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ABSTRACT: Substrate spawning fish are believed to be selective in their choice of spawning habitat,
yet few studies have shown the relative importance of different characteristics in terms of habitat
quality. We used an extensive and detailed dataset to identify the factors that govern both large-scale
(103 to 105 m) and local-scale (101 to 102 m) selection by a substrate-spawning fish, the Eurasian perch
Perca fluviatilis L. Distribution of spawning habitat was strongly dependent on habitat characteristics
defined by substrate, wave exposure, temperature and depth. The most important predictor was the
type of spawning substrate, which generally consisted of different types of vegetation. Substrates
providing rigidity and structural complexity were preferred, despite abundant presence of other substrate types. Shallow depth and sheltered areas were also selected habitat characteristics. The
response to temperature was scale-dependent, with a stronger selection expressed at the local scale.
The specific selectivity suggests that spawning patterns can be successfully modelled with sufficient
detail using only a few fundamental environmental variables. Wave exposure and depth are readily
available for large-scale spatial predictions, while temperature and substrate require further development in most coastal areas. The high specificity of the characteristics determining habitat quality
suggests that it should be possible to apply this modelling approach for identification and conservation of spawning habitats of Eurasian perch and other substrate-spawning fishes in coastal waters.
KEY WORDS: Habitat modelling · Nursery areas · Large-scale maps · Macrophytes · Behaviour ·
Oviposition · Generalised additive model · GAM
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INTRODUCTION
The distribution of organisms along gradients of environmental characteristics, reflecting their requirements in the habitat (Mitchell 2005), is a fundamental
part of ecology. With advancements in computer
power and statistical methodology, species distribution
modelling has rapidly increased (e.g. Guisan & Zimmerman 2000, Guisan & Thuiller 2005). Environmental
variables such as temperature, salinity, depth and vegetation have been used to predict the distribution of

various organisms, e.g. macrophytes (Lehmann 1998)
and spawning habitat for sole Solea solea (Eastwood et
al. 2001). Analysing presence/absence patterns of species may be troublesome due to abundant absence observations, i.e. zero inflation caused by patchiness and
aggregation patterns of mobile organisms, which
make it difficult to assess specific habitat requirements
and potentially result in a skewed availability of spatial
predictions of mobile species compared to less mobile
ones. However, data on less mobile life stages of mobile organisms may provide more accurate estimates of
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the relationship between distribution patterns and
environmental conditions. Hence, due to an intimate
connection between specific characteristics (defining
the spawning habitat quality) and egg deposition,
substrate-spawning fish species are hypothesised to
be well suited for predictive modelling of habitat requirements.
Substrate-spawning fish species are common in all
aquatic systems, and many of the apex species of commercial and recreational fisheries use specific substrates for spawning. As in many aquatic organisms,
distribution and abundance of early life stages of fish
are critical determinants of the population size (Houde
1989, Wahle & Steneck 1991), but the characteristics
and distribution of nursery areas, including spawning
habitats, are usually poorly known. Research aiming at
habitat mapping and identification of crucial habitat
bottlenecks, such as critical environmental conditions
constituting a spawning habitat of a species, is therefore essential for aquatic conservation (Halpern et al.
2005, Sale et al. 2005).
Our study species Eurasian perch Perca fluviatilis
and its close North American relative, yellow perch
P. flavescens, are widely distributed in fresh and
brackish waters in the northern hemisphere. Both species are substrate spawners and attach a single gelatinous egg strand to substrates such as submerged vegetation or fallen tree branches (Thorpe 1977, Treasurer
1983, Urho 1996, Smith et al. 2001). Abiotic factors
such as depth and temperature (Treasurer 1983, Gillet
& Dubois 1995, Karås 1996a) largely determine the
spawning habitat. Spawning habitats for perch and
several other warm-water fishes are often located in
shallow water and sheltered areas, and where beneficial temperature conditions prevail during the spawning period (Karås 1996a, b, Sandström et al. 2005,
Snickars et al. 2009). Thus far, attempts to model the
preference of spawning habitats based on large-scale
environmental conditions and on conditions expressed
locally, such as the variability in substrate, depth and
temperature, have not been reported. Yet, discrimination among spawning habitats occurs at local scales in
marine and fresh substrate-spawning fish, since locally
manifested habitat characteristics are important in heterogeneous waters (Huff et al. 2004, Gladstone 2007).
Further, factors such as allelopathy from toxic metabolites, life-history strategy (perennial/annual) and morphological plasticity of vegetation species influence
the distribution of many aquatic organisms (WiumAndersen et al. 1982, Kautsky 1988, Madsen et al.
2001), and may thus affect the availability of and suitability as a spawning substrate, thereby potentially
influencing the habitat choice of fish.
The aim of this study was to use an extensive but
detailed dataset to construct a statistically valid model

containing those environmental factors that influence
the selection of spawning habitat in a substratespawning fish at both large and local scales. A detailed
approach was important, since many of the negative
pressures are manifested locally, e.g. in decreased
vegetation coverage (Eriksson et al. 2004), thus affecting the distribution of substrate-spawning fish. The
results may be used in spatial predictive mapping of
large areas. Modelling spawning habitat requirements
would benefit the ongoing and increasingly needed
efforts to map habitat requirements of sensitive life
stages, and enable spatial assessments of escalating
habitat degradation. Large-scale mapping of the distribution of recruitment habitats is inevitably important
for efficient aquatic conservation in areas with strong
human influence.

MATERIALS AND METHODS
Study area. The study area was located centrally in
the Baltic Sea. The coasts of the Baltic Sea constitute
one of the largest distribution areas of perch in the
world, spanning >1000 km from south to north and
east to west. The area was chosen to be representative
of and to include as many of the general environmental variables that govern the distribution of Baltic
coastal fish species (e.g. Ådjers et al. 2006), and
spawning perch in general (Treasurer 1983, Gillet &
Dubois 1995, Karås 1996a, Smith et al. 2001). The study
area included the extensive archipelagos along the
east coast of Sweden and the archipelago of Åland
(Fig. 1). The area is non-tidal, with a near shore salinity normally ranging between 3 and 7. The maximum
summer water temperature ranges from 15 to 20°C in
open water and between 20 and 25°C in sheltered
shallow areas, and in winter the coastal waters are icecovered for around 3 mo.
Field survey. A field survey of spawning, i.e. visual
observations of egg strands, was conducted at 22 study
sites during the spawning season from April to June
2003. The sites were shallow and vegetated and were
selected from a large pool of potential sites in order to
increase the geographic distribution and generality of
the findings (Fig. 1). Sites were randomly chosen in
gradients of geomorphometry with respect to wave
exposure in order to represent typical shallow habitats.
The surface area of the sites ranged between 2 and
50 ha (mean ± SE, 12.7 ± 2.6 ha), with mean and maximum depth between 0.6 and 1.7 m and 1.5 and 3.6 m,
respectively (Table 1). The sites had soft bottoms with
vegetation mainly consisting of submerged species
such as Potamogeton spp., Chara spp. and Myriophyllum spicatum and the emergent Phragmites australis
(Table 2). The composition of vegetation was surveyed
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Fig. 1. Study sites along the Swedish and Åland coastline
(white circles). Inset shows the study area in the Baltic Sea

twice at each site, and the egg strands were surveyed
3 to 4 times during the study period, with intervals of
14 to 20 d. The fourth survey was excluded from analyses due to the low egg strand occurrence indicating
that the end of the spawning season was exceeded.
The survey of vegetation and perch egg strands was
conducted by snorkelling along parallel transect lines
(length from shore to shore: 20 to 480 m, 5 to 12 lines
site–1), drawn perpendicular to the straight length axis
that was measured from the opening to the end of each
site. The first line was placed in the water at 5 m distance from the end of the site, the second line was
placed parallel to and at 50 m distance from the first

one, the third at 100 m distance from the second one
and the following ones each at a 100 m distance from
the previous one until reaching the opening, covering
the entire site. Two additional lines were placed at 5 m
distance from the 50 m long shorelines, thereby connecting the start and end points of the first and second
line, respectively. For each egg strand encountered
within 1 m on both sides of the transect line, substrate
type on which the strand was attached and depth were
noted. In order to contrast individual habitat choice of
spawning females to availability at the site, the distribution of habitats was surveyed by placing a 50 × 50 cm
square at every 10 m of each transect line. At each
square (32 to 291 squares site–1), the percentage cover
of vegetation species (maximum 100%) was assessed
and water depth was noted (0.1 m accuracy). Temperature was measured at the start (littoral), the mid-point
(open) and the end (littoral) of each transect line 20 cm
above the sediment surface at every occasion and with
automatic recorders every second hour at 1 m depth in
the central part of each site during the study period.
Salinity was measured once in the central part of each
site during each survey. Salinity was not used in the
modelling, as preliminary measurements in both littoral and open, deeper parts of the sites showed that
the within-site variation was negligible. Since both the
response variable and the predictor variables were
monitored within the same area at a detailed scale, the
modelling was conducted using the distribution of
each individual egg strand as the response. By this
approach, the species-environment relationship
should accurately represent the realised distribution
rather than the potential distribution when used in a
predictive context (Lobo 2008).
Wave exposure. As a consequence of differences in
geomorphometry and level of isolation, the sites varied with respect to wave exposure. Since wave exposure may have a fundamental effect on the composition of vegetation (Eriksson et al. 2004), sediment type
(Isæus 2004) and hypothetically on egg strand deposition, wave exposure values (m2 s–1) were estimated for
each square with vegetation and egg strand noted
along the transect lines. For all analyses, log10 values
were used. Wave exposure was calculated using the

Table 1. Depth (m), wave exposure [log10 (m2 s–1)], temperature (°C) in open (O) and littoral (L) parts of the study sites, and
salinity. Values are mean ± SE. Prevalence (%) is calculated as the percentage of squares with egg strands out of the total
number of squares per visit at the 22 sites
Depth
April to May
Mid-May
Early June
Mean
1.4 ± 0.1

Wave exposure

Temperature (O)

Temperature (L)

Salinity

3.2 ± 0.1

9.3 ± 0.4
14.1 ± 0.3
15.8 ± 0.3
13.8 ± 0.3

10.8 ± 0.3
14.9 ± 0.2
16.7 ± 0.2
14.7 ± 0.2

4.7 ± 0.2
5.0 ± 0.1
5.1 ± 0.2
4.9 ± 0.1

Prevalence
13.2
4.7
2.0
7.7
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Table 2. Frequency of occurrence (%) of vegetation species
and corresponding Eurasian perch Perca fluviatilis L. egg
strands. The relative frequency of occurrence of egg strands
is calculated as the number of observed egg strands divided
by the sum of total number of egg strands and total number
of squares with respective vegetation species. Also shown is
the frequency of occurrence (%) of egg strands per substrate
class derived from dominating species percentage cover
Substrate class
Species

Vegetation
Egg strands
Occurence (%) Rel. occurence

Emergent angiosperms
Phragmites australis
Schoenoplectus tabernaemontani
Submerged angiosperms
Myriophyllum spicatum
Ruppia cirrhosa
Ruppia maritime
Potamogeton filiformis
Potamogeton pectinatus
Potamogeton perfoliatus
Zannichellia palustris
Ceratophyllum demersum
Callitriche hermaphroditica
Lemna trisulca
Ranunculus circinatus
Brown algae
Fucus vesiculosus
Chorda filum
Charophytes
Chara aspera
Chara baltica
Chara tomentosa
Chara canescens
Najas marina
Green and yellow-green algae
Monostroma balticum
Vaucheria spp.
Non-vegetated
Substrate class
Angiosperms
Brown algae
Charophytes
Emergent angiosperms
Green and yellow-green
algae
Non-vegetated

5.6

43.4

0.1

0

4.6
0.4
0.8
0.3
13.7
0.5
1.3
2.3
0.2
0.1
0.1

3.7
0
0
0
33.6
0
0
0
0
0
0

6.2
0.7

11.9
0

1.9
1.3
7.9
0.1
0.3

0
0
3.3
0
0

0.2
4.3
49.2

0
1.2
2.9

Cover (%)

Occurence (%)

18.3
9.2
12.6
6.3

18.8
11.9
2.4
64.0

4.5
49.2

2.5
0.5

software WaveImpact (WI), which uses grids from a
geographic information system (GIS). WI uses wind
data, the distance from which waves potentially collect wind energy before reaching a specific point
(fetch) and algorithms incorporating diffraction and
refraction to create GIS grids with a resolution of 25 m
(Isæus 2004).
Classification of vegetation. Vegetation was classified in order to assess general patterns of substrate
preference. Classification was based on % cover, and

each square was classified as 1 of the following substrate classes: emergent angiosperms, submerged
angiosperms, charophytes, brown algae or green/yellow-green algae. Squares were classified as non-vegetated if total coverage was ≤10%. Frequency of
occurrence of each recorded vegetation species, calculated as the number of squares with respective species divided by the total number of squares (including
0% cover squares), and class are listed in Table 2.
Modelling. Generalised additive models (GAMs)
describing the relationship between egg strand presence/absence and environmental variables (substrate
class, depth, wave exposure and temperature) were
built with S-PLUS 6.0 statistical software (Insightful;
Hastie & Tibshirani 1990) using the GRASP package
(Lehmann et al. 2002). We used a binomial error distribution and a logit link function in the model. A binomial model was used since the study was designed to
model spawning habitats based on environmental
variables measured at a scale of individual egg
strands, i.e. substrate choice of female perch. Logistic
models have been successfully used in habitat suitability studies (e.g. Stoner et al. 2001) and may even
perform better than abundance models (Francis et
al. 2005). Along each environmental variable, the
smoother spline function (s in Eq. 1) was given 3
degrees of freedom and model selection was based on
the Akaike information criterion (Akaike 1974). The
probability of perch egg strand occurrence was modelled with an additive function:
Egg strand occurrence = substrate + s (depth) + s (wave
exposure) + s (temperature)
(1)
Substrate was treated as a discrete factor in the
model. In addition, separate models where each predictor variable was fitted independently, using the
same settings as above, were constructed to assess
potential variable contribution alone. Model performance was assessed with regards to overall goodnessof-fit (D2) and by inspection of a receiver operating
characteristic plot (ROC) as well as a 5-fold cross-validated ROC (cvROC, Fielding & Bell 1997), which
results in a good balance between model stability and
performance (Maggini et al. 2006). ROC plots assess
the overall discriminatory ability of a model by assessing sensitivity and their equivalent values (1 – specificity) for all possible threshold values, resulting in an
overall score that can range between 0.5 and 1 (Fielding & Bell 1997, where values > 0.9 can be considered
as a very good discriminatory ability (Maggini et al.
2006). All models were additionally checked for correlated variables (collinearity) using Pearson’s r. Mean
values of water temperature and salinity were compared among sites with the non-parametric MannWhitney U-test.
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RESULTS
In total, 244 perch egg strands were registered in
the 3151 squares (2907 vegetation survey + 244 egg
strands) used in the model (7.7% prevalence). Spawning was most intense during the first visit in late Aprilearly May when 68% of the total number of egg strands
were registered with 13.2% prevalence (Table 1). Egg
strands were observed at 15 of the 22 sites. Salinity
ranged between 3.5 and 5.7 at the sites during the
study period, and there was no difference between the
sites with (mean ± SE, 4.9 ± 0.2) and without (5.1 ± 0.2)
egg strands (Mann-Whitney U: Z = –0.67, p = 0.50).

Modelling
The model had an overall goodness of fit (D2) of 0.39
with a null deviance of 1717 and residual deviance of
1048. Total and residual degrees of freedom were 3151
and 3136, respectively. Model performance based on
ROC scores indicated high model fit (ROC = 0.91) and
stability based on 5-fold cross validation (cvROC =
0.91, Fielding & Bell 1997, Maggini et al. 2006). Correlation coefficients between predictor variables in the
model were low, with the largest value between temperature and wave exposure (r = –0.31).
Overall, substrate was the most important variable for
the distribution of perch egg strands (Table 3). Substrate explained 3 to 5 times more variation than the
other variables when building separate models for each
variable. The difference in contribution within the final
model was smaller than the separate models. Substrate
was the most influential variable and represented 32%
of the total explained deviance followed by wave exposure (31%), temperature (20%) and depth (18%).
Partial response curves were used to study the relationship between spawning substrate selection and the
4 variables, as well as between categories of substrate.
The substrate with the strongest positive effect was
emergent angiosperms, mainly consisting of shoots of
Phragmites australis from the previous year (Fig. 2,
Table 2). Submerged angiosperms (11 species, dominated by Potagometon pectinatus and Myriophyllum
sp.) were also actively chosen as spawning substrate,
as was Fucus vesiculosus in the substrate class brown
algae. Chara tomentosa, the second most common
vegetation species after P. pectinatus, was underrepresented as spawning substrate (Table 2), but no avoidance was apparent in the partial responses (Fig. 2).
Similarly, the rare Vaucheria spp. had a neutral effect
in the GAM model. Non-vegetated areas with ≤10%
total vegetation cover dominated as potential substrate
in the survey, but were clearly avoided, and only 7 egg
strands were found on non-vegetated substrate.

Perch preferred sheltered sites for spawning. The
positive effect from low wave exposure levelled out
around 3 [log10 (m2 s–1)] and there was a negative effect
at estimates over 3.5 [log10 (m2 s–1)]. Wave exposure
ranged between 2.44 and 4.59 [log10 (m2 s–1)]. Values up
to 3 characterise extremely sheltered areas, and values
between 3 and 3.5 [log10 (m2 s–1)] are mainly found in
sheltered archipelago areas with a large amount of
land and islands. Small basins and semi-enclosed
larger bays in the inner and middle archipelago regions
normally range between 3.5 and 4.5 [log10 (m2 s–1)],
while the outer archipelago with only a few small
islands can reach up to 5 [log10 (m2 s–1)].
For depth, egg strand occurrence had an optimum at
0.9 m, with a negative selection of deeper and shallower
waters (Fig. 2). The deepest areas were clearly avoided,
and only 3 egg strands were observed deeper than 2.5 m.
The response to temperature showed a similar pattern as depth, i.e. a slightly skewed bell shaped envelope with a positive effect on egg strand presence between 7 and 12°C, and the lowest temperature where
egg strands were observed was 7.6°C. At higher temperatures, there was a rapid decrease in egg strand
presence. Differences in temperature regarding egg
strand presence were noted at the 2 spatial scales,
within and between sites, respectively. The mean water
temperature registered by the automatic recorders between 7 May and 20 June was marginally higher, 15.0 ±
0.4°C (mean ± SE, N = 15) at sites with egg strands,
compared to 14.1 ± 1.3°C (N = 7, Mann-Whitney U: Z =
–0.48, p > 0.05) at sites with no egg strands. Within
sites, mean water temperature above the sediment surface was higher in the littoral (14.7 ± 0.2°C) than in the
central parts of the sites (13.8 ± 0.3°C; Mann-Whitney
U: Z = –2.72, p = 0.006).

DISCUSSION
We present a widely applicable model of easily measured and commonly used abiotic factors that explain
spawning habitat selection of a common substratespawning fish. Temperature, depth (Eastwood et al.

Table 3. Model contribution of each environmental variable
expressed as the percentage of explained deviance in the
model and alone
Factor
Substrate
Depth
Wave exposure
Temperature

In model

Alone

12.3
6.9
11.9
7.8

25.5
5.1
4.8
7.5
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Fig. 2. Perca fluviatilis. Eurasian perch egg strand response for the 4 environmental variables, where a value > 0 (< 0) indicates
a positive (negative) selection. Response with respect to (A) categorical substrate classes (1: submerged angiosperms; 2: nonvegetated; 3: brown algae; 4: charophytes; 5: emergent angiosperms; 6: green and yellow-green algae). The width of the horizontal line indicates the relative sample size. Response expressed in the scale of the linear predictor (B) depth, (C) wave exposure and (D) temperature. Circles in (B–D) indicate observed presence (top) and absence (bottom) of egg strands along the
continuous predictors. Dashed line indicates ± 2 SE

2001, Huff et al. 2004), wave exposure and vegetation
composition are important factors controlling the
abundance of early life stages of many species, including perch (e.g. Karås 1996a, b, Snickars et al. 2009).
The geographical position of the study area in the central Baltic Sea further adds to the potential for extrapolating results to other coastal areas with comparable
conditions. Our results indicate that predictions using
a few fundamental environmental descriptors are also
possible in situations where habitat selection is
expressed at different scales. The study underlines the
importance of using extensive and detailed datasets
in predicting species–environment relationships in
heterogeneous environments (Jackson & Harvey 1989)
where the habitat selectivity is expressed locally (Huff
et al. 2004, Gladstone 2007). These findings contrast
with studies from homogeneous environments such as
vegetated littorals of (small) lakes, where spawning

fish may be less selective and spawn randomly under
beneficial or uniform conditions (Treasurer 1983, Urho
1996). Hence, the spawning behaviour of perch and
other substrate-spawning fish species may vary with
the heterogeneity of the environment and be more
complex than previously reported (but see Smith et al.
2001).
At the large scale, perch tended to select the warmer
sites, but there was a high variation and overlap in the
temperature between sites with and without egg
strands. Temperature is a large-scale factor that controls juvenile fish assemblages in similar environments
(Snickars et al. 2009), and it is likely that a larger number of study sites would have resulted in a clearer
large-scale difference in temperature. However, the
results suggest that temperature has a pronounced
effect at the local scale, as perch selected the warmer
littoral zone regardless of the mean temperature of the
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sites. The egg strand response curve indicated an optimum temperature similar to other studies at the same
latitudes (Thorpe 1977, Sandström et al. 1997), signifying that temperature is a direct proximal gradient that
influences spawning (Karås 1996b, Sandström et al.
1997) and embryonic development (Treasurer 1983,
Saat & Veersalu 1996). Mortality of perch larvae
increases at temperatures below 10°C (Saat & Veersalu
1996), and the behaviour of perch in the present study
suggest that the adults actively select warm water in
order to benefit survival of offspring.
The relative preference of the different spawning
substrates varied, indicating a highly selective behaviour. Selective spawning behaviour is known to occur
in fish species in heterogeneous coastal waters (e.g.
Gladstone 2007) and in lotic waters (Baxter & Hauer
2000), where the local conditions in streams may vary
at the scale of only metres. Less than half of the vegetation species were used as spawning substrate. These
had the common characteristic of being large and
structurally complex species, which likely is an important quality in supporting the attached egg strands.
This feature was most evident for the emergent Phragmites australis from the previous year that, while being
uncommon, was a preferred substrate. At latitudes
where ice and storms during winter often displace and
destroy littoral vegetation, vegetation species with a
robust structure and a thick root system that is firmly
attached to the sediment may withstand and remain in
place and overwinter, thus constituting a potential
spawning substrate in the following spawning season.
This may be an important feature of habitat quality in
many littoral aquatic systems in the northern hemisphere. Accordingly, P. australis was the dominant
species at depths < 0.5 m, while Fucus vesiculosus was
the preferred substrate in deeper waters. The lifehistory strategy of vegetation species may play a role,
since spawning starts in early spring before annual
vegetation has emerged and therefore the structural
substrate provided by perennial species may be the
available spawning habitat. Only few egg strands
were found on Chara tomentosa, although this was the
second most abundant vegetation species and possesses a structural rigidity similar to the preferred substrates. This is an indication that the substrate was less
preferred or avoided despite the suggested neutral
effect shown in the model. A potential explanation for
this is that Chara spp. have negative allelopathic
effects on the growth of many aquatic organisms
(Wium-Andersen et al. 1982). Thus, a plausible explanation could be that perch avoid vegetation that produces toxic exudates because the egg strands are in
direct contact with the substrate for a long period of
time, potentially affecting the development of the
eggs. Similarly, our results indicated that perch
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avoided the other potentially harmful substrate type,
i.e. areas that were non-vegetated. Smith et al. (2001)
demonstrated a high mortality of perch egg strands
laid on non-vegetated substrate, potentially due to less
oxygenated water, and concluded that spawning substrate selection may increase fitness due to the varying
effects of different substrates on the survival of early
life stages. The avoidance of non-vegetated areas and
potentially allelopathic substrates suggests that both
physical and chemical cues may affect the spawning
habitat selection.
Perch clearly selected shallow waters, with an optimum spawning depth between 0.5 and 1 m, which
agrees with earlier reports from lakes (Treasurer 1983).
However, there are large differences in published
spawning depths of perch from lakes, ranging from
0.2 m (Smith et al. 2001) to between 4 and 12 m (Gillet
& Dubois 1995). The large discrepancies between
studies are not surprising, since depth can be considered an indirect variable. Instead, other variables may
have more direct mechanistic effects on spawning
habitat choice. For example, yellow perch optimum
spawning depth in small lakes has been shown to be a
trade-off between temperature and negative effects of
high solar radiation on the eggs (Huff et al. 2004). This
study indicated a negative effect in extremely shallow
waters, less than 0.5 m, which could be an effect of risk
of drought, destruction from wave-breaking or solar
radiation. The negative effect of waters deeper than
2 m described in this study has also been shown for
egg densities in a lake at the same latitude (Viljanen &
Holopainen 1982), probably due to temperatures being
too low for successful perch spawning in deeper waters
(Karås 1996a) and due to a lack of preferable spawning
substrates.
There was a clear preference for low wave exposure.
Even though this study did not investigate the mechanisms by which wave exposure acts on spawning habitat distribution, it may have a negative effect by
directly harming and removing the egg strand from its
substrate or indirectly by increasing water exchange
leading to slower increase of temperature in spring,
thus delaying hatching and decreasing survival.
Another example of the interrelation among variables
that can affect the distribution of spawning habitats is
the change in composition of submerged vegetation
(Eriksson et al. 2004) and the decrease in plant height
as an effect of high wave exposure (Kautsky 1988,
Madsen et al. 2001), with potential consequences for
substrate-spawning species dependent on rigid structures for egg deposition.
Although no strong correlation was found between
the predictor variables in this study, the differences in
significance found when the models were fitted alone
or when combining variables indicate some degree of
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interrelation among the fitted predictors, and point to
some differences in their attributes. The stronger effect
of substrate when fitted alone likely reflects the unconditional attribute of the variable, i.e. that non-vegetated areas may be harmful as spawning substrate
regardless of other environmental conditions. On the
other hand, the stronger effect of wave exposure when
combining variables both reflects the length of this
gradient and the interrelationship with other gradients
that are common in heterogeneous coastal areas.
Larger-scale studies have shown how combining environmental gradients, including wave exposure,
defines different habitat types and juvenile fish communities (Snickars et al. 2009). It is likely that the lack
of strong correlations between the predictors in the
present study can be attributed to a shorter range covered by some of the studied gradients. Although the
modelled, sensitive early life stage motivates a
restricted length of some of the gradients, the largescale negative correlation found between water temperature and wave exposure (Snickars et al. 2009)
should add to the potential of using wave exposure as
a predictor when mapping habitat characteristics (e.g.
Sundblad et al. 2009).
The spawning behaviour of Eurasian perch suggests
that substrate-spawning fishes may be selective in
their choice of spawning habitat. There is a high
potential for predictive habitat modelling of this species, as well as other coastal species with similar habitat preferences, using only a few environmental variables. The most important predictors of the spawning
habitat selection were type of vegetation and wave
exposure, followed by temperature and depth. The
study thus stresses the current lack of accurate spatial
data in many coastal areas. Detailed maps of submerged vegetation and temperature with sufficient
spatial extent are currently the largest limitations for
predictive modelling of shallow waters. These variables may be mapped by remote sensing, GIS modelling techniques or by the development of suitable
proxy variables. Maps of wave exposure and depth are
readily available for high-resolution, large-scale predictions. These 2 variables together represented about
half of the variation explained in the model, suggesting
that predictive modelling of perch spawning habitat
may be performed to cover the immediate need for fish
habitat maps in e.g. marine spatial planning. It is likely
that many other substrate-spawning fishes, just like
Eurasian perch, have highly specific spawning habitat
requirements. The accelerating habitat degradation in
aquatic systems, especially in coastal areas, emphasises the need for habitat mapping and conservation
actions for fishes dependent on shallow coastal areas
for reproduction. Our study lays the groundwork for
comparative studies on the importance of common abi-

otic factors for predicting nursery habitats of perch and
other substrate-spawning species (Sundblad et al.
2009).
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