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Abstract: The common reed (Phragmites Australis) has overtaken the Finnish coast of the 
Gulf of Finland in many places influencing the coastal ecology and reducing the 
recreational value of the coast. Our research aims at developing a spatio-temporal 
simulation model of the spread of reed. In order to account for the dynamic nature of the 
spread, a cellular automata model is employed. We investigate in depth the explanatory 
variables and their relevance to the phenomenon. It was found that water depth, proximity 
to river mouths, and sea openness are significant explanatory variables of the phenomenon. 
A predictive logistic regression model is suggested to aggregate the explanatory variables 
and provide transition rules for the cellular automata. The results of the regression model 
are presented and discussed, raising the necessity of incorporating Bayesian inference in 
the logistic regression model. Therefore, more insightful likelihood functions for the 
explanatory variables are provided and discussed. 
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1. INTRODUCTION 

 
The common reed (Phragmites australis) has overtaken the Finnish coast of the Gulf of 
Finland in many places causing substantial impact on the market value of coastal and 
archipelago properties. Reed invasion is thought to be an important factor influencing the 
reproduction success of both birds and fish. It reduces biodiversity and alters habitat 
[Minchinton, 2002], favouring certain species and negatively influencing the abundance of 
others. During the past decades, the common reed has spread extensively in the inner and 
middle archipelago areas in Finland covering now up to 8% of the area of some coastal 
municipalities in the Southern Finland [Pitkänen, 2006]. This makes the phenomenon of 
reed spread linked to three of the major environmental concerns, namely habitat change, 
biodiversity loss, and invasive species [Gewin, 2005]. However, our ability to quantify the 
consequences of such a phenomenon is restricted by the absence of adequate models for 
predicting and simulation it.  
 
The present paper aims at providing a conceptual framework for spatio-temporal modelling 
of the spread of reed. It approaches the matter by combining different methods, including 
cellular automata (CA), to account for the dynamic nature of the phenomenon; logistic 
regression, to aggregate diffident environmental explanatory variables; and Bayesian 
inference, to incorporate our knowledge about the matter and overcome the limitations of 
pure statistical modelling toward more credible simulation.   
 
Several CA models have been recently developed for a number of applications, including 
urban planning and growth [Kocabas and Dragicevic, 2007; Vliet et al., 2009], hydrology 
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[Parsons and Fonstad, 2007], forest dynamics [Lett et al., 1999], and epidemic propagation 
[Sirakoulis et al., 2000]. However, the potential of the CA model in simulating the spread 
of invasive plants is poorly investigated [Huang et al., 2008]. From another perspective, 
there has been effort to enhance the CA transition rules by combining other approaches, 
such as multi-criteria evaluation [Wu and Webster, 1998], principal component analysis [Li 
and Yeh, 2002], neural networks [Yeh and Li, 2003], and Bayesian Networks [Kocabas 
and Dragicevic, 2007]. Nonetheless, the potential of Bayesian logistic regression for 
providing CA transition rules is poorly explored.  
 
We start with a short description of reed ecology (section 2) in order to understand in depth 
the reed behaviour and, therefore, propose explanatory environmental variables causally 
linked to the phenomenon. Then, section 3 provides description of the study area followed 
by description of the methods used (section 4). Afterwards, we present and discuss in 
section 5 the results of the analyses conducted, and propose the enhancement of the logistic 
regression model by incorporating Bayesian inference. Finally, we wrap up with some 
concluding remarks (section 6). 
 
 
2. REVIEW OF REED ECOLOGY 
 
Phragmites australis is a perennial vascular plant with high shoots of about 4 m. The 
common reed forms usually very dense stands (100-300 shoots per 1 m2) which are capable 
of fast spreading when conditions are favourable. Reed is one of the most spreading 
vascular plants globally. It can spread both with rhizomes and with seeds. However, 
reproduction by seeds is poor, and most of the spreading happens with rhizomes [Haslam, 
1972; Bart and Hartman, 2003]. The reed beds have several competitive advantages against 
other plants which makes the aggressive spreading possible.  
  
The global spread can be explained with the high tolerance of reed to different 
environmental conditions, making it a robust competitor in several ways [Burdick and 
Konisky, 2003]. It prefers nutrient-rich habitats; hence, eutrophication can be one 
explanation for the expansion of reed. Reed tolerates high salinity by placing its vital roots 
in fresh waters or deep in less saline waters where groundwater seepage occurs [Adams and 
Bate, 1999]. Thus, salinity cannot be accounted for as explanation of the reed spread, 
particularly in the Gulf of Finland where water is classified as brackish. Furthermore, reed 
has a high tolerance to water level fluctuations [Haslam, 1972; Lelong et al., 2007]. Human 
impacts provide a partial explanation of how Phragmites competes so well. Hydrological 
alterations and construction activities can explain the spread of reed [Bart and Hartman, 
2003; King et al. 2007]. There is evidence that variations in climatic conditions, 
particularly increased precipitation enhance the performance of reed [Minchinton, 2002]. 
 
 
3. STUDY AREA AND DATA  
 
Our study area is the Finnish coast of the GOF extended to the SW-Finnish archipelago. 
With approximately 25000 islands larger than 500 m2 [Tolvanen and Sominen, 2005], the 
area is considered one of the most 
island-rich archipelagos in the world 
[Ekebom et al., 2003]. The coastline 
of the area is extremely complex; the 
lengths of the coastline and shores of 
all the islands is about 8200 km. The 
average water depth in the area is 20 
m. The area is characterised by 
brackish nature with low salinity, 
ranging from 5-6.5 PSU in the west 
of the GOF to 0-3 PSU at its 
easternmost end [Soomere et al., 
2008]. 
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Figure 1. Study area 
 
The analysis was carried out on a site of about 50 km2 in Purola (Svartbäck) near to the 
outlet of River Kymijoki (one of the major rivers flowing into the GOF) at Ruotsinpyhtää 
(see Figure 1).  Available datasets include (a) a digital elevation model (DEM) of the main 
land and islands along the study area with spatial resolution of 25x25m cell; (b) a digital 
depth model (DDM) of the seabed with spatial resolution of 100x100m cell; (c) reed 
coverage of the whole area in 2001; and (d) temporal reed coverage for Purola (Svartbäck) 
site from 2003 and 2006. 
 
 
4. METHODS  
 
In order to account for the dynamic nature of the phenomenon of reed spread, CA method 
was selected.  Cellular Automaton is a discrete model where space is represented by a grid 
of cells with a finite number of states [Fonstad, 2006]. An initial state configuration is 
generated, then the progression of a cell from one generation to the next is determined 
based on (a) its initial state, (b) the initial states of its neighbourhood, and (c) a series of 
transition rules. The function based on which CA work can be written as follows:  

Sij (t+1) = f(Nij (t), Sij (t), T)        (1) 

where Sij(t+1) denotes the state of the cell in question in the next generation, Sij(t) denotes 
the cell state at the initial time, Nij(t) denotes the neighbourhood state at the initial time, and 
T is a set of transition rules. A flow chart of the proposed CA model is illustrated in Figure 
2. An initial state of a cell at time t is configured. Then, a probability vector of each 
possible state in the next generation is 
computed based on the analyses of its 
suitability for reed growing and the 
initial states of its neighbouring cells. 
In order to account for the random 
nature of the phenomenon, Monte 
Carlo method is used. It generates a 
random number to which the 
computed probability is compared and 
assigned either 0 or 1 (absence or 
presence of reed, respectively), 
representing the cell state in the next 
generation. Applying Monte Carlo 
method also allows us building 
different scenarios of the coverage of 
reed in the future generations. 

Figure 2. Flow chart of CA model 
 
The determination of the transition rules is crucial to the CA model. The analyses needed 
for this purpose are in two folds; analysis of the suitability of a given cell for reed growing 
given the explanatory variables, and analysis of the influence of the neighbourhood of a 
cell on its future state.  
 
Neighbourhood analysis aims at understanding the way by which an already reed-occupied 
area would influence its neighbourhood. Reproduction of reed by seeds is poor and most of 
the spreading happens with rhizomes. Hence, we assume that reed will smoothly expand 
into areas where the majority of neighbouring cells are reed-occupied. We used temporal 
reed coverage data from the year 2003 and 2006. Based on the comparison between their 
states in 2003 and 2006, cells within the study site where classified into four categories; 
cells were reed-free and became reed-occupied (reed growth), cells were reed-occupied and 
became reed-free (reed death), cells occupied by reed at both time steps, and finally, cells 
free of reed at both time steps. For every cell where the state has changed (reed has grown 
or died), the number of reed-occupied neighbours in 2003 was counted, indicating its 
neighbourhood state. Then, we combined information of the neighbourhood state of a 
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given location with its state change (growth or death) in order to provide insightful 
reflection their association. The analysis steps are illustrated in Figure 3. 
 
Variable selection is one of the most problematic issues encountered when developing 
statistical models [Chen, et al., 1999]. The suitability of a certain location for reed growing 
is controlled by the external environmental variables associated with the location and 
related to the reed ecology. The following were proposed to be explanatory variables of the 
presence/absence of reed in a given place: depth of water; proximity to river mouths; 
degree of sea openness; and type of seabed sediment. Water depth is an important factor 
with direct influence on the reed presence/absence and, subsequently, spread. Water depth 
is strongly correlated with the 
distance from shore and, therefore, 
the deeper the location, the weaker 
the rhizomes of the reed. Proximity 
to river mouth was selected as a 
proxy for water and sediment 
quality. One of the strongest 
influential factors causing reed 
expansion is the disturbance caused 
by urban development. Also, 
enormous amount of nutrients are 
washed out into rivers which 
eventually flow in the sea. It is, 
therefore, likely to find dense 
settlements of reed close by these 
outlets. Sea openness is an 
important indicator of wave 
exposure, which is in turn widely 
documented as an essential factor 
shaping the ecological structure of 
shoreline communities and 
influencing their biological 
production [Ekebom et al., 2003; Tolvanen and Suominen, 2005; Lundqvist et al., 2006].   

Figure 3. Neighbourhood analysis 
 
The Euclidian distance was calculated from each cell to the nearest defined river mouth. 
With regard to the openness analysis, a number of methods were developed to calculate the 
wave exposure and fetch. These methods estimate openness based on different input 
parameters, ranging from fetch and abstract wind data [Lundqvist et al., 2006; Pepper and 
Puotinen, 2009] to more detailed data about wave exposure [Tolvanen and Suominen, 
2005] and wave power [Ekebom et al., 2003]. However, openness can be satisfactorily 
estimated by calculating fetch, the stretch of water surface over which generated waves can 
develop freely. The method is based on summarising measured fetch lines around each 
point to indicate the openness of that point (see Figure 4). In order to test the correlation 
between the explanatory variables and the 
reed presence/absence data was represented 
in a gridded layers; a binary layer of the 
reed coverage, where a value of one is 
assigned for reed-occupied cells and zero 
elsewhere; a DDM representing water 
depth (in meters); a layer representing the 
distance (in meters) of each cell to the 
nearest river mouth; and finally, an 
openness layer obtained by the summation 
of the total length of the fetch lines 
originated from the corresponding cell. No 
sufficient data on seabed sediment was available.  

Figure 4. An example of fetch calculation 
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The correlation was tested using two approaches. Firstly, the correlation between the layer 
of reed coverage (values are either one or zero) and the layer representing each explanatory 
variable (continuous data with different range for each variable) was tested. As the two 
variables being correlated are dichotomous (reed presence/absence) and continuous (the 
explanatory variables), we used the Point Biserial correlation coefficient [Edwards, 1976]. 
The second approach to testing correlation considers the intensity of reed in relation to each 
explanatory variable of a given location. The term ‘reed intensity’ refers to the size of the 
reed settlement around a given reed-occupied cell. This approach was used to distinguish 
areas where the presence of reed is a pervasive phenomenon from those where it is a 
random occurrence. Practically, this layer was obtained using a focal function which sums 
the total number of reed-occupied cells within a window of 500x500m around the reed-
occupied cell in question. 
 
Logistic regression analysis was employed in order to establish relationships between our 
variables, and express them succinctly. Two parts can be distinguished in a regression 
analysis; the dependent variable representing the phenomenon (whose presence in a 
location is being investigated the reed existence in our case); and the independent variables, 
which are the attributes of the locations that influence the presence of the phenomenon, i.e. 
the explanatory variables. Logistic regression is used since we already know sites where 
reed exists (dichotomous response variable) and attempt to determine why it could be 
found in those sites, and consequently be able to predict it at an un-sampled location.  
 
 
5. RESULTS AND DISCUSSION   
 
5.1 Neighbourhood influence on the spread of reed 
 
Results of the neighbourhood analysis point out strong influence of the neighbourhood 
state of a given location on the likelihood of reed spreading into that location. Cells with a 
majority of neighbours (> 4) being reed-occupied tend to have reed expanded into them in 
the future. Table 1 summarises the results of the neighbourhood analysis carried out on the 
temporal reed coverage data from the year 2003 and 2006. A total number of 439208 cells 
had changed their states between 2003 and 2006. More than two-third (68%) of those cells 
were reed-free in 2003 and became reed-occupied in 2006. On the other hand, 32% of the 
cells were covered by reed in 2003 and became clear in 2006. It should be emphasised here 
that number of reed-occupied neighbours in 2003 was the distinction between the two 
groups; of the total number of cells where reed had expanded by 2006, 96.9% had more 
than 4 neighbouring cells already occupied by reed in 2003. On the contrary, 99.7% of 
those cells where reed died had less than four neighbouring cells occupied by reed in 2003.  
 

Table 1. Reed growth/death between 2003 and 2006  
A total of 439208 cells were analysed between 2003 and 2006

32% died: 
99.7% had <=4 cells occupied by reed in 2003
0.3% had >4 cells occupied by reed in 2003 

68% grew: 
3.1% had <=4 cells occupied by reed in 2003 
96.9% had >4 cells occupied by reed in 2003 

 
Table 2. Percentage of reed growth/death 

for every neighbourhood case 
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In a more detailed view, Table 2 
presents the percentage of cells which 
changed their states by 2006 (i.e. 
became reed-occupied or reed-free), 
categorised by the number of reed-
occupied neighbouring cells in 2003. 
It can be confidently said that a cell 
surrounded by reed from three sides 
(that is, having five or more reed-
occupied neighbours) will become 
reed-occupied in the future. On the 
contrary, reed tends to be cleared out 
from locations where the majority of 
surrounding cells are reed-free. These 
results support the assumption that 
rhizomes are the main way by which 
reed expands. It can also be concluded that the presence of large reed settlements in a 
location indicates the suitability of the surrounding areas for reed growing. 
 
5.2 Explanatory variables of the spread of reed  
 
The results indicate correlation (in different levels and types) between the presence/absence 
of reed in a location and the suggested explanatory variables associated with that location. 
The correlation coefficients for the water depth, proximity to river mouths, and openness 
were found to be 0.22, -0.31, and -0.33, respectively. Stronger correlation resulted, 
however, using the second approach which takes into account the intensity of reed rather 
than merely its presence or absence. These were 0.26, -0.55, and -0.45 for the water depth, 
proximity to river mouth, and openness, respectively. 
 
The correlation between the phenomenon and the water depth was found to be positive 
indicating that the deeper the water in a location, the less chance of reed to grow there. This 
was, however, a low correlation (0.22 and 0.26 for both approaches) and the reason might 
be the roughness of the DDM used (100x100m cell), which abstracts a range of depth 
values into their average and, subsequently, makes it difficult to detect a trend of the 
behaviour of reed at different depth values. Regarding the proximity to river mouths, the 
results show strong negative correlation. Hence, the closer a location to a river mouth, the 
more suitable it is for reed growing. That is, chances for reed to grow in areas distant from 
a river mouth become smaller than in those close to it. The correlation coefficient 
calculated using the second approach (-0.55) suggests that reed settlements tend to be large 
in locations close to a certain river mouth. More detailed discussion about this explanatory 
variable can be found in section 5.3. Similarly, strong correlation was found between the 
phenomenon and the openness of a location. With -0.33 and -0.45 correlation coefficients 
(for both approaches), the results indicate that relatively open sea is a non-suitable 
environment for reed growing. This implies, on the contrary, that relatively close shores 
and inlets are more susceptible to reed occupation. This factor is of importance in our case 
given the complex nature of the archipelago’s shoreline. 
 
 
5.3 Logistic regression model 
 
Ordinary Least Squares method was run to obtain parameters of the regression model. 
Input data was the water depth, proximity to river mouths, and the openness index 
associated with every location where reed exists. An assessment of the overall model 
performance, R2 was found to be 20%. Although this does not reflect high performance, it 
is important to consider other diagnostic tests for more understanding of the model 
performance. It is important here to point out that the obtained value of R2 does not 
necessarily contradict with the abovementioned results which indicated correlation between 
the explanatory variables and the spread of reed. It rather suggests that these explanatory 
variables do not provide a complete representation of the phenomenon and, therefore, more 
explanatory variables would result in a better prediction model. In order to assess the 

# of reed-occupied
neighbouring cells 

in 2003 

% of cells 
died by 
2006 

% of cells 
grew by 

2006 
Total # 
of cells 

0 99.999 0.003 118662 

1 99.30 0.70 5860 

2 95.21 4.788 4156 

3 92.92 7.08 8124 

4 33.18 66.82 12774 

5 1.25 98.75 16542 

6 1.44 98.56 8269 

7 0.16 99.84 12402 

8 0.001 99.999 252419 
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statistical significance of the explanatory variables for the model, student’s t test was 
consulted, indicating that the variables were significant (P < 0.05). Additionally, the 
Variance of Inflation Factor (FIV) was used to test redundancy in the explanatory 
variables. Results of this test (all < 1.5) did not imply problems of collinearity among the 
explanatory variables. Furthermore, Joint Wald statistics indicates that the model was 
overall significant (P < 0.05), that is, the explanatory variables were effective. The resultant 
equation of reed prediction can be written as the following: 

  (2) 

where y is the prediction of reed existence (ranges from 0 to 1, indicating very low and 
very high existence probability, respectively), x1 denotes the water depth (m), x2 denotes 
the distance the river mouth (m), and x3 denotes the sum of fetch lines (m). In order to 
assess the reliability of the prediction formula, it was applied on another two sites of the 
study area where the coverage of reed is already known. The results show low 
correspondence between the predicted reed coverage and the reality. It was noticed that the 
model yielded a prediction values range 
from 0.3 to 0.7; no lower or higher 
prediction values resulted from the 
formula.  
 
Whilst there was correlation found 
between the reed existence and the 
explanatory variables, there still have 
been outliers where reed does exist in a 
non-favourable location. These values 
negatively influence the prediction 
model, which is subsequently no more 
able to detect a trend of reed existence. 
Moreover, the model expresses the 
relationship between the phenomenon 
and the explanatory variables linearly 
which might be inaccurate. It is 
essential to provide a detailed 
expression about the influence of each 
variable on the reed existence taking 
into account different kind of 
relationships at different ranges of the 
variable values. The heavy reliance of 
the logistic regression on data raise up 
the need for adjusting the relationships 
according to our belief adopted from the 
understanding of reed ecology. 
According to Austin [2002, pp. 82], 
“statistical modelling cannot substitute 
for ecological insight, appropriate 
environmental gradients, and 
knowledge of the process linking 
environment with biota”. This insight, 
however, can be achieved by Bayes’ 
Theorem which incorporates prior 
knowledge about the phenomenon, 
coupled with the likelihood of the data, 
to measure the degree of belief about 
the model parameters [Ellison, 2004].  
 
The benefits of Bayesian statistics for 
ecological modelling are well 
established [Ellison, 2004] as it allows 
the utilization of prior knowledge about 
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the parameters of the logistic regression [Accad et al., 2005; Al-Awadi and Garthwaite, 
2006; Denham and Mengersen, 2007; Xu and Akella, 2008; Low Choy et al., 2009, James 
et al., 2010]. Usual pattern of Bayesian analyses [Ellison, 2004; Gelman et al., 2004] 
consists of eliciting prior distributions, formulating the likelihood functions, and, using 
Bayes’ Theorem, quantifying posterior probability distributions of the regression model. 
We present here possible likelihood functions as response curves showing the influence of 
each environmental variable on the probability of success, that is, probability of reed 
existence. These functions are then adjusted by incorporating those elicited from expert 
knowledge. Below we discuss the likelihood function for the explanatory variables. 
However, prior elicitation from expert knowledge is not addressed in this study.   
 

 
Figure 5. Histograms and PDFs of the 

explanatory variables 
In order to obtain likelihood functions of each explanatory variable, we need to find the 
distribution function that best fits each variable. It is helpful to start with graphical 
exploration of data. Therefore, histograms were drawn where x-axes represent the range of 
values corresponding to the variable in question, and y-axes represent the occurrence 
frequency (converted later on to probability density) of these values. Figure 5 (A, B, and C) 
shows the obtained histograms for the water depth, proximity to river mouths, and total 
fetch, respectively. It should be noticed that in the case of proximity to river mouth and 
total fetch distance, x-axes represent the normalized values of these covariates. Another 
issue to be pointed out here is that frequencies represent the number of occurrence of the 
corresponding variable values only in those locations where reed exists.  
 
Histograms can provide insights on the behaviour of the dependent variable at different 
ranges of covariate values. This can clearly be noticed in the variable representing the 
proximity to river mouths; when testing the correlation of this variable’s values with the 
data of reed existence, the result indicated a strong negative correlation (-0.55). This result 
might lead to the conclusion that the closer a location to a river mouth, the more suitable it 
is for reed. However, looking at the histogram of this variable (see Figure 5B), a slightly 
different, and more detailed, image is revealed; it can be noticed that the previous 
conclusion is relevant only on the range of the covariate values beyond a certain buffer 
around a river mouth. That is, locations right at a river mouth or very close to it tend to 
have very little reed coverage. Only after a certain distance, however, the statement that 
closer locations to a given river mouth tend to have dense reed coverage becomes valid. In 
fact, one can see that such a conclusion is sensible as sea water at the river outlets, and a 
certain buffer around them, is subjected to the dynamicity of the river flow and, therefore, 
considered less suitable for reed growing.  
 
Having obtained the histogram for each variable, it is possible to find a mathematical 
function which represents in a good way each variable, i.e. a fitting probability distribution. 
Using R statistical package [R Development Core Team, 2009], different continuous 
distributions were fitted on the histograms, including Normal (µ, σ), Logistic (µ, σ), and 
Weibull (α, β, γ). The histogram and two alternative probability density functions (PDFs) 
of each covariate are illustrated in Figure 5 (A, B, and C). The goodness-of-fit of each PDF 
was tested using Kolmogorov-Smirnov test indicating adequate fitting (P > 0.05). It should 
be mentioned here that it is out of the scope of this study to investigate all alternatives of 
the PDFs and find the best fitting for each variable.  
 
 
6. CONCLUDING REMARKS   
 
Modelling of environmental phenomena is a complicated task due to their complexity and 
uncertainty, making it challenging to develop realistic and credible models. The study 
presented a framework for a simulation model of the spread of reed, a phenomenon causing 
negative impacts on the environment. Depth of water, proximity to river mouths, and 
degree of openness were found to be significant explanatory variables of the reed spread. 
However, additional variables can enhance the model performance. It was also found that 
the state of neighbourhood of a location highly influences its future state in terms of reed 
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coverage, which provides strong explanation for the model. For this reason, as well as to 
adapt to the dynamic nature of the phenomenon, CA model is found to be of high potential 
for simulating the spread of reed. Logistic regression can provide the transition rules for the 
CA. Nonetheless, in order to enhance these rules and cope with the limitations of the 
logistic regression model, Bayesian inference can be employed. This involves combining 
the likelihood obtained from data, and prior distribution elicited from expert knowledge, in 
order to determine the posterior distribution of each covariate which summarises our 
knowledge about the way each covariate influence the phenomenon. Incorporating this 
information into the logistic regression model would result in a more insightful and 
accurate modelling of the spread of reed. 
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