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Composition and nutritive value of whole maize
plants fed fresh to sheep. II. Prediction of the in vivo
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In vivo trials on sheep carried out in France in 1987 and 1988 run by INRA, AGPM,
ITCF and breeders led to prediction models for in vivo organic matter digestibility coefficient of whole
plant maize used for silage. The new equations account for 60 to 70% of the variability observed in
the in vivo digestibility values. It is difficult to improve these results when we add variation sources:
those from the location and plant diversity, and those from experiments on animals and laboratory
methods. Near infrared spectroscopy (NIRS) can replace laboratory measures to estimate each of
the chemical constituents and in vivo digestibility. These results are used to research the best laboratory prediction reference methods. Direct determination by NIRS of in vivo organic matter digestibility is feasible but at present the data basis does not involve all variation sources and might lead to
prediction errors. To improve NIRS performance, we have to standardize the reference method at an
international level and set up a wider data base.
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Résumé &mdash; Composition et valeur alimentaire de la plante entière verte de maïs pour les
ovins. Il. Prédiction de coefficient de digestibilité in vivo de la matière organique. Des essais
de mesures de bilan sur moutons réalisés en France en 1987 et 1988, conduits par l’INRA, l’AGPM,
l’ITCF et des sélectionneurs, ont permis d’établir des modèles de prévision du coefficient de digestibilité in vivo de la matière organique du maïs plante entière destiné à l’ensilage. Les 234 bilans sur
animaux proviennent de 16 variétés cultivées sur 7 centres de recherche capables de réaliser les
mesures in vivo. Les paramètres disponibles sont l’âge de la plante à la récolte, la somme de température, le pourcentage de grains et d’épis, la matière sèche, la composition chimique (cendres,
protéines, cellulose, NDF, ADF, ADL, amidon et glucides solubles) et 3 digestibilités enzymatiques

(tableau I). Une étude de ces variables par ACP permet de dégager 4 directions dominantes (tableau
Il et fig 1). Des prédictions croisées centre par centre du coefficient de digestibilité in vivo (OMD) ont
conduit à devoir écarter les données de 2 centres. Ceux-ci présentent des écarts inexplicables dans
les valeurs OMD in vivo. Sur 199 bilans restants, toutes les combinaisons de critères ont été évaluées pour arriver au modèle le plus précis :
Dans la pratique, des modèles simplifiés sont proposés : OMD
14,6 + 0,1034 CP + 0,6322 LGS
pour les utilisateurs de la méthode «Ensitec» (Ronsin et Femenias, 1990); OMD 24,5 + 0,1001 CP
+ 0,5671 THE pour les utilisateurs de la méthode Aufrère (Aufrère et Michalet-Doreau, 1983). Les
nouvelles équations expliquent de 60 à 70% de la variabilité observée sur les valeurs de digestibilité
in vivo. Il est difficile de faire mieux lorsque l’on accumule les sources de variations: celles liées à la
diversité des lieux et des plantes et celles liées à l’expérimentation sur animaux et aux méthodes de
laboratoires. La spectrométrie dans l’infrarouge proche (SPIR) peut se substituer aux mesures de laboratoire afin d’estimer chacun des constituants chimiques et la digestibilité enzymatique (tableau
VII). Ces résultats servent alors à calculer la digestibilité in vivo considérée comme la méthode de référence. L’estimation directe par SPIR de la digestibilité in vivo de la matière organique est possible et
présente une précision excellente, mais actuellement la base de données n’intègre pas toutes les
sources de variation du mais destiné à l’ensilage et son utilisation pourrait conduire à des erreurs de
prédiction difficilement décelables, vu la difficulté et le coût des déterminations in vivo. Un effort doit
être entrepris au niveau international pour standardiser la méthode de référence et permettre la constitution d’une banque d’échantillons plus large. La standardisation des spectromètres dans le proche
infrarouge (Dardenne et al, 1990) devrait permettre la mise en commun des bases spectrales et le
développement d’un modèle unique de prévision du coefficient de digestibilité in vivo.
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INTRODUCTION
Ruminant production depends among othfactors on the quality of the feed ration
which has to provide the energy necessary
to meet both animal needs and the requirements of the microbes in their rumen.
A good knowledge of the maize value that
constitutes an important proportion of the
energy provided by the ration and of the
intake is necessary for those involved in
er

rationing.
The prediction of the energetic value
depends mainly on organic matter digestibility (OMD). The latter varies according to
varieties, and to phytotechnical, climatic
and preservation conditions. In this paper,
we will deal with the methods of predicting
in vivo OMD.

Near-infrared

spectroscopy (NIRS) is a
physical analytical method that requires calibrations. The studies carried out on forages
(Norris et al, 1976; Shenk et al, 1981; Biston
et al, 1985) indicate that this method enables prediction of the values obtained by
any other method used for predicting digestibility, either chemical, microbiological, enzymatic

or

the in vivo reference method itself.

The results presented here are based
the data provided by the &dquo;Club Digestibilit6&dquo; group, which includes INRA, AGPM,
ITCF (France), CRA in Gembloux (Belgium), and several breeding companies.
The samples were used to show the relationship between in vivo OMD and morphological, chemical and enzymatic criteria
and to develop prediction models. These
different parameters and in vivo OMD were
used to calibrate NIRS.
on

MATERIAL

morphological criteria (AGE, ST6, GRA,

to

EAR);
The trials carried out by the &dquo;Club Digestibilit6&dquo; deal with 16 varieties of maize, including one hybrid, BM3, which were
grown in 7 areas in 1987 and 1988. The
general trial conditions, the measurements
in plants and animals, sample preparation
and laboratory analyses have been described by Andrieu et al (1993).
TableI shows the mean, range and coefficient of variation of the available predictors and the in vivo OMD. The second part
of tableI shows the same parameters for
the 8 brown midrib samples (BM3); the
contents are fairly similar to those of other
varieties except for lignin (ADL) - the ADL
value is 13 g/kg against 24 g/kg for the other 226 samples. These extremely weak lignin contents account for the very high values of enzymatic solubilities whatever
method we use, and for in vivo OMD as
well (78.5%). Removing the BM3 samples
from the global file reduces the in vivo
OMD variability and the SD decreases
from 2.81 (N234) to 2.56 (N226).

PRINCIPAL COMPONENT ANALYSIS
A principal component analysis (STATITCF package) was performed on the 234
samples and 16 parameters (1 to 16 in table I), the OMD being considered a supplementary variable. This analysis is calculated on the centred standardized variables;
ie on the correlation matrix. Figure 1 displays the correlation circle for the first 2
axes which accounts for 73.2% of the total
variance.

Representing the variables on the first 2
leads to a better understanding of the
correlation matrix (table II). Four variable
groups can be considered independent:
water-soluble carbohydrates (VVSG) and
starch (STA) contents are highly correlated
axes

-

cell-wall contents (CF, ADF, NDF, ADL)
inversely correlated to enzymatic solubilities. A link exists between fibre content
and the growing stage;

-

are

content (CP) makes a group on
and is not correlated to the other
parameters. The CP variability is not accounted for on the first 2 axes. CP requires
an independent axis: the third with a correlation of -0.86;

protein

-

its

own

(ASH) has the same behaviprotein content and is independent
of the other parameters and is mainly represented on axis 4 (R -0.72).

-

ash content

our as

=

The in vivo OMD coefficient is located
on the direction linking the cell-wall content
and enzymatic solubilities. We therefore
note that these criteria are the most effective in predicting OMD. OMD variability is
justified at 45% with the first 2 axes, at
47% with the first 4 axes and only at 62%
with 10 dimensions. We already have to
conclude that it will be impossible to com-

pletely explain the OMD variability of these
samples with the available parameters.

234

Other unmeasured parameters (Andrieu et
al, 1993) and/or the weak reproducibility of
the animal trials are held responsible for the
remaining OMD variability.
Computing the generalized distance between each sample and the centre of gravity in the space of the 10 principal compo-

nents shows that the BM3 samples are not
the most extreme points. They generally
reveal a large distance but other samples
are even more remote from the centre. So
it seems logical to retain these samples in
the estimation of predictive models. These
samples add a variability which enables us
to increase the correlations with available

predictors.

CROSS-PREDICTIONS
In order to study the influence of each trial
for a given year and a given site, each of
them is removed from the global matrix
one by one. The predictive model is calculated excluding one trial and then applied
to the data of this trial to estimate the
OMD. Tables III and IV display the results
of this analysis.
Table III displays the models for the 12
trials each with 1 trial excluded. The table

shows the number of samples, the variables introduced in the models, the multiple correlation coefficients and the residual
SDs. The choice of the predictors differs
according to the excluded data set. The
variables common to all the models are
CP, ST6, DM associated with an enzymatic solubility (11 x AUF and 1 x LGS). The
complementary variables are grain percentage (GRA) and time from flowering
(AG! or starch (STA) or cell wall contents
(CF, NDF, ADF or ADL).
’

The multiple correlation coefficients
vary from 0.75 to 0.82. The weakest is obtained when leaving out the samples from
Lusignan in 1987. The reduction in the in
vivo OMD variability by taking out the BM3
samples accounts for this lower correlation. The residual SDs vary from 1.61 to
1.78. The 2 weakest values are obtained
when trials 5 and 10 are left out. The residual SE reduction, when these samples are
ignored, shows that these points disturb
the model by important residues. Table IV
gives the statistical values when applying
the previously obtained models on the
data of each coresponding trial. It shows
the number of samples, the SD of in vivo
values, the mean distance of the predicted
samples from the centre of gravity of the
samples on which the models are determined and within the space of the predictors used. This distance is a generalized
distance computed from the principal components analysis (PCA) scores and normalized in such a way that the mean distance of the model samples from its centre
of gravity is always equal to 1. A sample is
considered as an outlier when its distance
is > 3 (Shenk and Westerhaus, 1991
).
Table IV also

the correlation
squares and
the biases between the in vivo values and
those predicted by the model. We notice
that the highest Seps are observed for the
trials number 5 and 10, with respectively
3.50 and 4.88 corresponding to biases of
3.20 and -4.41. Figure 2 shows the scatter
diagram of the points between the reference values and the predicted values for
these 2 trial sets. The introduction of these
points in the predictive models will surely
disturb the coefficient stability and the ac-

displays

coefficients, the root

mean

curacy.
Barribre et al (1991) have shown obvious site effects. Those cannot be split into
a so-called &dquo;sheep&dquo; effect and a site effect
(climate, soil, etc). The morphological,
chemical and enzymatic data do not allow

us to conclude that these samples are different from the others. The distances of
these samples in the predictor space are
rather weak to suspect the reference values themselves. No explanation could be
found in the experimental design or in the
chemical and enzymatic determinations.

Trial number 6 shows high distances
(H= 4.4) which come in fact from dry matter (DM) of the maize given to the sheep.
This DM is abnormally high in comparison
with starch content or with the cutting date.
In spite of these high distances, the accuracy of the prediction remains acceptable.
The zero correlation comes from the very
weak variation in the reference values
(OMD standard deviation generalized, Sdy

=
1.06).
All the residues (N
234) provide a
root mean square equal to 2.50
and a correlation coefficient of 0.54. These
values are obviously less good than those
observed when calibrating and show how it
is difficult to define a stable model.
=

pooled

leaving out the trials number 5 and
repeated the cross-prediction procedure among the 10 remaining trials (N
199). In this study, the residual SEs vary
from 1.41 to 1.51 with a respective correlation of 0.87 and 0.82. In prediction, the
highest error reaches 2.57 for trial number
After

10,

we

=

8 while the cumulated error for 199 samples is equal to 1.85 with a correlation of
0.75. When deleting trials 5 and 10, we obtain in prediction on independent samples
an acceptable accuracy (residual root
mean square, Sep
1.85) for predicting
=

OMD.
In order to assess the linearity of the relation between OMD and the different predictors, the in vivo conditional means were
calculated on the basis of LGS values.
Table V shows the 11 points calculated
with the number of samples for each class,
the mean LGS solubility and the mean of
in vivo OMD for the corresponding samples, the in vivo values computed by simple regression (OMD 22.0 + 0.636LGS)
and the residues.
=

The scatter diagram (fig 3) shows the
linearity between in vivo OMD and LGS
enzymatic solubility. Fortunately we notice
that the extreme point obtained by aver-

aging the 8 BM3 hybrid samples falls into
the line with the others and that it is a very
influential point but not an outlier. Besides,
it is to be noticed that the regression slope
and the intercept are very close to those
obtained from the 199 points. Averaging in
vivo values through years and sites enables us to reach a correlation of 0.96 with
LGS solubility. The AUF mean values are
correlated to 0.995 with the LGS values.

The bias between both methods is equal
to 7.88. The conditional means are useful
to check the linearity but do not represent
the reality when estimating individual values.

PREDICTION OF OMD

The linear models are calculated by the
least squares method. Instead of the stepby-step method, the best combination of
criteria is determined by computing all the
possible combinations of 2 criteria out of
16 (120 combinations), of 3 criteria out of
16 (560 combinations), of 4 criteria out of
16 (1820 combinations) and so on. The
search for the best combination was performed on the 199 samples file. Table Vi
shows all the equations. The regression
coefficients with T-test < 2 were not kept.
The models were estimated from 9 groups
of criteria: 1) all criteria of tableI (1 to 16)
(table V1.1); 2) all criteria except LGS enzymatic solubility for those using Aufr6re’s
method (table VL2); 3) chemical criteria
and enzymatic solubilities (table V1.3); 4)
chemical criteria and Aufr6re’s solubility
(AUF) (table V1.4); 5) chemical criteria
without Van Soest’s fractions and with
LGS solubility (table Vl.5); 6) chemical criteria without Van Soest’s fractions and
with AUFsolubility (table V1.6); 7) chemical
and morphological criteria (1-13) (table
VI.7); 8) only chemical criteria (6-13)
(table Vi.8); 9) chemical criteria without
Van Soest’s fractions (6, 7, 8, 12 and 13)

(table Vl.9).
From the 199
is

lignin

samples,

the first criterion

content with a correlation of 0.66

with OMD (table V1.1However, the AUF
and LGS solubilities have very close correlations (0.65). This is the reason why the

corresponding equations are displayed in
(equations [1.1a] and
[2.1 a]).

table VI.1 and VL2

The second criterion is protein content,
which provides a significant contribution.
The correlation coefficient goes from 0.66
to 0.74 when CP is associated with LGS
solubility. It is also noticed that the 3 criteria LGS, AUF and ADL can easily be replaced by each other. If we consider the
LGS + CP, AUF++ CP and ADL + CP equations, the correlation coefficient are respectively 0.74, 0.73 and 0.73 with similar accuracy (1.91; 1.92 and 1.92).
The third criterion is the age after flow-

ering time (AGE). Yet its contribution is already reduced compared to that of CP.
The fourth criterion is the dry matter
content of the given maize. However, by
introducing this parameter, the AGE criteria is replaced by the temperature sum
(ST6) (equation [1.4]).
The fifth variable is ADL when the first
criterion is an enzymatic solubility. Thus,
its contribution is weak and its information
is redundant. The most effective equation
is equation [1.5] which reaches a correlation of 0.83 and a residual SD of 1.58.
When the

morphological

criteria

are

not

available, it is possible to use the models
3.1 to 4.5 (table VI.3 and Vl.4). Among
these, the third variable is ADL and the
fourth total ash (ASI->7. There is a high similarity between equations [3] and [4] and
accuracies are similar for
nodels with up
4
to 4 terms.
It is interesting to develop models without values relative to the Van Soest fractions. The models with LGS and AUF are
shown in table VI.5 and V1.6. We add
crude fibre (C! and ash to the pair LGSCP and starch (STA) and ash to the pair
AUF-CP. There is little difference between
models 3.3 and 5.3 and crude fibre can replace ADL. However, the difference between models 4.3 and 6.3 is more important.
Table VL7 and VI.8 do not take solubilities into account. The models in table VI.7

are similar to those of tables V1.1 and Vi.2
where ADL replaces solubilities. The models in table VI.8 look like those in table
VI.3. The ASH content as predictor is not
very significant from a zootechnical point
of view. This parameter is artificially entered to take account of a special site, ie
Rennes in 1988. So, equation Vi.3a is the
next best model with 3 terms and CF
seems a more effective predictor than
ASH.

In equation [8.3a], ADF replaces CF
because it is very easy to obtain ADF
when ADL is determined according to Van
Soest’s method.

Table VI.9 gives the models without solubilities and without Van Soest fractions.
Crude fibre expresses cell walls, and
starch and water soluble carbohydrates
are considered as explanatory variables
but with very weak contributions.

Among all these models, we will only
keep those which are easy to use routinely. Model 1.5 is the most accurate (R
0.85 SEC 1.58), but requires ADL determination. The previous model 1.4 is almost
as precise without ADL (R
0.82, SEC
1.63). Model 1.4 is to be used when temperature sum and maize DM are known. If
=

=

=

these criteria

are

not

=

available, the easiest

model is LGS-CP (1.2). LGS solubility can
be replaced by AUF solubility using models 2.4 and 2.2a.
The best combination of morphological
criteria gives a model whose correlation
only reaches 0.39 (DM, EAR and AGE).
No result is given for those criteria because of its weak accuracy.
We observe that the OMD prediction
gives rather poor correlation from the
chemical composition. This point has been
discussed by Andrieu et al (1993).

NEAR INFRARED SPECTROSCOPY
All the chemical parameters and enzymatic solubilities (6 to 15 in table I) can be
calibrated by near infrared (NIR) spectroscopy. Several publications (Norris et al,
1976; Shenk et al, 1981; Murray, 1983;
Biston and Dardenne, 1985; Coleman and
Windham, 1989; Barber et al, 1990) underline the possibility to predict in vivo digestibility from NIR spectra.

All the

samples (234)

were

dried

over-

at 40°C to stabilize their
residual water content and then measured
on a monochromator (Pacific Scientific
6250) between 1 100 and 2 500 nm by 2nm steps. The calibration procedure is the
partial least square regression (PLS) (Martens and Jensen, 1982). The number of
terms (factors) to introduce in the model is
determined by cross-validation. This procedure (Shenk, 1991) consists of selecting
two-thirds of the samples on which a model is developed. This is applied to the remaining samples. The procedure is repeated 3 times while always keeping samples
for validation. The errors arising from the 3
models are added up to obtain a SD of validation whose minimum gives the number
of factors to use in the model to avoid
overfitting. The final model is recalculated
on all the samples.
Table VII shows the results of the NIR
calibrations for chemical criteria, enzymatic
solubilities, in vivo OMD and even energet-.
ic value (&dquo;unit6 fourrag6re&dquo;) (Jarrige, 1988).
The prediction of solubility gives results

night in

an oven

similar to those reached for crude fibre and
ADF and which are clearly superior to
those of ADL. The highest correlation coefficient is obtained for starch (0.97). The results concern equations on a monochromator when using all the spectral
information between 1 100 and 2 500 nm.
Similar equations can be obtained on filter
instruments with a slight loss of accuracy.
If in all previously-developed in vivo prediction equations (table VI), we replace
chemical and reference enzymatic values
by its estimated values from spectral models, we notice that the results are very similar (table VIII). Replacing reference values
in OMD prediction models by estimated
values by NIRS does not alter the accuracy of the in vivo OMD. Table VIII shows
the comparison for 5 models (1.2, 5.3,
6.3a, 1.5 and 3.5 in table VI) in which reference values have been replaced by values
arising from the spectral models. The

equation
1991 in

5.3’ and 6.3a were
information paper.

published in

an

NIRS is able to predict OMD in a direct
and is also even able to predict
the energetic values (UFL or UFV¡. OMD is
predicted with a validation error of 1.65.
Only the models 1.4, 1.5 and 2.5 of table
Vi succeed in predicting with a better accumanner

including climatic parameters
obviously not be observed in the
spectrum. Either by MLR (multiple linear
regression) or by PLS (partial least
squares), we observe that the main absorption bands explaining OMD are 1 668
and 2 270 nm, corresponding to lignin absorptions. Other bands are considered and
racy but
which can

related to other constituents ; 2 050 and
2 190 nm (protein), 2 100 nm (starch),
1 224 and 2 332 nm (cellulose). Other
wavelengths are relevant but without unknown specific absorptions and are used
to minimize the interferences.

delete these climatic and morphothe predictions by infrared models enable us to estimate OMD
in a more precise manner than those from
models including chemical and enzymatic
parameters. Feed units for milk and meat
are also predicted with good correlations
(correlation coefficient of prediction, Rp
0.84 and 0.83). We have to recall that
these values are the results of predictions
If

we

logical parameters,

=

on

independent

samples

by

cross-

validation. Besides considering the digestibility coefficient which is the most important factor, a UFL or UFV calibration, includes the other parameters which are
present when computing gross energy and
the coefficient of transformation of gross
energy into metabolizable energy (itself
function of crude fibre and total nitrogen
matter content and of feeding level).
Andrieu et al (1993) showed that OMD
is in reverse ratio to indigestible cell wall
quantity (UND!. On the basis of the 99
samples used by these authors, it is also
feasable to predict NDF digestibility by
NIRS (RP=0.87, Sev=2.6) and thus indigestible NDF quantity. However, as the
UNDF values are based on in vivo measurements, they follow the variability observed on the in vivo OMD coefficient
linked to &dquo;sheep&dquo; or site effects. Trials are
now in progress to estimate NDF digesti-

bility by enzymatic solubility.
The problem with these calibrations by
NIRS is their maintenance. The calibration

samples do not necessarily represent all
whole plant maizes which can be found in
practice. Besides the intrinsic variability
due to all varieties, cutting date and phytotechnical climatic conditions, we also have
to deal with the variability of the sample
preparation. The latter influences the enzymatic solubility as well. This variability may
be important and depends on maize quality when cropping and drying, DM quantity,
drying T°, residual water content after drying, the grinding characteristics, the filling

method of the cups for spectral reading
and the working conditions of the spectrometer.

As for all predictions models, infrared
models can only be applied within the limits defined by calibration samples. These
limits can be checked in routing analysis
by spectral distance measurements. The
spectra of the samples to be predicted
must be located within the space defined
by the calibration samples. This condition
is difficult to achieve and requires a huge
effort in sample measurement, selection
and numerous determinations by reference
methods.
Since 1984, in collaboration with Limathe &dquo;Station de Haute Belgique&dquo; has
been collecting whole plant maize samples
to develop the ENSITEC method. In 1990,
the database included 359 samples that
came from a selection out of several thousands of spectra extended over several
years (1985-1990). The model built on,
these data enables us to predict the LGS
solubility of the &dquo;Club&dquo; samples with a very
high accuracy (Sep 1.05) (table IX). All
the &dquo;Club&dquo; samples present spectra that
are already included in the ENSITEC data
base. The mean distance of the &dquo;Club&dquo;
samples from the centre of gravity of the
ENSITEC base is equal to 0.67. Nevertheless, the model built only with the &dquo;Club&dquo;
samples does not enable us to predict all
the samples of the ENSITEC base. The
accuracy gets lower (Sep 2.34) because
173 samples out of 359 have a distance
> 3 regarding the centre of gravity of the
&dquo;Club&dquo; base. The ENSITEC base is wider,
contains more spectral variability than the
&dquo;Club&dquo; base and so is more effective in predicting the enzymatic solubility of whole
plant maize. Figure 4 shows that the optical density of the ENSITEC samples
present a variation that is twice as large as
that of the optical densities of the &dquo;Club&dquo;

grain,

=

=

samples.

That is also true for the other chemical
criteria. The weaker the constituent sensivity in the NIR region is, the more numerous
the samples numbers that are required.
For instance, with the same number of
samples, it is well known that a protein
model is more robust than a crude fibre
model (lower coefficients for protein than
those for crude fibre). Although it is rela-

tively easy to carry out a few dozen of laboratory analyses each year to check and
maintain infrared models, it is almost imto perform in vivo measurements
on animals simultaneously. This is the reason why we advise predicting an enzymatic solubility and chemical criteria with the
highest accuracy and to apply a model that
links these criteria to in vivo digestibility.

possible

CONCLUSION
The data base set up in collaboration with
INRA, AGPM, ITCF and CRAGx allowed
construction of linear prediction models of
in vivo organic matter digestibility (OMD).
The best models explain < 70% of the
observed variability in the trials on animals.
This lack of fit for the individual values is
compensated by a high number of points
(199) which enable us to compute equations that are reliable enough to be used in

practice.
NIRS seems to be an effective prediction method to determine chemical and enzymatic criteria and also to directly esti-

mate the in vivo
feeding units.

digestibility coefficient and

NIRS accuracy depends on the refervalue quality and models can only be
applied for a given population. So it is
absolutely necessary to be able to check
and maintain predictive models each year
by an adequate selection of new samples
on which reference methods are performed.
ence

Research on maize digestibility predictions is currently in progress at several laboratories in Europe in particular to estimate in vivo value by enzymatic methods
via cell wall digestibility. Unfortunately in
vivo data are no numerous enough and
lack of standardization between institutions and countries does not always enable us to merge the available values to
build up common databases.
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