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Abstract 
Fish community structure can provide potentially powerful tools for assessing aquatic environmental health. Monthly 
catch weights in Songkhla Lake were recorded over the period January 2003 to December 2006 inclusive for each of 
127 species: 72 were marine vertebrate; 22 freshwater vertebrate; 21 marine invertebrate; 10 diadromous, and 2 
catadromous. Linear regression model base on the log-transformed catch weights classified species and months, using 
these factors as multiplicative determinants based on principal components were performed, enabling assessment of 
clustering of species. The model has four such components which correspond to predominant seasonal time series 
patterns, giving an r-squared value of 87.7%. Purely seasonal patterns were identified for the first two components: 
estuarine and marine vertebrates showed considerable seasonal fluctuations but otherwise appeared to be steady over 
the four year period. Trends, mainly confined to the most recent year (2006) were identified for the third and fourth 
components: freshwater and estuarine fish had increasing catch weights, while the catch weights of marine invertebrates 
decreased. This model can provide practical lake information and reinforces that migratory fish species in tropical 
shallow lake need to be managed for sustaining their diversities. 
Keywords: Catch pattern, Principal component regression, Fish clustering, Species diversity, Similarity index, Aquatic 
resource management 
1. Introduction 
A "shallow lake" is usually defined as a permanent standing body of water that is sufficiently shallow to allow light 
penetration to the bottom sediments adequate to potentially support photosynthesis of higher aquatic plants over the 
entire bottom (Wetzel, 2001). Fish assemblages are an important component of aquatic ecosystems of the lake basin and 
recognized as sensitive indicators of habitat disturbances, environmental deterioration, and overall ecosystem 
productivity (Gregory et al, 2009).  
Songkhla Lake, the largest lagoonal water body of Thailand, covering 8,729 sq. km of the Lake Basin or 1,017 sq. km 
of main lake water body, is shallow (depth 1-2 m) and located on the lower east coast of the peninsular opening to the 
Gulf of Thailand between latitudes of 7° 10' to 7° 50' N and longitudes of l00° 05' to 100° 40' E (Figure 1). The Basin 
spans about 150 kilometers from north to south and about 65 kilometers from east to west. In addition, it has a 
multifunctional ecosystem ranging from tropical rain forest in upstream watershed area to a complex regime of water 
quality: freshwater, brackish and saline water with tidal and sea water intrusion influences from the Gulf of Thailand, 
runoff in monsoon seasons via twelve major rivers and various streams, and general drainage (Ratanachai and 
Kanchanasuwan, 2005). Tropical shallow lakes have high biodiversity and are also threatened globally from 
anthropogenic pressures and looming global climate change (Cairns and Lackey, 1992; Gopal, 2005; Enric et al, 2007). 
Similarity, Songkhla Lake, the largest lagoonal water body of Thailand, is one example of a tropical shallow lake in 
Southeastern Asia where facing critical euthophication and loss of fish population (Chesoh et al, 2008; Chesoh and Lim, 
2008).  
Monitoring of fish communities is advocated as an alternative to water quality monitoring for assessing ecosystem 
integrity. Actually, some fish species are ubiquitous in all habitats, mostly are migratory species: anadromous, 
catadromous, amphidromous, and oceanodromous, and so have specific habitats in Songkhla Lake (Choonhapran, 1996). 
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Several multivariate methods have been used to explain the assemblage structures and distribution patterns of fish 
including multivariate analysis of variance (Gauch, 1982; Jackson and Harvey, 1989; Ahmadi-Nedushan, et al, 
2006).Unfortunately, ecological data are also some of the most complex, especially at large spatial and temporal scales 
concerning species composition and environmental factors, to analyze while the available resources often limit sample 
sizes. Statistically, principal components analysis (PCA) is an effective method of addressing the problems of large 
numbers of variables, multicollinearity and small sample sizes and PCA is also the approach most widely used to reduce 
the size of complex ecological data without losing information inherent in the data (Brazner and Beals, 1997, Vaughan 
and Ormerod, 2005, Chen el al, 2008).  In this study, we attempt to analyze fish assemblage patterns across time and 
across species in catch weights of fishery landings from Songkhla Lake over a four years period. We applied an 
interesting principal components regression approach, a regression-based method for successfully dealing with 
multicollinearity and giving results in estimation and prediction better than ordinary least squares (Fekedulegn et al, 
2002), and revealed different temporal patterns across species. A form of ordination of regression coefficients was used 
to break the fish species into each distinct category, again using interesting methodology that is not widely presented in 
this discipline.    
The advantage of this study is that it provides a statistically valid model for measurement of ordering of species. It can 
then be used to provide essential information for ecosystem-based approaches to fisheries management in tropical 
shallow lakes as Songkhla Lake of Thailand.  
2. Materials and Methods 
Study area and data source 
Songkhla Lake is shallow (depth 1-2 m) and located on the lower east coast of the peninsular opening to the Gulf of 
Thailand between latitudes of 7° 10' to 7° 50' N and longitudes of l00° 05' to 100° 40' E (Figure 1). The Basin spans 
about 150 kilometers from north to south and about 65 kilometers from east to west. The water regime is  complex, 
with tidal and sea water intrusion influences from the Gulf of Thailand, runoff in monsoon seasons via twelve major 
rivers and various streams, and general drainage.   
There are ten major fish catch landing sites around the entire Songkhla Lake (Figure 1): Khu Tao (KT), Kuan Nieng 
(KN), Pak Pa Yoon (PY), Jong Ke (JK), Lampam (LP), Thale Noi (TN), Ra Nod (RN),   Ko Yai (KY), Khu Kud (KK) 
and Hua Khao Daeng (HD). These sites were selected for data collection from January 2003 to September 2005 by the 
National Institute of Coastal Aquaculture (NICA) of the Department of Fisheries of Thailand, and thereafter to 
December 2006 by the current authors. Data include daily records of species, weight of the catch; gear types used, and 
catch value. Fish samples were classified following scientific taxonomic systematics. In addition, six categories were 
defined in terms of biological and habitat characteristics: vertebrate or invertebrate, and freshwater, estuarine and 
marine habitat, following Choonhapran, 1996. 
[Figure 1 about here] 
Statistical Analysis 
Various statistical methods are available for clustering aquatic and marine organisms according their patterns of 
variation in space and time (Hawkins et al, 2000; Joy and Death, 2000; Fre´dou et al, 2006). Clarke and Warwick (1994) 
have outlined many of these methods in detail. They include data transformation using square roots, fourth roots or 
logarithms to remove skewness, principal components analysis of covariance matrices, and ordination procedures based 
on Bray-Curtis similarity indexes giving multidimensional scaling (MDS) plots used to cluster taxa in space and time.  
In this study, seasonal comparisons of fish abundance in terms of catch weight were transformed by taking natural 
logarithms to address statistical analysis requirements. Since the total catch weight (wt) for a given species in a specific 
month can be zero, we used the transformation 

)1ln( += wty .                                      (1) 
After preliminary analysis of average monthly catch weights and corresponding monetary values for each species over 
the four-year period, and changes in the annual total catch weights for each species from one year to the next, we then 
fitted a linear regression model to the log-transformed monthly catches. The model used is an extension of two-way 
analysis of variance (ANOVA) incorporating additional terms based on a PCA (Good, 1969; Theil, 1983; McNeil and 
Tukey, 1973; Booth et al, 2002). Briefly, PCA is a multivariate technique for examining the relationship between 
several quantitative variables. Fisheries data are commonly subject to atypical errors; especially the large number of 
variables measured, highly skewed and zero-inflated, resulting in outliers when modeling. A PCA can be used to reduce 
the size of a large set of the original variables with a few PCs without losing information inherent in the data (Cooley 
and Lohnes, 1971; Jackson and Chen, 2003; Chen et al, 2008).  
The two-way ANOVA method is the simplest regression model that allows for differences between species (s) and 
month (t), and is expressed as the additive combination 
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tssty νμ += ,                               (2) 
This model has S + T parameters, where S and T denote the numbers of fish species groups and observation months, 
respectively. It assumes that the distribution of a species group over the observation period is the same for all species 
groups, only differing in level through the parameter 　s. Similarly the model assumes that the temporal pattern 　t is 
the same for all species groups.  
PCA was performed on the correlation matrix from the complete set on 127 fish species and 48 months (2003 to 2006) 
of catch weights data record. Equation (2) can be generalized to overcome these limitations by defining predictor 
variables as principal components )(k

tβ defined as the eigenvectors of the covariance matrix of the data, ordered by 
decreasing size of their corresponding eigenvalues (see, for example, Johnson and Wichern, 1998), namely, 
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In this formulation the data matrix has successive months as its T column variables and species as its S rows and we 
assume S > T.  Each eigenvector is scaled to have sum of squares equal to 1 and each pair of eigenvectors has sum of 
products equal to 0. The number of predictor variables selected for inclusion in the model will depend on biological 
considerations and the amount of total sample variance explained. The model (eqn 3) has taxa-specific parameters 　s 
encapsulating the variation in catch weights between species, and m sets of coefficients )(k

sα , k = 1,2, …, m, denoting the 
extent to which the taxa have each of the m specific time-changing patterns. A detailed analysis of the goodness-of-fit 
that highlights individual anomalies involves graphing residuals against corresponding quantiles from the standardized 
normal distribution. 
An advantage of this method over the more conventional approaches described by Clarke and Warwick (1997) is that it 
routinely provides standard errors for the taxa-specific parameters )(k

sα , k = 1,2, …, m, which in turn provide a valid 
statistical basis for pairwise comparisons of species based on chi-squared tests on Euclidean distances between their 
locations in the corresponding m-dimensional space (Anderson and Millar, 2004; Anderson, 2005; Legendre, 2005; 
Legendre et al, 2005).  
We used the R statistical system (Venables and Smith, 2004) for statistical model fitting, assessing the goodness-of-fit, 
and plotting data, fitted models, parameters and confidence intervals. 
3. Results 
General catch information 
During the 4 year study period from January 2003 to December 2006, the mean annual catch in Songkhla Lake was 
2,499.9 tonnes (range 2,388.2 – 2,643.0). These fish were caught by three major types of fishing gear: set-bag net 
(64.7% of catch weight), followed by traps (21.8%) and gill nets (13.5%).  The most productive fishing ground was 
the Lower Lake and this accounted for 60% of the total annual catch, comprising the major groups of high economic 
importance among brackish and marine fish species. The second most productive fishing ground was the Middle Lake 
(22.8%), dominated by brackish and euryhaline fish, and followed by the Upper Lake (17.2%) where the most abundant 
fish in the catch were freshwater fish species. A total of 127 aquatic animal species belonging to 68 families were 
caught.  
Figure 2 shows normal quantile plots of the 6,096 (48 months by 127 species) monthly catch weights, before and after 
taking the transformation (1). The distribution of the raw weights is highly skewed (skewness coefficient 18.6) with the 
bulk of the catch weights less than 10,000 kg. There were only two monthly catches for any species exceeding 50,000 
kg, namely 158,230 kg for greasy back shrimp in March 2003 and 149,240 kg for short-nose pony fish in March 2006. 
Even when these two outliers are omitted the skewness is still high, though reduced to 5.7. In contrast, the transformed 
catch weights are well approximated by a normal distribution. 
[Figure 2 about here] 
Figure 3 shows scatter plots of the average catch weights per month for each of the 127 species over  a four year 
period of the study (horizontal axis) and corresponding monetary values (vertical axis). The data are plotted linearly in 
the left panel and using log scales on each axis in the right panel. The alphabetic symbols denote species with 
noteworthy characteristics (see Table 1 for codes). 
[Figure 3 about here] 
The monetary values (in 1,000s of Baht per tonne) are computed simply by multiplying the average catch weights by 
the corresponding price per unit in weight. The four leading species (Broadhead anchovy, Sumatran silverside, 
Chacunda gizzard shad, and Black tiger shrimp) accounted for 21.4% of the total catch weight, contributing 6.35, 5.32, 
5.28 and 4.46 percent, respectively. In monetary value, the four most valuable species (Black Tiger Shrimp, Chacunda 
gizzard shad, Sumatran silverside, and Greasy Grouper) accounted for 23.7% of the total value of the catch, 
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contributing 10.67, 5.05, 4.24, and 3.70 percent, respectively. The fish with highest value (the Greasy Grouper; 250 
baht per kilogram) made a relatively small contribution to the catch weight (1.95 tonnes per month). In contrast, the 
leading species (Broadhead anchovy; 30 baht per kilogram and used mainly for duck food) made a lesser value 
contribution.   
Annual changes in catch weights from 2003-2004, 2004-2005 and 2005-06 for each species are shown in Figure 4.  
Most estuarine (green colour) and marine (magenta) invertebrates exhibited overall serious decline from 8.3%, 0.4% 
and 13.4%, followed by freshwater fish (blue and one brown colour) from 9.2%, 23.9% and 1.4%, respectively, while 
estuarine (red) and marine (grey) vertebrate exhibited quite steady change in study period from 16.7%, 3.1% and 
15.4%.  
[Figure 4 about here] 
Temporal patterns of catch species diversity  
The catch weights of 127 fish species in 48-monthly collections from 2003 to 2006 were modeled using Equation (3). 
The goodness of fit of the model shows that m = 4 components fit the data reasonably well, with r2 equal to 0.877, 
although the residuals plot indicates some departure from the statistical normality assumption. The r2 value for the 
simple additive model based on Equation (2) was 0.722, whereas the values for model (3) were 0.776, 0.829 and 0.859 
for m = 1, 2 and 3, respectively. Because the four components each have sum of squares equal to 1, the standard errors 
for the )(k

sα  coefficients are all the same, having estimated value 0.489. (Note that the 　. coefficients reflect the 
overall catch weights without regard to month-by-month changes, and thus depend largely on the biomass of the various 
species in the Lake.)  
From the distribution of eigenvector plots of each of four components )(k

tβ , k = 1, 2, 3 and 4, all series display 
interpretable temporal patterns. The first component shows a similar seasonal pattern for the whole period, with a spike 
occurring in March of each year. As shown in Figure 5, this pattern is characterized by species like Russell’s snapper 
(Lutjanus russellii) Red tilapia; alien hybrid fish (Oreochromis niloticus  Χ  O. Mossambicus), and Horse face roach 
(Acantopsis choirorhynchos), as shown in Figure 6.  
[Figure 5 about here] 
[Figure 6 about here] 
The second component also shows a regular seasonal pattern with peaks occurring in February and declining to a 
minimum in December of each year after dipping in March. There is no species that solely exhibits this pattern, but it is 
clearly present in Spanish mackerel (Scomberomorus commerson), Dusky Jack (Caranx sexfasciatus) and Indo-pacific 
mackerel (Scomberomorus guttatus), as Figure 7 shows. However, these three species have maximum catch weights in 
March, indicating sufficient presence of the first component to offset the second component’s March dip.  
Figure 8 also shows three species that are characterized by third model component pattern: three-spot gourami 
(Trichogaster trichopterus), Croaking gourami (Trichopsis vittata), and Snakeskin gourami (Trichogaster pectoralis) 
with peaks occurring in November and declining to a minimum in March and April of each year. 
Figure 9 shows three species that to some extent follow the pattern of the fourth component are characterized as species 
black tiger prawn (Penaeus monodon), black lancer catfish (Mystus cavasius), and shortnose ponyfish (Leiognathus 
brevirostris) with the slightly increasing trend to the recent year. In contrast to the regular seasonal cycles exhibited by 
the first two principal components, the third and fourth components are less regular and show an upward trend that rises 
more sharply in the most recent year of the study period. 
[Figure 7 about here] 
[Figure 8 about here] 
[Figure 9 about here] 
Figure 10 shows scatter plots of the component coefficients )(k

sα , k = 14, with the first two components plotted against 
each other on the left and the third and fourth on the right. In each plot pairs of points are joined if the distance between 
them in their four-dimensional space is not statistically significant at the 5% level. These p-values are the probabilities 
that a chi-squared statistic with 4 degrees of freedom exceeds D/(2　2), where D is the Euclidean distance between the 
two points and 　 is the common standard error of the )(k

sα coefficients (0.489).  
[Figure 10 about here] 
Two distinct clusters are clearly separated. The smaller cluster contains all freshwater species of vertebrates (blue 
symbols) and the single freshwater invertebrate (the giant freshwater prawn, brown, labeled g), whereas the second 
group contains all marine vertebrates (grey) and invertebrates (green). The estuarine species, red for invertebrates and 
magenta for vertebrates, appear in both clusters.  
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The graph also shows a small disconnected cluster of marine vertebrates labeled by the symbols T (Spanish mackerel), 
U (dusky Jack) and e (Indo-Pacific mackerel), and singleton disconnected species labeled by the symbols V (greasy 
back shrimp), N (black lancer catfish), X (sand goby), a (spotted green pufferfish), b (cuttlefish), c (largescale 
tonguesole), d (spotted codlet) and f (lined silver grunt). The other points labeled with lower-case letters from g to z 
comprise all the remaining invertebrates, identified individually in Table 1, and includes all species not connected to 
other species of the same type within the same cluster.  
[Table 1 about here] 
Note that 12 of the 18 marine invertebrates are located within the smaller of the two clusters together with all the 
freshwater fish and two of the four estuarine invertebrates, whereas the other six are located in the larger cluster of 
estuarine and marine vertebrates. 
4. Discussion 
Our statistical model involves four components and gave an r-squared value of 87.7%, with the first four components, 
67.3 % of the total variance could be explained. Although the model based on equation (2) had the correlation matrix 
from a data set of 127 species and 48 months and equation (3) had m equal 4 whereas S equal 127 that given a large 
number of parameters. Jong and Kotz (1999) reported the results of merging the concepts of PCA and multivariate 
regression showing the equivalence of optimization criterion involved in each one of them and also presented the scale 
invariance property of PCA derived by regression approach. This property allows us to rescale PCA without changing 
their capabilities. As previous mentions, PCA is a well known technique the aim of which is to synthesize huge amounts 
of numerical data by means of a low number of unobserved variables, called components while as least-squares 
techniques, commonly known, are not robust in the sense that outlying measurements can arbitrarily skew the solution 
from the desired solution (Hampel et al, 1986; Jolliffe, 1986). PCA is also of interest because they describe the 
predominant temporal (seasonal and trend) patterns present in the data. Even where trends are relatively small compared 
to seasonal patterns, they can highlight features of practical importance that might reflect lack of sustainability the fish 
catch or environmental degradation in the Lake. Throughout the study, the model was effective in clearly separating 
four distinctive fish community clusters. The first two components show purely seasonal patterns; the first pattern 
shows a spike occurring in March and the second has a peak in February with a gradual decline to December followed 
by a sharper increase. The third and fourth patterns show less pronounced seasonal effects with a trend increasing in the 
most recent year (2006).  
Freshwater fish, together with black tiger shrimp, giant freshwater prawn, white seabass and mullets showed increasing 
catch weights, while other Penaeid shrimp (greasy back shrimp, green tiger prawn and small white shrimp), Mantis 
shrimp, Hamilton's thryssa (Thryssa dussumieri), and Chacunda gizzard shad decreased. In fact, the overall fishing 
effort in the Lake was fairly stable in time because both fishing gear and number of fishermen did not change 
substantially (NICA, 2007). Therefore, the increasing trend of black tiger prawn, giant freshwater prawn, white seabass 
and freshwater catfish might be due to increased seeding, stock enhancement and fishery rehabilitation projects by 
governmental agencies (NICA, 2007). However, increasing catch quantities may signal over-fishing and sizable 
quantities of by-catch fish caught unintentionally. Catch weights of large tooth flounder (Pseudorhombus arsius), 
bigeyed sand goby (Gnatholepis alliurus), short-nosed pony fish (Leiognathus brevirostris), naked-head glassy perchlet 
(Ambassis gymnocephalus) and starry triggerfish (Abalistes stellaris) increased whereas most estuarine and marine 
invertebrates and some high value freshwater fish had overall declines.   
Plots of regression coefficients of principal components show two distinct clusters clearly separated between freshwater 
and saltwater fish. Some estuarine species (invertebrate and vertebrate) appear in both clusters because diadromous and 
euryhaline fish can adapt to a wide range of salinities and migrate between fresh and salt water (McDowall, 1995; 
Musick et al, 2001; Welcomme et al. 2006). For example, different life stages of Penaeid shrimp have distinct salinity 
preferences despite being marine invertebrate (Dall et al, 1990). Wirth et al (2004) reported that Penaeid shrimp can be 
raised in low salinity (1.56 ppt) geothermal water at inland sites without adverse effect on growth and survival. 
Furthermore, these estuarine and marine invertebrate are usually found in shallow, semi-enclosed estuarine bays in the 
southern Gulf of Thailand (Hajisamae et al, 2006), and generally spawn and spend much of their adult life in saltwater 
or offshore, but enter the Lake seasonally (Yanez-Arancibia et al, 1994; Hajisamae et al, 2003; Khongchai et al, 2003).  
The croaking gourami (Trichopsis vittata) is very sensitive to salinity change from freshwater (Liengpornpan et al, 
2004), and appears at the bottom left of Figure 7 (labeled Z) within a sub-cluster of marine fish. The high salinity 
offshore marine vertebrates such as Spanish mackerel (Scomberomorus commerson), Dusky Jack (Caranx sexfasciatus), 
and Indopacific mackerel (Scomberomorus guttatus) are found from the edge of the continental shelf to shallow coastal 
waters (Froese and Pauly, 2004), and appear at the top right of Figure 7 (labeled T, U and e, respectively). The spotted 
green pufferfish (a), spotted codlet (d), lined silver grunt (f), Greasy back shrimp (V) and Sand goby (X) appear as 
singletons disconnected to other major marine vertebrates, and have a less regular catches with substantial seasonal 
variation in monthly catch weights.  



Vol. 3, No. 5                                                                  Modern Applied Science 

 184 

The salinity in various locations in the Lake also depends on the season, dropping substantially during the heavy 
monsoon that usually occurs from October to December (Chesoh and Lim, 2008). These seasonal patterns affect fish 
distribution and food web structure from different habitats (Winemiller and Jepsen, 1998; Thompson and Townsend, 
1999; Gibson et al, 2000), and encourage major events in the life cycle of each species that take advantage of increased 
productivity. Alien fish species, namely Mozambique tilapia, hybrid red tilapia and African walking catfish, are 
increasingly found in the Lake and might destroy native species or alter the gene pool (Balon and Bruton, 1986; 
Salonen and Mutenia, 2007). 
This study reflects the broad band of fish assemblage distribution according to distance from the Lake’s junction with 
the Gulf of Thailand from saline to brackish water to freshwater, with some species confined to specific salinity bands, 
some euryhaline marine invertebrate species preferring to feed in low salinity biotopes, and others dwelling everywhere. 
Generally, the lake fishing is based on trapping the fish on their passage from their feeding ground to spawning and 
nursery grounds (Katselis et al, 2003).  This seasonal pattern reinforces that these migratory fish species in tropical 
shallow lake need to be managed for sustaining their diversities.   
Various manuals commonly used multivariate analysis package in ecology, in summarizing the methods that are 
currently used for analyzing fish community data. However, these methods are most commonly used for abundance as 
measured using counts of fish, presence or absences, or semi-quantitative measures, rather than monthly catch weights. 
Our model presents a valid statistical basis for pairwise comparisons of species using chi-squared tests on Euclidean 
distances in the ordination space, regression coefficients was used to break the fish species into distinct categories. 
However, the study does not take account of environmental factors and types of fishing gear used. Generally, 
multivariate regression models are performed by applying criterion of minimizing residual sum of square without 
employing the concepts of eigenvectors and eigenvalues. PCR purpose is not to obtain the best of the linear 
transformation matrix but rather to solve the problems of multicollinearity among predictor variables (Jong and Kotz, 
1999).  Therefore, application of linear regression approach to principal component analysis in fishery data will be 
widespread and increasing. We confirm that the robust techniques like those proposed will prove useful as linear 
models are used to represent more realistic data sets. 
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Table 1. Species disconnected from a single cluster 
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Figure 1. Map of Songkhla Lake and ten fish catch landing sites for data collection 

 

Figure 2. Distributions of monthly catch weights before and after data transformation 



Modern Applied Science                                                                  May, 2009 

 189

 

Figure 3. Scatter plots of average monthly catch weights and monetary value for each species 

 

Figure 4. Annual catch weight changes for each species from 2003-2004, 2004-2005 and 2005-06 
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 Figure 5. Plot of first four principal components of catch weights 

 

Figure 6. Monthly catch weights of species characterized by first model component 
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Figure 7. Monthly catch weights of species containing second model component 

 

Figure 8. Monthly catch weights of species containing third model component 
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Figure 9. Monthly catch weights of species containing forth model component 

 

Figure 10. Scatter plots of regression coefficients of principal components 

 


