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A B S T R A C T

Habitat suitability curves (HSC) synthesize the preference of a species for important habitat variables and are,
therefore, key components of various fish habitat models. However, HSC are developed at large scales (e.g. river
or regional scales) that do not consider the differences that exist in available habitat conditions at smaller scales.
To address this problem, a new look at HSC is taken through functional data analysis (FDA). It is an appropriate
framework adapted for HSC construction because in FDA, each observation is a curve or a function. To illustrate
the potential of FDA for HSC, a dataset of Atlantic salmon (Salmo salar) parr density and habitat variables con-
structed on two rivers was used. Functional regression models (FRM) were built to predict site-specific HSC
based on the available habitat conditions for three salmon parr habitat variables: water depth, mean flow veloc-
ity and median substrate size. FRM explained a greater proportion of the variation in site-specific HSC (respec-
tively 38.0%, 53.3% and 45.5% for depth, substrate size and velocity) compared to traditional HSC developed at
the scale of each river or regionally that poorly fitted site-specific HSC. When HSC were aggregated into habitat
suitability indices (HSI), weak relationships were found between HSI and parr density (R2 < 5%) for all models
(traditional HSC and FRM). This study demonstrates that FDA is an innovative framework that can be used to
predict more representative site-specific HSC adapted to differences in local available habitat. The results sug-
gested that its potential should be further exploited in habitat modelling.

1. Introduction

Habitat suitability curves (HSC) are used to model habitat prefer-
ences of a given species (DeGraaf and Bain, 1986; Morantz et al., 1987;
Heggenes, 1996). HSC are then used as a key component of habitat sim-
ulation models (Bovee, 1982; Leclerc et al., 1995). In river ecology, for
example, HSC are combined with outputs from a hydraulic model in
tools such as PHABSIM (Bovee, 1982; Bovee et al., 1998), HABSIM
(Parasiewicz, 2001) or CASiMiR (Jorde et al., 2001). Habitat models are
frequently used in river management, allowing for the estimation of the
potential fish production of a river, to predict the effect of changes in
flow regime on fish habitat or to simulate stream restoration measures
(e.g. Leclerc et al., 2003; Tharme, 2003; Annear et al., 2004; Poff and
Zimmerman, 2010; Mocq et al., 2013). Hence, HSC remain key compo-
nents of habitat models (Ahmadi-Nedushan et al., 2006; Yi et al., 2017).

HSC are built using physical and biological measurements from ei-
ther a single river, hereafter referred to as river-specific HSC (Leclerc et
al., 1996; Guay et al., 2000), or by combining data originating from
multiple rivers, hereafter referred to as regional HSC (Lamouroux et al.,

1999; Mäki-Petäys et al., 2002; Hedger et al., 2004). While best prac-
tices for habitat modelling recommend the use of river-specific HSC,
such HSC are not always available due to their costly and time-
consuming development. Practitioners therefore often use HSC from
other rivers or curves that were built using data and knowledge gath-
ered at a regional scale. According to the literature, river-specific HSC
have shown poor transferability to other rivers (Groshens and Orth,
1993; Leftwich et al., 1997; Guay et al., 2003; Strakosh et al., 2003; Moir
et al., 2005), except for a few situations (Freeman et al., 1997;
Lamouroux et al., 1999; Mäki-Petäys et al., 2002). In some studies,
river-specific HSC even had weak predictive power for different reaches
of the same river on which they were developed (Scott and Shirvell,
1987; Bourgeois et al., 1996; Guay et al., 2000). In general, regional
HSC increase the transferability between rivers but lead to relatively
low predictive power (Hedger et al., 2004). Given the poor performance
and transferability of river or regional HSC, some studies have proposed
the development of HSC from experts’ knowledge rather than physical
and biological measurements (Jorde et al., 2001; Ahmadi-Nedushan et
al., 2008; Mocq et al., 2013; Beaupré et al., 2020). Expert models have
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shown good potential for model improvement when applied to new
rivers (e.g. Mocq et al., 2013). However, these models were mostly ap-
plied on only one or few rivers, which limits the conclusions that can be
drawn in terms of performance and transferability.

HSC are most often developed from averaging habitat conditions
across many sites in a stream (e.g. Guay et al., 2000; Hedger et al., 2004)
or from experts’ knowledge of “general” habitat preferences (e.g. Jorde
et al., 2001; Mocq et al., 2013). Consequently, these models are not de-
signed to account for site-specific differences that exist in available
habitat that can cause local divergence in habitat selection (Rosenfeld
et al., 2011). When a stream or a reach has more of less suitable habitat
because of the geomorphic conditions and/or fragmented habitat, fish
may be forced to occupy suboptimal habitat at higher frequencies. This
will result in a shift of the locally calibrated HSC toward a different op-
timum than those established in streams with a wider range of suitable
habitat conditions, leading to a poor fit of HSC when transferred among
sites or streams that differ in available habitat. Not considering local
differences in available habitat may thus explain the low predictive
power (e.g. Guay et al., 2000; Hedger et al., 2004) and relatively low
transferability (e.g. Leftwich et al., 1997; Guay et al., 2003) of tradi-
tional habitat models. To our knowledge, all HSC that were considered
in the literature have ignored these local differences in available habitat
conditions. One justification for this oversight may be linked to the fact
that systematically adapting models to various scenarios of available
habitat conditions could become difficult, if not impossible, to apply in
an operational context (i.e. in habitat model implementations).

Fortunately, recent developments in some statistical methods and
their implementation in modern software (e.g. Ramsay and Silverman,
2005) open the possibility of producing site-specific HSC that naturally
account for differences that exist in habitat conditions at smaller scales
without complicating subsequent analyses. The actual definition of an
HSC (i.e. a curve) makes it conducive to the development of a new ap-
proach using the functional data analysis (FDA) framework (Ramsay,
1982). FDA allows observations to be treated as curves or functions
rather than scalar or vector observations in traditional contexts
(Ramsay and Silverman, 2005). FDA has become very popular in recent
years, both in hydrology (e.g. Chebana et al., 2012; Masselot et al.,
2016; Ternynck et al., 2016; Larabi et al., 2017; Boudreault et al., 2019)
and ecology (e.g. Ainsworth et al., 2011; Embling et al., 2012; Stewart-
Koster et al., 2014; Yen et al., 2015; Di Battista et al., 2016; Boudreault
et al., 2021), enabling several types of novel analyses such as functional
clustering (Jacques and Preda, 2014), functional analysis of variance
(Górecki and Smaga, 2019) and functional regression (Morris, 2015).

Functional regression models (FRM) appear to be the most appropri-
ate tool in our context by allowing to model a response variable curve
(like an HSC) from inputs that are either scalar values (scalar-on-
function models), curves (function-on-function models), or both
(Morris, 2015). FRM can thus capture the variation in HSC between
reaches by creating a function that modifies the shape of the HSC (the
response in FRM) based on reach-specific predictors (e.g. depth, veloc-
ity) related to intersite variation in available habitat. This makes FRM
ideally suited for modelling HSC based on available habitat conditions.

Furthermore, function-on-function FRM allows the predictor vari-
able to also be included in the model as a curve. Hence, it becomes pos-
sible to create a model that links the HSC (response curve) to the local
distribution of available habitat conditions (predictor curve). By design,
this FRM accounts for local differences that exist in available habitat
conditions compared to traditional HSC construction that aggregates
habitat conditions and preferences across all sampled sites. Indeed, tra-
ditional model fitting generate a single average curve to predict HSC us-
ing data integrated across multiple sites that most likely differ in avail-
able habitats and their use. On the other hand, FRM can fit individual
curves to each site, allowing for local prediction of HSC that function-
ally accounts for differences in available habitat, thus addressing an im-
portant challenge in fish habitat modelling. The benefits associated

with site-specific HSC could lead to better performance at both river
and regional scales (i.e. increased performance and transferability) and
less field work required to develop locally adapted HSC based on avail-
able habitat.

In this study, we apply functional regression to build predictive
models for site-specific HSC using juvenile Atlantic salmon (Salmo
salar) as an example. To test and compare the proposed approach, tradi-
tional HSC are also developed at river and regional scales.

2. Material and methods

2.1. Data collection

Data on juvenile Atlantic salmon (Salmo salar) were collected during
the summer of 2017 on two rivers located in the province of Quebec,
Canada (Figure 1). The first river is the Sainte-Marguerite River, which
flows into the Saguenay River, a tributary of the St-Lawrence River. The
Sainte-Marguerite River consists of two main branches (Main and
Northeast) of similar sub-basins sizes and a total watershed of 2118
km2. Discharge was only recorded on the Northeast Branch (48°16′5" N,
69°54′33"W), ∼1 km from the Main Branch confluence with the North-
east Branch and ∼3 km from the Sainte-Marguerite's mouth, with a
mean annual value of 30.1 m3/s (based on records from 1999 to 2019).
All measurements in this study were made on the Main Branch. The sec-
ond river is the Petite-Cascapedia River. It flows into the Baie des
Chaleurs in the Gaspésie region. At its gauging station (48°13′56" N,
65°43′59 W), located ∼11 km upstream of its mouth, it has a drainage
basin area of 1340 km2 and a mean annual discharge of 30.6 m3/s
(based on records from 1982-2004 and 2012-2020). For each river, sev-
eral small reaches (hereafter referred to as sites) were surveyed with bi-
ological and physical measurements as described in section 2.1 of
Boudreault et al. (2021) for the Sainte-Marguerite River and section
2.4.2 of Beaupré et al. (2020) for the Sainte-Marguerite and Petite-
Cascapedia rivers. Each site consisted of 30 habitat patches of 4 m2

equally distributed along 5 transects i.e. six patches per transect (Figure
1). Studied sites were ∼75 m long and had the same width as the river.
All sites were at least 500 m apart along the river to ensure indepen-
dence. Sites were semi-systematically selected to cover a wide diversity
of habitat conditions such as pools, riffles, glides, etc. Habitat patches
were fished using a Smith-Root LR24 electrofisher with a single-pass
open net technique (Beaupré et al., 2020; Boudreault et al., 2021). All
fish caught were identified to species (except for cyprinids), but only ju-
venile salmon were measured at fork length and then classified as fry
(0+) or parr (1+, 2+) prior to release. On the Sainte-Marguerite
River, juvenile salmon 30–54 mm-long were classified as 0+, 55–87
mm-long as 1+ and 88–125 mm-long as 2+ (Figure 2a). On the Petite-
Cascapedia River, fish 42–62 mm-long were classified as 0+, 63–92
mm-long as 1+ and 93–132 mm-long as 2+ (Figure 2b). For all
patches, physical measurements such as water depth, mean flow veloc-
ity and median substrate size (D50) were measured after electrofishing.

To ensure that enough fish were observed to build site-specific HSC,
only sites with at least four observed juvenile salmon were kept for the
analysis. This criterion was chosen as a trade-off between 1) having as
many sites as possible and 2) having enough observations at each site to
build credible site-specific HSC. This criterion has led us to combine
data for parr of ages 1+ and 2+ (hereafter referred to as parr). Indeed,
parr was the juvenile Atlantic salmon life stage having the highest num-
ber of sites fulfilling our criterion with n = 36 sites compared to fry
(n = 30), 1+ parr (n = 28) and 2+ parr (n = 8). Hence, this study
solely focused on parr and considered 1+ and 2+ parr together, as
done in recent literature (e.g. Mocq et al., 2018; Beaupré et al., 2020).

To develop the models presented in the following sections, the three
most important and commonly studied habitat variables for juvenile At-
lantic salmon habitat were considered: depth, D50 and velocity (e.g.
Guay et al., 2000; Hedger et al., 2004; Mocq et al., 2013). These mea-
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Fig. 1. Location of the studied rivers and the sampling design at each site.

sured physical habitat variables were then categorized into two classes:
available and selected. The first class (available) corresponded to all
physical measurements, regardless of parr presence or absence. The sec-
ond class (selected) corresponded only to the physical measurements at
patches where parr were observed. Summary statistics of physical and
biological measurements collected on the two rivers are reported in
Table 1.

2.2. Traditional habitat suitability curves (HSC)

HSC are defined in different ways in the literature, ranging from ex-
perts’ knowledge (category I), frequency of habitat use (category II)
and preference (category III) (Bovee et al., 1998). Preference HSC are
favored against frequency of use HSC because they are corrected for
available habitat characteristics (Manly et al., 2007). Various methods
exist to derive preference HSC such as forage ratio (Bovee et al., 1998),
Jacobs index (Jacobs, 1974) and Ivlev electivity index (Ivlev, 1961).
Forage ratio is the most popular and familiar index of preference ac-
cording to Bovee et al. (1998) and Jowett et al. (2008). It is calculated
by dividing the frequency of selected habitat by the frequency of avail-
able habitat variable in each class of a variable and by normalising the
result to a maximum value of 1 that represents the most preferred habi-
tat condition (Manly et al., 2007). Forage ratios were used in this study
(hereafter referred to simply as HSC).

Frequencies of selected and available habitat were estimated by ker-
nel density estimates (KDE) (Hayes and Jowett, 1994; Jowett et al.,
2008). A KDE is defined as follows (Tukey, 1977):

(1)

where f(s) is the estimated KDE, s1, …, sn are univariate independent
and identically distributed random variables with unknown probability
density function, n is the number of observations, K is the kernel (often
the standard normal density function) and h is called the bandwidth

and is a parameter that can be adjusted for smoothness (Rudemo,
1982). Before adjusting KDE, habitat variables were right-censored to
99% percentile of their whole distribution to avoid right wavy tails in
the KDE estimates, where only very few observations were made. For
consistency of the KDE with the observed empirical distributions, KDE
were plotted along with the histograms to validate the choice of the
bandwidth parameter as done in Boudreault et al. (2021). A unique
bandwidth value was chosen for each habitat variable. HSC were com-
puted by dividing the frequency of selected habitat by the frequency of
available habitat and then scaled to a maximum value of 1 as explained
above (Hayes and Jowett, 1994).

For each of the considered habitat variable (depth, D50 and veloc-
ity), three HSC were developed based on measurements from 1) the
Sainte-Marguerite River (HSC-SM), 2) the Petite-Cascapedia River
(HSC-PC) and 3) both rivers (HSC-REG). The objective behind develop-
ing HSC at various scales (i.e. river and regional) was to correctly assess
performance of traditional HSC and their transferability to other rivers
compared to the new introduced method described below.

Finally, once univariate HSC are built, they can be combined into a
unique multivariate habitat suitability index (HSI) using multiplication
(e.g. Vadas and Orth, 2001), arithmetic or geometric means (e.g. Gard,
2014) or other more sophisticated ways such as regression (e.g. Guay et
al., 2000). HSI were computed for each patch using the standard
method of multiplication to further validate our results.

2.3. Functional data analysis (FDA) and functional regression models
(FRM)

In FDA, curves or functions represent the response variable to be
modelled and/or the predictor variable(s) and need to be constructed
from the observed discrete data. A usual initial step in FDA is to fit a
known function (e.g. a linear combination of basis functions) to the ob-
servations (Ramsay and Silverman, 2005):

3
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Fig. 2. Fork lengths distribution of juvenile Atlantic salmon.

Table 1
Overview of the studied rivers and sites.
River Survey period Number of sites Mean physical measurements Biological measurements

Available Selected

Depth (cm) D50 (mm) Velocity (m/s) Depth (cm) D50 (mm) Velocity (m/s) Mean # of parr per site Total # of parr

Sainte-Marguerite
River

06/07/2017
to
16/08/2017

17 40
(±16)

95
(±43)

0.36
(±0.23)

40
(±17)

96
(±38)

0.31
(±0.19)

26.6
(±14.5)

453

Petite-Cascapedia
River

31/08/2017
to
17/09/2017

19 38
(±19)

54
(±16)

0.47
(±0.32)

38
(±18)

57
(±14)

0.39
(±0.27)

22.7
(±13.1)

432

Combined - 36 39
(±18)

73
(±38)

0.42
(±0.28)

39
(±18)

77
(±33)

0.35
(±0.23)

24.6
(±13.7)

885

(2)

where f(.) is a continuous function, ϕm(.) are the known basis func-
tions, cm are the coefficients to be estimated, M is the number of basis
functions and Ω is the domain over which f(.) is constructed. Equation
(2) is the traditional way to estimate a functional observation from dis-
crete observations. However, new approaches for fitting FRM can now
directly use the observed points on the continuous function without the
need to first estimate the underlying continuous function (Brockhaus et
al., 2015). Hence, this prior step was not performed.

For the current application of FRM, there were two curves to be es-
timated for each site i: the response curve Yi(.), which represents the

local HSC at site i, and the predictor curve Xi(.), which represents the
local available habitat. A natural choice for Xi(.) was to consider the
KDE of the available habitat conditions for the same variable used to
build the HSC. For example, the KDE of available depths was used as a
predictor to model the HSC for depth. The logic here is that depths
chosen by fish – and, therefore, the empirical HSC for depth – are in-
fluenced by the depths that are available, which becomes the predic-
tor function. The same applies for the velocity and D50 models.

Function-on-function FRM were used (Morris, 2015). The simplest
model of this class is called the concurrent model (e.g. Goldsmith and
Schwartz, 2017). It is the equivalent of the linear model but with both
response and predictor functional variables:

(3)
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where Yi(.) and Xi(.) represent respectively the HSC and the KDE of
available habitat conditions for a given habitat variable for the studied
site i = 1, 2, …, 36, Ω is the domain over which Y(.) and X(.) are ob-
served and εi(.) is the error term. In this model, the intercept α(.) and
the regression coefficient β(.) are also functions. Their definition is the
same as f(.) in Eq. (2), a linear combination of known basis functions
and coefficients to be estimated. Model (3) only allows the predictor Xi
(.) at point s or at a fixed lag s – l to be used to predict Yi(.) at s (Ramsay
and Silverman, 2005). In order to take into account the complete infor-
mation on the available habitat conditions, all the values of the predic-
tor curves need to be used to predict Y(.) at s. Hence, the fully func-
tional linear model is introduced:

(4)

where β(r, s) is now a surface that represents the effect of Xi(.) at any
point r on Yi and Ω1 and Ω2 are respectively the domains of Yi(.) and Xi
(.) (in our case Ω1 = Ω2). In model (4), all the values of Xi(.) are now
being used to model the value of Yi(.) at s, which is more adapted to our
current study than model (3). One can note that model (3) is a special
case of model (4), where β(r,s) only takes values on the diagonal s = r.
Hence, only model (4) was considered in this study (hereafter referred
to simply as FRM).

All analyses were conducted in R (R Core Team, 2021). To calibrate
FRM defined in (4), the FDboost package was used (Brockhaus et al.,
2017b). The parameters of the regression coefficients were estimated
with a component-wise gradient boosting algorithm and the minimized
loss function was the mean square error (Bühlmann and Hothorn, 2007;
Brockhaus et al., 2017a):

(5)

Optimal parameters of the model were found with a method called
early stopping (Brockhaus et al., 2017a). Briefly, the iterative proce-
dure was stopped when the mean square error calculated with cross-
validation stops decreasing and begins to increase. Early stopping
avoids overfitting the model and leads to more regularized coeffi-
cients (Brockhaus et al., 2017c). To assess the uncertainty of the esti-
mated effects, standard error of the intercept and the regression coef-
ficients surface were computed using bootstrapping (with 1000 repli-
cations) as done in Masselot et al. (2018).

It can be seen that traditional HSC described in section 2.2 can be
defined as a very simple FRM (such as equation 3) with no predictor
and only an intercept function α(.). This similarity demonstrates that
the FDA framework is well suited for HSC construction and that perfor-
mance metrics described in the next section can be calculated for both
FRM and traditional HSC.

2.4. Performance criteria

To assess the performance of the models to predict site-specific HSC,
two functional equivalents of the traditional R2 were calculated
(Ramsay and Silverman, 2005). The first one, denoted fR2, measures the
percentage of variation in the data explained by the model, adapted for
functional observations. fR2 is calculated as follows:

(6)

where and are respectively the observed and predicted re-
sponse curve, is the mean observation, Ω is the domain over which Y
(.) is observed and n is the number of functional observations. In addi-

tion to the fR2, an alternate version was also calculated (altfR2). In case
studies working with functional data, it is of interest to know how the
model performs compared to a model containing only a functional inter-
cept α(.). In our case, the model with the functional intercept only is the
average HSC that does not account for variation among sites as ex-
plained above. altfR2 was computed as follows:

(7)

where the mean observation in the denominator of equation (6) is
replaced the mean functional observation . Note
that in the functional context, both fR2 and altfR2 can take on negative
values if the fit is worse with compared to and , respectively
(Ramsay and Silverman, 2005).

The two above criteria were also calculated with cross validation.
Given that the number of studied sites was small (n = 36 functional ob-
servations), a leave-one-out cross-validation procedure was performed
(Quenouille, 1949). Basically, one site was removed from the dataset
prior to fitting the model. Then, the resulting model was used to predict
the HSC at the removed site. This procedure was repeated for all sites.
To calculate performance measures with leave-one-out cross validation,

was replaced by in Eqs. (6) and (7) where is the
predicted HSC for site i, when this site was removed from the dataset
prior to fitting the model.

Apart from cross-validation, all performance metrics were calcu-
lated separately for the sites studied on the Sainte-Marguerite River, the
Petite-Cascapedia River and both simultaneously. These additional re-
sults were helpful to check the adequacy of the models on the same
river as they were calibrated, but also on the river on which they were
not developed. This refers to the concept of transferability as discussed
in the introduction of the paper. As a final validation of the developed
HSC, HSI values were regressed against the observed fish density (e.g.
Guay et al., 2000; 2003; Beaupré et al., 2020). R2 values were reported
as a measure of the ability of HSI to explain fish density.

3. Results

3.1. Traditional habitat suitability curves (HSC) results

Traditional habitat suitability curves are reproduced in Fig. 3. On
the Sainte-Marguerite and Petite-Cascapedia rivers, two preferred
depths ranges were noted (Fig. 3, left panels): 20 – 25 cm and 55 – 65
cm. Shallow waters (< 15 cm) were mostly avoided by parr. These re-
sults were consistent across rivers. Preferred D50 values ranged from 60
mm to 130 mm on the Sainte-Marguerite River (Fig. 3, top-center). On
the Petite-Cascapedia River, the available substrate sizes were smaller
than on the Sainte-Marguerite River. However, the HSC of the Petite-
Cascapedia River also showed that parr appeared to prefer larger (80 –
110 mm) substrate sizes (Fig. 3, middle-center). After combining mea-
surements from the Sainte-Marguerite and Petite-Cascapedia rivers for
the regional model, the 60 – 130 mm range remained the most pre-
ferred D50 values among the two rivers (Fig. 3, bottom-center). Parr
mostly avoided smaller substrates (< 50 mm). For velocity, preferred
values were between 0.25 and 0.35 m/s (Fig. 3, right panels) on both
rivers. Velocities greater than 1 m/s were less available and did not
seem to be preferred by parr.

3.2. Functional regression models (FRM) results

Resulting HSC and KDE for three sites (two on Petite-Cascapedia
River and one on Sainte-Marguerite River) along with histograms of
available and selected habitat characteristics are reproduced in Fig. 4.
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Fig. 3. Traditional habitat suitability curves (HSC) for depth, median substrate size (D50) and velocity developed on the a) Sainte-Marguerite River (HSC-SM), b) the
Petite-Cascapedia River (HSC-PM) and c) on both rivers (HSC-REG). The light blue color represents the available habitat, the dark blue color represents the selected
habitat, and the dotted black line represents the HSC.

An illustration of all HSC and KDE is available in supplementary mater-
ial. KDE of available habitat and HSC were used as direct inputs for
FRM described in this section.

FRM for the three habitat variables are reproduced in Fig. 5 for the
intercept (left panels), the regression coefficients surface (center pan-
els) and its standard error (right panels). To correctly read and interpret
the FRM regression surfaces and their standard errors, some explana-
tions must first be given. The x-axis corresponds to the values of the
available habitat variable, while the y-axis corresponds to the values of
the HSC. The regression coefficient surface shows the relationship be-
tween an increase or a decrease in the availability of the habitat vari-
able (x-axis) and the HSC for values on the y-axis. A red region indicates
a positive relation between availability and HSC: an increase (decrease)
in habitat variable availability is correlated to an increase (decrease) in
the HSC. On the other hand, a blue region indicates a negative relation.
The conditional tense is used through the results as these relations are
correlation rather than causation.

3.2.1. FRM for depth
As for traditional HSC, FRM for depth also showed that two ranges

of depths were preferred by parr (25 – 35 mm and 50 – 60 mm) and that
both shallowest (< 10 cm) and deepest (> 70 cm) waters were
avoided, as illustrated by the intercept function (Fig. 5, top-left). The
red region at the bottom-left of the surface indicates that increasing
availability of shallow water depths (0 – 15 cm) may be linked to an in-
creased HSC for slightly higher values of depths (0 – 25 cm) (Fig. 5, top-

center). Also, available depths in the range 60 – 80 cm seemed to favor
higher values of HSC for depths in the range 40 – 80 mm, while reduc-
ing the HSC for shallower depths (0 – 20 cm). The standard error of the
surface was relatively low (Fig. 5, top-right).

3.2.2. FRM for median substrate size (D50)
According to the intercept function, the range of preferred D50 val-

ues for parr was from 50 mm to 70 mm (Fig. 5, middle-left). Parr
seemed to avoid low (< 25 mm) and high (> 175 mm) values of D50.
The regression coefficients surface showed that availability of substrate
ranging from 100 mm to 200 mm tended to increase the HSC for such
values and decrease the HSC for smaller substrate sizes (< 100 mm,
blue region on the surface) (Fig. 5, middle-center). A smaller effect was
the increased availability of small substrates (10 – 60 mm) that tended
to reduce the HSC for higher values (70 mm to 150 mm). The standard
error of the surface was greater for high values of available substrate
sizes (i.e. > 170 mm) (Fig. 5, middle-right).

3.2.3. FRM for velocity
Velocities from 0.20 m/s to 0.40 m/s were preferred by parr as

shown by the intercept function (Fig. 5, bottom-left). Faster currents
(> 1 m/s) were mostly avoided. The regression coefficient surface in-
dicated that increasing the availability of high velocities (> 1 m/s)
may increase the HSC for slightly smaller values of velocities in the
range of 0.40 m/s to 1 m/s as illustrated by the red region (Fig. 5, bot-
tom-center). The regression coefficient surface was close to 0 else-
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Fig. 4. Habitat suitability curve (HSC) and kernel density estimates (KDE) at three studied sites for a) depth, b) median substrate size (D50) and c) velocity.
The light blue color represents the available habitat, the dark blue color represents the selected habitat, and the dotted black line represents the HSC.

where. For very high values of velocities (> 1.25 m/s), the regression
coefficient surface had a higher standard error (Fig. 5, bottom-right).

3.3. Performance metrics and comparison

3.3.1. Site-specific habitat suitability curves (HSC) performance
The performance of site-specific HSC modelling expressed by fR2

values are reported in Table 2. The performance on the Sainte-
Marguerite River was the highest with the FRM for all three habitat
variables (fR2 of 0.480, 0.543 and 0.511 respectively for depth, D50
and velocity). For all traditional HSC (HSC-SM, HSC-PC and HSC-REG),
these models performed poorly to explain variation in site-specific HSC
with negative values of fR2. These results suggest that traditional river
or regional HSC are not adapted for local differences in site-specific
HSC. On the Petite-Cascapedia River, the same conclusions apply: FRM
explained a large proportion of the variability for all three site-specific
HSC (fR2 of 0.278, 0.499 and 0.404 for depth, D50 and velocity), while
all traditional HSC performed poorly. Among traditional HSC applied to
the Petite-Cascapedia River, the HSC developed on the Petite-
Cascapedia River (HSC-PC) performed better than the others for depth
and D50, while the HSC developed regionally (HSC-REG) performed
better for velocity. However, all fR2 values were negative for traditional
HSC, so HSC developed at the river or regional scale did not fit well site-
specific HSC on the Petite-Cascapedia River. When all sites from the
two rivers were considered, the FRM again performed better than re-
gional HSC at modelling site-specific HSC, with higher fR2 values
(0.380, 0.533 and 0.455 for depth, D50 and velocity) versus negative
values for the regional HSC. When looking at the performance metrics

calculated with the leave-one-out cross validation, the same conclu-
sions apply, suggesting that FRM were not overfitted. In conclusion,
FRM correctly modelled the differences in local HSC observed at each
site (with high values of fR2), while none of the traditional HSC was
able to represent these local differences in site-specific HSC.

To further validate the different models, altfR2 was also computed
(Table 2), with lower values than fR2 values. Recall that altfR2 compares
the predicted HSC to a mean functional observation, which already ex-
plains a great proportion of the variability in HSC. When comparing tra-
ditional HSC and FRM based on altfR2 values, the same conclusions as
above apply. Regarding FRM, altfR2 highlighted the added value of con-
sidering available habitat in the models versus using only a functional
intercept with altfR2 values ranging from 0.036 to 0.414. Both depth
and D50 FRM obtained higher values of altfR2 when applied to one or
two rivers. However, two FRM had lower altfR2 values: the D50 FRM
applied to the Petite-Cascapedia River (altfR2 of 0.036) and the velocity
FRM applied to the Sainte-Marguerite River (altfR2 of 0.026). Such re-
sults may signify that local differences in available substrate and veloc-
ity values among sites were lower on the Sainte-Marguerite and the Pe-
tite-Cascapedia rivers, respectively, such that parr were exposed to the
optimal values that they could use at will. In cross validation, the altfR2

for the velocity FRM was slightly negative, meaning that the velocity
FRM may not be better than an FRM with a unique intercept function.
This was also the case for the D50 FRM, but only when applied to the
Petite-Cascapedia River. This FRM was still relevant on the sites of the
Sainte-Marguerite River, for which the value of altfR2 in cross valida-
tion was higher (0.283).

7
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Fig. 5. Functional regression models (FRM) coefficients for a) depth, b) median substrate size (D50) and c) velocity. The intercept function α(s) (left panels) shows
the general trend in HSC and its standard error is illustrated in light gray. The regression coefficients surface β(r, s) (center panels) show how an increase (or a de-
crease) in the availability of the habitat variable is correlated to an increase (in red) or decrease (in blue) in the HSC for a given value of the habitat variable. The
standard error of the regression coefficients (right panels) shows the region of high variability in the estimates of the regression surfaces.

3.3.2. Habitat suitability index (HSI) performance
HSI values were computed at each surveyed patch of 4 m2 and re-

gressed against observed parr density. R2 values for this relationship
are reported in Table 3. While all R2 values were very low (i.e. below
0.05), traditional HSC seems to perform slightly better than FRM to
explain local fish density at each habitat patch when aggregated into
HSI. On the Sainte-Marguerite River, the R2 between HSI and parr
density was 0.029, which is slightly higher than the results of the re-
gional HSC (R2 of 0.022) and of the FRM (R2 of 0.018). On the Petite-
Cascapedia River, the R2 between HSI and fish density was 0.040,
while it was 0.037 for the regional HSC and 0.030 for the FRM. It can
be noted that on each river separately, river-specific HSC performed
better than HSC developed on the other river in explaining fish den-
sity. Both traditional HSC and FRM regional models performed better,
but did not outperform river-specific HSC to explain parr density.
When both rivers were considered, R2 was slightly higher for the tra-
ditional HSC than for the FRM.

4. Discussion

Our results showed that functional regression models (FRM) were
powerful tools for constructing site-specific habitat suitability curves
(HSC) in small river reaches. FRM were used to model local HSC based
on the distribution of available habitat conditions for three key habitat
variables of Atlantic salmon parr: water depth, median substrate size

(D50) and mean flow velocity. FRM explained a large proportion of the
variability in site-specific HSC for parr (fR2 between 38% and 53%). In
comparison, FRM had greater performance to model site-specific HSC
than traditional HSC developed at the scale of each river or regionally,
which had negative fR2 values. When looking at altfR2 values (ranging
from 10.7% to 39.5% when calculated on both rivers), the benefits of
FRM were further demonstrated over traditional approaches. A cross
validation (leave-one-out) showed that FRM still outperformed tradi-
tional HSC models. These results highlight that FRM have correctly rep-
resented the fact that different available habitat conditions within a
river reach can lead to different habitat choices (therefore, different lo-
cal HSC) and show the need to consider these divergences in HSC con-
struction. This was only made possible by taking a new look at HSC
through functional data analysis (FDA) and linking HSC to the distribu-
tion of available habitat conditions in FRM.

When looking at transferability of traditional HSC, performance on
the Petite-Cascapedia River was generally better for the HSC developed
with the measurements from the same river compared to the HSC devel-
oped with the measurements from the other river or the regional HSC.
Indeed, these results were expected (e.g. Hedger et al., 2004) as it is rec-
ommended to use river-specific HSC (when available) in habitat model-
ling. However, such results were not found on the Sainte-Marguerite
River, where HSC from the Petite-Cascapedia River or regional HSC
were more adapted to site-specific HSC than the HSC developed on the
Sainte-Marguerite River. In all cases, the newly introduced FRM outper-
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Table 2
Performance of all models.

fR2

Models Tested river(s) Training Cross validation

Depth D50 Velocity Depth D50 Velocity

HSC-SM Sainte-Marguerite River -1.787 -2.268 -0.470 -1.715 -2.260 -0.553
HSC-PC -1.576 -0.874 -0.382
HSC-REG -1.771 -2.351 -0.285 -1.660 -5.164 -0.237
FRM 0.480 0.543 0.511 0.390 0.441 0.460
HSC-PC Petite-Cascapedia

River
-1.463 -1.079 -0.226 -1.490 -1.133 -0.303

HSC-SM -1.652 -4.976 -0.345
HSC-REG -1.634 -5.171 -0.175 -1.660 -5.164 -0.237
FRM 0.278 0.499 0.404 0.193 0.446 0.320
HSC-REG Both -1.692 -3.502 -0.216 -1.712 -3.497 -0.260
FRM 0.380 0.533 0.455 0.292 0.454 0.386

altfR2

Models Tested river(s) Training Cross validation
Depth D50 Velocity Depth D50 Velocity

HSC-SM Sainte-Marguerite River -2.617 -3.192 -1.927 -2.524 -3.182 -2.093
HSC-PC -2.344 -1.404 -1.753
HSC-REG -2.596 -3.298 -1.560 -2.117 -10.86 -0.856
FRM 0.326 0.414 0.026 0.209 0.283 -0.076
HSC-PC Petite-Cascapedia

River
-1.886 -3.001 -0.839 -1.918 -3.103 -0.954

HSC-SM -2.107 -10.498 -1.017
HSC-REG -2.087 -10.874 -0.762 -2.117 -10.86 -0.856
FRM 0.153 0.036 0.106 0.054 -0.066 -0.02
HSC-REG Both -2.261 -4.822 -0.993 -2.285 -4.815 -1.066
FRM 0.248 0.395 0.107 0.143 0.294 -0.007

Performance of site-specific HSC modelling in terms of fR2 and altfR2 for depth, median substrate size (D50) and velocity for all modelling techniques: traditional
habitat suitability curves developed on the Sainte-Marguerite River (HSC-SM), on the Petite-Cascapedia River (HSC-PC), on both rivers (HSC-REG) and functional re-
gression models (FRM). Results are split by river and by type of validation (training and cross validation).

Table 3
Relation between habitat suitability index and parr density.
Model R2

Sainte-Marguerite River Petite-Cascapedia River Both

HSC-SM 0.029 0.029 -
HSC-PC 0.003 0.040 -
HSC-REG 0.022 0.037 0.030
FRM 0.018 0.030 0.024

Performance of the habitat suitability index (HSI) to explain parr density in
terms of R2 at each surveyed patch of the Sainte-Marguerite River, the Petite
Cascapedia River or both using the traditional habitat suitability curves devel-
oped on the Sainte-Marguerite River (HSC-SM), on the Petite-Cascapedia River
(HSC-PC), on both rivers (HSC-REG) and functional regression models (FRM).

formed all traditional HSC when applied to Sainte-Marguerite River,
Petite-Cascapedia River or both. The fact that FRM, developed with the
measurements of the two rivers combined, outperformed river-specific
HSC is a promising finding in terms of improved transferability. Consid-
ering local differences in available habitat among sites or rivers in FRM
may thus increase transferability of HSC, which is reported to be low for
traditional HSC (e.g. Groshens and Orth, 1993; Leftwich et al., 1997;
Guay et al., 2003; Strakosh et al., 2003; Hedger et al., 2004; Moir et al.,
2005). Despite better results for performance measured on site-specific
HSC directly, the combined habitat suitability index (HSI) was not a
good indicator of parr density (R2 < 0.05 for all models considered). In
fact, R2 values were a little higher for traditional HSI (using river-
specific HSC) than for HSI calculated from predicted site-specific HSC
by the FRM.

FRM have allowed assessing the relation between the available
habitat conditions and the resulting HSC. For example, an increase in
available deep waters (> 60 cm) seemed to increase the HSC towards
water depths ranging from 60 cm to 80 cm, while reducing the HSC
for smaller depths (0 – 20 cm). Also, an increase in bigger substrate

availability (> 100 mm) may reduce the HSC values for smaller sub-
strate sizes (20 – 80 mm). These findings were only made possible by
introducing FRM to model site-specific HSC. By employing more in-
formation (curves), FRM also provides new results that could not be
obtained from traditional models. However, these associations will
need to be further validated with more data in order to derive func-
tional relationships (i.e. causation). Nonetheless, this study shows the
potential of FRM to provide ecologically valuable information in
habitat modelling.

While this study demonstrates the advantages of using FRM to build
site-specific HSC, some future avenues must also be discussed. First,
even though site-specific HSC were better predicted by FRM compared
to traditional river or regional HSC, this improved performance did not
translate into stronger relations between HSI and fish density (i.e. all R2

values were below 0.05). Improving the HSI is another topic of interest
in the literature because traditional ways to summarize HSC into HSI
(e.g. multiplication, as used in this study) have been criticized for a long
time for its mixed performance (e.g. Guay et al., 2000, 2003) and its as-
sumption of independence between individual HSC (Railsback, 2016).
Our study, which introduced the FDA framework for HSC construction,
opens the door to refine the HSI computation by using FRM to directly
predict the HSI from habitat available conditions and taking into ac-
count interactions, building of the recent work of Boudreault et al.
(2021).

Second, due to the low number of studied sites (n = 36), our FRM
only included one predictor curve and thus considered HSC in a uni-
variate manner. The sample size is a limitation of FDA and suggests con-
tinuing measuring and collecting data with recent technologies such as
airborne sensors, video analysis or high-quality satellite images (e.g.
Smith et al., 2005; Hedger et al., 2006; Dugdale et al., 2013). As habitat
selection depends on other habitat variables that need to be jointly con-
sidered (Railsback, 2016), multivariate FRM should be further ex-
ploited to produce more biologically representative HSC based on sev-
eral predictors.
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Third, all of our models (traditional HSC and FRM) were based on
observed frequency of use habitat, which can be influenced a myriad of
factors. Our electrofishing sampling technique (i.e. single pass with
open parcels) can bring some bias in the obtained results (Bain et al.,
1985), even though it has shown good correlation with the multiple
pass technique (Bateman et al., 2005). Fish sizes will affect habitat
needs, with greater sizes associated with preference toward slightly
deeper waters and bigger substrates (Heggenes et al., 1999). Such dif-
ferences may, however, not impact too much our results as considering
1+ and 2+ parr together is common in the literature (e.g. Mocq et al.,
2013; Beaupré et al., 2020). Other factors such as fish density, competi-
tion, territoriality and predation can influence habitat selection, and
consequently, the resulting HSC (e.g. Gabler and Amundsen, 1999;
Dionne and Dodson, 2002). Also, stream temperature could be consid-
ered in future developments of FRM, especially when the temperature
exceeds a threshold and forces fish to migrate toward thermal refuges
(Beaupré et al., 2020). In our database, the intra-site variability of
stream temperature was low (Boudreault et al., 2021), which is the rea-
son for not developing individual HSC for stream temperature. Recent
methods also suggest the use of bioenergetics-based HSC against prefer-
ence HSC (e.g. Rosenfeld et al., 2016; Naman et al., 2020). Nevertheless,
preference HSC are still being widely used and the proposed methodol-
ogy can, at least, cope with some of the drawbacks of traditional HSC.

Finally, the developed FRM have not yet been applied in an opera-
tional context to calculate, for example, the weighted usable area (e.g.
Lamouroux et al., 1998; Mocq et al., 2013). Therefore, it is suggested
that hydraulic models be coupled with FRM developed in this study,
which could better serve the needs of river managers and decision mak-
ers by providing a better set of HSC adapted to local differences in avail-
able habitat conditions among sites or reaches.

5. Conclusion

Our study showed that functional data analysis (FDA) is a suitable
framework for developing habitat suitability curves (HSC) that are key
components of various fish habitat models. Indeed, FDA naturally
treated HSC as curves allowing various functional statistical analyses
without complicating the subsequent steps. We used functional regres-
sion models (FRM) to build models producing site-specific HSC that
took into account the differences in local available habitat. Our study
opens the door to various innovations and performance improvements
for the biological component of habitat models. Therefore, it is sug-
gested that the potential of FDA is further exploited to consider HSC
modelling in a multivariate manner, to refine the HSI calculation or to
combine the developed FRM with hydraulic models.
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