
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


 

이학박사학위논문 

 

 

Spatial analysis of Deschampsia antarctica and 

environmental factors in King George Island, 

Antarctica 

남극 킹조지섬의 남극좀새풀(Deschampsia antarctica) 

공간 분포와 환경 요인 분석 

 

 

 

2013 년 2 월 

 

 

서울대학교 대학원 

생명과학부 

박정수 



ii 

 

 

 

Spatial analysis of Deschampsia antarctica and 

environmental factors in King George Island, 

Antarctica 

 

 

By  

Jeong Soo Park 

 

 

Advisor: Professor Eun Ju Lee, Ph. D. 

 

 

 

February, 2013 

 

 

School of Biological Science 

Graduate school 

Seoul National University 

 



iii 

 

Spatial analysis of Deschampsia antarctica and 

environmental factors in King George Island, 

Antarctica  

 

지도교수   이 은 주 

 

이 논문을 이학박사 학위논문으로 제출함 

2012년 12월 

 

서울대학교 대학원 

생명과학부 

박정수 

 

박정수의 박사학위논문을 인준함 

2012년 12월 

위 원 장 (인) 

부위원장 (인) 

위    원 (인) 

위    원 (인) 

위    원 (인) 



i 

 

 

ABSTRACT 

 

 

The extremely cold and infertile Antarctica is one of the harshest 

ecosystems for the growth of terrestrial vegetation, but the simple 

terrestrial ecosystem provides a suitable opportunity for studying species 

distribution pattern and dynamics in relation to environmental gradient. 

Deschampsia antarctica Desv. (Poaceae) is one of the two species of 

vascular plants native to Antarctica. Despite of harsh condition of 

maritime Antarctica in the forms of cold temperature, high UV radiation, 

strong wind and seawater spray, several studies have documented that 

the distribution of D. antarctica expanded with increases in temperature 

and lengthening of the growing season. This grass is attracting 

researchers’ attention as a useful bio-indicator of climate change in sub-

Antarctica and its survival ability under diverse extreme environmental 

stress.  

I applied several geostatistic methods and regression model including 

spatial effect to analyze the spatial patterns and relations between the 

abundance of D. antarctica and environmental variables. Most variables 

showed a severe anisotropic characteristic. Soil texture and moss cover 

were spatially correlated with elevation and electric conductivity was 

influenced by the distance from the shoreline. Geostatistic results showed 

that topographic characteristics might more directly influence the soil 

chemical and physical attributes in maritime Antarctica than in the 
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temperate zone because the Antarctic area has fewer interference factors 

such as dense vegetation and thick topsoil.  

The results of spatial regression models presented that moss cover 

has positive association with the distribution of D. antarctica significantly. 

Moss could positive effect on growing the grass by maintaining optimal 

soil water content and nutrient. Soil water content was another important 

environmental variable that affects the abundance of D. antarctica. Even if 

the supplement of stable water is essential for survival of D. antarctica, 

the frequent soil saturation with melting snow was not suitable for 

growing this grass by blocking root respiration. In addition, I could 

speculate that early snow melting is a critical factor governing organic 

matter accumulation and nutrition availability in King George Island.  

I examined the effect of diverse environmental factors on the survival 

of D. antarctica on King George Island by using Bayesian statistical 

methods. When comparing the density of the grass between 2 sites for 

three years, one of sites (site 2) severely decreased its density. Although 

site 2 showed the adequate soil nutrition condition for growth of plant, 

its poor drainage and low soil pH may affected the survival of D. 

antarctica by altering nutrition availability and inhibiting root respiration. 

Bayesian regression models suggested that seabirds and mammals might 

have greatly influenced the distribution of the grass in King George 

Island by transferring nutrients from the sea into land. 

Lastly, I investigated the oxidative damage and changes in antioxidant 

substances in response to cold and flooding stress. This indoor 

experiment indicated that root flooding may lead to the overproduction 
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of reactive oxygen species in D. antarctica, causing damage to the 

growth and metabolism. Especially, when plant experience whole plant 

anoxia, total soluble sugars and chlorophyll were rapidly decreased on 

account of a blockage of photosynthesis and cellular respiration, which 

could negatively influence the survival of D. antarctica under the harsh 

polar environmental conditions.  

 

Keywords: Deschampsia antarctica, maritime Antarctica, Bayesian statistics, 

geostatistics, spatial analysis, flooding stress,  
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1.1. Two vascular plants in Antarctica 

 

The dominant vegetations in Antarctica are lower plant groups such 

as moss, liverworts, lichen and fungi which are have tolerance on low 

temperature and other harsh environmental conditions (Peat et al., 2006). 

However, the two native Antarctic vascular plants, Deschampsia  

antarctica Desv. (Poaceae) and Colobanthus quitensis (Kunth) Bartl. 

(Caryophyllaceae), distribute throughout the Antarctic Peninsula, but not 

extending into continental Antarctica (Greene and Holtom, 1971; Smith, 

1984). Especially, D. antarctica are more frequently founded in maritime 

sub-Antarctic region than C. quitensis, and several studies have 

documented that the distribution of D. antarctica expanded with rapid 

increases in temperature and lengthening of the growing season (Smith, 

1994; Day et al., 1999; Walther et al., 2002; Robinson et al., 2003). Due to 

its sensitivity on climate change, D. antarctica is attracting researchers’ 

attention as a useful bio-indicator of climate change in sub-Antarctica 

(Smith, 1994).  

Several studies reported that D. antarctica has a resistance to cold and 

salinity (Bravo et al., 2001; Ruhland and Krna, 2010). Bravo et al (2001) 

found that the grass D. antarctica has higher tolerance to freezing than C. 

quitensis and various high content of carbohydrates was found in the 

grass leaves during the cold treatment, which may contribute to the 

stabilization of cellular membranes. Ruhland and Krna (2010) suggested 

that proline acts as an osmoregulant in D. antarctica growing near the 

shoreline. Beside the cold and saline stress, moisture and nutrient 
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availability and microtopography are also important factor for the 

distribution of the grass (Kappen, 1985; Broady, 1989; Leishman and Wild, 

2001).  

The shoot of D. antarctica and C. quitensis agglomerate together to 

form tuft (Fig. 1-1). The largest diameter of D. antarctica tuft was more 

than 30 cm long on Barton Peninsula. Most of its tuft was found near the 

shoreline and there was no vascular plant in high elevation area (Fig. 1-2 

and 1-3). The highest density of D. antarctica distributed on the east 

coast of Barton Peninsula, where I could find approximately 2,000 D. 

antarctica tuft within a 1 ha plot, but the total C. quitensis tuft was about 

40 on Barton Peninsula. I found the tuft of D. antarctica Weaver Peninsula 

and Ardley Island. The distribution of D. antarctica was frequently 

overlapped with carpet forming moss (Sanionia spp.).  

 

 

Fig. 1-1. Pictures showing the two vascular plants on King George Island 
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Fig. 1-2. Distribution of D. antarctica on the Barton Peninsula in January 

2009 

 

 

Fig. 1-3. Distribution of C. quitensis on the Barton Peninsula in January 

2009 
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1.2. King George Island, Antarctica 

 

King George Island (62° 23’ S and 58° 67’W) is the largest island in 

the South Shetland Island that is located in the Antarctic Peninsula. This 

Island is about 65 km long by up to 40 km wide and aligned from 

southwest to northeast (Kim et al., 2007). There is about 10% ice-free 

terrain in restricted areas along the shorelines, and glaciers cover most of 

the surface of the island. Soil on the Barton peninsula are subdivided into 

four suites; granodiorite, basaltic andesite, lapilli tuff, and the Sejong 

formation (Lee et al., 2004). King George Island is included in the 

maritime Antarctic zone where mean monthly temperature is higher than 

0℃ for 1–4 months during summer, rarely falling below -15℃ in winter, 

and with 350–500 mm precipitations per year (Block, 1994). Because of 

relatively moderate climate, diverse terrestrial vegetation was found on 

Barton Peninsula, including 62 lichen species, 33 bryophyte species, and 

2 phanerogam species (Kim et al., 2006; Kim et al., 2007). On King 

George Island, Ochyra (1998) reported 61 mosses species out of 106 

species on the whole of Antarctica, and 11 liverworts species were found 

on King George Island (Ochyra and Vana, 1989).  

The mean monthly temperature on Barton Peninsula was -2.1 ℃ (Min: 

-11.4 ℃; Max: 2.5 ℃), and the mean monthly precipitation was 48.7 mm 

(Min: 1.1 mm; Max: 150.5 mm) for five years (data obtained from the 

nearest meteorological station, King Sejong Station) (Fig. 1-4). Especially, 

the high precipitation (annual precipitation: 1055.3 mm) was observed in 

2009, which is 1.8 times more precipitation than that of annual average 



6 

 

from 2000 to 2010. 

I measured soil temperature using button temperature data logger 

(Cooper-Atkins Co., USA). Soil temperature was higher than 0℃ for 5 

days. Soil temperature was the highest in sand bar during the daytime 

because of solar radiation. Soil covered with vegetation may have lower 

heat conductivity than that of sand.  

 

Fig. 1-4. Changes of the monthly temperature and precipitation for 5 years 

 

 

Fig. 1-5. Changes of soil temperature on Barton Peninsula for 5 days in January 2010 
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1.3. Aims of this study 

 

As D. antarctica is one of the two vascular plants that is adapted to 

the harsh environmental conditions of Antarctica, there has been many 

studies about its distribution (Edwards, 1972; Smith, 1994; Kim et al., 2007; 

Vera, 2011). However, few studies have provided numerical results about 

associations between the distribution of D. antarctica and diverse 

environmental factors because of difficulty of measuring environmental 

variables. I visited King George Island three times in Antarctic summer 

and measured the abundance of D. antarctica and collected diverse 

environmental variables. After that, various statistical methods were 

applied using the collected data. Furthermore, I measured the 

physiological response of D. antarctica against waterlogging and cold 

stress. Although D. antarctica frequently experience waterlogging stress in 

Antarctic summer season because of snow melting water, there has been 

no experiment about this environmental stress.  

The objective of this study was to evaluate critical environmental 

factors influenced on the distribution of D. antarctica on King George 

Island. In order to achieve this purpose, in the chapter 2, geostatistical 

methods were applied to analyze the spatial distribution character of D. 

antarctica and affiliated environmental variables, and then in the chapter 

3, based on the spatial distribution character of each variable, I applied 

diverse spatial generalized linear model (GLM) and generalize additive 

model (GAM) to estimate the relationship between distribution of D. 

antarctica and environmental variables. In the chapter 4, to find out the 
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critical environmental factors for the survival of D. antarctica, the density 

of D. antarctica tuft was monitored in the two sites for three years and 

described the difference of environmental variables of each site. In the 

last chapter, I determined the physiological responses of D. antarctica 

under the cold and waterlogging stress that might be critical limiting 

factor for survival of D. antarctica in maritime Antarctica. 
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CHAPTER 2. Spatial analysis of Deschampsia 

antarctica and related environmental 

variables 
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2.1. Introduction 

 

It is important to understand the patterns in species distribution and 

abundance along environmental gradients; this is no exception in the 

Antarctic vegetation community (Rosenzweig, 1995; Dale, 1999; Green et 

al., 1999). The Antarctic terrestrial community consists of only a few 

vegetation species, therefore interspecies interactions are fewer than that 

in more diverse and complex ecosystems (Block, 1994). This fact provides 

a suitable opportunity for studying vegetation distributional patterns in 

relation to environmental gradients. 

Although the Antarctic terrestrial environment is harsh for the survival 

of vascular plants because of cold temperatures, high UV-B radiation, and 

sea spray, several researchers have reported that the population of the 

native Antarctic vascular plant, Deschampsia antarctica (Poaceae), has 

increased on the west coast of the Antarctic Peninsula (Smith, 1994; 

Walther et al., 2002; Robinson et al., 2003). On the basis of the 

monitoring study, the main reason for this increase is an increasing mean 

summer temperature and concurrent lengthening of the growing season 

(Grobe et al., 1997; Day et al., 1999; Gerighausen et al., 2003; Kim et al., 

2007). However, few studies have provided confident statistical results 

about the association between the abundance of D. antarctica and 

environmental variables.  

This study was conducted to analyze the spatial characteristics of the 

distribution of D. antarctica in relation with the diverse soil environmental 
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factors by using geostatistic methods. Geostatistics are a set of statistical 

tools for analyzing spatial variability and spatial interpolation. 

Furthermore, these methods can provide not only prediction of spatial 

value but also uncertainty, whereas classic statistical methods just give 

simple information about the sampled dataset and cannot describe 

spatial depdendence (Rossi et al., 1992). As many soil properties are 

spatially dependent within a certain range, classical experimental designs 

often violate the independent sampling assumptions, rendering the 

analysis invalid (Jung et al., 2006). In recent studies, the importance of 

spatial autocorrelation in geographical ecology has been addressed 

(Lennon, 2000; Legendre et al., 2002; Lichstein et al., 2002). Geostatistic 

methods provide a set of statistical tools for describing and modeling of 

spatial patterns, which are then used for prediction of unsampled 

locations by interpolation (Goovaerts, 1999). 

The purposes of this study are as follows: (1) understand the spatial 

patterns of D. antarctica and the change in its abundance during a span 

of 2 years in the cold Antarctic region, (2) to present spatial 

characteristics of soil variables that affect the spatial distribution of D. 

antarctica, and (3) to figure out the association between the density of D. 

antarctica and soil variables with considering spatial random effects. 

 

2.2. Methods 

 

2.2.1. Study site 

The study was conducted on Barton Peninsula, King George Island (62° 
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14′ 8′′ S, 58° 43′ 3′′ W), where relatively dense tuf`ts of D. antarctica 

were found (Fig. 2-1 and 2-2, Top). As King George Island is located at 

the northern part of maritime Antarctica, this area has relatively high 

temperature and humidity with a strong oceanic influence. Only 10% of 

the island is ice-free and can provide favorable support for a relatively 

diverse terrestrial biota (Smykla et al., 2007). The vegetation of the island, 

which is one of the richest botanical areas in all of the Antarctic, includes 

62 lichen species, 33 bryophyte species, and 2 phanerogam species (Kim 

et al., 2006; Kim et al., 2007). The mean temperatures were 1.7 C in 

January and -7.3 C in July, and the mean annual precipitation was 48.7 

mm from 2007 to 2011 (data obtained from the nearest meteorological 

station, King Sejong Station). 

 

2.2.2. Data collection 

A grid sampling method, which provides the most efficient method of 

sampling for spatial variability (Olea, 1984), was applied to determine the 

spatial characteristics of the density of D. antarctica and environmental 

variables. For the analyzing the soil, I used a 10  5-m grid mesh within a 

100  40-m plot in January 2010 (n = 99) because of unmelted snow, 

and I sampled at the same point in 2011 and extended the plot to 100  

80 m and used a 10  10-m grid mesh (n = 140). The density of D. 

antarctica and moss cover were measured following a 5  5-m grid 

pattern for better resolution in the 100  40-m area (n = 186) (Fig. 3-2, 

Bottom). 

To describe the density of D. antarctica and moss cover, I counted the 
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tufts of D. antarctica within 1 m2 quadrats, took pictures, and calculated 

the percentage moss cover per quadrat using image analysis software 

(ImageJ 1.34 s; Wayne Rasban, National Institutes of Health, USA). Soil 

samples that were taken from 3 quadrat corners were mixed thoroughly 

to produce 1 sample for each quadrat. 

 

 

Fig. 2-1. Picture showing the study site on King George Island. The 

rectangle represents the sampling plot. Source: google earth. March 26, 

2005. 
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Fig. 2-2. Map showing the location of the study site on King George 

Island (top), elevation of the study site and sampling design (bottom). 

Black dots represent sampling spots and white arrows are the directions 

of the semivariogram. The legend represents the elevation from the 

seawater level. Depending on the density of D. antarctica, the study site 

was subdivided into 3 plots (L, low; M, middle, and H, high) 
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2.2.3. Soil analysis 

Soil electric conductivity and pH (soil:distilled water, 1:5) were 

measured using an electric conductivity meter (Orion model 150A, USA) 

and pH meter (Orion model 720A+, USA), respectively. Water content was 

determined by measuring the amount of weight lost after drying the 

samples in a 105 C oven for 48 h. The organic matter content was 

calculated according to the weight loss after the samples were kept in a 

muffle furnace at 550 °C for 4 h (John, 2004). NO3-N was extracted using 

2 M KCl and measured using an automatic Kjeldahl protein/nitrogen 

analyzer (Kjeltec Auto 1,035/1,038 System; Tecator AB, Sweden). The total 

nitrogen content was determined in an element analyzer (EA1110, CE 

Instruments, UK) at the National Center for Inter-University Research 

Facilities, Seoul National University. Mehlich-3 extract solution (Ziadi and 

Tran, 2007) was used to extract PO4–P from air dried soil and the ascorbic 

acid reduction method (Solorzano, 1969) was used to determined the 

content of available phosphorus. The minerals Ca2+, K+, and Na+ were 

extracted using Mehlich-3 extract solution and measured using 

ICP(Inductively Coupled Plasma) Optical Emission Spectrometer (ICP-730 

ES, Varian, Australia). The soil texture was determined by a hydrometer 

analysis method (Day, 1965; Lee, 2010). 

 

2.2.4. Data analysis 

Data sets were analyzed using classical statistical descriptors such as 

mean, standard error, coefficient of variation, skewness, kurtosis, and 

Pearson’s correlation coefficient. The Shapiro–Wilk test revealed that most 
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variables were not normally distributed except for distance from shoreline 

and clay content. Diverse transformations were performed to obtain a 

nearly normal distribution before the geostatistical analysis (Jongman et 

al., 1995). To identify major gradients in soil variables in terms of the 

density of D. antarctica, principal component analysis (PCA) was applied 

to correlations in soil variables. The study site was divided into 3 sub-

plots (L, M, and H) based on the grass density, and 30% of the quadrats 

in each sub-plot were randomly selected to minimize the spatial 

dependence. 

The correlogram is frequently employed to investigate patterns and 

the underlying spatial covariance in ecological data (Brown et al., 1995; 

Steen et al., 1996; Thomson et al., 1996), but it does not provide a 

confidence interval for the spatial covariance. Thus, I used the spline 

cross-correlogram, which is an adaptation of the nonparametric 

covariance function (Bjørnstad et al., 1999; BjØrnstad and Falck, 2001). 

This method provides a 95% confidence envelope for the function with a 

bootstrap algorithm. The nonparametric covariance function is calculated 

as follows: 

       
    

   

 
    

 
     

 
   

    
   

 
  

     
 
   

, 

where  is a kernel function with kernel bandwidth , and  is the 

geographic distance between population  and  by metric Euclidean 

distance. 

The semivariogram  is estimated by calculating half the average 

squared difference between all pairs of points that are separated by a 
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given distance. The empirical semivariogram was calculated as follows 

(Isaaks and Srivastava, 1989): 

       
 

     
                

     
   , 

where  is the number of lag pairs at distance intervals of , and 

 and  are values of the measured variable at spatial locations 

 and , respectively. Although a number of variogram functions have 

been suggested, the Matérn function was fitted to the empirical 

semivariograms using ordinary least squares (Matérn, 1960; Marchant et 

al., 2011): 

             
 

         
 

 
 
 

   
 

 
          , 

where  is the nugget variance,  is the partial sill variance,  is the 

distance parameter,  is a smoothness parameter fixed in 1,  is a 

modified Bessel function, and  is the gamma function. The best-fit 

models for the semivariograms are selected based on the R2 between 

model predictions of variance for each lag distance and the measured 

values. The proportion of spatial structure   /        is a measure of 

the proportion of sample variance         that is explained by spatially 

structured variance   . As the value approaches 1, the spatial 

autocorrelation becomes stronger (Cambardella et al., 1994).  

To apply the kriging methods, each variable was checked for trend 

and anisotropy using 4 directional variograms. If a variable had a 

geographic trend, then the mean was assumed as a first order 

polynomial on the coordinates rather than constant mean over the 

region (Crawford and Hergert, 1997; Lark and Webster, 2006; Diggle et al., 
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2007). Interpolated maps were then computed using ordinary kriging 

with a trend based on the calculated parameters that assumed linear 

trend surface to evaluate the regional patterns of variation (Diggle et al., 

2007). The geostatistical software, GeoR version 1.7-2 under R version 

2.14.0, was used in the geostatistic analysis (Ribeiro Jr and Diggle, 2001). 

For the interpolation of the D. antarctica density, Bayesian analysis for the 

Poisson-log normal model is implemented by the function 

pois.krige.bayes in the geoRglm package (version 0.9-2) of R, because 

applying ordinary kriging is not suitable for count data (Diggle et al., 

2003). 

Random effect logistic regression was used to analyze the survival of 

D. antarctica by adding environmental covariates and random effect. 

Random effect model can improve accounting for system uncertainty and 

efficiency of estimation (Kéry, 2010). I selected the 47 quadrats that the 

number of tuft decreased or unchanged as a response variable. This 

model can be expressed as follows: 

                     , 

                                                 

                                      , 

              , 

where   is the index of the quadrat,    and    are the number of tuft in 

2011 and the number of tuft in 2010 in the  th quadrat,    is the 

probability of survival of D. antarctica, the link function is the logit, as is 

customary for a binomial distribution (Kéry, 2010). The random effect 
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term    is used to account for unstructured over-dispersion (OD) and 

assumed to have a normal distribution. Explanatory variables have been 

centered by subtracting the mean values and standardized by dividing 

the standard deviation to improve the efficiency of the Markov chain 

Monte Carlo (MCMC) algorithm (Elith 2002). 

The parameter estimation was based on a sample of 10,000 values 

after a burn in 5,000 iterations from 3 chains. The convergence was 

assessed using the CODA package (Plummer et al., 2006) for model 

selection using R. Model selection was performed using the deviance 

information criterion (DIC), where a lower DIC suggests a better trade-off 

between model fit and parsimony. I used WinBUGS version 1.4.3 

(Spiegelhalter et al., 2003) via R2WinBUGS package (Sturtz et al., 2005) 

for R, which implements Markov chain Monte Carlo (MCMC) methods 

using a Gibbs sampler. 

 

2.3. Results 

 

2.3.1. Non-spatial analysis 

The basic statistical data summary for the density of D. antarctica, 

moss cover, and soil properties are shown in Table 2-1 and 2-2. Because 

semi-variograms are sensitive to highly skewed distributions, diverse 

transformations were applied to the data for better normality. The 

highest number of D. antarctica in the 1 m2 quadrat was 82 tuft in 2010. 

The grass density showed a wide range between the measured quadrats, 

and its density decreased to about 26%, while the change of moss cover 
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was imperceptible in the same quadrats. Six out of 99 quadrats has 100% 

moss cover. Minimum sand content was 63% and maximum clay content 

was 10.5% in the sampled quadrat that is far from shoreline. Soil water 

content had dramatically decreased (36.5%) because of the lack of 

precipitation in 2010 than that in 2009. Other soil variables such as AP, 

Na+, K+ and Ca2+ were also decreased in 2010, but the values were not 

statistically significant. Average soil pH was 6.44 and their variation was 

smaller than other variables. Soil EC was the highest in the quadrat near 

the shoreline because of the effect of sea water spray. Average available 

phosphorus in this study site was similar with that of the temperate zone 

wetland, but their variation was the larger than other sites.    

Correlations between the density of D. antarctica and soil variables 

were tested using Pearson’s correlation coefficient (table 2-3 and 2-4). 

The highly correlated soil variables with the density of D. antarctica in 

2010 were OM, and followed by EC, TN and pH. Organic matter and AP 

were positively correlated with topographic variables. Sand was negatively 

correlated with nutrient variables such as EC, TN and AP. The result of 

correlation matrix in 2011 showed the similar direction of relationship 

among varaibles. The highly correlated variables with the grass density 

were NO3-N, EC and distance from snow. D. antactica tuft is frequently 

found near the shoreline. Elevation was negatively correlated with sand 

and positively correlated with clay. Sand in 2011 has more negative 

relationship with WC and AP than that of 2010. EC and Na+ were 

negatively correlated with elevation and distance as expected.  

These non-spatial analyses to screen for correlation among variables 
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could be overestimated because they were obtained by ignoring the 

spatial dependence. In other words, the samples may account for a 

greater weight than that if the samples had been spatially independent. 
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Table 2-1. Descriptive statistics of response and explanatory variables in 2010 and their transformed values.  

Variable 
data 2010 (n=99) 

Transformation 
transformed data 2010 

mean SE# CV# skewness Kurtosis mean SE CV skewness Kurtosis 

D.antarctica No./m2 4.08  0.74  248.1  4.62  26.44  reciprocal -0.63  0.028  -62.0  0.241  -1.685  

Moss % 77.8  1.9  28.9  -1.507  2.012  cubic power 57.2  2.6  54.1  -0.344  -1.122  

Elevation m 2.78  0.071  30.2  1.310  1.477  logarithm 0.427  0.010  27.9  0.680  -0.090  

Shoreline# m 72.0  1.858  30.5  0.192  -0.688  none 72.0  1.858  30.5  0.192  -0.688  

Snow# m 37.4 1.74 55.1 0.084 -0.793 none 37.4 1.74 55.1 0.084 -0.793 

Sand % 91.2  0.229  3.0  -0.810  0.399  arcsine 1.27  0.004  3.7  -0.462  -0.046  

Silt % 4.94  0.202  48.4  0.165  -0.731  none 4.94  0.202  48.4  0.165  -0.731  

Clay % 3.86  0.116  35.6  -0.322  -0.281  none 3.86  0.116  35.6  -0.322  -0.281  

WC# % 12.9  0.386  35.2  0.938  0.436  logarithm 1.12  0.011  12.1  0.260  -0.451  

OM# % 3.29  0.074  26.6  1.440  1.659  reciprocal -0.321  0.006  -21.4  0.507  -0.535  

pH  6.26  0.019  3.7  -0.907  1.232  exponential  533.5  9.502  21.1  -0.232  -0.212  

EC# μS/cm 66.8  3.123  55.3  3.135  13.20  reciprocal -17.7  0.529  -35.3  -0.116  -0.415  

TN# wt% 0.106  0.008  88.2  2.809  10.17  reciprocal -3.71  0.106  -33.8  -0.712  0.958  

AP# mg/kg 7.54  0.631  99.1  2.384  5.34  reciprocal -0.213  0.009  -49.0  0.005  -0.519  

Na+ mg/g 0.125  0.004  38.1  3.476  14.32  reciprocal -8.63  0.172  -23.6  -0.055  3.351  

K+ mg/g 0.071  0.002  38.0  2.281  6.19  reciprocal -15.48  0.341  -26.1  0.492  -0.309  

Ca2+ mg/g 0.579  0.015  29.7  1.204  3.42  logarithm 2.74  0.011  4.7  -0.336  1.848  

# SE: standard error; CV: coefficient of variation; Shoreline: distance from shoreline; Snow: distance from snow; WC: soil water content; OM: organic 

matter; EC: electric conductivity; TN: total nitrogen; AP: available phosphorus 
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Table 2-2. Descriptive statistics of response and explanatory variables in 2011 and their transformed values. 

Variable 
data 2011 (n=140) 

Transformation 
transformed data 2011 

mean SE# CV# skewness Kurtosis mean SE CV skewness Kurtosis 

D.antarctica No./m2 2.39  0.507  321.2  5.714  39.24  reciprocal^2 -0.71  0.028  -59.1  0.796  -1.29  

Moss % 72.3  1.8  37.9  -1.248  0.658  cubic power 51.4  2.2  63.7  -0.163  -1.301  

Elevation m 3.22  0.100  36.7  1.061  0.431  logarithm 0.482  0.012  30.6  0.469  -0.645  

Shoreline# m 84.9 2.503  34.9  0.346  -0.416  none 84.92  2.50  34.9  0.346  -0.416  

Snow# m 27.5 1.98 85.4 0.406 -0.98 root 4.68 0.218 55.1 -0.198 -1.297 

Sand % 89.3 0.448  5.9  -2.360  7.982  tenth power 0.362  0.012  39.3  -0.374  -0.472  

Silt % 5.81  0.359  73.2  2.788  12.201  logarithm 0.768  0.020  31.1  -0.092  0.808  

Clay % 4.88  0.177  42.9  0.382  -0.032  none 4.88  0.177  42.9  0.382  -0.032  

WC# % 9.52  0.504  62.7  2.563  8.221  reciprocal -0.134  0.005  -43.8  -0.461  -0.372  

OM# % 2.64  0.072  32.4  1.828  4.026  reciprocal -0.409  0.008  -24.4  0.406  -0.004  

pH  6.07 0.017  3.4  -1.769  4.943  exponential  443.72  6.72  17.9  -0.708  1.763  

EC# μS/cm 60.6 2.933  57.3  3.307  14.446  reciprocal -19.71  0.608  -36.5  -0.409  0.344  

NO3-N mg/kg 77.7 3.502  53.3  0.838  -0.133  logarithm 1.83  0.020  12.8  -0.021  -0.810  

AP# mg/kg 5.36  0.370  81.7  1.605  1.515  logarithm 0.616  0.025  48.9  0.537  -0.453  

Na+ mg/g 0.084  0.003  36.2  3.458  15.987  reciprocal -12.83  0.256  -23.6  0.208  0.764  

K+ mg/g 0.057  0.002  43.5  1.872  4.626  reciprocal -20.24  0.583  -34.1  -0.251  -0.368  

Ca2+ mg/g 0.412  0.011  30.6  0.969  1.509  logarithm 2.60  0.011  5.0  -0.054  0.433  

# SE: standard error; CV: coefficient of variation; Shoreline: distance from shoreline; Snow: distance from snow; WC: soil water 

content; OM: organic matter; EC: electric conductivity; AP: available phosphorus 
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Table 2-3. Pearson correlation coefficient matrix for response and explanatory variables investigated in 2010 (n=99) 

variable D.antarctica Elevation shoreline Snow Moss Sand Clay WC OM pH EC N AP Na+ K+ 

Elevation 0.173 
  

 
           

shoreline 0.042 0.766*** 
 

 
           

Snow 0.606*** 0.587*** 0.250*  
           

Moss 0.182 -0.118 0.056 -0.124 
           

Sand -0.029 -0.115 -0.203* 0.000 0.185 
          

Clay -0.144 0.193 0.409*** -0.176 0.026 -0.451*** 
         

WC# -0.120 0.192 0.310** -0.007 -0.143 -0.536*** 0.288** 
        

OM# 0.422*** 0.468*** 0.245* 0.681*** -0.163 -0.372*** 0.070 0.269** 
       

pH -0.274** -0.387*** -0.252* -0.410*** 0.196 0.173 -0.192 -0.170 -0.539*** 
      

EC# 0.329** 0.140 -0.164 0.511*** -0.344** -0.264** -0.017 0.107 0.633*** -0.490*** 
     

TN# 0.279** 0.282** 0.118 0.419*** -0.120 -0.327** 0.026 0.173 0.644*** -0.517*** 0.578*** 
    

AP# 0.221* 0.543*** 0.527*** 0.381*** -0.156 -0.483*** 0.206* 0.509*** 0.533*** -0.382*** 0.287** 0.386*** 
   

Na+ 0.104 -0.142 -0.434*** 0.163 -0.135 0.164 -0.368*** -0.124 0.018 0.147 0.329** 0.075 -0.114 
  

K+ -0.114 -0.045 -0.065 -0.184 -0.229* -0.480*** 0.030 0.326*** 0.147 -0.018 0.351*** 0.230 0.359*** 0.380*** 
 

Ca2+ 0.105 0.160 0.083 0.235* 0.216* 0.092 0.011 -0.057 0.057 0.158 -0.011 0.003 -0.159 0.068 -0.354*** 

# WC: water content; OM: organic matter; EC: electric conductivity; TN: total nitrogen; AP: available phosphorus 

* p<0.05, **p<0.01, ***p<0.001 
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Table 2-4. Pearson correlation coefficient matrix for response and explanatory variables investigated in 2011 (n=140) 

variable D.antarctica Elevation shoreline Snow Moss Sand Clay WC OM pH EC NO3-N AP Na+ K+ 

Elevation -0.082 
  

 
           

shoreline -0.267** 0.878*** 
 

 
           

Snow 0.536*** -0.168* -0.385***  
           

Moss 0.178* -0.399*** -0.340*** 0.209* 
           

Sand 0.155 -0.429*** -0.507*** 0.397*** 0.353*** 
          

Clay -0.241** 0.569*** 0.705*** -0.544*** -0.381*** -0.691*** 
         

WC# -0.125 0.199* 0.266** -0.261** -0.102 -0.684*** 0.417*** 
        

OM# 0.179* 0.370*** 0.313*** 0.317*** -0.199* -0.365*** 0.184* 0.429*** 
       

pH -0.239** -0.057 -0.099 -0.263** -0.043 0.104 -0.098 -0.121 -0.435*** 
      

EC# 0.298** -0.269** -0.421*** 0.442*** -0.006 -0.142 -0.282** 0.347*** 0.465*** -0.238** 
     

NO3-N 0.382*** -0.030 -0.230** 0.289*** -0.176* -0.072 -0.150 0.035 0.192* 0.100 0.318*** 
    

AP# 0.112 0.298*** 0.282** 0.114 -0.091 -0.535*** 0.252** 0.567*** 0.624*** -0.493*** 0.462*** 0.114 
   

Na+ 0.136 -0.105 -0.252** 0.165 -0.146 -0.239** -0.105 0.290** 0.336*** 0.04 0.692*** 0.336*** 0.512*** 
  

K+ 0.036 -0.004 -0.055 -0.072 -0.177* -0.49*** 0.139 0.531*** 0.362*** -0.095 0.629*** 0.232** 0.677*** 0.839*** 
 

Ca2+ 0.164 0.086 -0.022 0.273** 0.134 0.019 -0.094 0.026 0.196 0.026 0.192 0.140 0.133 0.050 -0.042 

# WC: water content; OM: organic matter; EC: electric conductivity; AP: available phosphorus 

* p<0.05, **p<0.01, ***p<0.001  
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I conducted PCA to condense the information from the soil variables 

that were selected in the correlation analysis. The study site was 

subdivided by 3 plots based on the density of D. antarctica and was 

presented in the biplots (Fig. 2-3). Because the low-density plot (L) was 

covered with snow in 2010, I compared sub-plots M and H in 2010. Two 

principal components explained 60% of the total variation (Fig. 2-3 (A)). 

Component 1, with an eigenvalue of 5.68, had a highly negative load on 

organic matter (-0.383), total nitrogen (-0.382), and available phosphorus 

(-0.379). This biplot (A) presented that the high-density plot (H) had 

higher nutrient content than the low-density plot (L). Figure 2-3 (B) 

demonstrated that 2 principal components explained 60.7% of the total 

variation. Component 1, with an eigenvalue of 3.86, had a highly negative 

load on available phosphorus (-0.466), organic matter (-0.418), and water 

content (-0.386). Component 2, with an eigenvalue of 2.83, had a high 

negative load on clay (-0.464) and elevation (-0.384) and had a positive 

load on electric conductivity (0.409) and moss cover (0.36). The biplot (B) 

revealed that low-density plots (L) had higher clay content and elevation, 

and lower electric conductivity and moss cover than the middle- and 

high-density plots. 
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Fig. 2-3. Biplot of soil variables and sampling quadrats depending on the 

D. antarctica density measured in 2010 (A) and 2011 (B). (L: low density; 

M: middle density; H: high density; WC: water content; EC: electric 

conductivity; TN: total nitrogen; OM: organic matter; and AP: available 

phosphorus) 
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2.3.2. Spatial analysis 

When I compared 4 directional (0°, 45°, 90°, and 135°) semivariogram 

to figure out the anisotropy with a 22.5° tolerance angle, most variables 

showed strong anisotropic distribution except for WC and Ca2+ (Fig. 2-4). 

D. antarctica showed definitely different directional spatial dependent 

between 135° and 45°. Elevation and clay had the highest spatial 

dependence in 45° direction and OM and pH had the highest spatial 

dependence in 135° direction. Spatial dependence was also estimated 

from the structure component and sill ratio (C1/(C0+C1). D. antactica, 

moss and WC had relatively weak spatial dependence among all of 

variables.  

Anisotropic semivariogram parameters in 2011 were presented in 

table 2-5. Nonlinear ordinary least squares method was used to estimate 

Matérn function parameters. The ranges of spatial dependence were 

diverse among variables, ranging from 30 to >300. Beyond the 300 m 

ranges, semivariance steadily increased without convergence. D. antarctica 

density had the highest semivariance in the 135° direction, meaning that 

this grass was distributed with the strongest spatial dependence in the 

135° direction than in the other directions. This difference was more 

distinctive in 2010 than in 2011, but the change of semivariance for each 

lag distance was similar to each other. Moss had the opposite directional 

spatial dependence as D. antarctica. Moss showed the longest range in 

the 45° direction, but the range was shorter than that of D. antarctica.  

As shown in Figure 2-4, the elevation continually increased in the 45° 

direction, so its proportion of spatial dependence was stronger than that 
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of other variables. Clay showed the same directional spatial dependence 

as elevation, which means that they have strong spatial correlation each 

other (simple Pearson’s correlation: R2 = 0.57, p < 0.001). Water content 

and NO3-N showed isotropic distributions, and they had short ranges 

and moderate proportions of spatial dependence. Electric conductivity 

and Na+ content, which are governed by the distance from the shoreline, 

showed strong spatial dependence in the 0° direction. 
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Fig. 2-4. Directional (0°, 45°, 90°, 135°) semivariogram for response and 

explanatory variables sampled in 2011. (WC: water content; OM: organic 

matter; EC: electric conductivity; AP: available phosphorus)  



31 

 

Table 2-5. Parameters of the anisotropic semivariogram model for 

variables sampled in 2011. The directions listed for each variable are the 

strongest and the weakest spatial-dependent direction 

Variables Direction 
Nugget 

(Co) 

Partial sill 

(C1) 
Range C1/(Co+C1) R2 

D. antarctica 135° 0.11 0.26 166 0.691  0.97 

 
45° 0.10 0.06 45 0.353  0.61 

Moss 45° 0.07 0.1 89 0.613  0.87 

 
135° 0.06 0.03 45 0.325  0.76 

Elevation 45° 0 0.98 >300 1.000  0.99 

 
135° 0.001 0.01 90 0.883  0.59 

Sand 45° 0.009 0.063 296 0.875 0.95 

 
90° 0.007 0.013 80 0.661 0.41 

Clay 45° 1.36  177 >300 0.992  0.99  

 
135° 0.29  4.6 85  0.940  0.87  

WC – 0.002 0.002 48 0.514  0.62 

OM 135 0.000  0.033  253 1.000  0.90  

 
0 0.003  0.005  60 0.597  0.68  

pH 135° 3467 38960 >300 0.918  0.95 

 
45° 3563 3035 109 0.460  0.80 

EC 0° 17.4 1604446 >300 1.000  0.86 

 
90° 18.3 19 37 0.504  0.99 

NO3-N – 0.01 0.046 30 0.839  0.64 

AP 135° 0.04 0.169 202 0.815  0.97 

 
0° 0.04 0.042 103 0.543  0.69 

Na+ 0° 4.73 435022 >300 1.000  0.79 

 
90° 1.24 6.8 42 0.845  0.76 
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The spline cross-correlograms for the 4 representative descriptors of D. 

antarctica are shown in Fig. 2-5. The cross-correlogram between the 

abundance of D. antarctica and 3 variables (snow, OM, EC) exhibit similar 

spatial correlation range or the distance over which the variables are 

correlated. They had positive spatial correlation from 0 m to 40 m, and 

were negatively correlated from 40 m to 100 m. However, the shape of 

the correlogram was different. The cross-correlogram between D. 

antarctica and snow had the steepest slope among all other cross-

correlogram, which means that two variables had strong spatial 

dependence. The spatial cross-correlation between D. antarctica and OM 

had the next steepest slope, and had the similar shape with snow 

because of strong correlation (0.681, p<0.001) between snow and OM. 

pH was negatively correlated with the abundance of D. antarctica within 

40 m. The correlograms calculated with dataset in 2011 also had similar 

spatial correlation range and shape with those of in 2010. 
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Fig. 2-5. The nonparametric covariance function of the representative 4 

population descriptors for D. antarctica. The x-axes represent the 

geographic distance between samples, and the y-axes represent the 

correlation. The middle line represents the estimated functions and the 

upper and lower thin lines represent the 95% bootstrap confidence 

intervals estimated using spline correlograms 
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Fig. 2-6. Experimental semivariograms in the two main directions (A) and 

interpolation maps (B) of D. antarctica density that were sampled in 2010 

(left) and in 2011 (right)  

 

Figure 2-6 shows a semivariogram and kriged maps for the density of 

D. antarctica. Experimental semivariogram in 2010 has more clear zonal 

anisotropic character than that of 2011. As can be seen in the largest 

coefficient of variation (CV: 321), the abundance of D. antarctica had clear 

spatial variation. Semivariance steadily increased up to 80 m distance in 

the 135° direction. The grass grew densely at the spot where its distance 

was 75 m from the shoreline, it was at a moderate elevation, and there 
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was relatively high sand content soil. These interpolated results revealed 

the decrease of the grass density in 2011.  

 

 

Fig. 2-7. Experimental semivariograms in the two main directions (A) and 

interpolation maps (B) of moss cover that were sampled in 2010 (left) 

and in 2011 (right)  

 

Experimental semivariograms and interpolation maps of moss were 

shown in the figure 2-7. Moss cover also had zonal anisotropic 

distribution. Semivariograms showed that spatial dependence was really 
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weak in the 45° direction, and they had similar pattern comparing two 

years. Interpolation maps revealed that moss cover did not change for a 

year. Moss cover was low at the high elevation area and positively 

correlated with sand content (R2 = 0.35, p < 0.001). I found that moss 

cover had strong negative spatial correlation with elevation according to 

kriged map. 

 

 

Fig. 2-8. Experimental semivariograms in the two main directions (A) and 

interpolation maps (B) of sand content that were sampled in 2010 (left) 

and in 2011 (right) 
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Directional semivariogram in figure 2-8 showed that sand had the 

similar spatial dependence within 40 m, but semivariance increased in the 

90° direction. When comparing other environmental variables, sand had 

the smallest spatial variation. Interpolation maps showed that sand 

content was negatively correlated with elevation and distance from 

shoreline. This result suggests that soil texture is governed by 

topographic variable.  

 

 

Fig. 2-9. Experimental semivariograms in the two main directions (A) and 

interpolation maps (B) of water content that were sampled in 2010 (left) 

and in 2011 (right)  
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Although water content in 2010 has isotropic distribution within 60 m, 

it had anisotropic distribution between 45° and 90° direction (Fig. 2-9). 

Water content in 2011 showed clear isotropic distribution. Kriged maps 

showed that spatial distribution of water content was positively correlated 

with clay, and it has weak spatial correlation with elevation, meaning that 

water content was mainly governed by soil texture. Water content had 

negative relationship with Na+, this result revealed that water was 

supplied by snow melting.  
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Fig. 2-10. Experimental semivariograms in the two main directions (A) 

and interpolation maps (B) of organic matter that were sampled in 2010 

(left) and in 2011 (right) 

 

Spatial distribution of organic matter in 2010 showed strong zonal 

anisotropic distribution (Fig. 2-10). Spatial dependence steadily increased 

without convergence in 135° direction. However, the directional 

semivariance difference was decreased when I extended the study site. 

Interpolation maps revealed that organic matter was positively correlated 

with distance from snow, suggesting that early snow melting could 

improve organic matter accumulation in soil. Furthermore, organic matter 
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has positive spatial correlation with the abundance of D. antarctica.  

 

 

Fig. 2-11. Experimental semivariograms in the two main directions (A) 

and interpolation maps (B) of pH that were sampled in 2010 (left) and in 

2011 (right) 

 

Spatial distribution of pH also had strong zonal anisotropic 

distribution (Fig. 2-11). Experimental semivariogram in 2010 showed that 

semivariance was steadily increased in 90° direction, but spatial 

dependence was very weak in 45° direction. Interpolation maps showed 
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that pH had negative spatial distribution with OM and AP 

 

 

Fig. 2-12. Experimental semivariograms in the two main directions (A) 

and interpolation maps (B) of electric conductivity that were sampled in 

2010 (left) and in 2011 (right) 

 

Experimental semivariograms showed that EC had strong spatial 

dependence in the 0° direction that is vertical direction with shoreline 

(Fig. 2-12). 90° direction, horizontal direction with shoreline, had weak 

spatial dependence. This result also showed in the interpolation maps. EC 
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had negative spatial correlation with distance from shoreline and positive 

correlation with Na and AP. These results suggest that EC is determined 

by sea water spray.  

 

 

Fig. 2-13. Experimental semivariograms in the two main directions (A) 

and interpolation maps (B) of available phosphorus that were sampled in 

2010 (left) and in 2011 (right) 

 

Semivariance of AP in 2010 was continuously increased in the 90° 

direction, but spatial dependence in 0° direction was converged at 20 m 
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(Fig. 2-13). Spatial dependence in 2011 was the strongest in the 135° 

direction. As can be seen in interpolation maps, the spatial distribution of 

AP was positively correlated with OM and WC, and negatively correlated 

with sand. I could frequently find resting seals in the area where the AP 

was highly accumulated.  
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Fig. 2-14. Trace plot of parameters (A) (total iteration number=10,000; 

burn-in=5,000; thinning=every 2nd iteration; number of chain=3; 

DIC=207.5) Predictors of the survival of D. antarctica tuft (B). Diamonds 

are the estimated posterior mean values, short thick lines are the 50% 

credible intervals, and long thin lines are the 95% credible intervals. 

Those intervals not overlapping the zero line are considered significantly 

different from zero  
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The density of D. antarctica decreased at 37 out of 99 quadrats but 

increased only at 9 quadrats. The total numver of tuft decreased to about 

26%. To estimate the environmental factors affecting the survival of the 

grass, I selected the 47 quadrats that the number of tuft decreased or 

unchanged as a response variable and the minimally changed 

explanatory variables. As shown in Fig. 2-14 (A), the trace plots for the 

each parameter show the desired convergence, and the remaining 

diagnostic plot such as autocorrelation and posterior density (not shown 

here) also indicate good convergence and low autocorrelation in the all 

of the parameters. Figure 2-14 (B) showed that elevation was positively 

associated with survival of D. antarctica. Long distance from the shoreline 

and high sand content were negative effect on the survival of the grass.  

 

2.4. Discussion 

 

This study has applied a geostatistical approach to analyzing and 

interpreting the distribution of D. antarctica and related soil chemical and 

physical variables as well as topographic properties. There is surely some 

doubt as to the results of non-spatial analysis (Pearson correlation and 

PCA) may estimated inadequate parameters and quantification of 

uncertainty because data were spatially dependent from each other (Ver 

Hoef et al., 2001). Variography showed that all of the variables were 

spatially correlated; therefore, spatial estimation was more valid than 

non-spatial analysis (Dayani and Mohammadi, 2010). Especially, most of 
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environmental variables, except water content and Ca2+, indicated severe 

trends and anisotropic characteristics. 

I could infer that strong anisotropy in geographic variables was 

reflected on the soil variables through directional semivariograms and 

kriged maps. For example, elevation and clay content had nearly the 

same range values and directional dependence, indicating the presence 

of possible co-regionalization. Pearson’s correlation coefficient between 

soil texture and other environmental properties showed that soil texture 

significantly correlated with water content, organic matter, and available 

phosphorus. These variables also associated with the grass density. It is 

well known that soil texture is one of the important soil properties 

governing the physical and chemical properties of soil (Warrick and 

Gardner, 1983; Tanji, 1990; Crave and GASCUEL‐ODOUX, 1997). Several 

researchers reported that soil formation and chemical weathering in the 

coastal regions of Antarctica occur more than that which I expected 

(Blume et al., 1997; Beyer et al., 2000). Further, Bölter et al., (1997) 

suggested that elevated clay and organic matter contents resulted in a 

high water and nutrient binding capacity that favors plant growth in 

maritime Antarctica. In these results, the D. antarctica density was 

positively associated with soil nutrient levels such as NO3-N and available 

phosphorus. However, the clay content had a negative relationship with 

the grass density and a positive relationship with the sand content. These 

results indicated that the high clay content area (L-subplot in Figure 1) 

was covered with snow over a long period of the growing season in 2010. 

I speculated that early snow melting may occur at long distance snow 
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region. There is possibility that early snow melting is an important factor 

for the distribution of D. antarctica (Edwards, 1972; Vera, 2011). Distance 

from snow is significantly correlated with the abundance of D. antarctica, 

moreover, early snow melting could be accelerate accumulation of 

organic matter in infertile Antarctic soil. Early snow melting area is a 

more attractive spot for Antarctic mammals to rest than snow covered 

area. I could found a high concentration of nutrient in this area.  

In addition, spatial distribution of moss cover was also significantly 

correlated with elevation and sand content. I found that Sanionia spp., 

which are the most dominant genus of moss in the coastal region of 

King George Island, prefer to inhabit sand soil and low elevation areas.  

Another important topographic variable was the distance from the 

shoreline. Electric conductivity and Na+ had strong spatial 

autocorrelations in the 0° direction, but weak spatial dependences in the 

90° direction, which mean that seawater spay affected the soil salinity. D. 

antarctica has high tolerance for salinity (Ruhland and Krna, 2010). 

High elevation area has the favorable soil conditions for survival of 

vegetations, the positive association of elevation may be the mixed effect 

with other soil properties such as OM, WC, and AP. Distance from 

shoreline was negatively associated with survival of D. antarctica, meaning 

that the grass near the snow could not survived in the next year. Even 

though distance from the snow also had significantly positive association 

with the survival of D. antarctica, I excluded this variable in analysis 

because of high collinearity with elevation and OM.  

In summary, topographic characteristics might more directly influence 
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the soil chemical and physical attributes in maritime Antarctica than in 

the temperate zone, because the Antarctic area has fewer interference 

factors such as dense vegetation and thick topsoil. These topographic 

and soil properties have multiple influences on the distribution of D. 

antarctica. Besides, snow melting is also important factor for nutrient 

accumulation and distribution of D. antarctica.  
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CHAPTER 3. Estimate parameters that influence 

on the distribution of Deschampsia 

antarctica using spatial regression 

models 
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3.1. Introduction 

 

Species distributional data are basic information for analyses of 

species-environmental relationships, and the relationships between 

species distribution and environmental variables have been featured as a 

key stone through the history of ecology (Keitt et al., 2002). This 

knowledge can extended to conservation and management plans for 

endangered species under future climate and other environmental risk.  

Spatial autocorrelation, the core of spatial analysis, means that 

locations close to each other exhibit more similar values than those 

further apart (Tobler, 1970; Legendre and Legendre, 2012). In other word, 

autocorrelation is the lack of independence between pairs of 

observations at given distances space (Diniz‐Filho et al., 2003). Due to 

this spatial autocorrelation, the analysis of vegetation spatial distribution 

could not be a simple task. Although spatial autocorrelation provides 

useful information to estimating spatial pattern, it can violate the 

assumption of independently and identically distributed (i.i.d.) errors of 

most statistical analysis (Anselin, 2002). Several studies have discussed 

the importance of incorporating spatial autocorrelation when analyzing 

the species distributional data (Diniz‐Filho et al., 2003; F Dormann et al., 

2007; Peres‐Neto and Legendre, 2009).  

To figure out the relationship between distribution of D. antarctica and 

environmental variables, I surveyed topographic and soil environmental 

variables using grid sampling method. Grid sampling method is universal 

and reliable method to analyzing spatial pattern (Olea, 1984; Fehmi and 
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Bartolome, 2009), but this sampling method inevitably includes spatial 

autocorrelation between data points (Diniz‐Filho et al., 2003). Therefore, it 

may be important step to incorporating spatial effect in the process of 

statistical estimation. Many studies have been carried out about D. 

antarctica because of their cold-resistance and possibility of indicator 

species about climate change in Antarctic area (Smith, 1994; Kim et al., 

2007; Ruhland and Krna, 2010; Vera, 2011). However, there are few 

studies considering their spatial distribution in relation to specific 

environmental variables.  

A variety of statistical methods can be applied to estimate vegetation 

and environmental variable associations. Regression methods and 

multivariate ordination techniques are representative statistical methods. 

Regression methods include simple linear regression, Poisson regression 

for count data and logistic regression for presence-absence data (Guisan 

et al., 1999). Additive regression model is used to quantify non-

parametric relationships between abundance and environmental 

predictors (Yee and Mitchell, 1991). I did not apply multivariate ordination 

methods because the abundance of D. antarctica was the only one 

response variable and there was no vascular plant species competition in 

this study region. When applying regression model, I take spatial 

autocorrelation into account to improve modeling estimation. Fortunately, 

there are diverse statistical methods that can incorporate spatial effect 

into regression model. I selected four different methods that are suitable 

to Poisson and logistic regression model based on generalized linear 

model.   
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The aims of this study are to (1) investigate relationship between 

abundance of D. antarctica and environmental variables. (2) determine the 

suitable model accounting for the spatial autocorrelation and the 

relationships.  

 

3.2. Methods 

 

3.2.1. Data Exploration 

Before building regression models of species distributions, two 

important factors need to be considered: (1) high collinearity between 

the explanatory variables, (2) spatial autocorrelation between data points. 

Collinearity between explanatory variables and spatial autocorrelation are 

common when building regression models of species’ distribution. High 

collinearity can affect coefficients by having highly inflated variance 

(sensitive to small data change), and make it impossible to interpret 

individually. Spatial autocorrelation violates the assumption of 

independence between data points, which leads to the underestimation 

of standard errors. I checked collinearity using by pairwise correlation 

(Pearson’s correlation coefficient) and variance inflation factors (VIF). The 

correlations between pairs of variables with magnitudes greater than ±0.5 

are considered high collinearity (Booth et al., 1994), and I removed highly 

correlated variable until all VIF values are below 3, indicating there is no 

collinearity in these variables (Zuur et al., 2009). VIF values were 

calculated with R program (AED package version 1.0). I estimated spatial 
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autocorrelation of variables with a permutation test for Moran’s I statistics 

and their moran scatterplots.  

  
      

 
   

 
          

      
 
   

 
              

   

 

where n is the number of observation, and    is the variable value at a 

particular location and    is the variable value at another location.     is 

a weight index location of   relative to  . It was calculated using spdep 

package under R program (version 2.14.1).  

I used the same data in chapter 3 that is collected using by grid 

sampling methods in 2010, 2011.  

 

3.2.2. Generalized Linear Model (GLM) 

The theory of Generalized linear models (GLM) has been well 

developed and applied in ecological research (Nicholls, 1989; Austin et al., 

1990). This regression model has made it possible to model species 

response to a wide range of environmental data types such as discrete, 

categorical, ordinal and continuous data. The mean of the response 

variable at                           , is related to the covariate 

information by 

             

 

   

 

where   is the link function,   is the intercept or constant term and   is 

a vector of regression coefficients. The purpose of the link function is to 

transform the mean of   to lie on a plane in this p-dimensional space 
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(Yee and Mitchell, 1991), and the distribution of   is a belonging to the 

exponential family (e.g. normal, Poisson, binomial, negative binomial, 

geometric, beta, exponential and gamma). Furthermore, when the scale 

parameter is expected to be higher than the value anticipated under the 

chosen distribution, the scale parameter can be estimated using quasi-

likelihood. In summary, GLM have three strengths compared to ordinary 

linear model; (1) response variable   could have a suitable stochastic 

distribution rather than the normal, (2) link function   can applied to the 

expectation of the response     , (3) linear predictor         is made 

up of from the linear combination of covariates (Kéry, 2010).  

 

3.2.3. Determination of distribution  

The logistic regression and Poisson GLM is particularly useful for 

binary and count data respectively, and have been successfully applied in 

the statistical models for species distribution. At first, logistic regression is 

for the binary data (1/0), which denote the presence/absence of a species. 

It estimate the probability of the dependent variable   taking on the 

value 1 for given values of               .  

                                   
 
      

     is referred to as the presence-absence response curve which has 

symmetric and bell-shape. Species probability of presence is described as 

a function of measured environmental variables (Jongman et al., 1995). I 

applied logistic regression to describe the presence-absence of D. 

antarctica within the quadrats depending on the environmental gradient. 

I followed three steps for a logistic regression 
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where    plays the same role as the    in Poisson regression. There is a 

binomial link between the mean of    and the predictor 

function             .  

Second, the Poisson GLM is used for count data because the Poisson 

distribution is appropriate for counts within the quadrats. Count data 

tend to be heterogeneous and are always non-negative. I followed three 

steps for a Poisson GLM 

               

                         

                     

where    is Poisson distributed with mean    and there is a logarithmic 

link between the mean of    and the predictor function (Zuur et al., 

2009).  

In ecological data, it is quite common to have larger variance than the 

mean; this data set was no exception to this overdispersion. I may have 

to choose a different distribution: the negative binomial distribution. The 

variance of   describes the amount of overdispersion, which is 

specifically determined by  , where   is also called the dispersion 

parameter.  
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where    is negative binomial distributed with meas    and parameter   

and there is a logarithmic link between the mean of    and the predictor 

function (Zuur et al., 2009). 

 

3.2.4. Generalized Additive Model (GAM) 

A generalized additive model is a generalized linear model with a 

predictor function involving a sum of smooth functions of covariates 

(Wood, 2006). In general the model has a structure something like  

               

 

   

 

where the    are smoothing function; there are many types of scatter 

plot smoothers (e.g. Thin plate regression splines, Cubic regression 

splines, B-splines and P-splines).   is link function same as GLM. Since 

response variable is expressed in mean deviation form, the smooth term 

       is also centered and thus each result shows how response variable 

changes relative to its mean with changes in explanatory variables. GAM 

is flexible enough to approximate the true regression surface adequately 

as GAM is data-driven rather than model-driven (Yee and Mitchell, 1991). 

Due to the high flexibility in model specification, GAM has been widely 

used (Frescino et al., 2001; Guisan et al., 2002). Smoothing function is 

possible to include two dimensional geographic coordinates (x and y), 

and geographical location was fitted using splines as a trend-surface. 

(Augustin et al., 2005; Wand et al., 2012). Variables were smoothed with 
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the one dimensional p-spline smoothing function and two dimensional 

thin plate regression splines with shrinkage smoothing function. The 

Akaike information criterion (AIC) and generalized cross-validation (GCV) 

score were used in a backward stepwise elimination procedure to select a 

set of covariates.  

 

3.2.5. Bayesian regression model including spatial random effect 

Poisson generalized linear models (GLM) were implemented within a 

Bayesian framework that included spatial random effect. Spatially 

autocorrelated data can lead to inaccurate parameter estimates and 

inadequate quantification of uncertainty (Ver Hoef et al., 2001). Spatial 

autocorrelation can be incorporated into a regression model through a 

conditional autoregressive (CAR) process that captures spatial 

autocorrelation in the data. The CAR process assumes that the spatial 

effect for any given quadrat depends on the values of  for the quadrats 

in its neighborhood, and the neighbor encompasses the 8 adjacent 

quadrats (Latimer et al., 2006). The distribution of random effects of 

quadrat  is made conditional on values from quadrats , as follows: 

               
         

  
 
  
 

  
 , 

where  if quadrats  and  are neighbors, and 0 otherwise. The 

 are the total number of neighbors of quadrat . Neighbors are defined 

as those quadrats that are directly adjacent and diagonal. Bayesian 

logistic regression model can be expressed as follows: 
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where    is the presence of absence of D. antarctica in the quadrats,    

is the intercept,    is the parameters,     is the covariates, and    is the 

spatial random effect. Bayesian Poisson regression model can be 

expressed as follows:  

                 , 

                   
 
       

where    is the abundance of D. antarctica in the quadrats, is the 

intercept, is the parameters,  is the quadrats-specific environmental 

covariates, and  is the spatial random effect. 

The parameter estimation was based on a sample of 10,000 values 

after a burn in 5,000 iterations from 3 chains. The convergence was 

assessed using the CODA package (Plummer et al., 2006) for model 

selection using R. Model selection was performed using the deviance 

information criterion (DIC), where a lower DIC suggests a better trade-off 

between model fit and parsimony. I used WinBUGS version 1.4.3 

(Spiegelhalter et al., 2003) via R2WinBUGS package (Sturtz et al., 2005) 

for R, which implements Markov chain Monte Carlo (MCMC) methods 

using a Gibbs sampler. 

 

3.2.6. Methods to accounting for spatial autocorrelation 

1) Autocovariate Models 
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Autocovariate models (ACM) account for spatial autocorrelation by 

adding a distance-weighted function of neighboring response values to 

the model’s explanatory variables. I added this extra parameter to capture 

spatial autocorrelation originating from limited dispersal and contagious 

population growth (Keitt et al., 2002). Autocovariate   may be calculated 

as: 

   
          

        

 

where    is the response value of   at site j among site  ’s set of    

neighbors;     is the weight given to site j’s influence over site   

(RICHARD, 2012). The neighborhood size (k=20) is chosen by trial and 

error method, with considering the distance between quadrats. I applied 

autocovariate models to binomial data (presence-absence) and Poisson 

distributed data (the number of D. antarica in the quadrats) (Knapp et al., 

2003; F Dormann et al., 2007).  

 

2) Moran Eigenvector Mapping  

Moran eigenvector mapping (MEM) is used to examine spatial 

variation and to identify the environmental variables that explained 

spatial pattern at multiple scales (Dray et al., 2006). MEM is an extension 

of the approach the Principal Coordinates of Neighbor matrices, which is 

obtained from principal coordinate analysis. The eigenvectors reflect 

variation at specific spatial scales. MEM considers the axes associated 

with positive eigenvalues representing positive autocorrelation, and select 

axes that contain significant spatial autocorrelation. These axes used as 
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spatial explanatory variables. The eigenvalues are linearly related to 

Moran’ I coefficients of spatial autocorrelation (Legendre and Legendre, 

2012). After the data-independent and location dependent eigenvectors 

are selected, I incorporate them into generalized linear model as 

covariates.  

 

3) Geographically Weighted Regression  

Geographically weighted regression (GWR) is extension of linear 

regression methods by allowing the relationship between variables to 

vary spatially. In contrast to regression models that estimate one set of 

global parameters, GWR estimates a set of local parameters by 

incorporating the geographic locations of all sampled locations (Windle 

et al., 2010). Given a set of location coordinates         for each 

observation, the underlying model for GWR is 

                         

 

   

 

where the    are the explanatory variables and 

                                are       continuous functions of the 

location         in the study area. The model coefficients of GWR are 

estimated by drawing a circle of a given radius around one particular 

location   and calculating a weight     for each neighboring observation 

according to the distance     between the location   and the center   at 

       . Although several geographical weighting functions can be used 

to compute the weight for each location, I used a Gaussian distance 

decay function (Zhang and Gove, 2005).  
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where     is the Euclidean distance between the two observation site   

and  , and ℎ is referred to as the bandwidth, which was determined by 

minimizing the CV scores for the fitted generalized linear model.  

 

3.2.7. Model selection and validation 

For the analysis of spatially autocorrelated dataset, I checked the 

spatial autocorrelation of variables and the residuals of selected models 

(Fig. 3-1). This is important step to select best model that is independent 

from spatial correlated data point. Spatial autocorrelation could be 

removed though including spatial effect variable in the regression model. 

I built flow chart for the analysis of spatially autocorrelated data, and 

followed its sequence to select best model explaining the distribution of 

D. antarctica.  
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Fig. 3-1. Flow chart showing the process of building regression model 

 

The Akaike information criterion (AIC) was used in a backward 

stepwise elimination procedure to select a set of covariates. I selected the 

best model based on the following criteria: the best model is the one 

that accounts for most of the variation in the data with the fewest terms 

(Burnham and Anderson, 2002). I compared to model predictions using 

root mean square error (RMSE) (Frescino et al., 2001). It was calculated as:  
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3.3. Results 

 

3.3.1. Data exploration  

For the unbiased regression model, I checked the collinearity between 

explanatory variables and spatial autocorrelation between data points 

using variance inflation factor (VIF) and Moran’s I statistics, respectively 

(Table 3-1). To determine a set of explanatory variables that does not 

contain collinearity, I excluded clay and silt due to soil texture was highly 

correlated with other variables. I also removed distance from shoreline 

and organic matter variables, and set the VIF values smaller than 3. 

Moran’s I statistics revealed that all selected variables has spatial 

autocorrelation. Especially, topographic variable, EC, and AP showed the 

strong autocorrelation.  

Explanatory variables in 2011 have lower collinearity among the 

variables than the data set in 2010, but I removed soil texture, distance 

from shoreline, and two cations (Na+ and K+) (Table 3-2). Spatial 

autocorrelation in 2011 was higher than that of in 2010. Especially, 

topographic variables showed strong autocorrelation between data points, 

and I exclude these variables from spatial regression model.  
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Table 3-1. Variance inflation factors and Moran’s I statistics for the set of 

explanatory variables in 2010 

variable VIF 
 

variable VIF 
 

Moran’s I 

statistic 
p-value 

moss 1.35  
 

moss 1.27 
 

0.255 0.001 

Elevation 4.61  
 

Elevation 1.87 
 

0.896 0.001 

Shoreline 4.99  
 

sand 1.81 
 

0.409 0.001 

Snow 4.84  
 

WC 1.64 
 

0.269 0.001 

Sand 118.11  
 

pH 1.98 
 

0.397 0.001 

Clay 96.69  
 

EC 2.33 
 

0.529 0.001 

Silt 30.73  
 

N 1.88 
 

0.346 0.001 

WC 1.75  
 

AP 2.42 
 

0.611 0.001 

OM 3.68  
 

Na+ 1.43 
 

0.161 0.004 

pH 2.14  
 

Ca2+ 1.29 
 

0.426 0.001 

EC 3.91  
      

N 2.18  
      

AP 2.88  
      

Na+ 2.60  
      

K+ 3.90  
      

Ca2+ 1.67  
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Table 3-2. Variance inflation factors and Moran’s I statistics for the set of 

explanatory variables in 2011 

variable VIF 
 

variable VIF 
 

Moran’s I 

statistic 
p-value 

moss 1.56 
 

moss 1.47 
 

0.413 0.001 

Elevation 6.45 
 

Elevation 2.20 
 

0.927 0.001 

Shoreline 10.96 
 

Snow 2.30 
 

0.957 0.001 

Snow 3.55 
 

WC 2.26 
 

0.358 0.001 

Sand 38.85 
 

OM 2.61 
 

0.543 0.001 

silt 23.02 
 

pH 1.70 
 

0.514 0.001 

Clay 12.42 
 

EC 2.67 
 

0.427 0.001 

WC 2.90 
 

NO3-N 1.29 
 

0.631 0.001 

OM 3.04 
 

AP 2.73 
 

0.508 0.001 

pH 2.56 
 

Ca2+ 1.20 
 

0.304 0.001 

EC 4.91 
      

NO3-N 1.54 
      

AP 5.84 
      

Na+ 5.40 
      

K+ 7.98 
      

Ca2+ 1.33 
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Fig. 3-2. Moran’s I scatterplots of chosen explanatory variables in 2010. 

Moran’s I statistics revealed in the bracket.  

 

Moran’s I scatterplots of explanatory variables in 2010 indicated that 

AP and EC had severe autocorrelation between data points, and moss 

and WC had the half of autocorrelation than AP (Fig. 3-2). Moran’s I 

values of moss and WC surveyed in 2011 were higher than those of in 

2010, but EC and AP in 2011 had lower autocorrelation than those of 

2010 (Fig. 3-3).  
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Fig. 3-3. Moran’s I scatterplots of chosen explanatory variables in 2011. 

Moran’s I statistics revealed in the bracket. 
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3.3.2. Generalized linear model including spatial effect 

Five different logistic regression model built from dataset in 2010 

revealed the relationship between occurrence of D. antarctica and 

environmental explanatory variables (table 3-3). I included generalized 

linear model assuming without spatial autocorrelation to comparison with 

other spatial models. Based on AIC minimization scores, the model that 

best approximated reality of the distribution of D.antarctica included the 

variables of moss cover, WC, EC and AP. The results of all the models 

suggested that moss had a significant negative association with 

occurrence of D. antarctica, and water content was negatively associated 

with distribution of this grass but results was not significant in all the 

models. EC and AP were also positively associated with occurrence of D. 

antarctica. AIC value of GLM was the highest among four logistic 

regression models. GWR model was impossible to compute AIC value in 

the package “spgwr” under R program.   

To estimate the relations between the abundance of D. antarctica 

within the quadrats and environmental variables, I applied Poisson 

(negative binomial) generalized linear model including spatial effect 

(Table 3-4). Moss, EC and AP had a significant positive association with 

the density of D. antarctica. WC was negatively associated with the 

density but the results of geoadditive model showed non-significant 

association between them. When I compared two different distribution 

models, they had similar parameter estimates but Poisson distribution 

regression models had more significant values than those of negative 

binomial. AIC scores of GLM were twice as high as that of GM in Poisson 

distribution model, and negative distribution model had lower AIC scores 

than Poisson distribution model.  

Logistic regression models that incorporate the spatial effect estimate 

a set of parameter coefficients using the dataset in 2011 (Table 3-5). For 
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the comparison, I used the same variables with the model in 2010. 

Although the occurrence of D. antarctica in 2011 also had positive 

association with moss, EC and AP and negative association with WC. The 

parameter values were different. Especially, water content had more 

negatively associated with the occurrence of D. antarctica and AP was not 

significantly associated with that of D. antarctica. AIC score of GLM which 

did not include spatial effect had the highest compared to the rest of 

model.  

Poisson and negative binomial regression model applied to figure out 

the association between the abundance of D. antarctica and four 

environmental variables (Table 3-6). The Poisson regression model had 

more significant parameters than logistic model. All model revealed that 

WC and moss had significant negative and positive association with the 

density, respectively, but EC and AP showed different results depending 

on the models. Negative binomial regression models had similar results 

with Poisson model. AIC scores of Negative binomial regression model 

were drastically lower than Poisson model, but MEM model did not 

converged with negative binomial distribution.  
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Table 3-3. The parameter estimates (± SE) and AIC scores from five logistic regression models built from dataset in 

2010 

Variable GLM(1) GM MEM ACM 
GWR 

2.5 % Median 97.5 %. 

Intercept 8.13± 2.83** 3.5±3.47 5.73±3.07 4.10±3.13 3.11  7.78  9.98  

moss 2.17±0.85* 2.47±1.01* 2.19±0.89* 2.30±0.91* 0.61  1.67  6.05  

WC -4.56±2.07 -2.83±2.45 -3.62±2.25 -3.10±2.19 -8.00  -4.19  0.09  

EC 0.17±0.05*** 0.06±0.06 0.07±0.06 0.14±0.05** 0.09  0.18  0.26  

AP 5.24±2.8 2.1±3.98 7.29±3.29* 1.01±3.19 -0.51  4.65  8.26  

AIC 119.98 105.68 111.1 111.46 
   

(1) Generalized linear model assuming without spatial autocorrelation for comparison. 

*≤0.05, **≤0.01, ***≤0.001 
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Table 3-4. The parameter estimates (± SE) and AIC scores from five generalized linear models built from dataset in 2010 

Distribution Variable GLM(1) GM MEM ACM 
GWR 

2.5 % Median 97.5 % 

Poisson  Intercept 6.78±0.63*** 2.09±0.96* 6.31±0.55*** 3.57±0.62*** 3.89  6.23  7.50  

moss 2.20±0.23*** 2.40±0.40*** 3.48±0.32*** 3.15±0.27*** 1.74  2.31  3.33  

WC -3.73±0.50*** 0.46±0.78 -3.94±0.46*** -2.60±0.48*** -5.77  -3.12  -1.83  

EC 0.06±0.01*** 0.09±0.02*** 0.09±0.01*** 0.06±0.01*** 0.01  0.07  0.14  

AP 9.76±0.72*** 13.33±1.91*** 9.57±0.82*** 8.33±0.74*** 1.31  8.02  13.52  

 AIC 948.14 383.41 735.61 754.98 
    

        

Negative 

binomial  

Intercept 7.48±2.36** 3.01±2.00  7.45±1.91*** 4.58±2.01*  3.48  5.88  9.57  

moss 2.75±0.79*** 2.89±0.62*** 2.76±0.67*** 2.64±0.62***  1.77  2.80  3.84  

WC -4.02±1.82* -2.25±1.44  -4.30±1.48** -3.14±1.47*  -8.55  -2.96  -0.99  

EC 0.11±0.04** 0.05±0.04  0.12±0.03*** 0.10±0.03**  0.00  0.11  0.20  

AP 9.45±2.45*** 5.83±2.42* 7.41±1.99*** 5.26±1.96**  -0.95  7.09  11.45  

 AIC 405.22 354.38 388.98 377.42 
   

(1) Generalized linear model assuming without spatial autocorrelation for comparison 

*≤0.05, **≤0.01, ***≤0.001 
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Table 3-5. The parameter estimates (± SE) and AIC scores from five logistic regression models built from dataset in 

2011 

Variable GLM(1) GM MEM ACM 
GWR 

2.5 % Median 97.5 %. 

Intercept -1.39±1.30  -2.27±2.51  -4.30±1.64** -0.59±1.40  -2.89  0.37  40.10  

moss 1.52±0.73* 1.36±1.14  2.56±0.85** 1.69±0.83* -3.55  1.32  5.45  

WC -14.88±4.63** -5.23±6.88  -17.80±5.41*** -9.34±5.24  -32.19  -11.96  56.31  

EC 0.18±0.05*** 0.07±0.08  0.13±0.05** 0.17±0.05*** 0.00  0.19  1.20  

AP 0.97±0.90  -0.25±1.71  2.21±1.05* -0.90±1.06  -24.99  -1.66  2.12  

AIC 138.83 114.55 119.46 120.88 
   

(1) Generalized linear model assuming without spatial autocorrelation for comparison 

*≤0.05, **≤0.01, ***≤0.001 
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Table 3-6. The parameter estimates (± SE) and AIC scores from five generalized linear models built from dataset in 2011 

Distribution Variable GLM(1) GM MEM(2) ACM 
GWR 

2.5 % Median 97.5 %. 

Poisson  Intercept -5.09±0.44***  -157.29±37.23***  -10.03±0.61***  -6.82±0.54***  -5.53  -4.46  0.56  

moss 1.84±0.24***  2.61±0.61***  3.46±0.31***  2.63±0.31***  0.93  1.56  3.29  

WC -21.50±1.35***  -26.19±4.07***  -28.34±1.66***  -23.62±1.78***  -30.41  -19.97  -6.40  

EC 0.07±0.01***  0.10±0.04*  0.02±0.01  0.07±0.01***  0.02  0.10  0.24  

AP 4.02±0.26***  1.99±0.91*  5.73±0.30***  3.53±0.28***  -2.18  3.79  4.20  

 AIC 907.5 378.39 590.51 673.33 
    

        

Negative 

binomial  

Intercept -4.23±1.44**  -14.24±5.04**  
 

-2.61±1.27*  3.48  5.88  9.57  

moss 2.47±0.80**  1.08±0.89  
 

2.53±0.77**  1.77  2.80  3.84  

WC -24.27±4.77***  -22.56±6.81***  
 

-17.48±4.60***  -8.55  -2.96  -0.99  

EC 0.12±0.04**  0.06±0.06  
 

0.16±0.04***  0.00  0.11  0.20  

AP 2.89±0.96**  3.37±1.46*  
 

1.14±0.89  -0.95  7.09  11.45  

 AIC 399.63 306.37 
 

349.58 
   

(1) Generalized linear model assuming without spatial autocorrelation for comparison 

(2) Algorithm did not converge with negative binomial distribution  

*≤0.05, **≤0.01, ***≤0.001



74 

 

3.3.3. Bayesian regression model including spatial effect 

Bayesian logistic regression model including spatial random effect 

showed significant association with explanatory variables (Table 3-7). The 

95% credible interval of WC was -1.22 to -0.08; this suggests that the 

occurrence of tuft was negatively related with WC, and the rest of 

variables had positive relationship with the occurrence of D. antarctica. 

The parameter of non-spatial regression model also has similar parameter 

and DIC score with the model including spatial effect. However, Spatial 

Bayesian Poisson GLM had totally different DIC score with non-spatial 

model, and non-spatial model had drastically lower standard deviation 

values. WC and EC were not significantly associated with response 

variable in Poisson GLM including spatial effect.  

Bayesian logistic regression model in 2011 also had similar results 

with that of in 2010, but AP was not significantly associated with the 

occurrence of the grass in 2011 (Table 3-8). When comparing the spatial 

and non-spatial logistic regression model, they have similar estimates. 

Bayesian Poisson GLM in 2011 has moderately lower DIC score than that 

of 2010 and WC was negatively associated with the density of the grass 

in the 95% credible interval (CI, -2.20 to -0.02). Moss and AP was 

positively associated with the response variable.  
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Table 3-7. Posterior parameter estimates obtained applying Bayesian logistic and Poisson generalized linear model 

including spatial random effects using data in 2010. Figures in the brackets represent the posterior parameter estimates 

of Bayesian logistic and Poisson GLM without spatial random effects 

Variable 

Bayesian logistic regression in 2010 

(DIC=128.1 (128.4)) 

 

Bayesian Poisson regression in 2010 

(DIC=313.3 (1156.6) 

mean SD 2.5% 97.5%  mean SD 2.5% 97.5% 

Intercept 0.27 (0.27) 0.25 (0.24) -0.19 (-0.19) 0.75 (0.74)  -0.46 (1.06) 0.20 (0.07) -0.88 (0.93) -0.11 (1.19) 

Moss 0.55 (0.51) 0.30 (0.27) 0.04 (0.02) 1.25 (1.06)  0.80 (0.75) 0.22 (0.10) 0.40 (0.56) 1.27 (0.94) 

WC -0.62 (-0.61) 0.28 (0.27) -1.22 (-1.14) -0.08 (-0.10)  -0.22 (-0.26) 0.24 (0.06) -0.71 (-0.38) 0.23 (-0.14) 

EC 0.76 (0.79) 0.37 (0.36) 0.05 (0.16) 1.55 (1.56)  -0.03 (0.27) 0.25 (0.06) -0.53 (0.16) 0.48 (0.38) 

AP 0.84 (0.82) 0.42 (0.38) 0.14 (0.13) 1.69 (1.64)  0.63 (0.39) 0.28 (0.04) 0.08 (0.31) 1.17 (0.47) 
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Table 3-8. Posterior parameter estimates obtained applying Bayesian logistic and Poisson generalized linear model 

including spatial random effects using data in 2011. Figures in the brackets represent the posterior parameter estimates 

of Bayesian logistic and Poisson GLM without spatial random effects  

Variable 

Bayesian logistic regression in 2011 

(DIC=150.2 (151.1)) 

 

Bayesian Poisson regression in 2011 

(DIC=257.1 (904.2)) 

mean SD 2.5% 97.5%  mean SD 2.5% 97.5% 

Intercept -1.42 (-1.41) 0.24 (0.25) -1.91 (-1.92) -0.96 (-0.96) 
 

-3.27 (-0.53) 0.60 (0.13) -4.55 (-0.79) -2.23 (-0.28) 

Moss 0.57 (0.57) 0.26 (0.26) 0.08 (0.08) 1.10 (1.11) 
 

0.78 (0.76) 0.39 (0.12) 0.03 (0.54) 1.62 (0.99) 

WC -0.98 (-0.99) 0.40 (0.40) -1.79 (-1.85) -0.25 (-0.29) 
 

-1.06 (-2.31) 0.55 (0.19) -2.20 (-2.68) -0.02 (-1.95) 

EC 0.48 (0.49) 0.24 (0.24) 0.03 (0.06) 0.97 (0.97) 
 

-0.32 (0.23) 0.37 (0.06) -1.01 (0.10) 0.44 (0.35) 

AP 0.46 (0.46) 0.27 (0.27) -0.05 (-0.06) 1.01 (1.00) 
 

1.04 (0.95) 0.41 (0.05) 0.18 (0.85) 1.77 (1.05) 
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3.3.4. Generalized additive model 

Single predictors of the occurrence of D. antarctica showed different 

response curves (Fig. 3-4). According to the explained deviances, 

distribution of this grass was mainly related to snow, sand and OM. 

Additionally, elevation and pH are also important variables. The 

occurrence response curve to moss was positive up to about 86% of 

moss cover and become declined. Response to elevation was positive up 

to 3.4 m and turned slightly negative. Response to WC was also 

increased up to 9.5% and decreased. EC, TN and AP have positive linear 

relationship with the grass occurrence.  
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Fig. 3-4. GAM response functions of the single predictors to account for 

occurrence of D. antarctica based on the dataset surveyed in 2010. 

Explained deviances are presented in brackets. Solid lines denote 

smoothed values and dotted lines denote the ±2 SE confidence belts. 

The x-axis is the transformed variable value, and y-axis is the normalized 

effect of the variable. 
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Fig. 3-5. Plots showing the combined effect of the nonparametric 

contributions of each important environmental variable surveyed in 2010. 

Solid lines denote smoothed values and dotted lines denote the ±2 SE 

confidence belts. The x-axis is the back-transformed variable value, and y-

axis is the normalized effect of the variable. 

 

GAM was used to investigate the key abiotic factors affecting 

distribution of D. antarctica (Fig. 3-5). Maximum environmental variables 

(moss, elevation, sand, WC, pH, EC, AP, geographic factor) included in 

GAM could explain about 65.8% of the deviance (R2: 0.449). From the 

various factors, I exclude insignificant factor and selected five variables to 

simplify this model, which accounted for the deviance (65.5%, R2: 0.386). 

Moss and AP showed significant positive effect on the grass density and 

WC have negative effect on them. This grass density response curve to 

EC was positive up to nearly 50 μS/cm and become stable.  
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Fig. 3-6. Plots showing the combined effect of the nonparametric 

contributions of each important environmental variable surveyed in 2011. 

Solid lines denote smoothed values and dotted lines denote the ±2 SE 

confidence belts. The x-axis is the back-transformed variable value, and y-

axis is the normalized effect of the variable 

 

GAM response curve built from dataset in 2011 explain about 73.6% of 

the deviance (R2: 0.318), and showed similar tendency with that of in 

2010 (Fig. 3-6). Moss effect on the grass density in 2011 was smaller than 

that of 2010, but WC was more negatively related with that. Although 

response to AP was mainly positive, which was same as in 2010, response 

curve fluctuated with increasing phosphate contents in soil.  

 

3.3.5. Model validation 

To assess model accuracy and residual autocorrelation, I checked 

RMSE and moran’s I statistic, respectively (Table 3-9). GAM models in 

2010 provide the lowest RMSE value within the same response variable 

distribution, which means that GAM has better accuracy than other 
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models. GM and ACM models have lower moran’s I values than other 

models, suggesting that autocovariate variable is good for account for 

spatial autocorrelation, and other spatial model also have lower moran’s I 

value than GLM. GAM Models in 2011 also have the better accuracy than 

other model, but this model has the highest moran’s I value in the 

distribution of binomial and Poisson.  

 

Table 3-1. Model validation using RMSE value and moran’s I of residuals 

of each regression model 

Distribution of 

Response 

variable  

Model 

2010  2011 

RMSE 
Moran's I 

of residuals 
p-value 

 

RMSE 
Moran's I 

of residuals 
p-value 

Binomial 

 

 

 

 

GLM 0.437 0.079 0.075  0.392 0.170 0.008 

GM 0.383 -0.047 0.733  0.307 0.029 0.259 

MEM 0.407 0.010 0.348  0.348 0.061 0.085 

ACM 0.414 -0.011 0.496  0.358 0.045 0.130 

GAM 0.357 -0.062 0.797  5.4E-08 0.390 0.001 

Poisson 

 

 

 

 

GLM 10.136 0.169 0.004  6.960 0.191 0.007 

GM 2.453 -0.045 0.705  2.346 -0.018 0.529 

MEM 8.678 0.040 0.206  4.979 -0.008 0.308 

ACM 9.348 -0.030 0.601  6.080 0.035 0.151 

GAM 1.277 -0.075 0.853  0.081 0.385 0.001 

Negative 

binomial 

 

 

 

GLM 10.607 0.136 0.016  7.325 0.184 0.004 

GM 8.206 -0.097 0.933  4.735 0.011 0.304 

MEM 9.738 0.063 0.119  

   
ACM 10.050 0.011 0.364  7.947 0.039 0.151 

GAM 8.021 -0.083 0.889  6.451 -0.006 0.3 
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3.4. Discussion 

 

Identification of the correct model structure is the critical step in 

statistical modeling. I conducted diverse modeling approaches for the 

analysis of D. antarctica distribution data that is sampled using grid 

sampling method. Although there are a variety of spatial regression 

methods for normal (Gaussian) distribution data: generalized least square, 

simultaneous autoregressive models and conditional autoregressive 

models, I excluded these methods because D. antarctica did not exhibit 

normal distribution patterns throughout the environment. I applied the 

more flexible spatial regression methods (GM, MEM, ACM and GWR) for 

Poisson and binomial distribution data and non-spatial GLM for 

comparison.  

Non-spatial GLM had the highest AIC scores among the applied 

models, suggesting that this model was not proper for this dataset and 

spatial autocorrelation should be incorporated in the regression model. 

Model validation results also confirmed the importance of spatial effect 

for unbiased modeling. There are several ecological reasons why spatial 

autocorrelation should be included in the model such as the limiting the 

mobility of organisms, organism-specific dispersal mechanisms and the 

spatial aggregation of populations in the landscape (F Dormann et al., 

2007). Furthermore, spatial autocorrelation can be caused by sampling 

schemes (Diniz‐Filho et al., 2003). When it comes to distribution of D. 

antarctica (response variable), strong spatial autocorrelation may derived 

from this grass dispersal mechanisms and sampling schemes. In case of 
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explanatory variables, sampling methods are the main reason for spatial 

autocorrelation. When I compared the AIC scores of the Poisson linear 

model and the negative binomial linear model, Poisson linear model had 

the higher AIC score than another model because of the data over-

dispersion. Over-dispersion in ecological count data is common (Ver Hoef 

and Boveng, 2007), this data was also no exception. From the definition 

of Poisson distribution, the variance of Poisson distribution is equal to the 

mean. This is unusual for ecological data. A common way to deal with 

over-dispersion is to use a quasi-Poisson model or a negative binomial 

model (Ver Hoef and Boveng, 2007).  

The results of spatial linear regression model showed that moss cover 

was the most significant predictor and they have positive association with 

the distribution of D. antarctica. Moss cover could have positive effect on 

growing the grass by maintaining optimal soil water content and nutrient 

(Kim and Chung, 2004). In addition, moss may be served as sources of 

organic matter in infertile Antarctic soil and improve soil chemical 

condition (Hopkins et al., 2009). However, the GAM showed that more 

than 90% moss covered areas had low density of the grass, suggesting 

that too much moss cover could be barrier for successful seedling 

recruitment.  

Soil water content was another important environmental variable that 

affects on the abundance of D. antarctica. It is indisputable that 

supplement of stable water is essential for survival of D. antarctica 

(Leishman and Wild, 2001; Kim and Chung, 2004). I can also speculate 

this fact from positive association between moss and the grass. However, 
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the coastal area where soil is frequently saturated with melting snow 

water does not suitable for growing D. antarctica. Water saturation can 

be negative effect on the plant root respiration. The GAM results of 

single predictor also showed that D. antarctica prefers moderate soil 

water content.  

It has been recognized that supplement soil nutrient from seabird or 

mammal is important to determining the distribution of the Antarctic 

terrestrial vegetation (Smith, 1978; Tatur, 2002; Smykla et al., 2007). This 

model results also revealed that the positive association between the 

abundance of D. antarctica and soil nutrient such as available phosphorus 

and nitrogen. Antarctic terrestrial soil is generally poor in nutrient, but 

soil near the penguin rookeries and mammals or seabird resting area had 

high nutrient content. The excrements of seals or penguin were 

frequently found near the shoreline and seals resting area, and soil in 

these areas had high nutrient level in study sites. Soil may be fertilized 

with the deposition of a large amount of excrement. It has been shown 

in previous study that vegetation richness and diversity were higher near 

the breeding seabirds nests sites compared with area away from the 

nests (Leishman and Wild, 2001).  

This study provides specific statistical evidence that moss, water 

content and soil nutrients could be a critical factor for distribution of D. 

antarctica in harsh Antarctic region. Furthermore, spatial autocorrelation 

should be considered in process of building the statistical model for 

species distribution. To reveal the dynamic of flowering plants in response 

to climate change or environmental risk, it needs to conduct a more 
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extensive long-term study in Antarctica Peninsula.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



86 

 

 

 

 

 

 

 

 

 

 

CHAPTER 4. Analysis of environmental variables 

influenced on the survival of 

Deschampsia antarctica using 

Bayesian methods 

 

 

 

 

 

 

 

 

 

 



87 

 

4.1. Introduction 

 

4.1.1. General introduction 

The terrestrial vegetation in Antarctica is largely dominated by 

bryophytes and lichens, with only two phanerogams occurring 

throughout Maritime Antarctica and not extending into continental 

Antarctica (Greene and Holtom, 1971; Smith, 1984). Deschampsia 

antarctica Desv. (Poaceae) is one of the two phanerogams and the only 

monocotyledonous species that is naturally adapted to the harsh 

environmental conditions of Antarctica (Alberdi et al., 2002; Smith, 2003). 

Several surveys have documented that the distribution of D. antarctica 

expanded with rapid increases in temperature and lengthening of the 

growing seasons (Smith, 1994; Day et al., 1999; Walther et al., 2002; 

Gerighausen et al., 2003; Robinson et al., 2003).  

It has been suggested that environmental factors such as moisture 

availability, nutrients, temperature, salinity, and microtopography 

influence the distribution of Antarctic vegetation (Kappen, 1985; Broady, 

1989; Inoue, 1989; Kennedy, 1993; Smith, 1995; Leishman and Wild, 2001). 

However, most of studies have focused on the bryophytes and lichens, 

with only a few studies relating to D. antarctica (Edwards, 1972; Kim and 

Chung, 2004; Vera, 2011). Ice-free areas in Antarctica, known as polar 

deserts, are generally poor in nutrients. However, marine mammals and 

birds deposit large amounts of excrement, allowing fertilization of these 

terrestrial ecosystems (Smykla et al., 2007). It is possible that these 
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nutrients may play an important role in defining the soil chemical 

characters. These soil parameters can also determine the spatial 

distribution of D. antarctica, although information on these soil variables 

remains unknown. 

 This study analyzed the relationship among soil variables and D. 

antarctica distribution by using Bayesian statistical methods. The Bayesian 

methods have some advantages in ecological studies. For example, 

relevant prior information can be easily incorporated into the analysis, 

and probabilistic predictions about the state of the world can be 

generated (McCarthy, 2007). The application of Bayesian inference to 

ecological studies is increasing and has been extensively used to estimate 

species occurrences from logistically constrained samples or in response 

to expected environmental changes (Ellison, 2004).  

The main objectives of this study were: (1) to ascertain the major soil 

variables that influence the distribution of D. antarctica, and (2) to 

investigate factors that limit the growth and propagation of D. antarctica 

by using two selected study sites for the purpose of comparison. 

 

4.1.2. Bayesian inference in ecology 

The purpose of ecological study is to find out the distribution and 

abundance of biological organism, and how their interactions with each 

other and the environment influence their distribution and abundance 

(Begon et al., 2006). Because of the size and complexity of ecosystems, 

ecological data inevitably include error. Ecologists apply diverse statistical 
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methods to distinguish true responses from error. Statistical methods are 

the key to interpret of data, and they play an extremely important role in 

ecology.  

Although the Bayesian approach is used relatively rarely, it is one of 

the useful methods to make inference about nature (McCarthy, 2007). 

Most of us are familiar with the frequentist (classical) methods, which 

focus on the frequency with which the observed data are likely to be 

obtained from hypothetical replicates of sampling. The most 

representative classical approach to answering the ecological question is 

null hypothesis significance testing. For example, if I are interested in 

testing if plant diversity varies with salinity, I compute the probability of 

obtaining a set of sample data given the null hypothesis of a regression 

model in which the slope    equals zero. I compute the probability of 

obtaining these estimates if    equal zero. This probability is the p-value 

of the significance test. If the p-value is sufficiently small (conventionally 

if less than 0.05), null hypothesis is then rejected. However, the p-value 

does not necessarily provide direct statements about the reliability of 

hypothesis (Berger and Sellke, 1987. Furthermore, classical inference 

based on maximum likelihood estimation (MLE) is fundamentally required 

an independent, identically distributed (i.i.d.) large random sample, but it 

is difficult or impossible to collect these large samples in field ecological 

study. In contrast, the sampling in Bayesian inference is carried out with 

computer program using Markov chain Monte Carlo (MCMC) methods 

and has a theoretic guarantee that the MCMC algorithm will converge if 

run long enough. Therefore, Bayesian inference is unbiased in relation to 
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sample size and can accommodate any sample size (Ellison, 2004; Kéry, 

2010).  

Bayesian inference is interested in the probability of hypothesis being 

true conditional on the sample data. Namely Bayes’ theorem provides an 

expression for the conditional probability of    given  , which is equal 

to: 

        
            

    
 

            

        
 
        

 

where         is called the posterior probability distribution, or simply 

the posterior. The quantity         is the likelihood.       is called the 

prior probability distribution, or just the prior.      is the marginal 

probability density of the data across all possible hypothesis. 

Bayesian inference differs from frequentist inference in several ways. 

At first, Bayesian inference incorporate prior information using what is 

known as prior probability. This may greatly increase the precision of the 

estimates (McCARTHY and Masters, 2005). Second, the interpretation of 

probability in the Bayesian inference is much more intuitive than in the 

classical inference. Bayesian methods directly calculate the probability 

that a parameter has a certain value rather than the probability of 

obtaining a certain kind of data set. In other word, Bayesian inference 

defines probability as an individual’s degree of belief in the likelihood of 

an event, whereas classical inference defines probability in terms of long-

run relative frequencies of events (Kéry, 2010). Therefore, Bayesian 

credibility interval is interpreted correctly as one’s belief that there is a p% 

probability that the parameter of interest lies within the interval (Ellison, 
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2004). Lastly, Bayesian inference treats model parameters as random 

variables. This is a very different assumption from that of frequentist 

inference that treats parameters as fixed quantities (Ellison, 2004; 

Ntzoufras, 2011).  

The application of Bayesian inference to ecological studies has 

dramatically increased since the publication in 1996 of a series of papers 

on Bayesian inference for population and community ecology (Ellison, 

2004). Especially, in community ecology, Bayesian inference has been 

used most frequently for estimating species occurrences and species 

richness from geographically or in response to expected environmental 

change (He et al., 2003).  

 

4.2. Methods 

 

4.2.1. Study area 

On King George Island I conducted on-site surveys in February 2009, 

2010, and 2011 at 3 study sites (site 1: 62° 14′ 11′′ S, 58° 43′ 05′′ W; site 

2: 62° 14′ 28′′ S, 58° 44′ 46′′ W on Barton Peninsula; and site 3: 62° 12′ 

11′′ S, 58° 48′ 02′′ W on Weaver Peninsula)(Table 4-1), where populations 

of D. antarctica were found (Fig. 4-1). Glaciers cover most of the surface 

of the island, but there is ice-free terrain in restricted areas along the 

shorelines. Soils on the peninsulas are subdivided into four suites 

according to bedrock-type: granodiorite, basaltic andesite, lapilli tuff, and 

the Sejong formation (Lee et al., 2004). Permafrost was present 1 m 
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below the surface (Jeong and Yoon, 2001). On Barton Peninsula the 

terrestrial vegetation includes 62 lichen species, 33 bryophyte species, 

and 2 phanerogam species (Kim et al., 2006; Kim et al., 2007). The mean 

temperature was 1.8°C in January and −5.1°C in July from 2000 to 2010, 

and the mean annual precipitation was 566 ± 216 mm (data obtained 

from the nearest meteorological station, King Sejong Station).  

Table 4-1. Three study sites description 

Site GPS Location Elevation 
Distance from 

shoreline 

No. of 

D. antarctica 
tuft 

Site 1 62° 14′ 11′′ S, 

58° 43′ 05′′ W 

Barton 

Peninsula 
1.6 – 7 m 32 – 164 m Approx. 1000 

Site 2 62° 14′ 28′′ S, 

58° 44′ 46′′ W 

Barton 

Peninsula 

Approx. 

2 – 6 m 
54 – 110 m Approx. 300 

Site 3 62° 12′ 11′′ S, 

58° 48′ 02′′ W 

Weaver 

peninsula 

Approx. 

2 – 5 m 
24 – 61 m Approx. 20 

 

4.2.2. Data collection 

The belt transect method was used to determine the density of D. 

antarctica: Along the shoreline at site 1 and 2, total 16 transects with 20 

quadrats (1 m2) per transect were established. The number of living D. 

antarctica within each quadrat was monitored for 3 years by using 

identical transect lines.  

To document vegetation-dependent differences in soil characteristics, 

each study site had four vegetation plots (100 m2), and each vegetation 

plot was dominated by one of the four land cover types, i.e., bare ground, 

moss (Sanionia spp.), D. antarctica, or lichen (Usnea spp.). Sanionia spp. 
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and Usnea spp. are one of the most dominant species in the coastal area 

of King George Island. Soil samples were collected from five random 

quadrats (0.5 m × 0.5 m) within each vegetation plot. Total 60 soils were 

sampled to 10 cm depth at three corners of each quadrat in January 

2010. Soil samples taken from three quadrat corners were mixed 

thoroughly to produce 1 sample for each quadrat. Sampled soil was 

stored in plastic bags.  

 

 

Fig. 4-1. Map showing the location of the 3 study sites on King George 

Island  

 

To describe the relationship between the abundance of D. antarctica 

and soil variables, I counted the seedlings and tufts of D. antarctica 
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within 1 m2 quadrats separately, and soil samples were taken from three 

quadrat corners were mixed thoroughly to produce one sample for each 

quadrat. At site 1 (1 ha), 57 random quadrats were assessed in January 

2010, and the next year, I selected 80 random quadrats from site 1 (2 ha). 

To reveal the effect of snow, I measured distance from the frozen snow to 

random quadrats and assumed that closer quadrats from the snow have 

been severely influenced by the snow. I divided the site 1 into two 

groups in January 2010: late snow melting areas were less than 20 m 

from frozen snow (1), and early snow melting areas were more than 20 m 

from frozen snow (0). I took pictures to analyze moss cover and 

calculated percentage moss cover per quadrat (1 m2) by using image 

analysis software (ImageJ 1.34s; Wayne Rasban, National Institutes of 

Health, USA).  

 

4.2.3. Soil analysis 

(1) Soil water content and organic matter content 

Ten grams of fresh soil was taken and dried at 105℃ for 48 hours. Dry 

weight of the soil was determined and the water content (WC) was 

expressed as a percentage of the sample's dry weight.  

         
       

  
 X 100 

where    and    are the weight of fresh and dry soil samples, 

respectively.  

Organic matter content (OM) was determined by weighting the loss 

after ignition at 550℃ for 4 hours with dried soil (Sutherland, 1998). 
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 X 100 

where    is the weight of dried soil at 105℃ oven and    is the weight 

of ignited soil at 550℃. 

(2) Soil texture 

Soil texture was determined by hydrometer method (Sheldrick and 

Wang, 1993; 이, 2010). 40 g of the soil was mixed with 100 ml 5% 

(NaPO3)6 and 300 ml distilled water. After shaking overnight, the mixture 

was transferred in 1,000 mL mass cylinder and distilled water was added 

to bring the volume to 1 L. the mass cylinder was shaken by hand 

thoroughly for one minute. After shaking, amylalcohol was added in mass 

cylinder, and then read the soil hydrometer (ASTM 152H Daegwang 

Measureing Instrument Factory, Korea) after 40 seconds and 7 hours. The 

content of sand, silt and clay were calculated using the following 

equations  

                           
   

                        
 

                    
   

                        
 

                                   

 

(3) pH and electric conductivity (EC) 

Air dried soils were mixed with distilled water (1:5) and shaken for 1 

hour. After stabilizing the mixture, soil electric conductivity and pH were 

measured using an electric conductivity meter (Orion model 150A, USA) 

and pH meter (Orion model 720A+, USA), respectively. 
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(4) NO3-N and available phosphorus (AP) 

NO3-N was extracted using 2 M KCl and measured using an automatic 

Kjeldahl protein/nitrogen analyzer (Kjeltec Auto 1,035/1,038 System; 

Tecator AB, Sweden). Mehlich-3 extract solution (Ziadi and Tran, 2007) 

was used to extract PO4–P from air dried soil and the ascorbic acid 

reduction method (Solorzano, 1969) was used to determined the content 

of available phosphorus. More specifically, Air dried soil (3 g) was mixed 

with 20 ml extracting solution and shaken for 5 minutes. The solution 

was filtered by whatman filter paper No. 42. The content of PO4–P was 

determined by manual colorimetric method using the spectrophotometer 

(880nm) 

(5) Exchangeable Na+, K+, Mg2+ 

Mehlich-3 extract method was used to determined exchangeable 

bases (Ziadi and Tran, 2007; 송 등, 2011). The amounts of minerals (Na+, 

K+, Mg2+) were extracted by Mehlich-3 extracting solution (M3: 0.2N 

CH3COOH + 0.25N NH4NO3 + 0.015N NH4F + 0.013N HNO3 + 0.001M 

EDTA) using a 1:10 (soil:solution) ratio, and then determined by 

Inductively Coupled Plasma Emission Spectrometer (ICPS-1000 IV, 

Shimadzu, Japan) at the National Center for Inter-University Research 

Facilities, Seoul National University. 

 

4.2.4. Statistical analysis 

 Bayesian Poisson t-test was applied to compare the density of D. 

antarctica between site 1 and site 2 over 3 years. Site 3 was excluded 
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from the comparison because of the low abundance of the grass to 

conduct analysis (less than 20 turfs). Density values were calculated using 

the average density of 20 quadrats (1 m2) at each transect. The Poisson 

distribution is used for non-negative, discrete responses, making it more 

suitable than normal distributions to describe counts (Kéry, 2010). The 

following model was used for D. antarctica count data:  

                 

                

where D. antarctica count      in transect     is distributed as a Poisson 

random variable with mean           , and α and β are unknown 

constants, and    is the site of transect    .  

A multilevel two-way analysis of variance (ANOVA) model was applied 

to soil chemical data in order to compare the soil variable between sites 

and vegetation types. This model can be expressed as follows:  

                           

where Y is the soil variable,     is the vegetation plot effect,      is the 

site effect, and       is the interaction effect. The residual term       is 

assumed to have a normal distribution with mean 0 and a constant 

variance, where         is the index of individual observations within 

each site-vegetation plot (Qian and Shen, 2007).  

Logistic regression was used to analyze the distribution of D. 

antarctica seedlings by adding discrete and continuous soil covariates. I 

recorded the presence or absence of seedlings and sampled soil at the 

random 57 quadrats in site 1 (1 ha). It is assumed that the occurrence of 



98 

 

the seedlings is determined randomly by using a Bernoulli distribution. 

This model can be expressed as follows: 

                    

                                                           

           

where   is the index of the quadrat,    is the presence or absence of D. 

antarctica in the quadrats, and    –     are unknown constants, the link 

function is the logit, as is customary for a binomial distribution (Kéry, 

2010). Explanatory variables have been centered by subtracting the mean 

values and standardized by dividing the standard deviation to improve 

the efficiency of the Markov chain Monte Carlo (MCMC) algorithm (Elith 

2002).  

Poisson ANCOVA was used to assess the effects of soil variables on 

the distribution of D. antarctica tufts by using informative priors, which 

were obtained from previous research on Poisson ANCOVA in 2010.  

                  

                                               

                                                                   

where   is the index of the quadrat and    is the number of D. antarctica 

tufts in the 1 m2 quadrats, and    –     are unknown constants. The log-

transformation of    is assumed to be a linear function. Explanatory 

variables were centered by subtracting the mean values. The error term 

   is used to account for unstructured over-dispersion (OD) and assumed 

to have a normal distribution with mean 0 and a constant variance. 
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Parameter estimation was based on a sample of 5000 values after a 

burn in of 2500 iterations from three chains. Convergence was assessed 

using the CODA package (Plummer et al., 2005) for model selection using 

R. Model selection was performed using the deviance information 

criterion (DIC), where a lower DIC suggests a better trade-off between 

model fit and parsimony. I used WinBUGS version 1.4.3 (Spiegelhalter et 

al., 2003) via R2WinBUGS package (Sturtz et al., 2005) for R, which 

implements MCMC methods with a Gibbs sampler. 

Principal component analysis (PCA) was applied to correlations in soil 

chemical data to identify major gradients in site to site variation in soil 

chemistry (Culver and Beattie, 1983). The number of factors extracted 

from the variables was determined by a scree test according to Kaiser’s 

rule. This criterion retains only factors with eigenvalues that exceed one. 

Principal components were calculated in R (R version 2.14.0). The R 

program is available at http://www.r-project.org/.  

 

4.3. Results  

 

Soil chemical properties are presented in the table 4-2.  Differences 

depending on the sites and vegetations statistically confirmed with 

ANOVA and two-way ANOVA test. Site 2 had the highest OM, WC, EC, 

NO3-N, and AP among the three study sites, and the lowest pH values. 

This result suggests that soil in the site 2 had the richest nutrient content 

than that of other sites. Two-way ANOVA results also confirmed the 

difference between sites. Soil covered with D. antarctica had more OM, 

http://www.r-project.org/


100 

 

EC, NO3-N, and AP content compared to other soil, suggesting that D. 

antarctica demand for higher amount of nutrients than other vegetation 

such as moss and lichen. Water content was the highest in the soil 

covered with moss, and soils under the D. antarctica had moderate water 

content compared to other soils.  

Soil cation content was not drastically different depending on the 

sites and vegetations compared to other soil variables (Table 4-3). Na+ 

content in the bare area was higher than that of vegetation covered soil 

in the site 1 and site 3. Mg2+ content was not different depending on the 

vegetation cover. Two-way ANOVA results revealed that soil texture was 

significantly different depending on the sites and vegetation cover.  Site 

2 had the highest silt content and lowest sand content. Soil covered with 

D. antarctica had lower clay content than other soils.  
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Table 4-2. Soil chemical properties (mean ±  SE) depending on the sites and vegetation cover (n=5) 

Site Vegetation OM (%) WC (%) pH EC (μS/cm) NO3-N (mg/kg) AP (mg/kg) 

site 1 bare 2.13±0.03d 6.0±0.8e 6.2±0.08a 48.2±4.5d 92.2±1.5cd 3.7±0.5d 

moss 3.04±0.15cd 17.6±0.9bc 6.0±0.02a 40.5±1.9d 92.0±0.1cd 4.5±0.6d 

D.antarctica 4.00±0.19bc 6.9±0.5e 6.0±0.03a 53.7±4.0d 93.8±0.6cd 5.8±0.2d 

lichen 3.06±0.25cd 12.4±1.8cde 6.0±0.01a 53.9±7.0d 93±1.0cd 5.0±0.7d 

site 2 bare 4.17±0.28bc 16.2±1.6cd 4.4±0.33d 184.4±18.3ab 105.7±7.4bc 16.6±4.1bcd 

moss 5.28±0.97b 28.4±2.7a 5.0±0.07c 131.4±11.1bc 110.3±5.2bc 22.0±2.7abc 

D.antarctica 7.13±0.50a 23.6±1.0ab 5.4±0.05bc 228.3±45.4a 138.3±11.8a 31.5±4.3a 

lichen 3.94±0.10bc 10.2±0.6de 4.0±0.05d 104.7±11.7cd 94.6±0.6cd 8.8±4.3cd 

site 3 bare 1.94±0.15d 9.2±2.4e 6.1±0.07a 54.8±10.8cd 77.1±5.4d 6.9±1.7d 

moss 2.11±0.19d 12.0±1.6cde 6.1±0.06a 45.1±4.8d 90.6±3.2cd 23.3±2.4ab 

D.antarctica 2.67±0.23cd 6.6±0.6e 5.7±0.05ab 75.3±11.3cd 125.2±5.3ab 33.9±5.4a 

lichen 2.62±0.04cd 7.4±0.5e 5.9±0.06ab 37.1±1.7d 93±1.0cd 7.3±2.0d 

Two-way 

ANOVA 

Site <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 

Vegetation <.0001 <.0001 <.0001 0.0005 <.0001 <.0001 

Site X Veg 0.0031 <.0001 <.0001 0.012 0.0003 0.0003 

· Different superscripts within a column are significantly different at p<0.05 using Tukey’s Honest Significant Difference (HSD) test 

· Two-way ANOVA results report with their p-value  

· Abbreviations) OM: organic matter; WC: water content; EC: electric conductivity; AP: available phosphorus 
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Table 4-3. Cation and soil texture (mean ±  SE) depending on the sites and vegetation cover (n=5) 

Site Vegetation Na+ (mg/g) K+ (mg/g) Mg2+ (mg/g) Sand (%) Silt (%) Clay (%) 

site 1 bare 0.21±0.03a 0.14±0.03ab 0.20±0.01abc 85.3±0.3a 0.9±0.2d 13.9±0.2ef 

moss 0.10±0.00cd 0.05±0.00c 0.18±0.01bc 81.5±0.6ab 2.7±0.9d 15.9±0.3cde 

D.antarctica 0.12±0.00c 0.05±0.00c 0.21±0.01abc 83.1±0.3a 2.3±0.7d 14.6±0.5ef 

lichen 0.11±0.01cd 0.08±0.00abc 0.31±0.04a 74.5±1.9bcd 13.8±1.8b 11.8±0.3f 

site 2 bare 0.08±0.03cd 0.07±0.02bc 0.10±0.04cd 66.3±1.5ef 14.8±1.4b 19.0±0.5ab 

moss 0.12±0.03bc 0.09±0.01abc 0.16±0.02bcd 59.0±2.7f 22.0±2.6a 19.1±0.4ab 

D.antarctica 0.20±0.02ab 0.15±0.03a 0.23±0.02ab 64.8±1.2ef 17.0±0.9ab 18.3±0.5abc 

lichen 0.03±0.01d 0.04±0.00c 0.06±0.00d 69.9±1.3de 14.9±0.8b 15.3±0.7de 

site 3 bare 0.10±0.02cd 0.09±0.02abc 0.20±0.04abc 67.2±1.8de 13.1±0.8b 19.8±1.4a 

moss 0.09±0.01cd 0.07±0.01bc 0.12±0.01bcd 70.3±3.3cde 10.8±2.6bc 19.0±0.8ab 

D.antarctica 0.09±0.01cd 0.06±0.01bc 0.10±0.01cd 82.3±0.5ab 1.4±0.6d 16.4±0.4bcde 

lichen 0.09±0.00cd 0.07±0.00bc 0.18±0.03bc 77.8±0.8abc 4.3±0.6cd 18.0±0.3abcd 

Two-way 

ANOVA 

Site 0.0071 0.4494 <.0001 <.0001 <.0001 <.0001 

Vegetation 0.0002 0.018 0.4024 0.0002 0.0005 <.0001 

Site X Veg <.0001 <.0001 <.0001 <.0001 <.0001 0.0016 

· Different superscripts within a column are significantly different at p<0.05 using Tukey’s Honest Significant Difference (HSD) test 

· Two-way ANOVA results report with their p-value  



103 

 

 

 

Fig. 4-2. Posterior distribution of mean D. antarctica density in site 1 (top) and site 2 (bottom) for 3 years. Solid lines 

indicate the estimated posterior mean, and dashed line is the field data mean within the 1 m2 quadrats (n = 160). 

Numerals are posterior mean values and the 95% credible intervals in brackets. X-axis means that expected D. antarctica 

count within 1 m2 quadrat 
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I estimated the posterior mean of D. antarctica density, and compared 

their densities between sites 1 and 2 by using the Bayesian Poisson t -

test. As shown in Fig. 4-2, the estimated posterior mean was lower than 

the field data mean, but the difference was small and the change in 

mean values was similar over the course of time. The density of D. 

antarctica was 4.8-fold lower in site 2 than in site 1 in 2009. In addition, 

over the course of 3 years, the density decreased much more 

dramatically (85% based on the mean values) in site 2 than in site 1. 

These results suggest that site 2 might have crucial limiting factors that 

affect the growth and propagation of D. antarctica. 

I used PCA to condense the information from the 12 soil variables 

into a smaller set of new composite dimensions. The PCA result is 

presented in a biplot (Fig. 4-3). Two principle components explained 68.5% 

of the total observed variation. Component 1 with an eigenvalue of 5.39 

had a high negative load on electric conductivity (-0.399), organic matter 

(-0.365), and water content (-0.361) and a positive load on sand content 

(0.353). The D. antarctica plot at site 2 (S2_D) stands out with the highest 

electric conductivity (EC), organic matter (OM), and water content, 

followed by S2_M, and S2_B. Component 2 with an eigenvalue of 2.85 

had a high negative load on Na+ (-0.558) and K+ (-0.482), and these 

variables showed a weak relationship with soil texture. The biplot also 

shows that the plots at site 2 have lower pH and sand content than the 

other plots. 
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Table 4-4. Eigenvectors of the principal components based on the 

correlation matrix 

 

Eigenvectors 

comp 1 comp 2 comp 3 

Organic matter -0.365 -0.119 0.020 

Water content -0.361 -0.045 -0.193 

pH 0.255 -0.362 -0.032 

Electric conductivity -0.399 -0.043 0.082 

NO3-N -0.315 -0.167 0.476 

Available phosphorus -0.291 -0.022 0.483 

Na+ -0.074 -0.558 0.036 

K+ -0.163 -0.482 -0.062 

Mg2+ 0.073 -0.462 -0.382 

Sand 0.353 -0.147 0.381 

Silt -0.337 0.114 -0.445 

Clay -0.230 0.174 -0.020 

Table 4-5. Eigenvalues and proportion of variance of the principal 

components based on the correlation matrix 

 
Eigenvalue 

Proportion of 

variance 

Cumulative 

proportion 

comp 1 5.386 0.449 0.449 

comp 2 2.846 0.237 0.686 

comp 3 1.412 0.118 0.804 
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Fig. 4-3. Biplot of soil variables and sampling plots (100 m2) according to 

the first 2 components of the principal component analysis (PCA). (B, 

bare ground; M, moss; D, D. antarctica; L, lichen; WC, water content; EC, 

electric conductivity; OM, organic matter; AP, available phosphorus; S, site) 

 

The multilevel two-way ANOVA model showed that the differences in 

soil properties depend on vegetation-type (Veg effect) and the site (Site 

effect). In case of simple two-way ANOVA in table 4-1 and 4-2 showed 

just the hypothesis test results and it was difficult to comparing the effect 

of each variable because of over-fitting. In contrast, Bayesian multilevel 
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two-way ANOVA presents the probability intervals to state the probability 

that parameter is different with mean value. Soil organic matter in D. 

antarctica plots was higher than the plot average, and site 2 had the 

highest organic matter than other sites. Water content in moss plots was 

higher than the plot average, D. antarctica plots were close to average, 

but bare ground and lichen plots were lower than average (Fig. 4-4). Site 

effects were more obvious than vegetation effects. Water content in site 

2 was higher than average; in addition, its 95% posterior credible interval 

was 0 to 10.5 (Fig. 4-4), suggesting that water content in site 2 may be 

higher than that in the other sites significantly.  

When I compared the pH among the vegetation plots, I observed that 

pH was lowest in the lichen plot; however, there were no meaningful 

differences between the pH values depending on the vegetation cover 

(Fig. 4-5). pH was significantly lower in site 2 than in the other sites. D. 

antarctica plots had higher EC values than other vegetation plots, but the 

results was not statistically significant. Site 2 had significantly higher EC 

values than that of average, and site 1 and site 2 showed similar EC 

values. As shown in Fig. 4-6, available phosphorus was highest in the D. 

antarctica plots; the occurrence of D. antarctica is positively associated 

with available phosphorus and site 2 showed significantly higher available 

phosphorus than the other sites. NO3-N showed similar content with 

available phosphorus depending on the vegetation-type, and site 2 had 

the highest NO3-N contents among the three study sites.  
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Fig. 4-4. Estimated vegetation effect (left) and site effect (right) for 

organic matter (top) and water content (bottom). X is the estimated 

posterior mean value, short thick lines are the 50% credible intervals, and 

the long thin lines are the 95% credible intervals. Those intervals not 

overlapping the zero line are considered significantly different from the 

mean values 
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Fig. 4-5. Estimated vegetation effect (left) and site effect (right) for pH 

(top) and electric conductivity (bottom). X is the estimated posterior 

mean value, short thick lines are the 50% credible intervals, and the long 

thin lines are the 95% credible intervals. Those intervals not overlapping 

the zero line are considered significantly different from the mean values 
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Fig. 4-6. Estimated vegetation effect (left) and site effect (right) for NO3-

N (top) and available phosphorus (bottom). X is the estimated posterior 

mean value, short thick lines are the 50% credible intervals, and the long 

thin lines are the 95% credible intervals. Those intervals not overlapping 

the zero line are considered significantly different from the mean values 
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As can be seen in Fig. 4-7, sand content of the soils did not differ 

greatly in relation to the vegetation-type, but site 2 had significantly 

lower sand content than site 1. Small size of soil particle, silt and clay, 

was higher in site 2 than the rest of the sites. I could predict that D. 

antarctica may require good drainage condition for root respiration, and 

site 1 has the best drainage soil among the three sites.  

Three cations, Na+, K+, and Mg2+, were not clearly different in terms of 

the vegetation-type, 50% credible interval overlapped with mean values 

(Fig. 4-8). Na+ and Mg2+ content in site 1 were higher than other sites, 

but K+ content was not different among the three study sites.   
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Fig. 4-7. Estimated vegetation effect (left) and site effect (right) for sand 

(top), silt (middle), and clay (bottom). X is the estimated posterior mean 

value, short thick lines are the 50% credible intervals, and the long thin 

lines are the 95% credible intervals. Those intervals not overlapping the 

zero line are considered significantly different from the mean values 
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Fig. 4-8. Estimated vegetation effect (left) and site effect (right) for Na+ 

(top), K+ (middle), and Mg2+ (bottom). X is the estimated posterior mean 

value in the lines, short thick lines are the 50% credible intervals, and the 

long thin lines are the 95% credible intervals. Those intervals not 

overlapping the zero line are considered significantly different from the 

mean values 
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The trace plots for the each parameter are illustrated in Fig. 4-9. they 

display the desired convergence, and the remaining diagnostic plots such 

as autocorrelation and posterior density (not shown here) similarly 

indicate good convergence and low autocorrelation in the all of the 

parameters.  

The presence or absence of the seedlings of D. antarctica was applied 

to binomial ANCOVA by adding the categorical explanatory variable (Na) 

and the continuous explanatory variables (moss cover [moss], clay, water 

content [WC], organic matter [OM], and pH) to the linear predictor of a 

binomial generalized linear model (Fig 4-10). I divided the Na 

concentration into three levels to estimate the effects of sea spray, and 

other continuous variables were assumed to have a normal distribution. 

The occurrence of seedlings of D. antarctica was positively associated 

with moss cover, organic matter, available phosphorus, and Na. The moss 

variable had the largest parameter mean value (mean: 2.92, CI: 0.84–6.07). 

Predicted positive association with Na showed that this grass was 

extremely tolerant of salinity. The 95% credible interval of pH was -0.79–

1.76; this suggests that the relationship between pH and the occurrence 

of seedlings might be weaker than other variables having positive 95% 

credible interval. Binomial ANCOVA results also showed that the negative 

relationship between the occurrence of seedlings of D. antarctica and 

water content and clay.  
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Fig. 4-9. Trace plots of sampled values of parameters for the occurrence 

of D. antarctica seedlings versus iteration number (total iteration 

number=10,000; burn-in=5,000; thinning=every 2nd iteration; number of 

chain=3; DIC=50.98) 
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Fig. 4-10. Predictors of the occurrence of D. antarctica seedlings. Circles 

are the estimated posterior mean values, short thick lines are 50% 

credible intervals, and long thin lines are 95% credible intervals. Those 

intervals not overlapping the zero line are considered significantly 

different from zero. Parameter values (X-axis) are derived from the 

posterior distribution for the parameters 
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Figure 4-11 present that the prior distributions of the predictors for 

the number of D. antarctica tuft. Their explanatory variables were 

centered by subtracting the mean values. Parameters of moss and snow 

had wider variance compared to the rest of the parameters. To estimate 

the predictors of the number of D. antarctica tufts, I combined two 

consecutive years information by incorporating prior distribution (based 

on the dataset in 2010) into the dataset in 2011.  

As shown in Fig. 4-12, the trace plots for the each parameter show 

the desired convergence, and the remaining diagnostic plot such as 

autocorrelation and posterior density (not shown here) also indicate good 

convergence and low autocorrelation in the all of the parameters.  

The Poisson distribution was used to the analyze the relationship 

between the number of D. antarctica tufts and the continuous 

explanatory variables (moss, clay, water content, organic matter, and 

available phosphorus), except for snow (Fig 4-13). To find snow effect, 

random quadrats were subdivided into two groups based on the distance 

from the frozen snow in January 2010. The density of the tufts was 

positively associated with moss cover, organic matter, and available 

phosphorus. There was strong evidence for a relationship between moss 

and tuft density, but the predicted positive relationship with available 

phosphorus was relatively weaker than that with the other variables. Tuft 

density was negatively associated with clay, water content, and snow. The 

predicted negative relationship with snow and water content was 

significant, and the snow variable showed the largest absolute posterior 

mean value (mean: -2.54, CI: -3.58 to -1.55); I found fewer tufts near 
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snow at the study site 1. 

 

 

 

Fig. 4-11. Prior distributions of the predictors for the number of D. 

antarctica tufts estimated from dataset in 2010.  
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Fig. 4-12. Trace plot of sampled values of parameters for the number of 

D. antarctica tufts versus iteration number (total iteration number=10,000; 

burn-in=5,000; thinning=every 2nd iteration; number of chain=3; 

DIC=182.5) 
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Fig. 4-13. Predictors of the number of D. antarctica tufts. Circles are the 

estimated posterior mean values, short thick lines are the 50% credible 

intervals, and the long thin lines are the 95% credible intervals. Those 

intervals not overlapping the zero line are considered significantly 

different from zero. Parameter values (X-axis) are derived from the 

posterior distribution for the parameters  

 

4.4. Discussion 

 

It is likely that global warming would facilitate the expansion of 

existing populations of D. antarctica (Walther et al. 2002; Gerighausen et 

al. 2003; Robinson et al. 2003; Kim et al. 2007; Vera 2011). However, the 
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results of this study show that the density of D. antarctica decreased 

severely at site 2 over 3 years (Fig 4-2), suggesting that site 2 might have 

critical factors that limit the survival of D. antarctica. A number of 

ecological variables might play a role in determining the survival of 

vegetation in maritime Antarctica, including low temperatures, high UV-B 

radiation, and high levels of salinity (Alberdi et al. 2002; Smith 2003). I 

focused attention on the distribution of D. antarctica and its relationship 

with soil characteristics. Several soil variables were shown to vary 

between sites 1 and 2, namely soil nutrients, soil organic matter, drainage, 

and pH. 

The D. antarctica plots of site 2 were shown to have higher soil 

nutrient levels for NO3-N, available phosphorus, and available cations, as 

compared to site 1. Comparison of soil nutrient levels between 

vegetation-type plots by using multilevel Bayesian 2-way ANOVA showed 

that organic matter, NO3-N, and available phosphorus were highest in the 

D. antarctica plots, indicating the preference of this plant for fertile soil. 

This suggestion is also confirmed by the seedling occurrence and the tuft 

density results obtained using Bayesian binomial ANCOVA and Bayesian 

Poisson ANCOVA, respectively. Several studies have reported high 

abundances of tufts near bird nests in terms of the seed dispersal by 

birds (Edwards 1972; Kim et al. 2007; Parnikoza et al. 2007). These finding 

were also supported by supplement of soil nutrient through bird 

excrements. Most available phosphorus and NO3-N would be supplied by 

seabird or mammal excrement, and these nutrients enhance plant vitality 

in nutrient-poor Antarctic soils (Smith 1978). Smykla et al. (2007) had 
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described zonation patterns in vegetation influenced by penguin 

rookeries on King George Island. Data from the study showed that D. 

antarctica has a wide ecological range, and its abundance decreased with 

low nutrient availability, especially in sites distant to the rookeries. Tatur 

et al. (1997) also found that nutrient-rich soils at abandoned rookeries 

served as optimum habitats for grass growth.   

The distribution of seedlings and tufts showed a strong positive 

association with organic matter. It is well-known that the abundance of 

organic matter in soil affects plant production and plays a key role in the 

control of soil fertility (Jenny 1941; Tiessen et al. 1994). Kim et al. (2007) 

observed that most grass tufts were formed on ground covered by 

Sanionia spp. (carpet moss). These results also show a statistically 

significant association between moss cover and D. antarctica distribution. 

This association may occur because of an overlap in environment 

preference, and moss covering could improve soil properties for D. 

antarctica by maintaining optimal water levels and supplying organic 

matter. Previous studies suggested multiple sources of potential organic 

matter in polar deserts, such as moss, lichen, terrestrial cyanobacteria and 

algae, microbial communities, and a legacy of paleolake sediments 

(Burkins et al. 2000; Hopkins et al. 2006). Although the origin of organic 

matter in Antarctic soil is complex, Hopkins et al. (2009) suggested that 

moss could serve as one of the principal sources of organic matter at 

productive sites. On the basis of the high moss cover and debris at study 

sites, this study suggests that the organic matter at the examined site 

was mainly derived from bryophytes. 



123 

 

Drainage is also an important environmental feature that influences 

the distribution of D. antarctica, as mentioned by Kim (2004) and Edwards 

(1972) in their field surveys. Soil drainage conditions, which are 

determined by water and soil texture, greatly affect root respiration, pH, 

redox potential, and mineral transformations in the soil (Levine et al. 

1994). For another, I found low soil pH in site 2; this could be 

unfavorable for the survival of D. antarctica because it can alter soil 

chemical characteristics such as phosphorus availability, cation availability, 

and the presence of heavy metals, which may be toxic to plants (U.S. 

department of Agriculture 1983). Increased soil acidity might be 

attributable to seabird excretions (Hogg and Morton 1983; Wait et al., 

2005); a resting pond of skuas was detected near site 2 (the distance less 

than 100 m). Although pH may vary in response to other factors such as 

soil type and presence of sea spray (Ellis 2005), it is possible that the 

poor drainage conditions in site 2 may have facilitated the accumulation 

of seabird droppings, resulting in the acidification of the soil by uric acid 

and the mineralization of the seabird-added organic matter (Garcia et al. 

2002).  

Early snow melting in the growing season has been identified as an 

important factor that affects the distribution of D. antarctica. Edwards 

(1978) and Vera (2011) also observed that D. antarctica commonly thrives 

in snow-free sites in the early austral summer. Early snow melting is more 

important than high vulnerability to cold periods during the spring and 

autumn, which are devoid of snow cover, whereas late snow cover in 

autumn may facilitate seed formation and landing on soil. 
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In conclusion, the present study showed the preference of D. 

antarctica for fertile soil, and that poor drainage, low pH, and snow 

accumulation during the growing season could be critical factors for its 

survival in Maritime Antarctica. Furthermore, seabirds and mammals are 

important determinants of the distribution of the plants on King George 

Island on the basis of their role in nutrient transfer from the sea, thus 

changing the chemical characteristics of the soil. More extensive 

spatiotemporal studies are necessary to determine the impact of other 

factors on the distribution of D. antarctica. 
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CHAPTER. 5 Physiological responses of        

Deschampsia antarctica against 

waterlogging and cold stress 
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5.1. Introduction 

 

Low temperatures and soil waterlogging have vital effect on 

physiological condition of many plants mainly in cold humid regions 

(Drew, 1991). D. antarctica could often experience waterlogging condition 

during its growing season in the Antarctic summer due to the snow 

melting. This grass is frequently found in low elevation area having high 

possibility of flooding, compare to other vegetation in King George Island. 

Furthermore, it should cope with cold temperatures, which are the well 

known environmental stress in maritime Antarctic region, including high 

UV-B radiation, sea water spray and lack of nutrient (Alberdi et al. 2002, 

Smith 2003).  

Waterlogging induces severe reduction in soil O2 concentration and in 

redox potential (Syvertesn et al. 1983). Plants respond to waterlogging by 

closing their stomata to avoid water loss and subsequently down-

regulating the photosynthetic machinery (Ahmed et al. 2002, Yetisir et al. 

2006), both of which lead to the formation of reactive oxygen species 

(ROS) within the leaf because of the light reaction. These ROS can cause 

lipid peroxidation and consequently cause membrane injury, protein 

degradation, enzyme inactivation, and disruption of DNA strands (Allen 

1995). To cope with oxidative stress, plants produce antioxidant 

compounds such as ascorbate, glutathione, and carotenoids as well as 

antioxidant enzymes, such as superoxide dismutase, ascorbate peroxidase, 

catalase, and glutathione reductase (Gill & Tuteja 2010). 

The native Antarctica angiosperms, D. antarctica and C. quitensis, 
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might have various mechanisms to maintain their metabolism at low 

temperature. Previous studies have revealed that D. antarctica has similar 

polar lipids or unsaturation of fatty acids compared with other Poaceae 

(Zúñiga et al., 1994). However, this grass accumulates high amounts of 

sucrose and fructans to cope with freezing injury (Zuñiga et al., 1996), 

and has relatively high net photosynthetic rates on cold days (Xiong et al., 

1999).  

Researchers have documented increases in populations of D. 

antarctica over the past 30 years along with a strong regional warming 

trend in the west coast of the Antarctic Peninsula, which have suggested 

that regional warming and prolonged growing season may be the 

important factors for the expansion of this grass (Smith, 1994; Grobe et 

al., 1997; Day et al., 1999). These vascular plants are important as bio-

indicators of regional warming, and several studies have been conducted 

to find out response of this grass depending on the diverse abiotic 

environmental stress such as low temperature, high UV-B radiation, high 

level of salinity, and water availability (Xiong et al., 1999; Bravo et al., 

2001; Pérez-Torres et al., 2004; Ruhland and Krna, 2010; Zamora et al., 

2010). However, there are no studies paying attention to soil 

waterlogging stress.  

The aim of this study was to evaluate some enzymatic and non 

enzymatic antioxidant responses of shoots of D. antarctica in response to 

abiotic environmental stress.  
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5.2. Methods 

 

5.2.1. Plant material and treatments  

Seedlings of the D. antarctica were collected from the Barton 

peninsula, King George Island and were cultured in soil:peat mixture (2:1).  

They were watered twice a week with 0.5 L of a diluted hyponex solution 

(Hyponex, Japan) in growth chambers (light/dark; 18/6; 22/20℃; 

irradiance 260 μmol·m-2·s-1) for 3 months. Later, plants were randomly 

divided into two groups of 10 plants each, one control were grown in 

room temperature chamber (20±1℃) and another treatment was applied 

by growing a set of plants in the cold chamber (4±1℃) for 14 days. In 

addition, to find out waterlogging effect on the grass, plants were 

allowed to acclimatize to the conditions for 2 weeks by incubating them 

in a cold room with a photoperiod of 18 h light/6 h dark and average 

temperature of 4±1℃. For the water-logging treatment, one group of 

plants (randomly selected) was subjected to continuous flooding at 2 cm 

above the soil surface (soil-flooding), and another group of plants was 

flooded above the plant surface (veg-flooding). A third group of plants 

was maintained about 12± 2% soil water content and considered as 

control. Plastic bags were used to cover the soil in the pots to avoid algal 

proliferation and to prevent washing away of soil nutrients. Flooding 

conditions were maintained for 7 days, after which the pots were drained 

to permit plant recovery from the flooding. At each sampling point, 

leaves were collected independently, and only those leaves showing clear 

senescence symptoms were excluded. Plant tissue was immediately 
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frozen in liquid nitrogen. The frozen material was ground to fine powder 

using a pre-chilled mortar and pestle stored at -80℃.  

 

5.2.2. Shoot growth rates 

For comparison, the shoot growth rates between D. antarctica and Poa 

pratensis, each plants were randomly divided into two groups of 10 

plants each, and cut their shoot at ground level. Control plants were 

grown in room temperature chamber (20±1℃) and treatment was 

applied by growing a set of plants in the cold chamber (4±1℃) for 15 

days. I measured the plants shoot length every 3 days.  

 

5.2.3. H2O2 content 

To assay the H2O2 content, 1 g of leaves was homogenized in 3 mL of 

100 mM sodium phosphate buffer (pH 6.8). To remove cellular debris, the 

homogenate was centrifuged at 18,000 × g for 20 min at 4°C. The 

supernatant was collected to assay the H2O2 content. Measurement of 

H2O2 content was performed according to the modified method of 

Bergmeyer (1974) using a peroxidase enzyme. To initiate the enzyme 

reaction, a 0.5-mL aliquot of the supernatant was mixed with 2.5 mL of 

peroxide reagent (83 mM sodium phosphate, pH 7.0, 0.005% (w:v) o-

dianisidine, and 40 mg peroxidase per mL) and incubated for 10 min at 

30°C in a water bath. The reaction was stopped by adding 0.5 mL of 1 N 

perchloric acid and centrifuged at 5,000 × g for 5 min. The resulting 

supernatant was read at 436 nm and its absorbance was compared to the 
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extinction of an H2O2 standard. 

 

5.2.4. Malondialdehyde (MDA) concentration 

The Malondialdehyde (MDA) concentration was measured following 

the procedure described in Hodges et al., (1999). A 0.1-g aliquot of 

frozen plant material was homogenized in 2.5 mL of 80% cold ethanol 

using an ice-cold mortar and pestle. Homogenates were centrifuged at 

15,000 × g for 10 min at 4℃ and the supernatant was mixed either with 

20% TCA or with a mixture of 20% TCA and 0.5% thiobarbituric acid 

(TBA). Both mixtures were allowed to react in a water bath at 95℃ for 30 

min, cooled, and centrifuged. Absorbance at 440 nm, 532 nm, and 600 

nm was read against a blank. The MDA equivalents were calculated as 

follows: 

1) [(Abs 532+TBA) – (Abs 600+TBA) – (Abs 532–TBA – Abs 600–TBA)] = A 

2) [(Abs 440+TBA – Abs 600+TBA) × 0.0571] = B 

3) MDA equivalents (nmol/mL) = ((A – B)/157,000) × 106 

MDA equivalents were expressed as nmol MDA per gram of fresh 

weight. 

 

5.2.5. Catalase activity 

Catalase (CAT) activity was determined as described by Azevedo et al. 

(1998) with some modifications. CAT activity was assayed spectro-

photometrically in a reaction mixture containing 2 mL of 100 mM 
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potassium phosphate buffer (pH 7.5) with 5 μL of H2O2 (30% solution) 

prepared immediately before use. The reaction was initiated by the 

addition of 30 μL of plant extract, and the activity was determined by 

following the decomposition of H2O2 as indicated by the changes in 

absorbance at 240 nm for 2 min against a H2O2-free blank. 

 

5.2.6. Ascorbate and phenolic compounds 

The ascorbate and phenolic compound contents of the leaves were 

determined by dissolving 0.1 g of leaf homogenates in 1 mL of 6% 

trichloroacetic acid and 95% methanol solution, respectively. The extract 

was then centrifuged at 15,000 × g for 10 min at 4℃. The supernatant 

was used for estimation of total ASA, which was determined 

spectrophotometrically at 525 nm using different reacting solutions; the 

ascorbic compounds were assessed using a potassium phosphate buffer 

(pH 7.4), dithiothreitol and N-ethylmaleimide, and the phenolic 

compounds were measured using trichloroacetic acid (10%), o-

phosphoric acid, α-dipyridyl in 70% alcohol and FeCl3 (Cakmak, 1992). 

Total ASA content was calculated from a standard curve plotted from 

known concentrations of ASA. Phenolic content was quantified using the 

Folin–Ciocalteu (F–C) assay. A mixture of 10% of F–C reagent and 700 

mM sodium carbonate was added to the aliquot of the supernatant. The 

mixture was incubated at 30℃ for 1 hour and absorbance was recorded 

at 765 nm. The phenolic content was calculated by comparing results 

with a gallic acid calibration curve. 
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5.2.7. Total chorophyll 

Photosynthetic pigments, chlorophylls and total carotenoids, were 

determined spectrophotometrically from extracts in 100 % dimethyl 

sulphoxide (DMSO) using the redetermined extinction coefficients and 

equations (Wellburn, 1994) which allow the simultaneous determination 

of total chorophyll and carotenoids in the same extract solution. 

1) Chlorophyll a (μg/ml) = 12.09 X (A665nm) – 3.45 X (A649nm) 

2) Chlorophyll b (μg/ml) = 21.99 X (A649nm) – 5.32 X (A665nm) 

3) Total Chlorophyll (μg/ml) = 8.02 X (A665nm) + 20.2 X (A649nm) 

4) Total Carotenoids (μg/ml) = ((1000 X (A480nm) – 2.14 X (Chlorophyll a) – 70.16 X 

(Chlorophyll b))/220 

 

5.2.8. Total starch, soluble sugar content 

The total starch and soluble sugar concentrations were estimated 

according to the method described by Marshall (1986). Determination of 

the amounts of soluble sugars and starch in shoots was carried out using 

0.1 g of homogenized plant material. Extraction of soluble sugars was 

carried out with 80% ethanol. After centrifugation, the soluble 

supernatant was collected. The entire residue that remained after the 

removal of soluble sugars was dried and subjected to prolonged 

hydrolysis with 1.1% hydrogen chloride (provides complete hydrolysis) 

during incubation in a water bath at 100℃ for 30 min. The obtained 
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soluble sugar and hydrolyzed starch extracts were reacted separately with 

anthrone reagent (0.1% anthrone in 72% sulfuric acid) to produce a blue-

green color, and the absorbance was measured at 620 nm. The 

concentrations of sugar and starch were calculated using glucose and 

starch curves as standards, respectively.  

 

5.2.9. Statistical analysis 

The results are presented as means ± SE. For all biochemical assays, 4 

samples taken from independent pots were used. One-way analysis of 

variance (ANOVA) and comparisons between means were made with the 

least significant difference (LSD) test at p ≤ 0.05, 0.01, 0.001, after which 

Tukey’s test was applied to determine individual differences between 

treatments at the same time intervals. T-tests were applied for two 

independent samples comparison, and paired t-tests were carried out to 

compare 2 sample means that were measured at different time intervals. 

Statistical analyses were performed using SAS 9.2 software (SAS Institute, 

USA).  

 

5.3. Results 

 

5.3.1. Cold stress 

When comparing the shoot growth rates between D. antarctica and 

Poa pratensis (Fig. 5-1), it appears that the average growth rates of D. 
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antarctica in cold chamber (4℃) decreased by nearly 72% compared with 

those of 20℃ chamber, but P. partensis in 4℃ chamber decreased by 92% 

than those of 20℃ chamber. Low temperature significantly influenced on 

the shoot growth rates of both species.  

 

 

Fig. 5-1. Mean shoot growth rates of D. antarctica and P. pratensis for 15 

days: D_4℃ = D. antarctica in 4℃ chamber; P_20℃ = P. pratensis in 20℃ 

chamber. Values are means ±  SE (vertical bar) of of 4 separate 

experiments with 10 replicates each. To compare the effect of 

temperature a t test was conducted (***: P < 0.001) 

 

Cold stress had a significant effect on the H2O2 content of the D. 

antarctica shoots after 10 days of low temperature treatment, and H2O2 

concentration was steadily increased in the cold treated D. antarctica (Fig. 

5-2(A)). I measured the ascorbate content which plays a role as a co-

factor for many antioxidant enzymes. Low temperature ascorbate content 

was significantly higher than that of room temperature after three days of 
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treatment, and its concentration maintained for 12 days (Fig. 5-2(B)). Total 

chlorophyll was lower in the cold treatment with respect to that of 

control after 15 days of treatment, but the difference was not significant 

for 10 days (Fig. 5-2(C)). Phenolic compound, scavenger of reactive 

oxygen intermediate without promoting further oxidative reaction, was 

not distinctly different compared to other measured variables, but after 

10 days, phenolic compound was higher in cold treated D. antarctica than 

that of control (Fig. 5-2(D)).  

 

 

Fig. 5-2. Changes of H2O2 content (A), total ascorbate content (B), total 

chlorophyll (C), and phenolic compound (D) in the shoots of D. antarctica 

which are treated under 4℃ and 20℃ chamber over 14-days. Values are 

means ±  SE (vertical bars) of 2 separate experiments with 4 replicates 
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each. To compare the effect of temperature a t test was conducted (*: p 

< 0.05; **: P < 0.01) 

 

Figure 5-3 presented the changes of starch and soluble sugar content 

depending on the temperatures. Starch content was higher in the cold 

chamber than that of room temperature chamber, but it was not 

increased drastically (Fig. 5-3(A)). Total soluble sugar increased 2.5-fold 

after cold treatment for 15 days, and that of in the room temperature 

was not changed significantly.  

 

 

Fig. 5-3. Changes of starch (A) and total soluble sugar (B) in the shoots 

of D. antarctica which are treated under 4℃ and 20℃ chamber over 14-

days. Values are means ±  SE (vertical bars) of 2 separate experiments 

with 4 replicates each. To compare the effect of temperature a t test was 

conducted (*: p≤ 0.05; **: P < 0.01) 

 

5.3.2. Waterlogging stress 

The H2O2 levels in D. antarctica significantly decreased (p ≤ 0.05) over 
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a day of soil flooding as compared to those in control plants. In contrast, 

from the 1st day of flooding, continuously soil-flooded plants showed an 

increasing trend in H2O2 concentrations (Fig. 5-4A). The results of a 

paired t test (p ≤ 0.01) confirmed that in comparison to the H2O2 

concentration before flooding treatment, the highest H2O2 concentration 

(1.5-fold) was measured on the 9th day of soil flooding as compared to 

before flooding. 

In this study, the MDA concentration was used to estimate oxidative 

damage to lipid membranes, carbohydrates, and amino acids. The MDA 

equivalents in soil-flooded plants on the 1st day of flooding were 

significantly higher than the before treatment values (paired t test, p ≤ 

0.05), and this trend continued until the 9th day of flooding. The MDA 

content rose more markedly in soil-flooded plants than in control plants. 

Soil-flooded plants had a 1.7-fold higher MDA equivalent than control 

plants on the 9th day of flooding. 

The total ascorbate content on the 1st day of soil-flooding was 

increased in the shoots of D. antarctica compared with that before 

flooding (paired t test p ≤ 0.05). On the 7th and the 9th day of flooding, 

the soil-flooded D. antarctica accumulated significantly higher levels of 

ascorbate than plants that experienced control plants (Fig. 5-4C). In 

response to flooding, CAT activity was increased after a day of flooding 

(paired t test p ≤ 0.05). CAT activity levels increased briefly in the 

beginning but decreased later to the control level (Fig. 5-4D).  
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Fig. 5-4 Changes of H2O2 (A), malondialdehyde (MDA) (B), ascorbate (C), 

and catalase (CAT) (D) in the shoots of D. antarctica which are soil 

flooding treatment over 9-days. Values are means ±  SE (vertical bars) of 

2 separate experiments with 4 replicates each. To compare the effect of 

temperature a t test was conducted (*: p < 0.05; **: P < 0.01) 

 

Fig. 5-5(A) presents the effects of flooding on the chlorophyll content 

in the shoots of D. antarctica. The total chlorophyll content did not show 

any significant difference among treatments. However, chlorophyll in 

flooded plants showed a decreasing trend. In particular, flooded plants 

showed a significant reduction in their chlorophyll content on the 3st and 

7rd days of flooding in comparison with the levels before flooding 

treatment (paired t test p ≤ 0.05). Total carotenoids also showed similar 
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trend with chlorophyll under waterlogging stress (Fig. 5-5B). 

 

 

Fig. 5-5. Changes of total chlorophyll (A) and total carotenoids (B) in the 

shoots of D. antarctica which are soil flooding treatment over 9-days. 

Values are means ±  SE (vertical bars) of 2 separate experiments with 4 

replicates each. To compare the effect of temperature a t test was 

conducted 

 

There was no significant difference in starch content in plants under 

soil and vegetation flooding treatment as compared to the levels in 

control plants (Fig. 5-6A). However, the total soluble sugar content in 

veg-flooded D. antarctica decreased 80% after 3 days of flooding, but 

soil-flooded grasses were not significantly different with respect to the 

control grasses (Fig. 5-6B).  
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Fig. 5-6. Changes of starch (A) and total soluble sugar (B) in the shoots of 

D. antarctica which are soil and vegetation flooding treatment over 9-

days. Values are means ±  SE (vertical bars) of 3 separate experiments 

with 4 replicates each. To compare the effect of temperature a t test was 

conducted (*: p < 0.05; **: P < 0.01; ***: P < 0.001) 

 

5.4. Discussions 

 

5.4.1. Cold stress 

The grass D. antarctica is a mainly a freezing-tolerant species. Previous 

studies have shown that high amounts of sucrose and fructans are found 

at the end of summer (Zuñiga et al., 1996). This plant reach maximum 

net photosynthetic rate at about 13℃ and maintains about 30% of the 

photosynthetic rate at 0℃ for the optimum temperature. (Edwards and 

Smith, 1988).  

Experiment of cold stress in this study show that this grass has smaller 

decrease in shoot growth rate than the same Poaceae spp.,. This result 

suggests that D. antarctica may maintain more stable physiological 
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metabolic activity for plant growth than P. pratensis at low temperature. 

However, a large amount of reactive oxygen species (ROS) was produced 

when this plant was grown in the cold environment. Hydrogen peroxide 

accumulation was correlated with damage by cold in diverse plants, such 

as cucumber, winter wheat, and maize (Omran, 1980; Anderson et al., 

1994; Prasad et al., 1994). An antioxidant system can regulate ROS 

accumulation in extreme environment, which may be important 

determinant for the survival of plants (심, 2006). Ascorbate and phenolic 

compound, which are co-factor for many antioxidant enzyme and 

scavenger of reactive oxygen intermediates, were increased in response 

to the cold stress. These results showed that D. antarctica may be have 

some effective mechanism for cold stress. However, this study considered 

limited antioxidant substrates to confirm this plants performance under 

cold environment.  

Total chlorophyll contents and growth rates significantly increased in 

room temperature. These responses reflect that distribution of D. 

antarctica may be increase as global warming in the maritime Antarctic 

region. Field study show that warming by 2.3℃ significantly increase 

growth and sexual reproduction of this grass (Day et al., 1999), and these 

results also agree with previous monitoring study in this area 

(Gerighausen et al., 2003; Robinson et al., 2003; Kim et al., 2007).  

Zuñiga et al (1996) found that the level of total soluble sugars in D. 

antarctica was about 8-fold higher than those found in leaves of barley 

and oat. This study confirmed that this grass accumulated soluble sugars 

for cold acclimation. Several  studies  have  presented  that  cold  
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hardiness is a result of several cryoprotective mechanisms (Alden and 

Hermann, 1971; Zuñiga et al., 1996). Proposed cryoprotective 

mechanisms involving several carbohydrates are freezing point 

depression of cell sap and prevention of plasmolysis (Levitt, 1980). 

Several other plants such as Arabidopsis and winter wheat have also 

been shown to strongly increase total soluble sugars during cold 

acclimation (Ruelland et al., 2009). Previous study demonstrated that 

carbohydrates increased by direct breakdown products of starch 

degradation (Kaplan et al., 2007). However, when comparing starch and 

sugars content in this study, starch was not changed in response to the 

cold temperature. This different result may be caused by limitation of 

these methods or short of experimental period.  

In summary, based on the data obtained from shoot growth rates, 

H2O2, and chlorophyll content, it is clear that D. antarctica experience 

some cold stress, but this grass may have ROS scavenge activity and 

cryoprotective mechanisms to survive in harsh Antarctic environment. 

Furthermore, this plant can be a good bio-indicator for regional warming 

in the maritime Antarctic area.  

 

5.4.2. Waterlogging stress 

To understand the responses of D. antarctica to environmental stresses 

involving drought and cold, several enzymes and metabolites induced by 

stress conditions have been studied (Pérez-Torres et al., 2004; Zamora et 

al., 2010). Nevertheless, studies of the response of the antioxidative 

system of D. antarctica, specifically regarding its ability and capacity to 
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survive waterlogging stresses, are scarce. Excess water produces anoxic 

soil conditions within a few hours and plant roots suffer hypoxia or 

anoxia (Gambrell and Patrick Jr, 1978). 

In the present study, H2O2 and MDA contents increased in soil-

flooded plants, which represent D. antarctica was shown to be damaged 

from a prolonged waterlogging condition. H2O2 accumulation under 

hypoxic conditions has been shown in the roots and leaves of Hordeum 

vulgare (Kalashnikov et al., 1994). Hypoxic tissues show over reduction of 

photosynthetic electron transport chain and mitochondria-dependent 

reactive oxygen species (ROS) generation, which result in oxidative 

damage to cellular components such as lipids, proteins, sugars, and 

nucleic acids (Sairam et al., 2008). In contrast, the reduction of ROS 

production in anoxic conditions could be due to a shift from aerobic 

respiration to fermentation, which leads to reduced ROS production in 

mitochondrial sites (Sairam et al., 2009). This may also have retarded the 

production of chemical energy provided by light reaction systems, which 

are thought to be used for the production of ROS under stressful 

condition (Ahmed et al., 2002). These results suggest that D. antarctica in 

a hypoxic state could suffer severe oxidative stress.  

A reduction in chlorophyll content was reported after several days of 

flooding in wheat (Collaku, 2002). Total chlorophyll and carotenoids dose 

not decreased significantly, but they were shown the trend of reduction 

from a prolonged soil-flooding condition, which may contribute to the 

blockage in the photosynthesis. Ascorbic acid is one of the main 

antioxidants with the ability to donate electrons in a wide range of 
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enzymatic and non-enzymatic reactions (Noctor and Foyer, 1998). Kele & 

Öncel (2002) (Kele and Öncel, 2002) found that ascorbic acid content was 

increased under flooding stress in wheat seedlings. These results also 

show that ascorbic acid contents were increased under soil flooding, CAT 

activity showed higher levels initially, but then declined quickly in plants 

that experienced soil flooding. Previous study also reported the same 

antioxidant enzyme response in waterlogging stressed mungbeans 

(Ahmed et al., 2002). This result may indicate a cellular protective 

mechanism to mitigate damage in earlier stressed conditions, but with 

the progression of oxygen deprivation, the enzyme activity decreased 

dramatically.  

This data shows that total soluble sugars, which is a typical product of 

the photosynthetic reaction, was significantly decreased in vegetation 

flooding (whole-plant anoxia). High accumulation of soluble sugar could 

be the one of the protective mechanisms against low temperature in 

maritime Antarctica (Zuñiga et al., 1996). Therefore, lower soluble sugar 

content attributed to flooding stress could be lethal to D. antarctica in 

the Antarctic area. 

In conclusion, H2O2 and MDA contents were steadily increased during 

the flooding experimental period, suggesting that D. antarctica is 

sensitive to root hypoxic stress. Especially, when plants experience whole 

plant anoxia, their metabolic rate was decreased on account of a 

blockage of photosynthesis and cellular respiration. The soil water 

flooding induced by recent accelerated ice melting in this region may 

affect the survival and distribution of D. antarctica.  
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The terrestrial vegetation of Antarctica is dominated by diverse 

bryophytes and lichen species, but there are only two native vascular 

plants that distribute throughout the maritime Antarctic Peninsula 

(Greene and Holtom, 1971; Smith 1984). Especially, D. antarctica is more 

frequently founded than C. quitensis on King George Island, and several 

studies has reported that this grass was expanding with effect of global 

warming and a lengthening of the growing season (Day et al., 2002; 

Walther et al., 2002; Robinson et al., 2003). D. antarctica is important 

species because of its survival ability in harsh Antarctic environment and 

its role as a bio-indicator for the global warming (smith 1994).  

Growing diverse vascular plants is impossible in the extremely cold 

Antarctic region, and this simple ecosystem provides a suitable 

opportunity for studying native species distribution pattern and dynamics 

in relation to environmental gradient. Semivariograms and kriged maps 

showed that most of variables, except for water content and Ca2+, had 

severe anisotropic characteristics and elevation had a similar spatial 

variability with soil texture. These results revealed that soil texture had a 

direct connection with topographic variables in the study area. As soil 

texture is one of the important soil properties governing the soil physical 

and chemical properties (Warrick and Gardner, 1983; Tanji, 1990), sand 

content was spatially correlated with WC, OM and AP. I could speculate 

that topographic characteristics might have more directly influence on 

the soil properties in Antarctic region than temperate zone due to the 

lack of top soil and vegetation. The total number of tuft decreased about 

26% for a year. The decrease of D. antarctica was remarkable in the 
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quadrate located near the snow and distance from snow was significantly 

correlated with the density of the grass, suggesting that early snow 

melting is an important factor for the distribution of D. antarctica 

(Edwards, 1972; Vera, 2011). Early snow melting can extend the 

photosynthetic periods of the grass, and snow melted area can be a 

more attractive spot for Antarctic animals to rest than snow covered area. 

Animal arrival can lead to the nutrient accumulation in soil. Furthermore, 

long distance from snow region had higher moss cover and organic 

matter content than near the snow region. It seems that early snow 

melting is direct and indirect effect on the distribution of D. antarctica 

(Fig. 6-1).  

 

 

Fig. 6-1. The effect of early snow melting on the distribution of D. 

antarctica 

 

The spatial analysis conducted by geostatistical methods in the 
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chapter 2 revealed that all of variables had spatial autocorrelation. Spatial 

autocorrelation could provide useful information to estimating spatial 

pattern, but it can violate the assumption of independently and 

identically distributed (i.i.d.) errors of most statistical analysis (Anselin, 

2002). For this reason, I applied diverse spatial regression model to 

elucidate the relations between distributions of D. antarctica and 

environmental factors. The results showed that moss cover has the 

positive association with the distribution of D. antarctica. Optimal soil 

water content can be maintained in moss covered soil (Kim and Chung, 

2004), and moss may be served as sources of organic matter in infertile 

Antarctic soil (Hopkins et al., 2009). Water content was another important 

environmental variable for the abundance of the grass. Even thought 

stable water supplement is essential for survival of the grass, 

waterlogging derived from snow melting water can be a limiting factor 

for the growth of D. antarctica. It is well known that Antarctic soil is 

generally poor in nutrient, but coastal area where penguin and seals were 

frequently visiting spot had high nutrient level (Smykla et al., 2007) (Fig. 6-2).  

 

Fig. 6-2. Pictures showing seals arrival (A) and the excrements of penguin 

(B) on the study site 
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The abundance of the grass had positive association with soil nutrient 

in the models, suggesting that seabirds and mammals are important 

determinants of the distribution of the grass by transferring nutrient from 

the sea to terrestrial ecosystem (Tatur, 2002; Smykla et al., 2007).  

There are a number of ecological variables might play a role in 

determining the survival of plants in Antarctic Peninsula, such as low 

temperature, high UV-B radiation and high level of salinity (Alberdi et al., 

2002). To find out the unrevealed critical environmental factor to survival 

of D. antarctica, the density of D. antarctica tuft was measured in the two 

sites over 3 years and compared the environmental variables using 

Bayesian methods. Bayesian inference is much more intuitive than the 

classical statistical framework because it is for full probability model 

estimation and it is possible more realistic predictions by including 

uncertainty in the probability model (McCarthy, 2007). The grass density 

in site 2 decreased sharply over 3 years. When comparing the soil 

variables among the 3 sites, site 2 had poor drainage condition, which 

was determined by water supplements and soil texture. The importance 

of drainage was also mentioned by other researchers through their 

observation research (Kim and Chung, 2004; and Edwards, 1972), but 

there was no statistical result based on the dataset collected in a field. 

Soil drainage condition can affect root respiration, pH, redox potential 

and mineral transformation (Levine et al., 1994). Additionally, Site 2 had 

had significantly lower pH than other sites. This might be due to seabird 

and mammals excretions (Wait, 2005), and the poor drainage conditions 

in site 2 may have facilitated the accumulation of seabird droppings.  
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To understand the physiological response of D. antarctica to 

waterlogging stress induced by snow melting water or poor drainage soil, 

I checked the oxidative substance and antioxidant compounds in the 

shoot of the grass. H2O2 and MDA contents increased in a prolonged 

waterlogging condition and ascorbic acid contents were increased to 

cope with this oxidative substance. Although total chlorophyll and 

carotenoids dose not decreased significantly, they were shown the trend 

of reduction, which may lead to the blockage in the photosynthesis. 

These results suggest that D. antarctica is sensitive to root hypoxia 

induced by snow melting water.  

Assuming that temperature increase and a lengthening of the growing 

season is proceeding on King George Island, D. antarctica may be 

expanding rapidly due to the increase of suitable place for its growth. 

However, in some region, the amount of precipitation may be a critical 

climate factor for the expansion of D. antarctica.  

 

Future researches 

This study was carried out in the limited space and period, so it needs 

to more extensive spatiotemporal studies to figure out the dynamics of D. 

antarctica in response to the climate and other diverse variables. 

Remained research topics are:     

(1) Long-term study to reveal the dynamic of vascular plants in 

response to climate change 

(2) Vegetation distribution analysis in sub-Antarctic region using GPS 
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& GIS system 

(3) In the field, physiological response of D. antarctica depending on 

the diverse environmental stresses 

(4) Soil nutrient immobilization and leaching, and their effect on the 

distribution of vegetation. 

(5) The origin of soil nutrient and organic matter using stable isotope 

on King George Island 
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국문초록 

 

극한 저온과 불모의 남극 환경은 육상 식물이 생육하기에 가장 열악한 

생태계 중 하나이다. 그러나 동시에 남극의 단순한 생태계는 환경 차이에 따른 

종의 분포 패턴과 동태를 연구하기에 적합하다. 포아풀과에 속하는 

남극좀새풀(Deschampsia antarctica)은 남극에 자생하는 두 종의 관속식물 중 

하나로 저온, 높은 자외선, 강한 바람 그리고 파도에 의한 물보라로 대표되는 

남극 해안의 극한 환경에도 불구하고 기온 상승과 생육 기간이 늘어남으로 인해 

분포가 증가하고 있다. 남극좀새풀은 극한 환경에서도 살아남을 수 있는 능력과 

기후변화에 따른 지표종으로서 많은 연구자들의 관심을 모으고 있는 종이다.  

남극좀새풀의 분포와 환경 요인들과의 관계를 지구통계 방법과 공간 효과를 

포함하는 회귀 모델을 통해 분석하였다. 대부분의 환경 요인들은 강한 이방성을 

보였다. 특히 여러 환경 요인들 중 토성과 이끼 피도는 고도와 강한 공간 

상관성을 보였고, 전기전도도는 해안에서 거리에 영향을 많이 받았다. 

남극지역은 온대 지역에 비해 식생과 토양 표층이 빈약하기 때문에 지형적 

요소가 토양의 이화학적 특성에 직접적으로 영향을 미치고 있음을 확인 할 수 

있었다. 또한 공간 회귀 모델을 통해 이끼 피도가 남극좀새풀과 양의 상관성을 

가지는 중요한 예측변수임을 확인 할 수 있었다. 남극좀새풀을 덮고 있는 

이끼는 적합한 수분과 양분을 유지하고 있는 기질로 작용해 생장에 긍정적인 

영향을 미치고 있었다. 토양 수분은 남극좀새풀 분포에 영향을 미치는 또 다른 

중요한 변수로 안정된 수분 공급이 남극좀새풀 생존에 필수적인 요소이지만, 

식물의 생장 기간 동안 해빙수에 의한 토양 포화는 뿌리 호흡을 저해 시킴으로 

생장에 불리한 영향을 미쳤다. 더불어 킹조지섬에서 쌓인 눈이 녹은 시기는 

토양 유기물의 축적과 양분 공급을 결정하는 중요한 환경 요인임을 예상할 수 
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있었다.  

베이지안 통계 방법을 이용해 킹조지섬에서 남극좀새풀의 생존에 영향을 

미치는 다양한 환경 요인들을 분석했다. 두 곳의 연구 지역에서 남극좀새풀의 

밀도 변화를 3년 동안 비교한 결과, 연구지역 2 에서 밀도 감소가 두드러졌다. 

연구지역 2는 식물 생장에 충분한 토양 양분을 가지고 있으나, 배수 불량과 

낮은 pH로 양분 이용과 뿌리 호흡이 차단되어 남극좀새풀의 생존에 악영향을 

미치고 있는 것을 확인 할 수 있었다. 남극좀새풀의 분포가 토양의 유효인 

함량과 강한 상관성을 가지는 것을 베이지안 회귀 분석을 통해 확인 할 수 

있으며, 이를 통해 남극의 조류와 포유류의 배설물이 주요한 양분 공급원으로 

남극좀새풀의 분포에 영향을 미치고 있었다. 

마지막으로 저온과 침수 스트레스에 의한 산화 물질과 항산화 물질의 변화를 

연구하였다. 저온과 뿌리 침수는 남극좀새풀에서 활성 산소를 증가 시키고 

생장과 물질대사를 저해 하는 주요 요인이었다. 특히 식물체가 완전히 침수 

되었을 때는 세포 호흡과 광합성이 차단됨으로 인해 총 가용성 당과 엽록소가 

빠르게 감소하였다. 이러한 결과는 극한 극지 환경에서 남극좀새풀이 

살아남는데 부정적인 영향을 미칠 수 있다. 킹조지섬 일대에 기후 온난화가 

지속된다면 생육할 수 있는 지역이 확대되어 남극좀새풀의 분포가 늘어날 

것이다. 그러나 특정 지점에는 강우량에 따라 분포가 크게 변경 될 것으로 

예상된다.  

 

주요어: 남극좀새풀, 남극, 베이지안 통계, 공간분석, 침수 스트레스 

학번: 2008-30105 
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