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A machine learning workflow was used to develop spec-
trophotometric equations quantifying chlorophyll a, b, lutein,
violaxanthin, and zeaxanthin simultaneously. Microalgae sam-
ples were extracted in methanol following a classical procedure,
and no chromatographic separation was applied. To do so,
numerous samples with various pigments concentrations (ob-
tained by HLPC) were gathered with their associated visible
spectra. The data collected were used to calibrate a machine
learning model based on partial least square regression. The
best quantification (trade-off between accuracy and over-fitting)
was obtained with a 7-feature model (one absorbance and six
absorbance derivatives). From a practical perspective, the pro-
posed model is not only calibrated but also validated. Therefore,
the equations can readily be used for quantifying lutein, violax-
anthin, and zeaxanthin (if high enough). They would signifi-
cantly shorten the delay in obtaining samples’ carotenoids con-
centrations compared to liquid chromatography while retaining
adequate accuracy (below 10 %). Furthermore, the workflow
is presented step-wisely so that other scholars may adapt it to
their needs (e.g., producing a simpler model focusing only on
one pigment). Finally, the data and source files are available in
an online repository.
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1. Introduction

Nowadays, microalgae are regarded as small cell factories ca-
pable of producing molecules covering a wide range of appli-
cations (from pharmaceuticals to food and feed) (1). Among
them, the pigments produced by microalgae are of great inter-
est. They hold numerous beneficial properties ranging from
proven antioxidant effects to alleged anti-cancer properties.
While astaxanthin and β-carotene are the flagship carotenoid
molecules, other carotenoids such as lutein and zeaxanthin,
have demonstrated health benefits, a growing market, and an
acknowledged need for production process improvement (2).

Indeed, lutein and zeaxanthin are one of the rare molecules
capable of crossing the blood-brain barrier (3), which ex-
plains how they can access and positively affect the eye. For
a long time, scientists were unsure of the additional systemic
benefits associated with these carotenoids. Very recent stud-
ies (observational, interventional, and meta-analyses) have
demonstrated them (4, 5). For example, lutein intake is as-
sociated with improved cognitive performance in all stages
of life (from infant to elderly). The hypothesized mecha-
nism is the following: plasma lutein crosses the blood-brain
barrier and accumulates in the brain, where it acts as an an-
tioxidant and prevents neuron damage. Consequently, neu-
ronal efficiency increases, which translates into better mem-
ory, higher verbal fluency, and slowing down of Alzheimer’s
disease. Besides, systemic benefits, such as lower cardiovas-
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cular disease risk (6, 7), have been proven in animal models,
and anti-cancer properties are being investigated in vitro (8–
10).

Currently, lutein is extracted from marigold flowers, and
zeaxanthin is produced by microbial biotechnology (11). The
lutein production process is regarded as sub-optimal in vari-
ous ways: it requires arable lands and large quantities of wa-
ter, the production is seasonal, the associated work is tedious,
and the produced lutein is esterified which lowers its bioavail-
ability. Therefore, the relevance of its production by microal-
gal biotechnology is of interest (2). Various approaches have
been investigated for lutein production by microalgae: pho-
toautotrophy (12) and chemoheterotrophy (13–15), 1-stage
and 2-stage (16–19), cultivations with light stress (20–22), ni-
trogen stress (23, 24), temperature stress (25), salinity stress
(26), pH stress (27), or oxidative stress (28). In any case,
a swift lutein quantification method is required. It is es-
pecially true in the context of actual industrial production,
where cells should be harvested as soon as they reach the
desired lutein content to avoid unnecessarily lengthy cultiva-
tions. Concomitantly to lutein production, microalgae also
express zeaxanthin and its epoxidized form, violaxanthin.
Therefore, a light stress cultivation strategy could promote
lutein and zeaxanthin production (via VAZ cycle induction
(29)). Nevertheless, such processes are expensive (energy
cost of light) and require tight control. Therefore, there is
a need for a rapid and reliable method to monitor these pig-
ments’ expression by microalgae.

Few techniques exist to quantify carotenoids once ex-
tracted from a sample. The first one is HPLC analysis. It
is considered the reference as it separates the chemicals on a
chromatographic column before detecting them. Carotenoids
being a broad family of very similar molecules (30) and mi-
croalgae containing several of them, targeted pigments iso-
lation is paramount. Sadly, HPLC techniques do not yield
immediate results (a classical delay is between 30 minutes,
if the apparatus is free, to several hours if a sequence is in
progress). Furthermore, they require high-end equipment re-
quiring sizable capital expenditure and expertise.

Alternatively, spectrophotometric methods exist and are
well-established within microalgal biotechnology laborato-
ries (31). While efficient, inexpensive, and easy to deploy,
they can be regarded as suboptimal for two reasons. First,
they only quantify the total carotenoid content. If lutein is of
interest, this drawback can be circumvented by assuming that
most of the carotenoids are lutein. One should note that this
assumption only holds in particular cases (for example, un-
stressed green microalgae (32, 33)). Second, the wavelengths
corresponding to pigments are selected beforehand based on
obvious peaks in the absorbance spectra of each species of in-
terest. This method raises the question of the relevance of the
choice of the wavelength, especially for molecules exhibiting
very similar spectra, such as carotenoids. To overcome these
problems, authors have deployed several strategies in recent
studies (not necessarily applied to microalgae). For exam-
ple, when only a few carotenoid species are present, one can
separate non-polar (e.g., β-carotene) and polar (e.g., lutein)

carotenoids using hexane and dimethylformamide, respec-
tively (34). Alternatively, if the sample matrix is relatively
simple, it is possible to evaluate pigments’ concentrations
by comparing the sample spectrum to convoluted standards
spectra (35). Nevertheless, none seems suited for microal-
gal samples as they host complex carotenoid mixtures with
potentially nonnegligible matrix effects.

Therefore, this work aimed to apply tabletop spectropho-
tometers absorbance measurements to quantify lutein, vio-
laxanthin, and zeaxanthin from microalgal samples, individ-
ually. The use of absorbance spectra for dissolved molecules
quantification has been of attention in various fields of sci-
ence over many years (36–38). Consequently, the scientific
community produced streamlined workflows and mathemati-
cal background to support this technique. Classically, mix-
tures with known concentrations of the species of interest
are created, and the corresponding spectra are acquired. To-
gether, they constitute a dataset linking spectra with concen-
trations. Then a numerical model computing the correlations
between the two types of data has to be chosen. Among
the candidate models, such as Principal Component Analy-
sis or MultiLinear Regression, Partial Least Square (or PLS)
regression algorithm is of note (39) and has also proven suc-
cessful in microalgal biotechnology applications (40, 41). Its
particularity is that it uses principal component decomposi-
tions to create a set of components (linear combination of
variables) associated with both input and output variables
(through maximization of covariance between the scores). In
this way, the most meaningful information is retained, mak-
ing it a robust model (low sensibility to the training data) that
handles well colinear inputs (when multiple variables provide
the same information, for example, two neighboring wave-
lengths in the case of a spectrum) (42). Still, in the case of
spectrophotometric readings processing, two metaparameters
remain to be optimized by the operator: the number of com-
ponents (boiling down to the number of wavelengths taken
into account in the correlations) and the selected wavelengths
themselves.

This article presents a machine learning-based technique
producing a correlation linking visible spectra measurements
to lutein, violaxanthin, and zeaxanthin concentrations. For
the sake of completeness, even though it has been exten-
sively covered by other authors, chlorophyll a and b con-
centrations were also derived. In this work, spectra and pig-
ments’ concentrations were obtained from various cultures.
The strains used for these experiments were Chlorella vul-
garis and Scenedesmus almeriensis. They have been grown
under various modes: photoautotrophy, chemoheterotrophy,
and mixotrophy. It yielded a rich dataset over a wide range
of pigments’ concentrations at different stages of the culture.
The generated data were then used to power the machine
learning workflow linking spectra and pigments’ concentra-
tions. Finally, the source files associated with this work are
freely available in an online repository for anyone to down-
load. This way, the interested reader could deploy the work-
flow and obtain correlations suiting her/his need (e.g., focus-
ing on one pigment only, producing simpler correlations, ...).
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2.2 Pigment spectra acquisition and HPLC quantification

Fig. 1. Absorbance spectra of pigment extraction form 10 different biological samples (drawn randomly from the dataset)

2. Materials and methods

2 1. Cell cultivations
Samples coming from several experiments with different
strains were used for this study. This choice was made for
two reasons. First, it shortened the time required to agglom-
erate a large sample bank to conduct this study. Second, it
allowed capturing of diverse pigment profiles, increasing the
robustness of the obtained equations.

A first set of experiments was carried out using Chlorella
vulgaris (CV 211-11b) (SAG Culture Collection, Ger-
many). Cells were cultivated in photoautotrophy on B3N
medium (43) under various light intensity (25 to 200
µmolPhotoPAR/m2/s) and culture conditions (salt stress, ni-
trogen starvation, cold stress, ...). A second set of experi-
ments was led using Scenedesmus almeriensis (kindly sup-
plied by Pr. Gabriel Acien, from University of Almeria,
Department of Engineering). This microalga was cultivated
using B3N medium over different modes: photoautotrophy,
chemoheterotrophy, and mixotrophy.

A total of 88 samples were produced throughout the differ-
ent experimental campaigns.

2 2. Pigment spectra acquisition and HPLC quantifica-
tion
For each sample, cells were washed twice by centrifugation
(4 °C, 11000 rpm, 10 minutes). Biomass was then frozen and
freeze-dried (1-day primary drying, 1-day secondary drying,
Christ alpha 1-2 LD +). Biomass powder was stored in the
dark at -20 °C before being used for pigment assays.

To quantify cell pigment content, 1 mg of freeze-dried mi-
croalgae powder was homogenized in 5 ml pure methanol
using MP Biomedicals FastPrep42 bead miller. The sus-
pension was cooked for 20 minutes at 60 °C (shaded from
light) (44). This temperature was chosen as a trade-off be-
tween extraction enhancement and carotenoid degradation.

On the one hand, the higher temperature, the faster the ex-
traction. On the other hand, above a temperature of 60 °C,
carotenoids are likely to undergo sizable oxidation (45). Fur-
thermore, one should note that for microalgae that are not as
recalcitrant to extraction as Chlorella vulgaris, the extraction
could surely be conducted at room temperature. Additional
measures could also be taken to prevent potential carotenoid
degradation, such as operation under nitrogen or argon or the
addition of an antioxidant such as BHT (46). The liquid con-
taining the pigments was then filtered (0.22 µm), and its ab-
sorbance over the visible spectrum (340 - 800 nm, 1 nm res-
olution) was recorded (1 mL quartz cuvettes, Shimadzu UV-
1800) (Fig. 1). The same liquid was stored in dark vials at
4 °C while waiting for its presentation to the HPLC analyzer
for quantification.

Quantification of pigments was carried out on an Ultima
3000 HPLC (Thermo Fisher Scientific) coupled with a UV
Detector. Separation was achieved on an Acclaim Polar
Advantage II C18 column (4.6 × 150 mm, 3 µm, 120 Å)
from Thermo Fisher Scientific. The column temperature was
maintained at 30 °C. Pure methanol was the mobile phase.
The flow rate was 0.5 mL/min, and the elution was set in
isocratic mode. Injection volume was 5 µL, and the total
run analysis was 40 minutes. Compounds were identified by
comparing their retention time and their UV-Vis spectra with
standard solutions. UV-Vis spectra were recorded from 200
nm to 700 nm. Absorbance was recorded at 400, 450, 500,
and 650 nm. Pigments quantifications were led using the area
of the peaks in external calibration for the most sensible of
the recorded wavelength. External calibration concentrations
ranged from 0.25 to 5 mg/l. Pigment standards and methanol
were purchased from Sigma-Aldrich. Standards had a purity
greater than 97 %. For each sample, the five pigments of in-
terest (chlorophyll a, b, lutein, violaxanthin, and zeaxanthin)
were reported systematically. ’N.A.’ was used whenever one
of them could not be detected or quantified. An example of
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the resulting chromatograph is a available as Supplementary
Material.

2 3. Data management
The generated dataset consisted of 88 data points. These data
points were composed of an absorbance spectrum from 340
to 800 nm (1 nm resolution), resulting in 461 input vari-
ables and measurements of chlorophyll a, b, lutein, violax-
anthin, and zeaxanthin concentrations, resulting in 5 output
variables.

As a first step, manual curation of the data was undergone.
7 data points were excluded as they exhibited a strong base-
line deviation. 1 other data point was discarded because of
doubt about the associated spectrum file name. The second
step was to transform data so that all the values could be pro-
cessed by the PLS algorithm. Indeed, pigment concentrations
below the quantification limit were reported as ’N.A.’. The
question of data replacement in the case of a value below the
quantification limit for the PLS algorithm was already inves-
tigated in depth by other scholars (47). Their conclusions are
clear when the actual value is known. One can use it to re-
place the machine reading. Otherwise, replacing the value
with 0 is a safe procedure as it does not induce a bias and
limits variance. In this case, the known value could not be ac-
cessed because of this biological origin. Thus, Schisterman
et al. advice was followed and values below the detection
limit were replaced with 0.

The dataset was shuffled and split into two subsets, one for
training (80 % of the total, randomly drawn, n = 64) and one
for validation (complementary 20 %, n = 16).

2 4. Partial least square calibration
As presented in the introduction, the partial least square
model features two metaparameters to optimize. The first one
is the number of components which, in this case, is equivalent
to the number of wavelengths to be used to predict the con-
centrations (e.g. 6, 7, ... wavelengths in total). The second is
the list of the particular wavelengths to be retained (e.g. 470
nm, 680 nm, ...).

2.4.1. General methodology. The first step was determining
the number of wavelengths included in the final correlations.
Given the number of concentrations to be predicted (5 in
total), one could expect 6 wavelengths to be an adequate
choice. Indeed, this would allow the algorithm to pick one
wavelength per pigment and one to assess the noise level.
Still, this approach may also be deemed too simplistic as a
sample would contain many more molecules than the 5 quan-
tified the HPLC analysis. Therefore, algorithms with 1 to
10 wavelengths were tested. Obviously, 1 wavelength is not
enough, and 10 may lead to over-fitting, i.e. irrelevant wave-
lengths yielding marginal gain on the training dataset but in-
ducing additional error for on-field data.

Once the number of wavelengths to include has been se-
lected, the challenge is to determine which wavelengths are
relevant (48). An option is to select the wavelengths man-
ually. A naive approach would be to choose one for each
absorption peak of the species. While it might be relevant for

chlorophylls, it seems impossible to distinguish carotenoids
this way. In addition, the question of selecting additional
wavelengths in the case of correlation featuring more than
6 wavelengths remains intact. Another option is to use a
numerical optimizer to select the most suitable set of wave-
lengths. In this case, second option was favored.

Finally, a scree plot (performance vs. number of wave-
lengths) was used to determine the best compromise between
the number of wavelengths and potential over-fitting. One
last criterion is the usability of the correlation. Indeed, 3-
wavelength spectrophotometric correlations are common and
easy to implement in a tabletop spectrophotometer user in-
terface. Nevertheless, correlation with more than 8 wave-
lengths would require a computer to be processed on the fly,
as the spectrophotometer used for this study could admit up
to 8 wavelengths in the user-programmed correlation. While
not problematic from a scientific point of view, the reader
interested in reproducing and implementing the proposed ap-
proach should bear this point in mind and adapt it to its own
lab equipment.

2.4.2. Wavelength selection optimization. The wavelength
selection was led using a Particle Swarm Optimizer (PSO)
(49). Indeed, the very high number of possible combinations
(choosing 10 among 461 wavelengths leads to a bit more than
1020 possible combinations), the brute force approach laid
out of the scope. The inclusion, or not, of a wavelength be-
ing a boolean value and considering the large dimensionality
of the problem, gradient-based methods do not seem appro-
priate either. Stochastic methods, on the contrary, have been
shown to cope well with such configurations. Among them,
Particle Swarm Optimization is of note, as it is rather easy
to implement, deploy on parallel architecture, and capable of
browsing considerable search spaces. The technical details
associated with this optimizer are described in the next sec-
tion.

The PSO algorithm was implemented canonically (code
available on the repository). The swarm social parameter (at-
traction towards the location of the best value of the swarm)
was set at 0.6. The particle cognitive parameter (attraction
towards the location of the best value encountered by the par-
ticle) was chosen as 0.6, and the inertia (autonomous explo-
ration capability of the particle) was modeled using a ran-
dom chaotic function (inertia = 0.1r1+2r2(1-r2), with r1 and
r2 random numbers). The swarm comprised a variable num-
ber of particles: 5000 × nb. of wavelengths. This choice
widened the search for high dimensionality configurations
while limiting the computational cost of low dimensional-
ity configurations. Still, one should note that the size of
the search space is a power function of dimensionality, not
a linear. Therefore, the search space size increased faster
than the size of the swarm. Still, it was observed that this
drawback was counterbalanced by a qualitatively longer one
exploration for high dimensionality configurations. Finally,
swarm exploration was stopped after 50 iterations, for which
the best swarm loss function (f ) value did not diminish.

As the procedure aims to predict up to 5 concentrations,
special care had to be taken in choosing the loss function
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3.1 Optimal number of wavelengths

Fig. 2. Derivatives of absorbance spectra of pigment extraction form 10 different biological samples (drawn randomly from the dataset, same as previous figure)

associated with the optimizer. All concentrations being ex-
pressed with the same unit (mg/mL), it is likely that using a
classical metric (e.g., Sum of Squared Error, Mean Square Er-
ror, Absolute Error, ...) would foster the prediction of highly
concentrated pigments (chlorophylls) to the detriments of the
more diluted ones (carotenoids). Therefore, the retained loss
function weighted the squared deviation of a prediction for
each pigment by the average value of its concentration over
the dataset (Eq. 1).

f =
5∑
i=1

64∑
j=1

(Cpred,i,j−Cexp,i,j)2

Cexp,i
(1)

Where i represents the pigments (1 to 5 for chlorophyll
a, b, lutein, violaxanthin, zeaxanthin), j the training set data
point (from 1 to 64), and Cexp,i the average value of pigment
i concentration over the dataset.

2 5. Preliminary results and data augmentation
The presented procedure was led successfully using raw
spectra. It suggested using 8 wavelengths and yielded sat-
isfactory results. However, the construction of the equa-
tions was troubling (Eq. 2). They featured surprising
high coefficients with opposite signs for two sets of succes-
sive wavelengths (about 12 for A470nm/A474nm and 53 for
A742nm/A755nm). These observations led us to believe that
the algorithm was trying to access the derivative of the spec-
trum.

[Lutein] = 2.385A453nm+11.61A470nm−13.05A474nm

−5.047A607nm+1.329A610nm−0.04464A721nm

−51.80A742nm+55.90A755nm+0.02893 (2)

The use of the first derivative is a known preprocessing
technique, especially when individual species spectra over-
lap (50, 51). The data set was augmented by providing the

spectra derivatives in addition to the raw spectra. The deriva-
tion was led using a forward differencing with a 3 nm step
(the best compromise between step size and curve smooth-
ness). Figure 2 presents derivated spectra. As one can see,
the region extending from 700 to 800 nm is essentially flat.
Therefore, it was removed from the dataset to limit the num-
ber of features. Overall, the augmented dataset reached 819
input features per data point.

3. Results

3 1. Optimal number of wavelengths
Figure 3 presents the values of the loss function for the 100
PSO repetitions for the tested models (1 to 10 wavelengths
features). As one can see, the spread of the results increases
with the number of features used to build the correlations.
This can be explained by the increase in the search space
size. Indeed, each additional feature makes the task of the
PSO optimizer harder and sometimes gets it to be trapped
in a sub-optimal minimum. In addition, the results switch
from a monomodal to a bimodal distribution if one includes
8 features or more. The second mode exhibits a higher av-
erage value of the loss function (about 3 mg2/L2 versus 1.75
mg2/L2). This behavior is a token of the PSO’s difficulties in
converging to a robust optimum. Furthermore, it is associated
with the appearance of over-fitting. From a qualitative point
of view, the appearance of the second mode raises serious
doubts about the reproducibility of the proposed approach on
other datasets.

In this context, it is complex to choose the appropriate
number of features to include objectively. Including 7 fea-
tures seems to be a relevant trade-off regarding accuracy and
risk of over-fitting. To support this opinion, the loss function
values were treated as random variables and analyzed statis-
tically. An ANOVA test (p = 0.000) followed by Tukey’s
Honestly Significant Difference test (α = 0.05) was run to
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Fig. 3. Violin plot of the 100 PSO repetitions for the tested models (1 to 10 wavelengths features), zoomed onto 3 to 10-feature models. Dots - individual repetition of the
optimization algorithm. Round shapes - observed density functions associated with the 100 PSO repetitions. Square - 7-feature model retained for the study. Compact letter
display - ANOVA test (p = 0.000) followed by Tukey’s Honestly Significant Difference test (α = 0.05). Average loss function value for 1-wavelength models: 23.18 mg2/L2.
Average loss function value for 2-wavelength models: 13.05 mg2/L2

assess the statistical relevance of the observed difference be-
tween the models. As one can see, the 7-feature model is
statistically different from the other, making its combination
of low loss function value and moderate spread statistically
significant. Therefore, the best-performing 7-feature model
was retained for the rest of the study.

3 2. Analysis of the selected features
On top, figure 4 illustrates the input features (raw spectrum
and its derivative) for a random sample. The numbers corre-
spond to features retained by the model. On the bottom, fig-
ure 4 displays the frequency of appearance of the 819 features
over the 100 calibrated 7-feature models. The first comment
is that most retained features belong to the first-order spec-
trum derivative. This observation aligns well with the guess
drawn from the analysis of the preliminary results. Among
the selected features, 4 belong to the red peaks of the chloro-
phylls (numbers 1, 5, 6, and 7). 3 features (numbers 2, 3, and
4) belong to the blue part of the spectrum, where chlorophylls
and carotenoids contribute to the absorbance. Surprisingly,
no feature can be directly associated with pure noise (e.g.,
absorbance between 730 and 800 nm). Still, it can be hy-
pothesized that by combining the absolute absorbance value
(feature 1) and the derivatives, the model can reconstruct an
estimate of the noise. Alternatively, the intrinsic noise level
on the samples was low enough to be neglected, as could be
asserted from raw spectra examination (fig. 1).

The distribution of the selected features is also of inter-
est. The most striking comment is the importance of the ab-
sorbance derivative near the carotenoid peak around 470 nm
(feature 3). This feature appears in 80 % of the calibrated
models. Its pivotal role is not a surprise though as it is at
the same wavelength as the classically used to quantify total
carotenoids in the 3-wavelength models (31).

Apart from the surprising persistence of this feature, fur-
ther insights can be derived from the analysis of the frequency
graph. 6 areas of interest to the models can be identified.
The 3 first ones can be deemed relatively minor. Indeed,
given the reported frequencies, the models might have picked
one among them. Those regions are the raw spectrum in the
carotenoid region (around 460 nm, features index ' 120), in
the chlorophylls red region (around 650 nm, features index'
320), and in the far-red region (around 800 nm, features in-
dex ' 460) - indicating that some models directly measured
noise -. The 3 last ones can be deemed of major importance,
as the models might have picked several features within them.
Those regions are located in the derivative section of the fea-
tures. They are the wide carotenoids region (features index
' 520 to 650), the chlorophyll b region (features index '
720 to 760), and the chlorophyll a region (features index '
760 to 819). This comment further highlights the relevance
of including the spectra derivative as input features for the
calibration algorithm.

3 3. Correlations and validation
Once the model has been calibrated and analyzed, its internal
coefficients can be retrieved to produce spectrophotometric
correlations. The equations are provided hereinafter (Eq. 3 to
7). The computed pigment concentrations are in mg/mL. One
can note that given the low magnitude of the derivative signal,
the associated coefficients exhibit large values (hundreds or
thousand). While surprising at first, it does not hinder the
equations’ usability.

Figures 5 compares the predicted and measured concen-
trations on the validation dataset for 5 pigments of interest.
As one can see, most of the predictions fall within a ± 10 %
interval around the measured value, few within a ± 20 % in-
terval, and almost none lying more than 20 % away from the
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3.3 Correlations and validation

Fig. 4. Top - features originating from a randomly selected sample. On the left is the raw spectrum, and on the right is its first-order derivative (multiplied by 20 for the sake
of readability). Number - features selected by the algorithm for the best 7-feature model. Bottom - feature apparition frequency throughout the 100 PSO repetitions for the
7-feature model

measured value. Furthermore, the spread around the first bi-
sector is constant. In addition to being a token of the quality
of the model, this means that the proposed model is capable
of dealing indifferently with samples produced in photoau-
totrophy, chemoheterotrophy, or mixotrophy. These can be
considered very satisfactory results. This comment is to be
moderated for zeaxanthin. Indeed, as reported levels are very
low (most below 0.05 mg/mL), a small absolute error leads
to a significant relative error.

[Chlorophyll a] =−17.74A316nm−835.3dA522nm
dλ

−211.8dA596nm
dλ

−225.0dA602nm
dλ

−3492dA745nm
dλ

+191.9dA775nm
dλ

−344.1dA787nm
dλ

−0.8285 (3)

[Chlorophyll b] =−9.609A316nm−447.8dA522nm
dλ

−167.0dA596nm
dλ

−59.44dA602nm
dλ

−1336dA745nm
dλ

−169.8dA775nm
dλ

−535.7dA787nm
dλ

−0.2848 (4)

[Lutein] = 0.1291A316nm+75.25dA522nm
dλ

−18.53dA596nm
dλ

+6.098dA602nm
dλ

+35.37dA745nm
dλ

−3.221dA775nm
dλ

+20.91dA787nm
dλ

+0.01515 (5)

[V iolaxanthin] =−0.1085A316nm−1.99dA522nm
dλ

−34.87dA596nm
dλ

+15.49dA602nm
dλ

−15.54dA745nm
dλ

+2.383dA775nm
dλ

+12.17dA787nm
dλ

−0.0466 (6)

[Zeaxanthin] = 0.2406A316nm+25.69dA522nm
dλ

+53.37dA596nm
dλ

−49.12dA602nm
dλ

−62.46dA745nm
dλ

−19.9dA775nm
dλ

−3.703dA787nm
dλ

+0.02645 (7)

Once satisfactory agreement had been acknowledged, the
next step was to investigate the residual error for each predic-
tion. The size of the validation dataset (n = 16) was too small
to assert with certainty that the errors followed a Gaussian
distribution. However, they were centered on 0 and evenly
spread on both sides. Therefore, it could be concluded that
the proposed correlations are robust.

Finally, the quality of the prediction was compared to es-
tablished models. Sadly, such models do not yield indi-
vidual carotenoid pigments but the sum of xanthophyll and
carotenes. Therefore, the comparison was led by summing
the concentration of lutein, violaxanthin, and zeaxanthin ob-
tained by HPLC, on one side, and our equations, on the other.
Wellburn’s correlations (Eq. 8, 9 and 10), for methanol as
solvent, were used as classical spectrophotometric equations
(31). As shown in Figure 6, both the proposed correlations
and Wellburn’s correlations yield values dispersed around the
HPLC readings. The averaged dispersion is 48 % for the clas-
sical correlations and 9.7 % for the proposed ones. Still, one
should note that the spectra resolution can partly explain the
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(a) Chlorophyll a (b) Chlorophyll b

(c) Lutein (d) Violaxanthin

(e) Zeaxanthin

Fig. 5. Comparisons of the predicted and measured pigment concentrations on the validation dataset. Line: first bisector. Shaded areas: ±10, ±20 and ±30 % deviation
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3.4 Practical applicability

discrepancy obtained with the classical equations. Because of
the low spectral resolution of the acquisition (1 nm), it was
only possible to use the less accurate version of the correla-
tions. With a higher spectral resolution (typically 0.2 nm),
the classical correlations should perform better (by a factor
2, according to Wellburn’s comment in his article).

Chla = 15.65 A666nm−7.34 A653nm (8)

Chlb = 27.05 A653nm−11.21 A666nm (9)

Carx+c = (1000 A470nm−2.86 Chla−129.2 Chlb)/221
(10)

Fig. 6. Comparison between the sum of lutein, violaxanthin, and zeaxanthin con-
centrations on the validation dataset. Values were obtained by summing the con-
centrations of the 3 pigments from HPLC (blue), the proposed correlations (yel-
low), and Wellburn’s equations for methanol as solvent (directly providing total
carotenoids as xanthophyll + carotenes)

3 4. Practical applicability

Notwithstanding the quality of the proposed correlations,
one should keep in mind that if chlorophyll a, b, and to-
tal carotenoids are sufficient information, then classical 3-
wavelength models should be used. They are easier to han-
dle and can be directly implemented into most spectropho-
tometers’ built-in interfaces. If equipped with an integrating
sphere, one could also use the extraction-free method ele-
gantly proposed by Ritchie and Sma-Air (52). The proposed
correlations are of interest whenever the focus is set on dis-
criminating lutein, violaxanthin, and zeaxanthin. One should
also bear in mind that zeaxanthin levels should be high (typ-
ically higher than 0.05 mg/mL) to claim a 10 % accuracy.
If such is the goal, then one could extract pigments at room
temperature under inert atmosphere to minimize the risk of
carotenoid degradation. Finally, in terms of practical imple-
mentation, most spectrophotometers’ software offer modules
where they can compute spectra derivatives and combine fea-
tures to yield concentrations. The proposed correlations are

therefore usable for laboratory rapid and reliable quantifica-
tion of lutein, violaxanthin, and zeaxanthin.

4. Conclusion
This article presented a machine learning workflow allow-
ing the construction of spectrophotometric equations to si-
multaneously quantify chlorophyll a, b, lutein, violaxanthin,
and zeaxanthin from microalgae sample. The pigments were
extracted in methanol following a classical procedure, and
no chromatographic separation was required. The quantifi-
cation is based on seven features (one absorbance and six
absorbance derivatives). From a practical perspective, the
proposed model is not only calibrated but also validated.
Therefore, the equations can readily be used for quantifying
lutein, violaxanthin, and zeaxanthin (if high enough). They
would significantly shorten the delay in obtaining samples’
carotenoids concentrations compared to liquid chromatogra-
phy while retaining adequate accuracy (below 10 %). Fur-
thermore, the workflow is presented step-wisely so that other
scholars may adapt it to their needs (e.g., producing a simpler
model focusing only on one pigment). Finally, the data and
source files are available in an online repository.
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