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Secondary production is the quantitative base of energy
flow and of trophic interactions between heterotrophs and
thus constitutes a key parameter of ecosystem functioning.
The amount of secondary production and its distribution
between populations are measures of trophic position and of
linkage in aquatic food webs (Benke 2011) and may be indica-
tive of ecosystem and population health (Buffagni and Comin
2000; Dolbeth et al. 2005). For a number of reasons, second-
ary production of the benthic compartment is of particular
interest in aquatic ecology: (i) the sediment-water interface is,
especially in shallow waters, a place of intense energy and
matter turnover, relevant for both nutrient recycling and
channeling of matter to higher trophic levels such as (com-
mercially exploited) demersal fish; (ii) compared with pelagic
organisms, benthic animals are less subject to random and/or
short-term variability in space and time, because they are less
mobile and, on average, live longer. Therefore, effects of exter-
nal drivers such as increasing water temperature may be seen
earlier and clearer in benthic populations and communities
than in pelagic ones.

Demand for benthic secondary production studies is rising
exponentially with the growing use of spatially explicit
approaches (based on Geographical Information Systems, GIS)
in aquatic ecosystem research (e.g., Ardron 2002; Dunton et
al. 2005; Friedlander et al. 2007), which may require produc-
tion estimates for many geographic reference points instead of
the “average” population only. However, assessment of sec-
ondary production in aquatic systems is expensive and time-
consuming. Multiple linear regression models (MLM), based
on empirical data that predict population production P or pro-
duction-to-biomass ratio P/B, are the favorite approach to
shortcut this task (see Brey 2001, Cusson and Bourget 2005,
and Dolbeth et al. 2005 for reviews and comparisons of pub-
lished models).

Most of these predictive models, however, have their weak
spot. Many models are restricted to taxonomic, functional, or
habitat-defined subsets of macrobenthic populations (e.g.,
Plante and Downing 1989; Morin and Bourassa 1992; Tumbi-
olo and Downing 1994) or require independent variables such
as life span, which are laborious to determine (e.g., Cusson
and Bourget 2005). Furthermore, these published models lack
a proper evaluation of their statistical properties, such as error
distribution, accuracy, and precision. The model type used is a
further concern. It is not yet clear whether or not there are
universally valid scaling factors (e.g., Brown et al. 2004)
between body mass or temperature and metabolic activity as
well as its derivates such as production (Kozlowski and
Konarzewski 2004; Glazier 2006; Seibel 2007; Brey 2010), i.e.,
MLM may not describe the existing relationships appropri-
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ately. Moreover, MLM are quite sensitive to intercorrelation
between independent parameters (Draper and Smith 1981).
Artificial Neural Networks (ANN) provide an alternative
approach: they can model complex, nonlinear, and noncon-
tinuous relationships between independent and dependent
variables by means of learning and generalizing from example
data (Fausett 1994; Lek and Guégan 2000). Ecological applica-
tions of ANN range from taxonomic identification to diversity
pattern prediction (e.g., Olden 2003, Willems et al. 2008). Brey
et al. (1996) showed for the first time that ANN performed
slightly but significantly better than MLM in predicting the
P/B ratio of macrobenthic invertebrates. However, they
applied specialized ANN software, which did not allow export-
ing the models in a generally applicable format.

This study has three objectives: (i) to build a general ANN
model for the prediction of production-to-biomass ratio P/B
and production P in aquatic macrobenthic invertebrate popu-
lations, (ii) to evaluate the statistical properties of this model,
and (iii) to make this model available to the scientific com-
munity.

Materials and procedures
Data acquisition and conditioning

The initial database of this study consists of 1258 data sets
collected from 522 publications (see spreadsheet “Productiv-
ityANN01.xls” downloadable at http://www.thomas-brey/sci-
ence/virtualhandbook). One data set represents one single
measurement of population annual production P [mass m–2

y–1], mean biomass B [mass m–2], annual production-to-bio-
mass ratio P/B [y–1], and mean body mass M, accompanied by
information on the animal taxonomy and lifestyle, on the
environment, and on the methods applied. Relevant literature
was tracked through the Aquatic Sciences and Fisheries
Abstracts database (ASFA) of FAO (http://www.csa.com/fact-
sheets/aquclust-set-c.php), through Web search engines, and
through the catalogue and inventory of the Alfred Wegener
Institute for Polar and Marine Research library. Each data
source was carefully checked for comprehensible procedures,
completeness of information, and methodical flaws.

Taxonomy follows a simplified seven-level taxonomic hier-
archy, consisting of species, genus, family, superfamily/order,
order/subclass, class, (sub-)phylum, following the Integrated
Taxonomic Information System (ITIS) online database
(http://www.itis.gov) and the World Register of Marine Species
(http://www.marinespecies.org). Lifestyle is characterized by
alimentation type (herbivorous, omnivorous, and carnivo-
rous; species with symbionts were excluded a priori), by feed-
ing type (grazer, suspension feeder, deposit feeder,
predator/scavenger), and by mobility type (sessile, crawler, fac-
ultative swimmer). The environment is defined by the type of
water body (marine, lake, river), by mean annual water tem-
perature T, by water depth D, and by tidal elevation (intertidal,
subtidal). A further parameter describes whether or not the
population was subject to exploitation. Owing to the intrinsic

relationships between mortality rate and production-to-bio-
mass ratio (Allen 1971; Brey 1999), exploitation per se does
not put a population outside the empirical context considered
here. The production calculation approach is recorded, too
(size frequency method, increment summation method, mass
specific growth rate method, mortality estimate; see Brey 2001
for detailed descriptions).
Data transformation and pre-analysis

I decided to predict production-to-biomass ratio P/B rather
than production P directly, as the latter would require includ-
ing biomass B as an independent variable, and the over-
whelmingly strong effect of B on P may obscure other rela-
tionships. Original units of body mass were converted to Joule
using factors provided by the conversion factor collection of
Brey et al. (2010) and references therein.

Prior to model building, the variables P/B and the continu-
ous independent variables body mass M, temperature T, and
water depth D were transformed by approximating linear rela-
tionships with P/B according to theoretical considerations
(e.g., Schmidt-Nielsen 1984; Brown et al. 2004) and to empir-
ical evidence (e.g., Seibel and Drazen 2007), regarding the scal-
ing of metabolic activity with bodymass, temperature, and
water depth (see Brey 2010 for a full discussion). These trans-
formations—log(P/B), log(M), 1/T, log(D)—aimed (i) at a more
even distribution of data and of variance in the [M, T, D] space
and (ii) at reducing non-linearity, which both facilitate ANN
model fitting capabilities. All categorial variables were intro-
duced in form of a binary (0,1) parameter for each category.

Pre-analysis by means of stepwise regression and ANN trial
runs indicated that the best trade-off between number of
input parameters, model predictive power, and model gener-
ality was achieved with a 20 parameter model using log(M),
1/T, log(D), five taxonomic categories, seven lifestyle cate-
gories, four environmental categories, and the exploitation
marker (Fig. 1).

Multivariate outliers in the sample space [log(P/B), log(M),
1/T] were identified by Mahalanobis-Jackknife distances MJD
(Barnett and Price 1995). We did not include depth in this
analysis because the few deep sea values would always be iden-
tified as outliers. Data sets with MJD > mean MJD + 3 sigma
were excluded from further analysis.
Predictive model construction

Artificial neural networks (ANN) of the backpropagation
type (Hagan et al. 1996) consisted of 20 input nodes, two hid-
den nodes (H), and one output node, i.e., log(P/B), see Fig. 1.
The network was parameterized as follows:

log(P/B) = a0 + a1 ¥ H1 + a2 ¥ H2

with

H1 = tanH(b0 + b1 ¥ log(M) + b2 ¥ 1/T 
+ b3 ¥ log(D) + … + b20 ¥ Exploited)
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H2 = tanH(c0 + c1 ¥ log(M) + c2 ¥ 1/T + c3 ¥ log(D) 
+ … + c20 ¥ Exploited)

Note that internally the input data are normalized (mean =
0, SD = 1) and that the network parameter values are adjusted
accordingly. To avoid overfitting of an ANN, the data were
split randomly in 75% training data and 25% test data (Lek
and Guégan 2000). The ANN “learned” the relationship
between dependent and independent variables from the train-
ing data and was tested subsequently for its generalization
capability by comparing prediction accuracy in training and
test data as measured by the correlation between calculated
P/Bcalc and predicted P/Bann values. Following a bootstrap
approach (Efron and Tibshirani 1993), five ANN, each trained
on a different subsample, were pooled into a composite pre-
diction model, i.e., the predicted P/Bann value is the average of
the predictions made by five ANN. This approach allows com-
puting of confidence limits of the prediction, too. The ANN
constructed in this study have been implemented in the
Microsoft EXCEL spreadsheet “ProductivityANN01.xls” which

is available for download at http://www.thomas-brey/sci-
ence/virtualhandbook (Brey 2001).

Assessment
Exploration of ANN model statistical properties

Accuracy (deviation from true value) and precision (vari-
ability of estimate) of model predictions of P/B and (including
B) of P of the composite ANN are of particular concern, as the
fitting of a least squares model to log-transformed data [here:
log(P/B), log(M), log(D)] results in biased estimates when pre-
dicted values are transformed back to arithmetic units (Finney
1941; Smith 1993). I tested model performance in the estima-
tion of population and macrobenthic assemblage production
by means of a Monte Carlo approach. An assemblage was taken
to consist of n (1, 2, 4,… 256) populations i randomly selected
(without replacement) from the database (n = 1252). Assem-
blage production is the sum of Pi/Bi ¥ Bi over these n popula-
tions. Model error Eann is computed by (Pcalc – Pann)/Pcalc. 1000
trial runs were made for each n except n = 1, where all 1252
data sets were used, and n = 256 with 500 runs. Additionally, I
compared Pcalc and Pann in natural assemblages of ≥ 5 popula-
tions, i.e., as reported in studies of the production of several
populations at one site that are part of the present database.

Mahalanobis-Jackknife distance analysis identified 6 out-
liers, thus reducing the data to 1252 data sets with 635 differ-
ent species. There are 357 Mollusca data sets, 153 Annelida,
242 Crustacea, 61 Echinodermata, 425 Insecta, and 13 data
sets referring to species from other taxa. The data cover a tem-
perature range of almost 32° and a depth range of 2900 m, but
center around shallow sites in temperate regions (Fig. 2). Mean
body size covers nine orders of magnitude, but ranges between
1 and 1000 Joule in the majority of populations (Fig. 2).
ANN model statistics

Correlation between calculated log(P/Bcalc) and log(P/Bann)
predicted by each of the five ANN models separately amounts
on average to r2

train = 0.785 (± 0.008 SD) for training data and
to r2

test = 0.783 (± 0.006 SD) for test data. r2
train and r2

test do not
differ significantly (ANOVA, P = 0.649), i.e., the ANN models
are not overfitted. Correlation between calculated P/Bcalc and
the average P/Bann of the five ANN amounts to r2 = 0.801 with
a residual mean square RMS of 0.083 (Fig. 3). The residual plot
indicates an overall precision range of about two orders of
magnitude, but a very symmetric distribution of residuals
(skewness = 0.205, kurtosis = 0.205) with 90% of all values
within the interval –0.359 to 0.375 (Fig. 4). The composite
ANN explains about four percent more variance in log(P/Bcalc)
than the best MLM obtained by means of stepwise multiple
regression (r2 = 0.757). This MLM indicates that body mass is
by far the most significant factor (F value = 1036), followed by
temperature (F value = 358) and taxonomic identity (F values
between 24 and 107), whereas the remaining significant (P <
0.05) variables have F values < 15.

To evaluate the explanatory power provided by the 17
nominal variables additional to body mass, temperature, and
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Fig. 1. Scheme of the artificial neural network used to predict popula-
tion production-to-biomass ratio (P/B) from three continuous parameters
(temperature, water depth, body mass) and 17 categorical parameters (5
taxa, 7 lifestyle, 4 environment, and and state of exploitation). Number
of positive cases (“yes”) are provided for categorical variables. 



water depth, I constructed a further five ANN3 models with
the three input parameters log(M), 1/T, and log(D) only. Cor-
relation between log(P/Bcalc) and log(P/Bann) predicted by each
of these ANN3 separately amounts on average to r2

train = 0.709
(± 0.004 SD) for training data and to r2

test = 0.712 (± 0.010 SD)
for test data. Both r2

train and r2
test are significantly (P < 0.001)

smaller than the corresponding valued for the 20 parameter
ANN. I.e., the 17 nominal variables explain about seven per-
cent of the variance in log(P/Bcalc).
Accuracy and precision of production estimates

Back-transformation to arithmetic units introduces distinct
asymmetry in the ANN model absolute prediction error (cal-
culated as Pcalc – Pann) distribution. The residual plot (Fig. 5)
indicates that the absolute prediction error increases with P/B,
distinctly so beyond P/B > 5 y–1, and preferably toward under-
estimation, thus causing an overall skewed error frequency
distribution (skewness = 8.127, kurtosis = 89.330, not shown).

This is manifest in estimates of single population produc-
tion P, too, as indicated by the distribution of the error term
Eann = (Pcalc – Pann)/Pcalc (Fig. 6, bottom graph, skewness =
–2.829, kurtosis = 17.591). With increasing number of popula-
tions n (1, 2, 4,… 256) per assemblage, the precision of the
production estimate increases distinctly. The 50% range (dis-
tance between 25th and 75th percentile) of Eann decreases from
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Fig. 2. Distribution of the 1252 data sets used for model building with
respect to water temperature (Kelvin), water depth (meters), and mean
body mass (Joule). 

Fig. 3. Relationship between calculated P/Bcalc and ANN predicted P/Bann
represented by a log-log linear regression model. Stippled lines indicate
95% confidence limits for individual estimates of P/B. 

Fig. 4. Plot of residuals log(P/Bcalc) – log(P/Bann) versus P/Bann. Superim-
posed frequency distribution of residuals (gray bars, upper scale). 



0.901 (n = 1) to 0.230 (n = 256), and the distribution of Eann

becomes more and more symmetric (Fig. 6; at n = 256 skew-
ness = –0.215 and kurtosis = –0.315). At the same time, how-
ever, accuracy decreases from –0.013 (median Eann) at n = 1 to
significant (P < 0.001 for n ≥ 8) underestimation of calculated
assemblage production with an median Eann of up to 0.218 at
n = 256 (Fig. 5). Taking the whole database (n = 1252) as one
assemblage results in an error of 0.253 (= underestimation of
P by 25%). Based on all 8752 permutations of the Monte Carlo
analysis, model error is predicted best by Eann = –0.164 + 0.159
¥ log(n) (r2 = 0.062, P < 0.001).

Within the 21 natural assemblages of populations tested
here, error Eann of assemblage production ranged from –0.90 to
+ 0.80 with an average deviation of 0.10 and an average
absolute deviation of 0.40 (Table 1). Furthermore, the model is
significantly better (P = 0.033) in predicting production of tax-
onomically diverse assemblages (“Benthos,” mean absolute
deviation = 0.23) compared with more monophyletic assem-
blages (mean absolute deviation = 0.49).

Discussion
The composite ANN model predicts log(P/B) quite reason-

ably (r2 = 0.801, RMS = 0.083, Fig. 3). However, back-transfor-
mation to P/B (and P, subsequently) produces the expected
skewness in the error distribution, i.e., a bias is introduced
when predicted values are transformed back to arithmetic
units (Finney 1941; Smith 1993). Hence, applying an ANN
model instead of an MLM does not circumnavigate this gen-
eral disadvantage of all models built by least-square fitting of
nonlinearly transformed data. There is little one can do
against this shortcoming. Models fitted to untransformed data
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Fig. 5. Plot of model deviation P/Bcalc – P/Bann versus log(P/Bann). Inlay
shows a detailed view of error distribution within the range 0 ≤ log(P/Bann)
≤ 1.5 (i.e., 1.0 ≤ P/Bann ≤ 31.6). 

Fig. 6. Monte Carlo evaluation of accuracy and precision of assemblage
production estimates by means of the ANN model. An assemblage con-
sists of n (2, 4,...256) populations i randomly selected (without replace-
ment) from the database (n = 1252). Assemblage production is the sum
of Pi/Bi ¥ Bi over these populations. Model error Eann is computed by (Pcalc
– Pann)/Pcalc. 1000 trial runs for each n except n = 1, where all 1252 data
sets were used, and n = 256 with 500 runs. Gray bars: frequencies; black
triangle: median of distribution; white triangles: 25% and 75% per-
centiles. Best fitting model: Eann = –0.164 + 0.169 ¥ log(n), (r

2 = 0.062, P
< 0.001, n = 8752). 



perform poorly, because data variability is high and data dis-
tributions are skewed severely. Nevertheless, extent and direc-
tion of this bias should be reported with each model (see Fig.
5). Interestingly, the fact that the error distribution becomes
more and more bell-shaped with growing assemblage size
indicates that the estimate of assemblage production follows
some central limit theorem (Rice 2007).

Estimates of natural assemblage production (Table 1) indi-
cate that the ANN model underestimates assemblage produc-
tion by 10% on average (assemblage size: 6 to 27 species),
which is in good agreement with the findings of the Monte
Carlo simulation. However, the model tends to underestimate
calculated production much more in populations (see Fig. 5)
and systems with very high P/B ratio, represented in Table 1
by assemblages of insect larvae from warm streams and lakes.
A fully factorial ANOVA of the error Eann for single population
estimates versus log(B), log(P/B), and 1/T with all data as well
as within the taxon Insecta confirms this view: underestima-
tion of population P increases with log(P/B) (P < 0.001).

The poor model performance in high productivity systems
may, on the one hand, be due to the small number of data the
ANN can learn from (167 P/B values > 10 y–1 of which just 94
are > 20 y–1). However, it might well be that the original pro-
duction calculations are biased, too, as apparently the size-fre-
quency method that is applied to such populations of fast-

growing and short-lived organisms is the least accurate of all
standard methods of production calculation and is extremely
sensitive to the estimate of maximum life span (“cohort pro-
duction interval”; Cushman et al 1978; Benke 1984; Giberson
and Galloway 1985; Morin et al. 1987; Cusson et al. 2006;
Butkas et al. 2011). It is not surprising that predictions of pro-
duction in taxonomically more diverse assemblages are more
accurate; any empirical model should perform better the more
the test assemblage reflects the diversity of the underlying data.

The current ANN displays about the same predictive power
(r2 = 0.801) as the ANN of Brey et al. (1996) (r2 = 0.799),
although the database has increased by some 40%. And, con-
sistently, the ANN performs a few percent better than the best
corresponding MLM. The tentative addition of a further five
networks did not improve goodness of fit of the average pre-
diction significantly. Apparently, the current set of “easy-to-
measure” input parameters can explain some 80% of variance
in log(P/B) of macrobenthic populations, but not more (see
Brey 2001 and Cusson and Bourget 2005 for r2 values of vari-
ous published MLM). It seems unlikely that we can enhance
prediction capability without using more elaborate predictors.
For instance, life span has proven to be a powerful predictor of
productivity (Robertson 1979, Cusson and Bourget 2005), but
its determination is much too elaborate to make it a suitable
parameter for the type of versatile predictive model we aim for.
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Table 1. Calculated (Pcalc) and estimated (Pann) production of natural assemblages of macrobenthic populations. Deviation measured
by (Pcalc – Pann)/Pcalc. 

Source Nr Species Pcalc (kJ m
–2 y–1) Pann (kJ m

–2 y–1) Deviation Pcalc/B (y
–1) Habitat, Assemblage

Benke and Wallace (1980) 6 28.5‡ 19.8 0.30 5.3 River, Trichoptera
Benke et al. (2001) 10 918.3‡ 984.5 –0.07 9.9 River, Insecta
Buchanan and Warwick (1974) 7 36.5* 51.3 –0.41 0.7 Marine, Benthos
Foberg (1976) 6 120.4* 63.9 0.47 2.7 Marine, Benthos
Gaines et al. (1992) 27 868.7‡ 460.0 0.47 18.2 River, Insecta
Grzybkowska (1989) 7 300.4‡ 99.6 0.67 33.5 River, Chironomidae
Grzybkowska (1989) 7 319.7‡ 110.5 0.65 17.5 River, Chironomidae
Huryn and Wallace (1987) 21 46.1‡ 76.9 –0.67 5.5 River, Insecta
Huryn and Wallace (1988) 6 47.6‡ 48.7 –0.02 0.9 River, Insecta
Jackson and Fisher (1986) 5 1376.8‡ 386.5 0.72 126.5 River, Insecta
Jónsson (1985) 10 292.5 2 239.7 0.18 8.1 Lake, Chironomidae
Lindegaard and Mortensen (1988) , 7 279.0 1 470.5 –0.69 4.9 River, Chironomidae
Lindegaard et al. (1994) 

Maitland and Hudspith (1973) 6 1258.3* 740.6 0.41 4.5 Lake, Chironomidae
Potter and Learner (1974) 14 585.9† 486.8 0.17 6.2 Lake, Benthos
Ramírez and Pringle (1998) 13 7.9‡ 10.9 –0.38 19.4 River, Insecta
Sardá and San Martin (1993) 17 1279.1* 782.1 0.39 4.6 Marine, Benthos
Warwick and George (1980) 7 346.6*† 374.8 –0.08 1.3 Marine, Benthos
Warwick and Price (1975) 5 306.1*† 297.1 0.03 1.0 Marine, Benthos
Warwick et al. (1978) 10 661.0*† 626.3 0.05 0.6 Marine, Benthos
Welch (1976) 10 26.2† 49.6 –0.90 1.4 Lake, Chironomidae
Wilda (1984) 7 346.1‡ 93.8 0.73 86.9 Lake, Chironomidae
*Increment summation method; †Mass specific growth rate method; ‡Size frequency method.



Thus, single-populations estimates of P/B and P derived
from the ANN model should be interpreted carefully, because
precision is low; the 95% confidence range of the estimate is
about one order of magnitude wide (Fig. 3). Precision increases
distinctly when the model is used to estimate P/B and P of
assemblages such as functional groups, feeding guilds, or
whole communities. The fact that the model underestimates
P/B and P of such assemblages by up to one quarter, i.e., esti-
mate accuracy decreases with the number of populations
pooled (see Fig. 6)—deems to be no fatal flaw. On the one
hand, for benthic communities of “typical” species richness <
100 species (e.g., Bambach 1977; Gray 2000; Macpherson
2002; Reichert et al. 2010), this bias is small compared with
sampling error in most benthic studies (e.g., Holmes and
McIntyre 1984; Vezina 1988; Schacher and Wooldridge 1996).
On the other hand, the bias is well known and described by a
model (see legend to Fig. 6). Therefore, a correction for
decreasing accuracy of assemblage production estimates is an
option, but its benefits remain open for discussion.

Comments and recommendations
The ANN model presented here is a suitable tool for the

estimation of production of macrobenthic assemblages (com-
munities). When applied to single populations, a measure of
error (standard deviation or confidence interval) should be
provided together with the estimate of P/B or P. The user
should keep in mind that accuracy and precision of model
input data, particularly body mass, temperature, and water
depth, intrinsically determine reliability of model output. It
remains to be seen whether a broader database may reduce the
actual model bias toward high productivity populations and
assemblages.
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