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Introduction 

Plant growth is modulated by environmental factors such as rainfall, temperature or light. Several 
methods for modelling cambial growth (tree-ring) response to climate have been proposed in 
dendrochronology; see Monserud (1986) and Guiot (1986). Those methods belong to the field of 
time-series analysis and are mainly based on autoregressive moving average (ARMA) models. 
Climate influence has been modelled using multiple regression and principal components analysis 
(Fritts and Swetnam, 1989). Our study focuses on the primary growth analysis (shoot elongation) of 
perennial plants, of forest trees more precisely, according to climatic factors, and for various plant 
ages. 

The response variable of the model is the shoot length measured along the stem for successive 
years and for several individuals. As these plant growth data are collected a posteriori, once the trees 
have been cut down, the limits between annual shoots have to be identified on the basis of 
morphological markers (mainly cataphyll scars). Successive annual shoot lengths along the stem have 
the property of being mutually correlated. This type of data is named, longitudinal data, in statistics. 
Dendrochronological data are made up of a small number of long series whereas longitudinal data are 
made up of a larger number of shorter series. 

Growth is subject to three main sources of variation: a trend (slow varying component), showing a 
succession of growth phases and mainly expressing ontogeny, climatic fluctuations and individual 
effects (influence of unobserved factors such as pests and diseases). The proposed method of analysis 
is based on the multiphasic modelling of those different sources of variation. A Markov chain 
represents the succession of growth phases. A linear mixed model associated with each growth phase 
combines both fixed effects (trend and climatic covariates) and individual random effects representing 
the heterogeneity between individuals within a given phase. The originality of the proposed method 
lies in the combination of a multiphasic modelling and a linear mixed modelling. 

 
Statistical modelling of the data with the family of the multiphasic linear mixed models 

The statistical modelling approach will be illustrated using a sample of 46 fifteen-year-old sessile 
oaks (Quercus petraea, (Matt) Liebl, Fagaceae) that grew in the private forest of Louppy-le-château 
(north east of France). The length of each successive shoot has been measured along the stem. The 
annual shoot length series are represented in Figure 1.  

Tree growth can be decomposed into a trend and local fluctuations (Diggle et al., 2002). The trend, 
whose nature is mainly endogenous, shows that tree growth period is made up of a succession of 
growth phases. Three different phases delimited by precise boundaries can be identified (Figure 2): 
during the first one (before 1986), annual growth does not evolve (waiting phase), the second one 
(from 1987 to 1990) corresponds to a rapid increase of the annual shoot length (establishment phase 
of the young tree) and the third one (after 1990) coincides with a stabilization of the annual growth.  

Local fluctuations result from the difference between the data and the trend. They mainly express 
the influence of environmental factors on growth. Synchronism of individuals (see Figure 1) 
highlights a year effect due mainly to climatic factors. Moreover, we have checked that the amplitude 
of the fluctuations is not constant but is proportional to the trend level. Consequently, variance is not 
constant along the sequences. 
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Figure 1: Annual shoot length series for 46 fifteen-year-old sessile oaks 

 
Figure 2: Trend extracted from the series of annual shoot lengths for the fifteen-year-old sessile oaks. The 

vertical lines delimit growth phases  
 

The modelling of climatic factors is based on several assumptions. Water stresses can have an 
immediate effect (on shoot elongation) or a one-year-delayed effect (on the number of elongated 
elements) depending on whether they occur during the elongation or the organogenesis. Water stress 
occurrences cannot be accurately detected at a month scale. Therefore, we have chosen to use climatic 
covariates (rainfall, minimal and maximum temperatures) at a day scale. It is then not possible to 
compute climatic covariates at a year scale by principal components analysis such as proposed in 
dendrochronology for climatic series at a month scale. So, we have chosen to build a bioclimatic 
model, based primarily on rainfall and secondarily on temperature, and that provides climatic 
covariates at the year scale.  

On the basis of all these preliminary remarks, we are developing a new family of statistical 
models: the multiphasic linear mixed models. 

 
Multiphasic linear mixed models 
Multiphasic linear mixed models result from the combination of two types of models: 
• a J-state Markov chain represents the succession of the J growth phases, 
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• a linear mixed model is associated with each state of the underlying Markov chain. For each 
growth phase, both the trend within the phase and the influence of climatic covariates are modelled as 
fixed effects while the heterogeneity between individuals is modelled as a random effect. 

In linear mixed models (Searle et al., 1992), the introduction of random effects enables to separate 
the different sources of variation. The total variation is thus divided into two parts: random effects 
variation and error term variation.  

The observed annual shoot length tay ,  for individual a being in state j  at time t can be modelled 
with the following linear mixed model: 

 
,,,, tajatjjjta bxty εγβα ++++=  

where 
tjjj xt γβα ++  is the contribution of the fixed effects for state j: trend is modelled by a 

polynomial function and tx  is the climatic covariate, 

),0(~ 2
, jja Nb τ  is the random effect corresponding to individual a being in state j at time t,  

),0(~ 2
, jta N σε  is the random error term corresponding to individual a being in state j at time t. 

The structure of a three-state model is shown in Figure 3. Parameters ( )( )3,2,1;1 === jjSPjπ  
are the initial probabilities associated to the three states and 

( )( )3,,;3,2,1;1 ΚijiiSjSPp ttij ===== +  are the transition probabilities between states. 
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Figure 3: Structure of a three-state multiphasic linear mixed model 

 
It should be noted that at a given stage, all the individuals are not necessarily in the same state. 

Moreover, for a given state j, each random effect jab ,  is specific to each individual a. 
Estimation of multiphasic linear mixed model parameters 
The model is estimated with an EM-like algorithm (McLachlan and Krishnan, 1997). In a first 

step, the globally optimal state sequence is restored for each individual with the Viterbi algorithm 
(Ephraim and Merhav, 2002). In a second step, parameters of the underlying Markov chain are 
estimated from the restored state sequences, and for each restored phase parameters of a linear mixed 
model are estimated. This iterative estimation algorithm has been implemented with the free statistical 
software R (Ihaka and Gentleman, 1996). 

 
Restoration is specific to each individual. Three optimal state sequences are represented in Figure 

4: the one plotted with a solid line has only two growth phases and the two others, with three growth 
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phases, have close segmentations. However, among the 46 restored optimal state sequences, there is a 
strong homogeneity of the segmentation in zones.  

 
Figure 4: Restored growth phases for three fifteen-year-old sessile oaks 

 
Case studies 

The importance of multiphasic linear mixed models will be illustrated on two samples for which 
lengths of successive annual shoots have been measured along the stem: the sessile oak sample 
already presented and a second sample constituted of 30 seventeen-year-old Corsican pines (Pinus 
nigra Arn. ssp. laricio Poir., Pinaceae) planted in the state forest of Orléans (central France). After we 
had restored the optimal state sequences, we compared different models for each phase. Comparison 
and selection of models were achieved using penalized likelihood criteria such as AIC and BIC 
(Burnham and Anderson, 2002). 

 
Sessile oaks 
Three growth phases have been identified for this data sample. There is no heterogeneity between 

individuals over the successive growth phases. Growth is strongly affected by water stresses during 
the second growth phase and is affected in a less important way during the first and third growth 
phases. 

 
Corsican pines 
Two growth phases have been identified for this data sample. During the first growth phase, there 

is no marked heterogeneity between individuals and growth is not markedly influenced by climate. 
Over the second growth phase, there is an important heterogeneity between individuals, and the 
occurrence of water stresses over this period strongly penalizes growth. 

 
Concluding remarks and perspectives 

Each linear mixed model associated with a growth phase is much simpler (less parameters and 
simpler structure) than the single linear mixed model estimated over the whole growth period. 
Dividing into phases allows to compare climate influence and individual random effect between the 
successive phases. This modelling improves the understanding of tree growth changes at their various 
ages. 

Up to now, we have applied multiphasic linear mixed models to the analysis of primary growth in 
relation to climatic factors but we are planning to apply the same statistical approach to cambial 
growth in relation to climatic factors (Schweingruber, 1988).  

When analysing annual shoot length, we assume that this variable is normally distributed. That 
assumption is no more valid for other response variables such as the number of elongation phases of 
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an annual shoot or the number of branches per shoot. The family of generalized linear mixed models 
(Schall, 1991) would enable to account for these non-normally distributed variables but the 
development of efficient estimation and restoration methods for multiphasic generalized linear mixed 
models is a challenging problem. 

In order to better differentiate between year effect (due to climate factors) and ontogeny effect, a 
potential solution consists of analysing several samples of the same species corresponding to different 
ages but having grown during a common range of years. If all the individuals are considered 
according to their ontogenetic age, chronological ages will be mixed. In this case, some ontogenetic 
phenomena (such as growth extension, branching, first flowering expression…) will still guide us to 
distinguish between growth phases, and the variability due to different year conditions for a given 
ontogenetic stage will be highlighted. If all the individuals are considered according to chronological 
years, the intensity of the climatic effects depending on ontogenetic stages will be highlighted. 
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