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Abstract

Logistic regression has been used to model individual tree mortality. However,
unequal measurement intervals limit the use of reasonable link functions. Although
marginal and mixed-effects models have been used, a comparison of these models
for predicting mortality in new stands is lacking. We developed models for predict-
ing the mortality of Scots pine (Pinus sylvestris) trees in Finland. The modelling
data comprised 44 thinning experiments (127,057 tree-level observations), and
50% of the experiments were randomly selected for model evaluation (43 experi-
ments, 112,518 tree-level observations). A complementary log—log model was used
to predict mortality probability based on tree and stand characteristics and thinning
effects. The measurement period length was added as an offset variable. The mar-
ginal (population-average) and mixed models with random effects (site, plot, and
year) were fitted and evaluated. The evaluation consisted of fit statistics, compari-
sons of predicted and observed mortality rates, and simulations using the Motti
stand simulator. The mixed models clearly provided better statistical fits than the
marginal model. The evaluation with the Motti simulator showed the most accurate
prediction in terms of stem number (V) and stand basal area (G) when using the
marginal model. All models, except the random year effect, resulted in maximum G
values that remained at a reasonable level in the prolonged Motti simulations. The
current survival model in the Motti simulator is based on a relative density index
derived from the self-thinning line and provides good prediction accuracy. Based on
the new BAL-based models, we recommend the marginal model as an option to the
current model.

Keywords Pinus sylvestris - Between-tree competition - Complementary log—log
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Introduction

Tree mortality may differ in terms of scale and frequency. Tree mortality is
often divided into three major classes: i) regular mortality related to between-
tree competition, ageing, and normal incidence of pests, diseases, and weather
phenomena, ii) anthropogenic, that is, human-induced mortality mainly caused
by harvesting, and iii) catastrophic irregular mortality caused by storms, major
insect and disease outbreaks, drought, flooding, or other extraordinary large-scale
events (Vanclay 1994). Between-tree competition is the most common cause of
tree mortality in Finnish forests (Yli-Kojola 2005). In general, relatively small
trees have a high probability of mortality due to competition, whereas large trees
are prone to insect and wind damage (Laarmann et al. 2009; Sims et al. 2014).
Hamilton (1986) classified the factors affecting tree survival into four groups:
tree size, tree competition status in a stand, tree viability, and stand density. Tree-
level mortality has been predicted using variables such as tree growth, crown and
stem dimensions, dominance, and competition, as well as stand, site, and envi-
ronmental variables (Monserud 1976; Monserud and Sterba 1999; Salas-Eljatib
and Weiskittel 2020). Species specific models for total (regular and irregular) tree
mortality are needed for reliable long-term simulation of a stand development.

The most common method used to model the probability of tree-level mortal-
ity or survival is the logistic regression. Logistic regression with logit link func-
tion is a valid option as long as the measurement interval is constant (Yang and
Huang 2013). However, when the measurement period length (L) varies, using
the logit link with an offset variable for the period length as In(L) does not follow
the theory of period length as an interest rate (exponent) in a logistic regression
(Monserud 1976), but instead becomes a multiplier as shown in Eq. 8 in Yang
and Huang (2013). In addition to treating L as an offset variable, there have been
attempts to estimate the effect of varying period length by using it as a covar-
iate in logistic regression models (Kiernan et al. 2009; Ma et al. 2013). If the
complementary log—log (CLL) link function for tree mortality is chosen instead,
period length can be correctly included as an offset variable in logarithmic form,
as shown by Fortin et al. (2008).

Typically, published mortality or survival models are marginal models over the
entire dataset, without any random variables. The benefit of a marginal model is
the unbiased residuals in the modelling data, and the model represents the aver-
age behaviour of the entire dataset. Adding random effects improves model fit
statistics, such as log-likelihood and Akaike information criterion (AIC). Vari-
ous random effects can be used depending on the hierarchical nature of the data:
experimental area (site), plot and year (Boeck et al. 2014). The random site
effect accounts for differences in locations and site types, the random plot effect
accounts for unobserved sustained plot effects, such as soil quality or genetic ori-
gin within sites, and the random year effect accounts for differences in weather
conditions (temperature, precipitation, wind, and global warming) that may have
affected catastrophic (irregular) tree mortality (see Fortin et al. 2008). In addi-
tion to a random intercept, a random effect can also be associated with a certain
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covariate. For example, Yang and Huang (2013) applied a random plot effect to
the intercept and slope associated with a diameter increment. Despite a better sta-
tistical fit, a mixed model may not provide better predictions when simulating
stand development, because the fixed part of the mixed-effects model includes
some bias over the entire data, especially in unbalanced data. However, a mixed
model ensures unbiased tests for the estimated parameters (Goldstein 1995; Jutras
et al. 2003). Even when the marginal (population-average) models were used to
explore the model structure, the marginal models were not evaluated together
with the final mixed-effects models (e.g., Jutras et al. 2003; Siipilehto et al.
2021). When the marginal and mixed-effects models were compared, the random
effects were also estimated (Ma et al. 2013). In most practical applications, the
mixed-effect models have to be applied as a fixed-effects model for a new stand,
as there are no tree-level observations to predict the random effects (Myllymiki
et al. 2024). Finally, to have a fair comparison between the estimated marginal
and mixed-effects models and to avoid overoptimistic fit characteristics, the mod-
els should be tested with an independent test dataset (Boeck et al. 2014).

The self-thinning line shows the maximum density of a stand (Nmax) with
respect to the mean diameter, e.g. quadratic mean diameter or basal area median
diameter (Reineke 1933; Hynynen 1993). The current survival models for different
tree species in the Finnish Motti stand simulator (Hynynen et al. 2014) are based on
models for self-thinning lines and their calculated relative density factor, RDF for
stand level competition and RDFL for tree-level competition calculated from trees
larger than a target tree (Hynynen 1993; Hynynen et al. 2002). The unitless RDF
is set to 1 when the stand reaches maximum density according to the self-thinning
model. For the smallest tree the RDFL is equal to the total stand RDF, while for the
largest tree the RDFL is 0. Instead of competition described as relative density, the
basal area in larger trees (BAL) (Wykoff 1990) has often been used when modelling
mortality or survival (Monserud and Sterba 1999; Eid and Tuhus 2001; Fridman and
Stahl 2001). Recently developed models for Norway spruce (Picea abies (L.) Karst.)
based on BAL (Siipilehto et al. 2021) as alternative models for the Motti simulator
have shown reliable results. Here we tested whether the widely used BAL was better
than RDFL at predicting Scots pine mortality.

The aim of this study was to improve the model for the probability of mortality
of individual Scots pine trees using the generalised marginal and alternative mixed-
effects models with unequal measurement period lengths. The models were based
on tree size, tree- and stand-level competition, developmental stage, and stand man-
agement. We compared (7) the marginal model with alternative mixed-effects mod-
els, such as the random intercept model for (ii) sites, (iii) plots nested within the
sites, and (iv) years nested within the sites. The evaluation consisted of fit statis-
tics (log-likelihood, AIC) and predicted mortality in the test dataset. In addition, we
simulated the development of stand density in the unthinned plots of the test data-
set to compare the alternative mortality models developed in this study with each
other and with the current unpublished model in the Motti stand simulator. The best
model developed in this study is intended to be a BAL-based option for the current
model in Motti, which is based on the estimated self-thinning line (Hynynen 1993;
Hynynen et al. 2002). Potential users of the Motti simulator comes from research
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and practical forestry (Salminen et al. 2005). Nowadays Motti is the most widely
used simulator in Finland, as it is used for forest management planning for private
forest estates throughout Finland. Motti is also used for scenario analysis of different
management intensities (e.g., Hynynen et al. 2014).

Material and Methods
Modelling and Test Datasets

The modelling and test datasets included thinned and unthinned plots from two
growth and yield experiment series, ARPVANHA and HARKAS in Finland. Some
HARKAS experiments were established in the 1960 s, but most were established
in the 1970 s (Mikinen and Isomiki 2004). Some younger HARKAS experiments
were established in the 1990 s. The older ARPVANHA experiments were estab-
lished in the 1920 s and the 1930 s (Ilvessalo 1932). The stands were pure or almost
pure Scots pine stands growing on mineral soil. Forest site types ranged from the
grove-like Oxalis-Myrtillus type (OMT) to the dry Calluna type (CT) according to
Cajander’s (1926) classification. Forests were mainly naturally regenerated or sown
with seeds of local origin, and few stands were planted. The actual planting density
was not known, but the recommended density was 2000-2500 trees per hectare. The
treatment schedules included unthinned control plots and plots thinned from below,
with intensities ranging from low-intensity thinning (6%—20% removal of stand
basal area) to 54% removal. Some results based on older experiments have also been
published (Nyyssonen 1950; Vuokila 1962; Mielikdinen 1979). Experiments were
randomly divided for modelling and test datasets and their locations are shown in
Fig. 1.

The mean measurement period was nine years, (range 3—22 years) (Table 1). The
mean stand characteristics varied only slightly between the modelling and test data-
sets. Within the datasets, the variation in stand density was wide. For example, the
stand basal area (G) varied between 3.8 m? ha™! and 46.8 m” ha™! (Table 1). A total
of 5,939 trees died and 106,579 trees survived in the test dataset, whereas 6,850
trees died and 120,207 survived in the modelling data, resulting in mortality rates
of 5.3% and 5.4%, respectively. The number of sites was 43 and 44 in the modelling
and test datasets, respectively. The corresponding numbers of stand-level observa-
tions, e.g. G, stem number (N), basal area-weighted mean diameter (DG), and quad-
ratic mean diameter (DQ) were 1,084 and 822, respectively.

Complementary Log-Log Model for Tree Mortality
When modelling individual tree mortality, the uneven lengths of the measurement
periods had to be taken into account. The probability of tree mortality was expressed

as an exponential function in which the period length was included in the exponent
as an interest rate (Fortin et al. 2008):
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Fig. 1 Locations of Scots pine growth and yield experiments in Finland used to estimate mortality model
parameters (modelling) and assess model performance (test)
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Table 1 Site, stand, and tree

o0 . Modelling data Test data

characteristics in the modelling

(randomly selected 50% of the Variable Mean Min Max Mean Min Max

experiments) and test datasets

for Scots pine mortality in Site level

Finland. All the tree and stand Plot area, m? 1233 314 2500 1179 600 2500

characteristics represented GDDS 1153 692 1405 1126 641 1399

values at the beginning of the

growth period Longitude, ° 262 227 298 262 228 293
Latitude, ° 624 60.1 67.5 625 60.0 67.6
Altitude, m 130.7 24.0 299.0 1309 7.0 375.0
Period length, yrs 9.1 3 22 8.7 3 19

Plot level
Age, yrs 540 20 124 511 18 103
G, m? ha™' 20.1 41 463 209 3.8 468
N, ha™! 1012 145 5159 1110 83 4520
DG, cm 181 80 415 180 7.5 446
DQ, cm 171 69 402 170 7.0 433
Thinned, proportion 0.67 0 1 073 0 1
Tree level

dbh, cm 145 10 563 152 1.0 416
BAL, m* ha™' 141 01 578 139 01 621

Mortality, proportion 0.054 0 1 0.053 0 1

G is basal area, N is stem number, DG is basal area-weighted mean
diameter, DQ is quadratic mean diameter, BAL is basal area in larger
trees, dbh is stem diameter at breast height (1.3 m), GDDS is the
average growing degree days using the 5 °C threshold for a 30-year
period from 1971 to 2000 from the ClimateDT service

p =1 — exp(—exp(Xrh))* (1

where p is the probability of tree mortality and X’b is a linear model: a transposed
vector of explanatory variables X and a vector of estimated parameters b. The meas-
urement period length (L) varied substantially, from 3 to 22 years, and therefore, the
mortality model was fitted using the complementary log—log (CLL) link in Eq. (1)
(e.g., Fortin et al. 2008; Myllyméki et al. 2024):

CLL(p) = In(=In(1 — p)) = X7b + In(L) )

where the variation in period length (L) was an offset variable (i.e., the coefficient
was one) in the linear Eq. (2). Note that the option for modelling mortality (“fail-
ures”) with CLL would be modelling survival (“successes”) using the log—log link
function, but then we need to use the negative form of the period length -In(L) as
an offset variable. Yang and Huang (2013) used the logit link function, but then the
period length In(L) was not in accordance with the theory of period length affecting
as interest rate.
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Random Effect in the Model

The random effects model with binary response (e.g., Stiratelli et al. 1984) used for
modelling tree mortality was first presented by Jutras et al. (2003). This approach
is also called multilevel model with binary response. The idea is to describe the
stand-level dynamics instead of a population-average over the entire dataset. The
advantage of the random effect model is that it correctly addresses the hierarchical
structure of the data, and it ensures unbiased tests for all model parameters. In the
HARKAS and ARPVANHA datasets, tree and stand level characteristics are based
on treatment plots (i.e., randomised thinning intensity or unthinned control) within
each experiment (or site for now on). The observed response is represented by the
binary variable y; the status of the i tree of the j plot in the k™ site at the end of
each measurement period (0 =alive, 1 = dead). The distribution of the response is
Vi~ Bin(pyy,1). The model with a random effect on the intercept term can be writ-
ten in general form as follows:

P =F (XPyb + uy), 3)

where p; is the expectation of the response for i™ tree on plot j at site k, vector Xiii
is the transposed vector of independent fixed variables, b is the vector of the esti-
mated parameters, and u;, represents the random variables for site k or nested plot j
within site & (i.e., plot(site)) or nested calendar year of the measurement j within site
k (i.e., year(site)) with u~ N(O,suz). The tree-level variance was assumed to be 1 and
tested for over- or under-dispersion (Goldstein 1995).

The generalised mixed-effect model was fitted using the GLIMMIX procedure
with quasi-Newton optimization in SAS (version 9.4, SAS Institute Inc. 2017).
Using the Laplace method, the starting values for the parameter estimates for mixed
models were selected from the estimated marginal model. In contrast to the non-
linear NLMIXED procedure with only one possible random effect (Siipilehto et al.
2021), GLIMMIX enables a flexible combination of different random effects.

Model Formulation

Although tree size is not a direct cause of death, the main predictor variables
used in the models were the stem diameter and competition status of a tree. In
addition, we considered the ecologically and biologically important effects of
developmental status, stand density, stand structure, and site factors (Yang et al.
2003). Basal area in larger trees (BAL) is a widely used competition measure.
BAL can also be used as an index value by dividing it by the total stand basal
area G, as BALindex=BAL/G (Vanclay 1994; Jutras et al. 2003). In the tree-
level survival model for Norway spruce, Siipilehto et al. (2021) found that BAL
divided by square root of breast height diameter (\/dbh) was a superior inde-
pendent variable compared with other BAL-based variables. Thus, we tested
BAL, BAL/dbh, and BAL/\/dbh as well as dbh, 1/dbh, dbh*, dbh'>, and dbh'?,
as tree-level predictors. A variable dbh? is often needed to predict the U-shaped
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mortality trend caused by increasing mortality among the largest trees of Nor-
way spruce, and it may or may not be needed to predict pine mortality (Monse-
rud and Sterba 1999; Yao et al. 2001). We also tried lower powers of 1.5 or 1.2
to avoid a too strong U-shape.

The development stage can be described by age or other mean stand charac-
teristics, such as the dominant height (Hdom), basal-area-weighted mean diam-
eter (DG), basal-area-weighted mean height (HG), or quadratic mean diameter
(DQ). The variable DQ is commonly used when modelling a stand structure
(Newton et al. 2005; Coble and Lee 2008), especially when modelling self-thin-
ning (Monserud et al. 2005; Weiskittel et al. 2009). It can be calculated as DQ =
\/(G/qN), where G is the stand basal area, and g is the conversion factor g=
7/200%. The mean characteristics are highly correlated with each other; there-
fore, only one or a few of them are usually included.

Most of the plots in the HARKAS and ARPVANHA experiments were
thinned. Thinning from below most likely decreases the observed mortal-
ity probability of a tree because the most suppressed trees are removed. We
included the effect of thinning in the models using dummy variables describing
the time since the last thinning, ranging from 0-5 years, 6—10 years, and 11-15
years after the treatment. A dummy variable (also known as an indicator varia-
ble) takes a binary value (0 or 1) to indicate whether the plot was thinned within
the specified time (1) or not (0).

The final model is as follows:

i BAL

X1b = f(dbh, db ,In(DQ), In(G), th_0_5, th_6_10) )
bh

where dbh is the stem diameter at breast height (cm), BAL is the basal area in larger
trees (m? ha™'), DQ is the quadratic mean diameter (cm), G is the basal area (m?
ha_l), and th_0_5 and th_6_10 are dummy variables for time since the last thinning
for 0-5 years and 6-10 years. All the tree and stand variables represented values at
the beginning of the growth period.

For comparison, we also tested the current (unpublished) survival model in
Motti. The model is expressed as follows:

X1b = 8.8165 — 4.4671RDFL — 55.5793RDFL/dsh 5)

where RDFL is the competition index (relative density factor) calculated from trees
larger than the target tree, and dsh is the stem diameter estimated to stump height
(height of the uppermost root neck) using the equation by Laasasenaho (1975) as
dsh= 2.0 +1.25 dbh. The variable RDFL is based on the self-thinning line esti-
mated by Hynynen (1993) and is described in detail by Hynynen et al. (2002). The
explanatory variables of the current survival model represent values after the growth
period. The current survival model was estimated in 2010 using NLMIXED in SAS
based on the data from the HARKAS experiments measured by then, including the
random site effect in the nonlinear logistic equation.

@ Springer



Forest Science (2025) 71:697-719 705

Evaluation using the Motti Simulator

The test dataset consisted of ten unthinned plots, which were used as an evaluation
dataset for the simulations with the Motti stand simulator. Motti is a comprehensive
analysis tool and decision support system for assessing the impacts of forest man-
agement alternatives on stand dynamics (Salminen et al. 2005; Hynynen et al. 2014).
The unthinned plots were monitored for a period of between of 16 and 31 years. The
stand-level characteristics of the first measurement of each plot was used as an ini-
tial state, with the length of each simulation period aligned with that of the length of
the measurement periods. In Motti, the stand level information was converted into
tree lists using parameter recovery of the Weibull function for sampling tree dbh
(Siipilehto and Mehtidtalo 2013) and Néaslund’s height model for tree height (Siipile-
hto and Kangas 2015). The predicted tree list includes the knowledge of the number
of trees that the tree record represents in the respective stand. The predicted prob-
ability of tree mortality is used to continuously and smoothly reduce the number of
trees/ha represented by each sample tree (see Monserud and Sterba 1999; Ahtikoski
et al. 2018). The predictions for the number of stems ha™' () and stand basal area
m? ha™! (G) using the BAL-based marginal and mixed-effects models developed in
this study were compared with the measurements as well as with the predictions of
the current survival model used in the Motti simulator. Ultimately, the simulations
were extended until the maximum G was achieved to ascertain whether the tree-
level model could effectively limit the stand basal area to a reasonable level.

Results
The Estimated Mortality Models

We conducted a comparative analysis of the marginal model and the mixed-effects
models with different random effects for Scots pine mortality. The estimated param-
eters of the fitted marginal and mixed-effects models were found to be statistically
highly significant (P < 0.0001), with the exception of In(G) in the random site model
(P=0.02) and th_0_5 in the random plot model (P = 0.12). There was considerable
variation in the estimated parameters between the alternative models. The impact of
BAL in the random plot model was considerably less pronounced than in the other
models, while it was more driven by dbh and G (Table 2). The most notable dis-
crepancy was the negative parameter for In(G) in the random year model. However,
the mixed model with the random year effect demonstrated superior fit statistics,
as evidenced by the — 2 loglikelihood and AIC values, (Table 2). Nevertheless, we
proceeded with further evaluation of this model, despite the somewhat illogical
effect of In(G). There was a significant improvement in the fit statistics when mov-
ing from the marginal model to the mixed models with random site (2278 units),
and then from the random site to the plot effect model (742 units). Finally, there was
a further improvement when moving from the plot effect to the random year effect
model (still 538 units) (Table 2). The discrepancies between the mortality models
were analysed using an extreme stand with the following characteristics: N= 500
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Table2 The estimated parameters of the marginal and mixed-effects complementary log—log models for
Scots pine mortality, along with the fit statistics (— 2 log likelihood and AIC). The estimated random
effect is shown in the model name: random site, nested random effects as plot(site), and year(site)

Model Marginal Random Site Random plot(Site) Random year(Site)
Variable Estimate  Std Estimate  Std Estimate  Std Estimate  Std
Intercept —-9.0177 0.2998 —14.337 04416 —14163 0.6376 —9.8060 0.3640
dbh —0.8894 0.0660 —19143 99796 —-1.7804 0.0736 —1.4519 0.0717
dbh'? 0.3525 0.0310  0.8068 0.0354 0.7717 0.0334  0.6135 0.0325
BAL/\/dbh 0.1832 0.0110 0.0719 0.0184 0.1621 0.0165  0.1822 0.0152
In(DQ) 2.1962 0.1156  3.4899 0.1754  1.0391 0.2081  3.0468 0.1419
In(G) 0.3135 0.0910 1.9786 0.1666 —0.4201 0.0995 0.2370 0.1017
th_0_5 —0.4996 0.0396 —0.0930 0.0605 —0.5200 0.0522 —0.5339 0.0447
th_6_10 —0.3559  0.0601 —0.1909 0.0748 —0.4039 0.0733 —0.3955 0.0601
Variance 1.0835 1.0507 0.1156  1.1787 0.1692  0.4604 0.1043
— 2 loglike 35,670 32,649 32,110 33,391

AIC 35,686 32,666 32,128 33,409

* dbh= stem diameter at breast height (1.3 m), BAL= basal area in larger trees (m? ha™!), DQ= quad-
ratic mean diameter (cm), G = basal area (m2 ha‘l), th_0_5 and th_6_10 are dummy variables that take
the value 1 if the time since the last thinning was 0-5 years or 6-10 years respectively, and the value 0
otherwise

ha™!', G=45 m? ha™!, and DQ=33.8 cm. The curves are presented up to a dbh of
60 cm, which is beyond the dataset. Following this examination, it became evident
that the mortality profiles were rather different (Fig. 2). The profiles for the random
plot and the random year model were found to be disparate (Fig. 2). It is notable that
the mortality rate for the largest trees increased from the marginal model, where it
was almost non-existent (0.4%) despite the significant parameter for dbh'?, to the
random site model (14%), the random year model (24%), and finally the random plot
model (60%).

Model Evaluation
Observed and Predicted Mortality Rates in the Test Dataset

The predicted mortality rates are examined over the entire test data and for classes
of tree-, plot- and site-level characteristics in test dataset. Our analysis revealed a
minor underestimation in the mean predicted mortality for the random site and ran-
dom plot models (4.2—4.0%) compared to the observed mortality of 5.3% in the test
dataset. The random year model produced a slight underestimation of 4.8%, while
the marginal model provided an almost accurate mortality prediction of 5.2% for the
entire test dataset.

In the smallest diameter class (2.5 cm), the predictions of the alternative mod-
els exhibited considerable variation in test dataset (Fig. 3A). The mixed model with
the random plot effect predicted the lowest mortality rate (27%) for the test dataset,
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Fig.2 The U-shaped mortality profiles predicted by the different models with respect to tree dbh when
the stem number N= 500 ha™!, basal area G= 45 mZha"', and quadratic mean diameter DQ = 33.8 cm

while the mixed model with the random year effect exhibited the highest mortality
rate (62%). The observed mortality rate of 32% in the test dataset was most closely
predicted by the random site effect (32%) and marginal models (31%). In the second-
smallest diameter class (7.5 cm), the mixed model with a random year effect slightly
overestimated the observed 13.4% mortality rate in the test dataset (16.5%) while the
other models slightly underestimated it, least by the marginal model (Fig. 3A). In
the dbh classes exceeding 17.5 cm, the lowest mortality rates were provided by the
random year effect model (Fig. 3A). It underestimated the mortality for the 17.5 and
22.5 cm classes but provided the best predictions for the 27.5 and 32.5 cm classes.
It was found that the mortality rate of the largest trees was increasing in test data-
set. The random site and random plot models overestimated mortality for the largest
trees while the marginal and random year models provided quite accurate predic-
tions (Fig. 3A). The upward trend in predicted mortality rates was attributable to the
negative parameter for dbh'?.

Upon examination of mortality in relation to the BAL classes, the predicted
mortality rates were generally underestimated by the models from the 22.5 BAL
class to higher BAL classes (Fig. 3B). As anticipated, the observed mortality rate
generally increased in line with the BAL (Fig. 3B). However, the increase was
not continuous, with the highest mortality rates observed in the 37.5 m? ha~!
BAL class, and unexpectedly lower in the largest BAL class. It was therefore to be
expected that there would be inaccuracy in the predicted mortality rates against
BAL. We opted to utilise a single BAL-based variable, and the BAL/+/(dbh)
proved to be the most suitable option. The marginal model predicted the highest
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and year effects. Note that the y-axis is capped at a 0.7 mortality rate
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mortality rates, and generally, they were closest to the observed mortality rates,
except for the highest 42.5 m? ha~! BAL class, in which the random year model
provided the best prediction in the test dataset (Fig. 3B).

The marginal model proved to be the most accurate in predicting the mortal-
ity rate against quadratic mean diameter (DQ) (Fig. 4A). However, the random
site model provided slightly more accurate predictions for the 7.5 and 22.5 cm
DQ classes in the test dataset. The random year model overestimated mortality in
the smallest DQ class of 7.5 cm, while its predictions for the higher DQ classes
(17.5-27.5 cm) were clearly underestimates. The random site and the random plot
models provided almost equal predictions except for the smallest and highest DQ
classes.

The test data indicate that the highest basal area did not correspond to the
highest mortality rate (Fig. 4B). However, the highest level of predicted mortal-
ity was found in the highest G class. The random year model provided the best
prediction for the highest G class. The random year model produced clear overes-
timates for the two lowest basal area classes, while underestimating mortality for
the higher basal area classes of 32.5 and 37.5 m? ha™!. In general, the marginal
model provided a reasonable prediction for the whole range of G.

The test dataset did not indicate a clear increasing trend in mortality with
increasing age (Fig. 5A). In the case of the youngest stands, the random year
model provided a clear overestimation of mortality (14.5%), which is in stark
contrast to the 1% mortality rate observed in the test dataset (Fig. 5A). In this age
group, the random plot model provided the most accurate predictions. However,
as age increased, the random plot model generally underestimated mortality. The
exception was the oldest age class (110), in which the random plot model over-
estimated mortality the most (Fig. 5A). For the whole range of age the marginal
model provided reasonable predictions of mortality and between 50 to 90 years
age classes the marginal model provided the most accurate predictions.

Overall, the models provided accurate predictions with respect to years since
last thinning in the test dataset (Fig. 5B). However, except for the random year
model, the models clearly overestimated mortality for the class of 35 years since
last thinning. The random year model provided the most accurate predictions
for the unthinned stands and for the classes of 15 years and 35 years since last
thinning (Fig. 5B). The marginal model slightly overestimated mortality in the
thinned stands. For 5 to 25 years since last thinning, the random site model pro-
vided almost correct mortality rates. For the unthinned stands, the random plot
model clearly underestimated mortality, while the marginal model and the ran-
dom year model demonstrated the highest prediction accuracy (Fig. 5B).

In the test dataset, all the models overestimated mortality in northernmost Fin-
land, 600 GDD5 class (Fig. 6). The test data showed an exceptionally high mor-
tality rate of 10% for the 800 GDDS5 class. However, the predicted mortality was
overestimated by the marginal model and accurately predicted by the random site
model (Fig. 6). As this higher mortality could be predicted, it was not influenced
by exceptional irregular mortality but, was due to experiments with a lower pro-
portion of thinned stand plots. The random site model provided the most accurate
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and basal area (G) in the test dataset using the marginal and mixed-effects mortality models with random
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Fig. 6 Mortality rate in the test datasets with respect to growing degree days (GDD5 as a 30-year average
temperature sum from 1971 to 2000 with a 5 °C threshold) using the marginal and mixed-effects mortal-
ity models with random site, plot, and year effects

predictions from 600 to 1000 GDDS5 classes, but underestimated mortality in the
1200 CDD5 class more than the marginal and random year models.

Motti Simulation with the Current and New Mortality Models

The mortality models produced satisfactory results when the 16 to 31 year simulations
with the Motti simulator were compared with the observed stand density (Table 3).
The marginal model demonstrated the most accurate for the development of stem
number N (— 1.9% bias and 12.4% RMSE) and simultaneously for basal area G, with a

Table 3 The evaluation results of the Motti simulations in the 10 unthinned plots of the test dataset, with
the marginal and mixed-effects logistic models applied with random site, plot, and year effects

Model Marginal Random site Random plot(site) Random
year(site)
Variable N G N G N G N G
Bias —28.7 -0.2 - 65.7 -0.8 - 533 - 0.6 -81.2 -12
Bias% -19 —-0.7 —-42 -25 -34 - 1.8 -52 -3.7
Stdev 162.7 1.6 170.7 1.8 165.6 1.7 2124 2.1
RMSE 191.6 1.9 212.5 2.3 201.9 21 264.1 2.8
RMSE% 124 6.0 13.7 7.4 13.0 6.7 17.0 8.9
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0.7% overestimation and 6.0% RMSE (Table 3). The mixed model with a random year
effect produced the least accurate results for N and G, specifically, the bias was 5.2%
and 3.7%, and the RMSE was 17.0% and 9.0%, respectively. The current model of the
Motti simulator (Eq. 7) showed a 3.5% underestimation in N, with a standard devia-
tion of the prediction error (stdev) of 220 and an RMSE of 12.7%. The corresponding
figures for G were a 1.2% underestimation, 1.8 stdev and 5.0% RMSE. Therefor, the
number of stems was marginally more biased when predicted with the current RDFL-
based model than with the new BAL-based marginal model, but generally slightly bet-
ter than with the new mixed models. Similarly, the predicted basal area was slightly
less biased with the new marginal model. However, the current RDFL-based model
provided a smaller bias in G than the new mixed models. Finally, the RMSE% for G
with the current model was 5%, which was lower than with the new marginal model.

The new models are designed for use without a stand-level upper limit, based
on the self-thinning line by Hynynen (1993). The mean of the predicted stand-
level maximum basal areas were higher when using the new marginal model
(45.5 m? ha™") and even higher with the random site effect model (46.0 m? ha )
compared to the current RDFL-based model (42.3 m? ha™!) (Table 4). The ran-
dom year effect model resulted in a much higher mean (68.1 m? ha™"). It is worth
noting that the highest observed basal area was 43.9 m? ha~!, and that the trend
was for increasing G for each case. This indicates that the absolute maximum was
not yet reached. However, the mixed model with the random year effect reached
an implausible maximum G on average, with the highest value reaching 81.4
m? ha~!. This outcome was anticipated, given the illogical negative parameter
for In(G). Nevertheless, it was deemed appropriate to evaluate this model as an
exemple of a model with the best statistical fit in comparison to models charac-
terised by ecologically reasonable parameters (see Yang et al. 2003). Finally, the
models, with the exception of the mixed model with a random year effect, can be
used without an upper restriction based on the self-thinning line.

Discussion

The use of a relatively straightforward mortality model has proved advantageous for
the logical model behaviour in terms of the estimated effect of the included varia-
bles and the predicted versus observed mortality rates against these variables (Jutras

Table 4 The maximum basal areas (G) predicted using the marginal and mixed-effects logistic models
with random site, plot, and year effects, as well as the current RDFL-based model, in the prolonged Motti
simulation, and the maximum observed G of the monitoring period

Maximum G Marginal Rnd site Rnd plot Rnd year RDFL Max obs
Average 45.5 46.0 42.1 68.1 423 37.3
Minimum 39.9 41.0 38.2 60.0 36.6 28.0
Maximum 51.8 54.5 48.5 81.4 45.9 43.9
Stdev 35 4.0 3.0 6.6 33 49
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et al. 2003; Monserud and Sterba 1999; Monserud et al. 2005). We employed tree
dbh to model increased mortality for small trees, as well as dbh'? to account for
slightly elevated mortality rates among the largest pine trees. In fact, dbh?® and dbh'~
provided a slightly better fit statistic (e.g., 70 and 30 units smaller AIC), but then
the predicted mortality rate for the largest trees became unrealistically high in each
mixed model. It is notable that, in contrast to the final model behaviour illustrated
in Fig. 2, the application of exponents 2 and 1.5 would result in the demise of the
vast majority of trees with a diameter of 60 cm. The competition at the tree level
was described by BAL/A/(dbh). The BAL was divided by 1/(dbh) because the BAL
alone in a model resulted in an overestimation of mortality for the highest BAL val-
ues. While the BAL/ \/ (dbh) was the essential driver in modelling the corresponding
survival rate for Norway spruce (Siipilehto et al. 2021), it also proved to be the opti-
mal choice when a single BAL-based variable was included in the pine model. It is
optimal that the individual tree survival or mortality model can be used without self-
thinning constraints (Monserud et al. 2005). In our study, all models except the ran-
dom year model demonstrated a reasonable maximum basal area in the prolonged
simulation run without thinning.

Age is seldom used to describe the developmental status of a stand in a mortality/
survival model. However, recently some models have been developed to integrate
the effects of competition and ageing on the survival probability of spruce trees in
Finland and Norway. The results demonstrated that senescence was a significant fac-
tor in predicting spruce survival (Siipilehto et al. 2021). The stand age was found
to have a significant impact on the survival probability of large spruce trees in both
managed stands and old-growth stands (Siipilehto et al. 2021). As Scots pine is a
long-lived species, reaching an age of over 500 years (even 700—800 years according
to Engelmark and Hytteborn 1999), while the maximum age of Norway spruce is
close to 300 years (Zackrisson et al. 1995; Kuuluvainen et al. 2002), we found that
the age of pine was not a significant factor within the range of our datasets. Upon
evaluation of the models in this study against age to ensure no bias was present in
terms of age, it was found that age was not as significant a factor as it is for spruce.
Nowadays, forest inventories frequently rely on airborne laser scanning (ALS) data,
which enables more accurate estimation of stand density, especially the basal area,
and mean dimensions (DG and HG) than the stand age (Maltamo et al. 2020). Fur-
thermore, if a stand is managed according to uneven age management principles,
the stand age is not a relevant variable (Moser 1972; Monserud and Sterba 1999;
Peng 2000; Maltamo et al. 2020). We therefore chose to develop the models without
including age, in order to ensure maximum flexibility for future applications. Instead
of age, the developmental stage of a stand was defined by the DQ.

One might ask whether the potential impact of forest management should be
included in the model. It is a common practice to fit survival or mortality models
based on unthinned stands only, or at least to ignore the thinning effect (Yao et al.
2001; Temesgen and Mitchell 2005; Vieilledent et al. 2009). It should be noted
that there are a few exceptions to this, namely the models by Fridman and Stéhl
(2001), Sims et al. (2014) and Siipilehto et al. (2021), which include the effect of
forest management (thinning) in their models. Alternatively, in models incorpo-
rating a crown ratio or diameter increment, the impact of forest management is
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incorporated indirectly through enhanced tree vitality (Hamilton 1986). As the
mortality models in this study are designed for use in a stand simulator, it is cru-
cial to consider the impact of stand management on tree mortality. Furthermore,
the mortality models were developed based on experiments where a reduction of
tree mortality was due to thinning from below. Accordingly, the thinning effect
was incorporated into the models as two dummy variables, delineating the time
since the last thinning up to 10 years. Scots pine, as a shade intolerant species,
benefited more from thinnings than Norway spruce, for which the recent thin-
nings within 5 years was not significant (Siipilehto et al. 2021). On the other
hand, the recent thinnings significantly reduced mortality in Norway spruce in
Sweden, but were not significant for Scots pine (Fridman and Stahl 2001). In the
USA, thinning from below decreased mortality, while intensive thinning from
above increased mortality (Powers et al. 2010).

The evaluation of the models can be carried out in several ways. In addition to
the goodness-of-fit statistics and the observed versus predicted mortality rates with
respect to tree-, stand- and site-level variables, we evaluated the behaviour of the
models by simulating the stand development over time. This revealed important
information on how the models worked. For instance, the mixed model with a ran-
dom year effect produced the best fit statistics. However, a significant shortcoming
was that this model did not impose any restrictions on stand basal area development,
in contrast to the other models. It is notable that the average maximum G was 68 m>
ha~! in the prolonged Motti simulation, with the highest predicted G reaching 81 m?
ha™!. These values represent an extremely high stand density for a shade intolerant
species such as Scots pine. It is therefore recommended that the model with the ran-
dom year effect should not be used without an upper limit of self-thinning restric-
tion. In contrast, the marginal model yielded a reasonable average maximum G of
46 m? ha™! for the unthinned stands in the prolonged Motti simulation. The exist-
ing RDFL-based model provided a lower maximum basal area, namely 42 m? ha™!,
while underestimating G in the test dataset by only 1.2%. However, should these
datasets be measured in the future, the predicted mortality by the current RDFL-
based model may result in higher underestimations for basal area predictions.

The assessment of the mortality models with varying random effects in the Motti
simulations demonstrated that the enhanced statistical goodness-of-fit of a model (as
indicated by the — 2 log likelihood and AIC) did not translate into enhanced simula-
tion outcomes. We therefore recommend applying the marginal model, which offers
the best development of the stem number and the stand basal area over time. The
current mortality model, based on the self-thinning line (Hynynen 1993; Hynynen
et al. 2002), also demonstrated excellent results. It is worth noting that the maximum
basal area in the prolonged Motti simulations was lower with the current model than
that of the best performing BAL-based models. The observed basal area develop-
ment continued to show an increasing trend, which may result in a more pronounced
underestimation of the predicted maximum basal area by the current RDFL-based
model. It may be possible to enhance the model further by fitting a new self-thinning
model with the most recent data, specifically the latest measurements from the same
experiments. Finally, we presented the mixed models with random effects for the
intercept only. It would be feasible to utilise alternative random effect combinations,
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including random slopes within the model. However, we do not anticipate that incor-
porating additional mixed effects combinations will result in any notable enhance-
ments in a practical application, particularly when compared with the best-perform-
ing marginal model.

Understanding tree mortality is a prerequisite to avoid overestimating stand
yield. Integrating growth models with the mortality models developed in this study
reduces uncertainties in stand predictions and helps to make recommendations for
sustainable forest management. The advantage is the detailed representation of both
tree and stand dynamics, including tree mortality. This provides forest managers
with robust predictions of future stand development.
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