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SUMMARY: Biochemical fractions of organic residues are compositional data that
generate numerical biases and are subject to non-linear processes upon amalgamation
into synthetic values. Our objective was to measure the inherent sources of distortion
using percentage or fraction data in N mineralization models. Nine organic residues were
incubated for 26 wk. Numerical bias was small using simple log-transformed data but
amalgamation of C forms (easily extractable C, cellulose, lignin) largely distorted the C/N
index. Balancing against N the sources of C according to their order of decomposability
improved the N mineralization model. We suggest using the balance concept across a
gradient of decomposability of biochemical fractions of organic residues in N
mineralization studies.
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INTRODUCTION

Indices of N availability from organic residues such as the C/N and lignin/N ratios
are widely used in C models (Parton et al., 1987). Such indices have two major limitations:
(1) there are many C and N forms of contrasting decomposability in organic residues
(Tremblay et al., 2010), and (2) analytical data used to described C and N forms are
compositional, hence, inherently distorted (Parent et al., 2012). Organic residues contain
several C and N forms associated with the soluble, hemicelluloses, cellulose, and lignin
fractions of organic residues (Thuriés et al., 2002). Every organic residue can be
described by a compositional vector of analytical data are intrinsically multivariate
(Filzmoser et al., 2009). One component is redundant as computed by difference between
100% and others. The sources of numerical biases in compositional data (redundancy,
scale dependency, and non-normal distribution) distort univariate and multivariate analysis
of compositional data (Aitchison, 1986; Filzmoser et al., 2009). Another source of
distortion in compositional data analysis is amalgamation whereby analytical data are
added up to a synthetic value (Aitchison and Egozcue, 2005). The objective of this paper
is to model without bias the N mineralization potential of organic residues.

MATERIAL AND METHODS

Briefly, eight agricultural organic residues and one urban compost were dried at
40°C, ground to < 1 mm, and analyzed by FT-NIR for biochemical fractions (soluble,
hemicellulose, cellulose, lignin), by dry combustion for C and N, by ion chromatography
for NH,-N and NOs-N after 0.01 M CaCl, extraction, and by loss on ignition (550°C) for
ash content (Tremblay et al., 2010). The biosolids providing 45 mg organic N kg™ soil
were incubated in triplicates in two soils at room T° and under adequate moisture
conditions for 26 wk. Analytical data were log or isometric log-ratio (ilr) transformed and
analyzed statistically using R (van den Boogart et al., 2011) as well as the Excel-2007
software. The ilr is a log contrast balancing two subsets. The ilr is computed as (Egozcue
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et al., 2003): iir =

R

-n(? E* 1 where \'I: is an orthogonal coefficient, where r is the

number of components for the subset at numerator and s is the number of components for
the subset at denominator; gic.) is geometric mean of components in subset at

numerator; glc-) is geometric mean of components in subset at denominator. The

sequential binary partition was arranged according to decomposability of C forms (Table
1). Total C is anamalgamation of easily extractable, cellulosic and lignin sources of C. Due
to orthogonality, a Euclidean distance called Aitchison distance can be computed across

ilr coordinates as: =4 = Z?_J'H Iry — ilr; “)?, where ilr; is the jth ilr of some composition and
N

iIr,-* is the ilr for a reference composition. The Euclidean distance (&) between compositions
x and y using simple log is biased by the difference between geometric means times

number of parts as (Lovell et al., 2011): &£2(In{x),In(v)) =A%+ D [ﬂ‘g“J_ =42,
g ()

RESULTS AND DISCUSSION

The relationship between the Euclidean distance computed using In-transformed
fractions and the Aitchison distance across balances shows that numerical biases due to
redundancy and non-normal distribution was small in this dataset (Fig. 1). Although similar
performance is expected due to small numerical bias when conducting multivariate
analyses such as multiple regression analysis across simple log or log-ratio transformed
compositional data, incoherence between sign or magnitude of regression coefficients
may occur at the step of interpreting the results (Parent et al., 2012). The C/N ratio
computed by amalgamating sources of C into total C was weakly correlated to balances
between N and the C pools in organic residues (Fig. 2). Amalgamation is a non-linear
process in the compositional vector (Aitchison and Egozcue, 2005). Although the C/N ratio
is a fair representation of N mineralization in organic residues (Fig. 3), the [EEC,CEL,LIG |
N] balance provided a more accurate N mineralization model (Fig. 4). Other balances
were poorly related to mineralized N (data not shown).

CONCLUSION
This work showed that recognizing that biochemical fractions of organic residues are
compositional data improved the N mineralization model for nine organic residues. We
thus recommend using the balance concept in N mineralization studies.
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Table 1. Sequential binary C-N partition following relative decomposability of C forms;
EEC = easily extractable (soluble + hemicellulose), CEL = cellulose, LIC = lignin + cutin.
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Figure 1. There is no apparent numerical bias in these ordinary log-transformed data
because geometric means of compositions correspond (Eq. 3).
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Figure 2. Distortion upon amalgamating C sources into total C.
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Figure 3. Non-linear relationship between mineralized N and the C/N ratio.
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Figure 4. Non-linear relationship between mineralized N and the [EEC,CEL,LIC | N]
balance. EEC = soluble + hemicellulose fractions; CEL = cellulose; LIC = lignin + cutin.



