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Significance

The intentional release of 
captive-bred individuals is a 
common practice for 
conservation and natural 
resource management. However, 
we know little about its potential 
consequences for the whole 
ecological community. Here, we 
show that the intentional release 
undermines community stability 
with limited demographic benefit 
to the enhanced species. Theory 
and data agree that intentional 
release destabilizes community 
dynamics by facilitating 
competitive exclusion while 
suppressing the natural 
recruitment of the enhanced 
species. The effect size of the 
intentional release was striking in 
its magnitude, doubling temporal 
fluctuations of enhanced 
communities compared to those 
with no intentional release. Our 
findings point to major 
limitations of intentional release 
as a primary tool for 
conservation and sustainability.
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The massive release of captive-bred native species (“intentional release”) is a pervasive 
method to enhance wild populations of commercial and recreational species. However, 
such external inputs may disrupt the sensitive species interactions that allow competing 
species to coexist, potentially compromising long-term community stability. Here, we 
use theory and long-term data of stream fish communities to show that intentional 
release destabilizes community dynamics with limited demographic benefit to the 
enhanced species. Our theory predicted that intentional release intensifies interspecific 
competition, facilitating the competitive exclusion of unenhanced species that otherwise 
stably coexist. In parallel, the excessive input of captive-bred individuals suppressed the 
natural recruitment of the enhanced species via intensified within-species competition. 
Consequently, the ecological community with the intentional release is predicted to 
show reduced community density with unstable temporal dynamics. Consistent with 
this prediction, stream fish communities showed greater temporal fluctuations and 
fewer taxonomic richness in rivers with the intensive release of hatchery salmon—a 
major fishery resource worldwide. Our findings alarm that the current overreliance on 
intentional release may accelerate global biodiversity loss with undesired consequences 
for the provisioning of ecosystem services.

coexistence theory | competition | resilience | ecological modeling | fishery

Human demands for natural resources are ever-increasing, such that active interventions 
are critical to the sustainable management of fisheries, forestry, and wildlife (1). Releases 
of captive-bred native species (“intentional release”) is a form of the efforts to enhance 
wild populations of diverse taxa (1, 2). In particular, the magnitude of intentional release 
for commercial and recreational species is massive (1, 3)—large-scale programs release 
thousands to millions of plant (4), invertebrate (crustaceans, bivalves, insects) (3, 5, 6), 
and vertebrate individuals (fish, birds) (3, 7) into the wild annually. There is growing 
awareness that intentional release entails ecological risks, such as the accumulation of 
deleterious alleles and the intensified competition within the enhanced species (8–10). 
Yet, this method is still pervasive in natural resource management owing to the significant 
economic benefit (3, 11–13). For example, Kitada (3) analyzed the economic performance 
of release programs for 12 major fishery species across the globe. The gross monetary yield 
exceeded the seed-production cost in nine species, suggesting that release programs are 
economically profitable in general.

The intentional release, however, can have wider-ranging consequences than previously 
thought, as the impacts can propagate through a diversity of ecological interactions (14). 
This recognition has sparked a discussion of how the massive introduction of native species 
alters short-term ecosystem dynamics (15–17). Yet, current debates overlook the fact that 
we have rarely assessed the community-wide impact in the long term. Ecological theory 
suggests that the stable coexistence of competing species through density-dependent feed-
back underpins the emergent stability of ecological communities (18–20). Intentional 
release may disrupt the sensitive balance of species interactions because it introduces 
unnaturally high numbers of individuals into the wild (1, 3, 14). Hence, this form of 
species management may intervene in the ecological process that allows competing species 
to coexist, ultimately degrading the long-term community stability. Evidence for this 
hypothesis is lacking, however.

Here, we show that intentional release undermines long-term community stability, which 
we define as the relative size of fluctuations in total community density over time (18). Our 
theory illuminates that intentional release compromises the stabilizing mechanism emerging 
from species niche differences. The present study further demonstrates the relevance of this 
general theory to natural systems by showing its congruence with Japanese stream fish 
communities, where ~10 million hatchery masu salmon (Oncorhynchus masou masou) are 
released annually for fisheries, recreation, and conservation purposes across the nation (21). 
Once released as fry, masu salmon stay in freshwater for at least 1 y before sea migration and 
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compete for resources with other stream-dwelling species. Therefore, 
this system serves as an excellent model for studying the commu-
nity-wide impact of intentional release. Our integrative approach 
provides strong evidence for the destabilizing effect of intentional 
release on ecological communities.

Results and Discussion

Theoretical Prediction. We employed a multi-species Ricker model 
(22) to simulate community dynamics with the intentional release 
of a constituent species (species 1). Specifically, the population 
density of species i at time t + 1, Ni,t+1, is modeled as follows:

Ni,t+1=
�
Ni,t +�iRt

�

exp

⎡⎢⎢⎣
ri

⎛⎜⎜⎝
1−

�i1Rt +
∑S

j=1 �ijNj,t

Ki

⎞⎟⎟⎠

⎤⎥⎥⎦
exp

�
�i,t

�
,

 
where ri is the intrinsic growth rate, �ij the competition coefficient 
of species j on species i (�ii = 1), Ki the carrying capacity, Rt the 
number of released individuals for the enhancement of species 1, 
and �i,t the species response to stochastic environmental fluctua-
tions that follow a normal distribution Normal

(
0, �2

�

)
. The param-

eter �i controls the relative fitness of captive-bred individuals as 
follows:

�i =

{
fR (i=1)

0 (i≠1)
,

fR ( ≥ 0) is the density-independent survival of captive-bred indi-
viduals relative to wild individuals. Therefore, the model accounts 
for the fitness difference of captive-bred individuals due to genetic 
effects and/or plasticity (2, 23, 24) when considering the repro-
ductive contribution to the next generation. Without loss of gen-
erality, we assumed constant Ki (Ki = K ) and Rt (Rt = R) across 
species and time, respectively.

Prior to our full-community analysis, we analyzed a two-species 
community to understand the model behavior. The prior analysis 
revealed distinct parameter spaces predicting destabilizing, neutral, 
and stabilizing effects of intentional release on community dynam-
ics (SI Appendix, Figs. S1 and S2). In general, the intentional 
release had a neutral to destabilizing effect in a community with 
slow-growing species (ri < 1.5). Meanwhile, for higher values of 
ri (≥ 1.5), intentional release stabilized community dynamics by 
dampening limit cycles or chaos. Carrying capacity and compe-
tition also played an important role in shifting the parameter 
spaces. According to this result, we chose 32 simulation scenarios, 
differing in the intrinsic growth of an enhanced species r1, average 
competition strength �, carrying capacity K , and relative fitness 
fR (Methods). To capture variation in species traits, intrinsic growth 
rates of unenhanced species and interspecific competition coefficients 
were drawn randomly from a uniform (ri,i≠1 ∼ Unif(0.5, 2.5)) and 
an exponential distribution (�ij,i≠j ∼ Exp(1∕�)). Under each 
parameter scenario, we ran 1,500 time steps of 1,000 independent 
communities (i.e., simulation replicates). Using the last 1,000 
time steps, we obtained the following summary statistics of the 
total community density 

∑S
i Ni to examine the community-level 

response to intentional release: coefficient of variation (CV), num-
ber of species persist (defined as Ni > 0.01 for the entire simula-
tion), temporal mean (�), and temporal SD (�). We also calculated 
the temporal mean and SD for the enhanced (N1) and unenhanced 
species (

∑S
i,i≠1Ni) separately to infer underlying mechanisms.

When small carrying capacity was combined with a low to 
modest intrinsic growth rate (K =100, r1 ≤ 2.5), our model pre-
dicted a destabilizing effect of intentional release on ecological 
communities, as illustrated by increased CV with increasing num-
bers of releases (Fig. 1A). This pattern stemmed mainly from the 
reduced mean of the total community density, and both enhanced 
and unenhanced species groups were responsible (Fig. 1A). The 
enhanced species decreased because release induced the negative 
competitive effect exceeding the reproductive contribution of 
released individuals, as reported in a previous theoretical study 
(25). Meanwhile, interspecific competition reduced the unen-
hanced species, resulting in fewer persisting species (Fig. 1A). 
Combined, the total community density decreased more sharply 
than individual species groups (Fig. 1A). The SDs showed a similar 
trend, but the relationship was flatter at the community level 
(Fig. 1A). Since a CV is a ratio of an SD to a mean, the steeper 
decline of the mean community density led to the increased CV. 
These patterns were qualitatively similar across ecological contexts 
with the low carrying capacity (SI Appendix, Figs. S3–S6), but 
except for the scenario in which the enhanced species exhibits 
chaos (r1 = 3.5).

The destabilizing effect emerges because intentional release 
affects the balance of species interactions that underpins commu-
nity stability. In theory, stable coexistence requires a niche differ-
ence that is large enough to overcome the relative difference in 
intrinsic competitive ability (19). Under this condition, competing 
species can grow from small populations because dominant species 
undergo stronger intraspecific competition (19). Such coexistence 
favors stable temporal dynamics of species-rich communities (18) 
because it gives rise to “overyielding” (19, 20), i.e., total commu-
nity density of a multi-species community exceeds what would be 
expected in a single-species community (

∑S
i Ni > K ). However, 

the intentional release is externally controlled, and the number of 
releases is not subject to density-dependent regulation. Therefore, 
released individuals impose additional intra- and interspecific 
competition that interferes with the ecological process producing 
overyielding.

The intentional release had little or a stabilizing influence on 
community dynamics when carrying capacity was sufficiently large 
(K = 400; SI Appendix, Figs. S7–S10). In particular, intentional 
release increased the enhanced species with a low population 
growth rate (r1 = 0.5; SI Appendix, Fig. S7), suggesting that weak 
intraspecific competition within the enhanced species (=r1K −1) 
is needed for intentional release to be effective. The weak-compe-
tition scenario is likely in the reintroduction of extirpated species 
or long-lived endangered species. In fact, some of the best evidence 
for successful intentional release comes from conservation pro-
grams of such species (26–29). In the Sado Island (Japan), for 
example, the once-extirpated Crested Ibis Nipponia nippon showed 
exponential growth of the population since the initial reintroduc-
tion of 10 captive-bred individuals in 2008 (28). Similarly, trans-
locations of Humpback chub, a federally listed fish species in the 
United States, seem highly cost-effective in enhancing their trib-
utary populations in the Little Colorado River (29). However, the 
preponderance of unsuccessful reintroduction in conservation 
implies that the theoretical requirements for successful intentional 
release are not always met (6, 30, 31). Indeed, non-negligible 
numbers of projects seem to release captive-bred individuals into 
unsuitable habitats with compromised carrying capacities (6, 30). 
Our analysis suggests that such programs could rather impair bio-
diversity without noticeable demographic benefit to the enhanced 
species. Pre-release examination and restoration of environmental 
capacity may be key to successful release programs with minimal 
impacts on other community members.D
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Empirical Evidence. To demonstrate the relevance of our general 
theory to natural systems, we assessed the potential impacts of 
the intentional release of masu salmon (Fig. 1D) on the long-
term stability of stream fish communities in Hokkaido, Japan. 
In the protected watersheds (all separated by the ocean; Fig. 1C), 
a long-term program exists to monitor stream fish communities 
along with the official release records. The release of masu 
salmon began in the 1950s; the release numbers vary due mainly 
to logistical reasons, while several of the watersheds are not 
subject to intentional release to preserve regional populations. 
This resulted in the average annual release ranging from 0 (no 
release) to 0.24 million fish across watersheds during 1999 to 
2019. Most release occurs in spring near fish survey locations, 

after which salmon fry stays in freshwater for at least 1 y with 
other stream fishes (see SI Appendix, Fig. S16 for a co-occurrence 
matrix in our dataset). Therefore, the study system sets the stage 
for a “natural experiment” to test our theoretical predictions. We 
used the data from 1999 to 2019 at 97 sites within 31 independent 
watersheds (see Methods for selection criteria). Using hierarchical 
Bayesian models, we quantified the effect of intentional release on 
community dynamics while accounting for the potential effects 
of climates and local abiotic factors.

As predicted, stream fish communities showed greater temporal 
fluctuations (higher CV) at sites with the intensive release 
(Fig. 1B). The effect was striking in its magnitude, almost dou-
bling the CV at the highest release level. Our analysis strongly 

A B C

D

Fig. 1. Theory and empirical observations agree that intentional release destabilizes community dynamics. In A and B, panels and colors distinguish response 
variables and species groups. (A) Theoretical predictions. Dots represent individual simulation replicates, and lines are the loess curves fitted to simulated data 
with their 95% confidence (dark shade) and prediction intervals (light shade). Parameters used in this simulation are intrinsic growth rate of an enhanced species 
r
1
= 1.5 average interspecific competition � = 0.25, carrying capacity K = 100, environmental stochasticity �

�
= 0.5, and relative fitness of captive-bred individuals 

f
R
= 1. These parameter values are comparable to those estimated in the empirical Ricker model. (B) Empirical evidence. Dots represent observations at 97 sites 

within 31 watersheds. Lines and shades are the predicted values and their 95% credible intervals of the regression models, and line types correspond to the 
coefficient’s posterior probabilities. Effective release is a latent explanatory variable estimated in our hierarchical Bayesian model. See Methods for details. Full 
statistics were reported in SI Appendix, Tables S6–S8. (C) Map of sampling sites (black dots) in Hokkaido, Japan. (D) Masu salmon Oncorhynchus masou masou. 
Photo credit: Akira Terui.
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supported the positive relationship between the CV and the 
 number of “effective” releases (Fig. 2; see Methods for the Bayesian 
estimation of effective release), in which the probability of the 
regression coefficient being positive was 1.00 (SI Appendix, 
Table S6). This pattern was associated with the reduced long-term 
average of the total community density and fewer taxonomic rich-
ness (Figs. 1B and 2), and both enhanced (masu salmon) and 
unenhanced fish groups contributed to this trend (Figs. 1B and 2; 
see SI Appendix, Tables S6–S8 for full statistics). In the meantime, 
the SDs had vague relationships with the intentional release 
(Figs. 1B and 2).

To gain better insights into the driving mechanisms, we fitted 
a multi-species Ricker model to a subset of our time-series data 
(nine sites with few missing observations and no intentional 
release; Methods). The parameter estimates of this model are 
directly comparable to those used in the theoretical Ricker model. 
The estimates of interspecific competition coefficients �ij ranged 
0.07 to 0.97 with the median of 0.29 (Fig. 3), suggesting that 
competition is a likely mechanism as our theory assumes 
(see SI Appendix, Fig. S17 for all pairwise estimates). Our statistical 
inference is supported by previous studies. For example, compe-
tition between masu salmon and other salmonid species is well 
documented, and its form can be interference or exploitative 
(32–34). Diets of salmonid species are innately overlapped, and 
they interfere with each other to claim profitable foraging spots 
for drift insects (33) or cruise over a large area in search of prey 
(35). Exploitation competition between masu salmon and benthic 
fish (e.g., sculpins and stone loach in our study system) is also 
likely because subordinate masu salmon in the dominance hier-
archy consumes benthic macroinvertebrates (36) that many ben-
thic fish species prey on (37, 38). Importantly, hatchery masu 
salmon may intensify intra- and interspecific competition in the 
wild (39–41). Hatchery salmon are larger and more aggressive 
than wild individuals of a comparable life stage, increasing the 

likelihood of intense intra- and interspecific competition (23). 
Indeed, field and experimental studies confirmed that hatchery 
masu salmon competed with wild masu salmon and other stream 
fishes during their freshwater life stage (39–41).

The reduced fitness of hatchery masu salmon may also play a 
role in the observed response. Like other salmonids, masu salmon 
exhibit a life history of “partial migration”; in our study region, 
the majority of individuals migrate to the ocean and spend approx-
imately 1 y before spawning, although some males stay in fresh-
water for their entire life (42–44). It has been shown that 
ocean-migrating adults of hatchery masu salmon show lower 
return rates to the spawning river (45), and such genetic effects 
may accumulate during successive generations in captivity (8). 
Typically, masu salmon are reared in captivity for two to four 
generations. In light of the 70-y period of the extensive release 
program, it is conceivable that the “hatchery gene” has spread 
within the wild populations with measurable fitness declines. This 
effect may add to negative density dependence to influence com-
munity stability.

External control of intentional release is a theoretical premise 
for the destabilizing effect to emerge, and this is exactly how the 
release of masu salmon is operated. The hatchery program aims 
to produce and release a constant number of hatchery masu 
salmon every year, although uncontrollable factors (e.g., disease, 
budget allocation) generate some variation in the release number 
between years. Therefore, the number of releases is determined 
without accounting for the current condition of the recipient eco-
system. As such, released fish are probably “excessive” and may 
cause resource competition that would otherwise not exist.

It is noteworthy that the scale of the release program at the 
protected watersheds (annual average maximum = 0.24 million 
fish) is comparable or even smaller when compared with those for 
other fishery resources (1, 3). For example, 649.1 million fish are 
released annually to supplement the pink salmon stock at the 

SD

Mean

Taxonomic richness

CV
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Standardized release effect
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Fig. 2. Posterior distributions for the standardized regression coefficients of intentional release. Y-axis represents different response variables grouped by 
colors distinguishing species groups (whole community, enhanced species [masu salmon], and unenhanced species). Triangles indicate median estimates.D
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Prince William Sound in Alaska, where wild populations seem to 
be severely compromised due to competition with hatchery fish 
(46). Similarly, the large-scale release of black sea bream has been 
conducted in Kagoshima Bay (Japan) since 1974 (a yearly average 
of 0.64 million juveniles) with associated declines of wild stocks 
and genetic diversity (47). Although we do not know the carrying 
capacities of the recipient systems, it is clear that our results should 
not be viewed as an exceptional case. In support of this view, a 
meta-analysis revealed that only a few massive release programs 
in fisheries led to an increased abundance of the focal species (24). 
Yet, none of those studies statistically quantified the communi-
ty-level impact. Future studies addressing this knowledge gap are 
therefore desired to generalize our findings.

Two unique strengths in our dataset may have helped uncover 
the qualitative agreement between theory and empirical patterns. 
First, human activities are strictly regulated in the protected water-
sheds (SI Appendix, Fig. S14). Any form of exploitation, including 
angling, is prohibited in these areas. In addition, exclusive per-
mission from the governor of Hokkaido is required to physically 
alter in-stream and riparian habitats. Therefore, unmeasured 
human influences should have minimal influences on the observed 
relationships. As such, we were able to confine potential confound-
ing factors to natural environmental variation, which was properly 
accounted for in our statistical model (Methods). Second, the sam-
pling method in this monitoring program (a combination of cast 
net and electrofishing) is carefully chosen to capture stream fishes 
with different microhabitat preferences (e.g., water-column 
vs. bottom). Thus, our data are robust to potential sampling bias. 
Nevertheless, our results must be viewed with some caution: We 
cannot exclude the possibility of spurious correlations due to the 
inherent nature of correlative analysis and field research. Since an 
experimental approach is nearly impossible at this spatial scale, 
the application of novel causal inferences (e.g., convergent 

cross-mapping) (48–50) may be a potential alternative to confirm 
the causal relationship between intentional release and community 
dynamics. Unfortunately, these methods were not applicable to 
our data because they require a longer and non-sparse time series 
to yield robust results.

Implications. Despite the significant attention to the fate of 
captive-bred individuals (2, 24), current schemes rarely consider 
the self-regulation process of biodiversity. Our results suggest 
that ignorance of this critical process may erode the long-term 
persistence of the recipient community, likely impacting the 
stable delivery of ecosystem services (51). We anticipate that the 
detrimental community-level consequence is not rare, or even 
pervasive, because many release programs are designed to aid 
declining populations (6, 30, 31, 52). In rural Spain, two million 
individuals of reared red-legged partridge, the most important 
game bird in this area, are introduced into the wild every year to 
overcome the regional decline of this species (7). In the United 
States, a nationwide initiative exists to augment populations of 
freshwater mussels, which have rapidly disappeared over the past 
decades for enigmatic reasons (6). The exact causes behind such 
population declines are often unknown or controversial, yet it is 
reasonable to assume that those habitats are no longer suitable 
and can support limited numbers of individuals (i.e., low carrying 
capacity). As long as this important theoretical condition of 
limited carrying capacity holds true, the phenomenon observed 
in our study streams may occur broadly across taxa and ecosystems.

While socioeconomic analysis is required to provide detailed 
guidance on release programs, it is clear that habitat conservation 
should be prioritized for the sustainability of natural resources. 
Protected areas and environmental restoration are promising tools 
to conserve biodiversity, and a smart spatial design is integral to 
achieving successful conservation. For example, coordinated 

Fig. 3. Estimated competition coefficients of the multi-species Ricker model. Dots represent a given pair of taxa, and box plots show median (vertical center 
line) and quartiles (box limits) with whiskers extending up to the most extreme data points that are within ±1.5 interquartile range. The density plot on the top 
shows the overall distribution of the competition coefficient. Colors distinguish taxa. The vertical broken line denotes the overall median value.
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placement of conservation sites considering spatial biodiversity 
patterns is crucial in improving the ecological outcomes (53–56). 
Governance may also play a central role in enforcing environmen-
tal legislation, potentially determining the effectiveness of conser-
vation investment (57). These considerable potentials indicate that 
viable management options exist before blindly accepting inten-
tional release. Without a comprehensive framework that appreci-
ates the ecological integrity of natural communities, the intentional 
release will never be effective but impairs biodiversity.

Methods

Theory.
Model. We employed a multi-species Ricker model (22). In the basic formula 
without intentional release, the population density of species i  at time t + 1, 
Ni,t+1, is modeled as follows:

 [1]Ni,t+1 = Ni,texp
⎡
⎢⎢⎣
ri

⎛
⎜⎜⎝
1 −

∑S

j=1
�ijNj,t

Ki

⎞
⎟⎟⎠

⎤
⎥⎥⎦
exp

�
�i,t

�
,

where ri is the intrinsic growth rate, �ij the competition coefficient of species j  on 
i , Ki the carrying capacity, and �i,t the species response to stochastic environmental 
fluctuations that obey a normal distribution Normal

(
0, �2

�

)
. We modified this 

formula to include the effects of intentional release (species 1) on reproduction 
and competition as follows:

 

[2]

Ni,t+1 =
�
Ni,t + �iRt

�
exp

⎡
⎢⎢⎢⎣
ri

⎧
⎪⎨⎪⎩
1 −

�i1

�
N1,t + Rt

�
+
∑S

j=2
�ijNj,t

Ki

⎫
⎪⎬⎪⎭

⎤
⎥⎥⎥⎦
exp

�
�i,t

�
,

Rt is the number of released individuals, and the parameter �i controls the relative 
fitness of captive-bred individuals:

 
[3]�i =

⎧
⎪⎨⎪⎩

fR (i=1)

0 (i≠1)

,

fR( ≥ 0) is the density-independent survival of captive-bred individuals relative 
to wild individuals. Eq. 2 can be reorganized to:

 
[4]Ni,t+1=

�
Ni,t+�iRt

�
exp

⎡
⎢⎢⎣
ri

⎛
⎜⎜⎝
1−

�i1Rt+
∑S

j=1
�ijNj,t

Ki

⎞
⎟⎟⎠

⎤
⎥⎥⎦
exp

�
�i,t

�
.

In this model, intrinsic growth rates of unenhanced species ri,i≠1 and interspecific 
competition �ij are random draws from a uniform (ri,i≠1 ∼ Unif

(
0.5, rmax

)
) and an 

exponential distribution (�ij,i≠j ∼ Exp(1∕�)), respectively. We assumed constant 
values of intraspecific competition (�ii = 1), carrying capacity 

(
Ki = K

)
 and the 

number of releases 
(
Rt = R

)
.

Model Analysis. First, we analyzed a two-species community to gain insights into 
the model behavior and to guide the N-species analysis. Specifically, we examined 
the release effect with 20 parameter values of intrinsic population growth rate ri 
(0.5 to 3.5 with an equal interval) and carrying capacity K (50 to 500 with an equal 
interval), resulting in 400 parameter combinations. In a single-species Ricker model, 
the chosen range of ri can generate stable equilibrium, damped oscillations, limit 
cycle, and chaos (58). For simplicity, we assumed r1 = r2. We crossed this parame-
ter setup with environmental stochasticity (�

�
= 0, 0.5) and competition strength  

(�ij = 0.25, 0.5) and generated 1,600 simulation scenarios (400 × 2 × 2).
Under each simulation scenario, we ran 1,500 timesteps of community 

dynamics for 100 values of release level R (0 to 500 with an equal interval). We 

introduced 50 individuals of each species and allowed them to grow with no 
intentional release for the first 100 timesteps (initialization). After the initialization 
period, we released R individuals of the enhanced species every timestep over 
the next 400 timesteps to reach a new equilibrium with the intentional release 
(burn-in period). We continued the simulation run with intentional release and 
saved the last 1,000 timesteps, which were used to obtain the following summary 
statistics of the whole community 

∑S

i
Ni (S: the number of species): the CV, the 

temporal mean (�), and the SD (�). The results of the two-species system were 
reported in SI Appendix, Text.

We subsequently analyzed a whole community model with 10 species using 
important parameter combinations identified in the two-species simulation: 
intrinsic growth of enhanced species (r1 = 0.5, 1.5, 2.5, 3.5), average strength 
of interspecific competition (� = 0.25, 0.5), and carrying capacity (K = 100, 400). 
We also varied the relative fitness of captive-bred individuals (fR = 0.5, 1) as this 
is a common interest in captive-breeding programs. Meanwhile, we fixed values 
of the following parameters: the number of species (S = 10), maximum intrinsic 
growth rate of unenhanced species (rmax = 2.5), and environmental stochasticity 
(�

�
= 0.5). We used rmax = 2.5 because the intrinsic growth rate higher than this 

value was rarely observed in nature (59). This simulation setup resulted in 32 sets 
of parameter combinations.

As with the two-species model, we ran 1,500 timesteps of community dynam-
ics with 1,000 values of release level R (0 to 500 with a constant interval) for 
each simulation scenario. In this simulation, we initialized the community by 
introducing five individuals of each species and repeated this seeding with 
Poisson draws every 10 timesteps to account for possible complex dynamics of 
a 10- species community. In addition, we defined a threshold density (Ni = 0.01) 
below which species are removed from the simulation (i.e., an absorbing condi-
tion) and are recorded as “extinct.” The rest of the simulation procedure is identical 
to the two-species model. We summarized the values of simulation parameters 
in SI Appendix, Table S1.

Empirical analysis.
Data.

Time-series data. We assembled time-series fish data at 126 sites within 
32 protected watersheds of Hokkaido Island, Japan. The Hokkaido Research 
Organization leads a long-term monitoring program at these watersheds, and 
the data are published as annual reports (60). The program began in 1963, but 
an effective, standardized sampling method has been implemented since 1999; 
at all sampling sites, a combination of electrofishing and cast net (two-pass) was 
used to effectively catch both benthic and water-column species (SI Appendix, Text). 
Most data were collected in summer with irregular interannual intervals (1- to 3-y 
intervals for most cases), and sampling efforts were quantified by sampling area 
(average: 175.49 ± 115.91 m2). We confined our analysis to the sites that meet 
the following criteria: i) The observation span (from the first to the last year of 
observation) exceeds 10 y, ii) the number of observation years exceeds 5 y, and iii) 
masu salmon is observed at least twice during the observation period. As a result, 
we used time-series data at 97 sites within 31 watersheds from 1999 to 2019. 
The summed abundance of first and second passes was used in the following 
analysis. SI Appendix, Table S2 summarizes observed species in these watersheds.
Fish release. The release of masu salmon began in the 1950s. The duration of 
captivity ranged from zero (wild origin) to seven generations, and the majority 
is released at two to four generations in captivity. Although the program aims to 
release a constant number of hatchery fish for each watershed, uncontrollable 
factors (e.g., disease, budget allocation) produce some variation in the number of 
releases among years. Hatchery fish are released in spring (fry and smolt stages) 
and fall (juvenile stage). Most fish are released near the fish survey sites. However, 
the number of fish released was reported as an aggregate for each watershed, 
and the site-specific information of release is unavailable. For each release stage, 
we assembled annual records of intentional release (the number of fish released; 
1999 to 2019) from annual investigations by the Japan Fisheries Research and 
Education Agency and Salmon and Freshwater Fisheries Research Institute. During 
the study period, the majority of release took place in spring at a fry stage (fry: 
juvenile: smolt = 1: 0.09: 0.41)
Environmental data. At each sampling site, we measured the following environ-
mental variables as potential covariates: upstream watershed area (km2; a proxy 
for stream size), proportional land use in the upstream watershed (forest, urban, D

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.p

na
s.

or
g 

by
 2

16
.1

10
.2

22
.1

64
 o

n 
A

pr
il 

11
, 2

02
3 

fr
om

 I
P 

ad
dr

es
s 

21
6.

11
0.

22
2.

16
4.

http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials


PNAS  2023  Vol. 120  No. 7  e2218044120 https://doi.org/10.1073/pnas.2218044120   7 of 9

agriculture), local climates (annual mean air temperature [C ◦] and cumulative 
precipitation [mm]), and ocean productivity (sea surface chlorophyll a concentra-
tion [mg m−3]). We used MERIT Hydro (61) to delineate the upstream watershed 
polygon for each sampling site. We estimated the proportion of forest, urban, 
and agriculture in each watershed polygon based on land use data in 2015 from 
Copernicus Global Land Service (100-m resolution) (62). Climate data at each 
sampling site were extracted from CHELSA version 1.2 (63, 64). We extracted 
annual data of chlorophyll a concentration (2002 to 2019; resolution, 4.6 km2) 
from OceanColor (65) as a proxy for ocean productivity and calculated the average 
value within the 30-km radius of each river mouth. We used the following R 
packages to perform the geospatial analysis: sf (66), terra (67), exactextractr (68), 
stars (69), and whitebox (70).

Statistical Analysis.
Community dynamics comparison. Our goal is to compare temporal community 
dynamics across sites. However, the data are not comparable because of observa-
tion errors (e.g., different observers) and missing observations. To confront this 
challenge, we developed a Bayesian state-space model for two species groups 
separately: i) enhanced species, the abundance of masu salmon, and ii) unen-
hanced species, the summed abundance of all species except masu salmon. A 
Bayesian state-space model is best suited for our analysis because it can account 
for observation errors while imputing missing values given the long-term trend 
at each site (71, 72). The model is composed of observation and state models, 
as described below.

In the observation model, we model observation processes. Fish abundance 
at site s in year t  (either enhanced or unenhanced species), Ns,t, was assumed to 
follow a Poisson distribution:

 
[5]Ns,t ∼ Poisson

(
�s,tAs,t

)
,

where �s,t is the expected fish density (individual m-2) and As,t the sampling 
area (m2). Since fish sampling was conducted after the spring release of masu 
salmon, captured fish may include individuals released in the observation year. 
We explicitly modeled this observation process to avoid biases in estimating 
temporal community trends:

 

[6]�s,t =ns,texp
(
�
obs
s,t

)
+��sFryw(s),t ,

ns,t is the “true” fish density excluding fish released in the spring, Fryw(s),t the 
number of salmon fry released (unit: million fish) in spring in watershed w within 
which site s is located, and �s the site-specific effect of released salmon fry on the 
observed fish density. The parameter �s was drawn from a normal distribution with 
the hyper-mean �

�
 and hyper-variance �2

�
. The parameter �obs

s,t
 is the error term 

that follows a normal distribution Normal
(
0, �2

obs,s

)
. The inclusion of this term 

allows the model to account for site- and year-specific observation errors, which 
can be caused by ecological and/or artificial factors. When modeling the unen-
hanced species group, � equals zero (otherwise � = 1) so the model excludes 
the term �sFryw(s),t.

In the state model, we model temporal dynamics of fish density ns,t as follows:

 
[7]

lnns,t = �1,s+�2,s lnn
�
s,t−1

+�
state
s,t

lnn�
s,t−1

=

∑Q

q=1

�
�
qlnns,t−q

�
∑Q

q=1
�q

where �1,s is the site-specific constant at site s, �2,s the parameter characterizing an 
autoregressive (AR) process, and �state

s,t
 the process error that follows a normal dis-

tribution as �state
s,t

∼ Normal
(
0, �2

state,s

)
.  The parameters �1,s and �2,s were drawn 

from a multivariate normal distribution as � ∼ MVN
(
�
�
,�

�

)
, where � is the matrix 

of �1,s and �2,s. Eq. 7 is structurally equivalent to a Q -order AR model; however, we 
expressed the part of AR parameters as a geometric-series �q to reduce the number 
of parameters (our model has two AR parameters �2,s and � regardless of order Q). 
The parameter � controls how fast the density influence attenuates toward the past 
(73). In this study, we set Q = 3 given the life span of the study species (typically 
1 to 3 y). We used median estimates of fish density ns,t to calculate the temporal 

CV, mean (�), and SD (�) for each site. For a whole community, we summed the 
densities of enhanced and unenhanced species. We summarized the reconstructed 
community dynamics in SI Appendix, Figs. S11–S13.

We assessed the predictive performance of our model using the Bayesian 
P-value (74), a value of which takes a range of 0 to 1 and indicates over- (~0.00), 
under- (~1.00), or suitable-fitting (~0.50) to the data. A Bayesian P-value for 
our state-space models was 0.50, indicating that our model specification is 
appropriate.

We used linear regression to quantify the impact of the intentional release 
on community dynamics. Although our focus is intentional release, each model 
included climatic and local abiotic variables to account for important envi-
ronmental differences among sites. Specifically, we developed the following 
linear regression model taking either taxonomic richness (the number of taxa 
present during the observation period), mean, or SD as a response variable ys.

 
[8]

⎧
⎪⎨⎪⎩

ys ∼Poisson
�
�y,sexp

�
�
�,s

��
for taxonomic richness

lnys ∼MVN
�
�y,s,�y

�
for mean and SD

.

In the Poisson model for taxonomic richness, exp
(
�
�,s

)
 is the error term account-

ing for overdispersion (�
�,s ∼ Normal

(
0, �2

�

)
). In the multivariate normal model, 

ys represents a vector of mean and SD at site s, which is modeled as a random 
variable drawn from a multivariate normal distribution with the variance–covari-
ance matrix Ωy. The expected means �y,s and �y,s were related to linear predictors 
as follows:

 

[9]

⎧
⎪⎨⎪⎩

ln�y,s = �0,w(s) +�1R
�
s
+
�
k

� kxk,s for taxonomic richness

�y,s = �0,w(s) +�1R
�
s
+
�
k

� kxk,s for mean and SD

.

�0,w(s) is the watershed-specific intercept (w(s) refers to site s nested within water-
shed w) and � k

(
k = 1, 2, . . .

)
 is the k th regression coefficient [effective release of 

masu salmon R ′
s
 (k = 1) and other site-level predictors xk (k ≥ 2)]. R ′

s
 is the prod-

uct of the average yearly release at watershed w (Rw; fry + juvenile + smolt, aver-
aged for 1999 to 2019) and the site-specific weight factor �w,s′ (s� = 1, . . . , Sw + 1
, where Sw is the number of sites within watershed w):

 
[10]R �

s
=�w,s�Rwwhere

∑Sw+1

s
�w,s� =1

.

In Eq. 10, �w,s′ represents the effective proportion of total release affecting the 
community at site s′ within watershed w. The summation of �w,s′ over Sw + 1 is 
assumed to be unity because a non-negligible portion of release may escape into 
unsurveyed areas. Since the values of �w,s′ are not available in our dataset, we 
estimated them through a stochastic search while fitting the regression model to 
the data within a Bayesian framework (Model Fitting). Other site-level predictors 
include upstream watershed area (log-transformed), air temperature, precipita-
tion, forest land use, and the number of observation years. The number of obser-
vation years was included as a control factor given the potential influence on the 
estimates of temporal community variability. Urban and agricultural land use was 
omitted because of either a limited value range (SI Appendix, Fig. S14) or a strong 
correlation with forest land use (SI Appendix, Fig. S15). The watershed-specific 
intercept was related to a watershed-level predictor as follows:

 

[11]
�0,w ∼Normal

(
�
� ,w, �

2
�

)

�
� ,w = �

�
0
+
∑
k

�
�
k
x �
k,w

,

�
′
k
 is the global intercept and � ′

k
 is the regression coefficients of ocean productiv-

ity � ′
2,w

 (chlorophyll a concentration; averaged for 2002 to 2019) and SD elevation 
within an entire watershed � ′

2,w
. Ocean productivity was included because the 

majority of the observed species use marine habitats at a certain life stage (i.e., 
diadromous). SD elevation is a landscape-level variable that may dictate long-
term flow dynamics. The parameter �

�
 accounts for random variation among 

watersheds that the watershed-level predictors cannot capture.D
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Since the CV is an additive function of mean � and SD � in a log scale, we can 
derive the effects of environmental factors on the CV from Eq. 9:

 
[12]E

(
InCVs

)
= E

(
Iny (�)

s

)
−E

(
Iny(�)

s

)
.

Considering that E
(
lny(�)s

)
= �

(�)
y,s

 and E
(
lny(�)s

)
= �

(�)
y,s

,

 [13]

E
(
lnCVs

)
=
(
�
(�)

0,w(s)
−�

(�)

0,w(s)

)
+
(
�
(�)

1
−�

(�)

1

)
R �
s
+
∑
k

(
�
(�)

k
−�

(�)

k

)
xk,s .

All predictors were standardized (mean = 0, SD = 1) before the analysis.
Species interaction. We analyzed a subset of our data to estimate the strength 
of interspecific interactions among stream fishes. In this analysis, we focused 
on nine sites with > 16 y of observations and no intentional release of masu 
salmon. Further, at each site, we confined our analysis to species that occurred 
more than four times. These additional constraints were necessary to estimate 
parameters in a complex multi-species model within a state-space modeling 
framework.

We fitted the following state-space model to the data for each site separately. 
In the observation model, we modeled fish abundance Ni,t for species i  at year 
t  as follows:

 
[14]

Ni,t ∼Poisson
(
�i,tAt

)

�s,t =ni,texp
(
�
obs
i,t

) ,

where �obs
i,t

∼ Normal
(
0, �obs,i

)
. In the state model, we described a multi-species 

Ricker model for fish density ni,t:

 

[15]lnni,t = lnni,t−1+ ri−

S∑
j=1

�
�
ij
nj,t−1+�

state

i,t
.

Eq. 15 is equivalent to Eq. 1 except the scale of competition coefficients �′
ij
 

(
�
�
ij

�
�
ii

= �ij, where ��
ii
=

r
i

K
i

). We used sparse priors for �′
ij
 to reduce the risk of 

over-fitting (75):

 

[16]
�
�
ij
∼Half−normal

(
0, �2

�,ij

)

�
2

�,ij
= z

ij
c1+

(
1− z

ij

)
c0

.

In Eq. 16, the latent variable zij is drawn from a Bernoulli distribution and con-
trols the prior for �′

ij
. We used c1 = 1 and c0 = 0.01 so that �′

ij
 is freely estimated 

when zij equals one (�2
�
= 1). Otherwise, the probability density of �′

ij
 would be 

concentrated around zero (�2
�
= 0.01), effectively omitting the parameter from 

the model (75). We assigned different “inclusion” probabilities to diagonal 
(intraspecific competition) and off-diagonal elements (interspecific competition) 
as zii ∼ Bernoulli

(
pintra
�

)
 and zij,i≠j ∼ Bernoulli

(
pinter
�

)
.

We assumed that environmental noise �state
i,t

 is correlated among species by 
introducing the variance–covariance matrix �

�
. The matrix �

�
 was modeled with 

the aid of latent factors � t,d and factor loadings �d,i:

 [17]�
state

i,t
=

D∑
d=1

� t,d�d,i+ Iij� i,t ,

where D is the number of latent factors, � i,t ∼ Normal
(
0, �2

�,i

)
, and Iij is the 

identity matrix (Iii = 1 and Iij,i≠j = 0). With this formulation, the matrix �
�
 can be 

described as �
�
= �

T
� + diag

(
�
2
�,i

)
, where � is the matrix of factor loadings 

�d,i. This model structure with multiplicative gamma priors on factor loadings (76) 
has the merit of the reduced number of parameters while capturing the correlated 
nature of species responses to environmental fluctuations (77). We set D = 2 in 
our model. We reported the estimates of �ij, so the values are comparable to 
those used in the theoretical analysis.
Model fitting. We fitted the models to the data using Just Another Gibbs Sampler 
(JAGS) version 4.1.0 through runjags package version 2.2.0-2 in R (78). We 
assigned vague or weakly informative priors to parameters (SI Appendix, Table S3). 
Four Markov chain Monte Carlo (MCMC) chains were run until parameter esti-
mates converged. The total MCMC iterations ranged from 15,000 to 35,000, in 
which MCMC samples were saved every 40 steps for the calculation of posterior 
distributions after the initial 5,000 burn-in period. Convergence was assessed by 
examining whether the ̂R indicator of each parameter approached < 1.1 (79). Data 
manipulation and analysis were performed in R version 4.2.1 (80). Parameter 
estimates were summarized in SI Appendix, Tables S4–S8.

Data, Materials, and Software Availability. Data and codes are available at 
https://github.com/aterui/public-proj_fishery-stability (81).

ACKNOWLEDGMENTS. We are grateful to the people involved in the long-
term monitoring program at the protected watersheds in Hokkaido. We thank 
Shin-ichiro Matsuzaki, Genki Sahashi and Masato Yamamichi for the helpful 
discussion on this manuscript.

Author affiliations: aDepartment of Biology, University of North Carolina at Greensboro, 
Greensboro, NC 27412; bSalmon and Freshwater Fisheries Research Institute, Hokkaido 
Research Organization, Eniwa, Hokkaido 061-1433, Japan; cFaculty of Environmental Earth 
Science, Hokkaido University, Sapporo, Hokkaido 060-0810, Japan; and dNational Institute 
of Polar Research, Tachikawa, Tokyo 190-8518, Japan

1. L. Laikre, M. K. Schwartz, R. S. Waples, N. Ryman, Compromising genetic diversity in the wild: 
Unmonitored large-scale release of plants and animals. Trends Ecol. Evol. 25, 520–529 (2010).

2. N. F. R. Snyder et al., Limitations of captive breeding in endangered species recovery. Conserv. Biol. 
10, 338–348 (1996).

3. S. Kitada, Economic, ecological and genetic impacts of marine stock enhancement and sea 
ranching: A systematic review. Fish Fish. 19, 511–532 (2018).

4. L. Laikre, A. Palmé, M. Josefsson, F. Utter, N. Ryman, Release of alien populations in Sweden. AMBIO: 
A J. Hum. Environ. 35, 255–261 (2006).

5. T. C. Ings, J. Schikora, L. Chittka, Bumblebees, humble pollinators or assiduous invaders? A population 
comparison of foraging performance in Bombus terrestris. Oecologia 144, 508–516 (2005).

6. W. R. Haag, North American Freshwater Mussels: Natural History, Ecology, and Conservation 
(Cambridge University Press, 2012).

7. J. J. Negro, M. J. Torres, J. A. Godoy, RAPD analysis for detection and eradication of hybrid partridges 
(Alectoris rufa x A. graeca) in Spain. Biol. Conserv. 98, 19–24 (2001).

8. H. Araki, B. Cooper, M. S. Blouin, Genetic effects of captive breeding cause a rapid, cumulative 
fitness decline in the wild. Science 318, 100–103 (2007).

9. M. Krkosek et al., Declining wild salmon populations in relation to parasites from farm salmon. 
Science 318, 1772–1775 (2007).

10. S. Kitada, H. Kishino, Lessons learned from Japanese marine finfish stock enhancement 
programmes. Fish. Res. 80, 101–112 (2006).

11. A. Malkamäki et al., A systematic review of the socio-economic impacts of large-scale tree 
plantations, worldwide. Global Environ. Change 53, 90–103 (2018).

12. F. S. David, T. Fonseca, G. Wolff Bueno, W. C. Valenti, Economic feasibility of intensification of 
Macrobrachium Rosenbergii hatchery. Aquacult. Res. 49, 3769–3776 (2018).

13. W. Rutledge, M. Rimmer, J. Russell, R. Garrett, C. Barlow, Cost benefit of hatchery-reared 
barramundi, Lates calcarifer (Bloch), in Queensland. Aquacult. Res. 21, 443–448 (1990).

14. M. P. Carey, B. L. Sanderson, K. A. Barnas, J. D. Olden, Native invaders–challenges for science, 
management, policy, and society. Front. Ecol. Environ. 10, 373–381 (2012).

15. K. Hasegawa, T. Ohta, S. Takahashi, Are hatchery chum salmon fry a native invader? Direct and 
indirect effects of stocking salmon fry on stream organisms. Hydrobiologia 806, 111–121 (2018).

16. B. W. Nelson, A. O. Shelton, J. H. Anderson, M. J. Ford, E. J. Ward, Ecological implications of changing 
hatchery practices for Chinook salmon in the Salish Sea. Ecosphere 10, e02922 (2019).

17. J. Cucherousset, J. D. Olden, Are domesticated freshwater fish an underappreciated culprit of 
ecosystem change? Fish Fish. 21, 1253–1258 (2020).

18. D. Tilman, The ecological consequences of changes in biodiversity: A search for general principles. 
Ecology 80, 1455–1474 (1999).

19. I. T. Carroll, B. J. Cardinale, R. M. Nisbet, Niche and fitness differences relate the maintenance of 
diversity to ecosystem function. Ecology 92, 1157–1165 (2011).

20. M. Loreau, Does functional redundancy exist? Oikos 104, 606–611 (2004).
21. S. Kitada, Lessons from Japan marine stock enhancement and sea ranching programmes over 100 

years. Rev. Aquacul. 12, 1944–1969 (2020).
22. M. S. Fowler, J. Laakso, V. Kaitala, L. Ruokolainen, E. Ranta, Species dynamics alter community 

diversity–biomass stability relationships. Ecol. Lett. 15, 1387–1396 (2012).
23. E. D. Weber, K. D. Fausch, Interactions between hatchery and wild salmonids in streams: Differences 

in biology and evidence for competition. Can. J. Fish. Aquat. Sci. 60, 1018–1036 (2003).
24. H. Araki, C. Schmid, Is hatchery stocking a help or harm?: Evidence, limitations and future directions 

in ecological and genetic surveys. Aquaculture 308, S2–S11 (2010).
25. A. Satake, H. Araki, Stocking of captive-bred fish can cause long-term population decline and gene 

pool replacement: Predictions from a population dynamics model incorporating density-dependent 
mortality. Theor. Ecol. 5, 283–296 (2012).

26. T. Deguchi et al., Translocation and hand-rearing result in short-tailed albatrosses returning to breed 
in the Ogasawara Islands 80 years after extirpation. Anim. Conserv. 20, 341–349 (2017).D

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.p

na
s.

or
g 

by
 2

16
.1

10
.2

22
.1

64
 o

n 
A

pr
il 

11
, 2

02
3 

fr
om

 I
P 

ad
dr

es
s 

21
6.

11
0.

22
2.

16
4.

http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2218044120#supplementary-materials
https://github.com/aterui/public-proj_fishery-stability


PNAS  2023  Vol. 120  No. 7  e2218044120 https://doi.org/10.1073/pnas.2218044120   9 of 9

27. C. G. Jones et al., The restoration of the Mauritius Kestrel Falco Punctatus population. Ibis 137, 
S173–S180 (1995).

28. Y. Okahisa, H. Nagata, Evaluation of ongoing Crested Ibis (Nipponia nippon) reintroduction using 
an integrated population model and Bayesian population viability analysis. Ibis 164, 1104–1122 
(2022).

29. C. B. Yackulic, D. R. V. Haverbeke, M. Dzul, L. Bair, K. L. Young, Assessing the population impacts and 
cost-effectiveness of a conservation translocation. J. Appl. Ecol. 58, 1602–1612 (2021).

30. J. Fischer, D. B. Lindenmayer, An assessment of the published results of animal relocations. Biol. 
Conserv. 96, 1–11 (2000).

31. D. L. Strayer, J. Geist, W. R. Haag, J. K. Jackson, J. D. Newbold, Essay: Making the most of recent 
advances in freshwater mussel propagation and restoration. Conserv. Sci. Pract. 1, e53 (2019).

32. H. Miyasaka, S. Nakano, T. Furukawa-Tanaka, Food habit divergence between white-spotted charr 
and masu salmon in Japanese mountain streams: Circumstantial evidence for competition. 
Limnology 4, 0001–0010 (2003).

33. K. Hasegawa, T. Yamamoto, M. Murakami, K. Maekawa, Comparison of competitive ability between 
native and introduced salmonids: Evidence from pairwise contests. Ichthyol. Res. 51, 191–194 
(2004).

34. K. Morita, J.-I. Tsuboi, H. Matsuda, The impact of exotic trout on native charr in a Japanese stream. J. 
Appl. Ecol. 41, 962–972 (2004).

35. K. Hasegawa, S. Yamamoto, The effect of flow regime on the occurrence of interference and 
exploitative competition in a salmonid species, white-spotted char (Salvelinus leucomaenis). Can. J. 
Fish. Aquat. Sci. 67, 1776–1781 (2010).

36. T. Sato, K. Watanabe, Do stage-specific functional responses of consumers dampen the effects of 
subsidies on trophic cascades in streams? J. Anim. Ecol. 83, 907–915 (2014).

37. T. Natsumeda, T. Tsuruta, K. Iguchi, An evaluation of the ecological features of endangered 
freshwater fish commonly distributed in Japan. Nippon Suisan Gakkaishi 76, 169–184 (2010).

38. T. Natsumeda, T. Tsuruta, H. Takeshima, K. Iguchi, Diet and food selectivity of Japanese fluvial sculpin 
Cottus pollux (large-egg type) in the upper regions of the Chikuma River. Ichthyol. Res. 59, 354–364 
(2012).

39. K. Hasegawa, A. Nakashima, Wild masu salmon is outcompeted by hatchery masu salmon, a native 
invader, rather than brown trout, a nonnative invader. Biol. Invasions 20, 3161–3166 (2018).

40. G. Sahashi, K. Morita, T. Ohnuki, K. Ohkuma, An evaluation of the contribution of hatchery stocking 
on population density and biomass: A lesson from masu salmon juveniles within a Japanese river 
system. Fish. Manage. Ecol. 22, 371–378 (2015).

41. K. Hasegawa, S. Fukui, Pulsed supplies of small fish facilitate time-limited intraguild predation in 
salmon-stocked streams. R. Soc. Open Sci. 9, 220127 (2022).

42. K. Morita, T. Nagasawa, Latitudinal variation in the growth and maturation of masu salmon 
(Oncorhynchus masou) parr. Can. J. Fish. Aquat. Sci. 67, 955–965 (2010).

43. G. Sahashi, K. Morita, Migration costs drive convergence of threshold traits for migratory tactics. 
Proc. R. Soc. B Biol. Sci. 280, 20132539 (2013).

44. K. Morita, T. Tamate, M. Kuroki, T. Nagasawa, Temperature-dependent variation in alternative 
migratory tactics and its implications for fitness and population dynamics in a salmonid fish. J. 
Anim. Ecol. 83, 1268–1278 (2014).

45. G. Sahashi, K. Morita, Wild genes boost the survival of captive-bred individuals in the wild. Front. 
Ecol. Environ. 20, 217–221 (2022).

46. R. O. Amoroso, M. D. Tillotson, R. Hilborn, Measuring the net biological impact of fisheries 
enhancement: Pink salmon hatcheries can increase yield, but with apparent costs to wild 
populations. Can. J. Fish. Aquat. Sci. 74, 1233–1242 (2017).

47. S. Kitada et al., Rigorous monitoring of a large-scale marine stock enhancement program 
demonstrates the need for comprehensive management of fisheries and nursery habitat. Sci. Rep. 
9, 5290 (2019).

48. G. Sugihara et al., Detecting causality in complex ecosystems. Science 338, 496–500 (2012).
49. M. Ushio et al., Fluctuating interaction network and time-varying stability of a natural fish 

community. Nature 554, 360–363 (2018).
50. K. Suzuki, S. S. Matsuzaki, H. Masuya, Decomposing predictability to identify dominant causal 

drivers in complex ecosystems. Proc. Natl. Acad. Sci. U.S.A. 119, e2204405119 (2022).
51. B. J. Cardinale et al., Biodiversity loss and its impact on humanity. Nature 486, 59–67 (2012).
52. R. Hilborn, The economic performance of marine stock enhancement projects. Bull. Marine Sci. 62, 

661–674 (1998).

53. M. Akasaka, T. Kadoya, F. Ishihama, T. Fujita, R. A. Fuller, Smart protected area placement decelerates 
biodiversity loss: A representation-extinction feedback leads rare species to extinction. Conserv. Lett. 
10, 539–546 (2017).

54. A. Terui, S. Kim, C. L. Dolph, T. Kadoya, Y. Miyazaki, Emergent dual scaling of riverine biodiversity. 
Proc. Natl. Acad. Sci. U.S.A. 118, e2105574118 (2021).

55. A. A. Koning, K. M. Perales, E. Fluet-Chouinard, P. B. McIntyre, A network of grassroots reserves 
protects tropical river fish diversity. Nature 588, 631–635 (2020).

56. L. Fontoura et al., Protecting connectivity promotes successful biodiversity and fisheries 
conservation. Science 375, 336–340 (2022).

57. T. Amano et al., Successful conservation of global waterbird populations depends on effective 
governance. Nature 553, 199–202 (2018).

58. P. Sun, X. B. Yang, Dynamic behaviors of the Ricker population model under a set of randomized 
perturbations. Math. Biosci. 164, 147–159 (2000).

59. R. A. Myers, K. G. Bowen, N. J. Barrowman, Maximum reproductive rate of fish at low population 
sizes. Can. J. Fish. Aquat. Sci. 56, 2404–2419 (1999).

60. Salmon and Freshwater Fisheries Research Institute, Hokkaido Research Organization, “Annual 
report of monitoring research on salmon populations in conservation rivers” (2021).

61. D. Yamazaki et al., MERIT hydro: A high-resolution global hydrography map based on latest 
topography dataset. Water Res. Res. 55, 5053–5073 (Hokkaido Printing Planning, Sapporo, 2019).

62. M. Buchhorn, Copernicus global land service: Land cover 100m: Collection 3: Epoch 2015: Globe, 
10.5281/zenodo.3939038 (2020)

63. D. N. Karger et al., Climatologies at high resolution for the earth’s land surface areas. Sci. Data 4, 
170122 (2017).

64. D. N. Karger, Data from: Climatologies at high resolution for the earth’s land surface areas. Dryad, 
Dataset, https://doi.org/10.5061/dryad.kd1d4 (2018).

65. NASA Ocean Biology Processing Group, SeaWiFS Mission page, Greenbelt, MD. USA, 10.5067/
ORBVIEW-2/SEAWIFS/L2/OC/2018. Accessed 2 January 2022 (2019).

66. E. Pebesma, Simple features for R: Standardized support for spatial vector data. R J. 10, 439–446 
(2018).

67. R. J. Hijmans, terra: Spatial Data Analysis (R package version 1.6-17, 2022).
68. D. Baston, exactextractr: Fast Extraction from Raster Datasets Using Polygons (R package version 

0.5.0, 2020).
69. E. Pebesma, stars: Spatiotemporal Arrays, Raster and Vector Data Cubes (R package version, 0.4-3, 

2020).
70. J. B. Lindsay, Whitebox GAT: A case study in geomorphometric analysis. Comput. Geosci. 95, 75–84 

(2016).
71. J. S. Clark, O. N. Bjørnstad, Population time series: Process variability, observation errors, missing 

values, lags, and hidden states. Ecology 85, 3140–3150 (2004).
72. M. Kéry, M. Schaub, Bayesian Population Analysis Using WinBUGS: A Hierarchical Perspective 

(Academic Press, 2012).
73. S. Takagi, T. Miyashita, Time-scale dependency of host plant biomass- and trait-mediated indirect 

effects of deer herbivory on a swallowtail butterfly. J. Anim. Ecol. 84, 1657–1665 (2015).
74. M. Kéry, Introduction to WinBUGS for Ecologists: A Bayesian Approach to Regression, ANOVA, Mixed 

Models and Related Analyses (Academic Press, 2010).
75. C. M. Mutshinda, R. B. O’Hara, I. P. Woiwod, What drives community dynamics? Proc. R. Soc. B Biol. 

Sci. 276, 2923–2929 (2009).
76. D. Durante, A note on the multiplicative gamma process. Stat. Probab. Lett. 122, 198–204 (2017).
77. O. Ovaskainen et al., How are species interactions structured in species-rich communities? A new 

method for analysing time-series data. Proc. R. Soc. B: Biol. Sci. 284, 20170768 (2017).
78. M. J. Denwood, runjags: An R package providing interface utilities, model templates, parallel 

computing methods and additional distributions for MCMC models in JAGS. J. Stat. Software 71, 
1–25 (2016).

79. A. Gelman, J. Hill, Data Analysis Using Regression and Multilevel/Hierarchical Models (Cambridge 
University Press, 2007).

80. R Core Team, R: A Language and Environment for Statistical Computing (R Foundation for Statistical 
Computing, Vienna, Austria, 2021).

81. A. Terui, H. Urabe, M. Senzaki, B. Nishizawa, Data from: Intentional release of native species 
undermines ecological stability (v1.0.0), Zenodo. https://doi.org/10.5281/zenodo.7552308 
Deposited 19 January 2023.

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 2
16

.1
10

.2
22

.1
64

 o
n 

A
pr

il 
11

, 2
02

3 
fr

om
 I

P 
ad

dr
es

s 
21

6.
11

0.
22

2.
16

4.

http://doi.org/10.5281/zenodo.3939038
https://doi.org/10.5061/dryad.kd1d4
http://doi.org/10.5067/ORBVIEW-2/SEAWIFS/L2/OC/2018
http://doi.org/10.5067/ORBVIEW-2/SEAWIFS/L2/OC/2018
https://doi.org/10.5281/zenodo.7552308

	Intentional release of native species undermines ecological stability
	Significance
	Results and Discussion
	Theoretical Prediction.
	Empirical Evidence.
	Implications.

	Methods
	Theory.
	Model.

	Model Analysis.
	Empirical analysis.
	Data.
	Time-series data.
	Fish release.
	Environmental data.


	Statistical Analysis.
	Community dynamics comparison.
	Species interaction.
	Model fitting.


	Data, Materials, and Software Availability
	ACKNOWLEDGMENTS
	Supporting Information
	Anchor 29



