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1.1 Abstract 

Using k-nearest neighbour procedures to predict prey type, and linear models to predict 

mean prey size, a two-step dietary model, ‘Consume’, was developed for stomach contents of 

fish of known species, size and location in Western Port, Victoria. We use the k-nearest 

neighbour and the linear models to assess the relative extent to which fish diet varies with 

body size, species identity, season, and location. Both prey type (mean percentage overlap 

between predicted and actual prey types = 77%) and mean prey size (r2 between predicted and 

observed mean prey size = 93%) were predicted with reasonable accuracy when species 

identity and length of individual fish were known. The most important predictor for prey type 

was the size of the individual consumer, while the most important predictor for mean prey 

size was the consumer’s taxonomic identity. Predictors were individually removed from both 

k-nearest neighbour and linear models to assess their relative contributions to model 

predictions. Little loss of accuracy (1%) was evident when only family rather than species 

identity was used for both prey type and mean prey size. Environmental information 

associated with the time and location of fish sampling (habitat, site and season) contributed 

only marginally to predictions of prey type. Use of the Consume model allows improved 

understanding of community-level trophic pathways through integration of predictions of 

prey types and sizes for all observed fishes at sites. 

1.2 Keywords 

Predator-prey relations, diet prediction, Australia, Consume model, trophodynamics, 

allometry 

1.3 Introduction 

Studies that predict and give insight to trophic pathways represent important tools for 

ecology (Edgar & Shaw 1995c). Furthermore, studies that consider size of consumers as well 

as their prey can offer new understanding of food-web structure and function, as well as 

providing new approaches in the integration of community and ecology with energetic and 

metabolic theory (Brown et al. 2004, Belgrano 2005, Trebilco et al. 2013). Using a 

comprehensive dataset for consumers and their prey from Western Port, Australia (Edgar & 

Shaw 1995b), we present a new predictive diet model based on the combination of k-nearest 

neighbour procedures to predict prey type and a linear model to predict the size of the prey. 

The k nearest neighbour (kNN) algorithm is an instance-based learning classification 

technique that classifies new cases using a similarity measures between the new case and a 

training data set. Here, the new cases are fish, and the similarity measure is calculated from 

the predictor variables. The kNN method has the advantage over previous methods for 

predicting fish diet, in that it is non-parametric, relatively simple and thus makes fewer 

assumptions about the data. 



Taxonomy and size in diet predictions 

 2 

The classical approach in community ecology considers species as the central unit 

within an ecosystem, with similar roles amongst individuals. Nevertheless, many species 

experience profound changes in their diet through their life histories, and body size and prey 

size can both increase several orders of magnitude (Cushing 1975, Rudolf & Rasmussen 

2013). Moreover, per-unit-biomass consumption rates and population density decrease with 

animal size. Hence, higher metabolic rates and higher per-biomass consumption rates are 

typical of small individuals (Rudolf & Rasmussen 2013).   

The trophic role of species in aquatic ecosystems should therefore be regarded as 

flexible, changing with body size, a fundamental reason to develop size-based analyses of 

food webs (Dickie et al. 1987, Jennings & Warr 2003, Blanchard et al. 2011, Zhang et al. 

2014). Furthermore, studies from the North Sea and the Western Arabian Sea found that 

while body size was only a weak predictor of trophic position within species, there was a 

strong community-scale relationship between trophic position and body size (Jennings et al. 

2001, Al-Habsi et al. 2008). Amongst the few studies with predictive models for diets of 

fishes, Link (2004) developed a Rank Proportion Algorithm (RPA) model that predicted prey 

preference from first principles of predation. Link’s model also used ambient prey 

concentrations, prey selectivity, consumption rates, predator biomass and prey biomass to 

predict diet composition. This RPA model ranked each component of the interaction between 

predator and prey as an individual event. Using the RPA, the preferences of a particular prey 

type were assessed for a given predator (Link 2004).  Furthermore, by partly using the RPA 

model, a subsequent study (Pinnegar et al. 2014) predicted the effect of an invasive species in 

a Corsican inshore food-web using predicted diets as input to Ecopath.  

Another approach to modelling diet consumption used prey concentration (as a proxy of 

encounter rate) and prey size to predict the diet of planktivorous bluegill (Werner & Hall 

1974, O'Brien et al. 1976). Wright and O'Brien (1984) studied feeding selectivity of 

planktivorous white crappie by assuming that the predation process could be subdivided into 

different steps—prey location, pursuit, attack and retention. Each of these steps was assigned 

a probability, and the predicted consumed prey was calculated as the sum of the individual 

probabilities. Other studies assessed predator-prey size/mass ratios (Hahm & Langton 1984, 

Scharf et al. 2000), with prey abundance and prey type as important factors in determining 

optimum foraging patterns. A recent study investigated morphological and behavioural traits 

of prey that confer vulnerability to predation by lionfish (Green & Côté 2014). Based on these 

traits, the authors predicted which prey was more susceptible to predation. They cross-

validated their results based on in situ observation and stomach content of captured lionfish, 

obtaining a high correlation.  Stable isotope analyses have also been used to predict predator-

prey ratios and trophic transfer efficiencies (Jennings et al. 2002). 

Early quantitative studies in Western Port, Victoria, on dietary pathways linking benthic 

invertebrate to fish communities focused on seagrass and unvegetated habitats (Edgar & 

Shaw 1995c, b, a). The fish community predominantly consisted of small sized (<10 g) 

animals, and was significantly more abundant and productive in seagrass habitats compared 

with unvegetated habitats. Crustacean production was highly correlated with fish production, 

and crustaceans greater than 1 mm were the most important dietary component (Edgar & 

Shaw 1995b). On average, prey length was 7.5% of consumer fish length. Furthermore, major 

ontogenetic changes in diet were evident in Western Port, with diets of adult and juvenile fish 

of the same species differing as much as between different species. 

The present study uses the Western Port dataset, consisting of individual items counted 

and measured from fish stomach contents (Edgar & Shaw 1995c, b, a), to address the 

following specific questions: 

• Through application of k-nearest neighbours theory, how accurately can the prey 

types of a fish of known species and size be predicted? 
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• What is the loss in accuracy, using the k-nearest neighbours model, in prey type 

prediction if identity to species-level is unknown (e.g. only genus or family are 

known) or if size information for the consumer fish is lacking?  

• Can the mean size of each prey type consumed by a fish of known size and species be 

estimated accurately using a linear model? 

• What is the loss in accuracy in the linear model for mean prey size predictions 

without complete taxonomic or size information? 

• Can the accuracy of the k-nearest neighbour predictions for prey type and the linear 

model predictions for mean prey size be improved by including environmental factors 

such as site, habitat and season? 

1.4 Methods and study area 

This study is based on data described by Edgar and Shaw (1995a, b, c) from Western 

Port, Victoria, southeastern Australia. The 2,974 individual fishes used in this study were 

collected using seine and gill nets at five locations (Fig. 1) from three different habitat types 

(seagrass, unvegetated intertidal flats and unvegetated channel). For the five locations 

sampled, three possessed all three habitat types (Peck Point, Rhyll and Tooradin). Rhyll Spit 

had two habitat types (seagrass, unvegetated intertidal flats) and Loelia Shoal one habitat 

(unvegetated channel). The term ‘site’ refers to the five locations studied. 

 

Figure 1 Western Port, showing locations of sampling sites. 

 

Fish caught at these sites using gill and seine nets were identified to species, weighed, 

and their length to caudal fork measured. Calculations used to estimate fish densities (m-2) are 

described by Edgar and Shaw (1995a). Individual prey in stomachs of captured fishes were 

identified and body lengths measured using a microscope graticle or Vernier calipers, and 

binned into 19 different log size-classes ranging from 0.125 mm to 64 mm (Edgar & Shaw 

1995b). A percentage of total gut contents was allocated in the case of algae, sponges, 

bryozoans, ascidians and hydroids, or in the case of prey that were unidentifiable because of 

digestion. The percentage of these prey items was estimated as a proportion of the biomass of 

prey in the stomach of a fish (for details refer Edgar and Shaw (1995b)). Prey items were 

grouped by taxon into eleven major prey types (algae, sponges, crustaceans epifauna, 

crustaceans infauna, mollusc epifauna, mollusc infauna, polychaetes epifauna, polychaetes 

infauna, others epifauna, others infauna and fish). Using this information, a matrix was 
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constructed showing environmental information (habitat, site and month), taxonomic 

information (family, genus and species), morphometric information (length and wet weight of 

fish) and prey information (prey items, prey taxon and prey type).  

The Consume model was constructed in two steps in R (R-Core-Team 2014) 

(Supplement 1, 2 and 3), with results combined in an output matrix, which shows the 
prey type, prey type percentage, and mean prey size predictions within each prey type 
for each fish individual (Fig. 2). The first model step used the premise of the k-nearest 

neighbours algorithm (Barber 2011, Conway & White 2012) to predict the prey type in 

percentages for each particular fish. The second step of the model used linear models to 

predict the size of the prey for each particular prey type consumed by a fish. The training 

dataset used for this algorithm is described by Edgar and Shaw (1995b). As predictors for the 

prey type of a particular fish and size of its prey, we used the environmental, taxonomic, 

morphometric and prey information. We used the same predictors for prey size as for prey 

type and included the estimates of prey type as another predictor. We opted for this approach 

because it brought together information associated with prey type, established with input from 

a dietary database, into the predictions of prey size. Furthermore, prey type proved to be an 

important predictor for the prey size model as observed from the variation explained in the 

sum of squares calculations. We were unable to develop a model that simultaneously 

estimated prey type, prey type percentage, and prey size; however the two-step approach 

avoided undue model complexity and achieved good results in comparisons between 

predicted and observed values. 

 

Figure 2 Flow chart showing the predictors used in the Consume two-step model and how they 

combined to produce the output matrix with prey type, prey type percentages and mean prey size. 

 

The algorithm for the first step of the Consume model used a combination of the 

importance or weighting of the predictors as well as an optimum number of neighbouring 

fish, k. Neighbouring fish, k, refers to the most similar fish in size and taxonomy used as a 

predictor. The optimum weighting of the predictors and k were chosen using a leave-one-out 

cross validation technique. This was done by predicting the prey type of each fish based on 

the rest of the data set for various weights and values of k. The weights that gave the greatest 

accuracy of the predictions were subsequently used.  
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 Nearest neighbours were chosen based on pairs of fish with the smallest dissimilarity, 

where dissimilarity was calculated as the weighted sum of the absolute difference between the 

values of predictors for each pair of fish; 

 𝐷𝑖𝑗 = ∑ 𝑤𝑘   abs(𝛽𝑖𝑘 − 𝛽𝑗𝑘)
𝑛𝑝

𝑘=1  

(Equation 1) 

and Dij is the a dissimilarity between fish i and fish j , i≠j and k=1,…,np with np  being 

the total number of predictor variables; wk is the given weight or importance of predictor k; 

abs(βik -βik) is the absolute difference between fish i and fish j, for predictor variable k. When 

the predictor variable is a factor, this is equal to zero if the predictors are the same, or one 

otherwise.  Wet weight of the consumer fish was loge transformed before calculating the 

absolute difference. 

A number of dissimilarity cut-offs were trialled through several runs of the model, with 

the accuracy of predictions used to determine the most appropriate cut-off. Decreasing the 

cut-off to a maximum dissimilarity between individuals of 0.01 maximised model accuracy 

(75.8%). This reduced the number of individuals used to predict prey type to an average of 

1.1 (Table 1S Supplement 4). If all dissimilarities exceeded the cut-off, the individual with 

the minimum dissimilarity was used to predict prey type. 

Computing the overlap in the percentage between the predicted and the observed values 

assessed the accuracy of the model for prey type predictions. For example if a fish was 

predicted to have a diet content of 20% crustacean epifauna and 80% mollusc epifauna and 

the observed data was 10% crustacean epifauna, 10% algae, 70% mollusc epifauna and 10% 

mollusc infauna, then the model was estimated to have an accuracy of 80%. In this case the 

overlap in the proportion that was correct was 80% (10% crustaceans epifauna + 70% mollusc 

epifauna). In computing the accuracy of the model, the predicted diet content of the fish was 

never based on a model that included the fish in question (i.e. i≠j in equation 1).  

The algorithm for the second step of the Consume model, to predict the size of the diet 

consumed by each fish, was based on a linear model as described below. 

𝑦i =  𝜇 +  𝛽1 Speciesi +  𝛽2 WWi +  𝛽3 Prey typei +  𝛽4 Habitati +  𝛽5Sitei + 𝛽6Monthi 
+  𝜀i 

 (Equation 2) 

where yi = the natural log of the mean prey size prediction for the ith fish, given the 

effects of Species, Wet weight (WW), Prey type, Habitat, Site and Month; μ = overall mean; 

εi  = residual error. A natural log transformation made the data more normally distributed. The 

mean prey size within each prey type for a specific fish was predicted using these predictors. 

We also tested a linear mixed effect model with random nested effects of 

Family/Genus/Species. However, the results of the linear model and the linear mixed effects 

model were almost the same in predicting mean prey size. We chose the linear model because 

it allowed us to more easily test the decrease in accuracy when removing each of the 

predictors one at a time. We tried different combinations of omitted predictors to assess their 

individual effect on the accuracy of the linear model. We measured the accuracy of the linear 

model as the square of the Pearson’s weighted correlation between the predicted values and 

the observed ones, without including information for the fish that the model was predicting 

for (leave one out cross validation). The weighting of the correlation was based on the 

predicted percentages of prey type.  

We also developed a third model to predict the standard deviation of the mean prey size. 

The importance of this measure is to better understand the circumstances that affect whether 

individual fish focus on prey within a narrow size band, or are largely unselective, capturing 

prey in a variety of sizes. This third model used the same predictors used for the mean prey 
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size predictions and included the mean prey size estimates as another predictor. We used a 

generalized linear model, described below, to predict the standard deviation. 

𝑦i =  𝜇 +  𝛽1 Speciesi +  𝛽2 WWi +  𝛽3 Prey typei +  𝛽4 Habitati +  𝛽5Sitei + 𝛽6Monthi  
+  𝛽7 Mean Prey sizei +  𝜀i 

 (Equation 3) 

where yi = square root of the standard deviation of the predictions of the loge mean prey 

size for the ith fish. β1,2,3,4,5,6 were the same predictors as described above for mean prey size 

predictions. 7 was the mean prey size prediction used in the model. This way our model 

predicted the standard deviation of the predicted mean prey size with the idea to test if these 

predictions were relatively accurate compared with the standard deviations of the observed 

prey size. We used the square root transformation to make the data more normally distributed. 

A similar process used on the second model was followed for the third model; we tested the 

effect on the weighted correlation between the observed standard deviation and the predicted 

standard deviation by removing the different predictors.  

In order to standardize the contribution of different species for the prediction of the 

model, we examined two aspects of data selection. First, to account for the differences in the 

number of individuals per species, we used a random sample of 12 individuals per species 

with a wide range of sizes.  The sampling was achieved with a random number selector based 

on each individual fish, which were beforehand numbered. Species were also dropped if the 

inter-quartile range of the loge of the wet weight was < 0.25. Thirty-seven out of the 79 

species for the full dataset were dropped using this criterion. Basically this excluded species 

with only a narrow size range sampled, and included species with a wide range in sizes. 

Furthermore, this also excluded species that had less than 12 individual fish sampled. Trials 

indicated that the greatest accuracy achieved was when 12 individuals per species was used, 

giving the most accurate predictions for prey type and mean prey size. Second, we tested 

whether different numbers of fish per species greatly affected prey type predictions, with 

negligible change when at least five fish were considered (Table 2S Supplement 4). 

1.5 Results 

The k-nearest neighbour model algorithm predicted the prey types of fishes with an 

average accuracy of 76% when using the whole dataset (Table 1). We standardized the 

contribution of each species by randomly selecting only 12 individuals per species with a 

wide range of sizes. By doing this we only used 42 species with a total of 504 fish from the 

original data that comprised 79 species and 2,974 fish (Table 2S Supplement 4). With this 

subset of the dataset our prey type predictions increased marginally to 77±1%. The variation 

in the results was due to the fact that the algorithms randomly chose a different set of 12 fish 

per species in each run of the model.  

Table 1 Percentage correct between predicted and observed prey type for the full data set and for a 

random subset of 12 individuals per species with a wide range of sizes for Western Port. Also shown is 

the percentage correct of the predicted prey for all predictors and the subsequent loss in accuracy when 

removing factors from model. WW= loge wet weight of consumer fish. These predictions of prey type 

were based on step one of the Consume model using the k-nearest neighbour algorithm. 

  Predictors 

% correct 

with all 

fish 

included 

% correct 

with subset 

of 12 

animals 

per species 

With all 

predictors 

Species, WW, habitat, site, 

month 
76 77 
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Without species 
Genus, WW, habitat, site, 

month 
76 77 

Without species 

and genus 

Family, WW, habitat, site, 

month 
75 76 

Without species, 

genus and family 
WW, habitat, site, month 70 74 

Without WW Species, habitat, site, month 62 61 

Without habitat Species, WW, site, month 74 76 

Without site Species, WW, habitat, month 75 76 

Without month Species, WW, habitat, site 74 76 

Without habitat, 

site, month 
Species, WW 72 75 

Without all 

predictors but site 
Site 23 18 

Without all 

predictors but 

habitat 

Habitat 23 18 

 

We assessed the loss in accuracy in the prey type predictions by step-wise removal of 

the predictors from the model (Table 1). By doing this we determined that the most important 

predictor for prey type was wet weight (WW) of the consumer fish. By removing this 

predictor, the model lost over 16% of its accuracy. The taxonomic predictors proved to be of 

small relative importance with a loss in accuracy of 3%. The least important predictors were 

habitat, site and month, which decreased the accuracy of the model by 1% when removed. If 

all predictors were removed, other than site or habitat, then the accuracy of the model 

dropped to 18%. 

The accuracy of the linear model for the estimation of the size of the prey, measured as 

the square of the weighted correlation between the predicted and observed mean prey size, 

was R2=0.90 (Fig. 3A) when using all the predictors and all fish from the dataset. With the 

subset of 12 individuals per species this weighted correlation increased to R2=0.93±0.01 (Fig. 

3B). This model used the prey type prediction from step one of the model as part of the 

predictors and used for the weighting of the correlation the predictions for prey type. The 

most important predictors were taxonomic group, size of the consumer fish and prey type 

(Table 3S and 4S Supplement 4).  
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Figure 3 Scatterplots relating loge predicted and observed mean prey size (mm) using a linear model 

with all predictors (species, genus, family, wet weight (WW), prey type, site, habitat and month; 

weighted correlation): (A) All fish included, R2 =0.90 (79 species); (B) Subset of 12 individuals per 

species, R2 =0.93 (±0.01) (42 species). The green line outlines the upper prediction interval and red line 

the lower prediction interval (95%). The blue line is the locally weighted scatterplot smoothing curve 

(LOWESS). 

The accuracy of the model was hardly affected when species and genus of the consumer 

fish were removed from the model but with family of the fish included as well as the other 

predictors (R2=0.92±0.01; Table 2). Consumer taxonomic information proved to be the most 

important predictor in mean prey size prediction (Table 2). For testing this we removed the 

different predictors one at the time and estimated the loss in accuracy of the model (Table 2). 

When wet weight was excluded, the correlation dropped to R2=0.86 (Table 2). Consequently, 

the loss in accuracy when wet weight was not used was around 0.07. When the taxonomic 

information was removed and all other predictors included, the correlation dropped to 

R2=0.80. This corresponded to a loss in accuracy for mean prey size predictions of 0.13 when 

not using the taxonomic information. When using the whole dataset, the loss in accuracy 

when not using taxonomic information was 0.16. This result indicates the importance of 

taxonomic information as the most important predictor of mean prey size. On the other hand, 

the loss in accuracy was extremely small (<0.005) when habitat, site or month were removed 

(Table 2). Moreover, when these three predictors were all removed from the model, the 

accuracy was affected by only 0.01 (Table 2).  

Table 2 Correlation between observed and predicted mean prey size for the full data set and for 

a random subset of 12 individuals per species with a wide range of sizes for Western Port. Also shown 

are the correlations for all the predictors available and the subsequent loss in accuracy when removing 

some of them. Weighting of the correlation was based on the predicted percentages of prey type. WW= 

loge wet weight of consumer fish. The difference in the prediction intervals indicates the fit with the 

different combinations of predictors.  

  Predictors 

R2 with all 

fish 

included 

R2 with 

subset of 

12 ind. per 

sp. 

Mean 

difference 

between 

upper and 

lower 

prediction 

Interval 

With all 

predictors 

Species, WW, prey type, 

habitat, site, month 
0.9 0.93 2.02 

Without species 
Genus, WW, prey type, 

habitat, site, month 
0.9 0.93 2.01 

Without species 

and genus 

Family, WW, prey type, 

habitat, site, month 
0.89 0.92 2.09 

Without species, 

genus and family 

WW, prey type, habitat, site, 

month 
0.74 0.8 2.83 

Without WW 
Species, prey type, habitat, 

site, month 
0.85 0.86 2.59 

Without habitat 
Species, WW, prey type, site, 

month 
0.9 0.93 2.22 

Without site 
Species, WW, prey type, 

habitat, month 
0.9 0.93 2.25 

Without month 
Species, WW, prey type, 

habitat, site 
0.9 0.93 2.2 



Taxonomy and size in diet predictions 

 9 

  Predictors 

R2 with all 

fish 

included 

R2 with 

subset of 

12 ind. per 

sp. 

Mean 

difference 

between 

upper and 

lower 

prediction 

Interval 

Without habitat, 

site, month 
Species, WW, prey type 0.89 0.93 2.28 

Without prey type 
Species, WW, habitat, site, 

month 
0.89 0.92 2.31 

Without all 

predictors but site 
Site 0.11 0.1 5.52 

Without all 

predictors but 

habitat 

Habitat 0.06 0.05 5.61 

 

We also tested if some species affected our predictions more than others. The yellow-

eye mullet (Aldrichetta forsteri) had previously been found to possess an anomalously small 

mean prey size (Edgar & Shaw 1995b). With the yellow-eye mullet included, the weighted 

correlation for all fish species between wet weight of the consumer fish and the observed prey 

size was R2=0.54 and for the subset of 12 individuals per species R2=0.68±0.01 (Fig. 4A and 

4B). The weighted correlation without the yellow eye mullet was R2=0.71 (all data included) 

and R2=0.70±0.01 (for the subset of 12 individuals per species) (Fig. 4C). Most of the yellow-

eye mullet measured around 270 mm (approximate exponential of 5.6), which is where the 

largest variation of prey size was observed (Fig. 4A). Other species could potentially also 

contribute substantially to the variation on prey size but were not tested independently. 
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FigureError! No text of specified style in document..4 Scatterplots relating loge of wet weight (WW) 

of consumer fish (g) and loge of observed mean prey size in mm; (A) all fish included, R2=0.54; (B) 

Subset of 12 individuals per species ranging in size, R2=0.68 (±0.01); (C) All fish included but without 

Aldrichetta forsteri, R2=0.71. The blue lines are the locally weighted scatterplot smoothing curves 

(LOWESS). 

 

We also estimated the standard deviation of the predicted mean prey size using a third 

model that used predicted mean prey size as well as all other predictors. We found a 

significant correlation between the predicted and the observed standard deviation (R2=0.36) 

(Fig. 5). As observed for the correlation between predicted and observed mean prey size, 

removing predictors indicated that the most important predictor was taxonomic information 

(Table 3). Furthermore, regression of the 90% quantile between the loge of the wet weight of 

the consumer fish and the loge of the standard deviation of the observed prey size had a 

positive trend, suggesting that the diet of bigger fish had a wider size range (Fig. 6).  
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Figure.5 Scatterplot relating predicted and observed square root of the standard deviation (SD) of 

mean prey size for fishes in Western Port. R2=0.36. The blue line is the locally weighted scatterplot 

smoothing curves (LOWESS). 

Table.3 Correlation between the predicted and the observed standard deviations for Western Port. Also 

shown are the correlations for all the predictors available and the subsequent loss in accuracy when 

removing some of them. The weighting of the correlation was based on the predicted percentages of 

prey type. WW= loge wet weight of consumer fish. 

  Predictors 

R2 with 

subset of 

12 animals 

per species 

With all 

predictors 

Species, WW, prey type, 

mean prey size, habitat, site, 

month 

0.36 

Without species 
Genus, WW, prey type, mean 

prey size, habitat, site, month 
0.32 

Without species 

and genus 

Family, WW, prey type, 

mean prey size, habitat, site, 

month 

0.3 

Without species, 

genus and family 

WW, prey type, habitat, mean 

prey size, site, month 
0.19 

Without WW 
Species, prey type, mean prey 

size, habitat, site, month 
0.34 

Without habitat 
Species, WW, prey type, 

mean prey size, site, month 
0.34 

Without site 

Species, WW, prey type, 

mean prey size, habitat, 

month 

0.32 

Without month 
Species, WW, prey type, 

mean prey size, habitat, site 
0.33 
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  Predictors 

R2 with 

subset of 

12 animals 

per species 

Without habitat, 

site, month 

Species, WW, prey type, 

mean prey size 
0.3 

Without prey type 
Species, WW, mean prey 

size, habitat, site, month 
0.29 

Without mean 

prey size 

Species, WW, prey type, 

habitat, site, month 
0.34 

Without all 

predictors but site 
Site 0.01 

Without all 

predictors but 

habitat 

Habitat 0.03 

 

 

Figure.6 Scatterplot relating observed standard deviation of the loge prey size and the loge of the 

wet weight (WW) of consumer fish. R2=0.02. Red line is the 90% quantile regression. The blue line is 

the locally weighted scatterplot smoothing curves (LOWESS). 

 

We plotted the relation between the observed prey types and the loge wet weight of the consumer 

fish and found that certain prey types were significantly related with the size of the fish (Fig. 7). 
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Figure.7 Boxplots, showing the relationship between the loge wet weight (WW) of the consumer 

fish and the observed prey types. Prey abbreviations are: a=algae, oe=other epifauna, ce=crustacean 

epifauna, ci=crustaceans infauna, s=sponges, me=mollusc epifauna, pi=polychaetes infauna, 

pe=polychaetes epifauna, f=fish, and mi=mollusc infauna. The mid-line is the median and box limits 

are 25th and 75th percentiles.  The whiskers are 1.5 times the inter-quartile range or the maximum or 

minimum value, whichever is closer to the median. The points are outliers. 

1.6 Discussion 

This paper quantitatively assesses how important body size and taxonomic identity of a 

fish are for predicting their diet. We find that for diet estimates, family identity is nearly as 

important as species identity, and identity is about equivalent to body size. So both body size 

and identity are needed to properly predict the diet of a fish. Moreover, species identity is 

more important than body size in predicting the size of each prey type consumed, whereas 

consumer size is more important than species identity in determining which prey categories 

are consumed. These results are the inverse of expectations (i.e. consumer size is the best 

predictor of prey size, and fish species identity is the best predictor of prey type). If this 

finding is found to be general, it could have important implications for the development and 

application of size-based models used to assess the impacts of fishing on community structure 

and function (Shin & Cury 2001, 2004, Hall et al. 2006, Andersen & Pedersen 2009). 

The majority of marine trophic models use taxonomic identity of the fish and functional 

groups to draw their conclusions (Polovina 1984, Pauly et al. 2000), regardless that species 

change their ecological roles by eating different prey of progressively larger size at different 

stages of their ontogenetic development (Cushing 1975, Maury et al. 2007a, Maury et al. 

2007b, Rudolf & Rasmussen 2013). However, some other studies have considered body size 

as the most important factor in the ecological system (Shin & Cury 2001, Brown & Gillooly 

2003, West & Brown 2005). Our two-step model integrates both the taxonomic identity of a 

fish as well as its size to achieve accurate predictions of diet consumptions. The predictive 
diet model developed for the fish community of Western Port should theoretically be 

applicable to other locations, providing that the necessary information of the consumer fishes 

and their prey is available to input. Further research is underway to test such extension. 

Our Consume model predicted the percentages of different prey types with reasonable 

accuracy, as well as the size of dietary items consumed for a particular fish of known species 

and size within Western Port, Victoria. The loss in accuracy was also assessed for both prey 
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type and mean prey size predictions if lacking taxonomic, size or environmental data. The 

most important predictor was wet weight of the consumer fish for prey type predictions. 

The fact that consumer size was the most important predictor for the prey type is likely 

related to ontogenetic changes of the different species consuming different diets at different 

stages in their life, which implies changing ecological roles within their habitat (Cushing 

1975, Dickie et al. 1987, Jennings & Warr 2003, Rudolf & Rasmussen 2013). Certain prey 

types are also of larger size and only available to larger fish, such as the situation when fish 

prey on other fish. The relationships found between prey type and size of the fish (Fig. 7), 

explain why predicted prey types were more accurately predicted when using the size of the 

fish than with taxonomic or other predictors. It is interesting that mollusc infauna (mi) were 

consumed mainly (but not exclusively) by elephant sharks (Callorhynchus mili) of relatively 

large size with specialized mouth pieces which help them dig these molluscs from the 

sediment (Table 5S). Changes in prey type related to size have also been documented in a 

general review of the literature (Werner & Gilliam 1984). Our results show that this trend 

relates not only to individual species but also at the level of the whole fish community in 

Western Port. 

The most important predictor for mean prey size was information on species, genus or 

family. Fish size was second in importance as a predictor after the taxonomic information, but 

also predicted the size of the prey with reasonable accuracy. Nevertheless, we expected size 

of the consumer fish to be the most important predictor for both prey type and prey size based 

on previous work in southern Australia (Edgar & Shaw 1995c) as well as other studies 

highlighting the importance of size for prey predictions (Cushing 1975, Rudolf & Rasmussen 

2013). However, Edgar and Shaw (1995b) also pointed out in their study in Western Port that 

the relationship between size of the consumer and its prey was consistent for most species 

encountered other than the yellow-eyed mullet (Aldrichetta forsteri), which consumed prey 

considerably smaller than predicted for its size. The importance of taxonomic information as 

a factor in the model is largely explained by the variation in prey size shown by certain 

species outside size predictions, as was the case for yellow-eyed mullet.  

In order to balance the contribution of each species to overall predictions, the model 

randomly selected only 12 individuals per species with a wide range in sizes. This was 

necessary because some species, most notably A. forsteri, contributed a disproportionately 

large number of individuals to the total sample (n =325 for A. forsteri), biasing results. The 

loss in accuracy for mean prey size predictions for the balanced contribution diminished from 

16% to 13% when the model used the subset of 12 individuals per species. Previous studies 

have also found that the distribution of predator size - prey size was also related to species 

identity and had an asymmetric distribution (Scharf et al. 2000). They also indicate that the 

larger piscivorous fishes continue to consume prey of small size as well as including larger 

prey items in their diet, and that the slope in the relation between the fish and the maximum 

prey sizes showed a significant variation between species, adding support to the importance 

of taxonomic information for prey size predictions. 

The importance of the taxonomic information in predicting mean prey size is also 

explained by inter-specific variation in maximum body size. For example, a greater range of 

body sizes is possible for the larger fish species, and hence the potential for ontogenetic diet 

shifts will be greater than for small species that quickly reach maximum size. Furthermore, 

some prey types will not be available to small fish species. A relationship between prey type 

and mean size of prey suggests this was the case within the dataset, and that maximum body 

size of fishes likely contributed to the importance of taxonomic identity to prey size 

predictions. 

The standard deviation of the mean prey size confirms the assumption that larger fish 

consumed a wider size range of prey. Furthermore, the estimated standard deviations could 

also be used to feed into community level studies, to generate predictive probability 

distributions that describe likelihood of prey of a particular size being consumed. The 
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sequential removal of predictors shows that taxonomic information is the most important 

estimator for prey size breadth. 

Little loss of information occurred when family rather than species identity was used. 

Thus, predictions for a fish species lacking detailed dietary information may have much the 

same accuracy as prediction for a fish species belonging to the same family for which this 

information is available. This has important positive implications for community level 

analyses where many species have not been previously studied. 

In conclusion, the Consume model presented in this manuscript allows accurate 

prediction of the type and mean size of prey, and prey size distribution for consumer fish of 

known identity and size. Rather than trophically subdividing fishes using categorical divisions 

based on species (e.g. higher carnivores, benthic carnivores, herbivores and planktivores), the 

models will allow more rigorous compartmentalization of prey consumption by describing 

diets at an individual fish level, including for fish species that exhibit large ontogenetic 

changes in diet. Through aggregation of data on total prey consumption for whole 

assemblages of individual fish at sites, this new approach should open new pathways in 

trophic ecology. 
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1.8 Supplementary material 

Supplements 1, 2 and 3 . Supplements 1 and 2 are R scripts. Supplement 3 is a 
large ‘.csv’ file.  

Table 1S. Supplement 4 Prey type percentage of proportions correct and mean number of fish used in 

the model for different cut-offs for the whole dataset. Proportions correct were estimated as the overlap 

between the predicted and observed data for each prey type. 

Cut-off 

Mean 

proportion 

correct 

Mean 

number of 

fish 

0.01 75.8 1.1 

0.02 75.3 1.3 

0.03 74.6 1.5 

0.04 74.0 1.8 

0.05 73.7 2.0 

0.1 71.8 3.2 

0.2 48.9 14.6 

0.3 28.8 46.9 

0.4 24.1 107.8 

0.5 22.9 199.4 

0.6 22.4 311.0 

0.7 22.3 414.2 

0.8 22.2 508.5 

0.9 22.2 596.3 

1 22.3 680.2 
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 Table 2S Supplement 4 Percentage correct of the prey type for a random selection of individuals per 

species. Shown are the number of species and number of fish used in the model to estimate the 

percentage of the prey type correct. The percentage correct was estimated as the overlap between the 

percentage of each prey type and the observed prey. The optimum number of fish per species was 12 

with an average of 77% correct predicted prey types. 

No. of fish 

per species 

No. of 

species 
No. of fish % correct 

2 62 124 69 

5 51 255 76 

10 43 430 76 

12 42 504 77 

15 41 615 76 

20 37 740 75 

All animals 79 2974 75 
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Table 3S Supplement 4 ANOVA results for the predictors for mean prey size for the full dataset. 

Asteriscs denote statistically significant differences (*** = p<0.001). WW= loge wet weight of 

consumer fish. 

  Df Sum Sq Mean Sq F value   Pr(>F)   

Species 78 6154.3 78.9 266 <  2.20E-16 *** 

WW 1 544.7 544.7 1837 <  2.20E-16 *** 

Prey type 9 327.8 36.42 123 <  2.20E-16 *** 

Habitat 2 0.6 0.32 1.09 

 

0.34 

 Site 5 20.8 4.16 14 <  1.28E-13 *** 

Month 3 33.1 11.02 37 <  2.20E-16 *** 

Residuals 4195 1243.9 0.3         
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Table 4S Supplement 4 ANOVA results for the predictors for mean prey size for the subset of 12 

individuals per species. Asteriscs denote statistically significant differences (**=p<0.01; *** = 

p<0.001). WW= loge wet weight of consumer fish. 

 

  Df Sum Sq Mean Sq F value Pr(>F)   

Species 41 1159.6 28.3 121.9 < 2.2E-16 *** 

WW 1 138 138 594.6 < 2.2E-16 *** 

Prey type 8 53.9 6.7 29 < 2.E-16 *** 

Habitat 2 0.2 0.1 0.4 0.66 

 Site 5 4.9 1 4.3 <0.001 *** 

Month 3 3.5 1.1 5 0.002 ** 

Residuals 644 149.5 0.2       
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Table 5S Supplement 4 Number of fish surveyed with gut contents in Western Port. Average wet weight (WW) in grams, maximum WW and minimum WW are shown for 

each species. The average percentage consumed of each prey type by each fish species is shown. Prey abbreviations are: a=algae, oe=other epifauna, ce=crustacean epifauna, 

ci=crustaceans infauna, s=sponges, me=mollusc epifauna, pi=polychaetes infauna, pe=polychaetes epifauna, f=fish, and mi=mollusc infauna. 

Family Species 
Number 

of fish 

Average 

WW 

Max. 

WW 

Min. 

WW 
a ce ci f me mi oe oi s pe pi 

Apogonidae Siphamia cephalotes 27 0.83 1.72 0.002 0 99 0 0 1 0 0 0 0 0 0 

 

Vincentia conspersa 8 1.9 10.85 0.33 0 98 0 0 0 0 0 0 0 2 0 

Arripidae Arripis trutta 43 283.11 416 18.68 2 2 0 94 1 0 0 0 0 0 0 

 

Arripis truttaceous 51 284.17 423.8 87.7 0 0 0 94 6 0 0 0 0 0 0 

Atherinidae Atherinasoma microstoma 3 0.35 0.95 0.04 0 100 0 0 0 0 0 0 0 0 0 

 

Atherinid sp. 36 0.02 0.13 0.002 0 96 0 0 4 0 0 0 0 0 0 

 

Kestratherina brevirostris 24 1.04 2.4 0.42 0 93 0 0 0 0 3 0 0 4 0 

 

Kestratherina esox 22 1.38 5.58 0.25 0 100 0 0 0 0 0 0 0 0 0 

Callorhinchidae Callorhynchus milii 62 647.47 3100 36.7 0 10 3 0 5 75 0 0 0 6 0 

Carangidae Pseudocaranx georgianus 67 222.59 601 17.57 2 71 2 0 1 1 0 0 0 22 0 

 

Trachurus declivis 2 349.5 360 339 0 0 0 100 0 0 0 0 0 0 0 

Cheilodactylidae Dactylophora nigricans 2 148.7 158.8 138.6 0 3 0 0 0 0 0 0 0 48 50 

Clinidae Cristiceps australis 22 5.77 49.2 0.05 0 67 0 32 1 0 0 0 0 0 0 

 

Heteroclinus adelaidei 16 4.18 7.9 0.03 0 88 0 2 1 0 0 0 0 10 0 

 

Heteroclinus forsteri 3 0.75 1.08 0.36 0 96 0 0 0 0 0 0 0 4 0 

 

Heteroclinus perspicillata 133 2.81 24.8 0.014 3 75 0 0 1 0 0 0 0 17 3 

Clupeidae Hyperlophus vittatus 59 0.5 4.5 0.006 0 95 0 0 5 0 0 0 0 0 0 

 

Sardinops neopilchardus 19 1.04 2.3 0.22 0 98 0 0 2 0 0 0 0 0 0 

Diodontidae Diodon nichthemerus 58 174.05 841.7 0.007 1 75 0 0 5 13 2 0 0 4 0 

Engraulidae Engraulis australis 20 0.89 5.19 0.01 0 84 0 0 15 0 0 0 0 0 0 

Enoplosidae Enoplosus armatus 3 0.27 0.44 0.18 0 100 0 0 0 0 0 0 0 0 0 

Gempylidae Thyrsites atun 3 471.47 797.3 116.2 0 0 0 67 33 0 0 0 0 0 0 

Gobiesocidae Parvicrepis sp.1  20 0.06 0.21 0.007 0 86 5 0 1 0 8 0 0 0 0 
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Family Species 
Number 

of fish 

Average 

WW 

Max. 

WW 

Min. 

WW 
a ce ci f me mi oe oi s pe pi 

Gobiidae Arenigobius bifrenatus 69 0.31 3.33 0.002 29 60 6 0 2 0 0 1 0 2 0 

 

Arenigobius frenatus 159 0.82 8.1 0.003 35 44 7 0 2 1 0 1 0 9 2 

 

Callogobius depressus 1 1.94 1.94 1.94 0 0 0 0 0 0 0 0 0 100 0 

 

Favonigobius lateralis 17 0.81 1.5 0.012 17 54 6 0 7 0 0 0 0 16 0 

 

Favonigobius tamarensis 124 0.27 1.78 0.003 7 79 4 0 2 0 0 0 0 7 2 

 

Gobiopterus semivestitus 14 0.04 0.09 0.003 0 94 6 0 0 0 0 0 0 0 0 

 

Nesogobius hindsbyi 3 0.23 0.34 0.14 0 67 33 0 0 0 0 0 0 0 0 

 

Nesogobius maccullochi 9 0.46 1.54 0.03 0 56 23 0 9 0 0 0 0 12 0 

 

Nesogobius pulchellus 22 0.61 1.83 0.012 0 70 6 0 14 0 0 0 0 5 5 

 

Pseudogobius olorum 85 0.15 0.37 0.003 60 36 3 0 1 0 0 0 0 0 0 

 

Tasmanogobius lasti 7 0.02 0.03 0.012 0 75 25 0 0 0 0 0 0 0 0 

Hemiramphidae Hyporhamphus melanochir 25 12 76.43 0.44 41 15 0 0 0 0 40 0 0 4 0 

Monacanthidae 
Acanthaluteres 

spilomelanurus 
52 0.67 4.31 0.06 55 22 5 0 8 0 0 0 9 1 0 

 

Brachaluteres jacksonianus 11 0.31 1.58 0.04 0 65 1 0 22 0 0 0 0 11 0 

 

Eubalichthys gunnii 2 3.35 4.82 1.88 1 16 0 0 73 0 0 0 8 2 0 

 

Meuschenia freycineti 52 64.11 406 0.02 18 11 1 0 39 0 2 0 21 7 0 

 

Scobinichthys granulatus 2 4.63 8.39 0.88 35 65 0 0 0 0 0 0 0 0 0 

Moridae Pseudophycis bachus 64 233.49 873.4 123.3 0 60 13 20 5 0 0 0 0 1 0 

Mugilidae Aldrichetta forsteri 325 281.07 640 0.013 49 24 3 0 17 3 0 0 0 2 1 

Myliobatidae Myliobatis australis 2 3465 4310 2620 0 90 0 0 0 0 0 10 0 0 0 

Odacidae Haletta semifaciata 30 78.12 294.3 1.63 1 35 0 3 47 2 0 0 0 8 4 

Ophichthidae Muraenichthys breviceps 6 18.24 35.16 8.2 6 51 9 24 0 0 0 0 0 10 0 

Ophidiidae Genypterus tigerinus 2 280.45 322.3 238.6 0 78 0 22 0 0 0 0 0 0 0 

Ostraciidae Aracana ornata 1 15.96 15.96 15.96 0 52 0 0 0 0 0 0 0 48 0 

Parascylliidae Parascyllium ferrugineum 4 675.55 1018.1 512.8 0 0 0 0 21 0 0 0 0 46 33 
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Family Species 
Number 

of fish 

Average 

WW 

Max. 

WW 

Min. 

WW 
a ce ci f me mi oe oi s pe pi 

Pegasidae Acanthopegasus lancifer 1 0.65 0.65 0.65 0 79 21 0 0 0 0 0 0 0 0 

Pentacerotidae Pentaceropsis recurvirostris 1 1093 1093 1093 0 0 0 0 0 0 100 0 0 0 0 

Platycephalidae Platycephalus bassensis 71 179.96 2274 0.11 1 68 1 19 7 0 0 0 0 4 0 

 

Platycephalus laevigatus  93 525.07 1850 0.03 1 61 0 35 3 0 0 0 0 0 1 

Pleuronectidae Ammotretis rostratus  8 12.6 34.03 0.88 0 72 5 0 0 0 0 0 0 23 0 

 

Rhombosolea tapirina 33 110.8 470.5 0.003 0 56 4 4 2 7 0 0 0 19 8 

Pomatomidae Pomatomus saltator 19 276.85 404 208.85 0 0 0 95 5 0 0 0 0 0 0 

Rajidae Raja lemprieri 2 373.2 542.3 204.1 0 86 11 0 3 0 0 0 0 0 0 

Rhinobatidae Trygonorrhina guanerius 3 4741.68 7300 103.7 0 83 0 0 0 0 0 0 0 16 0 

Scorpaenidae Neosebastes scorpaenoides 3 5.73 12.5 2.07 0 37 0 0 14 0 0 0 0 49 0 

Scyliorhinidae Juncrus vincenti 1 406 406 406 0 20 0 0 80 0 0 0 0 0 0 

Sillaginidae Sillaginodes punctatus 52 40.31 310.6 0.007 6 70 6 0 0 0 0 0 0 17 2 

 

Sillago bassensis 1 84.6 84.6 84.6 0 0 0 0 93 0 0 0 0 7 0 

Sphyraenidae Sphyraena novaehollandiae 2 1252 1288 1216 0 0 0 100 0 0 0 0 0 0 0 

Syngnathidae Hippocampus abdominalis 1 0.19 0.19 0.19 0 100 0 0 0 0 0 0 0 0 0 

 

Mitotichthys semistriatus 87 0.56 2.65 0.07 0 99 1 0 0 0 0 0 0 0 0 

 

Stigmatopora argus 61 0.32 1.03 0.01 0 98 0 0 2 0 0 0 0 0 0 

 

Stigmatopora nigra 194 0.14 1.55 0.002 0 100 0 0 0 0 0 0 0 0 0 

 

Stipecampus cristatus 1 3.49 3.49 3.49 5 0 27 0 0 0 0 0 0 68 0 

 

Urocampus carinirostris 143 0.16 1.17 0.005 1 92 6 0 1 0 0 0 0 0 0 

 

Vanacampus phillipi 102 0.37 1.25 0.005 0 95 2 0 0 0 0 0 0 3 0 

Tetraodontidae Contusus brevicaudus 8 147.57 508.4 1.63 0 39 0 0 13 48 0 0 0 0 0 

 

Contusus richei 1 0.02 0.02 0.02 0 100 0 0 0 0 0 0 0 0 0 

 

Tetractenos glaber 134 25.96 66.5 1.95 2 71 2 0 7 4 0 0 1 9 3 

Tetrarogidae Gymnapistes marmoratus 57 18.09 54.3 0.008 0 85 2 1 1 0 0 0 0 11 0 
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Family Species 
Number 

of fish 

Average 

WW 

Max. 

WW 

Min. 

WW 
a ce ci f me mi oe oi s pe pi 

Triakidae Galeorhinus australis 8 311.93 426.2 224.1 0 0 0 81 19 0 0 0 0 0 0 

 

Mustelus antarcticus 81 1841.61 6200 186.4 1 88 0 3 0 0 0 0 0 4 4 

Urolophidae Urolophus cruciatis 8 97.88 308.3 45.1 0 45 2 0 0 0 0 4 0 48 1 

 

Urolophus paucimaculatus 5 153.44 398.6 23.7 0 54 5 0 19 0 0 0 0 22 0 

  Urolophus viridis 2 20.8 27.7 13.9 0 82 15 0 0 0 0 0 0 3 0 
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