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a b s t r a c t

Trout farming is the main fish production system in France. This article describes a system to classify
trout farms based on environmental impacts calculated by life cycle assessment and technical and
economic indicators. Since the number of surveyed farms was too small for a robust assessment, we
combined principal component analysis (PCA) with a non-parametric bootstrap technique. French trout
farms were surveyed to collect technical and economic indicators. The representativeness of the survey
was verified by comparing it to a national inventory. Life cycle assessment was used to estimate envi-
ronmental impacts of farms and the contribution of each production stage to impacts. PCA was used to
evaluate both technical-economic and environmental indicators of the trout farms, which were sepa-
rated into three groups based on the size of fish produced (pan-size, large and mixed-size, and very
large). Non-parametric bootstrap was used to compare the groups and to test the significance of PCA
results. Results validated the fish-farm classification system based on the size of fish produced and
indicated that farm operations and fish feeding contributed the most to environmental impacts. The PCA
method distinguished three groups via their technical indicators, with non-significant differences among
the groups in environmental impacts. However, environmental indicators showed strong links with
technical and economic indicators. In conclusion, bootstrapped PCA offers the ability to assess groups of
trout production system when the sample size is too small and provides more conservative results by
considering uncertainty. Future studies should focus on providing reliable data to reduce uncertainty.

© 2014 Elsevier Ltd. All rights reserved.
1. Introduction

Trout farming is the main aquaculture production system in
France. It is primarily based on farming rainbow trout (Onco-
rhynchus mykiss) in flow-through systems, in which inlet water is
diverted from a river, passed once through the rearing tanks and
then returned to the river. All nutrients are provided by exogenous
formulated feed containing fish meal, fish oil and plant-based in-
gredients. Production is carried out in small (10 t/year) to large
farms (900 t/year). The farms have different production objectives
responding to different markets. For example, some farms produce
pan-sized trout or large trout for filets; other farms produce fish for
restocking rivers or ponds for angling. These different production
et hydrosyst�eme Spatialisa-
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strategies imply different practices (e.g., feed type, feeding man-
agement, oxygen supply, rearing densities, and water treatment).
The trout farms in France are spread widely throughout the coun-
try, but their number is small (around 600) comparing to livestock
systems. Since trout farming uses water of good quality, farm
practices and the quality of water at their outlets are watched
closely.

Despite the rapid growth of fish farming throughout the world
(mean increase of fish production volume of 12%/year in the last ten
years) (FAO, 2012), trout production decreased in France from
47 000 t in 1997 to 37 000 t in 2007 (Agreste, 2011). This production
suffers from economic competition from other aquatic products
and the application of water-quality regulations (e.g., European
Union Water Framework Directive), which can cause farmers to
abandon fish production. The decrease in the number of farms and
the corresponding decline in production led the French aquaculture
producer organization (CIPA) to assess the sustainability of French
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trout farming. To do so, different approaches were applied: devel-
opment of indicators of economic, social and environmental sus-
tainability; environmental assessment of farms based on biological
and chemical-physical measurements (Aubin et al., 2011); and life
cycle assessment (LCA). This paper focuses on the definition of a
trout-farm classification system using LCA indicators and certain
technical and economic indicators.

LCA is a holistic method designed to estimate potential impacts
associated with a product or service based on the resources
consumed and pollutants emitted into the environment at all
stages of its life cycle, from rawmaterial extraction to its end-of-life
(Guin�ee et al., 2002). It is an internationally accepted method
described in ISO standards (ISO 14040 (2006), ISO 14044 (2006)).
LCA has been adapted to fish farming (Papatryphon et al., 2004b)
and applied in several studies to estimate environmental impacts of
aquaculture in different contexts (Aubin, 2013; Cao et al., 2013;
Henriksson et al., 2012). Salmonid production has been studied in
particular, since it is common in Europe and North America.
Moreover, it is a simple and well-controlled rearing system which
fits with the industrial ecology rationale of LCA. Some studies about
salmon production have investigated different rearing and feeding
practices (Ayer and Tyedmers, 2009; Pelletier and Tyedmers, 2007;
Pelletier et al., 2009). Other studies have investigated trout pro-
duction (Aubin et al., 2009; Gronroos et al., 2006; Papatryphon
et al., 2004b; Samuel-Fitwi et al., 2013). All of these studies hel-
ped to understand the contribution of system components to
environmental impacts and showed the overwhelming influence of
feed composition and management. Nevertheless, these studies
were based on small numbers of farms.

To better understand the influence of rearing practices in trout
farming, Papatryphon et al. (2004b) classified production systems
into three classes according to the size of fish produced (pan-size,
large trout, and very large trout). They observed high variability in
the impact categories (relative variation ranged from 41% in biotic
resource use to 87% in energy demand). Moreover, variability in
impacts was associated with different production techniques; for
example, variation in eutrophication was related mainly to differing
feed efficiency among farms. However, the small number of farms
investigated (n¼ 8) did not allow broader conclusions. Asmentioned
by Henriksson et al. (2012), the number of farms investigated often
raises the question about the representativeness of aquaculture
systems in LCA. As a consequence, environmental assessment of fish
farms is relatively weak, making extrapolation of their potential
environmental impacts delicate. To better characterize heteroge-
neous populations, especially in agricultural and aquacultural pro-
duction, building classification systems is a commonpractice (Lazard
et al., 2010). These classification systems are often based on surveys
and statistical analysis, such as Principal Component Analysis (PCA).

PCA reduces the dimensionality of an observed dataset with
many correlated variables by transforming them into a new set of
variables, named principal components (PCs), which retain asmuch
as possible the variation of the observed dataset (Jolliffe, 2005). It is
used to extract the most important information from the dataset to
get an overview of it in a small number of dimensions (e.g., two or
three) described by their eigenvalues (measures of variation in
samples explained by the PCs), loadings (coordinates of original
variables in the PCs) and scores (coordinates of individuals in the
PCs). PCA is commonly used to represent the variability in observed
samples. However, a small sample size (n < 30) may not allow
conclusions to be extrapolated to the entire population when the
standard error of the mean is large (Berthouex and Brown, 2002).
Hence, the consideration of uncertainty in the results due to small
sample size is an important subject in statistical analysis. Indeed,
this type of uncertainty can be expressed with a confidence interval
(CI) or standard error (Luo et al., 2013; Melia et al., 2012).
Bootstrap sampling is a numerical method used to quantify
uncertainty due to random sampling errors without assumptions
about a variable's distribution (Efron, 1979). A bootstrapped sample
is created by randomly sampling from an observed sample
repeatedly. Bootstrap sampling can be applied, for example, to es-
timate the accuracy and stability of PCA results by providing a CI for
eigenvalues and loadings (Babamoradi et al., 2013; Daudin et al.,
1988; Timmerman et al., 2007). However, there are two short-
comings when using bootstrap-based PCA. First, the coordinates of
component loadings and scores are arbitrary (Jackson,1995; Jolliffe,
2005; Mehlman et al., 1995), which may overestimate the CI of
loadings (reflection). Second, PCs may have a similar eigenvalues in
a bootstrapped sample, which may change the order of PCs
compared to the observed sample (re-ordering) (Timmerman et al.,
2007). To address these problems, reflection and re-ordering cor-
rections are performed on each bootstrapped sample (more details
in Peres-Neto et al. (2003) and Babamoradi et al. (2013)).

In this study, we decided to bypass the problem of the small
sample size of trout farms by using non-parametric bootstrap. This
method has the advantage of being more robust than parametric
bootstrap when the distribution of observed data fails a normality
test. Therefore, to better understand the characteristics of French
trout farms, this study used PCA to validate a classification system
of French trout farms based on their types of commercial products.
This system classifies trout farms based on their estimated envi-
ronmental impacts and production techniques. The accuracy of PCA
results (CI) is evaluated with the bootstrap method.

2. Materials and methods

2.1. Sample survey and national inventory

A sample of 24 trout farms throughout France was selected based
on the size of fish produced, hydrogeological characteristics of the
environment, and farmer agreements. The farmswere surveyed from
2007 to 2011, recording data such as farm production (types and
quantities of products), farm inputs (types, quantities and origins,
especiallyof energysources, feed, juveniles, andwater), infrastructure
and equipment, and water quality (Aubin et al., 2011). Annual trout
production of the farms varied from 20 to 667 t. Farms were divided
into three groups according to the size of fish produced, as performed
by Papatryphon et al. (2004b): G1, pan-size trout (250e400 g); G2,
large and mixed-size trout (e.g., different sizes from 200 to 3000 g);
and G3, very large trout (>2000 g). The number of farms per group
was 5, 9 and 10, respectively. To check the representativeness of the
trout farm sample in the survey, we compared it to a classification of
trout farms (defined by the amount of feed consumed) available in a
2007 inventory of French trout farms (Agreste, 2009).

2.2. Life cycle assessment

LCA was conducted according to the four steps and general re-
quirements of the methodology proposed by ILCD (European
Commission, 2010). The methodology was adapted to characteris-
tics of fish farming. The goal and scope of this study is the envi-
ronmental assessment of trout farming in France at the farm scale
in order to adapt improvement strategies as a function of farm type.
The boundary of the production system mainly contains farm op-
erations, feed production (including ingredient production and
transportation), production of juveniles, infrastructure construc-
tion, equipment manufacturing, and production of medicines and
other inputs, such as liquid oxygen and energy carriers (Fig. 1).
Despite the existence of thousands of processes in LCA of trout
production, these processes are the most important contributors to
overall impacts, according to the literature (Aubin, 2013).
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The life cycle was defined up to the farm gate, and the functional
unit (impact calculation basis) was one t of raw fish. Emissions of
farm metabolic wastes (i.e., nitrogen and phosphorus compounds,
suspended solids) into the aquatic environment were calculated
using the mass-balance approach described by Papatryphon et al.
(2005) and adapted by Aubin et al. (2011) to take into account in-
ternal dynamics of waste inside the farm. Specific information
about feed ingredients came from Boissy et al. (2011). Economic
allocation was used to divide environmental burdens among co-
products in feed-ingredient production. Secondary data (e.g.,
transport and electricity use) were extracted from the ecoinvent v.
2.2 database. LCA impact categories were selected to address a
variety of environmental issues of fish farming. Climate change (kg
CO2-eq.), acidification (kg SO2-eq.), eutrophication (kg PO4-eq.)
were calculated using the characterization factors of CML2 baseline
2000 v. 2.03 (Guin�ee et al., 2002). To consider the contribution of
fish farming to land use, we selected a land occupation (m2*y) in-
dicator. Energy use of fish farming (energy demand (GJ)) was
calculated according to the Cumulative Energy Demand method, v.
1.03 (Frischknecht et al., 2005). Water requirements of the activity
(water dependence (m3)), including water consumption and water
passing through the fish farm, was calculated according to Aubin
et al. (2009). Net Primary Production Use (NPPU) (t C), which in-
dicates the pressure of fish farming on biotic resources (especially
marine resources), was calculated according to Papatryphon et al.
(2004b). These LCA impact categories were selected based on
previous studies and guidelines in the field of aquaculture LCAs
(Aubin, 2013; Aubin et al., 2009; Henriksson et al., 2012; Pelletier
and Tyedmers, 2007). The calculation of LCA impact categories
was performed with SimaPro v. 7. Other indicators of rearing per-
formances were added to reflect technical and economic charac-
teristics of the systems: annual production level (t), feed conversion
ratio (FCR) and annual liquid oxygen consumption (t). In addition,
on-farm human labor (human.day) was included to highlight the
relationship between production factors and labor on trout farms.
2.3. Comparing differences in group means with the bootstrap
method

To identify significant differences among the three groups, we
used the bias-corrected and accelerated (BCa) bootstrap method
(see appendix) to calculate 95% CIs around the differences in group
means, because it adjusts both bias and skewness in the bootstrap
distribution and provides a reasonably accurate CI. Significant dif-
ferences were assumed at p < 0.05. The re-sampling procedure was
performed 1000 times (B ¼ 1000) using R (R Development Core
Team, 2012). Thus, we assumed that each group was independent
and taken randomly from its own population. The differences
Fig. 1. System boundary of trout farming in France. Rounded rectangles represent
processes of the production system. Ellipses represent management factors of fish
farms. “T” means transportation.
between groups were considered significant if the bootstrapped
95% CIs around the differences included zero. In other words, the
null hypothesis (H0) was that differences between group means
equaled zero. We chose a non-parametric bootstrap method to test
differences between indicator means, because some of them (e.g.,
production level, liquid oxygen consumption, and acidification)
might not satisfy normality or homogeneity of variance, two con-
ditions required for parametric tests such as analysis of variance
(ANOVA).

2.4. PCA method

To address the comparison problem due to the small sample
size, we applied PCA (R “princomp” function) to a matrix of eleven
independent variables (n ¼ 11) from observed samples (m ¼ 24)
and bootstrapped samples (m* ¼ 24) (Fig. 2). Through PCA, three
vectors were generated: eigenvalues, loadings and scores. The BCa
method was used to estimate 95% CIs for the eigenvalues of PCs to
determine how many PCs to keep (bootstrapped Kaiser-Guttman
criterion (Lambert et al., 1990)). So, only the components whose
95% CI for the eigenvalues exceeded 1 (mean of eigenvalues) were
retained. The loadings of original variables and the scores of in-
dividuals from the observed sample were mapped. We also used
bootstrapped PCA (B ¼ 1000) with re-ordering and reflection cor-
rections to generate the component loadings and scores (Peres-
Neto et al., 2003). The significance of correlations between vari-
ables was tested by calculating BCa 95% CIs for correlation co-
efficients. The significance of variable loadings was tested by
calculating p-values. They were calculated as the number of boot-
strapped loadings smaller (when the original loadings were posi-
tive) or greater (when the original loadings were negative) than
zero, divided by B (Peres-Neto et al., 2003). Thus, variables were
associated with the corresponding components when p < 0.05. The
individual scores of the three farm groups were distinguished by
confidence regions (R “ellipse” package) of the centroids of boot-
strapped scores at a 90% confidence level (Dehlholm et al., 2012).

3. Results

3.1. Farm sample representativeness

The observed sample included trout farms from all classes in the
inventory except farms consuming less than 25 t of feeds per year
Fig. 2. Bootstrapped Principal Component Analysis (PCA) procedures with re-ordering
and reflection corrections.
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(Table 1). Since this class represents only 6% of national feed con-
sumption, it was not taken into account in our sample. The repre-
sentativeness of the survey (expressed as the percentage of total
national feed consumption) increased with the class size. The
highest representativeness (40%) was for farms consuming more
than 500 t of feed per year, while the lowest representativeness
(5%) was for farms consuming 25e50 t/year. The larger farms (feed
consumption more than 300 t/yr) are specialized in large trout
production. Some of smaller farms (feed consumption less than 300
t/yr) are specialized in pan-size trout, while the others produced a
combination of all sizes.

3.2. Contribution analysis

Among trout-production stages, feed (i.e., feed production,
milling, and transport) was the main contributor to mean impacts,
such as NPPU (z94%), land occupation (>92%), climate change
(67e73%), acidification (63e69%) and energy demand (50e59%)
(Fig. 3). Farm running (i.e., farm operations and on-farm emissions)
was the main contributor to eutrophication (81e82%) and water
dependence (89e93%) and influenced energy demand (20e26%).
Fry (i.e., production and transport of trout eggs or juveniles)
contributed to acidification, eutrophication, climate change, energy
demand and water dependence at a level of 7e14%. It had a slight
contribution (1e6%) to NPPU and land occupation. The infrastruc-
ture and equipment (i.e., infrastructure, tank and building con-
struction, equipment manufacturing and transport) only
contributed to acidification, climate change and energy demand
and their contributions were greatly variable among farm groups
(2e16%), with the highest levels always observed in group G2.
Liquid oxygen (i.e., liquid oxygen production and transport) had
higher contribution to acidification, climate change and energy
demand (7e10%) in groups G1 and G3 than in group G2. Chemicals
(i.e., production and transport of medicines, cleaning products and
other chemicals) had negligible contribution (<1%). Except for land
occupation and energy demand, all impacts decreased in this order:
G2, G1, G3.

3.3. Environmental impacts and rearing performance of the three
groups

Means and coefficients of variation (CV) of indicator values were
calculated per group in the observed sample (Table 2). G1 had
lower variability in acidification (12%), eutrophication (6%) and
climate change (6%) than G2 and G3 (>20%). G2 had higher vari-
ability in most indicators than the other two groups, except for FCR
and land occupation. Variability in liquid oxygen consumption was
much higher in G2 (260%) than in the other two groups (76% and
67%, respectively).
Table 1
Number of trout farms in each class (based on annual feed consumption (Q)) in the French
produced (G1: pan-size fish, G2: large and mixed-size fish, G3: very large fish).

Class National inventory Trout survey

Number of farms Total feed cons. (t/yr) Number of farms

Q < 25 t 366 2627 0
25 t � Q < 50 t 59 2174 3
50 t � Q < 100 t 56 4143 4
100 t � Q < 200 t 56 7908 5
200 t � Q < 300 t 27 6819 3
300 t � Q < 500 t 25 9986 4
Q � 500 t 11 10090 5
Total 600 43747 24

a Percentage of feed consumptions of trout samples in national feed consumptions.
There were no significant differences in environmental impacts
(e.g., acidification, eutrophication and climate change) or resource
use (e.g., land occupation, energy demand and water dependence)
between groups when comparing them with those of the
bootstrap-based method (Fig. 3). However, there were significant
differences in technical parameters between the groups, such as
production level, feed consumption, liquid oxygen consumption,
NPPU, water dependence and human labor. Although production
level was significantly higher in G3 (440 t) than in G2 (79 t) and G1
(168 t), FCR was not significantly different among the three groups.
In addition, G2 had significantly higher NPPU and water depen-
dence than G3, while no significant difference was found between
G1 and the other two groups. For human labor, G2 required
significantly more working time than the other two groups.

3.4. PCA results

The eigenvalues of the first three PCs in the bootstrapped PCA
were 3.8, 2.6 and 1.8, respectively. Since the lower limits of 95% CIs
calculated with the BCa method were less than 1, the first three PCs
were selected, which explained a mean of 75% of the total variation
in the observed sample, with a 95% CI of 71e82%. Significance tests
of loadings indicated that acidification, eutrophication, climate
change and energy demandwere associated with the first PC (PC1);
production level, liquid oxygen consumption, NPPU and human
labor were associated with the second PC (PC2); and only FCR was
associated with the third PC (PC3) (Table 3).

Acidification, eutrophication, climate change and energy de-
mand had strong and significantly positive correlations (r > 0.5,
p < 0.05) with each other, while NPPU, water dependency and
human labor had significant negative correlations with production
level and liquid oxygen consumption (Table 4). Eutrophication and
climate change were significantly and negatively correlated with
production (�0.416 and �0.362, respectively). In addition, FCR had
strong significant correlations with land occupation (r ¼ 0.610) and
NPPU (r ¼ 0.405). Also, NPPU was significantly correlated with
human labor (r ¼ 0.526), but not with water dependence.

The sample-based variable loadings and individual scores of PC1
versus PC2 were mapped (Fig. 4). Considering the confidence re-
gions around centroids of each group, farms of G2 and G3 had a
wider distribution on the map and were distinguished by technical
and economic indicators, while those of G1 and G2 overlapped,
which indicates similar characteristics. Some farms had extreme
values, such as farms 4 and 10 in G3, which contributed strongly to
PC1 and had high production but low environmental impacts.
Farms 9 (G3) and 13 (G2) contributed strongly to PC2 but had
different properties: the former consumed much more liquid oxy-
gen, while the latter required more working time. Also, farm 18 in
G2 had the highest environmental impacts.
inventory (Agreste, 2009) and this study's survey of farms grouped by the size of fish

Total feed cons. (t/yr) Percentage
of national total (%)

G1 (%) G2 (%) G3 (%)

0 0 0 0 0
99 5 0 100 0

239 6 27 73 0
697 9 38 36 26
769 11 34 35 31

1686 17 21 0 79
4046 40 0 0 100
7535 17a



Fig. 3. Contribution of system production stages to LCA impacts for trout farms grouped by the size of fish produced: G1 (pan-size), G2 (large and mixed-size) and G3 (very large).
Error bars represent 95% confidence intervals around the means of total impacts.

X. Chen et al. / Journal of Cleaner Production 87 (2015) 87e95 91
4. Discussion

4.1. Representativeness of the survey

Since nearly all farm classes reported in the national inventory
are represented in our survey, we consider the representativeness
of the survey sufficient, especially for large farms. However, the
national inventory did not collect data about the size of trout
produced. Even though the results of this study tend to indicate
that large and specialized farms have the best performances, it
would be interesting to obtain information about the commercial
size of trout produced in a larger survey or a future inventory.
4.2. Comparison of impacts with previous studies

Comparison of LCA results with those from previous studies is
always a delicate question due to methodological differences,
especially in definition of system boundaries and allocation of
burdens among co-products (Aubin, 2013; Henriksson et al., 2012).
Fortunately, most impact categories in LCA studies of salmonid
farming are identical and based on the CML2 baseline 2000 v. 2.03
impact assessmentmethod (Guin�ee et al., 2002). Therefore, one can
compare the orders of magnitude of impacts in the same categories
for similar types of production.

Mean acidification in our study ranged from 13 to 14 kg SO2-eq./
t, which lies in the same order of magnitude as those in other
studies of trout farming: 10.6e16.5 kg SO2-eq./t in Papatryphon
et al. (2004b), 19.2 kg SO2-eq./t in Aubin et al. (2009), and
10.8 kg SO2-eq./t in Samuel-Fitwi et al. (2013). Mean eutrophication
in our study ranged from 60 to 76 kg PO4-eq./t, which lies in the
same order of magnitude as those of other studies of flow-through
trout farms: 74 kg PO4-eq./t in Papatryphon et al. (2004b) and
60 kg PO4-eq./t in Samuel-Fitwi et al. (2013). These eutrophication
impacts are higher than those observed in trout reared in recircu-
lating aquaculture systems: 18e21 kg PO4-eq./t in Roque
d’Orbcastel et al. (2009) and 42e48 kg PO4-eq./t in Boissy et al.
(2011). Mean climate change in our study (2344e2647 kg CO2-
eq./t) is similar to that in Samuel-Fitwi et al. (2013), somewhat
higher than that in Papatryphon et al. (2004b) (1540e2410 kg CO2-
eq./t), higher than that in Boissy et al. (2011) (2220 kg CO2-eq./t),
and lower than that in Aubin et al. (2009) (2753 kg CO2-eq./t). Mean
energy demand in our study (48e53 GJ/t) is within the range of that
in Papatryphon et al. (2004b) (31.0e78.4 GJ/t) and lower than those
in Aubin et al. (2009) (78 GJ/t) and Boissy et al. (2011) (55e55.7 GJ/
t). All values of acidification, eutrophication, climate change and
energy demand in our study are higher than those in Papatryphon
et al. (2004a), whose boundaries encompassed only feed produc-
tion. NPPU in our study (114e153 t C/t) was at the same level as
standard salmon (145 t C/t) and trout (112 t C/t) in the Boissy et al.
(2011) study. The high variation in NPPU found in our study is due
to the variability in feed composition and improvements in data on
fish meal composition.
4.3. Farm classification and contribution analysis

The three groups had similar environmental impacts and were
distinguished mainly by technical and economic indicators (e.g.,
production level, liquid oxygen consumption, NPPU, water
dependence, and human labor). G1 farms show intermediate
performances. These farms benefit from the biological perfor-
mances of small trout, combined with more traditional practices
than farms from the two other groups. G2 farms show the lowest
efficiency of inputs, with high levels of water dependence, NPPU
and human labor to produce 1 t of fish. Moreover, this group has
less homogeneous characteristics, with higher variability in pro-
duction level, liquid oxygen consumption and human labor. These



Table 2
Means of environmental impacts, technical and economic indicators and their co-
efficients of variation (CV) for trout farms grouped by the size of fish produced: G1
(pan-size), G2 (large and mixed-size), and G3 (very large). Superscript letters indi-
cate significant (p < 0.05) differences between groups.

Indicator Unit G1 G2 G3

Mean CV Mean CV Mean CV

Production level t 168a 56% 79b 94% 440c 42%
Feed conversion ratio 1.09 8% 1.17 14% 1.20 18%
Liquid oxygen consumption t 80a 76% 9b 260% 234c 67%
Acidification Kg SO2-eq. 14 12% 14 26% 13 23%
Eutrophication kg PO4-eq. 63 6% 73 27% 60 21%
Climate change kg CO2-eq. 2425 6% 2647 28% 2344 20%
Land occupation m2 *year 1099 53% 1339 34% 1472 56%
Energy demand GJ 53 15% 53 29% 48 18%
Net primary production use t C 129ab 24% 153a 20% 114b 15%
Water dependence 1000 m3 164ab 40% 196a 51% 117b 49%
Human labor human.day 5.5b 58% 16.5a 89% 2.1b 60%

Table 3
Matrix of p values of the first three principal components of 11 technical and
environmental indicators. Bold values mean variables are significantly (p < 0.05)
associated with corresponding PC via the bootstrap method.

Variable PC1 PC2 PC3

Production level 0.085 0.029 0.150
Feed conversion ratio 0.096 0.482 0.032
Liquid oxygen consumption 0.143 0.019 0.147
Acidification 0.017 0.165 0.305
Eutrophication 0.011 0.388 0.233
Climate change 0.015 0.170 0.366
Land occupation 0.162 0.269 0.067
Energy demand 0.034 0.164 0.273
Net primary production use 0.216 0.030 0.160
Water dependence 0.117 0.135 0.364
Human labor 0.259 0.015 0.271
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characteristics reflect the lower level of specialization of the farms
through the different markets they supply: small and large trout
for food or restocking markets. These more opportunistic and
variable strategies lead to lower rearing performances. These
strategies can be driven not only by economic considerations, but
by choices about quality of life by the farmers. They have the
lowest mean production level. In contrast, G3 farms display high
efficiency. Their water dependence and NPPU were the lowest of
the three groups, and other indicators such as energy use and FCR
were not significantly different from the two other groups,
although their specialization in producing very large trout induces
an increase in the biological FCR and the duration of the produc-
tion cycle. These farms are the largest of the three groups and they
Table 4
Correlationmatrix of 11 technical and environmental indicators of French trout farms. Bold
method.

Prod. FCR Oxygen AC EU

Prod. 1.000
FCR ¡0.044 1.000
Oxygen 0.828 0.146 1.000
AC �0.378 0.235 �0.125 1.000
EU ¡0.416 0.455 �0.255 0.706 1.000
CC ¡0.362 0.231 �0.134 0.934 0.758
Land 0.118 0.610 0.218 0.182 0.188
Energy �0.243 ¡0.014 �0.096 0.668 0.432
NPPU ¡0.410 0.405 ¡0.355 �0.180 0.169
Water ¡0.493 0.144 ¡0.321 0.207 0.198
Labor ¡0.523 0.139 ¡0.414 �0.065 0.047

Prod: production level; FCR: feed conversion ration; Oxygen: liquid oxygen consumption
Energy: energy demand; NPPU: Net primary production use; Water: water dependence
use liquid oxygen to optimize fish performances. These farms aim
for maximum efficiency of inputs, including the human labor
necessary to produce 1 t of fish, which is the lowest of the three
groups. They generally have a high technical level and use genet-
ically improved trout strains.
4.4. Correlations among variables and bootstrapped PCA results

The negative correlation between production level and FCR,
climate change, energy demand, NPPU, water dependence and
human labor indicates that farm production level strongly influ-
enced technical and environmental efficiencies. Economies of scale
exist, which lead to an appropriate level of production that balances
economic constraints and environmental laws. The significant
negative correlation between production and some environmental
impacts (e.g., eutrophication, climate change, energy demand, and
NPPU) indicates that increasing the size of fish produced tends to
reduce these environmental impacts per t of fish. Therefore, an
optimal level of production in each group that maximizes pro-
duction while minimizing environmental impacts could be calcu-
lated using optimization modeling. NPPU was positively and
significantly correlated with production level and FCR, which
shows that the feed system has an important direct influence on
trout production but a large indirect influence in regions where
feed ingredients are produced. The positive correlations between
acidification, eutrophication, climate change and energy demand
show that improving the production system could improve all of
these impact categories simultaneously.

We used the bootstrapped Kaiser-Guttman criterion (the lower
limit of CI for eigenvalues >1) (Guttman, 1954; Lambert et al., 1990)
to determine which PCs to retain because this method considers
the random sampling error that may influence the distribution of
eigenvalues, in which mean value may be below the criterion value
(i.e., equals 1). In such cases, the bootstrap-based method may be
less arbitrary than the traditional Kaiser-Guttman criterion. How-
ever, although the bootstrapped Kaiser-Guttman criterion reduces
the number of PCs, it may still overestimate that number (Jackson,
1993). Our study shows that projecting the loadings of original
variables and individual scores onto two or three PCs more clearly
describes correlations among variables and identifies the most
influential individuals. However, the explanation based on the
observed sample may be less meaningful because its small sample
size lacked normality, a prerequisite of PCA. Therefore, the
bootstrap-based method shows advantages for interpreting the
significance of PCA results. However, more attention should be paid
to avoid the re-ordering and reflection problems during the
resampling procedure. To overcome these problems, we applied
values indicate significant (p< 0.05) correlation between variables via the bootstrap

CC Land Energy NPPU Water Labor

1.000
0.261 1.000
0.771 0.241 1.000

¡0.041 0.184 ¡0.027 1.000
0.188 �0.099 0.140 0.425 1.000

�0.081 �0.090 �0.262 0.526 0.192 1.000

; AC: acidification; EU: eutrophication; CC: climate change; Land: land occupation;
; Labor: Human labor.



Fig. 4. (A) Variable factors map of the first principal component (PC1) versus the second principal component (PC2) and (B) plot of individual farms (m ¼ 24) scores of PC1 versus
PC2. The individuals were classified into three groups based on the size of fish produced: pan-size, large and mixed-size and very large. Dashed ellipses indicate 90% confidence
regions of the bootstrapped scores for each group.

X. Chen et al. / Journal of Cleaner Production 87 (2015) 87e95 93
the technique proposed by Peres-Neto et al. (2003) in this study,
though orthogonal rotation is an equivalent method (Milan and
Whittaker, 1995; Timmerman et al., 2007).
4.5. Bootstrap method

Most significance tests (e.g., student t-test and ANOVA) assume
that the population mean is normally distributed, especially when
the expected value and variance of the population are known.
Although themean and standard deviation of observed samples are
usually used to represent the expected value and the square root of
variance of the population, it generally requires a sufficiently large
sample size (n > 30) or that the parameters of its distribution be
known. However, this is not always the case in aquaculture studies
(Henriksson et al., 2012; Papatryphon et al., 2004b). Several studies
have compared tests of equality to overcome this shortcoming
(Boos and Brownie, 2004; Efron and Tibshirani, 1993; Lim and Loh,
1996; Reiczigel et al., 2005). In our study, we used non-parametric
bootstrap to perform the significance tests. The 95% CIs around the
differences in group means were used to judge whether or not the
null hypothesis was rejected. Bootstrapped results were more
conservative and realistic than those from the sample-based
calculation because random sampling error was taken into ac-
count. Also, the non-normality of some indicators (e.g., production,
liquid oxygen consumption, and acidification) suggests that non-
parametric bootstrap was more robust than a parametric boot-
strap (Potvin and Roff, 1993) because there was no assumption
about the true distribution of indicators to represent the whole
population. Another advantage of the bootstrap method is its
ability to estimate CIs around some statistics which cannot be ob-
tained from the observed sample. In this study, for example, BCa
was used to estimate CIs for the correlations, which were used to
validate their significance. As concluded by Mudelsee (2003), non-
parametric bootstrap was a robust method for estimating CIs for
Pearson's correlation coefficients.

As an approximation method, however, the bootstrap method is
designed to estimate uncertainty in any statistical value (e.g., mean,
median and correlation coefficient), and the accuracy of boot-
strapped results depends on the quality and quantity of the
observed sample (Luo et al., 2013; Wisz et al., 2008). Nevertheless,
when parametric assumption is justified (satisfying normality and
homogeneity of variance), Efron (1988) suggested using parametric
bootstrap, which is more accurate than non-parametric bootstrap.
To do so, more data are required to increase the reliability of
parametric bootstrap. In addition, the quality of secondary data
used in an analysis may result in additional uncertainty (e.g.,
inaccurate measurement and unrepresentative data). Thus,
increasing data quality could reduce parameter uncertainty and
provide more accurate results (Henriksson et al., 2013; Weidema
and Wesnaes, 1996).
5. Conclusion

In this study, a small sample of survey datawas used to compare
three types of trout production systems. The results showed strong
links between technical/economic and environmental indicators.
Non-parametric bootstrap and BCa-based CIs were applied to bet-
ter estimate uncertainty in the statistical values. PCA showed the
relative influences of variable indicators and individual scores.
Technical/economic indicators (production level, human labor)
were the main drivers and were correlated with environmental
impacts such as eutrophication and climate change. So, improving
rearing performances is one way to decrease environmental im-
pacts. The remaining variability in indicators within farm groups
showed that there is room to improve farm management and
decrease environmental impacts, especially in G2, whose less
specialized production led to less control over management pa-
rameters. Feed and liquid oxygen consumption are the main factors
that influence the environmental impacts. Furthermore, these in-
dicators reflect practices such as the monitoring of fish growth,
water quality, and feeding practices. The three groups had few
differences in environmental impacts. Despite the small sample
size, our bootstrapped PCA method reinforces this overall
conclusion.
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Consideration of uncertainty in LCA is an improvement that is
frequently cited. We applied a method to address the uncertainty
due to a small sample size in an LCA-based case study. For the first
time, non-parametric bootstrapped PCA has been used to assess
groups of trout farms, and it is able to express uncertainty in sta-
tistical parameters of indicators. In the future, to provide reliable
results, data quality and other types of uncertainty should be
considered throughout the entire system.
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Appendix. Bias-corrected and accelerated (BCa) bootstrap
method

The BCa method is used to estimate the confidence interval of a
statistic of interest q (e.g., mean and median) at significance level a
(Efron and Tibshirani, 1993). Its lower and upper limits are found at
the 100a1th and 100a2th percentile of bootstrap distribution,
respectively:

a1 ¼ F

�
z0 þ

z0 þ za

1� aðz0 þ zaÞ
�

(1)

a2 ¼ F

 
z0 þ

z0 þ zð1�aÞ

1� a
�
z0 þ zð1�aÞ�

!
(2)

where F is the standard normal cumulative distribution function,
za is the 100ath percentile point of F, and z0 is calculated as:

z0 ¼ F�1

 
q*i < q

B

!
(3)

where F�1 is the inverse of the standard normal cumulative dis-
tribution function, qi* is the ith bootstrap estimate of q, and B is the
number of the iteration.

Skewness is corrected by the “accelerated indicator” a, which is
calculated as:

a ¼

P
n¼1

�
q
0 � qn

�3

6*

 P
n¼1

�
q
0 � qn

�2!3=2 (4)

where qn is the estimated statistic of interest from the observed
sample without the nth row (jackknife replicate) and q' is the mean
of qn.
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