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Abstract

Environmental impact assessment (EIA) is performed to limit potential impacts of development
projects on species and ecosystem functions. However, the methods related to EIA actually pay little
attention to the landscape-scale effects of development projects on biodiversity. In this study we
proposed a methodological framework to more properly address the landscape-scale impacts of a new
stadium project in Lyon (France) on two representative mammal species exemplary for the endemic
fauna, the red squirrel and the Eurasian badger. Our approach combined species distribution model
using Maxent and landscape functional connectivity model using Graphab at two spatial scales to
assess habitat connectivity before and after development project implementation. The development
project had a negative impact on landscape connectivity: overall habitat connectivity (PC index)
decreased by —6.8% and —1.8% and the number of graph components increased by +60.0% and
+17.6% for the red squirrel and the European badger respectively, because some links that formerly
connected habitat patches were cut by the development project. Changes affecting landscape structure
and composition emphasized the need to implement appropriate avoidance and reduction measures.
Our methodology provides a useful tool both for EIA studies at each step of the way to support
decision-making in landscape conservation planning. The method could be also developed in the
design phase to compare the effectiveness of different avoidance or mitigation measures and resize
them if necessary to maximize habitat connectivity.
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1. Introduction

Most industrialized countries impose an environmental impact assessment (EIA) leading to measures
that should limit the potential impacts of development projects on the environment and biodiversity. In
Europe, this procedure was determined by European law since Council Directive 85/337/EEC on 27
June 1985 on the Assessment of the Effects of Certain Public and Private Projects on the Environment.
In France, EIA is primarily based on the 1976 Law for the Protection of Nature (Loi n°® 76-629 relative
a la protection de la nature), recently reinforced by the 2016 Biodiversity Act (Loi n°® 2016-1087 pour
la reconquéte de la biodiversité, de la nature et des paysages) setting the goal of “no net loss” (NNL)
for the first time. Under this legislation, all projects are required to promote impact avoidance and
reduction, which has been identified as the most effective way to conserve ecosystem structure and
species diversity (Lucas, 2009; Sahley et al., 2017). Yet, despite the recent publication of a help guide
to the definition of measures in the mitigation hierarchy (CGDD, 2018), neither French nor EU
regulations have stipulated up to now any particular method of assessing project impacts on
biodiversity, leaving stakeholders to interpret the law and perform the assessment on a case-by-case

basis (Quétier et al., 2014). There is thus an obvious risk of potential impacts being underestimated.

Many different ecological equivalence assessment methods are used worldwide in EIA to ensure a no
net loss of biodiversity (Bezombes et al., 2017), but impacts at the landscape scale are lacking to make
these methods fully satisfactory (Bigard et al., 2017; Kujala et al., 2015). Ensuring functional
connectivity within landscapes has been identified as a key component for biodiversity conservation
(Newbold et al., 2015). Huang et al. (2018) demonstrated that urban development will not necessarily
cause a connectivity decline, provided the ecological network is incorporated into land-use planning.
However, several authors pointed out that the landscape-scale effects of development projects are
currently poorly addressed during the so-called mitigation hierarchy and the dimensioning of measures
for the avoidance, reduction and mitigation of impacts (Bergsten and Zetterberg, 2013; Quétier and
Lavorel, 2011; Scolozzi and Geneletti, 2012). A local site concerned by a development project needs
to be considered as part of a wider network composed of habitat patches and characterized by biotic
interactions and flows of species and populations (Kiesecker et al., 2010). Although impacts may be
scarcely perceptible at the local scale, on the landscape scale, an impacted element (habitat patch or
corridor) can affect other habitat elements with which it is connected. Where these links are vital to
the movement of biota, insufficient consideration of habitat networks can lead to irreversible effects
on biodiversity. Thus, there is a need for better incorporating habitat connectivity into the
environmental impact assessment of development projects. Avoidance and reduction measures should
preserve key elements of the landscape at a larger scale than that of the development project, and this
is particularly urgent where landscapes are changing rapidly (Correa Ayram et al., 2016; Herrera et al.,

2018).



In ecology, spatial structure and dynamic of species populations are considered by different means,
notably species distribution models (SDM) and landscape connectivity analysis. Their recent evolution
has led to increasing use of these modelling approaches to prioritize areas for conservation (Bosso et
al., 2018; Keeley et al., 2017) and support conservation decision-making (Guillera-Arroita et al.,
2015). SDM are models that relate species distribution records to environmental data and map suitable
habitats (Elith et al., 2006). Graph-based approaches map habitat networks and assess habitat
connectivity for biodiversity conservation (Hofman et al., 2018; Le Roux et al., 2017). Studies
combining SDM and spatial graphs showed the relevance of both modelling approaches (Duflot et al.,
2018; Rodder et al., 2016), but further research is required to better incorporate them into
environmental assessment of development projects and to guide decision-making. In addition, these
approaches have been mostly applied to large urban project (Tannier et al., 2016) or to major
transportation infrastructure projects (Clauzel et al., 2013; Mimet et al., 2016), but not to smaller
development projects also subject to EIA (like residential neighborhoods, industrial and commercial
areas, sports and leisure facilities, housing developments, etc.). However, these smaller projects and
their multiplication severely impact the habitats of some suburban species, hence decreasing their
moves and populations (Ayram et al., 2017). For instance, the Eurasian red squirrel (Sciurus vulgaris
L. 1758) and the Eurasian badger (Meles meles L. 1758) can live in moderately anthropized
ecosystems, but their populations are declining recognized due to increasing loss of landscape

connectivity (Albert and Chaurand, 2018).

In this context, we examined the impacts on these two-small mammals of a development project
located in the suburbs of Lyon, in France. It involves the construction of a new stadium between areas
of ecological interest and large urban parks. A recent study also showed the presence of ecological
corridors, notably beneficial to both species (Ecosphere, 2017). We assumed that this development
project may have potentially significant impacts not only at the local scale but also at the landscape
scale. This study aimed at investigating whether combining SDM and graph-bases approaches at the
beginning of the mitigation process could lead to a more thorough assessment of the potential impacts
at different spatial scales. By doing this, we also intend to highlight conservation issues in urban and
suburban context so that practitioners can 1) evaluate biodiversity through habitat connectivity as part
of environmental assessment and 2) better implement the mitigation hierarchy, notably by prioritizing

into the design of development projects the avoidance then the reduction step.

We adapted a methodological framework following Duflot et al. (2018) that combines two modelling
approaches, Maxent (Phillips et al., 2006) and Graphab (Foltéte et al., 2012a) based on presence-only
records. To our knowledge, this approach has never been used for these two species. We describe the
different steps of the method, then discuss how the results and the methodological framework improve

EIA.



2. Methods

2.1.  Methodological framework

The methodological steps were as follow : i) collecting and preparing input data, i.e. species
occurrence datasets and environmental variables; ii) identifying habitat patches based on species
distribution modelling using Maxent; iii) designing links between patches using species-specific
resistance surfaces; iv) analyzing habitat connectivity based on connectivity metrics taking into
account species dispersal capacity using Graphab; v) quantifying development project impact on

habitat connectivity and identifying critical landscape elements for maintaining connectivity (Fig. 1).
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Fig. 1. Methodological framework applied to evaluate potential change in each species’ habitat connectivity after
development project.

2.2.  Study site and species occurrence datasets

The study area is located in the suburbs of Lyon, France. It encompasses 1,240 km? of urban (32%)),
natural habitat (29%) and agricultural (39%) land use (see Section 2.3 for land cover used). The urban

and suburban landscapes have been modified since 2012 by a 161-ha project for a new stadium and its
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associated developments: extension of a tramway line, creation of an interchange with a national road,
construction of public transport lanes, redevelopment of an existing street and creation of a car park
(Fig. 2). The major objective of this development project was to fill the gap of Lyon in terms of major
sports equipment of regional or national influence in order to answer the European ambitions of the

city and county of Lyon.
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Fig. 2. Location of the new stadium and its associated developments (1: OL Land Stadium, 2: Extension of the
T3 tramway line, 3: Development of existing street, 4: Creation of interchange with national road, 5:
Construction of public transport lanes, 6: Creation of a car park) (c) and location of the project at the regional
and national scale (a and b).

Occurrence data on the red squirrel and the Eurasian badger were obtained from non-governmental
organization (NGO) databases created by the League for the Protection of Birds (LPO Ain, Rhéne and
Isére sections). The surveys feeding the database were conducted by trained observers (naturalist
NGOs, managers of natural areas and other partners) between 2000 and 2011 and each observation (by
camera trapping or visual observation) was validated by local experts from the LPO. Our database
contains 1,299 and 607 records for the red squirrel and the Eurasian badger, respectively (Fig. 3), an

appropriate sampling size for the sampling period (11 years).
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Fig. 3. Land-use map of the study area. Dlstrlbution of occurrence points (black cross) for red squirrel (a) and
Eurasian badger (b) (from www.faune-ain.org, extracted 18.01.2018, www.faune-rhone.org, extracted
06.11.2017, and www.faune-isere.org, extracted 13.11.2017).

2.3.  Environmental data used to identify suitable habitats

Habitat variables and slope (derived from the topography) were extracted from available national
databases, i.e. forests, hedges, bushes, moor, heathland, tree plantations, hydrography and transport
network are taken from BD TOPO®, topography from RGE ALTI® provided by the French National
Geographical Institute (IGN), crop areas and pastures from the French Record of Agricultural Plots
(RPG), and urbans areas, sports and leisure facilities, urban and airport from European Urban Atlas
provided by the Global Monitoring for Environment Security project. In line with the literature, we
selected twelve categories expected to be a priori the most relevant to the habitat preferences
(ecological and biological requirements) of the red squirrel (Adren and Delin, 1994; Dylewski et al.,
2016; Fey et al., 2016; Hamaél4inen et al., 2018; Wauters et al., 2010) and the Eurasian badger
(Bouniol, 2017; Dondina et al., 2016; O’Brien et al., 2016). These environmental variables were
categorized (Appendix S1) and converted into a 5 m-resolution raster map (Fig. 2c; Fig. 3a) using
ArcGIS 10 (Environmental Systems Research Institute, Inc.). For each variable and raster generated, a
value was attributed to each cell corresponding to the closest distance between the centroid of the cell
and the nearest patch of the habitat variable. We identified collinearity and estimated the importance
of the effect of multicollinearity among explanatory variables. We used a stepwise approach to

calculate variance inflation factor for each variable (details in Appendix S2).



2.4. Step 1: ldentifying habitat patches based on species distribution modelling

A maximum entropy modelling approach was implemented, on a large scale (1,240 km?; Fig. 3), to
predict species habitat suitability using Maxent, version 3.4.1, to looks for the combination of
environmental variables that best explains the distribution of species occurrences (Elith et al., 2011;
Phillips et al., 2006). This method is little sensitive to sample size and can generate species response

curves to environmental factors (Pearson et al., 2007).

Collaborative databases such as LPO contain observations from different sources or made near urban
areas and roads. This sampling bias, called “road-map effect” (Crisp et al., 2001), weakens model
performance and results (Beck et al., 2014; Kramer-Schadt et al., 2013). To prevent geographical
sampling bias, we therefore implemented a bias file with the package dismo (Hijmans et al., 2017;
Team, 2017), calculating a kernel density estimate of sampling effort across the study area. To avoid
issues with spatial autocorrelation (i.e. observations recorded at different times from the same
location), some occurrence data were removed via spatial filtering, i.e. a procedure for removing
spatially clustered points using the SDMtoolbox (Brown et al., 2017). The rarefying distances were
selected according to each species’ expected occurrence within this study area: 1.5 to 2 red squirrel
individuals per hectare to obtain a mean density of individuals consistent with an urban and suburban
context (Chapuis and Marnet, 2006; Rézouki et al., 2014) and 2 Eurasian badger individuals per km?,
given that Eurasian badger density can range from 4 individuals per km? in favorable environments
(i.e. Monts d'Or and Yzeron Valley) to less than 1 in the East Lyon plain (Fig. 2b) (Bouniol, 2017;
Malevre, 2017).

In Maxent, choice of the feature classes can impact types and shapes of the response curves. Recent
research suggests that species-specific tuning of Maxent models can improve their performance
(Morales et al., 2017). Models based on fine-tuned Maxent settings generally discriminate better than
those based on default settings (Fan et al., 2018). Here, a series of Maxent models was implemented
with a variety of user-defined settings (i.e. feature classes and regularization multipliers), using
software package ENMEval (Muscarella et al., 2014). A model prediction was generated for each
combination of feature class and regularization multiplier settings (31 feature classes x 10
regularization multipliers = 310 models), and the most parsimonious and optimal model was selected
based on the corrected Akaike Information Criterion (AIC.) (Galante et al., 2018; Lobo et al., 2008)

from the unpartitioned dataset.

Models were trained on a random selection of 75% of occurrences and then tested on the remaining
25% to determine the predictive performance of the model. For each training partition, 10 replicates
were run (bootstrapping) and the results averaged. Other features were set by default, with a maximum
of 2,000 iterations. The outputs of each model were mapped using logistic outputs with continuous

probabilities ranging from 0 to 1 (Merow et al., 2013). The performances of final models were



evaluated using the true skill statistic (TSS) (Allouche et al., 2006), Cohen’s kappa (Monserud and
Leemans, 1992) and AUC (Area Under the receiver operating Curve) (Baldwin, 2009) (Appendix S4).
The relative contribution of each environmental variable to the model was assessed using a jackknife
procedure. This approach excludes one variable at a time when running the model and provides
information on the performance of each variable in the model in terms of how important each variable

is at explaining the species distribution and how much unique information each variable provides.

Finally, habitat patches were derived from the threshold selection method available in Maxent:
maximum training sensitivity plus specificity (MaxTSS), which has been shown to produce highly
accurate predictions (Jiménez-Valverde and Lobo, 2007; Liu et al., 2013). We used the mean logistic
threshold value from the 15 runs. The minimum area of habitat patches is based on species home

range as described in the literature corresponding to 0.5 ha (Bouniol, 2017; Wauters et al., 1994).

2.5.  Step 2: Connectivity analysis and assessment of node and link importance

A graph theory approach was used to evaluate habitat connectivity (Foltéte et al., 2012b; Pascual-
Hortal and Saura, 2006). Links between patches were generated with Graphab software version 2.2
(Foltéte et al., 2012a) (http://thema.univ-fcomte.fr/productions/graphab/), using a least-cost path
(LCP) based on landscape matrix permeability (Dale and Fortin, 2010; Etherington and Holland, 2013;
Rayfield et al., 2010). The least-cost path is the path of least resistance between two patches from the
edge of one patch to the nearest edge of another patch through the matrix (Zeller et al., 2012). It
represents the shortest functional connection between habitat patches (Adriaensen et al., 2003), which
produces the most accurate connectivity estimates (Simpkins et al., 2018). Six resistance values were
attributed to the different landscape classes depending on the ability of the species to cross into and
survive within them, regardless of habitat suitability (Appendix S3): favorable, suitable, neutral,
unfavorable, highly unfavorable or barrier to animal movement. Values ranged from 1 (very low
resistance, i.e. habitat patches from Maxent output and other landscape elements) to 10,000 (barrier),

with four intermediate classes (50, 100, 400 and 800).

A land-use map was converted into a 5 m-resolution raster map to consider hedges, streams or paths.
This map of the initial situation provided a baseline for assessing the impact on habitat connectivity.
For the purposes of computing the connectivity index and selecting the most likely inter-patch
connections, habitat connectivity took into account a maximum cumulative dispersal distance (cost
distance) related to mid- and long-term metapopulation dynamics and gene flow. A threshold of
5,000 m and 2,000 m was chosen for the red squirrel (Avon et al., 2014; Wauters et al., 2010) and the
Eurasian badger (Delahay et al., 2000; Do Linh San, 2002; Macdonald and Barrett, 2005),
respectively. The thresholded links showed which patches were currently connected (i.e. formed a
network “component”). We converted the Euclidean maximum dispersal distance to cost-distance: a

linear regression was performed with Graphab between the values of distances from all the links of



the graph. The distances of 5,000 m for the red squirrel and 2,000 m for the Eurasian badger were
converted into 32,061 and 6,644 cost units, respectively.

Rao et al. (2018) recommended that a reasonable scale should be considered when measuring the
influence of development projects on habitat connectivity. Here, unlike the scale used for Maxent
(1,240 km?), we restricted our connectivity analysis according to the spatial configuration of the
landscape graph and to the dispersal capacity of the focal species (Huang et al., 2018), i.e. to 6 km
either side of the development project (144 km?), a scale that is beyond the maximum dispersal

distance of both studied species (2 km and 5 km).

Habitat connectivity was calculated using the Probability of Connectivity index (PC; Eq. 1) proposed
by Saura and Pascual-Hortal (2007), a combined measure of habitat amount and connectivity. PC is
defined as ‘the probability that two animals randomly placed within the landscape fall into habitat

areas that are reachable from each other’, varies between 0 and 1 and is defined as follows.

1 n n
€)) PC=F2 Z a;a;p;;”*
=1 j=1

where 7 is the total number of patches, and a; and g; are attributes of nodes i and j. Here, the attribute
of the node corresponds to patch area and A represents the total landscape area. The product
probability of a path (where a path is made up of a set of steps in which no patch is visited more than
once) is the product of all the p; belonging to each step in that path. p;* is defined as the maximum
product probability of all possible paths between patches 7 and j (including single-step paths). If
patches 7 and ;j are close enough, the maximum probability path will be simply the step (direct
movement) between patches i and j (p;* = p;). If patches i and j are more distant, the “best”
(maximum probability) path would probably comprise several steps through intermediate stepping
stone patches yielding p;* > p;; (Saura and Pascual-Hortal, 2007). Here, the probability of connection

between two patches was based on the least-cost distance between these two patches.

Least-cost distance corresponds to the accumulated cost along the least-cost path and was transformed
into probability of connection between patches i and j using a decreasing exponential function as

shown in Eq. 2.
(2) pij = e™%
where a is a cost distance-decay coefficient: a is usually set so that p;=0.5 for the median or mean

dispersal distance of the focal species, or p; =0.05 for the maximal distance dispersal (Saura and

Pascual-Hortal, 2007), as here.

To indicate the local contribution of each patch to the global PC index, we used the local metric of

interaction flux /F' (Eq. 3) (Sahraoui et al., 2017).



n
(3) IFl = Z al-a]- e““dii
Jj=1
The links were ranked according to their contribution to overall habitat connectivity, following the

link removal method described in (Saura and Rubio, 2010).

2.6. Step 3: Impact of development project on habitat connectivity

Habitat connectivity for the two species was assessed on the smaller scale (144 km?) before and after
the development project to model where ecological connectivity may be lost or reduced (Farrell et al.,
2018). A resistance cost of 800 (highly unfavorable to animal movement but not a barrier) was applied
to the area concerned by the project (161 ha, termed the “footprint™ of the project). The development
project impact on habitat connectivity 4X, was defined as the relative difference in graph metrics

before and after the development project (Eq. 4):

(4) AX, = —bp i x 100
p
Xap

where X;, and X, are the landscape metrics before and after the development project, respectively.
Several landscape graph metrics were calculated to describe habitat network characteristics: number
and mean size of graph components (ha), number and mean size of habitat patches (ha) and overall

and local habitat connectivity (PC and IF).

2.7.  Step 4. Identification of links to reconnect in priority

We determined which links, potentially disconnected by the development project, should be
reconnected in priority, i.e. which one could improve global connectivity the most if restored (Foltéte
et al., 2014). It is possible to make a systematic search using the gtest command in Graphab. This
stepwise procedure allows the user to more precisely identify conservation issues from existing
habitats patches non-affected by the development project (Fig. 6). The procedure removed from the
graph the concerned links (in red on Fig. 5b, d) and then iteratively added the links that maximize the
PC metric.
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3. Results
3.1.  Species distribution modelling

Models for both species fitted the data well, with AUCs > 0.80, TSS > 0.66 and Cohen’s Kappa max >
0.69 (Table 1). Several environmental variables contributed to explaining the distribution of the
species in the study area (>3% of total contribution; Table 1). For both species, forest areas showed
the greatest contribution to habitat suitability models (59.6% for the red squirrel and 36.5% for the
Eurasian badger), followed by crop areas, hedges and bushes and discontinuous urban fabric for the
red squirrel, and by discontinuous urban fabric, slope and tree plantations for the Eurasian badger.

Jackknife tests on the variables yielded the same results (Appendix S5).

Based on the habitat suitability map, we identified 1,024 and 1,122 habitat patches for the red squirrel
and the Eurasian badger, respectively (Appendix S6). Total area of suitable habitats amounted to
approximately 262 km? for the red squirrel and 199 km? for the Eurasian badger.

Table 1

Model statistics and relative contribution of environmental variables (>3% of total contribution) to explaining
species distribution of the red squirrel and the Eurasian badger in the study area. The table shows mean values (+
SD) of the 15 replicates.

Red squirrel Eurasian badger
AUC training 0.801 £0.012 0.883 £0.012
g é AUC test 0.800+0.014 0.800+0.038
§ .g TSS 0.701 £ 0.026 0.662 £ 0.036
Kappa max 0.704 + 0.019 0.687 + 0.028
Forest areas 59.6% 36.5%
Crop areas 12.4% 5.2%
" Discontinuous urban fabric 4.8% 9.8%
E é Main transport network 3.7% 6.0%
g8
E § Slope 7.7%
‘E g Tree plantations 6.4%
§ % Densely built-up urban areas 5.7%
g g Hydrography 5.1%
& Z  Hedges and bushes 5.0%
° Urban parks 5.0%
Pasture 4.2%
Moors and heathlands 6.3%

3.2.  Habitat connectivity analysis

Landscape graphs were based on 157 links for the red squirrel (Fig. 5a) and 106 links for the European

badger (Fig. 5b), grouped in 5 and 9 separate components, respectively.
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The overall connectivity PC was 2.89x107 for the red squirrel and 1.66x107 for the Eurasian badger
(Table 2). The local metric of interaction flux /F indicated that many patches significantly contributed
to the connectivity of the initial network. The habitat patches with a high contribution were nodes with
a large patch size (the criterion considered as a proxy for demographic potential) and/or with a central

position that linked them to several other patches in the network.

Red squirrel

Eurasian badger

Urban area Habitat patch Least-cost path Habitat patch Least-cost path 0 o075 Tskm @
Footorint of th Interaction flux (IF) Contribution to the IF value changes —— Link preserved
- p?{;}e[::tln of the High overall connectivity Unchanged (0% to 0.9%)  Linklost
I mmm High —1.0% to —24.9 %
l:l Graph — [ -25.0% to —49.9 %
component | Low — Bl 500 %to-74.9%
Low Bl 750 %to 100 %

Fig. 5. Landscape graph of the immediate project area (144 km?) showing 1) interaction flux /F of each habitat
patch and contribution to the overall connectivity of each link before the development project (a, c), and 2)
changes in interaction flux /F of each habitat patch and changes in link structure (link preserved or lost) before
and after the development project (b, d) for the red squirrel (a, b) and the Eurasian badger (c, b). Items labeled
with the letters correspond to links (L), habitat patches (Pi) and components (Ci) mentioned in Section 4.
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3.3.  Project impact on habitat connectivity

The development project led to a decrease in PC (—6.8% and —1.8% respectively for the red squirrel
and the Eurasian badger) and an increase in the number of graph components (+60.0% and +17.6%
respectively) by eliminating links for both species (Table 2; Fig. 5). It removed 12 links for the red
squirrel (—7.6%; in red on Fig. 5b) vs. 14 links for the Eurasian badger (—13.2%; in red on Fig. 5d).
Some links that strongly contributed to overall habitat connectivity were removed, in particular for the

red squirrel (i.e. L1, L2 and L3 in Fig. 5b).

The number of habitat patches decreased by —3.3% (two patches were lost) for the Eurasian badger,
while for the red squirrel only mean patch size decreased (—2.0%). The average decrease in /F value
for the habitat patches was —11.5% for the red squirrel and —17.7% for the Eurasian badger, with a
maximum of —100% where the patch was loss (i.e. P1 and P2 in Fig. 5d). Other habitat patches
showed an over 75% decrease in /F value (i.e. P2 in Fig. 5b) or a 50% decrease (i.e. P3 and P4 in Fig.
5b; P3 in Fig. 5d). The maps of the variation in /F for each node (Fig. 5b, d) indicated that the
potential impact was higher when a single component of the graph was divided into several
components (i.e. C1, C2, C3 and C4 in Fig. 5b for the red squirrel, and C1, C2 and C3 in Fig. 5d for

the Eurasian badger), or when patch size was substantially reduced (see below).

Table 2. Assessment of the potential impact of the development project on landscape graph metrics, before and
after the development project (Xvp and Xap, respectively).

Red squirrel Eurasian badger
Graph characteristics Xop Xap Variation Xop Xop Variation
I;ﬁféei graph 5 8 +60.0% 17 20 +17.6%
M::n Srizit()fiﬁr l?: l(1min— 1,972 1,644 -16.6% 1,096 821 —25.1%
Icr‘l’axfo ents (10-7,115) (10 - 5,355) P70 (11-6,119) (11-3,782) S
Number of habitat patches 80 80 0.0% 60 58 -3.3%
Mean size of habitat patches 14.83 14.54 2.0% (505'?9 (505'?1 0.7%
. . e (] . - . - —VU. (]
in ha (min—max) (0.52-362.28)  (0.52-362,28) 33631) 33631)
Number of links 157 145 -7.6% 106 92 -13.2%
PC 2.97%107 2.78%107 —6.8% 1.64x103 1.61x10° -1.8%

3.4.  Identification of links to reconnect in priority

The stepwise search for the first 10 links whose reconnection maximizes the PC index yielded Fig. 6,
in which the first five links maximizing the most habitat connectivity were identified (Fig. 6a, c). The
increase in PC index value following link restoration revealed that the first link restored had a very

high contribution to global connectivity gain, and 83.6% of the maximum gain was reached with the
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10 new links for the red squirrel and 90.1% for the Eurasian badger (Fig. 6b, d). The PC index value
did not increase any more after the fifth new link addition, meaning that only the previous links added,

and especially the first one, was sufficient to restore global connectivity.

b)
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Fig. 6. Location of five links maximizing habitat connectivity for the red squirrel (a) and the Eurasian badger (c).
The curves show the gain resulting from the addition of each new link for the red squirrel (b) and the Eurasian
badger (d) (see method for details). The dotted line (b, d) corresponds to the initial PC value.

4. Discussion
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We developed a method combining two modelling approaches accessible to environmental consultants
and researchers, that would quantify potential loss of the landscape connectivity, so as to provide input
to the first part of the mitigation hierarchy in EIA (Bigard et al., 2017). Our results show the
importance of habitat patches and least-cost paths for overall habitat connectivity, crucial to the
survival of species. The approach should enable decision-makers to identify key landscape zones
where species live or move, like hedges, forests or grasslands, to be preserved in the long term through
avoidance and minimization measures. Each step of the methodological framework is discussed

below, as well as the limits and possible alternatives of the approach.

4.1. Habitat patch identification and connectivity analysis

The terms “habitat suitability”” and “ability to disperse” are often used interchangeably. For instance,
Duflot et al. (2018) and Rodder et al. (2016) proposed using SDM-derived maps to calculate a species-
specific landscape resistance surface. In this paper, we consider that the movement of species during
dispersal is not always subject to the same rules as habitat selection (Keeley et al., 2017; Zioétkowska
et al., 2012). Expert-informed resistance maps can thus be an appropriate means of assessing
resistance (Krosby et al., 2015). However, this requires good knowledge of the ecology of the species,
i.e. an expert-based and empirically derived resistance matrix (Reed et al., 2017; Zeller et al., 2012).
Here, this condition was satisfied since the red squirrel and the Eurasian badger are both well-

documented species.

The Maxent-derived habitat patches and least-cost paths were presented to a group of experts from
local NGOs to obtain an external opinion different from that of local stakeholders. They confirmed our
findings based on their knowledge of the study area and the species. However, the goal here was not to
qualitatively validate the model outputs. Expert knowledge can usefully be included, for example, to
improve species range predictions (Merow et al., 2017), or to qualitatively validate the output maps
and response curves from several SDMs (Le Roux et al., 2017). But expert input also has limitations,
introducing subjectivity that reduces method reproducibility (Rayfield et al., 2010). Looking at the
occurrences only outside habitat patches for the red squirrel, it can be seen that 23.4% of occurrences
were recorded less than 20 m from modelled LCPs (least-cost paths), with 75.1% less than 200 m
away. For the Eurasian badger, the same pattern was observed, with 16.7% and 83.3% of recorded
occurrences respectively. Thus, the LCPs did not exactly represent where the species is likely to move
through the landscape. Kool et al. (2013) and Simpkins et al. (2018) suggested testing models with
empirical field data, but this analysis shows that it is not easy to observe the corresponding paths in the
field. This is because the LCP is only one of many possible paths (actually the shortest one), unlike
least-cost corridors (LCC), which represent all viable paths (Avon and Berges, 2016). Identifying
LCPs and LCCs is easier in an area containing a great diversity of land uses that are more or less

suitable to species movement (i.e. with higher spatial variation of ecological conditions). In our study
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area, the high percentage of agricultural land could complicate our analysis, but the density of

hedgerows strongly influenced the design of LCPs.

4.2.  Estimation of development project impact on habitat connectivity and links to reconnect in

priority to implement mitigation or attenuation strategies

The impact assessment method was based on the interaction flux (/F) for habitat patches and on the
contribution to the PC for links (Fig. 5a, c). The results show that the spatial extent of the development
project leaves many habitat patches isolated in the western part of the red squirrel’s habitat network.
The links between the northern and eastern areas were lost (respectively L1 and L2 in Fig. 5b). The
loss of L1 may be explained by the removal of a stepping stone habitat (P1 in Fig. 5b) crucial to the
movement of species. Other southward links (L2, L3 and L4 in Fig. 5b) were also lost because of the
construction of public transport lanes and the interchange with the national road, which represent a
barrier for the species. For the Eurasian badger, the only area where animals can disperse was lost (L1
in Fig. 5d), isolating several habitat patches in the western part of the eastern sector (C1 and C2 in Fig.
5d). These changes may affect landscape structure and have a direct impact on the functional habitat
connectivity that is vital to the survival of these two terrestrial mammals. On the other hand, the

construction of a car park in the eastern sector did not affect habitat connectivity for either species.

Our results highlight the conservation challenges related to habitat fragmentation and isolation.
Planners and designers' reflections must consider which links to reconnect in priority (Fig. 6) to
prioritize and localize restoration efforts. The impacts revealed on habitat patches and links could be
used to preserve ecological connectivity at the project scale (Duflot et al., 2018) defining mitigation
(and, possibly, also adaptation) strategies at finer scale. To decrease the intensity of the potential
impact, the development project must integrate landscape elements favoring the movement of
sensitive species among habitat patches (Dalang and Hersperger, 2012). This may involve creating
small developments explicitly linking two existing patches, i.e. hedgerows, underground or overhead
wildlife crossing structures (respectively, for the Eurasian badger and the red squirrel) between two
patches (De Montis et al., 2018; Dondina et al., 2016), or scattered elements (hedgerows or small
wooded patches) which modify matrix permeability and act as stepping stones (Ernst, 2014).
However, even if all links maximizing the PC index are restored, the initial PC value could not be
reached since the total habitat area may have decreased, which was the case for the Eurasian badger

(Fig. 6d).
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4.4. Limitations and alternatives to the methodological framework

To identify habitat patches with Maxent, the main limitation of the proposed methodology is that it
requires a set of species occurrence data covering large areas to increase the accuracy and power of
species distribution models. Using species records in the process has advantages for interactions
between stakeholders, but the exact location of occurrence data is not systematically publicly
available. This can hinder environmental consultants carrying out environmental impact assessments.
Using a habitat-oriented approach based on expert opinions or literature is one alternative (Avon and
Berges, 2016; Mimet et al., 2016; Sahraoui et al., 2017). This approach has the advantage of making
the ecological network visible and understandable to all the territory's stakeholders. However, this is
not species-specific and thus not appropriate for addressing conservation issues involving particularly

endangered or emblematic species (Zidtkowska et al., 2012).

Results from a landscape graph can vary significantly depending on data sources, data detail level,
knowledge of the ecology of the species, or parameters used. Pereira et al. (2010) recommended
testing cost ranges to evaluate the sensitivity of connectivity measures to cost values. However,
another recent paper pointed out that connectivity estimates are rather robust to uncertainty in selected
cost values, unlike other sources of error, i.e. number of land use represented, spatial resolution or
misclassification of edges between landscape classes (Simpkins et al., 2017). Thus, it would be
interesting to develop a collaborative database that identifies the elements of the landscape that
facilitate species movement (ponds, low walls, wildlife crossings), or breaks in continuity (fences,

obstacles) that cannot be detected by photo-interpretation.

Many habitat patches at the study area border had very high /F" values (e.g. in the north; Fig. 5a, c),
probably because of their attributes (areas). Other small habitat patches located at the border of the
study area (i.e. in the west for the Eurasian badger; Fig. 5c) had very little importance for connectivity.
However, their importance may be underestimated due to the fact that the land outside the study area
was not considered, a well-known problem in spatial analysis (Avon and Berges, 2016; Gil-Tena et al.,
2014). It might be interesting to expand the study area, but caution would be required. Since the PC
value depends on the total study area and on the average weight of each habitat patch, increasing the
size of the study area could lead to a fairly low PC variation, unless particularly crucial nodes or

connections are identified in the full graph.

Finally, other types of relationship between the probability of dispersion and distance between patches
i and j (Eq. 2) could be proposed, for example flat-tailed dispersal kernel, as proposed by some authors
(Nathan et al., 2008) to better account for long-distance dispersal events. Furthermore, note that PC

index is only one of the existing methods to calculate habitat connectivity. Topological methods might

also be used to evaluate the functional complexity of a landscape (Papadimitriou, 2013). For example,
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ultrametric distances can help distinguish the relative contribution of each landscape function to the

overall complexity of landscape functions in order to create maps of landscape complexity.

5. Conclusion

The development scenario requires finding ways to model ecological processes and functioning
(Pereira et al., 2010). Our study shows that combining modelling methods can improve potential
environmental impact assessment, providing relevant information for the mitigation process. This is a
first step toward applying the method to dimension avoidance and minimization measures. Our
methodological framework can also improve the design of the development project to increase its
environmental efficiency. A similar step-by-step method can be developed in the design phase to re-
evaluate the residual impacts in a meaningful way. This method would evaluate the effectiveness of
avoidance or mitigation measures in terms of habitat connectivity and resize them if necessary.
Finally, if ecological equivalence is not reached at the end of the project design process, our method
can also help planners, designers and decision-makers in choosing land where compensation measures
can be implemented to reach no net loss of habitat connectivity. In conclusion, our methodology
provides a useful tool for EIA studies supporting different land-use planning stakeholders. The
insights on habitat connectivity offered by this method, including user-friendly freewares available to
all practitioners, will be valuable input to 1) decision-makers and project designers applying the
mitigation hierarchy to protect biodiversity and 2) environmental authorities assessing whether

development projects will have irreversible effects on the species concerned.
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