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Why fishing magnifies fluctuations in fish
abundance
Christian N. K. Anderson1, Chih-hao Hsieh1,2,3,4, Stuart A. Sandin1, Roger Hewitt5, Anne Hollowed6,
John Beddington7, Robert M. May8 & George Sugihara1

It is now clear that fished populations can fluctuate more than unharvested stocks. However, it is not clear why. Here we
distinguish among three major competing mechanisms for this phenomenon, by using the 50-year California Cooperative
Oceanic Fisheries Investigations (CalCOFI) larval fish record. First, variable fishing pressure directly increases variability in
exploited populations. Second, commercial fishing can decrease the average body size and age of a stock, causing the
truncated population to track environmental fluctuations directly. Third, age-truncated or juvenescent populations have
increasingly unstable population dynamics because of changing demographic parameters such as intrinsic growth rates. We
find no evidence for the first hypothesis, limited evidence for the second and strong evidence for the third. Therefore, in
California Current fisheries, increased temporal variability in the population does not arise from variable exploitation, nor does
it reflect direct environmental tracking. More fundamentally, it arises from increased instability in dynamics. This finding has
implications for resource management as an empirical example of how selective harvesting can alter the basic dynamics of
exploited populations, and lead to unstable booms and busts that can precede systematic declines in stock levels.

Ecologists have long suspected that harvesting a species has the unin-
tended consequence of destabilizing the abundance of that species1,2.
This would be undesirable, because boom-and-bust cycles can
increase the likelihood of local extinctions3 and can harm the eco-
nomic market for the species. However, this connection has been
remarkably difficult to prove. A historic example is the collapse of
the California sardine fishery in the late 1940s, which some argued
was caused primarily by fishing4,5, but which others attributed to
cooling sea surface temperatures or to shifting wind patterns6–8.
Because landings records contain no information about unexploited
species, there is no control group to disentangle environmental
effects from fishing effects. Partly to address this conundrum,
CalCOFI was initiated to collect data both on fished and unfished
species living in the same environment. CalCOFI overcame the reli-
ance on landings data by sampling the ichthyoplankton assemblage, a
well-known proxy for current adult (spawning) biomass9–11. Fifty
years into the study, Hsieh et al.9 used the CalCOFI ichthyoplankton
database12 to separate the effects of fishing from other variables, and
demonstrated that fishing significantly increases temporal variability
of populations in the southern sector of the California Current eco-
system (Fig. 1). Increased variability is thought to be related to the
truncated age/size structure3,4,9,13–17 of commercially fished species, a
phenomenon caused by selective removals of larger, older individuals
that previously provided stability to the population.

Here we examine three competing hypotheses for the link between
fishing and stock variability1,2,9,16,18. First, fishing itself can vary year
to year and this can translate directly into increased population
variability19. Second, fished populations that become dominated by
relatively small-bodied and young individuals are less able to smooth
out environmental fluctuations, and are thus more likely than
unfished stocks to track directly those fluctuations4,9,13. Finally,

fished populations that become dominated by small-bodied and
young individuals are more prone to exhibit unstable dynamics
due to changing demographic parameters20,21. These are not mutually
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Figure 1 | In addition to an increased coefficient of variation9, exploited
species (red dots) exhibit larger booms and busts than unexploited species
(blue triangles) of a similar age. The 95th and the 5th percentiles of
abundance are shown for each species, with exponential fits (dashed lines)
for the exploited and unexploited species. Note that for all species, the busts
(lower range) are more pronounced than the booms (P , 0.0001).
Populations less than one-tenth mean size probably fell below detection
levels and were conservatively fixed at one-tenth mean size; thus, the effect
may be more pronounced than depicted here.
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exclusive hypotheses; all three could act together to increase variabi-
lity. Here we analyse the relative importance of each hypothesis as a
cause of the increase in population variability of fished stocks
observed in the southern California Current ecosystem.

Hypothesis 1 (variable fishing)

According to hypothesis 1, a fish stock is expected to vary more if
exploited heavily some years and lightly in others. Jonzén et al.22

discovered a positive correlation between the variance in fishing
mortality and the variance in the standing stock biomass of Baltic
cod populations. We use their method on the CalCOFI database, to
test this hypothesis for the seven exploited species whose fishing
mortality is available from National Marine Fisheries Service stock
assessment reports (Supplementary Table 1) and find no evidence
that variability in fishing mortality is associated with variability
in either larval density (Fig. 2) or estimated spawning biomass
(Supplementary Fig. 2). Therefore, although it is reasonable to expect
the variability of these populations to be somewhat influenced by
year-to-year differences in fishing effort, hypothesis 1 alone does
not explain the observed increase in variability of these data.

Hypotheses 2 and 3 (age-truncation effects)

The other two hypotheses are closely related. Because fishing typically
targets the larger individuals of a species, the average size—and thus
age—of target populations is often found to decrease14–16,18,23. Age
truncation leading to increased population variability has been docu-
mented in several populations9, and is here referred to as the ‘age
truncation effect’ (ATE)13. Such juvenescence can affect population
variance in two separable ways.

Hypothesis 2 suggests that when new recruits compose most of the
stock, the juvenescent population is more likely to track variable
environmental processes directly4,5. Although younger and smaller
fish are more susceptible to changes in the environment, older and
larger fish tend to integrate over environmental fluctuations and
survive hard times better through ‘bet-hedging’ strategies18,24–27

including fat storage, the ability to migrate and avoid poor areas,
having flexibility in spawning times and locations, and production
of high-quality offspring that survive in a broader suite of environ-
mental conditions18. Bet-hedging strategies are well documented in

association with long-tailed age distributions18,24–27. Loss of hedging
capacity through age truncation should produce a time-series signal
that more closely exhibits the linear (statistically noisy) characteris-
tics found in physical oceanographic data for that region21.

By contrast, under hypothesis 3, the increased variability of
exploited fish stocks comes from changes in demographic parameters
that amplify nonlinear behaviour20,21. There are many ways that the
ATE can change demographic parameters, for example by increasing
intrinsic population growth rates or by increasing nonlinear coupling
of demographic parameters to environmental noise20,28. The result-
ing population dynamics will produce a more variable time series
with more nonlinear behaviour than seen in unexploited fish stocks.

Separating environment and demography

Because hypothesis 2 implies increased tracking of linear environ-
mental variation, whereas hypothesis 3 describes an enhanced non-
linear response, we can distinguish these subtle alternatives by
comparing the nonlinearity in the time series of exploited species
relative to unexploited species. Here, nonlinearity is quantified using
S-maps29, a model validation criterion that uses out-of-sample pre-
dictions from equivalent linear versus nonlinear models to identify
the dynamics behind time-series observations. The model either
weights all data equally (h 5 0) to make linear forecasts, or gives more
weight to data points with similar recent histories (h . 0), a hallmark
of nonlinear behaviour29,30. The nonlinearity of a time series is deter-
mined by how much the correlation (r) between forecasts and
observations increases as models are tuned towards nonlinear solu-
tions; that is, how much forecast skill increases (Dr) when h . 0
(Dr 5 rh . 0 – rh 5 0; see Methods).

When CalCOFI ichthyoplankton time series are modelled using
linear autoregression (S-maps with h 5 0), fished species are slightly
more predictable than unfished species (r 5 0.514 and 0.504, respec-
tively; Fisher’s test P 5 0.64; Supplementary Fig. 3). However, this
possible evidence for hypothesis 2 is marginal (Supplementary Table
2). Indeed, nonlinear models describe the CalCOFI ichthyoplank-
ton time series better (h 5 0.3 for both), and more importantly,
fished species exhibit significantly more nonlinearity than the
unfished group (Fig. 3a; unfished Dr 5 0.037, P 5 0.25; fished
Dr 5 0.083, P , 0.01; Fisher’s test, P , 0.003). If the increase in
variance is due to vulnerable, young fish simply tracking the linear
environment more closely, then the nonlinearity (Dr) of fished
species should decrease. This prediction is contradicted by the data.
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Figure 2 | Hypothesis 1: does variable fishing cause variability in fish
stocks? There is no positive relation between the variability in the
coefficient of variation of fishing mortality (F) and population variability
coefficient of variation (larval abundance) using a three-, five-, seven-, and
ten-year moving window. Thus variability in fishing mortality (removing
more fish some years than others) does not account for variability in fished
stocks in the CalCOFI domain.
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Figure 3 | Discriminating between hypotheses 2 and 3. A larger Dr as h is
tuned from linear (h 5 0) towards nonlinear solutions (h . 0) indicates a
stronger nonlinear signal (Dr 5 rh . 0 2 rh 5 0). a, S-map analysis shows that
fished populations (red) are significantly more nonlinear than unexploited
populations (blue) (P 5 0.0027), supporting hypothesis 3 (demographic
change), not hypothesis 2 (tracking), as the agent behind amplified
variability with fishing. b, Corroborative model results. Equation (1) was
fitted to data for unexploited species (blue line). Increased environmental
sensitivity makes time series appear more linear (dashed red line). However,
increasing growth rate r produces an enhanced nonlinear signature (solid
red line) as observed for exploited species in a.
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Rather, fishing pressure has enhanced the nonlinear behaviour of
the fished populations. Therefore, the data suggest that altered
dynamics resulting from a truncated age structure overwhelm the
propensity of young fish to track the environment passively and
that dynamic instability is the agent behind the observed increase
in variance. Increased nonlinearity has explained higher variance in
other contexts29,31.

Identifying sources of nonlinearity

We illustrate the distinction between hypotheses 2 and 3 with a
population growth model having the familiar Ricker-form29,32

Nt11 5 Ntexp[r(1 2 Nt)] 1 ce (1)

where N is population size (in units of number or biomass), r is the
intrinsic population growth rate, e is environmental variability with
unit standard deviation, and c is environmental susceptibility (see
Methods, Supplementary Fig. 4 and Supplementary Discussion).
Hypothesis 2 corresponds to an increase in environmental suscep-
tibility c; hypothesis 3 corresponds to alteration of a demographic
parameter: for this example we increase r. Forecast skill does not
improve with nonlinear tuning (h . 0) as environmental noise (ce)
is increased, but declines with h, as would be expected if the time
series were dominated by linear statistical effects (Fig. 3b, dashed line;
see Methods). We find this result is maintained whether e is ‘white’
noise, autocorrelated ‘red’ noise, 1/f ‘pink’ noise or the actual values
of the Pacific Decadal Oscillation33–35. However, under hypothesis 3
(Fig. 3b, solid red line), exploited model populations present an
enhanced nonlinear signature as r is increased.

At first glance, it seems counterintuitive that age truncation
would increase intrinsic population growth rates (because fishing
removes the largest individuals that produce the most and best qua-
lity eggs18,24–27); yet this trend is observed empirically in the California
Current ecosystem. Because individual body size decreased and total
biomass remained statistically constant (26 of 29 stocks9), the num-
ber of young fish has increased. A larger population of shorter-lived
fish requires a higher intrinsic rate of growth (r); the population must
produce more surviving offspring per capita per year to compensate
for the shortened life span. The ultimate mechanism behind this
ATE-induced increase could be competitive release and/or decreased
cannibalism or possibly evolution23,36,37, leading to increased somatic
growth or increased per-capita fecundity. Although other factors are
probably operating, the evidence from CalCOFI points to increased
growth rates as a dominant factor supporting the increase in non-
linearity observed in Fig. 3a.

Although it is well known that increasing growth rates in simple
discrete growth models can lead to unstable dynamics38, values of r
required to evoke such behaviour in single species models are often
unrealistically high. However, models with multiple species39, mul-
tiple stable states28 or models having demographic parameters that
vary in complex ways with the environment20,21 produce nonlinear
behaviour even at modest growth rates. More generally, process noise
(error from incompletely specified models) can induce instability in
otherwise stable models when the error multiplies in specific ways;
that is, when an essential detail is added that has a nonlinear effect.
Using the commonly studied29 form of process noise Zt11 5
G(Zt 1 eprocess) where equation (1) is an example of G, Fig. 4 shows
that generic process noise evokes nonlinear behaviour at lower
growth rates. This toy representation portrays nonlinear or biologi-
cally amplified process errors.

Thus, increasing either process noise or growth rates can amplify
nonlinearity. And fishing may affect both. For example, incorporat-
ing variable fishing Ft into equation (1) so that variability in F is an
expression of process noise,

Nt11 5 Ntexp[ri(1 2 Nt/Kt 2 Ft)] (2)

leads to amplified nonlinearity (Fig. 5). (However, the lack of a
relation in Fig. 2 eliminates this as a cause for increased variability
in these data.) Similarly, modelling process errors more explicitly by
adding variability directly to the demographic parameters r or K
in equation (2) will provoke a nonlinear signature, regardless of
the particular form of the noise (see Methods and Supplementary
Fig. 5). It is reasonable to speculate that the baseline nonlinearity seen
in the unexploited state is an expression of nonlinear process errors
related to variable demographic parameters, such as those tied to
ecosystem shifts and climate events for example8,9,20. So, although
neither variability in fishing nor in the environment correlates with
variability in abundance, these two sources of process error may be
implicated in complex ways with the instability that accompanies
fishing. Notwithstanding their potential destabilizing effects, by
themselves these processes have little direct effect on the overall stock
variability we observed in CalCOFI (Fig. 2, Supplementary Fig. 2, and
Supplementary Tables 2 and 3).

Life-history traits and nonlinearity

Are there characteristics that make some fish stocks more susceptible
to the nonlinear effects of fishing than others? To answer this ques-
tion we compared the nonlinearity of exploited and unexploited
stocks for various life-history traits (Table 1 and Supplementary
Table 4). Table 1 identifies a qualitative tendency for the following
characteristics to be associated with vulnerability to fishing: larger
size at sexual maturity ($25 cm), greater age at sexual maturity
($3 years), longer spawning duration (.7 months), higher fecun-
dity ($200,000 eggs per female per year), lower trophic level and
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more variability in abundance (coefficient of variation $ 0.9). Thus,
acknowledging the uncertainty arising from the small number of
species involved in some groups, one may speculate that to a first
approximation, large-maturing lower-trophic-level species that are
also fecund, may be most susceptible to further destabilization by
fishing, and regardless of life history the evidence suggests that
increasing growth rates are driving this effect.

Management implications

In summary, fishing for big individuals without consideration of the
impact on the age distribution can lead to unstable nonlinear popu-
lation dynamics, and this enhanced nonlinearity helps to explain
much of the volatility seen in fish stocks today (Fig. 1). Our study
shows that when unconstrained, an observed demographic con-
sequence of the ATE, that is, the effective increase of r, makes dra-
matic population change more likely—and paradoxically, in this
case, can make those changes slightly more predictable in the short
run. Thus target species are in double jeopardy from both fishing
removals and the ATE, as stocks with higher mortality also suffer
increasing fluctuations. Reduced size and age distributions have been
documented in many common fisheries species, for example in
Pacific salmon40, Pacific rockfish41, and North Sea ground fish42,43,
suggesting the potential relevance of the ATE for many commercially
important species. In terms of stock recovery, it can be premature
therefore to resume fishing activities solely on the basis of recovery of
biomass but before restoration of historical age distributions, even
though short-term industry pressures may make this difficult to
realize (for example, Atlantic swordfish44).

It is encouraging, however, that some managers are adopting
precautionary harvest policies that protect against stock depletion
and the ATE45,46. For example, in Alaska, where fishing is managed
through a complex system of harvest controls, there has been rela-
tively minor impact on the mean age of the population47,48.
Nonetheless, in other areas, current policies and industry pressures
that encourage lifting bans on fishing when biomass is rehabilitated,
but where maximum age is not, contain risk18,44,49. Unless fishing is
conducted with informed harvest controls and with market mechan-
isms to align incentives and manage financial risks associated with
volatile supplies, we can expect a future of instability in fish popula-
tions and suboptimal performance of the industries built on them.

METHODS SUMMARY

Hypothesis 1 was tested by examining the relation between the coefficient of

variation in fishing mortality and the coefficient of variation of spawning bio-

mass (larval indicators and fishery-based estimates) for Southern Region

California Current fisheries (Fig. 2 and Supplementary Fig. 2). Variability was

calculated for windows 3–10 years long.

Hypotheses 2 and 3 were tested with S-maps on composite CalCOFI ichthyo-

plankton time series, using methods described in detail elsewhere21,50. Briefly,

larval time series were composited end-to-end, and nonlinearity of fished versus

unfished species was assessed by computing Dr with an embedding dimension

E 5 3 (Supplementary Materials).

Hypotheses 2 and 3 are illustrated with a simple model (equation (1)) whose

behaviour is generic to a large class of fisheries models (Supplementary

Discussion). First, a baseline is established by fitting parameters to the observed

variance (Supplementary Fig. 6) and nonlinearity of unexploited CalCOFI popu-

lations (Fig. 3b, blue line). Next, to model hypothesis 2, environmental suscep-

tibility (c) is increased to simulate direct environmental tracking with the ATE

(Fig. 3b, dashed line). Alternative types of environmental noise were simulated

for hypothesis 2 (red, 1/f, white, low-pass filtered and the actual Pacific Decadal

Oscillation values33–35), and did not affect the qualitative outcome. Finally, hypo-

thesis 3 is here simulated by increasing species-specific growth rates (r) (Fig. 3b,

solid red line). Various forms of process noise were also simulated. All standard

statistical analyses were performed with R software version 2.3.0.
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Supplementary Figures  

 

Figure S1 | A schematic figure representing the main findings of this study.
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Figure S2 | This figure reproduces Fig. 1, but with spawner biomass (SB) estimated 

from fishery-dependent data (Table S1). The coefficient of variation in fishing mortality, 

CV(F), does not correlate with variability in estimates of spawner biomass, CV(SB), 

using a 3-, 5-, 7-, and 10-year moving window (r2=0.001, 0.030,  0.020, 0.029; P=0.8, 

0.257, 0.454, 0.474 respectively). This analysis excludes pacific chub mackerel where 

policy changes in the allowable catch in response to changes in spawning biomass1, 

introduced an artificial positive relationship. Even including these points, the relationship 

is marginally significant only at the 5- and 7-year scale (r2=0.078, 0.123; P=0.041, 

0.034). Because there are several ways that fishery-dependent estimates of SB could 

introduce an artificial relationship between SB and fishing mortality2, we view these null 

results as conservative. 
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Figure S3 | The difference in predictability (ρ) at the y-intercept (where θ=0.0) shows 

that a linear model makes slightly more accurate forecasts for exploited populations 

(ρθ=0 =0.516) than for unexploited population (ρθ=0=0.504 ). However, the difference in 

linear forecast skill is not significant (P=0.64, Fisher’s test), which lends only weak 

support to hypothesis 2. Furthermore, this slight difference in predictability is dwarfed by 

the gains in predictability evident when using a nonlinear model (θ=0.3). Here, the 

difference between exploited and unexploited populations is much more apparent 

(P=0.003, Fisher’s test), as would be expected under hypothesis 3. Note the y-axis of 

this figure is the absolute forecast skill (ρ) of each model and not the difference from the 

linear baseline (Δρ) as presented in Figures 3 and S2. 
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Figure S4 | Model results and observations for unexploited (blue, column 1) and 

exploited populations (red, columns 2 & 3). (a) Hypothetical age structure of an 

unexploited population. (b) Hypothetical age structure of an exploited population 

showing age truncation. (c) Unexploited species would show a moderate growth rate r 

and environmental susceptibility c in eqn 1. (d) The younger population may track the 

environment more strongly and therefore deviate further from the growth function 

(hypothesis 2 modelled by increasing c), or (e) the young population may change 

demographic parameters (hypothesis 3 modelled by increasing r). Example time series 

of species under (f) unexploited conditions or (g-h) two models of exploitation. Either 

mechanism results in a population that fluctuates more dramatically through time. S-

maps of species modelled under three regimes: (i) unexploited, showing moderate 

nonlinearity (a positive Δρ at θ>0, with a larger Δρ indicating more nonlinearity (Δρ =ρθ>0 

– ρθ=0); (j) exploited under hypothesis 2, showing less or no nonlinearity; (k) and 

exploited under hypothesis 3, showing more nonlinearity. (l-m) Analysis of CalCOFI 

ichthyoplankton data show that fished species show more nonlinearity than unfished 

species.  
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Figure S5 | Allowing demographic parameters r or K to vary though time (where Nt+1 = 

Ntert(1- Nt/Kt)  , see methods) causes the time series to appear more nonlinear, regardless 

of the correlation structure of the variance. The larger the CV, the more nonlinear the 

time series signature (standard deviations for each line are solid = 0, shortdash = 0.05, 

dotted = 0.1, dash-dot = 0.2, longdash = 0.3). Similar results were obtained when fishing 

mortality (Ft) was given mean 0.3 and allowed to vary in Nt+1 = Ntert(1- Nt/Kt – Ft) while rt and 

Kt were held fixed (see Methods).
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Figure S6 | The coefficient of variation for a 40-point time series governed by (1) was 

approximated by 96,100 time series with values of r in the range [0, 5] and c in the 

range [0.00, 0.30]. The tangent to the CV surface at 0.8667 (the observed CV of 

unexploited CalCOFI species) was approximated for the area delimited by the dashed 

box. The parameter c was dropped from the tangent fit, because r alone was able to 

explain more than 90% of the variation in CV in this region. 
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Supplementary Tables 

Table S1. Data sources for the spawning biomasses and fishing mortality from stock assessment 
reports for seven exploited species. 

Species Common name Domain of 
assessment 

Source

Engraulis mordax Northern anchovy California 3 
Merluccius productus Pacific hake US west coast 4 
Sardinops sagax Pacific sardine California 5,6 
Scomber japonicus Pacific chub mackerel US west coast 7 
Microstomus pacificus Dover sole US west coast 8 
Scorpaenichthys marmoratus Cabezon Southern California 9 
Sebastes paucispinis Bocaccio California 10 
 

 

 
Table S2. The percent of variation (r2) in larval abundance explained by major environmental 
indices for CCE species. No environmental variable explained more than 1.5%, and no 
correlations were significant when Bonferroni corrected (* = P<0.05). (See also Hsieh et al.11 for 
analyses on each individual species). 

Physical time 
series 

Exploited species Unexploited species 

 Abundance 
(n=520)  

ΔAbundance
(n=507)  

Abundance 
(n=640)  

ΔAbundance 
(n=624)  

La Jolla SST 0.0086* 0.0000 0.0022 0.0008 
   ΔSST 0.0134* 0.0085* 0.0039 0.0011 
La Jolla Salinity 0.0028 0.0000 0.0002 0.0005 
   ΔSalinity 0.0022 0.0013 0.0035 0.0052 
Annual PDO 0.0002  0.0009 0.0000 0.0010 
   ΔPDO 0.0002 0.0002 0.0021 0.0002 
Annual NPI 0.0005 0.0137* 0.0015 0.0087* 
   ΔNPI 0.0038 0.0042 0.0026 0.0011 
Annual SOI 0.0000 0.0003 0.0002 0.0007 
   ΔSOI 0.0007 0.0021 0.0013 0.0001 
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Table S3. The correlation coefficient (ρ) between the CV(ΔLarval density) and 
CV(ΔEnvironmental Index) over a 5-year moving window. No significant correlations were 
obtained for any single species (n=33 overlapping windows; critical values of |ρ| : 0.70 [P=0.05], 
0.83 [P=0.01], and 0.92 [P=0.001]). No significant results were obtained with window sizes of 3, 
7, or 10 years either. 

  SST NPI PDO SOI BUI 
All Exploited Species 
ρ (P) 

0.01 
(0.94) 

-0.05 
(0.706) 

-0.18 
(0.139) 

-0.2 
(0.11) 

0.1 
(0.423) 

Engraulis mordax -0.02 0.03 0.08 0.06 0.18 
Merluccius productus 0.20 -0.59 0.11 0.01 0.32 
Microstomus pacificus 0.23 0.03 -0.20 -0.23 0.17 
Paralabrax spp. 0.10 -0.15 0.12 -0.10 -0.06 
Paralichthys californicus -0.51 0.35 -0.32 -0.38 0.00 
Parophrys vetulus 0.38 -0.63 -0.08 -0.40 0.31 
Sardinops sagax -0.21 -0.19 0.04 0.00 0.05 
Scomber japonicus 0.06 0.26 -0.36 -0.36 -0.09 
Scorpaenichthys marmoratus -0.11 -0.11 -0.08 -0.39 -0.16 
Sebastes aurora 0.01 0.08 -0.60 -0.62 0.21 
Sebastes paucispinis -0.01 -0.02 -0.48 -0.27 0.02 
Sphyraena argentea -0.30 -0.15 -0.27 0.08 0.31 
Trachurus symmetricus 0.04 0.28 -0.38 -0.23 0.02 
All Unexploited Species 
ρ (P) 

-0.02 
(0.836) 

0.03 
(0.769) 

0.06 
(0.602) 

0.01 
(0.964) 

-0.01 
(0.908) 

Argentina sialis -0.21 0.32 -0.08 0.34 -0.08 
Chromis punctipinnis 0.20 -0.08 0.35 0.05 -0.17 
Cololabis saira 0.53 -0.39 0.58 0.35 -0.10 
Hippoglossina stomata 0.35 -0.09 0.00 0.09 -0.39 
Hypsoblennius spp. -0.29 0.26 0.00 -0.13 -0.14 
Icichthys lockingtoni -0.39 0.23 -0.01 -0.05 0.23 
Leuroglossus stilbius 0.29 -0.16 0.35 0.32 -0.02 
Lyopsetta exilis -0.23 0.17 0.07 0.26 -0.04 
Ophidion scrippsae 0.13 -0.09 -0.06 -0.29 -0.09 
Oxylebius pictus -0.46 0.37 -0.07 -0.24 0.32 
Pleuronichthys verticalis 0.17 0.29 0.56 0.39 -0.39 
Sebastes jordani -0.16 0.15 -0.29 -0.43 0.45 
Symphurus atricaudus 0.00 -0.54 0.21 -0.05 0.17 
Tetragonurus cuvieri -0.21 0.01 0.10 -0.07 0.17 
Trachipterus altivelis -0.04 -0.12 -0.39 -0.28 -0.02 
Zaniolepis spp. -0.31 0.67 -0.45 0.06 -0.15 
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Table S4. Life history data for the CalCOFI fishes13.  Missing data (bold) are imputed based on 
their correlation structure13, using Expectation-Maximization algorithm assuming multivariate 
normal distribution14.  Many of these life history traits are related (as discussed in Hsieh et. al. 
2006). The growth rate from von Bertalanffy’s growth function (VBGF) is derived from prior 
data using the relationship 
L(t) = L∞(1 - e-kt) k = - [ln ( 1 - ( L(t) / L∞ )) / t] = - [( ln ( 1 - ( SSM / MaxSz )) / ASM] 
 
 

Species 

Max 
size 
L∞ 

Size at 
maturity 
(cm) 

Age at 
maturity 
(year) 

Fecundity 
(Eggs per 
year) 

Spawn 
duration 
(months) 

Trophic 
level Fished 

Coefficient 
of 
Variation 

VBGF k 
(per yr) 

Argentina sialis 22 12 2 11271 11 3.1 no 0.986 0.39 
Chromis punctipinnis 30 15 2 28854 4 2.73 no 1.092 0.35 
Cololabis saira 40 27 1.5 215000 11 3.71 no 0.895 0.75 
Engraulis mordax 24.8 9 1 150000 12 3.1 yes 0.936 0.45 
Hippoglossina 
stomata 

40 16.2 3 68872 8 3.23 no 0.695 0.17 

Hypsoblennius jenkins 13 4.6 1 900 7 2.24 no 1.168 0.44 
Icichthys lockingtoni 46 21 2.5 105873 7 3.6 no 0.690 0.24 
Leuroglossus stilbius 15 8 2.5 3533 6 3.24 no 0.646 0.3 
Lyopsetta exilis 35 17 3 46166 6 3.44 no 0.747 0.22 
Merluccius productus 91 40 3.5 2500000 4 3.83 yes 1.416 0.17 
Microstomus pacificus 76 33.2 5.5 83000 6 3.36 yes 0.921 0.1 
Ophidion scrippsae 28 16 1 23389 6 3.5 no 1.134 0.85 
Oxylebius pictus 25 14 3 1780 9 3.42 no 0.766 0.27 
Paralabrax clathratus 72 23 3 81000 5 3.98 yes 1.672 0.13 
Paralichthys 
californicus 

152 41 4.5 2200000 12 4.5 yes 1.144 0.07 

Parophrys vetulus 57 23 4 1500000 6 3.45 yes 0.874 0.13 
Pleuronichthys 
verticalis 

37 17 4 54721 11 3.17 no 0.807 0.15 

Sardinops sagax 39.5 15.8 2 1300000 8 2.59 yes 1.891 0.26 
Scomber japonicus 60 32 2 1120000 7 3.35 yes 2.211 0.38 
Scorpaenichthys 
marmoratus 

99 50 4.5 152000 7 3.51 yes 0.728 0.16 

Sebastes aurora 41 28 5 74608 7 3.26 yes 0.673 0.23 
Sebastes jordani 31 14 3 50000 4 3.22 no 0.739 0.2 
Sebastes paucispinis 91 36 4 1160000 5 3.51 yes 0.834 0.13 
Sphyraena argentea 122 56 2 225000 6 4.5 yes 1.378 0.31 
Symphurus atricaudus 21 11 1 9799 5 3.3 no 1.804 0.74 
Tetragonurus cuvieri 70 30 3 377000 12 3.78 no 0.823 0.19 
Trachipterus altivelis 183 63 4 6920510 12 3.9 no 0.473 0.11 
Trachurus 
symmetricus 

81 31 3 1856000 6 3.86 yes 0.930 0.16 

Zaniolepis frenata 25 13 2.5 16647 9 3.44 no 0.721 0.29 
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Supplementary Discussion 

 Comment on Generality of Results to Fisheries Models: Results in Fig. S4 (that show an 

increase in population variability and nonlinearity with increased growth rates) are generic to 

compensatory discrete-time fisheries population models where the growth curve steepens about 

Nt = Nt+1 (equilibrium) as growth rate increases (e.g., Schaefer, Pella-Tomlinson, or Deriso-

Schnute difference models12).  We note that Beverton-Holt12 type spawner - recruitment models 

only address new production and are not intended to account for possible density dependent 

mortality dynamics after recruitment13.  As such, they are not intended to be complete population 

models and they do not apply to this study where the focus is on year-to-year variation of total 

spawner biomass. Recall that ichthyoplankton surveys are indicators of current spawning stock 

biomass, and do not represent recruitment11,14. These results would not hold for models without 

density-dependence (e.g. exponential growth, constant mortality).

Comment [p1]: Add 
anne’s ref here? 
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synthetic gene inserted into the simple gene-
regulatory network depicted in Figure 1 intro-
duces a positive feedback loop into the creation 
of the protein encoded by ORF1. Therefore, 
levels of that protein should be higher in the 
mutant than in the normal strain. But this is 
not what Isalan et al. find. Instead, introduc-
tion of direct feedback loops (either positive 
or negative) led to no significant differences 
in the levels of the proteins concerned.

There could be two explanations for why 
new feedback loops have almost no effect on 
protein levels. For one, the dynamics of large-
scale, transcriptionally regulated genetic net-
works are probably more complicated than 
thought. In other words, analysing large net-
works by decomposing them into simpler sub-
networks, as Isalan et al. have done, may lead to 
faulty conclusions about how the subsystems 
work within the whole. Alternatively, it may be 
that transcriptional regulation is less important 
than expected. Perhaps post-transcriptional 
regulatory mechanisms4,5 that affect mRNA 
translation regulate the network to a larger 
extent. But considerable effort has gone into 

the creation of synthetic gene networks6,7 that 
are controlled at the transcriptional level, and 
many of these studies have had great success8,9. 
So the findings of Isalan et al.3 should be seen 
both as a cautionary tale and as encouragement 
for research into the regulatory mechanisms of 
large-scale networks. ■
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messenger RNA. Isalan et al. recombined 
the promoters and ORFs of unrelated genes, 
encoding many of the 300 transcription factors 
in the E. coli genome, to create about 600 new 
promoter–ORF connections, or genes. They 
then placed each of these genes, one at a time, 
into E. coli cells and measured their viability.

This type of genetic rewiring is akin to 
randomly placing wires between nodes within 
a computer’s central processing unit, where 
the new wires would reroute signals from one 
section of the processor to another — perhaps 
unrelated — section. The introduction of new 
network connections will almost certainly 
preclude a central processing unit from oper-
ating properly, if at all. Surprisingly, Isalan 
and colleagues3 find that the genetic network 
of E. coli is much more robust to rewiring 
than its electronic counterpart. Of the roughly 
600 new connections the authors introduced 
into the network, almost all were well tolerated 
by the cells. Furthermore, the vast majority of 
connections showed no apparent deleterious 
effects, and some strains even grew better than 
the original.

These observations indicate that small-scale 
rewiring events probe the network landscape 
for fitness of the associated changes, without 
causing great detriment to the organism. From 
an evolutionary standpoint, therefore, they 
indicate that organisms can evolve by chang-
ing the architecture of their genetic network. 
This certainly makes sense, otherwise new 
network functionality could evolve only 
by large-scale rewiring events, which are 
probably extremely rare.

This conclusion also flies in the face of the 
popular misconception among opponents 
of the evolutionary theory, who believe that 
the genetic code is irreducibly complex. For 
instance, advocates of ‘intelligent design’ 
compare the genome to modern engineered 
machines such as integrated circuits and 
clocks, which will cease to function if their 
internal design is altered. Although sometimes 
it is instructive to point to similarities between 
the design principles behind modern technol-
ogy and those behind genetics, the analogy can 
only go so far. Engineered devices are generally 
designed to work just above the point of fail-
ure, so that any tampering with their construc-
tion will result in catastrophe. In the event of 
failure, new clocks can be purchased or central 
processing units replaced. But nature does not 
have that option. To survive — and so evolve 
— organisms must be able to tolerate random 
mutations, deletions and recombination 
events. And Isalan and colleagues’ work pro-
vides an important step forward in quantifying 
just how robust the genetic code can be.

In addition to screening the new strains for 
fitness, the authors measured the activity lev-
els of genes that were most directly affected 
by network rewiring. They predicted that, if a 
new gene introduces a feedback loop into the 
network, the protein levels of its ‘parent’ gene 
should be altered accordingly. For instance, the 

ECOLOGY

Destabilized fish stocks  
Nils Chr. Stenseth and Tristan Rouyer

Fishing of natural populations increases the variability of fish abundance. 
A unique data set from the southern California Current has allowed an 
evaluation of three hypotheses for why that should be so.    

Understanding variation in the abundances 
of plants and animals has long been a central 
topic in population ecology1. It is one of par-
ticular significance when it comes to exploited 
populations, such as those of many fish stocks, 
and is revisited by Anderson et al. on page 835 
of this issue2. 

Extensive fluctuations of harvested fish 
stocks are clearly undesirable economically 
— too much uncertainty in expected income 
will adversely affect fishing communities. 
Such fluctuations are also harmful from a 
conservation perspective, as high variability 
may increase the (local) probability of extinc-
tions. It has long been suggested3 by fisheries 
ecologists that fishing might itself increase the 
temporal variability of exploited populations. 
But long-term data on unexploited populations 
are needed for comparative (control) purposes, 
and the lack of such data has made it difficult to 
separate the effects of fishing from the effects 
of variations in environmental conditions.

In 2006, such a long-term data set — the 
California Cooperative Oceanic Fisheries 
Investigations (CalCOFI) record of larval 
fish abundance — was subject to comparative 
analysis by Hsieh et al.4, from which they con-
cluded that, as their title put it, ‘Fishing elevates 

variability in the abundance of exploited spe-
cies’. But this study, pioneering as it was, did 
not look into the nature of the underlying 
mechanisms. Anderson et al.2, a group that 
includes many of the same authors, now report 
an extended analysis of the 50-year CalCOFI 
data set under the title ‘Why fishing magnifies 
fluctuations in fish abundance’. In doing so they 
provide valuable, empirically based insights 
into the fluctuations of exploited populations. 
Their analysis convincingly shows that the 
observed increased variation of harvested fish 
stocks is caused by the selective removal of 
the larger (and older) individuals, leading to a 
decreasing average size and age of the fish that 
destabilizes the population dynamics. 

Anderson et al.2 looked at three hypotheses. 
They found no support for the first one, that 
the observed variability of exploited fish stocks 
is a direct effect of variable fishing intensity. 
Then there is the selective removal of larger 
and so older individuals by fishing, known as 
the age-truncation effect. This ‘juvenescence’ 
of the population can affect the dynamics in 
two ways, leading to the second and third 
hypotheses. 

The second hypothesis is that younger, 
smaller individuals may be more susceptible 
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support7,9, age truncation can make the abun-
dance of exploited fish stocks permanently 
more variable (Fig. 1). 

Taken together with Anderson and col-
leagues’ findings2, the implication is that 
fisheries management needs to give prior-
ity to precautionary measures. Juvenescence 
may be irreversible9. When the ecological 
effects of fishing a particular population are 
observed, the evolutionary consequences may 
have already set in, and may be irreversible, or 

at least only slowly reversible, depending on 
whether sufficient genetic variability remains 
in the stocks10. In other words, it will often be 
quicker to create a demographic change in a 
fish stock than to reverse that change and the 
increased variability in population abundance 
that stems from it. 

The combined ecological and evolutionary 
juvenescence of exploited populations prompts 
various thoughts. Ecologists need to give more 
consideration to the ecological effects of life-
history changes such as earlier maturation, 
and evolutionary biologists need to take more 
account of the ecological effects of evolution-
ary changes. Indeed, we would like to see many 
more combined ecological and evolutionary 
studies on the effect of exploitation. Such a 
research agenda is not easy to implement, given 
the scarcity of long-term data on unexploited 
fish stocks, and we require more data sets like 
the CalCOFI record. Otherwise, investigation 
of the heritability of the demographic param-
eters that Anderson et al. conclude amplify the 
nonlinear population behaviour would help 
us understand the evolutionary effect of the 
observed changes — and also help in assessing 
to what degree such an effect could be reversed 
through management policies. ■
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Figure 1 | The ecological and evolutionary effects of fishing on fish-stock dynamics2. a, The size 
distribution and maturation profile of an unexploited population, which shows a certain level 
of variability in abundance over time. b, The age-truncation — juvenescence — effect caused by 
fishing leads to a population with a lower average age, and is often associated with individuals 
attaining maturity at younger ages. The result is increased variability in abundance. If the change is 
phenotypic (ecological) only, recovery is possible. c, A more permanent (evolutionary) change in the 
demographics leads to potentially irreversible increased variability in abundance, unless there is a 
high degree of genetic variability left in the population to return it to the unexploited state.  

ASTROPHYSICS

Blown away by cosmic rays
Dieter Breitschwerdt 

X-ray data reveal that our Galaxy is shedding part of its gas, a phenomenon 
previously associated only with much more active star-forming galaxies. So 
what is driving the process in the Milky Way?   

It has long been known that ‘starburst’ galaxies, 
which have extremely high rates of star forma-
tion, extravagantly blow away some of their 
star-forming gas. Writing in The Astrophysi-
cal Journal, Everett et al.1 produce convin cing 
evidence that, although it forms stars at a 
more moderate rate, our own Milky Way also 
belongs to this profligate club. In a new twist, it 
seems that the high-energy particles known as 

cosmic rays are among the agents of the Milky 
Way’s wind. 

That galaxies should so casually discard 
some of their substance might seem surpris-
ing, for the process by which they come into 
being is long and arduous. Galaxies began to be 
assembled from primordial gas pulled together 
by the gravity of mysterious, unseen ‘dark 
matter’ during the infancy of our Universe, 

to environmental change than older, larger 
individuals that, as the authors put it, can sur-
vive hard times better. The third is that the 
changed age structure may affect demographic 
parameters, such as the age of maturation, and 
intensify the nonlinear nature of the processes 
involved in population dynamics (for exam-
ple, through an increased population growth 
rate, or by increasing the nonlinear coupling 
of demographic parameters to environmental 
changes). Anderson and co-workers find some 
support for the former effect and strong support 
for the latter — that is, the observed increase in 
population variability seems to be caused by an 
increased nonlinearity of the underlying popu-
lation dynamics of exploited fish stocks as com-
pared with unexploited populations. 

The higher mortality experienced by older 
and bigger fish, directly caused by size-selec-
tive harvesting, can induce earlier maturation 
of fish within the stock, and can do so in two 
ways that are not mutually exclusive. One is 
‘phenotypic plasticity’, the ability of the fish 
to change its characteristics, or phenotype, in 
response to changes in its environment. This 
is a reversible response that is primarily an 
ecological effect5. The other is a potentially 
irreversible evolutionary response due to har-
vesting5–8. Many recent studies have provided 
evidence for this second effect, and show that 
the ecological–evolutionary consequences 
of harvesting can occur at a much faster rate 
than previously thought. Through the evo-
lutionary effect, for which there is growing 
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