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ABSTRACT 11 

Global value chains and climate change have a significant impact on water resources and 12 

increasingly threaten freshwater ecosystems. Recent methodological proposals for life cycle 13 

impact assessment (LCIA), evaluate water use impacts on freshwater habitats based on river 14 

hydraulic parameters alterations. However, they are limited to French rivers due to lack of global 15 

data and models. On this basis, this article proposes an approach to compute regionalized 16 

characterization factors for modeling river habitat change potential (HCP) induced by water 17 

consumption, potentially applicable worldwide. A simplified model is developed for fish guilds 18 

and invertebrates. Based on French datasets, it establishes a relationship between HCP and river 19 

hydraulic parameters. A methodology to derive discharge and hydraulic geometry at the reach 20 

scale is proposed and applied to European and Middle Eastern rivers below 60°N latitude. 21 

Regionalized HCPs are calculated at the river reach scale and aggregated at watershed. Then, the 22 
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 2 

impact of agricultural water use in contrasted European and Middle Eastern countries is evaluated 23 

comparing the outcomes from the HCP and the Available Water Remaining (AWARE) models at 24 

the national scale, considering water supply mix data. The same analysis is carried out on selected 25 

river basins. Finally, result consistency, uncertainty and global applicability of the overall 26 

approach are discussed. The study demonstrates the reproducibility of the impact model developed 27 

for French rivers on any hydrographic network where comparable ecological, hydrological and 28 

hydraulic conditions are met. Furthermore, it highlights the need to characterize impacts at a higher 29 

spatial resolution in areas where HCP is higher. Large scale quantification of HCP opens the way 30 

to the operationalization of mechanistic LCIA models in which the habitat preferences of 31 

freshwater species are taken into account to assess the impacts of water consumption on 32 

biodiversity. 33 
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ABBREVIATIONS 38 

LCA, life cycle assessment; LCIA, life cycle impact assessment; CF, characterization factor; FF, 39 

fate factor; EF, effect factor; HCP, habitat change potential; Q, river discharge; CWU, 40 

consumptive water use; HS, habitat suitability; WUA, weighted usable area; Re, Reynolds number; 41 

W, river width ; HB, HydroBASINS; WSmix, water supply mix.  42 
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1. INTRODUCTION 43 

Human interaction with water systems in the Anthropocene is being expressed through the 44 

pervasive alteration of the global water cycle. This stimulated the contextualization of watershed 45 

scale management paradigms under a global-scale perspective leading to the production of an 46 

increasing amount of knowledge about worldwide freshwater resource availability and 47 

exploitation (Vörösmarty et al., 2013). Water use for human activities and the exportation of water-48 

hungry products in globalized supply chains (Dalin et al., 2017; Moran and Kanemoto, 2017), 49 

besides the consideration of the geopolitical implications of global water cycle modification, call 50 

for a better understanding of effective and potential consequences on water-dependent ecosystems. 51 

More than 50% of the major river basins on Earth are threatened by pollution and disturbance 52 

of natural flow regimes, with damming, river fragmentation and consumptive water use among the 53 

main causes of biodiversity loss (Vörösmarty et al., 2010). Notwithstanding, estimations of global 54 

river threats and biodiversity status are often partial, since small streams are barely captured by 55 

global statistics, despite being generally more sensitive to anthropic pressures. High resolution 56 

global surface water availability models are nowadays of great importance (Pekel et al., 2016) and 57 

the refinement of methods to assess freshwater requirements of ecosystems and biodiversity is 58 

needed (Janse et al., 2015; Pastor et al., 2014). 59 

Life cycle assessment (LCA) is a service and product-oriented approach to global-scale analysis 60 

of supply chains for various impact categories, including water use. Impact indicators can quantify 61 

damage on the environment at the end of a cause-effect chain (i.e. endpoint impact on resources, 62 

human health, and ecosystem quality), or describe environmental mechanisms occurring prior to 63 

the endpoint (i.e. midpoint). Characterization factors are developed to convert inventory data (e.g. 64 

m3 of water consumed per unit of product) to the corresponding impact indicators. Depending on 65 
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the type of impact, characterization factors may consider physical change of local environmental 66 

conditions caused by a stressor (fate factor), the exposure of sensitive targets (exposure factor), 67 

and any related adverse effects (effect factor). 68 

AWARE, a consensus model for water use impact assessment in LCA, proposed by the UNEP-69 

SETAC Life Cycle Initiative working group on water use in LCA (WULCA), includes 70 

environmental water requirements (EWR) in the quantification of available water remaining for 71 

life cycle impact assessment (LCIA) midpoint characterization (Boulay et al., 2018). Pfister et al. 72 

(2009) developed endpoint characterization factors for freshwater consumption impacts on net 73 

primary productivity (NPP) of vascular plants as a proxy for species loss. The model proposed by 74 

Verones et al. (2017, 2013a, 2013b) quantifies potential biodiversity impacts for birds, amphibians, 75 

reptiles and mammals in wetlands. Existing LCIA models for riverine species based on species-76 

discharge relationships (Hanafiah et al., 2011; Tendall et al., 2014) have limitations in capturing 77 

changes in river communities because they do not consider the different responses that species 78 

adapted to different habitats have to river flow reduction or increase (Damiani et al., 2019, 2018). 79 

All these models address furthermore the need for regionalized characterization factors, further 80 

raised, for instance, with recent LCA application at the territorial scale (Loiseau et al., 2018; 81 

Nitschelm et al., 2016), and should ultimately be coupled with spatially explicit information on 82 

water supplies (Leão et al., 2018). 83 

Modeling at watershed spatial resolution is consistent with widely employed water management 84 

practices for river ecosystems protection (Palmer et al., 2009). LCIA should therefore aim at 85 

providing global, regionalized models based on mechanistic approaches applied at watershed and 86 

sub-watershed levels. At present, no operational mechanistic model to assess water consumption 87 

impacts on stream ecosystems is available at the global scale (Damiani et al., 2018; Núñez et al., 88 
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2016). A high-resolution midpoint impact indicator of habitat change potential (HCP) based on 89 

freshwater physical habitat suitability for fish species, fish guilds and benthic macroinvertebrates 90 

has recently been proposed (Damiani et al., 2019). HCP quantifies the potential change in available 91 

habitat quantity on a river and watershed scale as a result of water consumption, taking into account 92 

the habitat preferences of freshwater fish and invertebrate species. However, the model is only 93 

applicable to the French river network and a worldwide extension needs to be investigated. The 94 

present study builds on this approach proposing a method for the development of characterization 95 

factors for water consumption impacts on freshwater instream ecosystems, to be implemented 96 

worldwide. 97 

The availability of global data required to apply the habitat suitability equations adopted in the 98 

local French mechanistic approach is first evaluated. Based on available databases, missing 99 

variables are identified, namely topographical, hydrological and hydraulic. The high-resolution 100 

HCP model is then simplified to reduce complexity of input variables and to adapt to their 101 

availability. Variables are subsequently calculated from existing models to allow implementation 102 

outside France. An application of the new HCP model (referred to as generalized or global HCP 103 

throughout the article) on the European continent and the Middle East is then demonstrated and 104 

discussed. Characterization factors are calculated at the river reach scale and then aggregated at 105 

watershed scale. Results are compared with those of the original local model applied in France and 106 

a case study on European agricultural production is presented to show potential similarities and 107 

dissimilarities between the generalized HCP model and the AWARE model, since it is the only 108 

(proxy-) midpoint method actually including water demand for river ecosystems in the 109 

characterization and providing regionalized characterization factors for watersheds worldwide.  110 
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2. MATERIALS AND METHODS 111 

2.1 Habitat change potential at river reach scale 112 

Characterization factors based on HCP were computed from Equation (1) (taken from Damiani 113 

et al., 2019), where CFi is the characterization factor at river reach i. FF is the fate factor calculated 114 

as the ratio between the difference in river discharge dQ (m3/s) for each cubic meter of 115 

consumptive water use dCWU and it is assumed to be equal to 1 (Hanafiah et al., 2011). EF is the 116 

effect factor represented by habitat change potential HCP in m2 s/m3 (change in m2 suitable habitat 117 

quantity induced by river discharge alteration in m3/s), then CF = HCP. In Damiani et al. (2019), 118 

the authors calculated HCP from seventeen multivariate habitat suitability equations 119 

corresponding to four fish guilds with different habitat preferences, eight fish species where some 120 

of them at different stage of development (i.e. alevin, juvenile, adult; Lamouroux and Capra, 121 

2002), and a generic equation for benthic macroinvertebrates. 122 

CFi = FFi ∙ EFi =
d𝑄i

d𝐶𝑊𝑈i
∙ HCPi (1) 

HCP values were aggregated at reach scale to facilitate their use in LCIA, resulting in two 123 

indicators, one of which gathers guilds and invertebrates HCPs. For a global application of the 124 

model, we adopted the latter since we assume it summarizes a sufficiently large spectrum of habitat 125 

preferences without referring necessarily to particular species for which the distribution would be 126 

uncertain (see Table S1 in Supporting Information – SI – for guilds characteristics). Nevertheless, 127 

in the aggregated characterization factor, fish species favoring shallow and running waters 128 

dominate the overall characterization factor since their habitat is more sensitive to water quantity 129 

alteration. 130 
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Data availability at the global scale is a major constraint for a worldwide application of the HCP 131 

model. In Table 1 input variables of the local HCP model are listed. 132 

Table 1. Variables required to run the HCP model of Damiani et al. (2019) 133 

Reach Variable Unit 

Upstream catchment area (A) km2 

Slope (S) % 

Strahler order (O)  

Width (calculated from Q, A, S and O) m 

Depth (calculated from Q, A, S and O) m 

Substrate particle diameter mm 

Inter-annual average discharge (Q̅) m3/s 

Inter-annual natural Median daily 
discharge (Q50) m3/s 

Inter-annual low flow discharge daily 
percentile (Q90), over which daily 
discharge is 90% of the time 

m3/s 

 134 

The model applied in France in Damiani et al. (2019) is based on the French theoretical 135 

hydrographical network (RHT, Pella et al., 2012) which has a resolution of the order of meters and 136 

provides all input variables needed to quantify habitat change potentials. Data in Table 1 with the 137 

same spatial precision are currently not available globally. The products derived from the 138 

HydroSHEDS database at 15 arc-sec (≈ 500 m at the equator) represent, to our knowledge, the best 139 

available option in terms of spatial resolution of river segments and global coverage (Lehner and 140 

Grill, 2013), but hydrological, hydraulic and topographical information are seldom associated to 141 

such datasets with the same accuracy as in the RHT network. 142 
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2.2 Modeling regionalized HCPs worldwide 143 

The difficulty in deriving data at the river reach scale for substrate composition and especially 144 

for flow magnitudes hinders the global parameterization of HCP (e.g. flow exceedance probability 145 

for Q50 and Q90 was calculated from daily streamflow data in the RHT network). For this reason, 146 

a generalization of the local HCP model was developed to reduce the data requirements shown in 147 

Table 1. Subsequently, input variables of the simplified model were calculated for European and 148 

Middle Eastern river segments and the results of HCP characterization at reach were aggregated 149 

at watershed scale (Figure 1). 150 

 151 

Figure 1. Logical approach for the characterization of habitat change potential at the global scale, 152 

demonstrated on European and Middle Eastern rivers  153 
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2.3 Extrapolation of a generalized HCP model 154 

Habitat change potential was quantified on French rivers for Q50 and Q90, representing median 155 

and low flows respectively. The discharge-dependent input variable of the LCIA model, which is 156 

directly altered by water consumption, is the Reynolds number Re, calculated as the ratio between 157 

river discharge Q and the product of water viscosity v (considered equal to 10–6 m2/s) and river 158 

width W.  To avoid working with high values, Re is multiplied by 10–7 (Damiani et al., 2019; 159 

Lamouroux and Capra, 2002; Lamouroux and Souchon, 2002). Non-linear least squares analysis 160 

was used to fit a power model to HCP results for Re at Q50 and Q90 (Equations (2) and (3)). Model 161 

fitting was carried out in R (R Core Team, 2016; RStudio Team, 2016). When modeling HCP for 162 

the world’s rivers, defining where and in which period of the year median and low flow conditions 163 

occur is not straightforward. To solve this, an equation was derived by fitting the model on Q50 164 

and Q90 HCPs together, ranging from -1.8 to 22 396.3 m2 s/m3 (Equation (4)). The residuals root-165 

mean-squared errors (RMSE) indicate that the average spread of sample data around the regression 166 

line is lower than 0.5% of the HCP range for the three equations and can thus provide a measure 167 

of the goodness of fit of the simplified models. 168 

𝐻𝐶𝑃𝑄50 = 0.439 ∙  (
𝑄50

𝑣 ∙ 𝑊50
)

−1.053

 RMSE = 50 (2) 

𝐻𝐶𝑃𝑄90 = 0.669 ∙  (
𝑄90

𝑣 ∙ 𝑊90
)

−0.998

 RMSE = 108 (3) 

𝐻𝐶𝑃𝑄50−90 = 0.614 ∙  (
𝑄

𝑣 ∙ 𝑊
)

−1.008

 RMSE = 86 (4) 

In case precise determination of flow exceedance probability is available at the scale of a river 169 

segment, Equation (2) and (3) are preferable, otherwise, and for the present study, the HCPQ50-90 170 

equation was used to calculate characterization factors in Europe and the Middle East. 171 
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Nonetheless, as shown in Figure 2, results of the three models are not dissimilar, with HCPQ90 and 172 

HCPQ50-90 almost overlapping for high HCP values, and the three curves converging as flow 173 

increases. 174 

 175 

Figure 2. Power models describing HCP variation with Reynolds number. Curves fitted on HCP 176 

values at Q50 and Q90 in French rivers 177 

2.4 HCP global model’s input variables and application at reach scale 178 

As demonstrated by the simplified HCP Equations (2), (3), (4), HCP can be calculated globally 179 

from river discharge and width. At present, global flow data estimated at watershed scale are 180 

available (WaterGAP, Alcamo et al., 2003; Döll et al., 2003), a global dataset have been recently 181 

derived from WaterGAP for discharge at river segment scale (Linke et al., 2019), but yet no Q50 182 

and Q90 data are available. A regression model to estimate mean, annual streamflow was recently 183 

proposed based on empirical data from globally distributed gauging stations (Equation (5), adapted 184 

from Barbarossa et al., 2017). 185 

HCPQ50
HCPQ90
HCPQ50-90
HCPQ50-France
HCPQ90-France

0.0001 0.001 0.01 0.1 1
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𝑄it = 109.066 ∙ 𝐴i
1.018 ∙ 𝐻i

−0.509 ∙ 𝑆i
0.464 ∙ 𝑃it

2.070 ∙ 10−0.038∙𝑇it (5) 

To improve temporal resolution of existing datasets, in this study, this model was used to 186 

calculate discharge at reach i and month t from the input parameters, listed in Table 2 along with 187 

the data sources used. 188 

Table 2. Input data for discharge calculation at river reach (adapted from Barbarossa et al., 2017) 189 

Variable Unit Data source Reference 
Resolution 

Spatial Temporal 

Drainage area 
(A) m2 

A simple global river 
bankfull width and 
depth database 

Andreadis et al., 
2013 15 arc-sec - 

Altitude (H) m HydroSHEDS 
Lehner and 
Grill, 2013 15 arc-sec - 

Slope (S) (°) HydroSHEDS 
(calculated) 

Precipitation (P) m/s WorldClim Fick and 
Hijmans, 2017 30 arc-sec Month 

Temperature (T) °C WorldClim 

 190 

Drainage area was taken from the hydraulic geometry dataset of Andreadis et al. (2013) where 191 

catchment surface values are associated to each river segment present in the HydroSHEDS 15 arc-192 

sec hydrographic network with river segments in desert areas masked out. Minimum, maximum 193 

and average altitudes were attributed to each segment based on the HydroSHEDS digital elevation 194 

model (DEM) at 15 arc-sec. Reach length was also calculated to be able to derive average slope in 195 

degrees according to Equation (6). A factor of 0.5 which is half of the resolution of the DEM, was 196 

added to Equation (6 to avoid zero values of slope that would result in zero discharge. It was 197 

therefore implicitly assumed that with a slope equal to zero, river reach discharge is fed by 198 

upstream water inertial flow. 199 
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𝑆𝑙𝑜𝑝𝑒i = arcsin (
𝐻i 𝑚𝑎𝑥 − 𝐻i 𝑚𝑖𝑛 + 0.5

𝐿𝑒𝑛𝑔𝑡ℎi
) ∙ (

180
𝜋

) (6) 

Precipitation and temperature were derived from the WorldClim database at 30 arc-sec 200 

resolution. Considering that the dataset provides climatic data with a monthly resolution, 201 

streamflow values (Q) were calculated for each month t, substituting monthly values of P and T in 202 

Equation (5. All spatial geoprocessing was carried out using SAGA and QGIS (Conrad et al., 2015; 203 

Quantum GIS Development Team, 2017). 204 

Currently no global databases are available including width (W) at the reach scale for monthly 205 

discharge values. However, hydraulic geometry relationships between discharge, width, depth and 206 

velocity have been described extensively and, with some approximation depending on the chosen 207 

method, can be computed by models that remain valid worldwide (Leopold and Maddock, 1953; 208 

Park, 1977; Rhodes, 1978). In particular, Morel et al. (2020) collected most of the hydraulic 209 

geometry data available at the scale of stream reaches. They found high intercontinental similarity 210 

in hydraulic geometry models between France and New Zealand, suggesting that their results can 211 

be applied globally. Here, to provide global hydraulic geometry relationships that represent 212 

variations in width W in space (among reaches) and time (with discharge Q), we used a 213 

combination of the “downstream” (in space) and “at-a-station” (in time) formulations of hydraulic 214 

geometry of Leopold and Maddock (1953), following the approach of Lamouroux and Souchon 215 

(2002) and Morel et al. (2020) (Equation (7)): 216 

𝑊it = [ad ∙ �̅�i
bd] ∙ [

𝑄it

�̅�i
]

b

 (7) 

where ad and bd are the “downstream” hydraulic geometry parameters for width, and b is the “at-217 

a-station” exponent that describes variations with discharge. We fitted these three parameters to 218 
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the data from 1304 reaches of France and New Zealand available in Morel et al. (2020), giving ad 219 

= 7.482, bd = 0.477, and b = 0.148. 220 

To demonstrate the applicability of the global HCP model at the reach scale, habitat change 221 

potential was quantified on 449 508 river segments covering Europe and the Middle Eastern 222 

regions. Since all variables were calculated on rivers derived from SRTM-based datasets (NASA's 223 

Shuttle Radar Topography Mission), such as HydroSHEDS, the dataset is limited to rivers below 224 

60°N latitude (taken from Andreadis et al., 2013). The original model developed for French rivers 225 

has limited relevance for high flow periods and, in consequence, the derived global model as well. 226 

Global HCP was calculated using Equation (4) on a monthly basis because for a large-scale 227 

application it is not possible to determine high, median and low flows in regions with different 228 

climate and hydrological conditions. For this reason, it is not possible to exclude some months a 229 

priori from the characterization. This choice is further discussed in section 4. 230 

2.5 HCP aggregation at watershed scale 231 

Regionalization of characterization factors is necessary because in LCA it is difficult to obtain 232 

the detail of local water withdrawal and release, especially for background activities and pre-233 

compiled processes in existing databases, where only average national values are usually available. 234 

With regard to the HCP model, the optimal spatial resolution should be a trade-off between habitat 235 

model uncertainties at the local scale and HCP spatial variability (Damiani et al., 2019). HCP 236 

modeling at watershed level could be the best option in this sense. Reach HCPs were thus 237 

aggregated according to watershed boundaries defined in the HydroBASINS dataset (Lehner and 238 

Grill, 2013) at level 03 and 04 (HB03, HB04), assigning to each river segment the Pfafstetter codes 239 

corresponding to the respective watersheds. The formula used for the aggregated characterization 240 
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factor at watershed (CFwt) was taken from Damiani et al. (2019) where the ratio between individual 241 

length of river segments and the total length of all catchment rivers is the weighting factor for 242 

HCPs calculated at reach that are subsequently summed up in an aggregated score. However, since 243 

high stream order rivers are not included in the European database (Strahler order 1 and part of 244 

Strahler order 2), we chose to also aggregate based on average river water volume V (m3) per 245 

month t residing in each river segment, as in Equation (8): 246 

𝐶𝐹wt = 𝐹𝐹wt ∙ 𝐸𝐹wt =
d𝑄wt

d𝐶𝑊𝑈wt
∙ ∑ 𝐻𝐶𝑃it

n

i=1
∙

𝑉it

∑ 𝑉it
n
i=1

 (8) 

where water volume is the product of width W, depth D and length. It was therefore necessary 247 

to calculate monthly river depth D, by means of Equation (9), following the same reasoning of 248 

Equation (7): 249 

𝐷it = [cd ∙ �̅�i
fd] ∙ [

𝑄it

�̅�i
]

f

 (9) 

where cd and fd are the “downstream” hydraulic geometry parameters for depth, and f is the “at-250 

a-station” exponent (cd = 0.340, fd = 0.259, f = 0.292 from the data in Morel et al., 2020). The 251 

difference between length and volume weighting is that the first method implies equal weight for 252 

all reaches in the drainage basin and missing high order streams would likely bias the result of the 253 

characterization. In the latter the quantity of water that a river provides to the drainage basin is the 254 

weighting factor. This implies the assumption that the water consumed within a watershed has 255 

higher probability of being withdrawn from rivers with higher volume of available water. 256 

After aggregation, the outputs of the generalized model were compared to those resulting from 257 

the French model to test results consistency. Four watersheds entirely included into French borders 258 

were taken into account. Q90 and August characterization factors were compared for the local and 259 

the generalized model respectively. According to the data used for HCP modeling in this study, 260 
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August is generally the driest month of the year, with exceptions such as in glacier-fed streams. It 261 

is therefore more likely to have low flows (Q90) occurring in this period of the year. 262 

2.6 Application to European agricultural water use 263 

The global, regionalized HCP model was applied to a case study to discuss its usability and 264 

interest for LCA. Agriculture alone is responsible for 70% of global water withdrawals (UNESCO 265 

and UN-Water, 2020), 40% in Europe (European Environment Agency, 2018). The impact of 1 266 

m3 water consumption for agricultural use according to available agricultural water supply mixes 267 

was assessed (WSmix, Leão et al., 2018). Calculations were made for selected European countries 268 

with agricultural water consumption greater than 1 000 million m3/year, including Turkey and 269 

Azerbaijan (SI, Table S4). Since the HCP model applies to surface water habitats, impact is 270 

calculated for the share of surface water in the WSmix. This encompasses generic surface water 271 

consumption data, spring water, inter-basin transferred water and reservoirs. Although, artificial 272 

impoundments per se are not directly covered by the HCP model which is more sensitive to habitat 273 

variation in streams, reservoirs were included because the differentiation between the two types of 274 

water sources was available for a few countries only, while in most cases the information is hidden 275 

in generic surface water use. Moreover, reservoir water is often used to maintain river flow in dry 276 

periods or when water demand is higher, and in this case can thus be considered as stream water, 277 

except that abstraction is delayed in time. National annual average HCPs were calculated from 278 

watershed HCPs of each country and compared with the AWARE CFs for agriculture at the same 279 

spatial and temporal resolution. AWARE quantifies available water remaining after the demand 280 

of humans and aquatic ecosystems has been met (Boulay et al., 2018). Since Spain had the best 281 

detail on watershed and sub-watershed WSmixes among selected countries in Leão et al. (2018), 282 
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comparisons between HCP and AWARE were also made at watershed scale for Spanish river 283 

basins to discuss spatial scale choices for HCP characterization (SI, Table S5). 284 

3. RESULTS AND DISCUSSION 285 

3.1 HCP modeling at reach and watershed scale 286 

The mean annual streamflow model applied to European rivers and adjusted with monthly 287 

climatic data, allows estimating the seasonal variability in river discharge along the year, deriving 288 

from rainfall and temperature. Figure 3 represents the detail of monthly Q and HCP distribution in 289 

the selected rivers excluding extreme values (R robustbase package for skewed distributions, 290 

Hubert and Vandervieren, 2008). Outliers are not represented because of the size of the data sample 291 

and the high variability of European and Middle Eastern climatic conditions and river regimes. 292 

The latter would result in extremely low discharge values for small rivers in dry periods (e.g. small 293 

streams in the Mediterranean region and the Middle East) and six orders of magnitude greater 294 

flows in big rivers during wet months (e.g. in major rivers of continental Europe). For each month, 295 

streamflow distribution is right skewed with maximum median and average values of 1.03 m3/s 296 

and 61.58 m3/s respectively (both in December), reflecting the predominance of small streams in 297 

the modeling dataset. 298 

A reduction in river discharge in dry months is associated to a lower average Reynolds number 299 

in river reaches and therefore to higher habitat change potential for those habitats more likely to 300 

be damaged by water deprivation (shallow and well oxygenated running waters). Figure 3 confirms 301 

the lower availability of water in summer months and the associated higher habitat sensitivity to 302 

water consumption. In wet season, indicatively from November to April, 95% of European rivers 303 

included in the study fall between discharge values of 0 and 299.6 m3/s.  From May to October Q 304 
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is between 0 and 37.4 m3/s. The derived HCP is comprised between 0 and 4 070.9 m2 s/m3 in wet 305 

months and between 0 and 13 352.9 m2 s/m3 in dry season (see SI, Tables S2 and S3). 306 

 307 

Figure 3. Monthly discharge Q in European rivers (a) and HCP characterization factors 308 

distribution (b) 309 

Figure 4 illustrates HCP in European and Middle Eastern reaches in January and July. 310 

Characterization factors of the other months are shown in SI, Figure S1. The results highlight an 311 

increase of habitat change potential in dry season, especially in the Mediterranean region and 312 

diffusely in arid areas of the Middle East and the Caspian Sea (Kazakhstan, Turkmenistan, Iran). 313 

Dark grey-shaded river segments are those where the HCP model cannot be applied for different 314 
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reasons. Overall, HCP greater than 25 000 m2 s/m3 were considered outside the validity range of 315 

the habitat model, according to the scores obtained in the local HCP model (Damiani et al., 2019) 316 

from which the generalized model was derived. The maximum amount of such values was 317 

observed in August for 44 860 river segments corresponding to 10% of the total. These streams 318 

are located essentially in the Middle East and in desert regions, corroborating the non-applicability 319 

of the model since it has been developed from river ecosystems pertaining to different climatic 320 

regions and hydrological conditions. 321 

A characterization factor is also not quantifiable in rivers where discharge is equal to 0. 322 

According to the formula used to quantify Q, described in section 2, this may happen for two 323 

reasons. The first one is for reaches that are not sustained by runoff fed from rainfall and that cease 324 

to flow periodically (Figure 4b). In the modeled dataset this applies to 12.8% of river segments 325 

maximum in September, mostly in arid and desert areas. In this case, the global HCP model is not 326 

applicable since rivers dry out and no habitat is present. Moreover, it should be considered that the 327 

uncertainty deriving from applying the characterization model on non-perennial rivers, such as 328 

those represented in Figure 4a and masked out in Figure 4b in the Arabian Peninsula, is high. In 329 

Figure 3, the peaks in HCP values in May and October is due to the fact that precipitation and thus 330 

a modest value of discharge can be attributed to these rivers at the two boundaries between wet 331 

and dry season, resulting in high HCP extremes (SI, Table S3 and Figure S1). However, 332 

ecosystems of intermittent and ephemeral rivers are still the subject of extensive research (Leigh 333 

et al., 2016) and, although potential physical habitat availability can be represented by the HCP 334 

indicator, these streams are characterized by specific ecological mechanisms that cannot be 335 

exhaustively described by the HCP model. 336 
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Discharge, and therefore HCP, could not be attributed also in river segments where the altitude 337 

is equal to or lower than 0. These conditions are distinctive in estuarine and brackish areas that are 338 

out of the scope of the HCP model. Even if fish species are not taken into account, impact of water 339 

use on wetland ecosystems is covered by the models proposed by Verones et al. (2013a, 2013b) 340 

which can be therefore complementary to our model. 341 

 342 

Figure 4. Habitat change potentials in a) January and b) July  343 

a

b

HCP (m2 s/m3) 
0.1 – 4
4 – 16
16 – 31
31 – 49
49 – 71
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NA
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3.2 Watershed characterization factors 344 

Aggregated characterization factors at watershed level reflect the outcomes of reach-scale HCP 345 

with higher values during summer months in Mediterranean and arid regions for both aggregation 346 

formulas tested on river lengths and volumes (the latter applied in Figure 5). Higher level 347 

aggregation at HB03 averages the impact of smaller, contiguous sub-watersheds resulting overall 348 

in lower HCP scores. Outcomes of both aggregation methods highlight a decrease of HCP values 349 

when volume weighting is performed, as shown in Table 3. 350 

 351 

Figure 5. Aggregation of reach-scale HCPs based on water volumes in a) January, HB04; b) July, 352 

HB04; c) January, HB03; d) July, HB03  353 

a b

c d
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3.3 Consistency analysis 354 

In French watersheds at HB04, the comparison between aggregated HCPs on length in the local 355 

model and in the present study showed six times smaller HCP deriving from the generalized model. 356 

This is due to the fact that small, high order streams are missing in the European database (Strahler 357 

orders 1 and 2 with higher HCP) but not in the detailed French RHT network. Moreover, the 358 

relative magnitudes of the characterization value between watersheds are different in both models. 359 

Aggregation on volume is therefore preferable as the relationships between watersheds remain 360 

consistent and the ratio between local and generalized CFs is decreased to two times when high 361 

order streams are taken into account. Recalculating aggregated CFs from the local French model 362 

excluding river segments with Strahler order 1 and 2, resulted in further reducing the discrepancy 363 

with global HCP scores for France, showing very close characterization factors (Table 3). In 364 

absolute terms, these differences are far below the root-mean-squared error associated to the 365 

generalized model in equation (4). Uncertainty resulting from deriving a generalized model from 366 

a spatially limited one, can be attenuated if at-reach characterization factors are aggregated at 367 

watershed scale. Notwithstanding, on a continental scale the deviation of generalized CFs from 368 

local CFs is negligible, as demonstrated in Figure 6 for aggregated HCPs.  369 
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Table 3. Comparison between aggregated HCP scores (m2 s/m3) for French watersheds from the 370 

local model (Q90) and the generalized, global characterization model applied to European river 371 

basins (July) 372 

Pfaf HCPl  HCPv HCPl 

FR/EU 

HCPv 

FR/EU 

HCPv 

FR/EU  
(FR St>1) 

HCPv 

FR/EU  
(FR St>2) 

FR 

HCPl/ 
HCPv 

EU 

HCPl/ 
HCPv 

FR EU  FR FR 
St>1 

FR 
St>2 

EU 

2321 710.2 144.4  65.8 34.0 25.1 33.8 4.9 1.9 1.0 0.7 10.8 4.3 

2322 898.8 126.1  72.6 38.6 28.5 26.9 7.1 2.7 1.4 1.1 12.4 4.7 

2323 784.4 153.7  109.5 67.0 47.6 73.9 5.1 1.5 0.9 0.6 7.2 2.1 

2324 526.6 99.7  44.4 22.4 17.0 18.8 5.3 2.4 1.2 0.9 11.9 5.3 

 x̅ 5.6 2.1 1.1 0.8 10.5 4.1 

Pfaf: Pfafstetter code from HydroBASINS; St: Strahler order; FR: local French model; EU: 373 
global model at the European scale; HCPl: HCP length l weighting; HCPv: HCP volume v 374 
weighting 375 

 376 

Figure 6. Characterization factors for European watersheds with the detail of French watersheds 377 

HCP calculated using the generalized (July) and the local model (Q90), including high order 378 

streams  379 

+ Local model FR

* Global model FR

° Global model EU

1e+01 1e+03
log(HCP) m2s/m3
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3.4 HCP and AWARE for agricultural water use 380 

When comparing AWARE and HCP it should be kept in mind that indicator units are not the 381 

same. While AWARE CFs are dimensionless, the HCP model quantifies the potential alteration in 382 

habitat surface (m2) for marginal discharge change (m3/s). At country scale, the most evident 383 

difference between both characterization approaches depicted in Figure 7a is the country where 384 

consuming 1 m3 of water for agriculture has the greatest impact. AWARE indicates Azerbaijan as 385 

the most impacted country, while the highest HCP is attributed to Greece. This is due to intrinsic 386 

differences of both models. AWARE represents available water remaining net of water demand 387 

by humans and ecosystems (Boulay et al., 2018). As a result, high surface water demand in 388 

Azerbaijan (SI, Table S4) is likely to increase the AWARE score compared to countries where 389 

human water demand is less intense. On the contrary, HCP indicates habitat sensitivity to water 390 

consumption regardless of the use and it is rather dependent on topographical and climatic 391 

conditions. CF for Greece appears therefore higher and heavily influenced by HCP of insular areas 392 

(e.g. Figure 4 and Figure 5). When the water mix is not taken into account and the impact is 393 

allocated on all water sources indifferently, outcomes for Greece are closer in both models (SI, 394 

Figure S2). In Ukraine, a relatively large water demand is the main reason for the difference 395 

between AWARE and the HCP score, according to which stream habitats appear to be less 396 

sensitive to consumptive water use. 397 

When corresponding inventory data are available, impact assessment can be brought to 398 

watershed level as illustrated in Figure 7b. The same concept discussed above applies to Spanish 399 

river basins where the Ebro is the most stressed according to AWARE and the Tinto-Odiel-Piedras 400 

catchment shows the highest habitat sensitivity. The HCP value for the Ebro stimulates reflection 401 

on the spatial scales used for HCP aggregation. Values for the Ebro, as well as for other sensitive 402 
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Spanish river basins such as the Jucar or the Segura included in Figure 4, were averaged with reach 403 

characterization factors of Southern France at HB04 scale (Figure 5). In critical regions, a narrower 404 

spatial resolution could be beneficial to catch the detail of particularly vulnerable watersheds that 405 

would otherwise be lost using large scale characterization factors. 406 

 407 

 408 

Figure 7. Impact of 1 m3 consumption of surface water for agriculture according to AWARE and 409 

HCP characterization models at a) country level and b) watershed scale in Spain 410 

4. CONCLUSIONS AND RESEARCH OUTLOOK 411 

Impact assessment of water consumption through habitat change potential modeling on 412 

individual river segments represents an advancement in terms of environmental relevance and 413 

spatial resolution of water consumption LCIA models. This study demonstrates the transferability 414 

of a high-resolution local HCP model at the continental scale and the validity of the chosen 415 

approach. The new model can be used to develop global characterization factors. Results at reach 416 

scale highlighted the importance of including small streams in the assessment, since they are the 417 

most sensitive to water volume change, and the habitats they harbor are therefore more likely to 418 

be affected by consumptive water use. 419 
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Even if LCA inventories frequently do not support this level of detail, high-resolution 420 

characterization could highlight the uncertainty derived from ignoring spatial variability when 421 

characterizing at lower spatial resolution. On the other hand, if spatially resolved inventory data 422 

are used lower uncertainty could be achieved. 423 

In order to facilitate the operationalization of the generalized HCP model, aggregation at 424 

watershed has been carried out. However, in regions where HCP at reach is higher, a more refined 425 

spatial resolution is preferable. On the contrary, for large watersheds in less vulnerable regions, 426 

for instance in Central European river basins, a high level of detail would probably be excessive 427 

and counter-productive in terms of inventory data availability. To allow applicability of the HCP 428 

model in the short-term, country HCPs can be easily calculated and, even if important details at 429 

the watershed scale may be missing, results can be compared with those deriving from existing 430 

models such as AWARE. In addition, some interesting differences were highlighted between both 431 

models demonstrating the interest of HCP characterization as a complementary indicator focused 432 

specifically on assessing impacts on freshwater habitats. 433 

The importance of linking inventory data and impact assessment refers as well to the 434 

characterization of water consumption from a temporal point of view. For instance, in the example 435 

discussed above, annual average CFs were associated to annual WSmix. Monthly CFs are 436 

available, but the same detail is not provided by current water consumption data in inventories. 437 

Moreover, reservoir water has been included in generic surface water consumption. However, 438 

reservoirs can be used to ensure sufficient supply of water volumes needed for human activities 439 

and ecosystems in dry season, mitigating water shortage in downstream rivers, which is not taken 440 

into account in current models (neither in AWARE nor in the HCP model). Nonetheless, river 441 
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regulation and inter-basin transfer may involve non-marginal changes in river environmental and 442 

ecological conditions that would not be covered by the HCP model as it is. 443 

Concerning the temporally resolved assessment of HCP, it should also be considered that the 444 

HCP model does not apply to all flow magnitudes. Consequences of a high flow period on 445 

freshwater habitats are different than during low flows. Calculating monthly HCP has been 446 

necessary because it is not possible to define locally when low and high flows occur. However, 447 

monthly discharges used to compute HCP can be still considered averages and therefore high flow 448 

peaks are flattened. An alternative to modeling monthly CF would be to derive median and 449 

minimum discharge for each river segment as a proxy for Q50 and Q90, and use the resulting HCP 450 

for the wet and the dry season respectively, as done in Damiani et al. (2019). This solution could 451 

also be compared with HCPs from average and minimum discharge modeled in other existing 452 

databases (e.g. Linke et al., 2019). Notwithstanding, the HCP value for high discharge is extremely 453 

low and yet likely to be overestimated because deriving from fitting a model on median and low 454 

flow HCPs. In addition, given the temporal resolution of HCP being monthly, this is not likely to 455 

occur frequently, assuming high flow peaks do not tend to last longer than a couple of weeks. 456 

Furthermore, inventory data are currently not likely to reflect temporal resolutions beyond 457 

trimestral or seasonal resolution and will in most cases be annual averages. Uncertainty deriving 458 

from including potential high flow periods in the characterization is therefore likely to be 459 

negligible in practice. 460 

It is also important to mention that water consumption LCA could fully take advantage of 461 

temporal and spatial quantification of water consumption inventory data and impact 462 

characterization, only if inventory and effects are linked by a mechanistic fate factor describing 463 
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water balance variations in different environmental compartments following withdrawal (e.g. 464 

aquifer, river, soil; Núñez et al., 2018). 465 

As a long-term perspective, a mechanistic pathway linking water consumption to a fate factor 466 

and an effect factor based on HCP allows reach-scale, mechanistic, endpoint impact modeling 467 

when combined with information on the biological context at the reach scale. This could include 468 

the presence or absence of species or functional guilds adapted to a certain hydraulic habitat 469 

(considering also their economic, social, and cultural values). A reduction in river discharge in dry 470 

months results in lower average Reynolds number in river reaches and in higher HCP for those 471 

habitats, and therefore those species, more vulnerable to water volume alteration. Ecohydrological 472 

habitat models at the root of the HCP model are derived from empirical, species abundance data. 473 

Relating habitat availability to predicted sensitive species abundance and density, which is 474 

currently subject of extensive research (Lamouroux and Olivier, 2015; Mérigoux et al., 2015), 475 

could allow developing LCIA indicators of potential abundance when hydraulics is the limiting 476 

factor. In addition, regarding hydraulic modeling of river habitat, width and depth equations used 477 

in the present study are discharge dependent but can be improved including geomorphological 478 

variables, as for instance catchment slopes, geology or landcover (Morel et al., 2020). 479 

With the purpose of developing global endpoint models based on freshwater habitat change 480 

potential, it is even more crucial to define the range of validity of the model. In the present study, 481 

HCP values greater than 25 000 m2 s/m3 were excluded. These were mostly associated with streams 482 

in arid and desert regions that are most likely characterized by ecological conditions different from 483 

those on which the HCP model is based. These rivers are predominantly intermittent and identified 484 

calculating discharge at monthly resolution. A better, global characterization of intermittent 485 

streams from a hydrologic and ecological perspective would certainly improve the applicability of 486 



 29 

the model in the most arid areas. To limit HCP outliers, the possibility to apply the model on a 487 

minimum discharge threshold could also be investigated, based on hydrology, water users, 488 

demographics, or water management policies adopted in certain regions. 489 

It should also be considered that the generalized model has been developed based on local HCP 490 

calculated using habitat preference equations for species that are not ubiquitous. However, it is 491 

assumed that hydrological and hydraulic conditions within validity of the HCP model would 492 

globally determine the establishment of comparable habitats and the presence (or absence) of 493 

species with convergent behavior and habitat preferences (Lamouroux et al., 2002), allowing to 494 

define species archetypes to apply the HCP model at the global level for midpoint and endpoint 495 

LCIA. 496 
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