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ABSTRACT: We performed a global assessment of how fish biomass has changed over the last
100 yr, applying a previously developed methodology using ecological modeling. Our assessment
built on more than 200 food web models representing marine ecosystems throughout the world
covering the period from 1880 to 2007. All models were constructed based on the same approach,
and have been previously documented. We spatially and temporally distributed fish biomasses
delivered by these models based on fish habitat preferences, ecology, and feeding conditions.
From these distributions, we extracted over 68 000 estimates of biomass (for predatory and prey
fishes separately, including trophic level of 3.5 or higher, and trophic level between 2.0 and 3.0,
respectively), and predicted spatial−temporal trends in fish biomass using multiple regression.
Our results predicted that the biomass of predatory fish in the world oceans has declined by twothirds over the last 100 yr. This decline is accelerating, with 54% occurring in the last 40 yr. Results
also showed that the biomass of prey fish has increased over the last 100 yr, likely as a consequence of predation release. These findings allowed us to predict that there will be fish in the
future ocean, but the composition of fish assemblages will be very different from current ones,
with small prey fish dominating. Our results show that the trophic structure of marine ecosystems
has changed at a global scale, in a manner consistent with fishing down marine food webs.
KEY WORDS: Fish biomass · Global distribution · Trends · Ecosystem models · Fishing down
marine food webs
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Opinions regarding the state and future of marine
resources differ. Many fear that we are losing ground
in this last frontier on the globe, and that our impact
is so devastating that all fish stocks will be collapsed
by 2048 (Worm et al. 2006), while alternative interpretations of data conclude that conditions are
improving and we are seeing improvements in fish
populations (Worm et al. 2009). Such conflicting findings have, while creating headlines, sparked a heated discussion within the scientific community and

have created confusion for fisheries managers and
the general public.
In this study, we evaluate how the abundance of
fish has changed in the world ocean over the last
100 yr. Building on a methodology that combines food
web modeling, statistical analysis and geographic information systems, as well as physical and ecological
global spatial datasets, our study is the first to evaluate trends in global fish biomass based on stratification of the world’s oceans using food web models.
We used 200 detailed descriptions of ecosystems in
the form of ecosystem food web models to provide
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snapshots of how much life was in the ocean at given
points in time and space. We then evaluated how the
conditions at each point related to environmental
parameters, based on which we developed a regression model to predict biomass trend over time.
Finally, we used global environmental databases to
predict the spatial distribution of fish biomass. For
the study, we used an established methodology previously applied to the North Atlantic, Southeast Asia,
and West Africa (Christensen et al. 2003a,b, 2004).
This study allowed us to predict the biomass trends
for higher trophic level fish, i.e. the larger predatory
fish or ‘table fish’, as well as for the lower trophic
level prey fish, such as small pelagic fish (e.g. sardines, anchovies, capelins), which are used mainly
for fishmeal and oil (Pikitch et al. 2013). Local and
regional studies have reported important declines
of large predators in the ocean (Christensen et al.
2003b), including large finfish and sharks (Baum et
al. 2003, Myers & Worm 2003). In parallel, some studies have indicated that the abundance of forage
fishes and invertebrates may have increased due to
cascading effects caused by decreasing predator
abundance as a result of human exploitation (Carscadden et al. 2001, Worm & Myers 2003, Myers et al.
2007, Coll et al. 2013).
Given the recent controversy over whether ‘fishing
down the food web’ is a phenomenon actually occurring in nature (Pauly et al. 1998) or a sampling artifact (Branch et al. 2010) with no or little relation to the
underlying ecosystem structure, our study adds to
the discussion by specifically evaluating how the biomass of high trophic level species has changed relative to the biomass of low trophic level species.

MATERIALS AND METHODS
Ecosystem models
We built a database with 230 ecosystem models, all
of which were based on the Ecopath with Ecosim
(EwE) approach and software (Christensen & Pauly
1992, Christensen & Walters 2004), currently the
most widely used ecosystem modeling approach in
the marine environment (Coll et al. 2008a, Colléter et
al. 2013, Heymans et al. 2014). EwE integrates a
large body of information from the ecosystem in a
coherent description of aquatic food webs, placing
human activities within an ecosystem context, and
accounts for environmental changes (Christensen &
Walters 2004). For detailed information about the
EwE approach, its main advantages and limitations,

see the literature (e.g. Christensen & Walters 2004,
Plagányi 2007), and www.ecopath.org.
Each of these EwE models was constructed by ecosystem modelers (i.e. fisheries scientists, ecologists or
marine biologists) using local and regional datasets,
usually with the aim of providing a snapshot of an
ecosystem in a given year, and which had been previously published and well documented in the scientific literature (see the Supplement at www.int-res.
com/articles/suppl/m512p155_supp.pdf). These models jointly cover 44% of the world’s ocean surface
(Fig. 1), representing the years between 1880 and
2007 (the number of models in 3 time periods within
those years are indicated in Table 1).
For the analysis, we first used the snapshot Ecopath
models. We evaluated and quality-controlled the
available Ecopath models, eliminating 30 of the candidate models from our analysis. As criteria for inclusion, models must have been well documented in the
literature, included biomass information for different
fish groups as inputs, and the modeled food webs
must have accounted for all living components in
traceable detail. For example, we eliminated models
that only specified fish groups as ‘fish’. For each of the
200 remaining ecosystem models, we evaluated
which of its functional groups belonged to the wider
category of ‘exploitable fish species’. We excluded
mesopelagic species, which mainly occur in the deep,
open ocean and which cannot be exploited economically with existing technology (Valinassab et al. 2007).
We also excluded juvenile fish, which cannot form the
basis of sustainable fisheries (Libralato et al. 2008).
We performed the analysis separately for fish with a
trophic level of 3.5 or higher, and for fish with a
trophic level between 2.0 and 3.0. The higher-trophic
level group includes predatory fish and represents
the larger ‘table fish’ that tend to be used directly for
human consumption. The lower trophic level groups
tend to be ‘forage fish’, a major prey for the table fish
and other marine predators (Cury et al. 2011, Pikitch
et al. 2012). Humans tend to use forage fish mainly for
fishmeal and oil (Alder et al. 2008, Pikitch et al. 2012).
We also excluded invertebrate species from this analysis since there is less information about them, and
ecosystem models tend to lack information on these
organisms (but see Pauly et al. 2009, Coll et al. 2013).
There were approximately 3000 types (unique
names) of functional groups in the ecosystem models.
Each functional group represents individual species,
life stages of species, or a collection of similar species
(for instance, ‘small pelagic fishes’). We assigned
each of the functional groups to depth categories,
based on information from FishBase (Froese & Pauly
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Fig. 1. Spatial distribution of the ecosystem models used in this study, illustrating the wide global coverage. Color density is
indicative of the number of models at each location

2013), SeaLifeBase (Palomares & Pauly 2013), Aquamaps (Kaschner et al. 2013), other online searches,
and general knowledge of the species involved. The
depth stratifications we used were <10, 10−49,
50−99, 100−199, 200−499, 500−999, 1000−1999, and
> 2000 m, and did not include habitat type. Each
functional group could be assigned to any number of
depth strata, with most pelagic species (for example)
being assigned to all strata.
Secondly, we used the spatial-dynamic Ecospace
module of EwE (Walters et al. 1999) to spatially distribute the functional groups within each Ecopath
ecosystem model based on standardized habitat distributions as described above, using the depth stratification categories. We used a time−spatial dynamic
simulation of 30 yr per Ecopath model. Default values
of the vulnerability parameter were used. In addition
to depth stratification, the models used relative primary production as input, derived from SeaWiFS
satellite data. The ecosystem models were then disTable 1. Number of ecosystem models by time period that
were included in the analyses
Period
1880−1969
1970−1989
1990−2010

Number
35
97
108

tributed spatially to a global half-degree grid, based
on information in the model descriptions. The distribution by the available ecosystem models (Fig. 1)
highlights the wide coverage of the global ocean. It is
also important to note that for many locations, several
models were available from different periods, which
was important for obtaining estimates of how fish
abundance has changed over time (Fig. 1 and the
Supplement).
From the spatial models, we extracted 68 039 predictions of fish biomass by cell and year, which subsequently were used as a basis for multiple regression analyses.

Multiple regression analyses
Regression analyses to model the biomass of predatory and forage fish were done using the open
source R-package. We considered the following
predictor variables: (1) year, (2) latitude, (3) bottom
depth (from www.ngdc.noaa.gov/mgg/fliers/01mgg
04.html), (4) distance from coast (modified from
www.ngdc.noaa.gov/mgg/fliers/01mgg04.html), (5)
density of seamounts (Christensen et al. 2011, www.
seaaroundus.org), (6) absolute primary production
(http://oceancolor.gsfc.nasa.gov/SeaWiFS/), (7) average of surface and bottom temperature (from www.
noaa.gov/), (8) zooplankton biomass (Bogorov et al.
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1968, FAO 1981, www.seaaroundus.org, Christensen
et al. 2011), (9) macrobenthos biomass (Christensen
et al. 2011, www.seaaroundus.org), (10) mesopelagic
fish biomass (Gjøsaeter & Kawaguchi 1980, Lam &
Pauly 2005, www.seaaroundus.org, Christensen et
al. 2011), (11) upwelling index (from www.pfeg.noaa.
gov/products/las/docs/global_upwell.html), and (12)
FAO statistical areas (from www.seaaroundus.org).
Our methodology builds directly on 3 previous
studies of trends in fish biomass in the North Atlantic,
Southeast Asia, and off West Africa (Christensen et
al. 2003a,b, 2004). A detailed flow diagram of the
procedure is provided by Christensen et al. (2003b).
As in previous applications of this methodology, the
environmental parameters were treated as static in
the analysis, while in reality they show considerable
inter-annual variability. However, we do not have access to a time series of all the environmental data
used in this analysis covering the time period of interest (as such data do not exist).
We used additive and variance stabilizing transformations as implemented in the AVAS (additivity and
variance stabilization for regression) module of the
acepack R-library to check for linearity between the
predictive variables and the dependent variable (i.e.
the biomass of potentially exploitable fish with trophic level of 3.5 or higher or trophic level between
2.0 and 3.0).
After model exploratory selection using the lm
module of R (R-library gamair) to assess the contribution of each independent variable to the model, we
excluded the following independent variables: latitude, because of its covariance with temperature and
FAO area; depth, because of its covariance with
distance from coast; density of seamounts, because
our sample of the ecosystem model collection did not
have a good coverage of seamount models; zooplankton biomass, because of its covariance with primary production; macrobenthos biomass, because of
its covariance with depth; and mesopelagic fish biomass, because it did not significantly correlate with
the independent variable.
We included 19 marine FAO statistical areas as
potential factorial variables, but ignored 4 of these
areas for which we had less than 5 models. We thus
did not use FAO areas 51, 58, 81, and 88 as factorial
variables in the regressions; however, models from
these areas were used for the predictions, i.e. they
were treated as if the FAO areas in which they occur
were not specified.
The AVAS transformations (Fig. 2) indicated that
the dependent variable (biomass) should be logtransformed, along with 2 of the predictor variables

(primary production and distance from the coast).
The temperature transformation had a peculiar
shape indicating divergence from linearity, which is
likely due to the very limited observations available
for waters where the average of bottom and surface
temperature exceeded 20°C.
After transformation of the variables, we used the
biomass results from the 200 ecosystem models to
evaluate the time trend in fish biomass over the last
100 yr. We also estimated how fish biomass had
changed during 3 time periods: 1910 to 1970, 1970
to 1990, and 1990 to 2010 (see Table 3). We chose
these splits since the North Atlantic fish catches
peaked around 1970, and this was the period when
fisheries expansion gained momentum throughout
the world (Coll et al. 2008b, Swartz et al. 2010). By
1990, this expansion had reached a new level and
fisheries resource depletion had become a global
phenomenon.
The multiple linear regressions had the following
form:
loge(biomass) = a + b1 × year + b2 × loge(distance) +
b3 × loge(primary production) + b4 × temperature +
b5 × upwelling index + bi × factor(FAO)
where a is the regression intercept, b1 to b5 are the
regression coefficients, and bi is a coefficient for each
of the categorical FAO variables. In the regressions,
we weighted each of the 68 039 estimates of fish biomass by time and space with 1 / loge(number of spatial units), i.e. with the inverse of the log of the number of half-degree cells covered by each of the
ecosystem models. This was done to limit the influence of models covering very large spatial areas
(Christensen et al. 2003a,b, 2004). Since the spatial
resolution of the ecosystem models was a half-degree
latitude by half-degree longitude, and because each
cell was sampled only once for each model, spatial
autocorrelation and pseudoreplication were avoided
(Legendre 1993, Guisan & Zimmermann 2000).
Since results from regressions depend on what
ecosystem models are included as data inputs, we
evaluated the robustness of the regression by jackknifing (leaving out one ecosystem model at a time),
and found that this had no noteworthy effects on the
results, as previously found in regional studies
(Christensen et al. 2003a,b, 2004). We further evaluated uncertainty by resampling: we randomly selected 30% of the 68 039 estimates of fish biomass 1000
times, and evaluated predicted biomass trends from
the subsampling.
The regression coefficients and test statistics were
analyzed from the regression analysis.
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Fig. 2. Additivity and
variance stabilization for
regression (AVAS) transformation of independent variables included in
the regression analysis.
The analysis indicates
that loge-transformation
should be used for biomass, primary production, and distance from
coast

Finally, we used the regression analyses
(based on the total data set and on resampled sets), jointly with a global database
with the predictor parameters (with halfdegree resolution) to estimate global, spatial
biomass distributions of fish from 1950 and
from 2010.

RESULTS
Biomass of predatory fishes
Our evaluations indicated that the biomass of predatory fish has declined significantly over the last 100 yr. For the 200 models covering the entire time period from
1880 to 2010, the multiple regression coefficient, r2 = 0.70, indicating that the regression explained 70% of the variation in the
data set, which is highly significant
(Table 2). The predictor variables were all
highly significant, apart from the factorial
variable for FAO areas 18 and 31 (representing the Amerasian Arctic and the Caribbean, respectively).

Table 2. Parameter coefficients and associated test statistics for multiple
linear regressions to predict the global marine biomass of predatory
fishes (multiple r2 = 0.70). The t-value is the ratio between an estimate
and its standard error, and Pr(>|t |) indicates the probability of obtaining a larger t-value. The smaller this probability is, the higher the significance of this parameter. ns: not significant; *p < 0.05, ***p < 0.001

Intercept
Year
loge(distance)
loge(prim. prod.)
Temperature
Upwelling index
FAO 18
FAO 21
FAO 27
FAO 31
FAO 34
FAO 37
FAO 41
FAO 47
FAO 48
FAO 57
FAO 61
FAO 67
FAO 71
FAO 77
FAO 87

Estimate

t-value

Pr(>|t |)

Significance

24.2500
−0.0151
−0.1008
1.1040
−0.0608
0.0002
0.0978
0.6361
0.7966
0.0605
−0.1952
−0.4279
1.0460
0.6778
1.1660
1.1920
1.1250
1.5880
1.2270
0.4832
0.3341

54.8
−69.7
−28.0
142.8
−69.6
42.4
2.0
19.9
28.4
1.7
−6.0
−8.4
31.0
18.2
32.8
26.1
35.6
51.4
36.1
14.9
9.7

2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
0.0407
2.00E-16
2.00E-16
0.0907
2.33E-09
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16
2.00E-16

***
***
***
***
***
***
*
***
***
ns
***
***
***
***
***
***
***
***
***
***
***

160

Mar Ecol Prog Ser 512: 155–166, 2014

Predicted biomass (loge)

only the upwelling index shows indication of a divergence from linearity
(Fig. 4). These results suggest, overall, that our predictor variables are
4
suitable for use in the regressions.
Using a resampling methodology,
we randomly drew 30% of the estimates of biomass over space and time
and performed a multiple regression
2
with each subsample for the 3 time
periods analyzed. Based on this analysis, we obtained a distribution for
each predictor variable (Fig. 5). We
0
then used each of the resampled regressions and the database of environmental parameters to predict
global biomasses. From this, we estimated that the biomass of predatory
–2
fishes has declined by around 75%
during the 100 yr from 1910 to 2010.
Dividing the models into 3 time
–2
0
2
4
periods to obtain higher temporal resObserved biomass (loge)
olution (Table 1), and with the splits
Fig. 3. Predicted versus observed biomass (loge-scales, t km−2) for higher
made in 1970 and 1990, we obtained
trophic level fish in the world ocean. Solid line indicates the 1:1 line; dotted
multiple linear regressions similar to
line is the observed average trend. The predicted variables underestimate the
that reported above for the entire
observed variability
time period (Table 3). Again, the predictor variables were highly signifiOur results showed that the signs of the predictor
cant (p < 10−16) and the regressions explain 66 to 91%
variable coefficients were negative for biomass, disof the variability in the biomass data.
tance, and temperature, and positive for primary proEvaluating the time trends based on resampling
duction and the upwelling index (Table 2). Notably,
the 3 regressions 1000 times based on randomly
the regression indicated that we have lost 1.5% of
selecting 30% of the biomass estimates, our results
the biomass of higher trophic level fish annually
showed that the biomass of predatory fishes has
since 1880, and that biomass declines 5 to 6% for
declined by two-thirds (66.4% with 95% confidence
every degree of higher water temperature.
intervals ranging from 60.2−71.2%) over the last
If we examine the relationship between observed
100 yr (Fig. 6). This decline is estimated to have been
and predicted values based on the regression in
slow during the first period (10.8% or 0.2% yr−1 up to
1970), then severe during the second period (41.6%
Table 2, we see that the regression overestimated
or 4.0% yr−1 during 1970 to 1990), and slower during
abundance at low biomass and underestimates at
the third period (14.0% or 2.9% yr−1 since 1990).
high biomass (Fig. 3). This indicates that the regression was conservative, i.e. it did not overestimate the
trend in biomass. It also means that the residuals
Biomass of lower trophic level fish
(predicted less observed values) were negative at
low biomasses and positive at high biomasses. Such a
We repeated the same procedure as described
structure in the residuals suggests that there are ‘hidabove to predict the biomass of lower trophic level
den’ predictors, i.e. variables that have not been
fish (with trophic level between 2.0 and 3.0). Results
included in the multiple regressions. This should not
from the multiple linear regressions for the entire
come as a surprise given that we seek to predict the
time period (Table 4) showed a positive and signifibiomass based on a limited number of variables:
cant regression coefficient for year (0.0085). This inyear, distance from coast, primary production, temdicated that the biomass of prey fish had been inperature, upwelling, and FAO area. While these
creasing over time by 0.85% yr−1. Over a 100 yr time
parameters do lead to a skewed residuals overall,
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Fig. 4. Residuals (predicted minus observed values, loge-transformed) for the
predictor variables in the multiple linear
regression analysis covering the entire
time period
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Fig. 5. Frequency distributions for predictor variables in the regression covering the entire time period
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Table 3. Regression coefficients for predictor variables for
the 3 time periods considered, used to estimate the loge(biomass) of predatory fishes (trophic level > 3.5). Coefficients
for FAO areas are not listed for clarity
1880−1969

1970−1989

1990−2010

0.5489
−0.0021
−0.1054
1.1000
−0.1917
0.0001
0.9117

76.5400
−0.0411
−0.1183
1.0530
−0.1008
0.0001
0.6721

51.5800
−0.0293
−0.0700
1.1950
−0.0335
0.0004
0.6562

Intercept
Year
loge(distance)
loge(prim. prod.)
Temperature
Upwelling index
r2

Intercept
Year
loge(distance)
loge(prim. prod.)
Temperature
Upwelling index
r2

120

Estimate

t

−14.5200
0.0085
−0.5958
0.7790
−0.1269
0.0001
0.5572

54.8
−69.7
−28.0
142.8
−69.6
42.4

DISCUSSION

100

Biomass (%)

Table 4. Regression coefficients for predictor variables for
prey fish (trophic level between 2.0 and 3.0) covering the
entire time period. Coefficients for FAO areas are not listed
for clarity
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Fig. 6. Global biomass trends for predatory fish during 1910
to 2010 as predicted based on 200 ecosystem models and
1000 times random resampling of 30% of data points. The
lines indicate median values and 95% confidence intervals

period, this corresponds to a 130% increase, suggesting that there are now more than twice as many prey
fish in the global ocean as there were a century ago.

Spatial biomass distributions
Results of the global spatial biomass distributions
of predatory fish highlighted notable changes with
time (Fig. 7), especially evident in the Northern
Hemisphere and main upwelling systems. Predicted
predatory fish biomass during the 1950s showed
higher values of biomass in the Northern Hemisphere and upwelling systems (Fig. 7a). Results from
2010 showed large changes in these areas, with a
general decrease of biomass spatially notable in the
north and generally in coastal areas and shelf ecosystems (Fig. 7b).

Through this study, we further refined a methodology we originally introduced to describe how the
biomass of predatory fish has changed in the North
Atlantic, West Africa, and Southeast Asia (Christensen et al. 2003a,b, 2004). Extending this methodology, the aim was to provide a first global estimate for
how fish biomass has changed over the last century,
drawing on a vast amount of information made available through data-rich ecosystem models (Christensen & Pauly 1992, Christensen & Walters 2004) to
add to the general discussion of the status of marine
resources worldwide.
Our results show major declines in the biomass of
predatory fish (i.e. of the larger fish that humans tend
to eat), amounting to a decline of two-thirds over the
last century, with 55% of the decline occurring in the
last 40 yr. Indications are that the decline was sharpest during the period between 1970 and 1990, and
has since leveled off somewhat. This does not mean,
however, that conditions have started to improve
globally; we found no indications of increase in biomass of predatory fish. There may be regional improvements (Worm et al. 2009, Lotze et al. 2011),
however, this is not evident yet at a global scale.
These results could indicate that we have been
fishing past the maximum sustainable yield (MSY)
level (Hilborn & Walters 1992). Productivity for higher trophic level fish populations (e.g. tuna) may indeed be maximized when populations are reduced to
between one-third and half of their original biomass,
but our study shows that this reduction is an overall
average. The implication is that some higher trophic
level species (notably the larger species) may likely
be reduced even more, while smaller species will
have declined less, yet the overall average indicates
a large reduction. This is in accordance with one of
the most thorough studies of top predator abundance
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Fig. 7. Global spatial biomass distribution of predatory fish for (a) 1950 and (b) 2010

(Sibert et al. 2006). For the Pacific Ocean, it was estimated that the largest pelagic fish (>175 cm fork
length) had decreased to 17% of the unexploited biomass, whereas the decline was much lower for the
smaller species. We also note that it indeed is impossible to fish all species at the MSY level; doing so
may have severe impacts on the trophic structure of
the ecosystem (Walters et al. 2005).

Our results are also in line with previous regional
studies using the same methodology. For example, a
decline of high trophic level fishes by two-thirds during a 50 yr period and by a factor of 9 between 1880
and 1998 was documented to have occurred in the
North Atlantic (Christensen et al. 2003b). In West
Africa, previous analysis showed fish biomass (excluding low trophic level and small fishes) has de-
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clined over a 40 yr period from 1960 to 2000 by a factor of 13 (Christensen et al. 2004). In Southeast Asia,
the abundance of fish with trophic levels of 3.0 or
higher in 2000 was less than half the value in 1960
(Christensen et al. 2003a). It is interesting to note that
this study reports similar, but somewhat lower, estimates of predatory fish biomass declines than previous studies. It may be possible that by focusing exclusively on high trophic-level fish (and not just on
target species), the present study is less biased
towards detection of large (~90%) declines (Myers &
Worm 2003, Ferretti et al. 2010).
The decline in predatory fish biomass is closely
linked to increased fishing effort. Anticamara et al.
(2011) found that global fishing capacity (measured
in potential kilowatt days) increased 54% from 1950
to 2010 with no indication of a decrease in recent
years. Note that this latter study did not include any
‘technology creep’ factor indicating an increase in
technology efficiency (which averages 2 to 3% annually; Pauly & Palomares 2010, Stergiou & Tsikliras
2011). Overall, we conclude that our results are consistent with the study of fishing effort (Anticamara et
al. 2011), which reports the decline in biomass that
can be expected given the described increase in
global fishing capacity. The increase in fishing
capacity has been updated and confirmed recently
by additional studies (Watson et al. 2013).
It is interesting to highlight that the FAO areas
were an important term in the regression model to
explain the dependent variables. This importance
may be related to differences in historical pressure
and the expansion of fisheries in marine ecosystems
(Coll et al. 2008b, Swartz et al. 2010), and it is in line
with other studies suggesting that the historical evolution of fishing is a key factor to understand the
dynamics seen in ecological indicators (Shannon et
al. 2014, this Theme Section). The predictive variables we used in this study are not the only important
factors for fish biomass, even if 70% of the variation
can be explained based solely on them. There are
other important variables, for instance ‘rugosity’ (i.e.
depth variability within spatial cells), substrate types,
and fishing effort, but we did not have access to
global data layers covering such variables (or they
were not of sufficient quality to be included), and
therefore they were omitted from the analysis for the
time being. In addition, the spatial distributions used
within Ecospace were inferred from depths at which
species are known to occur; other information such as
habitat type was not included. This represents a limitation to our analysis that must be acknowledged.
The implication is not that the present study is likely

to be misleading, but rather that we would have
obtained better predictions if we could have had
added additional suitable predictor variables. In
addition, although the number of ecosystem models
fitted to the time series of data with Ecosim has
grown substantially (Christensen & Walters 2011,
Christensen 2013), these models were not used
because they do not cover the ocean in a representative way, since such models are only available for
data-rich areas. However, as more fitted-to-timeseries models become available, future worldwide
analysis will become possible.
It is also important to highlight that, even though
spatial autocorrelation of the data was avoided due to
the data sampling procedure, our cells do not provide
true degrees of freedom. In addition, the t-values of
the regressions give an indication of the internal
‘ranking’ of the parameters (i.e. which ones matter
most). However, due to covariation between variables it must be acknowledged that the interpretation of these t-values needs to be treated with caution, even though the results indicated that the
regression was fairly robust.
Our results also highlight that the biomass of
smaller fish at lower trophic level positions has likely
increased. Because our study used a trophodynamic
approach, this increase is likely linked to predation
release, i.e. the mechanism whereby reduction in
predator populations leads to an increase in prey
abundance, as documented in local and regional
studies (Carscadden et al. 2001, Frank et al. 2005,
Ward & Myers 2005, Daskalov et al. 2007, Myers et
al. 2007, Coll et al. 2008c, Baum & Worm 2009), and
which can be captured using trophic models. This
increase in forage fish biomass is also in line with a
growing importance of this resource in global fishing
activities (Pikitch et al. 2012), which warns of the
degradation of marine ecosystems due to the fact that
these organisms are key elements of the food web
(Cury et al. 2011). Further development of this study
should focus on spatially describing the global distribution of smaller fish.
Overall, our findings contribute to the discussion of
whether ‘fishing down the food web’ is a sampling
artifact or something that occurs in reality (Pauly et
al. 1998, Branch et al. 2010). Here, we estimated that
predatory fish have declined by two-thirds, while
prey fish have increased. Combined, the decrease of
high trophic level fish and increase of low trophic
level fish show that the trophic structure of marine
ecosystems has been changed at a global scale in a
manner consistent with fishing down marine food
webs, in addition to that which is occurring on local
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and regional scales (Stergiou & Christensen 2011, ➤ Christensen V, Pauly D (1992) ECOPATH II — a software for
balancing steady-state ecosystem models and calculatand see www.fishingdown.org). To add to the discusing network characteristics. Ecol Model 61:169−185
sion, it should be noted that our methodology is less
➤ Christensen V, Walters C (2004) Ecopath with Ecosim:
dependent on fisheries catch estimates than previous
methods, capabilities and limitations. Ecol Model 172:
109−139
studies — an issue that has been central to this
Christensen
V, Walters CJ (2011) Progress in the use of ecodebate. This study is based on food web modeling
system models for fisheries management. In: Christensen
results, which deliver important information regardV, Maclean J (eds) Ecosystem approaches to fisheries: a
ing the ‘fishing down the food web’ debate (Shannon
global perspective. Cambridge University Press, Camet al. 2014).
bridge
Christensen V, Garces LR, Silvestre GT, Pauly D (2003a)
Our results have clear implications regarding
Fisheries impact on the South China Sea large marine
changes in marine ecosystem functioning, and thus
ecosystem: a preliminary analysis using spatially-explicit
management of marine resources, since the structure
methodology. In: Silvestre GT, Garces LR, Stobutzki I,
of marine ecosystems may have shifted from ecoAhmed M and others (eds) Assessment, management
and future directions for coastal fisheries in Asian counsystems with larger abundance of high trophic levels
tries. Proc WorldFish Cent Conf 67:51−62
and large body sizes to ecosystems dominated by
Christensen V, Guenette S, Heymans JJ, Walters C, Watson
➤
lower trophic level and small body size organisms. A
R, Zeller D, Pauly D (2003b) Hundred-year decline of
growing importance of forage fish in marine ecoNorth Atlantic predatory fishes. Fish Fish 4:1−24
Christensen V, Amorim PA, Diallo I, Diouf T and others
systems due to a decrease of top-down control is of
(2004) Trends in fish biomass off Northwest Africa,
concern, since these organisms are short-lived and
1960-2000. In: Chavance P, Ba M, Cascuel D, Vakily
are much more vulnerable to environmental fluctuaM, Pauly D. Marine fisheries, ecosystems, and societies
tions (Planque et al. 2010).
in West Africa: half a century of change. IRD, Paris,
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