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(region) were used as fixed effects variables. Tree morality 
variations caused by forest blocks were accounted for using 
forest blocks as a random effect in selected models. Results 
showed that tree mortality significantly positively correlated 
with stand basal area and dominant height, but negatively 
correlated with stand mean diameter. Incorporating both the 
dummy variables and random effects into the tree mortal-
ity models significantly increased the fitting improvements, 
and Hurdle Poisson mixed-effects model showed the most 
attractive fit statistics (largest R2 and smallest RMSE) when 
employing leave-one-out cross-validation. These mixed-
effects dummy variable models will be useful for accurately 
predicting Larix tree mortality in different regions.

Keywords Base models · Regional mortality models · 
Mixed-effects modeling · Model validation · Forest 
management

Introduction

Larix gmelinii subsp. principis-rupprechtii (Mayr) A. E. 
Murray (Pinaceae) is the main afforestation tree species in 
the mountains of northern China (Fu 2017) because of its 
faster growth, excellent wood materials, stronger resistance 
to bad weather and wind, and contributions to soil conserva-
tion. It is thus important in mountainous regions. In recent 
years, however, large-scale wilting has been found in Larix 
forests in these regions, although the death rate of Larix spe-
cies differs significantly among regions due to differences 
in site conditions and environmental factors (Chen and Hua 
1991; Ban et al. 1997).

Predicting tree mortality is one of the important parts 
of forest growth and yield models (Clutter and Jones 1980; 
Knoebel and Burkhart 1986). Information on tree mortality 
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and potential causes are very important for understanding 
forest dynamics (Das and Nathan 2015) because mortality 
may strongly influence future stand status (Bircher et al. 
2015). Mortality has a significant influence on the prediction 
accuracy of changes of global stand structures (Dietze and 
Jaclyn 2014). Because we lack a comprehensive understand-
ing of tree mortality is incomprehensive, as tree mortality 
is rarely observed and its cause is unclear (Das and Nathan 
2015; Vanoni et al. 2016). As a result, tree mortality is still 
the most difficult part to incorporate in models to predict 
forest growth and harvest (Hamilton and Edwards 1976).

Tree mortality results from the combined effect of envi-
ronmental factors, stand factors and genetic characteris-
tics of tree and thus differs among stands; trees most often 
gradually decline in vitality until they die. Tree mortality is 
highly complex, with a multifactor synergism and has con-
siderable degree of the randomness; therefore, the underly-
ing mechanisms are difficult to elucidate (Sala et al. 2010), 
limiting modeling capability (Galbraith et al. 2010; Adams 
et al. 2013).

The many factors and their interactions of the factors 
affecting mortality at the same time in the same place make 
it difficult to describe variability of the observed mortality 
data using traditional modelling approaches such as ordinary 
least square regression. Alternatively, mixed-effects model-
ling makes it possible to describe mortality more effectively 
than the traditional modeling approach (Zhang et al. 2014, 
2017b). Thus, mixed-effects tree mortality models should be 
developed to improve predictions of forest damage at stand 
levels.

Stand level mortality is a count variable because there 
are often no dead trees in a stand. The least squares method 
implicitly presumes that the data are Gaussian distributed 
with constant variances or at least satisfy Gauss–Markov 
assumptions. If the least squares method is applied to data 
with a large proportion of zero counts, the estimated results 
would be biased. Thus, linear models are not appropriate 
to describe mortality. A generalized linear model is often 
used to describe the variability of tree mortality, in which 
a dependent variable follows an exponential distribution, 
which may not be appropriate for potential mortality pat-
terns. Other probability distributions such as negative bino-
mial distribution, binomial distribution and Poisson distribu-
tion are commonly used for mortality modeling with better 
results (Zhang et al. 2014).

When sample plots have little or no dead trees, a large 
amount of zero data may be possible, and the structure of 
this data is discrete (Eid and Tuhus 2001). The Poisson 
model is often used for counting; however, the Poisson 
regression must have equality of the mean and the vari-
ance, so the negative binomial model is sometimes used 
for counting (Rashid 2016; Zhang et al. 2017a). However, 
in practical situations, some data are too discrete, and the 

negative binomial model is not suitable. Sometimes, if the 
model is implemented, interpretation of the results can dis-
tort (Ping et al. 2008). In this situation, researchers have 
applied the zero-inflated model and Hurdle model to fit the 
mortality data because these methods can effectively solve 
the heterogeneity problems of the data (Hu et al. 2011; Yang 
2014; Fang et al. 2016). Bayesian estimation methods have 
also been used (Alspach and Sorenson 1972) for mortality 
modeling. In forestry, counting models are mainly used for 
counting forest fire incidents (Kwak et al. 2012; Xiao et al. 
2015; Susaeta et al. 2016) and rarely applied to tree mor-
tality modeling (Affleck 2006; Li et al. 2019; Zhang et al. 
2014). A two-step method has also been used to build stand-
level mortality models (Woollons 1998; Eid and Oyen 2003) 
and involves fitting a logistic function to tree mortality data, 
and stand-level mortality is obtained by summing the num-
ber of dead trees in the stand. Because detailed information 
on individual trees is needed, with the chance of errors accu-
mulating and thus reducing the accuracy of the stand-level 
mortality information.

Considering all these issues, here we used seven com-
monly used counting model (Poisson model and negative 
binomial model, zero-inflated Poisson model, zero-inflated 
negative binomial model, Hurdle Poisson model, Hurdle 
negative binomial model, and logistic regression model) to 
fit the tree mortality data. Considering different candidate 
models to fit data provides a good opportunity to select the 
most suitable model according to data patterns. The best-
fitted model was then selected to describe the phenomenon 
of the regional random death of Larix. The presented mor-
tality models will be useful for estimating comprehensive 
growth processes for Larix forests in northern China for 
developing more effective silvicutural strategies and forest 
management plans.

Materials and methods

1Data collection

We established 102 temporary sample plots (TSPs) in state-
owned Larix forests in Shanxi Province, China to collect 
mortality data (Fig. 1): 67 in the Guandi Mountain Forest 
and 35 in the Boqiang Forest. These 102 TSPs did not have 
any have obvious damage due to disease and pest. Each TSP 
was square-shaped and 0.04 ha. The TSPs were selected to 
provide representative information for a variety of stand 
structures and densities, tree heights and ages, and site pro-
ductivity. Data was collected from July through September 
in 2015. For each stand structure, stand origin was recorded, 
stand age was determined, and canopy density, and height 
of Larix with DBH larger than 5 cm were measured. All 
102 TSPs originated from natural forests. Tree height was 
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measured with an ultrasonic altimeter; the crown was meas-
ured in four directions using a hand-held laser range finder; 
the age of each dominant tree was determined by counting 
rings obtained from cores drilled at breast height the domi-
nant height of the stand was obtained as an average of the 
five tallest trees in each quadrat within the sample plot. Sum-
mary statistics are presented in Table 1. The climate in the 
studied area is temperate continental. In Guandi Mountain 
Forest, mean annual temperate ranges from 3 °C to 7 °C, 
and mean annual rainfall is 822.6 mm. In Boqiang Forest, 
mean annual temperate ranges from ‒1 °C to 8 °C, and mean 
annual rainfall is about 400 mm.

Methods

We mainly choose stand factors to assess their affected on 
tree mortality. Stand factors include stand density, competi-
tion index, stand productivity, stand structure, etc. In most 
cases, these factors may be considered simultaneously or 
several of them are considered (Affleck 2006; Zhang et al. 
2014; Das and Nathan 2015). Based on the research data, the 
main factors affecting stand level mortality were calculated, 
including stand density, stand mean diameter, stand domi-
nant height, basal area per hectare, relative spacing index. 
Tree mortality patterns are shown in Fig. 2.

Fig. 1  Study area showing the sample plot locations
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Variable selection

Stand variables characterized by a meaningful biologi-
cal explanation were selected as predictor variables in the 
tree mortality models. The dominant height (DH), which 
describes the combined effects of stand development and 
site productivity calculated and evaluated its potential con-
tribution to the tree mortality models. Similarly, sample plot 
mean diameter (D), number of trees (N) and basal area per 
hectare (S), and relative spacing index (RSI), which were 
assumed to describe stand density and competition, were 
also evaluated for their potential contributions to the tree 
mortality variations. Multicollinearity among the independ-
ent variables was verified with the variance inflation factor 
(VIF). According to a common rule-of-thumb, multicolline-
arity among variables was considered to occur when VIF > 5 
(Akinwande et al. 2015). Thus, the variance inflation fac-
tor (VIF) was used to examine whether variables would be 

significantly correlated with each other, and variables with 
VIF < 5 were retained in our final models. We retained only 
three stand-level predictor variables in our tree mortality 
models, and they are DH, D, and S.

Model development

We considered seven commonly used versatile functions to 
develop the tree mortality models, such as Poisson model 
and negative binomial model (NB), which refer to as the 
standard function, zero-inflated Poisson model (ZIP), zero-
inflated negative binomial model (ZINB), Hurdle Poisson 
model (HP), Hurdle negative binomial model (HNB), and 
logistic regression model. We expanded each of these func-
tions through the inclusion of important stand-level vari-
ables (D, DH, S), random component and dummy variable. 
More details of the expanded models were given in Table 2.

When a dummy variable describing regional variations 
in tree mortality was added to parameter β1 in all the seven 
models, dummy variable tree mortality models were formed 
(Table 3).

We formulated the tree mortality models using each of 
the seven base models by incorporating dummy variable 
describing regional mortality variation and random effects 
accounting for forest block effects in the tree mortality mod-
els. The mixed-effects tree mortality models with dummy 
variables we formulated are given in Table 4.

In all the models in Table 4, the vectors of errors and 
block-level random effects (ui1, ui2) are defined by ζi ~ N(0, 
R) and μi ~ N(0, D), respectively, meaning that error vector 
is assumed to have a normal distribution with zero mean 
and within-block variance–covariance matrix Ri, defined by 
Eq. 22.

Vector μi of the random effects (ui1, ui2)in these models 
(Eqs. 15–21) was assumed to have a multivariate normal 
distribution with zero mean and block variance–covariance 
matrix D, defined by Eq. 23.

In this study, all parameter vectors can be estimated 
through the maximum likelihood method. Parameter estima-
tion was implemented using the glmmTMB package (Brooks 
et al. 2017) in R 3.6.3 (R Core Team 2020).

Model selection and goodness of fit

Various statistical indicators were used to compare the fitting 
performance of the candidate models presented above. To 
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Table 1  Summary of stand-level variables; D: stand mean diameter; 
N: stand density (number of stems per hectare), DH: stand dominant 
height; S: basal area per hectare; and RSI: relative spacing index; 
MC: stand-level mortality in a sample plot; SD: standard deviation

RSI was calculated as a function of dominant height and stand den-
sity: RSI = (10,000/N) 0.5 / DH (Zhang et al. 2014, 2017b)

Variable Minimum Maximum Mean SD

D (cm) 12.69 33.44 24.07 3.90
N (trees  ha−1) 175 1625 725 512.18
DH (m) 15.86 30.72 23.54 2.99
S  (m2  ha−1) 7.53 77.16 35.89 12.23
RSI 0.48 1.59 0.82 0.19
MC 0 350 90.42 3.62

Fig. 2  Tree mortality distribution patterns by number of dead trees 
per sample plot
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contrast the goodness of fits between these models, coeffi-
cient of determination (R2), mean residual error (MD), total 
relative error (TRE), and root mean square error (RMSE) 
were used. The expressions of these indicators are given 
below:

(24)R
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∑i=n

i=1
(MC
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i
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where, n is the number of sample plots,  MCi is the actual 
value of the tree mortality in the i th sample plot, M̂C is 
the estimated value of the tree mortality in the i th sample 
plot, and 

−

MC is the average of the observed value of the tree 
mortality. The smaller the MD, TRE, RMSE, and the larger 
R2, the better is the fit performance of the models.
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Table 2  Summarized forms of 
mortality functions, which were 
expanded through inclusion of 
three predictor variables

MCij is the number of dead trees in the j th sample plot nested in the i th block;D
ij
 is the stand arithmetic 

mean diameter in the j th sample plot nested in the i th block;  DHij is the stand dominant height of the j th 
sample plot nested in the i th block; Sij is the basal area per hectare the j th sample plot nested in the i th 
block; eij is the variance heterogeneity parameter. The expectation of  MCij is expressed by θ, pij is the prob-
ability of observation of the zero of the j th sample plot nested in the i th block. a, α0‒α1 and β0‒β3are esti-
mated parameters. Define Eq. 1 as M 1, and so on. Poisson model: parameter lambda λij is expressed as the 
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Using MD, TRE, RMSE and R2 alone does not ensure 
whether the models fitted data optimally. The validity of the 
tree mortality models developed from the seven different 
base models can be evaluated using an independent data set. 
However, such a validation procedure was not feasible in this 
study because of the limited availability of data. Instead, 
the predictive performance of the tree mortality models was 
evaluated using the leave-one-out cross-validation (LOOCV) 
approach (Nord-Larsen et al. 2009; Timilsina and Staudham-
mer 2013).

Results

Basic tree mortality models

The parameter estimates and fit statistics of all the seven 
candidate models using three stand-level variables (DH, D, 
S) as predictors, which we have defined as basic tree mor-
tality models, are presented in Table 5, and their models in 
Table 2.

All the parameter estimates for each base model were 
significant at the 0.05 level. Model 3 and Model 5 showed 

better-fit statistics compared to the other models. Model 1 
and Model 2 were inferior compared to the other models. 
The complex models provided better fits than the simpler 
ones did. These results also confirmed the superiority of 
the complex models or discrete data. Model 3 and Model 5 
provided better fits than all other models did, suggesting that 
they were the best suited to the data structure and the sample 
plots with no mortality data (zero data).

Tree mortality models with dummy variable

When a dummy variable describing regional variations in 
tree mortality was added to parameter β1 in the seven mod-
els, fit statistics obtained were substantially better than those 
of their base model counterparts (Table 2) (see model forms 
in Table 3).

The parameter estimates of the dummy variable and all 
other parameters of each tree mortality model were signifi-
cant (p < 0.05), except for β4 and β5 in the NB, ZINB and 
HNB models (Table 6). Model 10 and Model 12 provided a 
better fit than all the other models, with the greatest R2 and 
smallest RMSE and TRE. Model 9 was inferior to the other 
models, with the smallest R2 and greatest RMSE and TRE.

Table 3  Tree mortality models 
with dummy variable

� is a dummy variable; see Table 2 for definitions of other abbreviations and symbols
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Table 4  Mixed-effects models 
with dummy variable and 
random effects

Dij is stand mean diameter in the j th sample plot nested in the i th block; DHij is stand dominant height in 
the j th sample plot nested in the i th block, Sij is stand basal area per hectare in the j th sample plot nested 
in the i th block and βi (i = 0, 1,…,4) are parameters to be estimated. See Table 2 for definitions of other 
abbreviations and symbols

Model Equation Eq. No

Poisson log �
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Table 5  Parameter estimates and fit statistics of all the base models. R2: coefficient of determination; RMSE: root mean square error; TRE: total 
relative error

***  p < 0.0001, ** p < 0.001, and * p < 0.05

Model part Parameter estimates

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

a 552.2604*
Count part β0 4.2788*** 3.7865** 4.8006*** 4.8012*** 4.8006*** 4.8011*** 1.9955*

β1 0.1711*** 0.1711*** 0.1680*** 0.1423*** 0.1680*** − 0.1423*** 0.2314***
β2 0.102*** 0.1261* 0.1082*** 0.0870** 0.1082*** 0.0869** − 0.1466**
β3 0.0387*** 0.0366** 0.0264*** 0.02433*** 0.0264*** 0.02433*** − 0.0503***

Zero part α0 3.3469** 3.3454** 3.3469** 3.3454**
α1 − 0.1235*** − 0.1235*** − 0.1235*** − 0.1235**

Model index RMSE 62.4222 63.3026 60.1190 60.8943 60.1190 60.8978 61.4594
R2 0.5187 0.5050 0.5535 0.5420 0.5535 0.5419 0.5334
TRE 34.1592 33.8414 32.9651 38.5555 32.9651 38.5722 34.0287
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Mixed‑effects models with dummy variable and random 
effect

We formulated the tree mortality models using each of 
the seven base models by incorporating a dummy variable 
describing regional mortality variation and random effects 
accounting for forest block effects into the tree mortality 
models (see model forms in Table 4).

Except for Model 18, which did not converge with 
global minimum, the fit statistics of all the other mixed-
effects dummy variable models were significantly 

improved, and all the parameter estimates of each model 
were significant (Table 7). Model 15 fitted better than all 
the other models, with the greatest R2, and the smallest 
RMSE and TRE. Model 16 showed an inferior fitting to 
other models.

Model evaluation with LOOCV

We used only those predictor variables in the tree mortal-
ity models, which had VIF < 5, to insure no collinearity 
occurred among them. We used the selected variables in 

Table 6  Parameter estimates and fit statistics of tree mortality models with dummy variable included

R2: coefficient of determination; RMSE: root mean square error; TRE: total relative error
β3 is the parameter of dummy variable, β4 is the parameter of interactions between dummy variable and D; ***p < 0.0001, **p < 0.001,*p < 0.05

Model part Parameter estimates

Model 8 Model 9 Model 10 Model 11 Model 12 Model 13 Model 14

a 529.8302*
Count β0 4.6822*** − 2.6162 5.5267*** 5.3432*** 5.5267*** 5.3431*** 1.6935
part β1 − 0.1862*** − 0.1501* − 0.1772*** − 0.1474*** − 0.1772*** − 0.1473*** 0.2410***

β2 0.0989*** 0.1518* 0.0938*** 0.0715* 0.0938*** 0.0714* − 0.1471**
β3 0.0394*** 0.0352* 0.0251*** 0.0248*** 0.0251*** 0.0248*** − 0.0505***
β4 − 0.8594*** 0.8296 0.7181*** 0.0509 0.7181*** − 0.0517 0.0060
β5 0.0407*** − 0.0239 − 0.0478*** − 0.0111 − 0.0478*** − 0.0111

Zero α0 − 0.9057*** 3.3455** 3.3468** 3.3468**
part α1 − 0.9189* − 0.1235*** − 0.1235*** − 0.1235***
Model RMSE 62.3198 64.4697 59.7188 60.4286 59.7188 60.4321 61.3725
index R2 0.5203 0.4866 0.5595 0.5489 0.5595 0.5489 0.5347

TRE 33.9521 34.5976 31.5241 37.7990 31.5242 37.8137 33.9000

Table 7  Parameter estimates and fit statistics of the mixed-effects models with dummy variable and random effects included

R2: coefficient of determination; RMSE: root mean square error; TRE: total relative error
*** p < 0.0001, **p < 0.001, *p < 0.05

Model parts Parameter estimates

Model 15 Model 16 Model 17 Model 19 Model 20 Model 21

a 552.2604*
Count part β0 8.2508 5.9255* 11.6501** 13.4327** 6.2991*** 1.9944

β1 − 0.2850 − 0.1545* − 0.3238* − 0.3877** − 0.1396** 0.2314***
β2 0.0428*** 0.0063 0.0366*** 0.0369*** 0.0280 − 0.1466**
β3 0.0254*** 0.0462*** 0.0153*** 0.0153*** 0.0220*** − 0.0503***
β4 − 4.0147 − 1.4835 − 13.0822*** − 12.4283*** 0.1157
β5 0.1317 0.0454 0.3964*** 0.3964*** − 0.0151

Zero part α0 2.7807* 3.3468** 3.3469**
α1 − 0.1100** − 0.1235*** − 0.1235***

Random effect ui1 61.7514 5.6850 153.3302 124.602 2.0715 4.42E-05
variance ui2 0.0818 0.0020 0.1897 0.155 0.0020 1.08E-06
Model index RMSE 42.8153 57.6048 45.9483 46.0959 54.2433 61.4594

R2 0.7736 0.5901 0.7392 0.7375 0.6365 0.5334
TRE 13.9476 23.1111 18.3662 18.4957 28.8481 34.0289
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all model types: basic models, dummy variable models, 
and mixed-effects dummy variable models. We evaluated 
all these model types using the LOOCV approach. The 
prediction improvement was substantial through adding 
the dummy variable and random effects to the basic mod-
els (Table 8). For Model 19, R2 is the largest and RMSE is 
7.1% lower than that of Model 15. Among the basic models 
(Eqs. 1–7), Model 3 and Model 5 had the most attractive 
prediction statistics. Model 10 and Model 12, which are 
the dummy variable models and the mixed-effects dummy 
variable model, Model 19, appeared to be the best in their 
prediction performance.

When we compared the observed and predicted tree mor-
tality distribution patterns (Fig. 3), base Model 5, dummy 
variable Model 12, and mixed-effects Model 19 showed bet-
ter fitting effects.

Discussion

In this study, seven different mortality functions were 
considered for fitting the mortality data collected from 
two different regions of northern China, and their fitting 

performances were evaluated using common statistical 
measures.

Sample plot mean diameter (D) and stand basal area (S), 
which reflect the stand diameter growth, may describe the 
morality caused by stand density and competition. Dominant 
height (DH) may reflect the combined effects of site quality 
and stand development on the tree mortality.

Stand variables S and D can be calculated simply and 
accurately using diameter at breast height, which was the 
most reliably measurable variable in field survey data. In 
our models, tree mortality is significantly related to S, DH 
and D in the sample plot. Variable S had a positive corre-
lation with tree mortality, indicating that S raised the tree 
mortality rate, which may be due to resource limitations in 
the stand. An increase in basal area per hectare may cause 
crowding, and the intense competition may increase the mor-
tality rate in the forest (Dieguezaranda et al. 2005; Wiegand 
et al. 2006; Moustakas et al. 2008; Zhang et al. 2015). DH 
was also positively correlated with tree mortality, and with 
larger DH, tree mortality increased. Site conditions differ 
among regions and may be responsible for differences in 
tree mortality between the two regions with trees of the same 
dominant height.

Conversely, the effect of D on tree mortality was negative; 
that is, as the stand mean diameter became smaller, the tree 
mortality increased. This result indicates that tree mortality 
was more likely in forests with many small trees compared 
to forests with larger trees (Juknys et al. 2006; Larson and 
Franklin 2010).

When the dummy variable accounting for mortality vari-
ations due to regional differences was added, the model fit 
statistics slightly improved. However, basal area per hectare 
(S) appeared insignificant in the dummy variable models 
(negative binomial model (NB), zero-inflated negative bino-
mial model (ZINB), and Hurdle negative binomial model 
(HNB)). The reason may be due differences in regions, such 
as Guandi Mountain and Wutai Mountain. In the different 
regions, D would be significantly different due to different 
sites in the two regions. However, the models had higher 
fitting accuracy when tree mortality models including the 
dummy variables and random effects were considered based 
on the basic models. Because the random effects were added 
as D and the intercept, the differences wre explained as the 
effects of stand mean diameter in different blocks.

For discrete data, the Poisson model and the negative 
binomial model have poor prediction accuracy in the basic 
model, while the zero-inflated Poisson model (ZIP) and Hur-
dle Poisson model (HP) had unique advantages for predic-
tion. The prediction accuracy of the zero-inflated negative 
binomial model is lower than that of the zero-inflated Pois-
son model, which may be due to the numerous zero data that 
would not be in the expansion state (Long and Freese 2006).

Table 8  Prediction statistics obtained with the leave-one-out cross-
validation (LOOCV) approach

MD: mean residual error; R2: coefficient of determination; RMSE: 
root mean square error; TRE: total relative error
Means it doesn’t exist

Model no MD R2 RMSE TRE

Model 1 − 0.4908 0.4362 67.5594 57.2890
Model 2 − 0.2999 0.4476 66.8717 56.4493
Model 3 1.7076 0.5093 63.0288 55.1021
Model 4 3.5754 0.5038 63.3811 57.9856
Model 5 1.7077 0.5093 63.0288 55.1021
Model 6 3.5845 0.5037 63.3842 57.9955
Model 7 − 2.1363 0.3402 69.3410 57.6421
Model 8 − 0.7754 0.4052 69.3921 59.0404
Model 9 − 1.3905 0.4018 69.5882 57.2768
Model 10 0.6293 0.4975 63.7815 55.1449
Model 11 3.3296 0.4957 63.8957 58.6879
Model 12 0.6294 0.4975 63.7815 55.1449
Model 13 3.3371 0.4956 63.8984 58.6950
Model 14 − 0.1191 0.4082 69.2140 41.7411
Model 15 − 2.1228 0.5386 61.1164 51.0122
Model 16 − 5.9932 0.3751 71.1253 57.1333
Model 17 1.1651 0.4424 67.1860 55.7661
Model 18 – – – –
Model 19 6.4389 0.6017 56.7826 52.8999
Model 20 5.4792 0.5477 60.5120 55.9997
Model 21 1.4801 0.4375 68.9117 57.4599
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Compared to the basic models, parameters of dummy 
variable models increased to a certain extent, and models 
index have improved. The dummy variable models can well 
integrate different areas of Larix stands, improve the accu-
racy of the tree mortality model, and expand the compat-
ibility of the model.

If the logistic model is based on the maximum likeli-
hood estimation, it can only estimate the probability of the 
dependent variable. Thus, it is not appropriate to use maxi-
mum likelihood estimation in our study. Any of the maxi-
mum likelihood-based criteria for model selection, such as 
the Akaike information criterion (Strawderman et al. 2000) 
cannot be applied to the logistic model. Alternatively, the 
leave-one-out cross-validation (LOOCV) was applied to 
evaluate prediction performance of the models.

The Poisson model performed well in principle with tree 
mortality, but was unable to account for the large zero frac-
tion; the zero-inflated negative binomial, zero-inflated Pois-
son, and Hurdle negative binomial models overestimated 
the count part, but underestimated the zero part, resulting 
in a low prediction accuracy. Because of the complexity of 
tree mortality, it is difficult to interpret the fitted mortality 
function when the zero part was added. However, when the 
dummy variable (region) and random effects (block) were 

included into each of the seven base models, the prediction 
accuracy shown by LOOCV significantly improved, sug-
gesting that there were significant variations in tree mortal-
ity caused by regional conditions and subject (forest block). 
This result justifies applying the mixed-effects dummy vari-
able modeling approach in our study.

According to the field survey, altitude differenced inthe 
block is large, which is expected to greatly influence mortal-
ity of Larix species. However, we did not include any site 
variables such as altitude, aspect and slope into our models. 
In the future, these variables need to be considered in mor-
tality modeling. Similarly, climate change also contributes 
to tree mortality on a large scale (Mantgem and Stephenson 
2007; Kurz et al. 2008; Allen et al. 2010; Yang 2014; Hart-
mann et al. 2018), so climatic factors also need to incorpo-
rated into tree mortality models.

Conclusions

Fitting and comparison of the seven basic models through 
incorporation of the dummy variable describing regional 
effects and random components describing the forest 

Fig. 3  Observed and predicted distributions of tree mortality for Larix gmelinii subsp. principis-rupprechtii 
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block effects on the tree mortality led us to the following 
conclusions:

(1) The models fitted with the dummy variable and random 
effects significantly improved fit statistics and predic-
tion statistics compared with the basic models.

(2) Among the various model formulations (basic, dummy, 
mixed models), the random effects for the Hurdle Pois-
son model described the largest variation in the tree 
mortality.

(3) Tree mortality was significantly positively correlated 
with stand basal area and stand dominant height, but 
negatively correlated with sample plot mean diameter.

(4) The models only considered mortality that was caused 
by competition; however, the impact of different 
regional climate scenarios on tree death is not yet clear 
and needs to be studied in the future.
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