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Species loss in ecological communities can trigger cascading extinctions, the extent of 
which likely depends on network type and extinction thresholds. Traditionally, network 
responses to node removal are analysed using unweighted food webs, ignoring interac-
tion strengths and extinction thresholds. Here, we examine how food web robustness 
varies with network type (unweighted versus weighted), extinction thresholds, and 
species removal sequences, and explore how network properties – connectance and 
relative ascendency both unweighted and weighted – predict robustness. First, our 
results show that network robustness, measured by the R50 index, can be up to 40% 
lower in weighted networks compared to unweighted ones. Additionally, incorporat-
ing extinction thresholds reveals a consistent reduction in robustness when species 
deletions proceed from the highest to the lowest species degree or sum of link weights. 
This suggests that measures of robustness that do not include extinction thresholds 
overestimate of ecological network robustness. Furthermore, it highlights that species 
with high energy through-flow are crucial for maintaining energy pathways and net-
work integrity in weighted food webs, emphasizing their importance in a conservation 
context. Second, relative ascendency emerged as the strongest predictor of food web 
robustness, providing the clearest temporal and ecological signals related to changes 
in energy fluxes. This metric reflects both link distribution (skewness) and pathway 
architecture (energy flux constraints), underscoring the importance of these network 
properties in assessing food web stability. Therefore, these properties should be consid-
ered in ecosystem management recommendations.
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Introduction

Ecosystems worldwide are being reshaped due to losses and 
gains of species, brought on by anthropogenic disturbances, 
non-indigenous species and climate change (Cardinale et al. 
2006, Pimm  et  al. 2014, Young  et  al. 2016). Biodiversity 
loss does not only affect the species in question, but also the 
species that depend on them via ecological relationships. 
For example, prey items’ disappearance can trigger second-
ary extinctions altering the whole food web (Pimm 1980, 
Dunne et al. 2002, Ebenman et al. 2004, Curtsdotter et al. 
2011). Understanding how changes in species composition, 
and losses of species and their trophic interactions, affect 
ecosystem functioning and stability is of vital importance 
for guiding management efforts (Cardinale  et  al. 2012, 
Thompson et al. 2012, Antunes et al. 2024).

Food webs represent the flow of energy through a network 
of interacting species, where species are represented as nodes 
and the trophic interactions as links (Yletyinen et al. 2016, 
Olivier et al. 2019). In flux-weighted food webs, the inter-
action strength can be quantified using allometric scaling 
and metabolic theory, providing an estimate of energy flow 
from one taxon to another (Barnes et al. 2018, Gauzens et al. 
2019). This type of mechanistic approach linking com-
munity composition and ecosystem functioning is central 
to enhancing our understanding of food web dynamics 
(Kortsch et al. 2021). One approach to studying stability in 
highly resolved food webs is network robustness – the effect 
of species removal on a food web’s ability to resist secondary 
extinctions (Dunne  et  al. 2002, Landi  et  al. 2018), which 
occur when (non-basal) species lose all their prey items. In 
extinction simulations comparing unweighted and weighted 
networks, adding interaction weights has been found to trig-
ger more abrupt collapses of network functioning, whereas 
qualitative networks were almost unaffected (Bellingeri et al. 
2019). Yet, except for a few food web studies (Allesina et al. 
2006, Curtsdotter  et  al. 2011), most secondary extinction 
simulations have been performed using unweighted, binary 
food webs (Dunne et al. 2002, Gilbert 2009).

In addition to a weighted network perspective on food web 
robustness, how species respond to reduced energy intake is 
fundamental for understanding overall food web responses 
to node loss. The idea that a species only goes extinct when 
it loses all its incoming energy could be seen as the best-case 
scenario in nature (Bodini et al. 2009), but a species is more 
likely pushed to functional extinction in a food web before 
all energy intake is completely lost (Bodini  et  al. 2009). 
Therefore, a more realistic assumption would be that a spe-
cies goes extinct when it has lost a certain proportion of its 
energy intake. Using extinction thresholds may thus change 
the relationship between link architecture and robustness, 
especially for weighted networks. Studies that have included 
thresholds found a decrease in robustness when these were 
taken into account (Bodini et al. 2009, Thierry et al. 2011, 
Bellingeri and Bodini 2013). Empirical evidence about spe-
cies-specific energetic requirements, or thresholds, remains 
largely unknown but has been suggested to be as important 

for understanding ecosystem robustness as the architecture 
of the ecological network (Thierry et al. 2011, Bellingeri and 
Bodini 2013). Overall, by ignoring energy thresholds for 
extinction, as well as energy flux variability in the network, 
we risk reaching biased conclusions regarding the functioning 
and stability of ecosystems.

Food web properties are often used as proxies to gain 
insight into how ecosystems function and how robust they 
are (Dunne et al. 2002, Curtsdotter et al. 2011, Canning and 
Death 2018). A property often used to express the complex-
ity of unweighted networks is connectance – the proportion 
of potential links that are realized (Dunne et al. 2002, Van 
Altena et al. 2016). This property is also central in the long-
standing and ongoing debate on the relationship between 
diversity, complexity and stability in food webs (MacArthur 
1955, May 1972, Landi  et  al. 2018). Work on secondary 
extinctions in binary food webs has shown that robustness is 
positively linked to connectance (Dunne et al. 2002, Gilbert 
2009, Bellingeri and Cassi 2018). However, the use of con-
nectance as a reliable indicator of food web robustness and 
stability has been challenged in more recent studies find-
ing no clear patterns between connectance and robustness 
(Canning and Death 2018, Van Altena et al. 2016). Instead, 
relative ascendency (A/C), an information-theoretic index 
(Ulanowicz 1986), was found better at predicting robustness 
(Canning and Death 2018). Relative ascendency takes the 
distribution of links (their skewness, connectivity and organ-
isation) into account, whereas connectance does not reveal 
anything about how links are organised in the network. 
Consequently, networks with the same level of connectance 
can represent very different link distributions and food web 
topologies.

Food web properties can also be calculated for weighted 
networks. The weighted version of connectance – effective 
connectance – is based on Shannon’s entropy index and 
describes the diversity of interaction strengths or energy 
fluxes (MacArthur 1955, Bersier et al. 2002). It is called effec-
tive connectance because it captures how some interactions 
(flows) are stronger than others, in other words, that a con-
sumer derives most of its energy from a few of its resources. 
For example, the American mammalian predator Puma con-
color feeds on eight resource species (it has eight in-going 
links in total), but approximately 74% of its diet comes from 
one single species of deer (Loxdale and Harvey 2016). Hence, 
the puma’s effective number of prey is much lower than its 
topological node degree would suggest. Because of this, the 
puma is disproportionately dependent on its main prey item, 
making it more vulnerable to the loss of this single prey spe-
cies. Such vulnerability, stemming from a skewed link weight 
distribution at the node level, could extend to the entire net-
work, as the removal of strong links has been shown to reduce 
network functioning (Bellingeri et al. 2019).

The main objective of this study is to quantify how food 
web robustness may be influenced and predicted by network 
type (unweighted/weighted) and properties (complexity 
and skewness), as well as thresholds for species extinction. 
Both the inclusion of weights and extinction thresholds adds 
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realism to the ecological networks and extinction simulations 
by acknowledging that organisms have varying preferences 
for prey and different tolerances for losing them – factors 
often overlooked in extinction studies (Bellingeri and Bodini 
2013). To address our main objective, we used a quantitative 
marine food web time series of the Gulf of Riga (Kortsch et al. 
2021). We asked the following questions: 1) how does robust-
ness differ in unweighted and weighted networks, 2) how 
does the inclusion of extinction thresholds impact robustness 
outcomes, and 3) which network complexity metrics (con-
nectance and relative ascendency) best predict robustness in 
these temporally resolved food webs? We focused on dele-
tion sequences from highest to lowest degree or sum of link 
weights (also known as node strength or weighted degree) 
(Newman 2001, Barrat et al. 2004, Opsahl et al. 2010), for 
which we hypothesise:

	 H1) that unweighted networks are more robust than 
weighted networks (comparison between scenarios in  
Fig. 1a–b)

	 H2) that including thresholds decreases robustness (com-
parison between scenarios in Fig. 1a, c)

	 H3) that skewed weighted webs are less robust than more 
evenly distributed flux webs

Materials and methods

Study system

The Baltic Sea, including the Gulf of Riga, is well known 
to be subjected to multiple stressors ranging from over-har-
vesting to eutrophication (HELCOM 2023), and to have 
undergone regime shifts as a response to some of these stress-
ors (Möllmann  et  al. 2006). This makes a Baltic Sea food 
web a good and relevant study system to investigate food 
web robustness in a temporal context. The Gulf of Riga is 
a relatively shallow and isolated sub-basin of the Baltic Sea. 
The gulf covers an area of about 16  330 km2, has a mean 
depth of 27 m and an average salinity of about 5.0–6.5. 
There is no permanent halocline in the offshore area. The 
coastal parts of the gulf are heavily impacted by the inflow 
of rivers (Kotta et al. 2008). The water of the gulf gradually 
becomes more saline towards open water and the Irbe strait 

Figure 1. Conceptual model illustrating the value of analysing the robustness of food webs when taking link magnitude and distribution 
into account. Circles represent species, arrows represent trophic links and the direction of energy flow. The red explosion shapes represent 
primary species extinction events and the yellow explosion shapes represent secondary extinctions. The letters in the lower left of the panels 
are the metrics in the different scenarios: C = Connectance , lwC = link weighted connectance, A/C = relative ascendency. (a) shows the 
no-threshold scenario, where a species goes extinct when it loses all of its energy sources. In an unweighted web, all links are given equal 
strength. (b) illustrates the scenario with a 70% threshold for extinctions in a weighted web, where links have different weights representing 
the amount of energy flow of the interactions, i.e. losing 70% of incoming energy flow leads to a species extinction in the food web. Here, 
only one primary extinction is required to trigger the secondary extinction. (c) shows a scenario with a 70% threshold for secondary extinc-
tions in an unweighted web. This time, three primary extinctions are required to trigger a secondary extinction. Finally, (d) illustrates a 
scenario with a 70% threshold for extinctions in a weighted web, in which link weights are more evenly distributed. Here, two primary 
extinctions are required to trigger a secondary extinction.

 16000706, 0, D
ow

nloaded from
 https://nsojournals.onlinelibrary.w

iley.com
/doi/10.1111/oik.11139 by U

niversity O
f H

elsinki, W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Page 4 of 14

(Kotta et al. 2008). Overall, salinity in the gulf has fluctu-
ated over time, increasing from the 1960s to the 1970s and 
then decreasing in the early 1990s (Skudra and Lips 2017) 
only to increase again slightly after 1993 (Jurgensone et al. 
2011), similar to the Baltic Proper (Conley  et  al. 2009). 
Temperature-wise, the Gulf of Riga has been showing a grad-
ual increase over the last decades (Jurgensone  et  al. 2011) 
with a rise in sea surface temperature of about 0.8–1.0°C per 
decade (The Bacc Ii Author Team 2015). The Gulf of Riga 
biota resembles similar brackish water basins in the Baltic 
and includes a mix of freshwater, marine and brackish spe-
cies. Herring Clupea harengus and three-spined stickleback 
Gasterosteus aculeatus are prevalent fish species in the Gulf of 
Riga (Kotta et al. 2008) and the Baltic clam Macoma balthica 
is one of the dominating benthic species in large parts of the 
soft-sediment areas (Kotta et al. 2008). There has also been 
an arrival of invasive species to the Gulf of Riga, such as the 
the round goby Neogobius melanostomus (Kotta et al. 2008).

Gulf of Riga food web

In our study of food web robustness, we used an empiri-
cal food web time-series for the Gulf of Riga ecosystem 
(Kortsch et al. 2021). The time-series represents the offshore 
marine food web in spring/early summer (May and June) 
over 38 years from 1979 to 2016. The species biomass data 
were collected through national biomonitoring programs 
(Latvian Institute of Aquatic Ecology, Institute of Food 
Safety, Animal Health and Environment BIOR) targeting 
phytoplankton, zooplankton, benthos and fish. Because sam-
pling effort varied considerably among the taxonomic groups 
and between years, a resampling procedure was used to stan-
dardize the number of samples per year over the sampling 
period (Kortsch et al. 2021). This was accomplished by ran-
domly selecting a fixed number of stations for each taxonomic 
group within a five-year moving window within the sampling 
period to create a new food web time-series from 1981 to 
2014. The resampling procedure was repeated 1000 times 
for each year resulting in 1000 food webs per year, 34  000 
food webs in total. Weights (energy fluxes) were assigned to 
the trophic links using a bioenergetic food web modelling 
approach (Barnes  et  al. 2018, Gauzens  et  al. 2019), giving 
a corresponding set of 34  000 weighted networks. A more 
detailed description of the procedures and of the temporal 
changes in unweighted and weighted food web structure can 
be found in Kortsch et al. (2021).

Robustness

We tested food web robustness by exposing the Gulf of 
Riga food webs, both weighted and unweighted, to species 
extinction sequences, where species were removed from the 
networks one at a time. We applied three commonly used 
deletion sequences (highest to lowest, lowest to highest, and 
randomized order). For each food web, the order in which 
species were removed was determined by species degree in 
the unweighted version and by the sum of link weights in the 

weighted version, each ranked from highest to lowest, lowest 
to highest, and in randomized order (Supporting informa-
tion). Basal species (autotrophs, heterotrophs and detritus) 
were exempt from deletion in all scenarios to constrain the 
deletion sequences as species in the networks cannot persist 
without the base of the food web. To measure the robust-
ness of the food web, we calculated R50, which is a reliable 
measure of robustness frequently used in theoretical food web 
studies (Jonsson et al. 2015, Tejedor et al. 2017).

R50 =
Primary extinctions

Species
	  (1)

R50 is defined as the proportion of primary species extinc-
tions required before a food web is reduced to 50% of its 
initial size as a result of both primary and secondary extinc-
tions. We assessed how R50 relates to unweighted and 
weighted network connectance and relative ascendency. R50 
was calculated using the R package ‘NetworkExtinction’ 
(Avila‐Thieme et al. 2023), ver. 1.0.3.

Thresholds

We also studied how different energy thresholds impact 
network robustness. We simulated extinctions as described 
above, applying ten different threshold scenarios for sub-
sequent secondary extinctions to both unweighted and 
weighted networks, respectively, and followed the impact on 
robustness (R50). The first threshold (Fig. 1a), represents the 
no-threshold scenario, meaning that a species remains in the 
food web as long as it has an incoming link. The remain-
ing nine threshold scenarios were percentage-based at 10% 
intervals, ranging from 90–10%, describing the minimum 
required proportion of energy inflow, and the level at which, 
species are lost from the community. For example, the 70% 
threshold means that a species would go extinct if it lost 
70% or more of its incoming flow (Fig. 1b). Thresholds 
were applied to both unweighted and weighted food webs. 
In the weighted food webs, the link weights were defined as 
the amount of energy flux among species. In the unweighted 
food webs, all links were treated as having a weight of one 1) 
for the purpose of triggering extinctions. As such, the com-
puted loss of energy for calculating extinction thresholds is 
based on the number of links. For example, if a species has 
four incoming links, each link is considered to contribute 
25% of the species’ incoming energy. If three of these links 
are removed due to primary or secondary extinction, the spe-
cies would lose 75% of its initial resources but still remain 
in the network. However, if the extinction threshold is set at 
70%, the species would itself be removed as a result of sec-
ondary extinction (Fig. 1c).

Metrics and indicators

We calculated several food web metrics and indicators for 
both weighted and unweighted networks. Connectance, C, 
is a food web property that is calculated from the number of 
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species and the number of feeding links (Eq. 2). It describes 
the proportion of realised links out of all possible in a web, 
and is often used as a measure of food web complexity (May 
1972, Dunne et al. 2002, 2004).

C = Links
Species2 	  (2)

Connectance is an unweighted metric, meaning all links 
are equally important in the food web. However, in real-
world food webs, it is common that the fluxes associated 
with the links vary considerably in magnitude (Paine 1980). 
To account for differences in link weights, weighted food 
web descriptors have been introduced (Bersier  et  al. 2002, 
Banašek-Richter  et  al. 2009). These descriptors are often 
based on information theory and utilize Shannon’s entropy 
index H (Eq. 3):

H
t

T
t

T
ij

t

ij

tn

� �
� �

�
( ) ( )

log 	  (3)

where n represents each link within a food web, tij repre-
sents the flow from species j to species i, and T(i+) represents 
the total flow entering species i. Weighted metrics take the 
unequal distribution of link weights in the food web into 
account and assign more importance to strong links than to 
weak links. Link-weighted connectance, lwC, is calculated 
by dividing qualitative weighted link density, qLDw (Eq. 
4) with the number of species (Eq. 5) (Bersier et al. 2002, 
Banašek-Richter et al. 2009).

qLDw � �
�

�
�
�

�

�
�
��

�

�

�
� �1

2
1 1

T
T H T Hi

i

S

i j

j

S

j( ) ( )exp( ) exp( ) 	  (4)

lwC qLDw
=

S
	  (5)

where = exp(Hi) and exp(Hj) are the effective number of 
resources and of consumers, and Hi and Hj are the taxon-spe-
cific Shannon indices of inflows and outflows. T is the total 
sum of the matrix, T(i+) the sum of row i and T(+j) the sum of 
column j , and finally S is the number of species.

Relative ascendency (A/C) is an information-theoretic 
index (Ulanowicz 1986) which is derived from average 
mutual information (AMI). AMI is a measure of constraint 
in a network: a maximally connected system, where all nodes 
are connected to all others and with links of equal weight 
(such as an maximally connected unweighted network), has 
the minimum AMI – i.e. there is no constraint since biomass 
can flow everywhere; conversely, a simple chain of energy 
flow, connecting all nodes will have maximum AMI – i.e. 
biomass transfer or energy flow is constrained to follow this 
route (Rutledge et al. 1976).

AMI �
�

�
��

�

�
��

� ���
��k t

T
t T

T T
ij ij

i jj

S

i

S

log
( ) ( )11

	  (6)

where k is a scalar constant, and is set to k = 1, S is the num-
ber of species, tij is the flow leaving species i and entering 
another species j, T is the sum of all flows within the network 
(total system throughput), T(i+) is the sum of all flows leav-
ing species i, and T(+j) is the sum of all flows entering species 
j. As AMI increases, energy flow becomes more constrained 
and the number of potential energy flow pathways between 
species usually (but not always) reduces; therefore, webs with 
low AMI are more web-like (have greater flow diversity) than 
webs with high AMI. An unweighted web has lower AMI 
since there is less constraint (or more uncertainty) where 
energy is going because all links are considered as equal. In a 
weighted web, we have information on which links transport 
more energy, providing more constraints in the system and 
reducing uncertainty about where the energy will go (Fig. 2a–
b). As a result, AMI increases.

One way to scale this information is to multiply AMI with 
total system throughput (T, the sum of all flows), replacing 
k with T. This yields a metric called ascendency (A), which 
measures both the degree to which energy flows are confined 
to specialist pathways, as well as the energetic size of food 
web. The theoretical maximum of ascendency is defined as 
development capacity (C) (Ulanowicz 2004). By looking at 
ascendency as a proportion of the developmental capacity, we 
get a quantity called relative ascendency (A/C), which allows 
for comparisons between food webs (varies between 0 and 1).

A/C AMI� �

�
�

�
�

�

�
��

T

t
t
Tij

ij

i j
log

( , )

	  (7)

To calculate relative ascendency (A/C) we used the R pack-
age ‘NetIndices’ ver. 1.4.4.1, https​://cr​an.r-​proje​ct.or​g/pac​
kage=​NetIn​dices​ Kones et al. (2009). For link-weighted con-
nectance, we used custom-written code (available in the com-
panion tutorial to the paper by Kortsch  et  al. 2021 which 
can be accessed here: https​://rf​relat​.gith​ub.io​/Balt​icFoo​
dWeb.​html). All data and scripts used in this study are avail-
able through GitHub (http​s://g​ithub​.com/​skort​sch/G​oR-Fo​
od-We​b-Rob​ustne​ss) and via Zenodo (http​s://d​oi.or​g/10.​
5281/​zenod​o.145​05584​).

Simulations and statistical analyses

For each combination of network type and threshold (10–
90%), we ran secondary extinction simulations on 1000 food 
webs per year (1981–2014). To examine the trends in the 
relationship between robustness (R50), threshold, and our 
selected measures of food web complexity (connectance, 
weighted connectance and relative ascendency), we applied 
spearman rank correlation since regression analysis is unsuit-
able for simulation studies with large data sets (White et al. 
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2014). These trends were analyzed for both unweighted and 
weighted webs, with a total of 34  000 webs for each combi-
nation of network type and threshold.

Results

Metrics and indicators time series

The food web time series showed marked variability in 
unweighted and weighted food web metrics over time 
(Fig. 2). Unweighted connectance (C), and link-weighted 
connectance (lwC) displayed distinct temporal variability 

(Fig. 2a–b). Unweighted connectance (C) was highest in the 
1980s until the end of 1990s when there was an abrupt drop 
(early 2000s), followed by a slight increase until the 2010s. In 
contrast, weighted connectance was lower in the 1980s but 
increased steadily in the 1990s. In the 2000s, weighted con-
nectance droped again to around the same level as in the early 
1990s, before peaking again in the 2010s (Table 1).

Unweighted and weighted relative ascendency (A/C) also 
displayed distinct temporal patters and variability (Fig. 2c–
d). In the unweighted webs (Fig. 2c), relative ascendency 
was relatively high in the early 1980s but droped abruptly in 
the late 1980s and remained low until spiking in 2000, fol-
lowed by an equally sharp decrease, after which, it remained 

Figure 2. Time-series of C (connectance), lwC (weighted connectance) and A/C (relative ascendency) in the unweighted and weighted webs 
in the Gulf of Riga. The line represents the median value, shaded areas show 50 and 95% confidence intervals. Note that the y-axis scale 
differs between metrics.

Table 1. Metric and indicators.

Metric/indicator Relevance Definition Reference

Connectance (directed 
connectance, C)

Connectance is often used to express the 
complexity of unweighted networks, 
and to assess network robustness to 
perturbations (e.g. secondary 
extinctions)

The fraction of all possible realized links 
in a network. Ranges from 0 to 1

Dunne et al. 2002

Weighted connectance 
(link-weighted 
connectance, lwC)

Weighted connectance expresses 
complexity of a network while 
accounting for link weights (energy 
fluxes or feeding rates). Measures the 
effective number of links

The number of realised links in the whole 
web relative to the total number of 
links, in which each link is weighed on 
the basis of the flux rate associated with 
the trophic link. Ranges from 0 to 1

Bersier et al. 2002, 
Banašek-Richter  
et al. 2009

Relative ascendency 
(A/C)

Measures both the degree to which energy 
flows are confined to specialist 
pathways and the energetic size of a 
web. Allows for the comparison of 
specialisation and redundancy (multiple 
energy pathways supporting species)

Dimensionless index of ascendency – 
index of organization of the food web. 
Ranges from 0 to 1

Ulanowicz 1986

 16000706, 0, D
ow

nloaded from
 https://nsojournals.onlinelibrary.w

iley.com
/doi/10.1111/oik.11139 by U

niversity O
f H

elsinki, W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Page 7 of 14

relatively low. In the weighted webs (Fig. 2d), relative ascen-
dency decreased throughout the time series with lowest val-
ues in the late 1990s. In the early 2000s, relative ascendency 
in the weighted webs first increased but then declined slightly 
from around 2005 until the end of the time series. The time 
series trajectories of relative ascendency and connectance in 
both types of webs are close to inverted (Fig. 2a versus c, b 
versus d) and relating the two shows a strong negative correla-
tion (Supporting information, Table 2).

Robustness in unweighted and unweighted food 
webs

To understand how unweighted and weighted metrics of 
network complexity, such as connectance and relative ascen-
dency are related to food web robustness, we triggered sec-
ondary extinctions in unweighted and weighted food webs 
with and without extinction thresholds. Here we mainly 
focus on the results from deletions from the highest to lowest 
node degree and node sum of link weights. Detailed results 
of other deletion sequences (lowest to highest and random-
ized) are primarily presented in the Supporting information 

but used in the discussion. Our results show that unweighted 
food webs are more robust to node deletions compared to 
weighted food webs, but only when targeting nodes with 
high degree or highest through-flow first (Fig. 3a–b). When 
targeting the lowest to highest degree or sum of links weights, 
weighted food webs are more robust (Supporting informa-
tion). This is also the case for random deletions sequence, but 
to a lesser extent (Supporting information).

Extinction thresholds and food web robustness

Generally, extinction thresholds decrease food web robustness 
(R50) (Fig. 3a–b, Supporting information), except for the 
low-to-high deletion sequences in the weighted webs regard-
less thresholds (Supporting information). In unweighted food 
webs, the decrease in robustness is gradual with decreasing 
thresholds – smaller and smaller losses of incoming energy 
are able to trigger an extinction – regardless of the deletion 
sequence (Fig. 3a, Supporting information). In the weighted 
food webs, there was a substantial drop in robustness from the 
no threshold scenario to the highest, 90%, threshold (Fig. 3b). 
Note that a 90% threshold means that 90% of the incoming 
energy needs to be lost before an extinction is triggered. Similar 
to the unweighted webs, robustness continued to decrease 
steadily in the weighted food webs with decreasing thresholds 
for extinction (Fig. 3b). When using the low-to-high deletion 
sequence, the weighted webs’ robustness remained high for all 
thresholds (Supporting information). For the random deletion 
sequence in the unweighted webs, the drop in robustness with 
decreasing thresholds was gradual (Supporting information). 
The decrease in robustness using random deletions was also 
gradual for the weighted webs, however, the median robust-
ness remained higher (≥ 0.2) compared to the unweighted 
networks (Supporting information).

Figure 3. Median robustness (R50) over time in the (a) unweighted and (b) weighted food webs for different thresholds (line colors). Lines 
represent the median R50 values of the 1000 food webs per year. The extinctions were triggered in the order from highest to lowest species 
degree (i.e. its number of interactions) in the unweighted webs, and highest to lowest sum of link weights for the weighted webs. The no 
threshold-scenario represent the scenario where all food sources needs to be lost before a species goes extinct. The thresholds represent sce-
narios where species go extinct when they lose a certain percentage of incoming energy. For example, 90% threshold means that a 90% loss 
of incoming energy leads to secondary extinction(s) for species.

Table 2. Median percentage change (± SD) in robustness going from 
no threshold scenario to the different threshold scenarios.

Thresholds Unweighted webs Weighted webs

90% 0 ± 0 44.19 ± 4.77
80% 2.13 ± 2.37 53.33 ± 5.98
70% 6.98 ± 5.18542 56.73 ± 7.31
60% 15.56 ± 6.12 59.55 ± 7.44
50% 21.98 ± 5.04 62.63 ± 7.34
40% 35.22 ± 6.15 66.67 ± 6.34
30% 47.73 ± 5.03 68.97 ± 6.04
20% 55.44 ± 5.56 69.99 ± 6.011
10% 65.93 ± 4.44 71.95 ± 5.61
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Relationship between food web metrics and 
robustness

There was little to no positive correlation between unweighted 
connectance (C) and robustness in the unweighted version 
of the Gulf of Riga food web for the high-to-low deletion 
sequence (Fig. 4a) and no discernible overall trend among 
the thresholds. In the case of the weighted food webs, there 
was a positive correlation between weighted connectance 
(lwC) and robustness (R50) for all thresholds, especially for 
the 80–30% threshold scenarios for the high-to-low dele-
tion sequence (Fig. 4b). Interestingly, inclusion of thresholds 
are needed for this positive relationship to materialise, since 
there was no relationship between weighted connectance and 
robustness for the links or no links scenario (Fig. 4b). There 
was no strong temporal trend with regards to the correlation 
between weighted connectance and robustness. When the 
low-to-high deletion sequence was used, there was no clear 
pattern in correlation between unweighted connectance (C) 
and robustness in the unweighted webs (Supporting informa-
tion). In the case of weighted connectance, there was little 
to no correlation regardless of the thresholds (Supporting 
information). Finally, when examining the random dele-
tion sequence we found limited correlation, regardless of 
which connectance measure and thresholds used (Supporting 
information).

There was a negative correlation between relative ascen-
dency (A/C) and robustness (R50) for both the weighted and 

unweighted food webs and for all thresholds with the high-
to-low deletion sequence (Fig. 5a–b), except for the links or 
no links scenario in the weighted webs, which showed close 
to no correlation (Fig. 5b). Yet, the correlation between rela-
tive ascendency (A/C) and robustness (R50) was stronger in 
the weighted webs. Furthermore, there was no clear tempo-
ral trend between relative ascendency (A/C) and robustness 
(R50) in the unweighted food webs (Fig. 5a). The clearest 
temporal signal emerged between robustness (R50) and rela-
tive ascendency (A/C) in the weighted food webs (Fig. 5b), 
where the 1980s food webs had a relatively higher relative 
ascendancy and lower robustness, whereas the 2000–2010s 
had higher robustness and lower relative ascendency (Fig. 5b). 
Again, we found no or limited correlation between robust-
ness and relative ascendency (A/C) when using the low-to-
high as well as the random deletion sequence with no clear 
overall trend for the thresholds (Supporting information).

Discussion

How networks respond to node loss is a central question 
in network science, including ecology, since node failure 
can compromise the integrity of a network and negatively 
impact system functioning (Bellingeri and Cassi 2018). Here, 
we show that food web responses to node losses in a marine 
ecosystem depend on network type (unweighted/weighted), 
extinction thresholds, and deletion sequence. We show that 

Figure 4. (a) Connectance and (b) weighted connectance plotted against R50 for the unweighted and weighted webs (34  000) at different 
thresholds. The points are the connectance and R50 values and the red line is the linear correlation between connectance and R50 at the 
different thresholds. ρ is the Spearman rank-order correlation coefficient for each scenario. The coloring gradient of the points correspond 
to the years (1981–2014) in the food web time series.
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weighted food webs are less robust to node deletions com-
pared to unweighted webs, when targeting nodes with high 
degree or highest through-flow first. Interestingly, when using 
the lowest-to-highest deletion sequences, weighted food 
webs are more robust than unweighted webs across extinc-
tion thresholds, which implies that flux-weighted food webs 
are vulnerable to losing species with high energy in-flow and 
out-flow, and robust to losing species which contribute little 
to the main energy pathways in the food web. Depending 
on the deletion sequence, the results also suggest that food 
web robustness is either over- or under-estimated in extinc-
tion simulations using binary food webs, which assume that 
all interactions are equally important for system functioning. 
Our results based on weighted webs show that when node 
interaction weights are taken into account, robustness either 
decreases or increases, depending on whether the species 
going extinct is important for maintaining the energy flow 
in the food web.

Differences in robustness in weighted and 
unweighted food webs

When comparing how robustness differs between weighted 
and unweighted food webs, we first see that there is no remark-
able disparity between network types in the no-threshold 
scenario (Fig. 3a–b, Supporting information). This is likely 
because in this scenario, losing links becomes relatively unim-
portant as any remaining links simply act as insurance for 
energy provision. We are essentially simulating extinctions in 

a purely topological network in both cases. Since no thresh-
olds are set, it means that link weights do not come into play, 
and that any link, no matter how strong or weak, is enough 
to sustain species persistence in the web. The small differ-
ences in robustness (R50) fluctuations over time (Fig. 3a–b) 
are probably due to differences in the order of nodes in the 
deletion sequences, since we in target nodes based on their 
degree (e.g. highest to lowest) in the unweighted webs and 
the sum of link weights in the weighted webs. From a classical 
topological perspective, it would therefore seem that the Gulf 
of Riga system is fairly robust, since no matter what dele-
tion sequence is used, R50 remains close to max (Fig. 3a–b, 
Supporting information).

It is only with the inclusion of thresholds that greater dif-
ferences in robustness emerge, depending on network type 
(Fig. 3a–b). The difference in the magnitude of robustness 
change between weighted and unweighted food webs can be 
explained by the differences in link weight distribution. It 
is well known that the degree distribution, or how skewed 
the links are towards a few nodes, can impact the robust-
ness of food webs to species loss in unweighted webs (Estrada 
2007). It is therefore reasonable to assume that the skewness 
of energy flow also is important, especially in weighted webs, 
which has indeed been shown in several studies (Neutel et al. 
2002). For example, previous findings by Bellingeri  et  al. 
(2019) show that link weight heterogeneity reduces robust-
ness in real world networks. Our results show that weighted 
food web structure reduces robustness when targeting nodes 
with high degree or high sum of link weights.

Figure 5. Relative ascendency plotted against R50 for the a) unweighted and b) weighted webs (34  000). The points are the relative ascen-
dency and R50 values and the red line shows the linear correlation between relative ascendency and R50 at the different thresholds. ρ is the 
Spearman rank-order correlation coefficient for each scenario. The coloring gradient of the points correspond to the years (1981–2014) in 
the food web time series.
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In our case, we see an increased risk of secondary extinc-
tions when introducing energy thresholds in both weighted 
and unweighted webs. In the weighted webs, this is further 
enhanced by the skewness in consumer inflows. This again 
demonstrates the risk of over-estimating the robustness of 
a system when only looking at the topology and ignoring 
energy fluxes, how they are distributed, and how this trans-
lates into vulnerability to species loss. This disparity is due 
to the fact that in the unweighted webs, energy flow is uni-
formly distributed among the links, and contributes equally 
to the consumers’ needs. When flows of links are allowed 
to vary in the weighted webs in combination with energy 
thresholds, the amount of links that remain after a node is 
removed may not be sufficient to guarantee species persis-
tence in the food web. It is, however, worth noting that while 
Bellingeri  et  al. (2019) used real-world weighted networks, 
they did not include any thresholds in their analysis and did 
not use R50 as a measure of robustness. However, a com-
monality among our studies is that link weight heterogeneity 
seems to be closely tied to how food webs respond to species 
loss. In our case, this relationship only becomes truly clear 
when including extinction thresholds.

Influence of extinction thresholds on food web 
robustness

The idea that a species only goes extinct when it loses all its 
incoming energy is probably the best case scenario and does 
likely not always apply in nature. For this reason, species 
response to loss of energy intake is fundamental for under-
standing food web vulnerability (Thierry et al. 2011, Bellingeri 
and Bodini 2013). Early work on extinction simulations also 
faced criticism for their lack of realism and the assumption 
that a species only suffers an extinction (primary or second-
ary) once it loses all its resources (Thierry et al. 2011), when 
a species could be pushed to functional extinction in a food 
web before total energy intake is lost (Bodini et al. 2009).

A more realistic assumption would be that a species goes 
extinct when it loses a certain percentage of its energy intake 
at a given threshold. As we expected, this is indeed reflected 
in our results. The inclusion of thresholds lead to consistent 
decrease in robustness. This decline in robustness essentially 
means that introducing even a minor increase in species sus-
ceptibility to resource loss leads to a large increase in second-
ary extinctions compared to the no-threshold scenario. This 
result agrees with previous findings by Thierry et al. (2011), 
who used model food webs to show that secondary extinc-
tions increase with the level of energy intake necessary for a 
species survival.

Thierry et al. (2011) also used food web rewiring (allow-
ing species to switch to new prey upon loss of resources), 
and concluded that this mechanism has a stabilising effect on 
robustness. Yet, rewiring was less effective when thresholds 
became more severe (Thierry  et  al 2011). In our study, we 
did not consider rewiring. If included, this could potentially 
have impacted our results by increasing robustness of the 
food webs. For example, in our weighted webs we found a 

large decrease in robustness in the 10% threshold scenario. If 
we had included rewiring, this decrease could have been sig-
nificantly less prominent since prey switching likely decreases 
secondary extinctions at lower thresholds (Thierry  et  al. 
2011). At some point, rewiring stops being able to compen-
sate for the severity of the energy thresholds, but without 
simulating this, it is hard to say at which point this would 
happen in our food webs.

Our results are more comparable to the findings by 
Bellingeri and Bodini (2013). Using empirical food webs, for 
which links were quantified as energy flows, they also con-
cluded that secondary extinctions increase with the inclusion 
of thresholds. Similar to our finding for the weighted webs 
(Fig. 3b), Bellingeri and Bodini (2013) observed an abrupt 
decrease in robustness in ecological webs when moving from 
no threshold to including a threshold, and they hypoth-
esized that this pattern is general for food webs when crucial 
nodes for energy transfer are targeted. Our results support 
this hypothesis, as targeting nodes with a high sum of link 
weights in the weighted webs leads to greater decreases in 
robustness.

It is worth highlighting that the species removal sequences 
in both Bellingeri and Bodini (2013) and Thierry  et  al. 
(2011) were different from ours. Thierry  et  al. (2011) 
removed nodes at random, and Bellingeri and Bodini (2013) 
removed nodes by highest to lowest node degree and highest 
to lowest out-degree. What deletion sequence is used plays 
an important role in our results, noticeably decreasing or 
increasing robustness depending on which one is used. We 
see this most clearly in our results for the weighted webs. 
For the high-to-low sequence, we get an abrupt decrease in 
robustness. This makes sense since we are targeting the nodes 
with the highest flow first, thus also removing the links that 
carry the most energy resulting in more secondary extinctions 
by more quickly bringing species below the energy threshold 
needed for survival. Especially species that are sustained by 
a few strong links and several weaker ones, are vulnerable to 
the loss of their stronger links since they make up most of 
their energy intake. When thresholds are included, the loss of 
major links therefore more easily triggers extinction cascades, 
regardless of the threshold level.

Skewness in link weights would also explain our results 
showing that when targeting the lowest to highest sum of 
link weights, and to a lesser extent with random deletions, 
weighted food webs are indeed more robust (Supporting 
information). In that case, robustness remains high since we 
are essentially targeting the least important food items from 
an energy flux perspective that only make up a minority of 
the energy intake while preserving all the major food items 
until last, ensuring that species keep above the energy thresh-
old require for survival.

In the case of the random removal sequence, it essentially 
comes down to whether the species randomly going extinct is 
important for maintaining the energy flow in the food web. 
If the node is important, then the web destabilizes more, if 
not, the damage is minimal. This is more noticeable in the 
weighted webs due to the disparity in link weights, unlike in 

 16000706, 0, D
ow

nloaded from
 https://nsojournals.onlinelibrary.w

iley.com
/doi/10.1111/oik.11139 by U

niversity O
f H

elsinki, W
iley O

nline L
ibrary on [27/02/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Page 11 of 14

the unweighted webs where the link weights are all the same. 
This results in the weighted webs being more robust than the 
unweighted ones for random removal sequence of species, 
since food webs tend to skew towards many nodes with weak 
links and a few with strong (McCann et al. 1998, Emmerson 
and Yearsley 2004). This results in nodes with low through-
flow (weak links) being more often targeted at random dur-
ing random deletion sequences, increasing robustness.

How the different deletion sequences affect our webs 
fits well with previous observations that networks are more 
sensitive to targeted attacks, such as the selective removal of 
highly connected nodes (Dunne et al. 2002, Bellingeri and 
Bodini 2013), and that random removals cause less damage 
(Bellengeri and Bodini 2013). Despite methodological differ-
ences, our results are comparable to Thierry et al. (2011) and 
Bellingeri and Bodini (2013), and therefore we may assume 
that the pattern of extinction thresholds decreasing robust-
ness is fairly consistent in food webs. This suggest that using 
weighted webs in conjunction with thresholds could be more 
appropriate when trying to ascertain how different food webs 
would react to species removal.

Relationship between food web metrics and 
robustness

Corroborating previous results (Bellingeri and Bodini 2013, 
Canning and Death 2018), we find no clear relationship 
between unweighted connectance and robustness (Fig. 4a) 
even across thresholds. Interestingly this differs from early 
findings by Dunne  et  al. (2002, 2004), who showed that 
food webs display increasing robustness to loss of highly con-
nected species with increasing connectance. Our results sug-
gest that connectance is not a reliable metric for predicting 
food web robustness. This is likely because unweighted con-
nectance does not consider the relative distribution of links 
but only the proportion of realised interactions. Therefore, 
two networks with the same level of connectance can repre-
sent very different link distributions and network topologies. 
As discussed in Canning and Death (2018), Dunne  et  al. 
(2002) likely found a higher robustness in more connected 
unweighted webs because of a relatively uniform degree dis-
tribution in the investigated food webs.

In contrast to unweighted connectance, there is consistent 
negative correlation between relative ascendency and robust-
ness across all thresholds in the unweighted web (Fig. 5a), 
though the correlation is low. Robustness generally decreased 
with increasing relative ascendency (Fig. 5a). Unlike 
unweighted connectance, relative ascendency accounts for 
the link distribution and connectivity of the network. Hence, 
relative ascendency may be better predictor of food web 
robustness in unweighted web, consistent with conclusions 
by Canning and Death (2018).

Robustness was best predicted by connectance and rela-
tive ascendency in the weighted webs compared to their 
unweighted counterparts, but only in conjunction with 
thresholds (Fig. 4a–b, 5a–b). The ability of connectance and 
relative ascendency to better reflect food web robustness in 

the weighted webs can be explained by the distribution of 
link weights. When the distribution is skewed towards a few 
strong links, the system is more constrained, making it more 
brittle and inflexible to cope with disturbances (Holling 
1985), although this type of food web may be efficient in 
moving energy through a few strong pathways from the bot-
tom to the top. The idea that the amount of ‘choice’ for the 
energy flow plays a part in how systems react to disturbances 
was already proposed in the 1950s by Odum (1954). We see 
evidence for this in our results. For example, in the 1980s, 
the weighted webs were less robust, with both relative ascen-
dency being low and weighted connectance being high, indi-
cating a few dominant flows (Fig. 5b). The most robust webs 
are found around the 2000s (Fig. 5b), which is when both 
relative ascendency and weighted connectance indicate more 
evenly distributed flow regimes (Fig. 2b, d). When energy 
flows are more evenly distributed, there is more ‘choice’, or 
more equal parallel paths for the energy to flow, making the 
webs more robust, and as the links are more even, there is less 
of a chance of losing any one link of sufficient magnitude to 
fall under the energy threshold triggering extinctions.

Although relative ascendency and weighted connectance 
both capture the skewness (or evenness) of energy flow in the 
network, relative ascendency more clearly reveals a temporal 
signal in the weighted food web time series with regard to 
robustness (Fig. 5b). This may be due to differences in what 
aspects of the network these metrics capture. Weighted con-
nectance emphasizes the role of species (Bersier et al. 2002); 
its total incoming and outgoing energy, whereas relative 
ascendency emphasizes the role of links and their skewness 
(Ulanowicz 1986). Ecologically, weighted connectance may 
fail to capture subtle changes in the strength of link fluxes 
if these are too small to significantly alter the total in- and 
outgoing energy. However, such changes may be captured by 
relative ascendency, because it quantifies the energy pathways 
and their constraints at the network level. Relative ascen-
dency may, thus, be better at picking up ecological signals 
related to changes in energy flow regimes in food webs, as 
reflected in the strong temporal signal in robustness (Fig. 5b).

The noticeable temporal signal in robustness as predicted 
by relative ascendency (Fig. 5b) reflects documented ecologi-
cal changes in the Gulf of Riga. At the end of the 1980s, the 
gulf underwent a major multi-trophic reorganisation in spe-
cies community structure and trait composition (Casini et al. 
2012, Pecuchet  et  al. 2020) related to decreases in salinity 
and increases in temperature (Pecuchet  et  al. 2020). In a 
food web study using the same time series as in the present 
study, Kortsch et al. (2021) associated the shift in network 
properties (weighted and unweighted) and functions during 
the late 1980s to the early 1990s with a transition period 
from high benthic and detritivorous flows to high phyto-and 
zooplanktivorous flows. In the 1980s the food webs were 
dominated by species with strong flows (especially benthic 
and detritivorous) compared to the 1990s and 2000s, when 
flows were distributed more evenly across the trophic groups 
within the food web. Here, we see that relative ascendency in 
the weighted webs reflect these changes, relative ascendency 
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in the weighted webs is highest in the early 1980s and lowest 
in the later years (Fig. 2d). The skewed link weight distribu-
tion in the 1980s coincides with the lowest robustness in our 
webs (Fig. 5b). In the 1990s, the link weights became more 
evenly distributed, corresponding to low relative ascendency 
at the time (Fig. 2d), again reflected in the robustness of the 
webs, with the 1990s having some of the most robust food 
webs (Fig. 5b). Thus our simulations show that food webs 
dominated by few strong pathways may make the network 
more susceptible to disturbances (Fig. 5b).

Caveats and future directions

In our modeling framework, we made some simplifying 
assumptions, which may be addressed in future extensions of 
the current model. First, we assume that species are equally 
affected by loss of energy intake, which likely is not the case 
in nature. This assumption could be addressed by introduc-
ing variability in species responses to reductions of energy 
intake through in silico simulations or by empirically test-
ing species-specific responses to prey loss in controlled feed-
ing experiments. Second, we assume that link weights stay 
constant in our webs throughout the deletion process. This 
caveat could be overcome by recalculating energy fluxes 
after each node deletion (Zhang et al. unpubl.), mimicking 
shifts in feeding preferences upon prey loss. Third, we do not 
allow for predators switching to new prey items that were 
not previously consumed and documented in our predefined 
metaweb forming the basis for our temporal food web topol-
ogies. Fourth, our food web is spatially isolated to the Gulf 
of Riga, and therefore does not consider any potential rescue 
effects through meta-population dispersal from neighboring 
Baltic Sea food web areas (Brown and Kodric-Brown 1977, 
Van De Leemput et al. 2024). Spatial coupling of food webs 
likely increases the robustness of local food webs (Rollin et al. 
2024), as populations of species going locally extinct may per-
sist through immigration of individuals from neighbouring 
food webs. Such rescue effects could be analysed with existing 
spatially-explicit, dynamic food web models, such as Ecopath 
with Ecosim or Atlantis (Pauly 2000, Audzijonyte  et  al. 
2019). Lastly, it remains uncertain how general our findings 
are across ecosystems (i.e. marine, freshwater, terrestrial), as 
consistent differences in the trophic structures of aquatic and 
terrestrial food webs have been documented (Shurin  et  al. 
2006). To address this, future extensions of this study should 
include cross-ecosystem comparisons to test the broader 
applicability of our results.

Conclusions

Our secondary extinction simulations in both unweighted 
and weighted food webs show that ignoring energy flux vari-
ability and extinction thresholds can lead to biased conclu-
sions about food web functioning and robustness. We find 
that connectance, a common measure of complexity in 

unweighted food webs, is an unreliable predictor of robust-
ness. Therefore, we recommend moving away from this 
metric in favor of information-theory-based indicators, par-
ticularly relative ascendency. This metric effectively captures 
subtle changes in link distributions and network skewness, 
which are crucial for understanding ecosystem functioning 
and stability.
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