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Abstract Alginate is an important medical and commercial
product and currently is isolated from seaweeds. Certain
microorganisms also produce alginate and these polymers
have the potential to replace seaweed alginates in some
applications, mainly because such production will allow
much better and more reproducible control of critical qual-
itative polymer properties. The research conducted here
presents the development of a new approach to this problem
by analysing a transposon insertion mutant library con-
structed in an alginate-producing derivative of the Pseudo-
monas fluorescens strain SBW25. The procedure is based on
the non-destructive and reagent-free method of Fourier
transform infrared (FT-IR) spectroscopy which is used to
generate a complex biochemical infrared fingerprint of the
medium after bacterial growth. First, we investigate the

potential differences caused by the growth media fructose
and glycerol on the bacterial phenotype and alginate syn-
thesis in 193 selected P. fluorescens mutants and show that
clear phenotypic differences are observed in the infrared
fingerprints. In order to quantify the level of the alginate
we also report the construction and interpretation of multi-
variate partial least squares regression models which were
able to quantify alginate levels successfully with typical
normalized root-mean-square error in predictions of only
approximately 14 %. We have demonstrated that this high-
throughput approach can be implemented in alginate screens
and we believe that this FT-IR spectroscopic methodology,
when combined with the most appropriate chemometrics,
could easily be modified for the quantification of other
valuable microbial products and play a valuable screening
role for synthetic biology.

Keywords Pseudomonas fluorescens . Alginate . Alginate
acetylation . FT-IR spectroscopy . Partial least squares
regression

Introduction

Alginates are linear polysaccharides composed of mannur-
onic acid and guluronic acid residues produced by brown
algae and bacteria such as Azotobacter vinelandii and some
species of Pseudomonas. These polysaccharides are used in
several large-scale industrial processes, such as food addi-
tives, and are also used in the pharmaceutical and medical
sectors [1, 2]. Even though the synthesis of alginate is
common among the Pseudomonas species, commercially
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available alginates are currently extracted from seaweeds.
The monomer composition of these alginates varies and
in general one cannot control the qualitative properties of
the alginates from sources that involve harvesting in
nature. In contrast, most parameters can be carefully
controlled in microbially produced alginates, and such
products have therefore a clear potential for application
—particularly in cases where product cost is not the most
critical parameter. To achieve a good understanding of
alginate production in relation to process development, it
will be necessary to evaluate large numbers of mutants
affected in alginate synthesis, and this requires highly
efficient and fast screening procedures for quantification
of production levels.

The research conducted here investigates the quantifica-
tion of alginate biosynthesis in the non-pathogenic species
Pseudomonas fluorescens. It has been shown that alginate
production in derivatives of this organism is highly efficient
[3], and transposon insertion mutants of an alginate-
producing P. fluorescens strain were therefore used as a
model to develop a new and high-throughput method for
quantification of alginate. Previous work in our group has
shown that FT-IR spectroscopy is an excellent vibrational
spectroscopic approach [4, 5] for quantifying determinands
of interest in microbial and mammalian culture including
primary metabolites [6], industrially relevant secondary
metabolites [7] and recombinant proteins [8, 9], but we have
not yet addressed a sample that has the complexity of a very
large alginate polymer.

As biological test materials in the study, we chose 193
different available transposon insertion mutants already
known to be affected in alginate synthesis (mostly re-
duced). This set of mutants had previously been identified
in a laborious screening of 10,000 mutants, each contain-
ing insertions at different and random chromosomal sites.
The average alginate production value of the un-mutated
control strain was used as a reference value for alginate
production, such that the alginate output was then mea-
sured for each mutant strain and the reference value
subtracted from the individual value observed. As a con-
sequence, strains that produced less alginate than the
control strain have a negative alginate production value
assigned to them.

The mutant strains were analyzed by FT-IR spectros-
copy using a high through-put scanner [10, 11]. We first
report the potential differences caused by the growth
medium on the bacterial phenotype and alginate synthe-
sis in these P. fluorescens mutants. These results will be
used to select subsequent chemometric analyses. Finally,
we report the construction and interpretation of multi-
variate partial least squares regression (PLSR) models to
quantify alginate biosynthesis successfully in P. fluores-
cens bacteria.

Methods

Cultivation of the mutant strains, enzymatic alginate
quantification

For preparation of pre-cultures and cultures for the FT-IR
analyses, the strains were cultivated in 96 square well plates
(2 mL wells) containing 500 μL medium per well incubated
at 25 °C, 800 rpm (3 mm orbital movement), 85 % humid-
ity; 0.5× DEF4 medium (pH 7.0) was used as production
media (0.35 g/L KH2PO4, 1,5 g/L (NH4)2HPO4, 0,30 g/L
MgSO4·7H2O, 0,49 g/L citric acid, 11.05 mg/L Fe(III)
citrate, 0.57 mg/L H3BO3, 2,71 mg/L MnCl2·2H2O,
2.28 mg/L EDTA·2H2O, 0.28 mg/L CuCl2·2H2O,
0.47 mg/L Na2MoO4·H2O, 0.47 mg/L CoCl2·2H2O,
1.40 mg/L Zn acetate·2H2O, 1,1 g/L NaCl, MOPS 10 g/L,
7 g/L fructose or glycerol, and 0.5 nM m-toluate).

The pre-cultures were prepared in 0.5× DEF4 medium
supplemented with 0.25 g/L yeast extract and with an in-
creased level of C-sources (either 40 g/L fructose or glycer-
ol). The pre-cultures were incubated overnight before they
were used as inocula for the main cultures (2 vol-%) in two
replicates. The main cultures with fructose and glycerol
were incubated for 50 and 67 h, respectively, until the
majority of the strains had utilized their carbon source.
One replicate was freeze-dried and used for FT-IR analysis,
the other replicate was used for enzymatic assessment of
alginate yield.

The culture medium (pH 7.0) contained 7 g/L fructose or
glycerol, 10 g/L MOPS 0.5 mM m-toluate. After the pre-
cultures were grown overnight, 10 μL of these pre-cultures
were used to inoculate the main culture medium (two repli-
cates) and these were grown for 48 h. After 48 h, the C-
source is used for the large majority of the mutants.

Alginate was quantified enzymatic essentially as de-
scribed earlier in [12]. The cultures in the replicate used
for enzymatic alginate measurements were supplemented
with 0.05 mL/L alkalase 2.4 L and neutrase 0.5 L (Novo
Nordisk) during cultivation to avoid extracellular degrada-
tion of alginate.

FT-IR data collection

All freeze-dried cultures were resuspended in 500 μL of
sterile physiological saline solution (0.9 % NaCl), then
10 μL aliquots pipetted onto 96 well sample silicon sam-
pling plates. The prepared sample plates were oven-dried for
10 min. at 50 °C to remove any excess moisture and fix the
samples to the plates. The Si plates were then loaded into the
motorised microplate module of a high-throughput scanner
(HTS-XT™), attached to an Equinox 55 infrared spectrom-
eter (Bruker Optics Ltd, Coventry, UK). The spectrometer
was fitted with a deuterated triglycine sulfate (DTGS)
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detector and controlled with Opus 4, via MS Windows on an
IBM compatible PC. The empty first well of each Si sample
plate was used for the background measurement. Transmis-
sion spectra were collected over the wavenumber range
4,000 to 600 cm−1 and displayed as absorbance spectra.
Collection time per spectrum was approximately 1 min.
Spectra were acquired at a resolution of 4 cm−1, and 64
interferograms were co-added and averaged to improve the
signal-to-noise ratio. A total of three spectra were collected
from a separate location of each of the samples analysed,
and the infrared data were converted to ASCII format prior
to statistical analysis.

To illustrate, Fig. 1 shows the FT-IR spectra of the high-
est and lowest alginate producing strains grouped by growth
medium type. We define the highest alginate producing
strain as the strain that yielded, on average, the highest
quantity of alginate when compared to the reference un-
mutated control strain. Likewise, we define the lowest algi-
nate producing strain as the strain that yielded, on average,
the lowest quantity of alginate when compared to that same
reference un-mutated control strain (Table S1 in Electronic
Supplementary Material shows the average alginate yield
measured for each mutant strain studied).

Data preprocessing

Before the actual data analysis, spectra which were deviat-
ing from the natural data variability (outliers) were removed
from the data set in an attempt to obtain robust models.
Initially, the raw FT-IR spectra were plotted and visually
examined. A small minority of the cultures used for FT-IR
analysis contained very little or no biomass at all and this
was reflected in the collection of poor quality spectra for
those samples. For example, some spectra had exceptionally
low or no absorbance at all, while others were too noisy. The
objective of this data filtering phase was to generate a data
set containing only reproducible and good quality spectra.

We used a method based on Mahalanobis distances for
multivariate spectral outlier detection. First, the method
computes the Mahalanobis distance from each point to a
“centre” (the mean of all data points) of the data. Second,
any point with a distance to the centre larger than a prede-
termined cutoff value is considered an outlier [13]. Since the
classical estimators of the arithmetic mean and sample co-
variance matrix are themselves sensitive to outliers, we used
a robust estimator called minimum covariance determinant
(MCD) [14] to compute the centre and the covariance matrix
of the data. The cutoff value was computed as a 97.5 %
quantile of the chi-square distribution with k degrees of
freedom, where k is the number of variables. The algorithm
used to perform this outlier detection was the “Moutlier”
function from the “Chemometrics” package run in R ver.
2.9.2 (http://www.r-project.org/).

After the outliers were filtered and removed from the
data, the remaining FT-IR spectra were normalized by an
extended multiplicative signal correction (EMSC) algo-
rithm. The EMSC method has originally been developed
to reduce the disturbing effect of light-scattering, small
particles scatter light more than larger ones [15], and we
have found this method very efficient for removing un-
avoidable baseline shifts. This type of normalization takes
the information registered in the spectra and attempts to
separate physical light-scattering effects from the actual
light absorbed by molecules [16].

For the computation of principal component analysis
(PCA), canonical variate analysis (CVA) and partial least
squares regression the data have also been autoscaled.
The autoscaling process transformed columns of the data
set (wavenumbers) so that each column had a mean equal
to zero and a standard deviation equal to 1 [17] (see
details of PCA and CVA in the Results and Discussions
section).

All the computational algorithms used for the data anal-
ysis are freely available in R programming language and can

Fig. 1 FT-IR spectra from the
highest (blue) and lowest (red)
alginate producing strains. The
plot shows spectra from
fructose (top) and glycerol data
(bottom)
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be easily integrated to work with web applications and
workflow management systems such as Taverna [18].

Results and discussion

Growth medium effect

Since the P. fluorescens strains were cultivated under two
different growth media (fructose or glycerol), we first inves-
tigated the influence of the growth medium on the FT-IR
spectra collected from these samples [19].

PCA was applied to the combined data sets, fructose +
glycerol samples. The objective of PCA is to explain the
variance-covariance structure of a set of variables through a
few linear combinations of these variables [20]. In PCA the
linear combinations (PCs) of the original variables are or-
thogonal (uncorrelated) to each other. Much of the original
data variability can be accounted for by a small number of
PCs which are then used for data reduction and visual data
interpretation. For instance, given a set of data X (FT-IR
spectra) with k variables (wavenumbers) PCA finds a set of
vectors pi so that ti 0 X · pi, where i01, 2,…, k and ti (the PC
scores) represents the projection coordinates of the objects
(samples) from X onto the PC space and pi (the PC loadings)
represents a loadings vector. The pi vectors are computed so
that t10X · p1 is the projection that best preserves the relative
distances between the objects and t1 is called the first prin-
cipal component (PC1) which has maximum variance of the
scores [21]. The explained variance then decreases from t1
to t2, t2 to t3, etc. and the k principal components reproduce
the total variability of the system. The basic equation for
PCA is:

T ¼ X � P ð1Þ
where X represents the original data set, P represents
the eigenvectors of the covariance matrix of X, sorted
by decreasing order of eigenvalues, and T represents the
PC scores or projections of the original data samples
into PC space.

The results of the PCA on the combined data set are
shown in Fig. 2. In this plot, two groups are observed
which are related to the growth medium in which the
strains were cultivated on and this indicates that the FT-
IR spectra of the bacteria were dominated by these
significant differences between samples grown on fruc-
tose or samples cultivated on glycerol. This suggests
that the analysis of the data for the quantification of
alginate should be performed individually for each
growth medium type. As a result, the data were divided
into fructose and glycerol data sets and all the analyses
hereafter are performed and reported for each of these
data sets individually.

The effect of the medium on culture volumetric growth
and alginate yield

As FT-IR spectroscopy detected differences between sam-
ples grown on fructose or glycerol it was important to
ascertain whether this effect could be due to growth yield
differences or alginate production yields, or whether this is a
general phenotypic difference due to anabolism and catab-
olism being different, due to the organisms being grown on
fructose or glycerol. The growth yield and alginate produc-
tion data for all 193 mutants are shown in Table S1 in
Electronic Supplementary Material.

To investigate growth yield or alginate influences, we
applied two-tailed t tests to the culture growth values and
alginate production measurements from the fructose and
glycerol data. The objective of a two-tailed t test is to test
whether the means of two sets of data (e.g., mean growth
under fructose vs. mean growth under glycerol) are statisti-
cally different from each other. The null hypothesis here is
that μfructose 0 μglycerol, where μ represents the population
mean. The criterion for rejecting the null hypothesis in a
two-tailed t test with 95 % confidence interval is when
the total area in the two tails of the distribution is less
than 5 %. Therefore, each tail must have an area of less
than 2.5 % [22].

The t tests indicate that the medium type does not cause
any statistically significant difference in terms of culture
growth as the p value computed for this comparison was

Fig. 2 Principal component analysis scores plot of the FT-IR data
showing high separation of the samples by the medium used for culture
growth. The total explained variance for the first two PCs is 70.7 %.
The coding used was “fru” for bacteria grown on fructose as the
primary carbon source and “gly” for those cultivated on glycerol
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0.1. By contrast, an alginate production effect on the bacte-
ria was observed as the p value was less than 0.01. An
inspection of the quantity of alginate produced by the strains
shows that samples cultivated under fructose produced, on
average, 62 % as much alginate as their control strain, while
samples cultivated under glycerol produced only 54 % algi-
nate relative to the control strain. On the other hand, the
average quantity of alginate produced by the control strain
cultivated under glycerol, 4.1 g/L, is higher than the average
alginate production of the control strain cultivated under
fructose 2.9 g/L.

Relationship between culture growth and alginate
biosynthesis

In order to investigate the relationship between growth yield,
alginate yield and FT-IR spectra further the multivariate data
analysis technique of canonical variates analysis was used. In
CVA given a set of predictors X (FT-IR spectra) and a set of
grouping variables Y (in this case alginate production or
culture growth depending on the analysis performed) the best
discrimination between groups can be obtained by maximiz-
ing the Fisher ratio of the between-group variation to the
within-group variation [23]. The purpose of CVA is to find

linear combinations of the variables, canonical variates (CVs),
which maximize this Fisher ratio. Figure 3 shows the plots of
the two first sets of canonical variates computed for the FT-IR
data under study collected from cells grown on either fructose
(Fig. 3a, c) or glycerol (Fig. 3b, d). For each of these pairs the
CVA plots the position of the objects are the same but the
labels are different. Figure 3a, b shows the CVA plots using
culture growth values as labels: the size of the dots depicted on
the plots represent culture growth values; the larger the size of
the dot is the higher the culture growth value. Figure 3c, d
shows the CVA plots using alginate production values as
labels. Again, the size of the dot is representative of the
alginate output value. Blue dots in Fig. 3c, d represent strains
that produced less alginate than the control strain.

A comparison of Fig. 3a, c indicates a strong negative
correlation between culture growth yield and alginate pro-
duction for the fructose data. The same relationship is ob-
served for the glycerol data (Fig. 3b, d). Figure 3c, d also
shows a grouping effect of the samples according to alginate
production values. This suggests that the FT-IR analysis of
the P. fluorescens mutant strains detected differences be-
tween the samples which are directly related to alginate
biosynthesis, where when the first CV is positive the strains
have a lower growth but higher alginate yield.

Fig. 3 CVA scores plots:
culture growth measurements
under fructose (a) and under
glycerol (b), the size of the dots
is proportional to the growth
value (cellular yield). Alginate
production measurements under
fructose (c) and under glycerol
(d), the size of the dots is
proportional to the production
output and blue dots represent
strains that produced less
alginate than the control strain
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Results from multivariate PLSR applied to alginate
quantification

PLSR is a supervised learning method that relates a set
of independent variables X (the FT-IR data) to a set of
dependent variables Y (the alginate levels). PLSR proj-
ects the X and Y variables into sets of orthogonal latent
variables, scores of X and scores of Y, so that the
covariance between these two sets of latent variables is
maximized [24]. The purpose of PLSR is to build a
linear model Y 0 XB + E, where B is a matrix of
regression coefficients and E represents the difference
(error) between observed and predicted Y values [25].
The size of the absolute value of the coefficient for each
independent variable represents the influence of that var-
iable on the prediction or dependent variable. The higher
the absolute value of the coefficient is, the higher the
influence of the variable. Once the model has been built,
it can then be used to predict, or estimate, the values of
the dependent variables of new samples. In addition to
these predictions, loadings plots from B regression coef-
ficients can be generated and the plot used to ascertain
which variables (FT-IR absorbances) are the most impor-
tant ones and will be used in model construction, and
hence related to alginate (Y).

Ideally, the plot of the measured vs. the PLSR pre-
dicted values should follow the y 0 x line or at least
show a strong linear trend. Figure 4 shows the original
(measured) alginate output values plotted against the
ones predicted by typical PLSR models built on either
the fructose (Fig. 4a) or the glycerol (Fig. 4b) data.
Figure 4 shows a very good linear trend between the
measured and predicted alginate values for both medium
types. The normalized root-mean-square errors for the
models were: fructose NRMSE014.6 % and glycerol
NRMSE014.3 %. NRMSE is defined as the root-mean-
square error (RMSE) divided by the range of observed

values (Eq. 2) and displayed as percentage where low
values indicate less residual variance.

NRMSE ¼ RMSE

Xmax � Xmin

� �
ð2Þ

As the samples used for training also have uncertainties,
these results suggest that the alginate production of P. fluo-
rescens can, in fact, be quantified by PLSR. Since these
PLSR models indicate successful quantification of alginate
levels, we performed further tests to validate these results as
follows.

Model validation is an important step in model building
when using a supervised learning method. This involves the
evaluation of how well the model can predict new or unseen
cases not used during model building (calibration) process.
Many validation methods are available for PLSR [26]. For
the research conducted in this paper, we chose to use a
bootstrap cross-validation method as it is a simple strategy
and always provides training sets with the same number of
samples as the original data set. Bootstrap is a re-sampling
technique that can be applied as cross-validation to estimate
the prediction performance of a model [27]. The basic idea
of this method is to select randomly, with replacement, N
samples from a set containing exactly N samples. All select-
ed samples, including the repetitions, are then used as train-
ing set and the non-selected samples are used as test set [28,
29]. One can think of this as having all samples analysed (N
0 ||X|| for our case) in a bag. A single sample is then taken
out of the bag randomly and its number noted—this sample
now forms part of the training data, and the sample is placed
back into the bag. This random sample picking process is
repeated until ||X|| samples are in the training set. Some
samples will be used multiple times, and on average
63.2 % of all of the samples will have been selected for
training. The remainder 36.8 % are used as the test data. As
we have replicate FT-IR spectra, we are careful to keep all

Fig. 4 Measured vs. predicted
alginate values for a typical
PLSR model from fructose (a)
and glycerol (b)
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replicate measurements together—either in the training or
test sets. This process is repeated a number of times, usually
100 to 1,000 times, to try to approximate the real distribu-
tion of samples in the global population of cases. The
reasoning behind bootstrap is that if the set of samples
available represents the global population of cases, then re-
sampling from this set is equivalent to re-sampling from the
global population from which the samples were drawn.

To validate the PLSR models and to confirm that the
predictions are not occurring “just by chance” (that is to
say, the results are not too optimistic), we also applied a
set of permutation tests to the bootstrap cross-validated
models. In a permutation test the original class labels, or
values, are randomly swapped [30–32] and this allows
the generation of a null or random model. A prediction
model is then built on these permutated data and the
model is evaluated, and this process is repeated several
times. The mean predictive accuracy value is computed
over all permutated models and is compared to the mean
predictive accuracy value computed over the models that
used the original class values (alginate levels). If the
predictive accuracy of the original models is significantly
higher than the one computed over the permutation test
models, then the evidence suggests that the effects ob-
served in the original data are also present in the global
population and the original models are indeed valid.

We applied the bootstrap PLSR model, with and without
permutation testing, to the FT-IR data to measure alginate
production. For the PLSR model, the X data are the spectra
(FT-IR absorbance values) and the Y data are the alginate
yield measured for each sample. The PLSR models were
built as follows. First the data were divided into fructose and
glycerol samples. A prediction model was then built based
only on the fructose samples. The process is repeated 1,000
times and the results were recorded. The same procedure
was then applied for the glycerol data. Figure 5 shows the
cross-validated R2 values computed for each data set on the
original data and on the permutation test data. A cross-

validated R2 value close to or lower than 0 indicates that
the model cannot predict the alginate outcome well whereas
a value of 1 indicates that the model can perfectly predict the
alginate outcome with 100 % precision. In practice, howev-
er, a R2 value equal to 1 is almost never found and the model
is considered efficient if its R2 value is a value close to 1
such as >0.7 [25]. The cross-validated R2 is computed after
each bootstrap cross-validation according to Eq. 3:

R2 ¼ 1�
Pn
i¼1

ðyi^ �yiÞ
2

Pn
i¼1

ðyi � yiÞ2
ð3Þ

where yi
^

is the predicted value for the ith sample from the
test data, yi its observed value, yi is the average of the
observed values and n is the total number of data samples
in the test data.

The bootstrap cross-validation results presented in
Fig. 5a suggest that the PLSR models did detect a relation-
ship between the P. fluorescens samples and their respective
alginate production levels, since that the median of both R2

values is higher than 0.7. Figure 5a indicates that the median
R2 value is higher for the fructose models (R2≈0.86) than it
is for the glycerol models (median R2≈0.76).

In order to confirm that the models are actually predicting
alginate outcome, we applied a set of permutation tests to
the data. Any model built on these data should, obviously,
give a poor prediction of alginate outcome. The results for
the PLSR using permutation test are shown in Fig. 5b. The
permutation test results indicate a poor prediction of alginate
outcome as expected; median R2<0 for both medium types.
This agrees with the theory and, as a result, this implies that
the PLSR bootstrap models built on the original data are, in
fact, correctly predicting or quantifying alginate production
levels of the P. fluorescens.

As discussed in the Materials section PLSR also gener-
ates loadings plots and further examination of these PLSR

Fig. 5 Box-and-whisker plots:
results from 1,000 independent
bootstrap cross-validation
PLSR models without permu-
tation test (a) and with permu-
tation test (b). A box-and-
whisker plot graphically dis-
plays numeric data through
their 5 number summaries: the
smallest observation, lower
quartile, median, upper quartile,
and largest observation
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regression coefficients also confirms that the models built
on the FT-IR data did detect alginate directly, rather than
some spuriously correlated changes in the bacterial pheno-
type. Figure 6 shows the FT-IR spectra of pure fructose,
pure glycerol, and pure alginate and the PLSR regression
coefficients from a typical model. The PLSR regression
coefficients were built based on the 10 first latent variables,
which explain 99.34 % of the variability on the fructose data
and 99.62 % on the glycerol data. A comparison of the
alginate spectrum (green line) and the PLSR regression
coefficients shown in Fig. 6 show that the most significant
coefficient values are around 1,611 cm−1, which is a char-
acteristic peak in the spectra of pure alginate analysed by
FT-IR in this study and also reported elsewhere [33]. This
confirms that the PLSR models are indeed detecting alginate
production in these P. fluorescens mutants.

Additional confirmation of this comes from a comparison
between the second highest set of regression coefficients,
around 1,730 cm−1, and the spectra from the highest and
lowest alginate producing strains shown in Fig. 1. The spectra
depicted in Fig. 1 also show a characteristic difference be-
tween the lowest and the highest alginate producing strains at
1,730 cm−1, although it is a weak absorption band. This band
can be assigned to C0O carbonyl stretching [34–36], which
has previously been observed in alginate [37, 38] and has been
related to alginate acetylation [39, 40]. Thus, this reinforces
the argument that PLSR is indeed detecting alginate produc-
tion directly. In general, alginate acetylation seems to show
two characteristic FT-IR absorption peaks: one at 1,730 cm−1

and another at 1,250 cm−1 [41]. Examination of the regression
coefficients shown in Fig. 6 positively confirms the presence
of such peaks. In addition, a correlation analysis of the area
under the band between 1,700–1,760 cm−1 and alginate pro-
duction shows a Pearson’s correlation coefficient of 0.84 with
a p value much smaller than 0.01 (p value02.5×10−97). This
correlation is high, statistically significant and confirms that
the PLSR model is clearly detecting the chemical reaction of

acetylation on the alginate produced by the P. fluorescens
samples.

Conclusions

The results from the analyses performed demonstrates the
successful application of a practical, effective and informative
multivariate regression model to the quantification of alginate
from several P. fluorescens strains interrogated by FT-IR spec-
troscopy. The regression model has shown that FT-IR analysis
detected biochemical variations among the strains that are
directly associated to alginate production and allowed the mod-
el to correctly quantify those levels of alginate production.

In addition, FT-IR analysis was also able to detect the
chemical reaction of acetylation, a reaction that may natu-
rally occur in the alginate produced by Pseudomonas as
demonstrated in the literature. Therefore, FT-IR spectrosco-
py coupled with PLSR analysis can also be used as a fast
method to measure alginate acetylation.

Furthermore, analysis for the rapid, accurate, and high-
throughput identification of exactly which P. fluorescens
strains are more susceptible to the acetylation of alginate,
and its possible effects on alginate production, would also be
an interesting area for future studies—as would modifying the
growth environment of the bacteria for enhancing alginate (or
indeed any other product) yield. In order to achieve this, FT-IR
spectroscopy would remain the same but as the phenotype of
the bacteria will change and FT-IR generates a whole organ-
ism or whole medium fingerprint, the chemometric models
would have to be recalibrated with exemplar data so that they
include this new biology or phenotype.
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