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Abstract

This study investigated the potential use of two “species distribution models” (SDMs),
Mahalanobis Typicality and Maxent, for aquaculture site selection. SDMs are used in
ecological studies to predict the spatial distribution of species based on analysis of
conditions at locations of known presence or absence. Here the input points are aquaculture
sites, rather than species occurence, thus the models evaluate the parameters at the sites
and identify similar areas across the rest of the study area. This is a novel approach that
avoids the need for data reclassification and weighting which can be a source of conflict and
uncertainty within the commonly used multi-criteria evaluation (MCE) technique. Using
pangasius culture in the Mekong Delta, Vietnam, as a case study, Mahalanobis Typicality
and Maxent SDMs were evaluated against two models developed using the MCE approach.
Mahalanobis Typicality and Maxent assess suitability based on similarity to existing farms,
while the MCE approach assesses suitability using optimal values for culture. Mahalanobis
Typicality considers the variables to have equal importance whereas Maxent analyses the
variables to determine those which influence the distribution of the input data. All of the
models indicate there are suitable areas for culture along the two main channels of the
Mekong River which are currently used to farm pangasius and also inland in the north and
east of the study area. The results show the Mahalanobis Typicality model had more high
scoring areas and greater overall similarity than Maxent to the MCE outputs, suggesting, for
this case study, it was the most appropriate SDM for aquaculture site selection. With suitable

input data, a combined SDM and MCE model would overcome limitations of the individual



28

29

30

31
32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

approaches, allowing more robust planning and management decisions for aquaculture,

other stakeholders and the environment.

Keywords: Aquaculture, GIS, Maxent, Mahalanobis Typicality, Multi-criteria
evaluation, site selection

1.1. Introduction

One of the most important decisions for aquaculture is site selection as it provides the
foundations not only for economic benefit, but also the sustainability, reputation and
longevity of an individual farm and the industry as a whole. Site selection influences almost
all aspects of aquaculture, including production and economic performance (Llorente and
Luna, 2013), environmental impact (Wu, 1995), social acceptability (Katranidis et al., 2003)
and the location may even have consequences for human health (Jang et al., 2006). As land
and water are finite resources, space for aquaculture and competing industries is limited so it
is vital that site selection is planned and managed appropriately. Unplanned development in
the past has resulted in environmental, economic and social issues (Afroz and Alam, 2013;
FAO, 2014; Suplicy et al., 2015) but even planned development can have negative
consequences if insufficient information is available, plans are ill-defined and site
allocation/selection is inappropriate for the species, system, community, other resource
users and the environment. Decision support tools including spatial models are valuable
sources of information when developing strategies and plans for development (Aguilar-
Manjarrez et al., 2010; Ross et al., 2013). However, it is important to ensure the decision
support tools and methodologies are both relevant and useful for the overall purpose and

alternative approaches should also be considered alongside more established techniques.

Spatial modelling has been used to identify suitable sites for many different aquaculture
species and systems throughout the world (Aguilar-Manjarrez et al., 2010; Ross et al., 2013)

and one of the most common methods is the use of multi-criteria evaluation (MCE) (e.g.
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Buitrago et al., 2005; Salam et al., 2005; Radiarta et al., 2008, Hossain et al., 2009; Ross et
al, 2011). The MCE approach combines multiple variables in a structured model (e.g.
temperature, depth, distance to markets etc) using a weighted overlay where the weights are
proportional to importance (Nath et al., 2000). This is advantageous, as it allows assessment
of the spatial variability of the biological, environmental, and socio-economic characteristics
relevant to an aquaculture site, includes consideration of the different levels of importance
amongst parameters and provides a qualitative and quantitative output which is useful and
easy to understand for decision makers. However, development of such models requires
knowledge not only of the species and systems but also their relationship with the relevant
key parameters, so enabling reclassification to a common scale and assignment of weights.
Model developers can employ their own experience and knowledge, values from literature
and/or expert and stakeholder opinion within the process, but difficulties arise if there is
disagreement or insufficient information to develop a robust model. Therefore in some cases
an alternative approach which does not involve reclassification or weighting may be

preferable.

“Species distribution models” (SDMs) are numerical tools which use observations of species
occurrence or abundance together with environmental variables to predict probable species
distribution across a study area (Elith and Leathwick, 2009). SDMs, habitat suitability models
(HSMs), ecological niche models and bioclimatic envelope models all address similar issues
and terminology can be confusing (Hirzel and Lay, 2008; Bradley et al., 2012). The term
SDM is used in this study as it is one of the more popular terms. Generally, SDMs
extrapolate species location data in space based on correlations of occurrence with selected
environmental variables (Franklin, 2010). Their primary use is to explain or predict species
distributions and the information provided can help with conservation planning, assist the
understanding of evolution, predict climate change impacts and assess invasive species
(Elith and Leathwick, 2009). However, recently, applications of SDMs have become more

diverse and some studies have used them for other purposes, such as the estimation of the
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monthly probability of wildfires (Peters et al. 2013) and to map landslide susceptibility

(Felicisimo et al., 2013).

Furthermore, Evans et al. (2010) suggested that presence-only SDMs show potential as a
method to assess the suitability of geographic regions for biofuel feedstock production.
Using similar logic, SDMs could be used to assess the suitability of an area for aquaculture
production. Replacing the species location data with farm location data would allow the
model to assess conditions at those sites, extrapolating the analysis to the whole of the
study area to identify further areas that have similar conditions to the input farms and are

thus also suitable sites for aquaculture.

Unlike the MCE approach, the use of SDMs requires no prior information on how farmed
species are influenced by the variables and there is no need to reclassify data or establish
weightings. The data needed are the location of the existing farms and spatial layers of key
variables which are thought to influence the location of those farms. Consequently, the use
of an SDM could provide an alternative option for site selection assuming that the selected
farms used within the SDM process are in suitable locations for aquaculture and that similar
areas could also be made available for development. The aim of this study was to
investigate the potential use of two SDMs, Mahalanobis Typicality and Maxent, for

aquaculture site selection.

2.Methodology

2.1. Study area and farm locations

The study area (total land area approximately 46000km?) was located in the Mekong Delta in
Southern Vietnam (Figure 1), which is the largest aquaculture production area in the country
(Raux et al., 2006). Rapid growth of the Viethamese aquaculture industry has occurred in

recent years and the culture of pangasius (Pangasianodon hypopthalmus) is the most
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important sector in terms of production and value (FAO FishStat Plus, 2014). Pangasius
farming occurs along two main branches of the Mekong River (Phan et al., 2009; De Silva
and Phuong, 2011), however, the potential for expansion and development of new
pangasius farms along the river is limited as there is competition with other users and land
prices, which are expensive to begin with, continue to rise (Bosma et al. 2005; Phan et al.
2009). This area was selected as a suitable case study as alternative locations may be

required for future aquaculture development.

Pangasius is an obligate air-breathing species that can tolerate high stocking densities
(Phuong and Oanh, 2009) and environmental conditions that would otherwise be fatal to
most aquaculture species (Belton et al., 2011). Consequently, it is farmed in highly intensive
systems, with high production levels (De Silva and Phuong, 2011). Farms in the Mekong
Delta typically consist of earthen ponds with an average water depth of 4 m and regular
water exchange (Phan et al., 2009). As pangasius is a freshwater species, saline intrusion in
the delta may impact production, particularly in the dry season. The dry season in the
Mekong Delta lasts from December to April, with a rainy season from May to November

(Sakamoto et al., 2009).

The locations of 192 pangasius farms (Figure 1) were obtained from a survey conducted as
part of the EU FP7 Sustainable Ethical Aquaculture Trade (SEAT) project (Little et al., 2009).
SDMs require input points which normally represent the presence or absence of the studied
species. In this study the input points represent the presence of an existing pangasius farm
as the models will use this information to identify further similar areas based on the
conditions at these locations. The surveyed farms were considered appropriate for use in the
models as they had successfully produced at least one crop of pangasius and they were all

located in the main area used for pangasius culture in Vietnam.
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2.3. Models

In order to assess the potential use of SDMs as an alternative approach to MCE for
aquaculture site selection, four models were compared; two SDMs and two MCE models. As
there is almost always more than one way to construct an MCE model, two models were
developed using different reclassification methods; a User-defined MCE model and a Fuzzy
MCE model. Mahalanobis Typicality and Maxent were selected as two SDMs with a
contrasting approach. The former considers the variables to be of equal importance, while
the latter assesses the variables to identify the most important variables which explain the

spatial distribution of the input points.

The main differences in required user/developer input for the MCE models and the two SDM
models are highlighted in Figure 2. Both MCE and SDM approaches require user input for
data identification, collection and processing into layers for use in the models. The MCE
approach also requires the user to design the model structure, reclassify the data and weight
layers and submodels. With regard to SDMs, Mahalanobis Typicality needs no user input
beyond the development of data layers, while Maxent has settings which must be adjusted

depending on the scope of the work.

Further details on each modelling approach are found in their respective sections below.
IDRISI Selva [Clarks Lab, Massachusetts, USA] was used as a modelling environment and
each data layer was processed to have a spatial resolution of 30m and georeferenced using

the UTM reference system (UTM-48N).

2.3.1. Variables

Variables were selected after visits to the study area and discussions with aquaculture
experts with experience of Vietnamese pangasius production to identify key parameters

which are important for a pangasius site (Table 1). The parameters were selected for initial
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site identification and assessment of the physical features of the site, further analysis at a
more local scale would be needed to assess other parameters and ecological and
production carrying capacity (Ross et al., 2013). Although both categorical and continuous
variables can be analysed by Maxent and can be integrated within an MCE, only continuous
variables can be used within the Mahalanobis Typicality approach, therefore categorical
variables, such as land use, were not included. Across the study area temperatures are
constantly within optimal ranges for pangasius (22 to 30°C) throughout the year and there is
little spatial variation, therefore temperature was also excluded from this study although it
would be important in other locations. Rainfall was not considered as a potential water
source as pangasius farming systems require a lot of water and generally use the main

Mekong River or smaller rivers and canals as primary inputs (Phan et al. 2009).

2.3.2. Multi Criteria Evaluation (MCE) models

After discussion with aquaculture experts and stakeholders, the layers were arranged in four
submodels; salinity (salinity dry season and salinity rainy season), land (slope and soil),
water (waterbodies and population) and access (urban areas and roads) (Figure 3). The first
stage of the MCE models involved data reclassification to ensure the parameters were on a
common scale. There are numerous methods of reclassifying data and a fundamental part of
model development is deciding the most appropriate reclassification scheme to use. For the
purpose of this study, two methods which have been used in previous aquaculture site

selection studies were selected; user-defined hard classification and fuzzy classification.

Both reclassification methods have advantages and disadvantages in their use. User-defined
hard classification, where the user specifies the values within the classes (Eastman, 2012),
is one of the most commonly used reclassification schemes in aquaculture site selection
studies (Giap et al., 2005; Salam et al., 2005; Hossain et al. 2009; Ross et al., 2011). This

method is beneficial as it provides a range of suitability classes which are easily interpreted
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by decision makers. However, for some parameters (e.g. temperature) there can be
uncertainty associated with distinct hard boundaries (Eastman, 2012), thus some studies
have used fuzzy classification (Falconer et al., 2013) where there are no hard boundaries
between the classes and the transition is gradual between membership and non
membership (Zadeh, 1965; Eastman, 2012). Nevertheless, in the absence of distinct

categories the results may be more difficult to interpret.

Suitable reclassification values for the two methods were developed from the literature; user-
defined (Table 2) and fuzzy (Table 3). The user-defined reclassification adopted a five-point
categorical scale (1 = “highly unsuitable”, 2 = “unsuitable”, 3 = “intermediate” (neither
suitable nor unsuitable and requires further investigation), 4 = “suitable” and 5 = “highly
suitable”) while the fuzzy reclassification used a continuous scale from 0 to 1 (not suitable to
highly suitable). All parameters within the fuzzy reclassification were considered to have a
sigmoidal ("s-shaped") fuzzy function within the IDRISI fuzzy module (Eastman, 2012).
Weights (Figure 3) were established after discussions with farmers and other stakeholders
during visits to the region and consultation with a panel of six aquaculture experts with
knowledge of pangasius farming in Vietnam. As the final site suitability model included the
combination of four submodels, the Analytical Hierarchy Process (AHP) was used to

calculate weights for the MCE (Saaty, 1977; Eastman, 2012).

2.3.3. Species distribution models (SDMs)

There are two categories of SDMs, presence/absence and presence-only.
Presence/absence SDMs require absence data which infers the location is unsuitable for a
species; however, in the case of aquaculture, absence does not necessarily mean the area
is unsuitable; therefore presence/absence models were considered inappropriate here. Two
presence-only approaches were used. The first was the Mahalanobis Typicality modelling

approach, derived from Mahalanobis distance, where the results express the degree to
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which the values of a set of variables at a location are typical of the conditions found in
training data (Sangermano and Eastman, 2007; Eastman, 2012). The second approach
involved the use of Maxent; a software which uses the principle of maximum entropy to
estimate suitability (Phillips et al., 2006). The principle of maximum entropy aims to find a
marginal suitability function for each variable that matches the input data, is maximally
uninformative elsewhere and has a mean equal to that of the input data (Warren and Seifert,
2011). Mahalanobis Typicality assumes that all variables are of equal importance
(Hernandez et al., 2006) whereas Maxent is a general-purpose machine learning method
which analyses the variables to assess which contribute the most to the distribution of the

input data (Phillips et al. 2006).

Both methods have their strengths and weaknesses as SDMs. The advantages of the
Mahalanobis Typicality approach are that it can be executed rapidly and requires minimum
computation (Sangermano and Eastman, 2007). On the other hand the variables must be
continuous and they are all assumed to be of equal importance (Eastman, 2012) which may
be incorrect as some variables may be more important in terms of distribution. By contrast,
Maxent is a popular tool for ecologists (Phillips et al., 2006; Phillips and Dudik, 2008; Elith et
al., 2011) as the software is easy to use (Merow et al., 2013), it can include both continuous
and categorical data (Phillips et al., 2006) and often outperforms other predictive methods
(Elith et al. 2006; Merow et al., 2013). However, the software is flexible with multiple different
settings and although this can be advantageous, many authors (including Phillips et al. 2006;
Phillips and Dudik, 2008; Baldwin, 2009; Elith et al. 2011; Warren and Seifert, 2011; Merow
et al. 2013) have highlighted the need for more research and the development of guidelines
regarding the use and settings of Maxent. Although there are many different SDMs available
which could have been used in this study, Mahalanobis Typicality and Maxent allowed a
comparison between an SDM which considered equal importance of variables and another

which assessed the importance of variables in explaining the spatial distribution of farms.
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The Mahalanobis Typicality modelling approach within IDRISI Selva's Land Change Modeler
(see Sangermano and Eastman, 2007; Eastman, 2012 for details) was used. The model was
run ten times and then averaged to produce the final output. For each of the ten runs a
random selection of 75% of the input data (144 pangasius farms) was used to train the
model and the remaining 25% (48 pangasius farms) was used to test the model. Maxent

3.3.3K [www.cs.princeton.edu/~schapire/maxent/] was used (see Phillips et al., 2006;

Phillips and Dudik, 2008; Elith et al. 2011 for details). Again, 75% of the input data points
(pangasius farms) were used for training and the remaining 25% were used for testing
through 10 subsampled replicate runs with a limit of 5000 iterations. The final output was

averaged after the ten runs.

Unlike Mahalanobis Typicality, Maxent does not assume equal importance of the variables
and throughout the analysis it records which variables are contributing to fitting the model
(Phillips, 2006). One of the methods which assesses variable importance is percent
contribution; an estimate of the relative contribution of the variable to the model (Phillips,
2006). The Jackknife test provides an alternative estimate of variable importance. The
Jackknife approach excludes one variable at a time as the model runs, which provides
information on variable performance, particularly, how important each variable is at
explaining the distribution of points (farms) and how much unique information each variable

provides (Baldwin, 2009).

Both Maxent and Mahalanobis Typicality were tested using the area under the receiver
operating characteristic curve (AUC) (Fielding and Bell, 1997). AUC is on a linear scale
where values closer to 1 indicate better results and values of 0.5 or less represent a model
with random predictions (Baldwin, 2009). Swets (1988), cited in Araujo et al. 2005,
recommended that AUC values are interpreted as: AUC > 0.90 is excellent, 0.80 > AUC <
0.90 is good, 0.70 > AUC < 0.80 is fair, 0.60 > AUC < 0.70 is poor and 0.50 > AUC <0.60 is

a fail.
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2.4. Comparison of MCE and SDM approaches

To allow comparison between the approaches, the results were reclassified to a suitability
scale. A five-point categorical scale was considered appropriate, thus there was no need to
reclassify the results of the User-defined MCE model. The output from the Fuzzy MCE
model used a continuous range of suitability scores from 0 to 1 and was reclassified to the
five-point categorical scale. Scores of 0 to 0.2 were considered “highly unsuitable”, 0.2 to 0.4
were “unsuitable”, 0.4 to 0.6 were “intermediate” (neither suitable nor unsuitable and

requires further investigation), 0.6 to 0.8 were “suitable” and 0.8 to 1.0 were “highly suitable”.

The outputs of the Mahalanobis Typicality and the Maxent models are represented by
typicality and Maxent scores, respectively. As noted by Eastman (2012), caution must be
applied when interpreting low typicalites (and scores) as although a low typicality may be
unusual it could still be within a species range. This makes establishing thresholds difficult,
something which is further complicated here as the typicalities and Maxent scores represent
similarity to existing aquaculture sites, and thus suitability for culture, rather than species
range. To account for this, the “unsuitable” and “highly unsuitable” categories were not used
for the SDMs, so scores of 0.001 to 0.6 were considered “intermediate”. The "intermediate”
category is neither suitable nor unsuitable for aquaculture and such areas would require
further investigation to determine suitability. The "intermediate" category is considered
appropriate for use here rather than the "unsuitable" and "highly unsuitable" categories as,
unlike the MCE models, low scores for SDMs do not necessarily indicate the area is
unsuitable for pangasius culture, it only suggests the conditions (of the selected criteria) are
less similar than at input farms. Scores between 0.6 to 0.8 “suitable” and scores greater than
0.8 were “highly suitable”. Scores below 0.001 were considered “not suitable” as these areas

are not similar to the input farms.
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This allowed a visual and qualitative comparison of the results from the User-defined MCE
model and the reclassified Fuzzy MCE model, reclassified Maxent and reclassified
Mahalanobis Typicality models. A quantitative comparison was also carried out by
calculating the area covered by each suitability category and evaluating the locations of the

farms (Figure 1) against the four outputs.

3. Results
3.1. MCE models
3.1.1. User-defined MCE

The results of the User-defined MCE model are shown in Figure 4A. "Unsuitable" and "highly
unsuitable" areas (approximately 13500km? and 100km? respectively) are mainly found in
the south and east of the study area. Almost 25% (~11300km?) of the area is considered
"suitable", while a further 4% (~1900km?) is "highly suitable" for pangasius culture. The
"suitable" and "highly suitable" areas are both found inland along the main Mekong river and

other channels in the north and west of the study area.

3.1.2. Fuzzy MCE

The results of the Fuzzy MCE model are shown in Figure 4B. Over 46% of the study area
(approximately 21600km?) has a score above 0.5 and 9% of the study area (approximately
4100km?) has a score greater than 0.8. Similar to the results of the User-defined MCE model
(Figure 4A), most of the high scoring areas are found along the Mekong River and other

rivers and channels in the north of the study area.
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3.2. SDMs
3.2.1. Mahalanobis Typicality

The results of the Mahalanobis Typicality model are shown in Figure 4C. Each run of the 10
Mahalanobis Typicality model runs had an AUC above 0.9. The output of Mahalanobis
Typicality is in the form of typicality probabilities and how typical each pixel is to the training
data. The highest achievable value is 1, which would indicate the pixel is identical to the
mean variable conditions of the input training data (Eastman, 2012). The model results show

approximately 11500km? of the study area has a typicality of 0.001 or above.

The areas with the highest typicality, and therefore most similar to the mean conditions of
the input farms, are located along the two main branches of the Mekong, where most
pangasius culture already occurs, and in the north of the study area. Over 2200km? has
typicality greater than 0.5 and approximately 900km? has a typicality of more than 0.8. The
Mahalanobis Typicality model also indicates approximately 75% (35000km?) of the study
area has a typicality below 0.001 suggesting these areas are not similar to the mean
conditions of the input farms. These areas are predominately located away from the main

channels of the Mekong, extending across most of the south of the study area.

3.2.2. Maxent

The Maxent output has a probabilistic interpretation where there is a smooth gradient from
least to most suitable conditions (Phillips, 2006) and in this study represents the suitability of
the area for further pangasius farms based on the conditions defined by the input datasets
(Figure 4D). Each run of the 10 Maxent model runs had an AUC above 0.9. Over half the
study area (almost 25000km?) has a score of 0.001 or above, most of these areas are found
inland along the Mekong and in the north of the study area. However, low scores dominate

as only 700km? (<2% of the study area) has a score greater than 0.5 and less than 40km?
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(<0.1%) has a score more than 0.8. These areas are found along the main Mekong river and

adjacent channels, primarily near where the input farms (Figure 1) were located.

The two most important variables with regard to percent contribution were the clay content of
soil and distance to waterbodies (Table 4). With regard to the Jackknife test (Figure 5), the
variable with the highest gain when used in isolation was the clay content of soil which
means it was the variable with the most useful information when used alone. The variable
which decreased the gain the most when omitted was distance to waterbodies suggesting it
had the most information that was not present in other variables. As in the percentage
contribution analysis (Table 4), this again indicated that the two most important variables to
model development according to the Jackknife test were the clay content of soil and distance

to waterbodies.

Response curves generated from Maxent (Figure 6) can be used to evaluate how the model
responds to the variables, which in turn, can be used to help determine model performance.
Figures 6F and 6H show how the model responded to the two most important variables in
model development; clay content of soil and distance to waterbodies. As the distance to
waterbodies increases there is also a sharp decrease in probability of farm presence (Figure
6H) which would be expected as pangasius farming practices often require a lot of water.
Likewise, as salinity increases (in both seasons) the predicted probability of presence (ergo
suitability for farms) decreases (Figures 6C, 6D) as pangasius is usually grown in freshwater

conditions.

3.3. Comparison of the MCE and SDM approaches

The visual comparison of the reclassified model outputs is shown in Figure 7. Tables 5 and 6
contain information on the area covered by each suitability category and the number of

farms located within each suitability category respectively. For both MCE models, "suitable"
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and "highly suitable" areas are mainly found inland, along the Mekong River and in the north
east of the study area (Figure 7). Over 40% of the study area has a "intermediate" suitability
score from the User-defined MCE model, which is greater than the 27% classed as

"intermediate" by the reclassified Fuzzy MCE model (Table 5). The latter is a consequence

of more areas being classed as "highly unsuitable" or "highly suitable".

Most of the study area (75%) is considered "not suitable" by the reclassified Mahalanobis
Typicality model, while just less than half (46%) is considered "not suitable" by the
reclassified Maxent model (Table 5). However, although the output of the reclassified
Maxent model covers a greater extent of the study area, the reclassified Mahalanobis
Typicality has more "suitable" and "highly suitable" scoring areas with 900km? for each
category compared to 400km? (“suitable”) and less than 100km? (“highly suitable”) for the
reclassified Maxent model. This is also highlighted in Figures 7C and 7D, which show the
reclassified Mahalanobis Typicality model (Figure 7C) has more "suitable" and "highly
suitable" areas along the Mekong river than the reclassified Maxent model (Figure 7D);
these areas would be expected to have high scores as the input farms were located here
(Figure 1). Some areas in the north of the study area, near the large waterbody and close to
the Cambodian border are classed as "suitable"/"highly suitable" by the reclassified

Mahalanobis Typicality model.

When farm location is evaluated against the model results almost all farms are found in
"intermediate”, "suitable" or "highly suitable" areas (Table 6). Only one farm (<1% of all
farms) is found in an “unsuitable” area with regard to the reclassified User-defined MCE
model, while 4 farms (<3%) are found in "unsuitable" or "highly unsuitable" areas for the
reclassified Fuzzy MCE model. Likewise, only one farm (<1% of all farms) is found in a "not
suitable" area when compared to the reclassified Mahalanobis Typicality model results and
no farms are found in “not suitable” areas for the reclassified Maxent model. This suggests

that all four models are fit for purpose as site selection tools. Nonetheless, it must be noted

that the SDMs used the farms as part of the modelling process whereas the MCE models did
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not. Furthermore, the thresholds and suitability categories are more appropriate for the MCE
models as 75% of farms are found in "suitable" or "highly suitable" locations for both models,
while only 47% and 57% of farms are located in "suitable" or "highly suitable" areas for the

reclassified Mahalanobis Typicality and reclassified Maxent model respectively.

4. Discussion

This study investigated the potential use of two SDMs, Mahalanobis Typicality and Maxent,
for aquaculture site selection. The SDMs were compared to two models which were
developed using the popular MCE approach. It is clear there are advantages and
disadvantages to each method. The key advantages of the MCE approach are that it is a
well established technique for aquaculture site selection, can combine multiple biological,
environmental and social parameters within one framework and models can be developed to
consider different priorities and scenarios, providing extra support for decision makers and
stakeholders. However, the disadvantages include the requirement for a high amount of user
input during development of the MCE models and the uncertainty that may arise over the
many different ways to construct a logical model. Conversely, a strength of the SDM
approach is that it requires minimal user input compared to the MCE approach (Figure 2),
and there is no need for the user to reclassify or weight the data. This removes some of the
uncertainty in the modelling process, however one of the main disadvantages is the difficulty
in interpreting the output of SDMs compared to the output of the MCE models, which makes
establishing thresholds for decision makers a challenge. The main difference between the
approaches is that MCE models are developed specifically to determine suitability, whereas
SDMs assess the similarity of an area to input farms and suitability is implied from this,

based on the assumption that input farms are located in suitable areas.

For all four models, as with any modelling approach, selection of variables is a key step, and

use of alternative variables may result in different model outcomes. Within the MCE
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approach there are further decisions which will affect the results; data reclassification,
weighting and overall model structure (Figure 2). Although based on scientific knowledge
and experience, most reclassification and weighting values will still rely on an individual or
group judgement as universally accepted scores and weights rarely exist. Expert opinion can
vary substantially (Nath et al., 2000) and alternative decisions may generate different results
with no single definitive “correct” answer (Carver, 2008). Although this can be an advantage
as it allows users to analyse different scenarios and evaluate alternative stakeholder
opinions (Carver, 2008) it can also add to uncertainty and confusion for decision makers. As
shown here, even changing the reclassification method can impact the results. Initially, the
outputs of the MCE models appear to have similar results (Figures 4A, 4B), however, once
the fuzzy results have been reclassified further to a categorical suitability scale it is clear
there are differences (Figure 7, Table 5). The reclassified Fuzzy MCE model has more
"highly suitable" and "highly unsuitable" areas than the User-defined MCE model, whereas
the User-defined MCE model has more areas that are classed as "intermediate" (Table 5).
This suggests the User-defined MCE model averaged out scores more than the Fuzzy MCE

model and thus lost some sensitivity in the final results.

Unlike the MCE approach, the use of SDMs is dependent on the GPS locations of farms.
Such information may be difficult to collect, particularly across large areas and if no, or
insufficient, information is available then SDMs cannot be used; potentially excluding areas
with inadequate data/records as well as undeveloped locations where aquaculture has never
been established. Here, the locations of pangasius farms were obtained from the large-scale
farmer survey (Little et al., 2009); however some studies may be data-poor which could
impact model performance. Likewise, the quality of the input data must also be considered,
as any farm which is used as an input point is assumed prima facie to be a suitable location
for aquaculture. The results of this study (Figures 4, 7) show both SDMs, are heavily
influenced by farm location (Figure 1) as most of the higher scoring areas are found near

where the farms were located. Some clustering of high scoring areas along the two main
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branches of the Mekong would be expected due to the distribution of the input farm data and
may also be a consequence of the variables. The distance layers in particular may have
constrained the higher scores in localised areas, notably the distance to waterbodies layer
which was one of the two most important variables in model development (Table 4, Figure
5). Another reason for high scores localised around the input points in the Maxent output
could be to do with model performance. Maxent is known to overfit results and predicted
distributions are often clustered around points (Baldwin, 2009). Maxent settings can be
adjusted to account for this (Phillips and Dudik, 2008; Baldwin, 2009; Warren and Seifert,
2011; Merrow et al., 2013), however, even within standard applications of SDMs this is an
area that still needs investigation (Anderson and Gonzales Jr, 2011; Warren and Seifert,

2011) and further studies related to aquaculture site selection are necessary.

One of the key strengths of Maxent is the ability to analyse variable contribution (Figure 5,
Table 4) and response curves (Figure 6). This allows the user to understand the contribution
each variable makes to the final model and is essential when interpreting the results. The
response curves can also be used to identify trends in farm locations, however they must be
interpreted with caution. Although most of the response curves (Figure 6) show patterns that
would be expected (e.g. probability of farm presence decreases as distance to waterbodies
increases (Figure 6H)) some require further analysis. Slopes greater than 5% would
generally be considered too steep for pond construction (Hajek and Boyd, 1994), however
the response curve (Figure 6E) suggests only a gradually declining probability of presence
beyond 5%, whereas in reality a sharper decline after 5% would be expected as very few
farms would be developed in such areas. All of the input farms are found in low slope areas,
yet because the slope layer had a very low contribution to the model (0.2%, Table 4) this
was not reflected in the final model output. This highlights the importance of analysing both
variable contribution and the response curves. The use of a constraints layer(s) which
excludes areas where aquaculture must not and should not occur would also be useful for

future studies.
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With regard to accuracy assessment, AUC values above 0.9 were obtained for both Maxent
and Mahalanobis Typicality, suggesting they are excellent predictors of site locations.
However, these values are largely due to the clustered nature of the input data and are not
necessarily informative of the overall results. Although useful for species distribution studies,
AUC and similar tests may be misleading for site suitability assessment which is more
abstract. For this reason, the model results were compared and analysed in a more

qualitative approach.

One of the challenges in using Mahalanobis Typicality and Maxent for aquaculture site
selection is interpreting the outputs in terms of site suitability. Decision makers rely on
thresholds which allow them to make an informed choice but establishing thresholds is
difficult and often relies on judgements. Ultimately, threshold selection will depend on the
aim and scope of the study and there is no definitive method that can be applied universally.
To allow a comparison between the four different approaches, a five-point suitability
classification was used in this study (Figure 7), however an alternative approach for SDMs
may be more appropriate and research is needed into interpreting SDM model outputs for
aquaculture site selection. Caution must be applied when reclassifying SDM outputs in terms
of suitability as SDMs estimate similarity to the input variables rather than optimal values. It
is recommended that any suitability reclassification is transparent so users understand the

context of the model outputs and results.

Assuming all scored areas in the SDM outputs indicate a suitable location for aquaculture
(ignoring degree of suitability), the results of the Mahalanobis Typicality model and Maxent
model show a similar spatial distribution to the “suitable” and “highly suitable” areas of the
MCE models (Figure 7). The south of the study area is considered “not suitable” by the
SDMs and generally "unsuitable"/"highly unsuitable" by the MCE models. Along the Mekong
River is identified suitable for development by all models, as are areas found inland in the
north of the study area. This suggests that, despite their different methodologies, the MCE

and SDMs have similar outputs thus could be used in a complementary approach. A
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combination of both MCE and SDM would provide extra support to decision makers,
alleviating some concerns over the subjective nature of MCEs, while providing a way to
interpret the SDM results in terms of site suitability. The complementary approach could
involve qualitative assessment and evaluation of the individual models, as in this study, or a
more formalised hybrid model where both SDM and MCE model outputs are organised

within a new model structure to produce the final result.

Based on this study, Mahalanobis Typicality appears to show more promise for aquaculture
site selection than Maxent. The Maxent model has a large spatial distribution compared to
Mahalanobis Typicality, however some areas, albeit with low scores, are located nearer the
eastern coast where it is thought that salinity would be a limiting factor, particularly in the dry
season due to saltwater intrusion. Mahalanobis Typicality appears to be more conservative
and has a spatial distribution that would be expected, with scores found in low sloping,
inland areas that are close to waterbodies. The differences in the results are due to the
different modelling approaches and algorithms used. Mahalanobis Typicality considers the
mean variable conditions of the input farms whilst the MCE approach uses optimal values
and ranges. Thus, assuming suitable farms are used as input points, Mahalanbois Typicality
could not only be used on its own for site selection it could also complement the MCE
approach by providing information on areas that are similar to those already in use and it
could even be used to help validate the MCE models. However, Maxent should not be ruled
out completely as it may be useful for other case studies and the ability to analyse variable

contribution is informative for decision makers.

This study has shown that SDMs, particularly Mahalanobis Typicality, could be used,
together with MCE models in a complementary approach, providing a more robust method of
aquaculture site selection. The study focused on several parameters that are important for
the initial site identification and site selection process at the large scale of the Mekong delta,
but there will be other biological and environmental parameters of importance and more

detailed assessment of carrying capacity would be required at the local scale, as discussed



521 in Ross et al., (2013). Further work is necessary, particularly with regard to interpreting the
522  outputs in terms of site suitability if SDMs are to be used on their own as an alternative to
523  MCE. Multiple models could also be combined in an ensemble model rather than focusing
524  on a single model for a result (Araudjo and New, 2007). Additional case studies would be
525 advantageous and there is also the potential to explore other SDMs in addition to

526  Mahalanobis Typicality and Maxent. SDMs provide additional information to support the
527  MCE approach that would otherwise be difficult to acquire. The extra confidence obtained
528 from a combined MCE SDM approach would be of vital importance for the aquaculture
529  sector as sustainable development is dependent on the planning and management

530 decisions associated with site selection.
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Figure 1: Study area (outlined in black) in the Mekong Delta, Vietham. The black points represent pangasius farms.
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Figure 2: Comparison of the required input from the user/developer for the MCE, Mahalanobis Typicality and Maxent models.
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Figure 4: Model results for A) the user-defined MCE model, the categories of
suitability show how suitable the area is for pangasius culture (HU = “Highly
Unsuitable”, U = “Unsuitable”, | = “Intermediate”, S = “Suitable”, HS = “Highly
Suitable”. B) Fuzzy MCE model, the continuous scale from 0.001 to 1 represents
suitability where the most suitable areas would have a score of 1, C) Mahalanobis
Typicality model, the higher the typicality, the more similar that location is to the
mean variable conditions of the input farms. D) Maxent model, higher scores
represent greater probability of the conditions needed for pangasius culture.
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Figure 5: Jackknife test of variable importance for the Maxent model.
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Figure 6: Response curves for the Maxent model
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Figure 7: Comparison of the User-defined MCE model, reclassified Fuzzy MCE
model, reclassified Mahalanobis Typicality model and reclassified Maxent model.
Zoomed in boxes (A, B, C, D) highlight an area already used for pangasius culture in
the Mekong Delta, Vietham.



Table 1: The eight variables used in the SDMs and MCE models.

Variable Description Source
Population People represent a labour force, market source and Landscan 2008 population dataset (Oak Ridge National Laboratory,
opportunity to sell products. However, they can also put 2008)
more pressure on water resources, lead to conflict and
increase potential water quality issues.
Distance to Farm location could be influenced by distance toroad in  Roads were digitised using Google Earth and LandsatETM+ data
Roads terms of access and transport networks. (USGS, 2013) in IDRISI Selva. Distance was then calculated using
IDRISI Selva.
Salinity Salinity values outside the tolerance range of an Interpolated using data from Vietnam Research Institute for

(dry season)

Salinity
(rainy season)

Slope

Clay content
of soil

Distance to
urban areas

Distance to
waterbodies

aquaculture species can affect the health and welfare of
the animal and/or prevent culture.

Salinity values outside the tolerance range of an
aquaculture species affect the health and welfare of the
animal and/or prevent culture.

The slope of an area can influence farm construction and
pond drainage.

The clay content of a soil determines the porosity and the
potential for water to leak from the pond.

Distance to urban areas is important as they are a source
of supplies, labour and could also be valuable markets
for trade.

Distance to rivers, channels, lakes and reservoirs which
can all be a source of water for the system.

Aquaculture (RIA2).

Interpolated using data from Vietnam Research Institute for
Aquaculture (RIA2).

Calculated from SRTM DEM (Nasa, 2009).

Clay content of the dominant subsoil in the Harmonised World Soil
Database (HWSD) (FAO/IIASA/ISRIC/ISS-CAS/JRC. 2012)

Urban areas with a population were digitised using Google Earth
and LandsatETM+ data in IDRISI Selva. Distance was then
calculated using IDRISI Selva.

Larger waterbodies were obtained from the SRTM Water Body
Data (SWDB) (http://www2.jpl.nasa.gov/srtm/). Smaller rivers and
channels were digitised using Google Earth and LandsatETM+ data
in IDRISI Selva. Distance was then calculated using IDRISI Selva.




Table 2: Reclassification values for the variables within the User-defined MCE model

User-defined Highly Unsuitable Intermediate Suitable Highly References
classification unsuitable suitable
Population >2000 1500-2000 1000-1500 500-1000 <500 Adapted from: Giap et al., 2005
(people per km?)
Distance to roads >2000 1500-2000 1000-1500 500 - 1000 0-500 Adapted from: Giap et al., 2005
(m)
Salinity >4 - - 2-4 0-2 Adapted from: Trieu and
(ppt) Phong, 2015
Slope >10 5-10 0-0.5 2-5 05-2 Adapted from: Hajek and Boyd,
(%) 1994;
Giap et al., 2005
Clay content of soil <15 15-25 25-30 40 - 60 30-40 Adapted from: Hajek and
(%) >60 Boyd,1994;
Tucker and Hargreaves, 2008
Distance to urban areas <1 10-15 4-10 2-4 1-2 Adapted from: Giap et al., 2005
(km) >15
Distance to waterbodies >2000 1500-2000 1000-1500 500 -1000 0-500 Adapted from: McLeod et al.,

(m)

2002; Salam et al., 2005




Table 3: Reclassification values for the variables within the Fuzzy MCE model

Fuzzy classification Membership a b c d References
function
Population Sigmoidal - - 500 2000 Adapted from: Giap et al. 2005
(people per km?) decreasing
Distance to roads Sigmoidal - - 0 2000 Adapted from: Giap et al. 2005
(m) decreasing
Salinity Sigmoidal - - 2 4 Adapted from: Trieu and Phong, 2015
(ppt) decreasing
Slope Sigmoidal 0 0.5 2 10 Adapted from: Hajek and Boyd,1994; Giap et al.,
(%) symmetric 2005
Clay content of soil Sigmoidal 15 30 40 60 Adapted from: Hajek and Boyd, 1994; Tucker and
(%) symmetric Hargreaves, 2008
Distance to urban areas Sigmoidal 0 1 2 15 Adapted from: Giap et al. 2005
(km) symmetric
Distance to waterbodies Sigmoidal - - 0 2000 Adapted from: McLeod et al., 2002; Salam et al., 2005

(m)

decreasing




Table 4: Percent contribution of the variables to the Maxent model.

Variable Percent contribution (%)
Clay content of soil 33.6
Distance to waterbodies 30.9
Salinity (dry season) 17.1
Distance to roads 8.2
Distance to urban areas 5.7
Salinity (rainy season) 2.6
Population 1.7

Slope 0.2




Table 5: Areas (% and km?) covered by each suitability category for the User-defined MCE model and the three reclassified
models; Fuzzy MCE model, Mahalanobis Typicality SDM and Maxent SDM

Model
Reclassified
User- Reclassified Mahalanobis Reclassified
defined Fuzzy Typicality Maxent
MCE model MCE model model model
Not suitable - - 34900km?  21400km?
- - 75% 46%
2 2
Highly unsuitable ~ 100km 5300km - -
<1% 11% - -
2 2
Unsuitable 13500km 13500km - -
29% 29% - -
2 2 2 2
Intermediate 19500km 12700km 9700 km 24500km
42% 27% 21% 53%
2 2 2 2
Suitable 11300km 10800km 900km 400km
24% 23% 2% 1%
2 2 2 2
Highly suitable 1900km 4100km 900km <100km
4% 9% 2% <1%




Table 6: Number of SEAT pangasius farms located in each suitability category for the User-defined MCE model and the three
reclassified models; Fuzzy MCE model, Mahalanobis Typicality SDM and Maxent SDM

Model
Reclassified
Reclassified Mahalanobis Reclassified
User-defined Fuzzy Typicality Maxent
MCE model MCE model model model
Not suitable ) ) 1 0
- - <1% 0%
. . 0 1 - -
Highly unsuitable
0% <1% - -
Unsuitable 1 3 ) )
<1% <2% - -
. 46 44 101 83
Intermediate
24% 23% 53% 43%
Suitable 85 41 31 83
44% 21% 16% 43%
Highly suitable 60 103 59 26
31% 54% 31% 14%




