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1 Further details of the foraging models21

Here we explain how we use classical optimal foraging theory (OFT) on species diet choice in this22

paper to obtain the OF and PR models, and how we parameterise these models.23

1.1 The classical optimal foraging model24

For simplicity, we first consider the case where a focal consumer preys on a single resource species, with25

per-capita units. Given the total searching time (Ts, the total time spent searching for resource items26

within a certain period of time, say, a foraging bout) and encounter rate (λ) between the consumer27

and the resource, we can derive the total number of resource items that a consumer can encounter per28

bout (Rtot) as:29

Rtot = λTs (S1)30

with31

λ = a′R, (S2)32

where a′ is per-capita search rate and R the numerical density of the resource. In the original OFT33

work (Charnov & Orians 1973), it is assumed that once a resource item is encountered, it is captured34

instantly and successfully by the consumer, i.e., attack success probability (i.e., A in our OF & PR35

model in the main text) equals one. The total time spent foraging (Ttot, the length of a bout) is then36

Ttot = Ts + Tsλh
′ (S3)37

where h′ is the per-capita handling time: the time taken by the consumer for pursuing, subjugating and38

ingesting one resource item. Ttot is nothing but the sum of searching time and handling time dealing39

with all captured resource items within a bout. Then, the per-capita intake rate during a foraging bout40

is the total number of resource items eaten (eqn (S1)) divided by the total foraging time (eqn (S3)):41

Rtot

Ttot
=

Tsλ

Ts + Tsλh′
(S4)42

By cancelling Ts out from both the numerator and denominator, and replacing λ with eqn (S2), we get43

Rtot

Ttot
=

a′R

1 + a′Rh′
. (S5)44

This is the classical type-II functional response (Holling 1959) in per-capita units. Using this functional45

response equation, OFT stochastically models a series of decisions of the consumer, who either pursues46

or ignores each encountered resource item (of different types) such that its final diet composition47

maximises its net energy intake rate when averaged across many (sufficient from a sampling perspective)48

bouts. To illustrate this diet choice mechanism, let’s introduce another resource species into the system.49

We now have two resources species, 1 and 2, identified by subscripts in the following equations. The50

profitability of the ith resource species is how fast the consumer can gain energy from that item once it51

has been encountered. Let Ei be its energy content. Then, its profitability (pi) is:52

pi =
Ei
h′i

(S6)53

Note again that this is assuming attack success probability A = 1.54
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Now, let resource 1 be the more profitable resource among the two, such that:55

p1 > p2, i.e., =
E1

h′1
>
E2

h′2
(S7)56

We can calculate the consumer’s energy intake rate (henceforth, consumption rate, C ′) by multiplying57

eqn (S5) by E, under three possible diet choice scenarios: eating only the more-profitable resource 1,58

eating only the less-profitable resource 2, or eating both:59

C ′1 =
a′1R1E1

1 + a′1R1h′1

C ′2 =
a′2R2E2

1 + a′2R2h′2

C ′12 =
a′1R1E1 + a′2R2E2

1 + a′1R1h′1 + a′2R2h′2

(S8)60

Given that resource 1 is more profitable (eqn (S7)), C ′2 is necessarily smaller than C ′12. Therefore, the61

consumer cannot achieve optimal (maximum) intake rate by eating only the less-profitable resource 2,62

and must always include the more-profitable resource 1 in its diet. The choice that the consumer needs63

to make then is whether or not to also include resource 2 into its diet. The criterion for resource 2 to64

be included is C ′12 > C ′1, which can be re-written as:65

a′1R1 <
E2

E1h′2 − E2h′1
(S9)66

because a′, E, and h′ are species-specific fixed values, the inclusion of resource 2 (the less-profitable67

resource) into the consumer’s diet depends only on R1, i.e., the density (or say abundance) of resource68

1. Note the fact that the abundance of resource 2 itself is not relevant to its inclusion or not—only69

when resource 1 is rare enough should the consumer start to prey on resource 2.70

From the above, we can summarise three diet-choice rules from classical OFT: (i) The most71

profitable resource species is always included in the consumer’s diet regardless of its abundance. (ii) It72

is not because of the abundance of the less-profitable resource, but the rarity of the more-profitable73

resource, that the consumer includes the former into its diet. (iii) There is no way that the consumer74

“skips” species along the profitability ranking, that is, not eating the more-profitable resource but eating75

the less-profitable ones. All these rules also apply to our multi-species OF food web model below.76

1.2 The OF model77

The OF model is an extension of the above classical model to food webs. In this study, we decide to use78

biomass as the currency of energy for easier merging with metabolic theory. All parameters are therefore79

converted to mass-specific (i.e., per-biomass consumer on per-biomass resource) units as described80

below. The critical assumptions we make are that the energy content per unit biomass of resource,81

and conversion efficiency (i.e., from biomass to energy) of consumer, are both approximately constant82

irrespective of consumer or resource identity (Kondoh 2007; Petchey et al. 2008), and independent of83

body size (Peters 1986; DeLong et al. 2010; Lang et al. 2017).84

Following eqn (S6) & (S7), for jth consumer species, the profitability of an ith resource species item85

(pij) is:86

pij =
AijEi
h′ij

(S10)87
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where Ei is the energy content of that resource item, and h′ij here is the per-capita handling time88

as above (eqn (S3)). We explicitly include the Aij , the attack success probability to capture that89

resource item, rather than implicitly assuming it equals one as in classical OFT (see above). That is,90

we relax classical OFT’s assumption that encounter equals capture because the consumer’s evaluation91

of profitability of a resource should in fact include its probability of successful capture. As we have92

assumed the energy content per unit biomass is constant for all species, Ei can be expressed as the93

resource item’s body mass, mi, multiplied by a constant that can be ignored as it has no effect on the94

relative profitabilities of species. Therefore, eqn (S10) can be re-written as:95

pij =
Aijmi

h′ij
(S11)96

We then divide both the numerator and denominator of eqn (S11) by mi to convert it to profitability97

per unit resource biomass, and further convert it to consumer mass-specific profitability by multiplying98

the denominator by its body mass, mj , to get:99

pij =
Aij
hij

. (S12)100

Here, hij is thus now resource mass-specific handling time (cf. h′ij in above equations). Note that the101

above conversion does not change the relative profitabilities of resource species with respect to a focal102

consumer (i.e., resource profitabilites rank using eqn (S11) or (S12) is identical), but allows us to use103

the same mass-specific hij as when calculating consumption rate (see below and section 1.4). This104

value is also assumed to be independent from the effect of predation risk or any other factor.105

In our study, we use biomass consumption rate as a proxy for energy intake rate, again, under106

the assumption that the energy content per unit biomass of resource is a global constant. The total107

biomass consumption rate of the jth consumer species can therefore be written as:108

∑
i∈Dj

(
εaijAijXi

1 +
∑

k∈Dj
akjAkjhkjXk

)
(S13)109

where Dj is the set of species in its diet, ε its conversion efficiency (here assumed constant), and, for110

its ith resource species, aij is mass-specific search rate (m2·kg−1·s−1), Aij its attack success probability,111

hij its mass-specific handling time (s), and Xi the resource’s biomass abundance (density) (kg·m−2).112

Eqn (S13) is a multi-resource extension of the classical (single-resource) type-II functional response (as113

C ′12 in eqn (S8) could be expressed in this form), and is the expected energy intake over a large sample114

of iterated, stochastically-spaced foraging bouts (Charnov & Orians 1973). Here again we include115

an explicit attack success probability, A, in comparison to the classical optimal foraging model with116

implicit A = 1. We also note that A = 1 is included as scheme 10 in our synthetic food-web analysis117

(see main text and section 7 below), so this study covers the classic optimal foraging model structure118

as well.119

Just like the classical model (eqn (S8)–(S9)), the OF model determines the optimal diet by searching120

through all possible diet breadths along the profitability ranking (i.e., rule (iii) at the end of the121

previous subsection) and identifying the Dj that maximises eqn (S13), which presents the optimal diet.122
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1.3 The PR Model123

As explained in the main text (eqn (2) & Crisk), the PR model extends the OF model by imposing124

predation risk and metabolic constraint (minimum consumption rate) on consumers’ diet choice125

decisions. Given a risk of predation (eqn (S26)) and a minimum consumption rate (eqn (S25)),126

consumers can either narrow or broaden their diet. Narrowing the diet entails taking fewer resource127

species than the optimal set, i.e., fewer more energy-rich items that require less handling time overall.128

Broadening the diet entails taking more resource species than the optimal set, i.e., more energy-poor129

items that require more handling time overall. Under the assumption that handling is less risky than130

searching or waiting for prey, diet broadening in the PR model in effect results in a re-allocation of131

time within a foraging bout from searching/waiting to handling. That is, accepting less-profitable132

resources makes encounters with acceptable resource items more frequent, but the set of accepted items133

needs a longer time to handle overall. To make this explicit, consider the two-species OFT scenario134

above. From eqns (S3) and (S8), the total time spent foraging on resource 1 (Ttot, 1) versus on both135

resource 1 and 2 (Ttot, 12) are, respectively,136

Ttot, 1 = Ts + Tsa
′
1R1h

′
1

Ttot, 12 = Ts + Ts(a
′
1R1h

′
1 + a′2R2h

′
2).

(S14)137

In eqn (S14), given a fixed bout length (i.e., Ttot, 1 = Ttot, 12), the Ts in Ttot, 12 must be smaller than138

the Ts in Ttot, 1 (i.e., less total searching/waiting time within a bout due to accepting resource 2),139

and meanwhile necessarily Ts(a
′
1R1h

′
1 + a′2R2h

′
2) in Ttot, 12 is larger than Tsa

′
1R1h

′
1 in Ttot, 1 (i.e., more140

total handling time within a bout due to accepting resource 2).141

The diet narrowing strategy involves the same logic applied in the opposite direction under the142

assumption that handling is riskier than searching/waiting. By such time-reallocation, the consumer143

reduces time spent performing riskier actions. Note that it is biologically possible that the consumer144

could change the bout length (Ttot) as a response to predation risk, which we have addressed in the145

“Discussion” section of the main text. Basically, it would not affect the diet breadth changing mechanism146

described here.147

1.4 Foraging model parameterisation and structural schemes148

Here we describe how the the foraging parameters of the OF and PR models—species biomass abundance149

(Xi), search rate (aij), attack success probability (Aij), handling time (hij), and minimum consumption150

rate Cmin—were specified. All quantities were eventually converted into mass-specific SI units (for151

values, see Table S1).152

To quantify the model’s sensitivity to variation in food-web attributes (species richness, proportion153

of basal species, mean and variation of species body masses) and specification of the foraging parameters,154

we developed schemes where these aspects were manipulated. Scheme 1 serves as a baseline. We155

describe its specification here, whereas each of the other schemes change one attribute or parameter156

with respect to scheme 1. These other schemes are are detailed in Table S2.157
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Biomass abundance (density)158

Maximum species abundances generally follow Damuth’s law (Damuth 1981; Peters 1986), with larger159

species having lower numeric densities:160

X ′i = X0m
−0.75
i (S15)161

162

Here X ′i is the average population density (in individual/area or individual/volume) of species i. X0163

is a normalization constant. mi is the average body mass of the ith species . By multiplying eqn164

(S15) by mi we can convert it into the scaling equation for species biomass density (in mass/area or165

mass/volume),166

Xi = X0m
0.25
i (S16)167

168

We note that the X0 (10−4 we used) and exponent (0.25) shown in eqn (S16) fall within the range169

of empirically-calculated values (Table S4). Indeed, in the case where we generated OF and PR170

counterparts of empirical food webs (the “Comparing ability of the foraging models to capture171

empirical food-web structure” section of main text) we did have empirical species biomass densities172

in seven webs (Table S4). However, because not all empirical webs had such data, for consistency173

we assigned biomass densities in all using Damuth’s law. Eqn (S16) was applied with re-sampling174

variations in constant and exponent values in the empirical food webs section, and without such175

variation in the synthetic food webs section, as described in the main text. Using empirical biomass176

density values for Xi did not qualitatively change any of the results (results not shown).177

Search rate178

For mass-specific consumer j search rate (units of area/time or volume/time) we use (Pawar et al.179

2012; Tang et al. 2014; Rizzuto et al. 2018):180

aij = 2V0d0m
pv+pd−1
j mpd

i in 2D

aij = πV0d
2
0m

pv+2pd−1
j m2pd

i in 3D
(S17)181

where V0 and pv are the normalization constant and exponent for the scaling of velocity, d0 and pd the182

constant and exponent of the scaling of reaction distance (at which the consumer and resource can183

sense and react to each other), and D is foraging (interaction) dimensionality. As such (S17) is the184

“grazing” version of the more general model of Pawar et al. (2012). We use this particular model for a185

throughout this study because it has been shown that the effect of foraging strategy is relatively small186

compared with the effect of foraging dimensionality (Pawar et al. 2012), and also because the majority187

of trophic interactions in the empirical food-web data we used were grazing.188

Attack success probability189

We phenomenologically model the attack success probability of species j attacking i as:190

Aij =
1

1 + 0.25e−m
0.33
j

 1

1 +
(

log10

(
Rp

mj

mi

))2


0.2

(S18)191
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where Rp is the preferred resource-consumer body-size (body mass) ratio, and e is Euler’s number.192

In the right hand side of eqn (S18), the first component is bounded between 0.8 and 1 (with the193

lower bound set by the constant 0.25) describes an monotonic increase of success probability with194

mj , with the curvature regulated by the constant 0.33. The second component (bounded between195

0 and 1) imposes a dome-shaped change in success probability with resource-consumer body-size196

ratio with its breadth controlled by the exponent 0.2. The value of this component peaks when the197

size-ratio equals Rp. Because size-ratios tend to be log-normally distributed, the log10 transformation198

guarantees that the decline is symmetric on either side of this ratio. This model (eqn (S18)) captures199

two biologically-realistic features of attack success: (i) large consumers tend to have higher success200

probability than small consumers, and (ii) the consumer’s attack is more likely to succeed when the201

prey’s body-size is appropriate, and less likely when the prey is too large or too small (sensu Caparroy202

et al. 2000; Vucic-Pestic et al. 2010; Pawar 2015). In other words, the probability peaks at a preferred203

body-size ratio. In this study, using different forms for A (i.e., scheme 8–10 in Table S2) did not204

qualitatively change our results (Section 7).205

Handling time206

According to Pawar et al. (2012), the consumer’s per-capita handling time for resource biomass (i.e.,207

the conventional per-capita handling time h′ divided by resource body mass) is208

h′′ij ∝ m
−β
j , (S19)209

where β the scaling exponent of basal metabolic rate (Savage et al. 2004, 2007; Pawar et al. 2012). To210

make it mass-specific (i.e., per-biomass consumer on per-biomass resource), we multiply eqn (S19) by211

mj to get212

hij ∝ m1−β
j . (S20)213

where hij is mass-specific handling time. Furthermore, handing time should also be subject to214

biomechanical constraints imposed by resource-consumer size ratio. Therefore, we express handling215

time as216

hij = h0m
1−β
j H

(
mi

mj

)
(S21)217

where h0 is a constant. H is a U-shaped function which captures the fact that consumer should218

more easily handle a captured resource within an appropriate (preferred) size range with a peak at a219

particular, optimal resource-consumer body-size ratio. Just like A (eqn (S18)), handling time should220

be the lowest at a preferred body-size ratio and increase with deviation from that ratio. We use the221

inverse of a Gaussian probability density function, standardising the lowest point to 1, to capture this222

behaviour. For the preferred ratio, the same Rp as in attack success rate is used.223

Another handling time parameterisation that also takes into account the body-size ratio influence,224

but with different logic and assumptions, can be found in the study by Petchey et al. (2008) on ADBM.225

Their “ratio handling time function” is226

h′ij =


h0

L−mi
mj

if mi
mj

< L

∞ otherwise.

(S22)227

Here h′ij is consumer per-capita handling time on resource individual. h0 again is a constant. L is the228
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largest consumable resource-consumer body-size ratio, beyond which the resource is considered too229

large to be consumed (i.e., with infinite handling time). A lower limit of handling time is set because230

no matter how small the resource item is (mi
mj
→ 0), the consumer still needs a certain amount of time231

to handle it (h0L ). Multiplying eqn (S22) by mi
mj

to convert it into mass-specific sense (i.e., per-biomass232

consumer on per-biomass resource), we get233

hij =


h0m2

j

Lmjmi−m2
i

if mi
mj

< L

∞ otherwise.
(S23)234

Both types of handling time parameterisations, i.e., eqn (S21) and (S23), were included in the simulation235

schemes of this study (Table S4).236

1.5 Consumption rate threshold and predation-risk index in the PR model237

To maintain itself and survive, the energy intake of an individual should at least balance the continuous238

energy loss due to maintenance metabolism. This corresponds to the basal (survival/maintenance)239

metabolic rate (BMR, in energy/time) of an individual (Belovsky 1981; Peters 1986; Brown et al. 2004;240

Rizzuto et al. 2018)241

BMR = B0m
β (S24)242

where B0 is a coefficient that depends on taxon and temperature. In this study, as we used biomass243

density as the currency of energy, a basic biomass consumption rate threshold (C ′min) for individual244

consumer’s survival could be drawn in proportion to BMR (C ′min ∝ BMR). Dividing eqn (S24) by m245

to make it mass-specific, Cmin (in 1/time) for species i can then be expressed as246

Ci, min = C0m
β−1
i (S25)247

where C0 is a normalization constant. Biologically, this term (eqn (S25)) is the mass-specific biomass248

loss rate due to maintenance metabolism.249

The amount of predation risk that a focal species experiences is quantified as a predation-risk250

index (Prisk), which is positively determined by the ratio of the total biomass of its realised consumers251

(
∑
Xreal) and the total biomass of all consumer species (

∑
Xall)252

Prisk =

(∑
Xreal∑
Xall

)eP
(S26)253

where Prisk is bounded between 0 and 1 and is directly used for drawing a reference consumption rate254

for the diet broadening/narrowing effect described in the main text; eP is an exponent that determines255

how Prisk increases along with the increasing
∑
Xreal, as shown in Fig. S1. Compared to the eP = 1256

case, Prisk will be smaller for the same
∑
Xreal if eP > 1, where the diet broadening/narrowing effect of257

the focal consumer species is thereby less sensitive to the change in the number (and thus
∑
Xreal) of258

its consumers (Fig. S1). This index is based on the rationale that, from a resource’s point of view, the259

predation risk it suffers should increase with the number of consumer species in the environment that260

are preying on it, as well as the abundances of those consumers. We also note that by our assumption261

of allowing intraguild predation and cannibalism, all species share the same
∑
Xall value and therefore262

this predation-risk index presents a standardised evaluation of risk which could be compared among263

species. Species with fewer realised consumer species are likely to have lower Prisk than those with264
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many.265

In the empirical food web section of the main text, we simulated model-generated counterparts of266

empirical food webs with given parameter values and eP = 1. Regarding controlling the connectance267

(see the main text and section 3), sometimes, for a replicate, even the largest h0, based on which all268

species barely fulfil the Cmin requirement (i.e., even larger h0 leads to unfeasible species), is already269

used, the generated PR web is still over-connected. This can be seen as species being too sensitive to270

predation risk such that their diet broadens too fast. We therefore increased eP by 0.25 to slightly271

weaken the diet-broadening effect (S1) in such cases. This process was repeated until a PR web with272

acceptable connectance was successfully generated. The simulated connectance values, along with the273

eP used to achieve them, is summarised in Table S4. In the synthetic food web section, we did not274

limit the connectance of generated food webs, but just made sure that the three webs (i.e., the OF, PR,275

and null ones) share the same connectance. The values of eP were therefore kept as scheme-dependent276

values (Table S4).277

eP = 1
eP > 1

0

1

0 1
Realised−to−all consumer biomass ratio

P
re

da
tio

n−
ris

k 
in

de
x

Figure S1: The effect of eP on how predation-risk index (Prisk) is evaluated from the total
realised-to-all consumer biomass ratio (

∑
Xreal/

∑
Xall).
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2 Pseudocode for the OF and PR assembly processes278

Here we present the pseudocode for our assembly algorithm. Note that this entire process is repeated279

for multiple values of handling time h in order to achieve a preset connectance. Stopping after line 3280

results in an OF web, while continuing results in a PR web. An explanation for the various values of281

C on line 7 is in Fig. 1 of the main text.282

input : Set of species S = {1 . . . n}, their biomasses m{i∈S}, set of basal species B ⊂ S
output :PR food web diets D{i/∈B}

1 foreach consumer species i /∈ B :

2 Order other species by profitability defined by eqn (S12)

3 Initialise diet Di by adding species in descending order until eqn (1) is maximised

4 until all Di do not change :

5 foreach consumer species i /∈ B :

6 Calculate Pi,risk using eqn (2)

7 Risk-compromised consumption Crisk = Csurv + (1− Prisk)(Copt − Csurv)

8 Re-assign diet Di by broadening to the closest C(Di) ≥ Crisk

283
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3 Controlling the connectance of OF and PR webs via handling time284

magnitude285

In this section, we explain how the connectance of model-generated web, for both the OF and PR286

model, was controlled by manipulating the magnitude of handling time.287

The handling time for every resource-consumer pair is given by eqn (S21) explained in section 2.288

Given a h0 value and other parameters, the consumption rate of any focal consumer across all its289

possible diet breadth can be calculated by using eqn (1) of the main text, as we did in main text Fig. 1290

and Fig. S2 here. As the magnitude of handling time is increased by giving a larger h0 value, the291

consumer’s consumption rate for every possible diet breadth decreases due to the larger denominator292

of eqn (1). At the same time, the maximum consumption rate shifts to be at a narrower diet set, which293

means that the optimal diet breadth becomes narrower. This is purely a mathematical outcome of294

the multi-resource type-II functional response, i.e., eqn (1). Under the OFT diet-choice rule where295

consumer take the optimal diet set, assigning a large-enough h0 guarantees that the focal consumer296

will definitely consume only the most profitable resource (Fig. S2 rightmost), whereas a small-enough297

h0 make the consumer eat everything (Fig. S2 leftmost).298

Extrapolating the above to all consumer species in the community, the food-web connectance will299

be higher if all consumers have broader diet, and vice versa. The connectance of the OF and PR model300

(as PR starts with an OF-derived initial web) can therefore both be manipulated by assigning the301

value of h0. Given the same set of species and parameters, the two models reach the same connectance302

with different h0 values, where the PR needs a larger one due to the diet-broadening strategy. We thus303

control the connectance of output food webs via assigning proper h0 values as decribed in the main304

text, so that the structural comparison could be conducted with webs that share the same connectance.305

Diet breadth of the consumer

C
on

su
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n 
ra

te
of

 th
e 
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ns

um
er

Diet breadth of the consumer

C
on

su
m
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e 
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Diet breadth of the consumer
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on
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e 
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ns
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Magnitude of h0 LargeSmall

Figure S2: Illustration of how consumption rate of the consumer is influenced by the magnitude of h0.
With larger h0, the handling time of every resource-consumer pairs increase evenly. For a focal
consumer, this results in a decrease in consumption rate across all possible diet breadth (i.e., all points
move downward), meanwhile the optimal diet becomes narrower (i.e., the peak shift leftward).

Note that we set the connectance of the PR web first then match the connectance of OF/null web306

with it. The reason is that, in the PR assembly, species’ diet breadths and predation-risk index values307

iteratively change each other until they reach a steady state. Thus, the connectance of PR food webs308

responds less smoothly but step-wise to variation in h0. It is therefore more difficult to generate a PR309

13



web with exactly the desired connectance. The OF assembly, on the other hand, can easily achieve a310

desired connectance by assinging a proper h0 value. The null webs are randomly connected and we can311

directly assign their connectance. Therefore, matching the connectance of the latter two to the PR312

value is a practical way to have them share the same connectance.313
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4 Measurement of structural features314

We summarise the food-web metrics used in this study in Table S3.315

We note that in this study we focus on nestedness and modularity because these are arguably316

the most well-reported empirical food-web properties, as stated in main text, and also because such317

structural features quantify the pattern of how trophic links are distributed among species, which318

directly reflects species’ diet choice.319
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5 Empirical food-web data320

We compiled data on 12 empirical food webs from published works (Table S4). These webs were all321

resolved to the species level. For CSM, BSQ, and EPB, the original data partly includes life-stage322

level resolution on trophic interactions among species. We collapsed these 3 webs to species level to323

stay in accordance with the other webs, by summing up the biomass and diet of any species across324

all its life stages. We included only carnivorous, herbivorous, and detritivorous links. The number of325

species in these webs ranges from 28 to 251, and web connectance ranges from 0.018 to 0.294. Note326

that we present the biomass scaling relationship of the seven webs for which we have information on327

empirical biomass densities, but in our work we reassign the biomass densities of all using Damuth’s328

law as described in section 1.4.329
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6 Further details on data analyses330

The measurements in this study (including those of additional results, see the next section), except331

TL-Mass (trophic level to log consumer body mass relationship) and ID-Mass (in-degree to log consumer332

body mass relationship), were analysed using linear mixed model (LMM) and paired-Wilcoxon tests to333

check for the difference among models. For the empirical part we focused on the absolute deviations334

from the empirical value and took these as the observations to evaluate model predictive performance.335

For the overall comparison of model performances (i.e., results in Fig. 2 of the main text), we used336

LMM with the type of model (i.e., OF and PR) as the fixed effect, and community (i.e., the 12337

empirical ones) and iteration (50 for each community) as nested random intercept effects. For the338

community-based comparison, deviations are paired by iterations and analysed using a Wilcoxon test.339

For the synthetic part, on the other hand, we directly compare the measurements to show the340

structural difference among models. Just as the corresponding observations (i.e., among models but341

from the same iteration) in the empirical part were derived from the same set of re-drawn parameters,342

in the synthetic part they were derived from the same synthetic community, and thus were not343

independent to each other. We thus set the type of model (i.e., OF, PR, and null) as the fixed effect,344

but the identity of iteration as a random intercept effect in the synthetic part, and reported the345

significance of difference between the OF and PR models. Notably, the measurement here may be346

transformed to meet the normality assumption of LMM. We first checked residual (i.e., of LMM model)347

normality of original readings using a Shapiro-Wilk test, and if it was violated, we further applied 4348

transformations and picked the one that gave the largest p-value of normality tests for analysis. Possible349

data types are: Original, Square-root transformed, Log transformed (log10(value) or log10(value+ 1)350

if there is zero in the values), Reverse transformed (−1/value or −1/(value+ 1) if there is zero in the351

values), and Arcsine-square-root transformed (if the original values are not bounded between 0 and 1,352

they are standardised by dividing by the maximum reading (or 100 in NODF case), then taking the353

sin−1
√
value). The final adopted data type of the LMM analysis is indicated in Fig. S5–S7.354

For TL-Mass, LMM were applied to visualise the relationship, where we took species body mass355

(in log scale) and the type of model as fixed effects with interaction, with the identity of iteration as a356

random effect. The random effect was set to be either on the intercept, the slope, or both, depending357

on which structure yielded the smallest AIC. For ID-Mass, as the relationship was not linear, we used358

a generalized additive mixed model (GAMM) to visualise the relationship. The type of model was359

set as a linear fixed predictor, while species body mass (in log scale) of each model type was set as a360

smooth predictor, and the identity of iteration as a random smooth.361

The LMM was done by using lmer function of R package lme4 (ver. 1.1-17, Bates et al. 2015). The362

GAMM was done by using gam function of R package mgcv (ver. 1.8-24, Wood 2006). Paired-Wilcoxon363

and Shapiro-Wilk tests were conducted using R-inbuilt functions.364
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7 Additional results365

Here we firstly present the same result of Fig. 2 of the main text, except with standardised absolute366

deviation (Fig. S3). The results are qualitatively the same. We note that we were not comparing the367

deviation between nestedness and modularity, but between the two foraging models. As long as the368

deviations are paired-calculated with empirical values, we can judge if it is statistically different from 0369

and if any of the OF/PR have smaller deviations (as an indication of better predictive performance),370

so standardisation is not necessary. However, using standardised values provides hints of how large the371

deviations are, relative to the empirical value.372

Besides the focal structural measures of nestedness and modularity, we also measured several other373

food-web structural metrics and performed the same comparisons as described in the empirical and374

synthetic food webs sections of the main text. We note that the metrics we measured cover much375

of the same structural information as in the previous works, such as the ADBM studies (Beckerman376

et al. 2006; Petchey et al. 2008). The results of these are as shown in Fig. S4–S7, and the relevant377

terminology definitions can be be found in Table S3.378

The PR model predicts clustering closer to the empirical value, while for coherence and trophic379

similarity there is no obvious superiority of predicting performance (Fig. S4). The synthetic part shows380

that the PR food webs are consistently more clustered, more coherent, and have higher similarity381

among nodes than OF food webs (Fig. S5).382

For the resource-consumer body-size ratio-related features, we compared the median and standard383

deviation of resource-consumer body-size ratio distribution among the models. These features provide384

insights into how different-sized species and linkages are distributed within the food web. For the385

comparison with empirical food webs, there is no obvious pattern for the median of the ratio. For the386

standard deviation of the ratio distribution, empirical food webs tend to adopt higher value than the387

models’ prediction. The PR model outperforms OF in 9 out of 12 empirical communities (Fig. S4).388

For the comparison among synthetic food webs, because of the body-size constraints embedded in A389

and h, both foraging models produced more constrained ratio distributions than the null webs, that is,390

with much smaller standard deviation. The comparison between the two foraging models showed that391

the PR model tended to produce food webs with higher median resource-consumer body-size ratio and392

higher standard deviation of that ratio, i.e., a wider and flatter ratio distribution, than the OF model393

(Fig. S5).394

With regard to node-level features, we checked the relationships of consumer species’ trophic level395

and in-degree against their log body mass (TL-Mass and ID-Mass, respectively) to inspect how these396

two node-level features varied with body mass. In-degree is the number of resources of a node, which397

directly reflects the diet breadth of species, so was considered as an important node feature in the398

diet-predicting context of this study. In general, empirical food webs tend to adopt a positive TL-Mass399

relationship and a dome-like ID-Mass relationship—not perfectly humped, but qualitatively higher400

in the middle than in the ends (Fig. S4), and the model-predicted webs reflect such a characteristic401

(Fig. S4, S5).402

As stated in the main text, biologically, a species can either broaden or narrow its diet breadth403

as a response to predation risk, and we mainly focused on the former. We also conducted the same404

simulation using the PR model which is set to have the diet-narrowing effect. In a food web, however,405

if the consumers’ diet become narrower, the resources species’ predation risk will decrease, which will406

lead to further diet narrowing of these resource species and lower the predation risk downstream. This407

is exactly the opposite of the positive feedback between diet breadth and predation risk that happens408
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in diet-broadening case (as described in the main text), so the effect of predation risk tends to mitigate409

itself here. As a result, the predicted food webs of diet-narrowing PR model converges to OF, and410

the structural outcomes of the two models are almost identical (Fig. S6). If allowing the PR model411

to select the diet that gives the closest consumption rate to the risk threshold Crisk (i.e., could either412

be broadening or narrowing), because the diet-narrowing effect again diminishes, the results of this413

either-direction PR model (Fig. S7) largely converges to the diet-broadening case (Fig. S5).414
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Figure S3: Performance of the Optimal Foraging (OF) and Predation Risk-Compromise (PR) models
in predicting nestedness and modularity of empirical food webs. We evaluate the performance using
standardised absolute deviations from the empirical value of both foraging models, which is the
absolute value of the difference (of NODF and modularity index) between the model-generated web
and the empirical web, divided by the reading of the empirical web. These are shown as mean ± 95%
CI (LMM fixed-effect uncertainty only). The PR model has deviations significantly smaller than those
of the OF model in both nestedness and modularity measurements (p < 0.001 in both cases),
indicating a better predictive ability.
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Figure S4: Summary of the structural features (as columns) of empirical food webs (as rows) and their
OF and PR counterparts. Nest: level of nestedness (as NODF); Modu: level of modularity (as
modularity index); Clus: clustering coefficient; Incohe: Incoherence index; Simi: web-averaged
species-pair similarity; TL-Mass: Trophic level to log consumer body mass relationship; ID-Mass:
In-degree to log consumer body mass relationship. Food-web name abbreviations are in accordance
with Table S4. Red, blue, and black colour refer to OF, PR, and empirical food webs, respectively.
The solid line present the mean or regression line, with corresponding shade present the 95% CI. The
box plots present the model-generated values. Except in TL- and ID-Mass, the background of the
plots are coloured in red/blue shade to point out which of OF and PR measurement mean values is
significantly closer (p < 0.05) to the empirical value based on paired-Wilcoxon tests.
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Figure S5: Summary of the structural features (as columns) of the OF, PR, & null food webs across
all schemes (as rows). Measurement abbreviations are in line with Fig. S4. Red, blue, and black colour
refer to OF, PR, and null food webs, respectively. The sold line with corresponding shade presents the
mean ± 95% CI of observations or the regression line, whereas the box plots present the
model-generated observations. The asterisks indicate whenever the OF/PR values are significantly
larger than the other (*: p < 0.05; **: p < 0.01; ***: p < 0.001. LMM results). Adopted data type is
indicated at the bottom left of the plots: O(original), R(square-root), L(log), Re(reverse), and
A(arcsine square-root). Across schemes, there are consistent structural differences between OF and PR
food webs despite of the variation in model mathematical structure and parameters.
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Figure S6: Summary of the structural features (as columns) of the OF, PR, and null food webs across
all schemes (as rows), where in the PR model the predation risk is set to have diet-narrowing effect.
All notations are in line with Fig. S5. As the PR in this case largely converge to the OF, the results
show no difference between the two.
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Figure S7: Summary of the structural features (as columns) of the OF, PR, & null food webs across
all schemes (as rows), where in the PR model the predation risk is set to have either diet-narrowing or
diet-broadening effect depending on which gives the closer consumption rate to the reference value. All
notations are in line with Fig. S5. The results are largely the same with pure diet-broadening case as
in Fig. S5.
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8 Node-link diagram415

The node-link diagram showed in Fig. 5 of the main text was produced by using the visualisation416

algorithm developed by Zheng et al. (2018). For ease of comparison, the x-position of nodes of all three417

diagrams are calculated based on connectivity information of the empirical food web such that the418

location of the nodes are fixed across diagrams.419

Here with Fig. S8, we further show the diagrams of the same OF and PR food webs, but based420

on the PR web’s connectivity information instead (i.e., the same webs as in Fig. 5B–C of the main421

text but plotted in another way with another set of x-position of nodes), which provided another422

visualisation of the difference between the OF and PR webs. Because we kept the connectance of the423

two webs the same, the OF and PR webs can be seen as the linkages being re-allocated among nodes424

from each other. Consequently, median-sized consumers have a broader diet in the PR than in the OF425

food web (e.g., the nodes that form a little triangle in the middle of Fig. S8), while the reverse is true426

for larger and smaller consumers (e.g, the three nodes at the top, and the two greenish nodes sitting427

right above the yellowish layer of nodes of Fig. S8, respectively)428

(A) OF: optimal foraging model

(B) PR: optimal foraging model with predation-risk effect

incorporated

Figure S8: Node-link diagrams of the OF and PR food webs, corresponding to Fig. 5 of the main text.
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9 Trends in research on OFT-based food-webs429

Research on OFT-based food-webs has gradually faded from the literature after reaching a peak around430

2010–2012. We searched literature using the Web of Science engine, with “optimal foraging” and “food431

web” as key words of the topics, then plot the number of found publications with the year they are432

published.
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