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A Chemometric Strategy for the Classification of Lecithins
According to Process Performance
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Lecithins are widely used as multipurpose additives
in the pharmaceutical and food industries. This im-
plies the need for an analytical means for the assess-
ment of process performance prior to full-scale proc-
essing. A general methodology was developed for the
classification of lecithins with respect to this property.
The strategy developed utilizes pattern recognition
methods, fatty acid composition of the phospholipid
classes(phosphatidylcholine, phosphatidylethanolamine,
phosphatidylinositol) and lipid class analysis by high
performance liquid chromatography to identify the leci-
thins with acceptable performance, e.g., emulsifying
behavior.
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The term “lecithin” generally refers to a mixture ob-
tained from crude vegetable oils in the degumming
process (treatment with water). In this process the
phospholipids, partial glycerides, sterols, glycosylglyc-
erides and other substances are removed in an emul-
sion.

The most commonly marketed lecithin originates
from soybean oil. It contains phospholipids (60%), triglyc-
erides (35%) and other lipids (such as partial glyc-
erides, glycosylglycerides, sterols) and nonlipid mate-
rials such as pigments and carbohydrates. Commercial
lecithins are widely used as multifunctional additives
in a variety of foods, but they also have found a signifi-
cant and growing use in nonfood applications (1).

Due to the complexity and variability of the leci-
thin mixture it is difficult to correlate functional prop-
erties to discrete constituents in the mixture or its
composition. The situation is obscured even further
by the fact that the chemical composition is often
analyzed by a combination of several different meth-
ods and techniques.

Multivariate analysis of chromatographic data has
been used in studies to classify olive oils according to
their geographical origin (2), polymer batches in qual-
ity control (3), honeybees according to subspecies (4),
ants from different colonies (5), fungi and molds ac-
cording to specie and strain (6-8), brain tissue as nor-
mal or tumoral (9), and diagnosis of liver disorders (10),
among numerous other applications.

Many papers in the literature describe the princi-
ples and theory behind the use of different methods of
pattern recognition such as clustering, linear discrimi-
nant analysis, linear learning machine, nonlinear map-
ping (11,12), principal components and partial least
squares regression (12-18).

*To whom correspondence should be addressed at: Karlshamns
LipidTeknik AB, P.0O. Box 15200, S-104 65 Stockholm, Sweden.

The problem addressed in this study was one of
screening different batches of commercially available
lecithins, e.g., classifying the lecithins according to
emulsifying performance in an industrial food process,
in order to ensure a continuously high process quality.

Conventional quality-control data, such as fatty
acids of the total material, etc., showed seemingly spu-
rious between-batch variation. There were no clear
trends that could account for the great differences in
emulsifying performance observed. This implied that
either the data measured were irrelevant to the prob-
lem or the variables chosen were highly interdepend-
ent. As the data was analyzed using traditional uni-
variate analysis, no covariance could be identified.

The objectives were therefore to find a relevant set
of variables and to interpret the results using multi-
variate statistical analysis. Variation in the fatty acid
composition of the isolated phospholipid classes from
lecithin, analyzed by a combination of preparative thin-
layer chromatography and gas chromatography, would
most probably contain relevant information. Further-
more, the data from analytical high performance liquid
chromatography (HPLC) of the lipid classes could con-
tain useful information if analyzed using multivariate
methods.

MATERIALS AND METHODS

Soybean lecithins, of commercial grade and of various
origin (Lucas Meyer, Federal Republic of Germany;
and Stern Chemie, Federal Republic of Germany) were
obtained from Karishamns AB (Karlshamn, Sweden),
These were categorized according to results obtained
from a full scale industrial emulsification process: 1,
good performance; 2, good at double dose; and 3, no
good at any dose.

High performance liquid chromatography. The lipid
classes (glycerides, phospholipids, etc.) were separated
by straight-phase HPLC (19), Licrospher 100 Diol 5 ym
250 X 4 mm. A solvent system of hex-
ane:isopropanol:water:acetic acid (80:10:10, w/w/w) was
used, and detection was by a light-scattering detector
(ACS 750/14, Mass Detector, England).

Thin-layer chromatography. The phospholipid
classes—phosphatidylcholine (PC), phosphatidylinosi-
tol (PI) and phosphatidylethanolamine (PE)—were iso-
lated by preparative TLC. This was done on prepara-
tive plates, Silica 60, 0.5 mm 20 X 20 with concentra-
tion zone (Merck, Darmstradt, Federal Republic of Ger-
many). The solvent system used was chloro-
form:methanol:isopropanocl:0.25% aqueous KCI:
ethylacetate, (30:9:25:6:18, v/v/v/v/v). Three hundred
microliters of a 10% w/w solution of the lecithin, dis-
solved in chloroform, was applied as a band, the plates
were developed twice (Fig. 1) and the bands were de-
tected by spraying the plates with Zinzadze’s reagent
(20). The bands were scraped off the plates and ex-
tracted with chloroform:methanol, 1:1 (v/v). These
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FIG. 1. Typical TLC-chromatogram of the lecithins, showing the
main phospholipid classes. Conditions as in Materials and Meth-
ods.

TABLE 1

HPLC variables®

GC variables?

000 =1 O LN

. Tri-, diglycerides

. Monoglycerides

. Phosphatidic acid

. Sterylglycosides

. 4.6, Unidentified peak

. Phosphatidylethanolamine

. Phosphatidylcholine

. Lysophosphatidylethanolamine
. Phosphatidylinositol

. Lysophosphatidylcholine

. Sucrose

. 11.8, Unidentified peak

. 12.8, Unidentified peak

. 14.8, Unidentified peak

. 15.5, Unidentified peak

. Raffinose

. Stachyose

18.

Sum of the above (%)

19. Palmitic acid (PC)
20. Stearic acid (PC)

21. Oleic acid (PC)
22. cis-Vaccenic acid (PC)

23. Linoleic acid (PC)
24. a-Linolenic acid (PC)
25. Palmitic acid (P1)
26. Stearic acl

27. Oleic acid (PT)

28, cis-Vaccenic acid (PI)

29. Linoleic acid (P1)
30. e-Linolenic acid (PI}

31. Palmitic acid (PE})
32. Stearic ac

33. Oleic acid (PE)
34. cis-Vaccenic acid (PE)

35. Linoleic acid (PE)
36. a-Linolenic acid (PE)

@Variables used in the multivariate analysis. Those underlined
were chosen on the basis of their modeling power for the class
model “good”.

TABLE 2
Mean content

Phospholipid class Fatty acid (area %) Standard dev.

Phosphatidylcholine 16:0 11.85 1.68
18:1(n-9) 6.58 1.58
18:1(n-7) 0.18 0.29
18:2(n-6) 71.85 2.18
18:3(n-3) 5.77 1.04

Phosphatidylethanolamine 16:0 15.70 3.71
18:0 1.47 0.38
18:1(n-9) 7.01 3.48
18:1(n-7) 0.72 0.24
18:2(n-6) 68.81 6.49
18:3(n-3) 5.70 1.03

Phosphatidylinositol 16:0 29.72 2.57
18:0 4,22 0.53
18:1(n-9) 5.22 1.69
18:1(n-7) 0.91 0.09
18:2(n-6) 53.14 3.11
18:3(n-3) 5.79 0.92

fractions were subjected to analytical HPTLC using
the same solvent system as above, and scanned by
photodensitometry (Desaga CD60) utilizing iodine va-
pors to check for purity.

Gas chromatography. The fatty acid composition
of the isolated phospholipid classes was determined
by transesterification to form methyl esters (FAME)
and subsequent analysis by capillary gas chromatog-
raphy (GC).

FAME were prepared by a method utilizing so-
dium methoxide—each extract from the preparative
TLC runs was dissolved in 2 ml of isooc-
tane:dimethylcarbonate (1:1), and 1 mL of a 0.5 mol/
dms? solution of sodium methoxide was added. The so-
lution was vortexed for 1 min at ambient temperature
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to ensure complete transesterification, 3 mL of water
was added, the mixture centrifuged and the upper phase
carefully removed and 0.5 uL, injected on GC.

GC analysis was done on a capillary column, polar
phase (DB-Wax, J&W Scientific, Folsom, CA) 30 m X
0.32 mm, He carrier gas, on-column injection, 130-
220°C, 1°C/min. All solvents and reagents were of
analytical grade. The reproducibility of the combined
TLC and GC analysis was checked with respect to the
fatty acid composition of the phospholipid classes in
repetitive runs (n=4) on the same lecithin, and was
found to differ not more than 3.8%.

The data were statistically analyzed using univari-
ate Analysis of Variance (ANOVA), multivariate Prin-
cipal Components Analysis (PCA) and Partial Least
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FIG. 2. Plot of the first three principal components. Axes PCl,
PC2 and PC3 are linear combinations of all the variables.

Squares Regression (PLS). ANOVA was performed by
comparing the variance between different lecithin sam-
ples (batches) with the mean of the replication variance
(combined TLC and GC analysis), 14 different samples
and two replicate runs on each batch.

PCA and PLS were done by utilizing the SIMCA
program ([Soft Independent Modeling of Class Anal-
ogy, Sepanova AB Stockholm Sweden (21})]. Projecting
many dimensions (in this case 36) down onto a two-
dimensional plane makes it possible to see natural group-
ings present in the data. These groupings can then be
interpreted in terms of known behaviour, and hence
form the basis for classification.

Using SIMCA to perform PCA is an interactive
and an iterative process which is described as follows:
Each individiual is described by a vector containing
the different measured variables and is represented as
a point in Measurement space. In order to “open a
window”’ into M-space and see the structure of the
data, the following procedure is employed (22): i) The
data are autoscaled, to give a mean of zero and vari-
ance of 1 for the variables, thereby removing the influ-
ence of different units of measurement. ii) Two princi-
pal components of the whole data set utilizing all the
variables are extracted. These are plotted (the win-
dow), revealing eventual groupings. iii) Individual class
models are developed for each of the found groups, if
possible. Outliers detected are removed for later in-
spection and variables found not to be relevant to the
problem are discarded. iv) These disjoint principal com-
ponents models can be used to classify unknown ob-
jects.

Mean
Modeling 0.4
Power

1 3 6 7 14192122 242526272829 313233343536

Variables

FIG. 3. Plot of the mean modeling power of the variables, taken
over the four principal components of the model.

Multivariate regression using PLS is closely re-
lated to the above, except that the data are divided
into an x-block and a y-block. The x-block variables are
used to predict the y-block variable(s).

RESULTS AND DISCUSSION

The differences in the fatty acid content of the phosphol-
ipid classes (Table 1) were statistically significant
(p=<0.05), with two exceptions (oleic and linoleic acid
in the PI fraction). The experimental data (Table 2),
i.e., the fatty acid content of the phospholipid classes
and the lipid class analysis, were then used in the
multivariate analysis.

Three principal components (linear combinations
of the variables) utilizing all the variables (Table 1) and
all of the objects (lecithin samples) were calculated and
the results plotted in three dimensions (Fig. 2). In this
first exploratory step prior knowledge of each lecithin
sample’s process performance was not used. This plot
(scores) shows the projection of each lecithin sample
onto a three-dimensional hyperplane in the 36-
dimensional measurement space which is spanned by
the analytical variables (Table 1),

As can be seen in this plot (Fig. 2), no straight-
forward groupings are present. However, this plot re-
veals a structure encountered in quality control, that
of asymmetric classes (23). This is suggested by the
fact that all the lecithins labeled 1 (good emulsifying
performance) are embedded amongst all the other types
of lecithins (2, good at double dose; or 3, no good at any
dose), with “good’’ none the less constituting a class.
It would seem that defining the class ‘“good” is possi-
ble, a lecithin can show “good” emulsifying perform-
ance in only one way, while the contrary is not true,
which is indicated by the scatter of the lecithins la-
beled “2” and “3”. A lecithin can be a ‘“‘bad”’emulsifier
in numerous ways and ‘“‘bad” is therefore not a class-
defining characteristic. Removing the irrelevant vari-
ables, according to the modeling power criterion (22),
and recalculating the model gave a plot with essen-
tially the same structure.
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class, the ‘““good’’ emulsifiers, and the other was a
group of ‘“all the rest’”, and therefore impossible to
classify. The subsequent multivariate PLS regression
was able to predict the observed process performance

TABLE 3
Lecithin Process PLS regression
sample@ performanceb RSD¢ prediction

1. 8¢537 1 0.175 1.02

2. Im546 1 0.149 0.98

3. sc626 1 0.074 1.61

4. sc546 1 0.053 1.16

5. Im72053 1 0.248 0.81

6. sc710 1 0.295 1.16

7. scBras 1 2.335 1.10

8.1m531 2 0.78 2.05

9. Im539 2 0.772 1.59
10. Im76005 2 2.017 2.02
11. Im76001 2 2.646 2.13
12. Im533 3 2.902 2.97
13.1m71465 3 2.013 2.72
14. sc611 1 3.688 0.69

9lm, Lucas Meyer; and sc, Stern Chemie.
These values are obtained from an industrial emulsification
process; 1, good performance; 2, good at double dose; and 3,
no good at any dose.

¢Values in this column should be compared to the class “good”
RSD of 0.38.

A separate class model was then developed for
each of the classes, “good” and “bad”. In this second
step of the analysis, knowledge of each lecithin sam-
ple’s process performance was used to choose samples
belonging to the group “good”, but this information
was withheld from the subsequent calculations. The
class ‘‘bad” did prove impossible to define, and no
statistically significant principal components could be
calculated, according to the crossvalidation criterion
(23).

For the class “good”, a model was developed with
four significant principal components explaining 85%
of the total variance in the data. Twenty relevant vari-
ables (Table 1, underlined) chosen on the basis of their
modeling power, were used to define this class. These
variables consisted mainly of the fatty acid composi-
tion of the different main phospholipid classes. Total
concentration of PE and PC are also important in the
classification, as was phosphatidic acid. By graphi-
cally representing the mean of the modeling power for
each variable, the influence of each variable on the
classification can be seen (Fig. 3).

Each lecithin sample was fitted to the model in
order to check its validity. The degree of fit of each
lecithin sample to the model is expressed by the resid-
ual standard deviation (RSD) (22); samples with values
close to the class RSD are members of the class “good”’
(Table 8). Predictions of the PLS regression show good
agreement with observed process performance (Table
3).

The results of this study show that by using a
combination of several analytical techniques to chemi-
cally characterize the lecithins, a set of data relevant
to the classification problem can be generated. The
multivariate statistical analysis was able to separate
the lecithin samples into two nested subgroups. One
of the groups was definable as a statistically valid
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of the lecithins.
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