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Abstract 

A nonlinear mixed-effects modeling approach was used to model stem cumulative biomass based on logistic model 
for dahurian larch (Larix gmelinii Rupr.) plantations in northeastern China. The NLME procedure in S-Plus is used to 
fit the mixed-effects models for stem biomass data. The results showed that logistic model with random parameter 1b
could significantly improve the model performance. The fitted mixed effects model was also evaluated using mean 
error, mean absolute error, mean percent error, and mean absolute percent error. The mixed model was found to 
predict stem cumulative biomass better than the original model fitted using ordinary least squares based on all errors. 
The application of mixed stem cumulative biomass model not only showed the mean trends of stem cumulative 
biomass, but also showed the individual difference based on variance-covariance structure of random parameters. 
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1. Introduction 

Dahurian larch  (Larix gmelinii Rupr.) is one of the most widely planted tree species and also important 
commercial species in northeastern China. Forest play an important role in the global carbon cycle (Zhou 
et al., 2002; Tan et al., 2006). Details of succession studies, nutrient cycles, production and competition in 
vegetal communities require estimation of vegetal biomass and production (Tausch and Tueller, 1998; 
Salis et al., 2006). Thus estimation of forest biomass have become an important topic in ecosystem 
studies.  

The production of woody tissue by trees is a large component of NPP in forests (Ryan et al., 1997; 
Woolley et al., 2007). Stem wood and bark production is a large component of tree NPP (40–70%; 
Runyon et al., 1994; Campbell et al., 2004). Biomass measurements are expensive and time-consuming. 
Therefore, indirect methods for estimating the time-consuming variables are necessary. One of the most 
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common methods is biomass prediction equation that can be used to predict stem biomass on an 
individual-tree basis.  

Stem cumulative biomass varies from one tree to another, and even within the same plot. Mixed effects 
models provide a tool for analyzing this type of data since this method recognizes and estimates two 

distinct types of variability: between-individual variability and within-individual variability (Lindstrom 
and Bates, 1990; Pinheiro and Bates, 1998). In addition, mixed model give an unbiased and efficient 
estimation of the fixed parameters and explain the variation of stem cumulative biomass from tree to tree. 
Furthermore, mixed models improve predictive ability if we are able to predict the value of the random 
parameters for an unsampled location (Vonesh and Chinchilli, 1997). Therefore, the construction of stem 
cumulative biomass models is performed using mixed models based on existing growth models. 

2. Stem biomass samples 

The material was collected from dahurian larch plantations located in Wuying forest bureau in 
Heilongjiang Province, northeastern China. Ten plots were established from ten plantations. Three trees 
from each plot were selected for biomass measurements. Before the felling, diameter at breast height, the 
total tree height, height to the base of live crown, and crown diameter were measured for each tree. After 
the felling, each tree was bucked into sections and wood disks were obtained at 2 m intervals above the 
tree base. The stem dry weight was determined from the stem volume using the specific gravity of wood. 
Specific gravity of the stem was determined using wood samples taken at each section. The volume of 
each sample was determined from the volume of water it displaced when submerged. The basic specific 
gravity was calculated as oven-dry weight divided by volume. 

3. Nonlinear Mixed-Effects Models 

The logistic model was selected in this study due to its flexibility and biologically interpretable 
coefficients. The form of the mixed logistic model is: 
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Where ijy  is the stem biomass at  height  j from the ith tree (kg), ijx  is  the relative height at  height j

from the ith tree, and ij  is random error,  is a p-dimensional vector of fixed effects parameters, ib is a 

q-dimensional random effects vector associated with the ith individual and ,0N~bi ,  is a general 

variance-covariance matrix for the random effects, and iA  and iB  are design matrices for the fixed and 

random effects respectively. It is further assumed that observations made on different individuals are 

independent and the  i  follow a I,0N 2  distribution and are independent of the ib .
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4. Results and Discussion 

Individual fits approach was first used to determine parameter effect either as mixed or purely fixed. 
Confidence intervals were obtained on the parameters in logistic model showed in eq. (1) based on 
individual fits using nlsList function in S-Plus (Pinheiro and Bates, 2000). Fig. 1 gives the approximate 
95% confidence intervals for three parameters of 1b , 2b , and 3b in eq. (1) for each tree. It was noticed 

that, for parameter 1b , the confidence intervals of the thirty trees showed more among-tree variability. 

Comparatively, confidence intervals for parameter 2b  and 3b  showed little variability from tree to tree. 

Therefore, random parameter 1b  was included into logistic mixed model. 

Scatter plots of residuals were constructed for mixed-effects and fixed-effects models (Fig. 2-3). The 
scatter plots showed that the mixed-effects model showed more homogeneous residual variance and no 
systematic pattern in the variation of the residuals. It indicated that mixed-effects model significantly 
improve the model performances compared to fixed-effects model.  

The performance of the mixed and fixed models was visualized by displaying the fitted and observed 
values in the same tree (Fig. 4). Both the fixed-effects model with random effects set to zero and mixed-
effects model are compared. The mixed-effects model more closely followed the trend of actual values 
for most trees and indicated that mixed effects model described the cumulative stem biomass of larch well.  

Fig. 1. Ninety-five percent confidence  interval  on the logistic model parameters for each tree

Fig. 2.  Scatter plot of residuals for fixed model 
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Fig. 3.  Scatter plot of residuals for mixed model  
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Fig. 4.  Comparison of fixed-effects and mixed-effects prediction (circle is actual biomass, solid lines are values from mixed-effects 
model, dot lines are values from fixed-effects model) 

To demonstrate the predictive ability of the mixed and fixed models, Mean error ( ME ), Mean absolute 
error ( MAE ), Mean percent error ( EM % ), and Mean absolute percent error ( EMA% ) were used for 
comparisons as following: 
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ME , MAE , EM % , and EMA%  were calculated for each tree (Table 1). Ranges of mean errors and 
mean absolute errors were [-1.9575, 0.5354] and [0.1881, 8.3406] for mixed model and [-116.5673, 
144.0735] and [4.8330, 144.0735] for fixed model, respectively. The mixed model also showed lower 
mean percent errors and mean absolute percent errors than the fixed model for all test trees. 

Table 1. Mean error, mean percent error, mean absolute error, and mean absolute percent error for fixed and mixed models 

Tree 

Mixed model Fixed model 

ME /kg EM % MAE /kg EMA% ME /kg EM % MAE /kg EMA%

1 -0.8332 -0.0290 7.9828 0.0649 137.2137 0.5270 137.2137 0.5270

2 0.2505 -0.0091 3.0857 0.0637 -29.6683 -0.3580 29.6683 0.3580

3 0.0117 0.0003 0.4017 0.0241 -90.3942 -3.3583 90.3942 3.3583

4 0.1384 -0.0173 5.2161 0.0622 62.0331 0.3445 62.0331 0.3445

5 -0.3504 -0.0374 2.0003 0.0685 -44.7159 -0.7251 44.7159 0.7251

6 0.4564 0.0214 1.4426 0.0477 -75.5147 -1.6827 75.5147 1.6827

7 -1.2275 -0.0478 4.6187 0.0680 25.0770 0.1452 25.5321 0.1626

8 -0.2998 -0.0258 4.3119 0.0701 -7.8341 -0.0909 8.6619 0.1050

9 -0.4597 -0.0546 1.6355 0.0774 -64.4859 -1.4150 64.4859 1.4150

10 -0.3274 -0.0269 5.2285 0.0626 82.1833 0.3950 82.1833 0.3950

11 -0.1814 -0.0291 2.2369 0.0650 -31.7878 -0.4027 31.7878 0.4027

12 -0.0312 -0.0010 0.8154 0.0390 -96.0505 -4.0574 96.0505 4.0574

13 0.0934 -0.0312 5.9487 0.0839 53.5473 0.2933 53.5473 0.2933

14 -0.9900 -0.0632 4.4470 0.0939 -14.6540 -0.1940 14.6540 0.1940

15 -0.2988 -0.0361 1.5702 0.0666 -69.1544 -1.5538 69.1544 1.5538

16 -1.3981 -0.0588 4.9139 0.0795 61.0103 0.3098 61.0103 0.3098

17 0.3774 -0.0118 3.8454 0.0638 5.9298 0.0393 6.8502 0.0768

18 -0.2092 -0.0420 2.1794 0.0838 -51.9490 -0.9277 51.9490 0.9277

19 0.5354 -0.0314 8.3406 0.0900 105.9494 0.4623 105.9494 0.4623

20 -1.9575 -0.0742 8.1453 0.1015 144.0735 0.5283 144.0735 0.5283

21 -0.9747 -0.0570 4.7902 0.0878 7.8174 0.0218 9.7175 0.1079

22 0.0941 -0.0203 6.1682 0.0700 52.6177 0.3011 52.6177 0.3011
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23 -0.6279 -0.0456 4.6162 0.0874 -2.9209 -0.0595 4.8330 0.0885

24 0.2544 -0.0010 1.7754 0.0548 -61.2894 -1.1219 61.2894 1.1219

25 -0.0843 -0.0173 3.3735 0.0587 -10.5913 -0.1109 11.0430 0.1192

26 -0.6641 -0.0532 2.4683 0.0788 -45.3030 -0.7237 45.3030 0.7237

27 -0.0199 0.0185 0.1881 0.0686 -116.5673 -35.6084 116.5673 35.6084

28 -0.6130 -0.0396 2.4766 0.0616 -22.9584 -0.2770 22.9584 0.2770

29 0.0362 0.0006 0.4985 0.0231 -81.9174 -2.7212 81.9174 2.7212

30 0.1739 0.0460 0.4932 0.0683 -112.2232 -9.8846 112.2232 9.8846

5. Conclusions 

In this study, a nonlinear mixed-effects cumulative stem biomass model was developed for dahurian 
larch in northeastern China. Parameter effects were determined using individual fit. Nonlinear mixed-
effects modeling techniques were used to estimate fixed and random effects parameters for logistic model. 
The results showed that logistic model with random parameter 1b  was found to be best based on 

confidence intervals of three parameters of 1b , 2b , and 3b . The mixed model showed lower mean error, 

mean absolute error, mean percent error, and mean absolute percent error than the fixed model for all 
trees. The mixed-effects model provided better model fitting and more precise cumulative stem biomass 
estimations than the fixed-effects model. The application of mixed cumulative stem biomass developed 
not only showed the mean trends of stem biomass, but also showed the individual difference based on 
random parameters and variance-covariance structure. 
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