available, allowing the use of different metrics to evaluate model 
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performance. The confusion matrix allows the visualization of 
the model predictions by displaying the number of true posi-
tives, true negatives, false positives, and false negatives. Each 
row represents instances of the actual class, while each column 
represents instances of the predicted class. The main diagonal 
contains correctly classified cases, whereas off-diagonal ele-
ments represent misclassifications. Although threshold-based 
classification is implemented frequently in LR, all the above 
algorithms produce class probabilities or scores that can be 
thresholded to convert continuous results into binary mortality 
predictions. Each candidate model had its own optimal threshold 
selected to maximize predictive performance, thereby support-
ing consistent evaluation across models.

While goodness-of-fit statistics assess how well a statistical 
model represents the data, performance metrics quantify the 
quality of its predictions. In this study, goodness-of-fit statis-
tics were not considered, as the main objective was to evalu-
ate model predictability. From the prediction outputs, various 
performance metrics were derived to assess classification per-
formance across different classes (Table 1). Accuracy (ACC) 
is a commonly used benchmark to assess how well a binary 
classification model identifies or excludes a condition, in this 
case, individual tree mortality. Accuracy is further divided into 
live tree accuracy (ACCa) and dead tree accuracy (ACCd), both 
ranging from 0 (worst prediction score) to + 1 (perfect prediction 
score). These three criteria were included in this study as part of 
the benchmark and because of their ease of interpretation. Alter-
natively, Cohen’s kappa coefficient (K) (Cohen 1960) measures 
inter-rated reliability (also intra-rated reliability) for qualitative 
items, while accounting for the possibility of agreement occur-
ring by chance. It ranges from + 1 (perfect agreement) to 0 (no 
agreement beyond random chance) and can take negative val-
ues when there is no correlation between raters’ classifications. 
The Phi coefficient, also known as the Matthews correlation 
coefficient (MCC) (Matthews 1975), quantifies the correlation 
between observed and predicted binary classifications. It returns 
to a value between − 1 and + 1, where + 1 represents a perfect 
prediction, 0 indicates a random prediction, and − 1 signifies 
complete disagreement between predictions and observations. 
Both K and MCC were included in this study as alternatives to 
accuracy-based metrics for cases where a threshold-based clas-
sification was applied.

All the metrics were calculated using the R package 
ROCR (Sing et al. 2005) and irr (Gamer et al. 2019) in the 
case of Cohen’s Kappa coefficient, as well as R software (R 
Core Team 2021).

Results

The classification performance of the logistic regression (LR) 
algorithm varied significantly depending on the evaluation met-
ric used, showing different score distributions (Fig. 1). Accuracy 

(ACC) exhibited a narrow distribution across the full set of can-
didate models, ranging from 0.84 to 0.91. Accuracy for pre-
dicting live trees (ACCa) had the highest values, ranging from 
0.86 to 0.95, whereas accuracy for dead trees (ACCd) showed 
the widest range among the studied metrics, from 0.41 to 0.76. 
The area under the ROC curve (AUC) indicated relatively high 
scores from 0.69 to 0.82, while the area under the precision-
recall curve (AUCPR) had lower scores with a wider distribution 
from 0.49 to 0.68. Both Cohen’s kappa coefficient (K) and the 
Matthews correlation coefficient (MCC) had the tightest distri-
butions, ranging from 0.46 to 0.58 and 0.47 to 0.58, respectively.

The choice of the best LR model among candidate models 
varied significantly depending on the selection criteria. Each 
metric identified a different model as the best classification per-
formance (Fig. 2). When comparing the scores of these selected 
models across all criteria, clear trends emerged. The model 
selected by ACCa registered the poorest score on ACCd, and 
vice versa. The model selected by ACC also had low predict-
ability for dead trees based on ACCd. The model selected using 
AUC registered a good score in predicting dead trees but poorer 
for live ones, ranking among the lowest across AUCPR, K, and 
MCC. Models selected by AUCPR, K and MCC exhibited more 
balanced but moderate performance, with prediction scores near 
the average for both live and dead trees.

Comparing the classification performance of candidate 
models across algorithms using the study metrics clarified 
each behavior (Fig. 3). ACC and ACCa ranked models 
similarly, showing minimal differences between algo-
rithms. ACCd, however, highlighted clearer distinctions in 
algorithm classification performance. AUC clustered most 
candidate covariate groups above a score of 0.7 (except 
SVM), while AUCPR emphasized differences. Both K and 

Table 1   Summary of the different metrics used to evaluate binary 
classification analysis

The metric type refers to the case study, distinguishing between 
cases with and without a fixed classification threshold. Mathemati-
cal expressions are based on the confusion matrix outputs: TP rep-
resents True Positives, TN represents True Negatives, FP repre-
sents False Positives, and FN represents False Negatives. Note that 
TP + TN + FP + FN equals the total number of trees in the dataset. An 
extended version of this table, including additional metrics, is avail-
able in Appendix A

Metric type Name Formula

Non-fixed threshold AUC​ Area Under the ROC Curve
AUCPR Area Under the Precision-Recall 

Curve
ACC​ (TP+TN)

(TP+TN+FP+FN)

ACCa TN

(TN+FN)

ACCd TP

(TP+FP)

Fixed threshold K 2⋅(TP⋅TN+FP⋅FN)

(TP+FP)⋅(FP+TN)+(TP+FN)⋅(FN+TN)

MCC (TP⋅TN+FP⋅FN)
√

(TP+FP)⋅(TP+FN)⋅(TN+FP)⋅(TN+FN)
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MCC produced similar results across covariate groups and 
algorithms, showing differences between them.

While Fig. 1 focused on LR, where each metric selected 
a different covariate group as the best, two clear patterns 
emerge when analyzing the best covariate group across all 
algorithms (Fig. 4). First, the best covariate group selected 
by ACC, ACCa, and ACCd never coincided across algo-
rithms. Second, for all the algorithms except LR, the same 
covariate group was consistently chosen by AUCPR, K 
and MCC.

Discussion

Overview

The implications of fitting individual tree mortality models 
using different dataset structures were previously reported by 
Vázquez-Veloso et al. (2025), which also addressed the compari-
son of various algorithms in terms of predictive performance. 
The present study complements those findings by focusing on 
the role of evaluation metrics, an essential aspect for identifying 
the best-performing model among available alternatives. This 
section discusses how the perception of model performance 
varies depending on the metric used and how the metric choice 

Fig. 1   Classification per-
formance distribution of 180 
candidate models fitted using 
the Logistic Regression algo-
rithm. Metrics assessing model 
classification performance are 
represented in different colors

Fig. 2   Comparison of the best 
Logistic Regression model 
across different metrics. The 
best model for each metric was 
identified (distinguished by 
color according to the legend) 
and evaluated using all studied 
metrics
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Fig. 3   Classification performance distribution of 180 candidate models across different algorithms. Each box represents the classification per-
formance distribution for a specific metric, with colors indicating the algorithm used for model training

Fig. 4   Comparison of the 
best covariate group selected 
per algorithm across differ-
ent metrics. The best model 
per algorithm and metric was 
identified (distinguished by 
color according to the legend), 
and the corresponding covariate 
group can be found in the graph 
(number). Each selected covari-
ate group was then evaluated 
using all studied metrics across 
algorithms
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influences the selection of the most suitable model. It concludes 
with practical recommendations for users aiming to fit new indi-
vidual tree mortality models.

Distribution of classification performance 
among metrics

The results demonstrate clear differences in classification per-
formance across metrics, revealing consistent trends. Accuracy 
metrics were used to assess model behavior in classifying live 
and dead trees, each providing a different interpretation of 
their score. Among the 180 candidate models fitted using LR, 
ACCa had the highest scores in absolute values, followed by 
ACC, while ACCd had the lowest and most variable for the 
same models. Differences in predictability between live (ACCa) 
and dead (ACCd) trees were expected due to class imbalance, 
as models generally predicted live trees more accurately. This 
trend is attributed to the higher frequency of live tree records 
in the dataset, while dead tree predictions were more unstable, 
showing a wider classification performance range. Although 
ACC provides a general indication of prediction reliability, it 
can sometimes be misleading. In imbalanced datasets, ACC 
scores are biased toward the majority class, which may result 
in apparently high performance even when the minority class 
is poorly predicted (Naidu et al. 2023; da Rocha et al. 2018; 
Reis et al. 2018). ACC, which accounts for both classes, yielded 
lower scores than ACCa, reflecting the penalty associated with 
poor dead tree predictability.

When evaluating candidate covariate groups across dif-
ferent algorithms, accuracy metrics followed similar trends. 
Although classification performance ranges varied by algo-
rithm, all exhibited consistent patterns, with dead trees 
remaining the most challenging group to predict.

When comparing metric scores across candidate models, 
consistent patterns emerged among algorithms. AUC exhibited 
a broader classification performance range and consistently 
higher than AUCPR when evaluating the same models across 
algorithms. However, this outcome was expected due to differ-
ences in their mathematical formulation. AUC is based on TPR 
and TNR, optimizing the correct classification of both positive 
and negative values. Still, it was reported that AUC can mask 
poor performance in imbalanced datasets, since its values are not 
sufficiently attenuated under such conditions (Jeni et al. 2013). 
In contrast, AUCPR relies on Precision and Recall, focusing 
solely on the accurate classification of positive cases (in our 
study, dead trees). Since natural processes often involve sparse 
datasets with few positive instances (e.g., dead trees), excluding 
negative values in the prediction score is often preferable. In 
such cases, AUCPR provides a more reliable model evaluation 
score (Chicco 2017; Chicco and Jurman 2020).

The remaining metrics, K and MCC, were also evaluated. 
Despite their conceptual differences, both yielded similar scores 

across covariate groups and remained consistent across algo-
rithms. Compared to previous metrics, their scores were more 
conservative, emphasizing the importance of dead tree predic-
tions in the overall evaluation of the model. This makes them 
preferable for assessing model performance, as noted by de la 
Cruz Huayanay et al. (2025).

Therefore, while K and MCC produced comparable 
scores, classification performance ranges varied significantly 
across the criteria studied when evaluating all setups tested 
for each algorithm.

Best candidate model selection among metrics

Among the 180 candidate models fitted using the LR algorithm, 
each metric selected a different best-performing model. When 
these models were evaluated across all metrics, distinct patterns 
emerged. For example, the model that maximized ACCa typi-
cally showed the lowest ACCd score, and vice versa, illustrating 
the trade-off between predicting one class well at the expense of 
the other, a pattern reported by Vujovic (2021). Similarly, the 
model selected by overall accuracy (ACC) underperformed on 
ACCd, reflecting its bias toward the majority class (live trees). 
This trade-off arises not from fitting separate models for sur-
vival and mortality, as each model directly estimated mortal-
ity probabilities with survival defined as the complement, but 
rather from the effects of thresholding under class imbalance. 
This underscores the importance of using balanced metrics such 
as AUCPR, K, and MCC that reflect performance across both 
classes and avoids misleading conclusions based on single-class 
optimization (Chicco 2017; Chicco and Jurman 2020; de la Cruz 
Huayanay et al. 2025).

Focusing again on LR results, the model selected based on 
AUC achieved high accuracy in predicting dead trees but at the 
cost of reduced live tree predictability. Consequently, it showed 
a lower score when evaluating with AUCPR, K, and MCC. A 
similar pattern was observed across all algorithms, with two 
cases (NB and SVM) where the models selected by ACCd and 
AUC were the same. Although prioritizing dead tree prediction 
is essential, excessively misclassifying live trees as dead leads to 
overestimating stand-level mortality. In individual tree mortal-
ity simulations, the objective is to predict dead trees accurately 
while maintaining a realistic mortality rate at the stand level. 
When models are used iteratively, such as in long-term forest 
management simulations (Bravo et al. 2025), misclassifications 
have different long-term consequences. If a tree is misclassified 
as alive, the mortality model re-evaluates it in the next simu-
lation step, potentially correcting the error. However, if a tree 
is misclassified as dead, it is permanently removed from the 
simulation, eliminating its influence on stand dynamics and 
propagating the error across all subsequent projections. This 
highlights the unequal costs of misclassifying the positive versus 
negative class, as exemplified by Naidu et al. (2023) in the con-
text of distinguishing sick from healthy individuals. To address 
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this issue in individual tree mortality, an alternative approach 
is to develop models that return a probability value rather than 
a binary classification (see, for example, Bravo-Oviedo et al. 
2006; Hülsmann et al. 2016). The predicted mortality probabil-
ity can then be multiplied by the tree expansion factor, which 
may improve the representation of mortality at the stand level. 
This approach aligns with common simulation practices in 
which trees represent cohorts within sample plots and mortality 
is applied proportionally rather than by deterministic removal. 
In such settings, the exact identity of dead trees is less important 
than the aggregated mortality response. Thus, while our study 
uses threshold-based classification to evaluate tree-level discrim-
ination, we acknowledge that, in operational forest simulators, 
applying predicted probabilities directly may yield more stable 
stand-level dynamics.

For the LR algorithm, the models selected by AUCPR, 
K, and MCC differed from each other but showed similar 
performances across all study metrics. When evaluated 
with AUCPR, K, and MCC, these models outperformed 
those selected by ACC, ACCa, ACCd, and AUC, while still 
achieving acceptable accuracy when predicting live and dead 
trees separately. For the remaining algorithms, these metrics 
consistently selected the same covariate groups, reinforcing 
their similar behavior. Although their class-specific accuracy 
was not the highest, the models chosen by AUCPR, K, and 
MCC maintained a balanced trade-off, optimizing overall 
model predictability.

Therefore, AUCPR, K, and MCC consistently selected 
the same or similar model that optimized overall predict-
ability. In contrast, AUC favored models that maximized 
dead tree predictability but at the cost of reduced accuracy 
for live trees, negatively affecting overall model classifica-
tion performance independently of the algorithm employed.

Best metric choice for evaluating individual tree 
mortality models

Because binary classification models may be evaluated with 
or without a confusion matrix, the discussion on optimal 
evaluation metrics must address each scenario separately.

When no confusion matrix is available, models predict a 
mortality probability between 0 and 1, assigning trees a degree 
of mortality risk rather than a binary classification. In such 
cases, AUC is the most used measure according to the literature 
(Bravo-Oviedo et al. 2006; Adame et al. 2010; Hülsmann et al. 
2018; Salas-Eljatib and Weiskittel 2020; McNellis et al. 2021). 
AUC tends to favor models that prioritize dead tree prediction at 
the expense of correctly identifying live trees, due to its known 
limitations in imbalanced datasets (Jeni et al. 2013; Chicco 2017; 
Chicco and Jurman 2020). A more appropriate alternative is the 
AUCPR, a standard more commonly used in other scientific 
fields. In our study, models selected by AUCPR achieved more 
balanced predictions for both classes. Moreover, when evaluated 

with K and MCC (both of which often selected the same best 
model), AUCPR-based models maintained comparable perfor-
mance, reinforcing their suitability for mortality modeling. In 
simulation settings, such probability-based models are applied 
by multiplying the predicted mortality probability by the tree’s 
expansion factor or frequency, enabling continuous estimation 
of stand-level mortality (Bravo et al. 2001; Bravo-Oviedo et al. 
2006). This avoids the need for discrete classification, preserves 
structural realism, and reduces the bias introduced by thresholds. 
In that simulation context, we suggest that AUCPR be consid-
ered a preferred metric for evaluating mortality models, given 
its suitability for imbalanced data and the tendency of AUC to 
mask poor performance (Jeni et al. 2013).

When a confusion matrix is available based on a thresh-
old value, trees are strictly classified as “dead” or “alive”, 
eliminating intermediate probability values. In these 
cases, ACC provides an overall assessment of model clas-
sification performance, while ACCa and ACCd evaluate 
predictability for each group separately. However, ACC 
tends to be misleading due to the high proportion of live 
trees (often exceeding 90%), as it produces scores biased 
toward the majority class (Naidu et al. 2023). To address 
these limitations, K and MCC serve as more robust alter-
natives (de la Cruz Huayanay et al. 2025). While their 
underlying principles differ, our study found only minor 
differences in their performance scores, and both consist-
ently identified the same best-performing model for each 
algorithm (excluding LR, but both models showed similar 
behaviors). Although previous studies recommend MCC 
for imbalanced datasets (Chicco 2017; Chicco and Jurman 
2020), our findings do not strongly support favoring MCC 
over K. However, we confirm that both are superior to 
accuracy-based metrics for evaluating mortality models, 
in line with de la Cruz Huayanay et al. (2025). In a simu-
lation context, models selected using the aforementioned 
metrics aimed to achieve accurate dead tree prediction 
while maintaining realistic stand-level mortality rates. We 
recommend selecting models with the most balanced pre-
dictability between classes, reflected in measures such as 
K and MCC, to improve the simulation of stand dynamics 
and reduce error propagation over time.

Conclusion

Two different approaches were analyzed to determine 
the most suitable standards for evaluating individual tree 
mortality models. Our analysis of long-term experimen-
tal plots demonstrates that metric selection significantly 
impacts model assessment and best model identification. 
When no confusion matrix is available, AUCPR proves 
to be a more reliable alternative to AUC, as it provides a 



How performance metric choice influences individual tree mortality model selection﻿	 Page 9 of 13     49 

more balanced evaluation in imbalanced datasets, where 
dead trees represent a minority class but the most critical 
one. In contrast, AUC tends to favor models that maximize 
dead tree predictability at the expense of overall classifica-
tion accuracy. When a confusion matrix is available, accu-
racy-based metrics (ACC, ACCa, and ACCd) can be mis-
leading due to the high prevalence of living trees. Instead, 
K and MCC are better alternatives, as they account for 
both classes more effectively and provide a fairer evalua-
tion of model classification performance. These findings, 
which were consistent across the six algorithms studied, 
highlight the importance of carefully selecting evalua-
tion metrics to ensure reliable predictions of individual 
tree mortality. Given that these models are often used in 
simulation frameworks, selecting metrics that promote bal-
anced predictability between classes can help improve the 
accuracy and stability of long-term forest dynamics pro-
jections. Future studies should further explore the impact 
of metric selection across different data structures, forest 
types, and management scenarios to refine mortality model 
evaluation methods. In addition, the adoption of a stand-
ardized and consistent evaluation framework represents an 
important topic for future research.
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Appendix A

An extended version of Table 2 (following the main text 
labels) is provided in this section, including the mathemati-
cal expressions of selected metrics mentioned in the text, 
based on values extracted from the confusion matrix.

Appendix B

Complementary graphs supporting the figures presented in 
the text. The graph included in the text is repeated here to 
facilitate direct comparison. Figure 5 complements Fig. 4 
of the manuscript, while Figs. 6 and 7 complements Fig. 6.
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Table 2   Summary of different support metrics used to evaluate 
binary classification analysis, and its mathematical formula based on 
confusion matrix

According to the confusion matrix, TP represents True Positives, TN 
represents True Negatives, FP represents False Positives, and FN rep-
resents False Negatives

Name Formula

True Positive Rate (TPR) or Sensitivity TP∕(TP + FN)
True Negative Rate (TNR) or Specificity TN∕(TN + FP)
False Positive Rate (FPR) FP∕(FP + TN)
False Negative Rate (FNR) FN∕(FN + TP)
Precision TP∕(TP + FP)

Recall TP∕(TP + FN)

Fig. 5   Comparison of the best Logistic Regression model across 
different metrics. A Selection of the best model based on the high-
est score for each metric, B Evaluation of each metric’s selected best 

model using all studied metrics. Metrics assessing model classifica-
tion performance are represented in different colors
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Fig. 6   Comparison of the 
best covariate group selected 
per algorithm across different 
metrics: selection of the best 
covariate group based on the 
highest score for each metric 
across algorithms

Fig. 7   Comparison of the best covariate group selected per algorithm across different metrics: evaluation of each metric’s selected best covari-
ate group using all studied metrics across algorithms
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