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Francisco X. Nascimento b,c

a LAQV-REQUIMTE, Chemistry Dept., NOVA School of Science and Technology, Universidade Nova de Lisboa, 2829-516 Caparica, Portugal
b iBET, Instituto de Biologia Experimental e Tecnológica, 2781-901 Oeiras, Portugal
c Instituto de Tecnologia Química e Biológica António Xavier, Universidade Nova de Lisboa, 2780-157, Oeiras, Portugal

H I G H L I G H T S G R A P H I C A L A B S T R A C T

• Media formulations impacted Phaeo-
dactylum tricornutum productivity.

• Absorbance and 2D-fluorescence
captured biological variance.

• A comprehensive dataset was generated
and machine learning models applied.

• Spectroscopy-based models for moni-
toring P. tricornutum cultures were
developed.

• Robust and sensitive monitoring of
P. tricornutum fucoxanthin and cell
productivity.
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A B S T R A C T

The development of sustainable and controlled microalgae bioprocesses relies on robust and rapid monitoring
tools that facilitate continuous process optimization, ensuring high productivity and minimizing response times.
In this work, we analyse the influence of medium formulation on the growth and productivity of axenic

Phaeodactylum tricornutum cultures and use the resulting data to develop machine learning (ML) models based on
spectroscopy. Our culture assays produced a comprehensive dataset of 255 observations, enabling us to train 55
(24+31) robust models that predict cells or fucoxanthin directly from either absorbance or 2D-fluorescence
spectroscopy.
We demonstrate that medium formulation significantly affects cell and fucoxanthin concentrations, and that

these effects can be effectively monitored using the developed models, free of overfitting. On a separate data
subset, the models demonstrated high accuracy (cell: R2 = 0.98, RMSEP = 2.41x106 cells/mL; fucoxanthin: R2 =
0.91 and RMSEP = 0.65 ppm), providing a practical, cost-effective, and environmentally friendly alternative to
standard analytical methods.
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1. Introduction

Algae carotenoid pigments have garnered significant attention due to
their therapeutic properties and health benefits (Pradhan et al., 2023;
Rowles and Erdman, 2020; Vílchez et al., 2011). Particularly, fucoxan-
thin, a xantophyll carotenoid pigment, has demonstrated powerful
antioxidant and anti-inflammatory properties, which can be beneficial
for cancer therapy, cardiovascular health, and obesity management
(Butler et al., 2020; Leong et al., 2022; Neumann et al., 2019). One of the
most promising sources of fucoxanthin is the marine diatom, Phaeo-
dactylum tricornutum (Zhuang et al., 2023). With efficient photosynthetic
activity and fast growth rates, P. tricornutum cells can produce up to 100
times the dry weight fucoxanthin content of brown seaweeds, which
have traditionally been the commercial source for this pigment (Butler
et al., 2020; Leong et al., 2022).

When producing fucoxanthin from P. tricornutum cultivations,
various factors ranging from temperature and light intensity to nutrient
levels must be optimized so that the desired productivity is achieved
(McClure et al., 2018; Wang et al., 2022b; Yang and Wei, 2020; Yi et al.,
2019; Ashokkumar et al., 2023) For this purpose, it is essential to
attentively monitor the culture’s productivity in response to these fac-
tors, with a particular focus cell concentration and fucoxanthin content.
High-Performance Liquid Chromatography (HPLC) and Flow Cytometry
are the standard analytical methods used to accurately quantify pig-
ments and cells in microalgae bioprocesses. However, these methods are
time-consuming, do not provide real-time information, and thus limit
the effectiveness of the monitoring task. Additionally, these methods are
expensive and unsustainable, requiring highly trained personnel, costly
equipment, and polluting consumables. This not only undermines the
intended sustainability of microalgae-based bioprocesses but also limits
the global potential of microalgae cultivation, as process optimization
becomes restricted to high-income countries.

Spectroscopy and optical probes are tools widely proposed to facil-
itate monitoring of bioprocesses (Busse et al., 2017; Faassen & Hitz-
mann, 2015; Liu et al., 2021). These tools can be applied directly inline,
providing real-time information. Moreover, when compared to standard
analytical methods, spectroscopy is operationally inexpensive and
environmentally green. Specifically, absorbance spectroscopy has been
already used for monitoring microalgae bioprocesses (Griffiths et al.,
2011; Lichtenthaler and Buschmann, 2001), including fucoxanthin
production by P. tricornutum (Li et al., 2018). However, these methods
are not completely reliable due to their susceptibility to noise and non-
linear interferences caused by overlapping spectra (Chen et al., 2017;
Lakowicz, 2006). Furthermore, some methods still require labour-
intensive sample preprocessing techniques, such as solvent-mediated
pigment extraction, which impairs real-time monitoring.

To address these limitations, machine learning (ML) models have
shown promise for monitoring bioprocesses using spectroscopy and
optical probes. In the context of spectroscopy, ML models can overcome
signal noise and non-linearity, surpassing the capabilities of linear
regression models for leveraging optical probes and spectroscopy
(Biancolillo and Marini, 2018; Faassen and Hitzmann, 2015). Several
bioprocess applications, such as wastewater treatment and the cultiva-
tion of yeast, bacteria, and animal cells, already demonstrate the po-
tential of ML models for spectroscopic monitoring (Bayer et al., 2020;
Galinha et al., 2012; Grote et al., 2014; Teixeira et al., 2011). For
monitoring microalgae cultivations, a few studies showed that specific
modelling techniques make fluorescence spectroscopy a robust moni-
toring tool (Brandão et al., 2023; Havlik et al., 2022; Sá et al., 2022;
Porras Reyes et al., 2024).

In the present work, we build a comprehensive dataset from the
thorough monitoring of P. tricornutum cultivation assays for studying
medium formulation effects. For that purpose, standard analytical
methods were employed in parallel with absorbance or 2D-fluorescence
spectroscopy measurements. The dataset was then used to train sensitive
and robust machine learning models that effectively predict cell growth

and productivity directly from either of the spectroscopies. It provides
numerous observations on diverse profiles of cell growth, fucoxanthin
productivity, and corresponding spectroscopies, all reflecting the
microalga’s response to varying nutrient concentrations, specifically
Nitrogen (N) and Phosphorus (P) sources. This facilitated the application
of a sophisticated machine learning methodology, designed to develop
models capable of predicting cell growth and productivity while
remaining robust to the variability observed in assay profiles.

2. Material and methods

2.1. Phaeodactylum tricornutum cultivation experiments for the
development and validation of Machine learning models

2.1.1. Preparation of axenic inoculum
Phaeodactylum tricornutum CCAP 1055/1 was acquired from the

Culture Collection of Algae and Protozoa (CCAP, Scotland, United
Kingdom). The axenic inoculum was obtained via serial dilution and
antibiotic treatment in F/2 media and incubated at 22 ◦C under 250
μmol/sec/m2 white LED light in a 16:8-hour light–dark cycle for 12
days. To confirm the absence of associated bacteria, single axenic
P. tricornutum colonies were selected and grown in Marine Agar 2216
(MA), as well as resuspended in liquid to be observed by microscopy.
Afterwards, the inoculum of P. tricornutum was scaled up in sterile 2 L
Schott flasks containing 1.2 L of F/2 medium prepared using natural
seawater collected in the Oeiras region, Portugal. The inoculum cultures
were performed at 22 ◦C with aeration at 0.2 L/min with filtered com-
pressed air (Millex-FG 50 mm 0.2 µm PTFE) and dispersed through a
33cD DURAN® Gas distribution tube and conducted under sterile con-
ditions within a 16:8-hour photoperiod. Samples were taken and
checked for contamination daily by spreading 100 μL of 10 mL sus-
pensions on Marine Agar, with no bacterial or fungal colonies observed
after 12 days at 26 ◦C. The inoculum cultures reached the stationary
phase (~1 x 107 cells/mL) after 12 days and were immediately used for
the following experiments.

2.1.2. Cultivation assays varying abundance of N and P sources
To obtain data for developing robust models, three independent

axenic P. tricornutum cultivation assays were conducted using medium
prepared with seawater with different nutrient concentrations (F/2, F/2
+ N, F/2 + N + P): a simple F/2 medium, a F/2 medium supplemented
with 1 g/L of NaNO3, and a F/2 medium supplemented with 0.5 g/L of
NaNO3 and 0.05 g/L of Na2HPO4. The assays were conducted under the
same vessels, volume, temperature, light, and aeration conditions as
previously described in 2.1.1. A total of fifteen culture replicates per
assay were performed. Each replicate started with an initial cell con-
centration of 1x106 cells/mL. Observations from the F/2 and F/2 + N
assays were collected at four time points (3, 5, 7, and 9 days after
inoculation; until no cell growth was observed). F/2 + N + P assay was
sampled at nine time points (days 3, 5, 7,9, 12, 14, 16, 18 and 20), as
significant growth was observed up to 20 days after inoculation in F/2+
N + P experiment (see results section 3.1). As the F/2+ N + P assay was
longer, it was divided into two parts: F/2+N+ P part 1 (days 3 to 9) and
part 2 (days 12 to 20). All samples were analysed by both 2D-fluores-
cence and absorbance spectroscopy, as well as by standard analytical
methods (as described in section 2.2.4).

2.2. Analysis of Phaeodactylum tricornutum samples

2.2.1. Cytometry analysis for quantification of cell count and single-cell
fluorescence

Samples from the P. tricornutum cultivation experiments were
retrieved and directly analysed by flow cytometry using a Guava®
Muse® Cell Analyzer (Luminex, USA). Parameters such as cell count
(cells/mL), cell size (forward scatter, FSC) and red auto-fluorescence per
cell (RED) were obtained. The latter parameter is directly obtained from
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the Guava® Muse® System as its operating laser, a Class IIIb 532-nm
laser wavelength in CW mode, induces fluorescence of the intracel-
lular chlorophyll molecules.

2.2.2. High-Performance liquid chromatography (HPLC) analysis of
methanol extracts for quantification of fucoxanthin (ppm)

The fucoxanthin concentration in culture samples was quantified by
preparing clear methanol extracts and analysing them using high-
performance liquid chromatography (HPLC). Culture samples were
centrifuged (5000 G, 5 min) and the resulting pellets were resuspended
in 5 mL of pure methanol and left in the dark for 24 h. The volume of
sample centrifuged was adjusted so no more than 5x107 cells were
pelleted. Afterwards, the methanol biomass suspensions were again
centrifuged and the extracts (i.e., the supernatants) were collected and
filtered (Millex-FG 20 mm 1 µm PTFE); the effectiveness of the extrac-
tion was confirmed by checking that the pellets were completely white.
HPLC analysis was then conducted using a Waters Alliance Separations
Module e2695 (Waters, Dublin, Ireland) coupled with Photodiode Array
Detector Module e2998 (HPLC-PDA). Separation of fucoxanthin was
achieved using a C18 reverse phase column (Phenomenex Luna 3u C18
(2) 100A 75*4.60 mm) at a constant flow rate of 1 mL/min and a
gradient elution with the following profile: 65 % acetonitrile (ACN) and
35%milli-Q water (MQ) from 0 to 8 min, increasing until 90 % ACN and
10 % MQ from 8 to 11 min and maintained until 14 min and then
decreasing to 65 % ACN and 35 % MQ from 14 to 20 min. The tem-
perature of the column oven was 40 ◦C and the sample injection volume
was 20 μL. The chromatogram was recorded using the PDA module at
the absorbance maximum wavelength for fucoxanthin. To quantify,
fucoxanthin standards (Sigma-Aldrich, fucoxanthin analytical standard,
MFCD01745140) were prepared in pure methanol at concentrations
ranging from 0.05–0.6 ppm and analysed by HPLC with the same
methodology. This allowed the creation of a calibration curve relating
chromatogram peak integration to fucoxanthin concentration could be
obtained. The fucoxanthin peak within the chromatogram was detected
at a residence time of 7 min.

2.2.3. Quantification of nitrate and phosphate in culture supernatants
Nitrate (NO3) and phosphate (PO4) contents in culture samples were

quantified from their aqueous supernatants, obtained from the centri-
fugation process described in the previous section. NO3 quantification
was performed using the spectrophotometric method described by
(Wang et al., 2022a) , while PO4 quantification followed the method-
ology outlined by (Ducklow and Dickson, 1994). Both methods are
specifically designed for seawater analysis.

2.2.4. Absorbance and 2D-fluorescence spectroscopy analysis
Culture samples were analysed directly by absorbance spectroscopy

and 2D-fluorescence spectroscopy without any pre-treatment. Absor-
bance measurements were performed using an Ultrospec 2100 Pro UV/
Vis spectrophotometer and 1 mL plastic cuvettes (10 mm optical path),
producing an absorbance spectrum between 300 and 800 nm per sam-
ple, with a scan speed of 20 nm per second. Additionally, methanol
extracts prepared in Section 2.2.2 were analysed by absorbance spec-
troscopy at a single wavelength of 445 nm. 2D-fluorescence measure-
ments were performed using a Varian Cary Eclipse spectrofluorometer
and 400 μL quartz cuvettes, generating an excitation-emission matrix
(EEM) for each sample. Excitation wavelengths ranged from 250 to 790
nm, and emission was detected between 260 and 800 nm, both in 5 nm
steps. The monochromator slit widths were set to 20 nm for both exci-
tation and emission. The scan speed was 200 nm of emission reads per
second per excitation wavelength, resulting in an analysis duration of
approximately 10 min per sample.

2.3. Statistical analysis of Phaeodactylum tricornutum cultivation assays

2.3.1. Significance and normality tests
The significance of differences between assays and/or time points

regarding culture fucoxanthin and cell contents was confirmed using a
statistical test pipeline: 1) Normality test – Shapiro-Wilk test was applied
to each data point in each assay; 2) Homoscedasticity test – Performed
only if the normality test indicated p > 0.05 for all data points; 3) Sig-
nificance and post hoc tests – Applied based on the outcomes of the
previous steps.

If data was found unlikely to be normally distributed (p < 0.05),
Kruskal-Wallis test to identify significance, followed by Dunn’s post-hoc
test for pairwise comparisons. If all showed Shapiro-Wilk p-value >

0.05, a Levene test was used to verify homoscedasticity. In cases where
homoscedasticity was unlikely (Levene’s test p-value < 0.05), Welch’s
ANOVA test was applied, followed by Tukey’s post-hoc test. Otherwise,
a standard ANOVA was used, also followed by Tukey’s post-hoc. The
analysis was conducted using a custom script developed in-house, uti-
lizing functions from scipy.stats library. The script is available on the
developer platform GitHub within PT-FucoFromSpec repository (htt
ps://github.com/ibetbio/PT-FucoFromSpec).

2.3.2. Principal component analysis
Principal Component Analysis was performed on the dataset, for data

overview and outlier detection. Custom Python scripts were developed
in house using Spyder IDE within a Conda environment, utilizing Scikit-
Learn and Matplotlib libraries. These scripts are available in PT-
FucoFromSpec repository on GitHub (https://github.com/ibet
bio/PT-FucoFromSpec). Three PCA were performed: a) standard
analytical data analysis, including fucoxanthin (ppm), cell count
(Million cells/mL), fucoxanthin per cell (pg/cell), and CytoRed (a.u.); b)
2D-fluorescence spectroscopy data analysis, including the 6103 fluo-
rescence variables (excitation-emission wavelength pairs), and c)
absorbance spectroscopy data analysis, including the 500 absorbance
variables (wavelengths). Two principal components were selected for
each analysis. The resulting scores and loadings were visualized as fol-
lows: for standard analytical data, biplots were generated; for the
spectroscopic data, loadings were represented within spectral plots as
heatmaps.

2.4. Development of machine learning models to predict P. Tricornutum
cultivation parameters based on spectroscopy data

2.4.1. Python scripts
To implement the methodology described in the following sections,

custom Python scripts were developed in-house using the Spyder IDE
within a Conda environment. Libraries were installed for various pur-
poses, including data manipulation (Pandas) and serialization (Pickle),
scientific computing (NumPy), machine learning (Scikit-learn, Tensor-
Flow, Keras), and data visualization (Matplotlib, Seaborn). The scripts
are available on the GitHub developer platform (https://github.
com/ibetbio/PT-FucoFromSpec).

2.4.2. Preparation of the data for machine learning processes
The methodology described in 2.2. produced a data set consisting of

255 observations, all derived from the analysis of P. tricornutum culture
samples. This dataset is available in the PT-FucoFromSpec repository on
GitHub (https://github.com/ibetbio/PT-FucoFromSpec). Each obser-
vation includes data from standard analytical methods, specifically,
fucoxanthin volumetric concentrations (Fx ppm), cell count (Million
cells/mL), cell autofluorescence, CytoRed (a.u.). Additionally, it con-
tains data from spectroscopic analysis: absorbance spectra with 500
absorbance variables, and 2D-fluorescence spectra with 6103 fluores-
cence variables.

The observations were divided into two data subsets: a training
subset, used to develop models; and a testing subset, used to validate
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them. The inclusion of data in each subset was deliberately non-random
to prevent data leakage and, thus, overfitting (Cawley and Talbot,
2010). Instead, entire culture replicates (batches) were selected: repli-
cates 1–10 were used for the training set, while observations from rep-
licates 11–15 were used for the testing set. To enhance the training data,
data augmentation was applied (Zhang et al., 2019; Esben et al., 2017).
This accounted for the expected human experimental error inherent in
standard analytical methods. Additional details about the augmentation
method are provided as comments within the scripts available in the
PT-FucoFromSpec repository on GitHub (https://github.com/ibet
bio/PT-FucoFromSpec).

2.4.3. Machine learning methodology
A three-step methodology was implemented to develop the machine

learning models (see supplementary materials). Step 1 is the definition
of machine learning pipelines (described in Section 2.4.3.1), involving
the generation of combinations of machine learning tools (i.e., algo-
rithm + feature selection method + pre-process transformation) and
defining search spaces for hyperparameter tuning; it does not require
data. Step 2 works exclusively with the training subset and involves
tuning, training, and selection of models (described in Section 2.4.3.2);
and Step 3 works exclusively with the testing subset and involves testing
and benchmarking the models developed in step 2 (described in Section
2.4.3.3).

2.4.3.1. Step 1: Definition of machine learning pipelines. To generated
machine learning (ML) pipelines, five algorithms were combined with
four feature selection methods and three pre-processing trans-
formations. The algorithms included Projection to Latent Structures
(PLS), Convolutional Neural Networks (CNN), Random Forest (RF),
Support Vector Machines (SVM) and Extreme Gradient Boost (XGBoost).

To implement these algorithms, the Scikit-learn and Tensorflow libraries
were used. The feature selection methods consisted of variable impor-
tance to projection (VIP) and moving window (MW) (Forina et al.,
2004). Scikit-learn was used also for VIP, while MW was implemented
through a custom script developed in house (https://github.com/ibet
bio/PT-FucoFromSpec). The pre-process transformations were mean
centering and standard normalization (MCSN), log transformation (Log)
applied to all data, and log transformation to the standard analytical
data exclusively. Step 1 resulted in 190 distinct ML pipelines, each
consisting of a ML algorithm, a feature selection method, and pre-
process transformation, and a hyperparameter search space for tuning.
The intervals for hyperparameter search were defined based on the
degrees of freedom offered by each component (further details available
at https://github.com/ibetbio/PT-FucoFromSpec).

2.4.3.2. Step 2: Tuning, training, and selection of models. The model
tuning process involved identifying the optimal hyperparameter values
for each pipeline within the defined search spaces. The criterion used for
this optimization was robustness to leave-one-assay-out cross-validation
(LOAOCV). In LOAOCV, models are trained using data from all assays
except one, which is held out for testing. This process is repeated until
each assay has been excluded and tested once. Robustness was evaluated
using the coefficient of determination (Q2) and root-mean-squared-error
(RMSECV). The tuning process concluded once the hyperparameter
search space was fully explored. The optimal hyperparameter values
were those that resulted in the lowest RMSECV. The training phase
involved using the tuned hyperparameters to fit the models to the entire
training subset. The resulting training accuracy was evaluated using the
coefficient of determination (R2Train) and root-mean-squared error
(RMSET). Animated visual representations of the tuning and training
processes for all pipelines in Step 2 are provided as supplementary

Fig. 1. Growth, productivity, and consumption profiles of Phaeodactylum tricornutum axenic cultivation obtained for each medium formulation assay (i.e., F/2, F2/
+N, F/2 + N + P). The profiles include cell (CC), fucoxanthin (Fx), NO3, and PO4 contents, as well as single-cell auto-fluorescence (CytoRed).
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videos (video links: GridSearchCVMEx_2DF.gif, GridSearchCVMW_2DF.
gif, GridSearchCVMW_abs.gif, GridSearchCVVIP_2DF.gif, GridSearchCV
VIP_abs.gif, RandomsearchCV_2DF.gif, RandomSearchCV_abs.gif). The
supplementary materials include.gif files illustrating the spectral selec-
tion profiles, training accuracy, and cross-validation accuracy for all
pipelines. Model selection was then performed based on training and
cross-validation performance to eliminate overfitted models. For this
purpose, both R2Train and Q2 were considered: higher R2Train indicated
better model fit, while higher Q2 reflected greater architecture robust-
ness. Discrepancies between R2Train and Q2 were interpreted as indicating
model overfitting. To aid in model selection, linear regression was per-
formed using individual spectral elements within each spectroscopy
type. A total of 500 linear regression models were computed from
absorbance and 6103 from 2D-fluorescence. All these models were
evaluated using LOAOCV, with the highest Q2 serving as a reference for
ML model selection. A ML model with lower Q2 than that of linear
regression was considered not worth the additional computational
effort. Animated representations of this process are included as sup-
plementary videos (links: ’GridSearchCV_LinReg_2DF.gif’, ’Grid-
SearchCV_LinReg_abs.gif’).

2.4.3.3. Step 3: Model testing and benchmarking. The models selected in
Step 2 were applied to the testing data subset to make predictions based
on the spectroscopy data. As in the previous step, the performance was
evaluated using the coefficient of determination (R2Test) and the root
mean squared error of prediction (RMSEP). This step includes also the
utilization of the traditional alternatives to standard analytical methods
as benchmarks for the ML models. The traditional alternatives used for
predicting cell count (CC, Million cells per mL) and fucoxanthin con-
centrations (Fx, ppm) were optical density of the culture samples at 750
nm (OD750) and absorbance at 445 nm of pigment extracts from culture
samples (extOD445), respectively. Linear regression models were

developed using the training data subset to relate CC and Fx with OD750
and extOD445, respectively. These simple models were then applied to
the testing set, following the same procedure as the ML models. Details
on these models are available in the Supplementary Material. The
benchmarking process involved not only comparing comparing R2Test and
RMSEP across the different models but also performing statistical
analysis. For this purpose, the statistical pipeline described in section
2.3.1 was used to employed to test the following null hypothesis: “The
spectroscopy-based machine learning model provides data that does not differ
significantly from the standard analytical method”.

3. Results and discussion

3.1. Phaeodactylum tricornutum cell and fucoxanthin production profiles
in F/2 media supplemented with different NO3 and PO4 concentrations

The growth and productivity profiles resultant of the P. tricornutum
cultivation assays are shown in Fig. 1. Cell concentration (CC, million
cells per mL), fucoxanthin concentration (Fx, ppm), fucoxanthin per cell
(Fx, pg/cell), and photosynthetic activity (CytoRed, a.u.) are plotted
through operating days for all cultivations of each assay (Fig. 1¡A, B, C
and F), where it is possible to observe that each assay resulted in
significantly different profiles (all statistical analysis results can be
found in Supplementary Materials). Maximal growth and productivity
were observed when P. tricornutum was cultivated in F/2 medium sup-
plemented with both nitrate (NO3) and phosphate (PO4), referred to as
F/2 + N + P assay. Under these conditions, cell concentration and
fucoxanthin concentration consistently improved over time, with sig-
nificant increases observed until 20 days after inoculation. The values
reached as high as 17 ppm of fucoxanthin and 30 million cells/mL.
During this period, the concentrations of NO3 and PO4 in the F/2 + N +

P medium decreased significantly, as it can be clearly observed in Fig. 1,

Fig. 2. Phaeodactylum tricornutum cultivation profiles for Absorbance and Fluorescence Spectroscopy in F/2 media supplemented with different NO3 and PO4
concentrations. On the right, the average spectroscopy profiles, on the left the PCA score plots including all data on each spectroscopy.
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D and E, with PO4 fully depleted by day 9. In comparison to other as-
says, i.e., cultivation in F/2mediumwith extra NO3 (F/2+N) and in F/2
medium alone (F/2), F/2 + N + P showed significantly higher fuco-
xanthin levels as early as day 3. This was also observed for photosyn-
thetic activity (measured by cell autofluorescence, CytoRed, a.u.) and
fucoxanthin accumulation per cell (Fx, pg/cell), which significantly
increased until day 9 and remained stable until day 20 (Fig. 1, C and F).
Growth limitations and decreased fucoxanthin production and photo-
synthetic activity were observed when P. tricornutum was cultivated in
F/2 or F/2 + N medium. These assays showed no significant increments
in cell growth and Fx productivity from day 7 forward. In the case of the
F/2 + N assay, fucoxanthin content became stationary at ~ 3 ppm and
CC at 15 million cells/mL. In the case of the F/2 assay, no significant
variation of fucoxanthin (ppm) was verified during the entire cultivation
period. F/2 assay remained stagnant at ~ 1.2 ppm of fucoxanthin, and
CC increased to just 10 million cells/mL. These limitations were linked
to the lower levels of NO3 or PO4 in these assays. Indeed, the residual
NO3 and PO4 concentration in these assays depleted by day 7, coinciding
with the cessation of cell growth observed in both assays. Notably, F/2
+ N cultures remained at very high NO3 concentrations until day 9,
varying between 11 and 9 mM. Small decreases of NO3 were only
detected with significance between 4-day long time intervals (i.e., be-
tween days 3 and 7, and between days 5 and 9). This contrasts with assay
F/2 + N + P, where, at day 9, 80 % of the NO3 was already consumed/
uptaken by P. tricornutum cells, having decreased significantly between
every time point. This suggests that the consumption of NO3 is depen-
dent on the abundance of PO4, explaining the limitations in growth and
fucoxanthin production observed in the F/2 + N. treatment. Still,
P. tricornutum cultivations in F/2 + N showed significantly better
growth, productivity, and photosynthetic activity than in F/2, and this
was verified for all time points. This result suggests that NO3 supple-
mentation alone to F/2 is beneficial for P. tricornutum cultivation,
although to a lesser extent than when PO4 is abundant.

Overall, the results on cell and fucoxanthin production profiles
suggest that adequate quantities for N and P sources are vital for optimal

P. tricornutum autotrophic growth, photosynthetic activities, and fuco-
xanthin production, which is consistent with results obtained in previ-
ous studies (Afonso et al., 2022; Huang et al., 2019; Levitan et al., 2015;
McClure et al., 2018).

3.2. Absorbance and 2D-fluorescence spectroscopy: Variation within
P. Tricornutum cultivation assays

The absorbance and 2D-fluorescence spectroscopy profiles resultant
of the P. tricornutum cultivation assays are shown in Fig. 2, A and B. As
expected, P. tricornutum cultivations conducted in F/2 + N + P medium
showed higher variance and higher final values for absorbance and
fluorescence intensity values when compared to the F/2 + N and F/2
treatments. This difference is particularly evident in the F/2 treatment,
which showed an apparently stagnant fluorescence profile, and very low
increments of absorbance. Being spectral data highly multivariate (i.e.,
500 wavelengths of absorbance, 6103 excitation-emission pairs of
fluorescence), the spectral differences between assays are not straight-
forward. Because of this, a 2-component Principal Component Analysis
(PCA) was used, being applied separately to absorbance and 2D-fluores-
cence (Fig. 2, C and D). Within the plots, the contributions of the
spectral elements for each principal component are represented by a
heatmap: hotter regions imply positive correlation with the major di-
rections of variance, while cold imply a negative correlation.

In the case of absorbance (Fig. 2, C), principal component one (PC 1)
explained 99.1 % of the observed variance, for which all absorbance
wavelengths equally contributed. PC 1 distinguished data points
throughout time and allowed the distinction between F/2 and the other
treatment assays. PC 2 explained only 0.73 % of the variance observed,
but it is what allowed for a clear distinction between assays F/2+ N and
F/2 + N + P. The major contributions for PC 2 were increments in
wavelengths related with chlorophyll and carotenoids, namely violet-
blue absorbances (400–500 nm), and red absorbance (640–680 nm),
and decreases in debris- related regions, namely yellow-orange absor-
bances (600–640 nm) and red to infrared absorbances (690–800 nm)

Fig. 3. Machine learning accuracy results for the tuning (Q2) and training (R2Train) of 200 models computed for predicting cell count (million cells/mL) or fucoxanthin
(ppm) of P. tricornutum cultivations; the architectures are based on a % (violet bar) of either absorbance (blue) or 2D-fluorescence (orange), and each uses 1 out of 5
ML algorithms (data point markers); (*) – threshold for acceptable robustness, marked by the most robust linear regression model possibly obtained. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1
Training/testing accuracy of machine learning (ML) models for predicting CC (M cells /mL) using Absorbance or 2D-fluorescence spectroscopy, trained using the
architectures tuned with significant robustness.

ML Pipeline Tuned Testing

Model ID Spectroscopy Algorithm Pre-process Feature Selection / Spectrum used (%) R2 RMSEP

(million cells/mL)

CC/A-15 Abs SVM LogBoth VIP 76 0.91 2.41
CC/A-13 Abs PLSR LogBoth VIP 76 0.90 2.42
CC/A-16 Abs PLSR LogBoth MW-1 12 0.90 2.42
CC/A-20 Abs PLSR LogBoth None 100 0.90 2.44
CC/A-12 Abs PLSR MCSN MW-1 12 0.90 2.49
CC/F-3 2DF SVM MCSN MW-2 10 0.89 2.56
CC/F-LR 2DF LR None EEP 725/765 <1 0.89 2.57
CC/A-8 Abs SVM LogOutput VIP 5 0.89 2.62
CC/A-18 Abs SVM LogBoth MW-3 13 0.89 2.64
CC/F-1 2DF PLSR MCSN MW-2 10 0.89 2.65
CC/A-5 Abs PLSR LogOutput MW-3 12 0.88 2.66
CC/A-6 Abs PLSR LogOutput MW-1 12 0.88 2.66
CC/A-3 Abs PLSR LogOutput VIP 5 0.88 2.66
CC/A-4 Abs PLSR LogOutput MW-2 10 0.88 2.66
CC/A-19 Abs SVM MCSN MW-2 10 0.88 2.66
CC/A-10 Abs CNNR LogOutput VIP 5 0.88 2.67
CC/A-17 Abs SVM None MW-2 10 0.88 2.68
CC/A-9 Abs SVM LogOutput MW-2 10 0.88 2.71
CC/F-2 2DF PLSR MCSN MW-3 2 0.88 2.72
CC/A-1 Abs CNNR LogOutput MW-2 10 0.88 2.73
CC/A-2 Abs CNNR LogOutput MW-3 12 0.88 2.73
CC/A-7 Abs SVM LogOutput MW-3 12 0.88 2.73
CC/A-21 Abs PLSR LogOutput None 100 0.88 2.74
CC/A-14 Abs SVM LogOutput MW-1 12 0.88 2.76
CC/A-11 Abs CNNR LogOutput MW-1 12 0.87 2.85
CC/A-LR Abs LR None OD663 <1 0.87 2.86
CC/BM N/A 0.79 3.59

Table 2
Training/testing accuracy of machine learning (ML) models for predicting Fucoxanthin (Fx, ppm) using Absorbance or 2D-fluorescence spectroscopy, trained using the
architectures tuned with significant robustness.

ML Pipeline Tuned Testing
Model ID Spectroscopy Algorithm Pre-process Feature Selection / Spectrum used (%) R2 RMSEP

(M/mL)

Fx/BM N/A 0.99 0.42
Fx/A-12 Abs SVM LogBoth MW-3 13 0.98 0.65
Fx/A-1 Abs SVM LogBoth MW-2 16 0.98 0.65
Fx/A-7 Abs SVM None MW-3 13 0.98 0.66
Fx/A-11 Abs SVM MCSN MW-3 13 0.98 0.66
Fx/A-3 Abs PLSR LogBoth MW-3 13 0.98 0.67
Fx/A-8 Abs PLSR MCSN MW-3 13 0.98 0.67
Fx/A-9 Abs SVM LogBoth MW-1 12 0.98 0.68
Fx/A-2 Abs PLSR LogBoth MW-2 16 0.98 0.68
Fx/A-5 Abs SVM None MW-1 12 0.98 0.68
Fx/A-10 Abs PLSR LogBoth MW-1 12 0.98 0.68
Fx/A-6 Abs SVM MCSN MW-1 12 0.98 0.69
Fx/A-4 Abs PLSR MCSN MW-1 12 0.98 0.70
Fx/A-17 Abs SVM LogBoth None 100 0.98 0.75
Fx/A-15 Abs PLSR MCSN MW-2 23 0.98 0.75
Fx/F-2 2DF SVM LogBoth MW-1 12 0.98 0.76
Fx/A-14 Abs PLSR MCSN None 100 0.98 0.81
Fx/F-6 2DF SVM MCSN MW-3 2 0.98 0.82
Fx/F-1 2DF PLSR LogBoth MW-1 12 0.98 0.82
Fx/F-12 2DF PLSR MCSN MW-2 10 0.98 0.83
Fx/F-8 2DF PLSR MCSN MW-3 2 0.98 0.84
Fx/F-11 2DF SVM LogOutput None 100 0.98 0.84
Fx/F-13 2DF SVM LogBoth MW-2 18 0.97 0.84
Fx/F-10 2DF SVM LogBoth None 100 0.97 0.84
Fx/F-7 2DF SVM LogBoth VIP 41 0.97 0.85
Fx/F-9 2DF SVM MCSN MW-2 10 0.97 0.86
Fx/A-13 Abs PLSR LogBoth None 100 0.97 0.87
Fx/F-3 2DF SVM LogBoth MW-3 2 0.97 0.89
Fx/F-4 2DF PLSR LogBoth VIP 41 0.96 1.00
Fx/A-16 Abs PLSR MCSN VIP 42 0.97 0.93
Fx/A-LR Abs LR LogOutput OD442 <1 0.96 1.01
Fx/F-14 2DF CNNR_2D None MW-3 2 0.96 1.07
Fx/F-5 2DF PLSR LogBoth MW-2 18 0.94 1.28
Fx/F-LR 2DF LR LogOutput EEP 645/690 <1 0.92 1.45
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(Fig. 2, C).
For 2D-fluorescence (Fig. 2, D), PC 1 explained 50.3 % of the vari-

ance, being its major contributors increments in the chlorophyll fluo-
rescence region (emission from 650 nm) and decreases in amino acid/
protein-like (260–300 nm excitation for 280–400 nm emission) and
humic compound-like (400–450 nm excitation for 420–500 nm emis-
sion) fluorescence regions. The observed variance allowed to distinguish
between the assays, also explaining the temporal variation of F/2 + N +

P and F/2 + N treatments. PC 2 explained 28.3 % of the variance
observed, for which the major contributors were increments in the
amino acid/protein and humic compound-like fluorescence regions.
Notably, the temporal variation of F/2 was mostly explained by PC2,
while the one of F/2 + N + P was explained by PC1.

In summary, these results showed that both spectroscopies provided
data to discriminate (in an unsupervised way) the observations of
P. tricornutum cultures, with 2D-fluorescence providing higher resolu-
tion. The results supported the utility for absorbance and 2D-fluores-
cence for detecting and monitoring the P. tricornutum cultivations.
Additionally, the 2D-fluorescence spectroscopy PCAmodel suggests that
a considerable portion of the variance detected in the cultivation assays
may be linked to the production of other metabolites than pigments; this
was observed for assays F/2 and F/2 + N, both showing increased
fluorescence intensity in regions related to presence of amino acid/
protein-like and humic compound-like substances.

3.3. Machine learning models for predicting fucoxanthin and cell count of
P. Tricornutum cultures using absorbance or 2D-fluorescence

3.3.1. Tuning, training, and selection of robust models
For each productivity parameter, fucoxanthin (Fx, ppm) and cell

count (CC, million cells/mL), a total of 190 different machine learning
(ML) pipelines were generated and tuned for training models: 95 based
on absorbance and 95 based on 2D-fluorescence. The architectures
employed different modelling techniques (combination of pre-
processing, feature selection, ML algorithm and ML hyperparameters)
and their performance was evaluated based on the training performance
of their models, R2Train and RMSET, and their robustness to leave-one-
assay-out cross-validation, Q2 and RMSECV.

Fig. 3 represents the 190 models according to their tuning and
training performances: each is represented by a data point plotted ac-
cording to its R2Train (xx axis) and Q2 (yy axis). The models are distin-
guished by the spectroscopy used (colours) and algorithm used
(symbols). Moreover, below each model performance point, a bar
quantifying the % of spectrum used by the corresponding model is
shown. The obtained results showed that most of the models presented
very high training performance (R2Train ~ 0.90), with the ones for pre-
dicting fucoxanthin showing overall better accuracy (R2Train ~ 0.95) than
the ones for predicting CC (R2Train ~ 0.90). This result suggests that
fitting models for predicting CC from spectroscopy was a more difficult
challenge. This was expected since pigments engage in more interactions
with light than any other cellular component in microalgal cells (Gillbro
and Cogdell, 1989; Katoh et al., 1991; Wolf and Stevens, 1967) and thus

Fig. 4. Testing of machine learning models CC/A-16, CC/F-3, as well of benchmark model CC/BM, showing their accuracy with the experimental data obtained with
standard analytical method (Guava®Muse). While A, B and C compare the temporal profiles of each model (colored dotted lines with crosses) with the one provided
by the experimental data (grey markers), D, E and F show if models’ predictions are leading to deviations bigger than the data’s expected dispersion (dotted diagonal
lines). The experimental data is plotted with markers according to the assay of origin (circles – F/2 assay, squares – F/2 + N assay, triangles – F/2 + N + P assay,
diamonds – F/2 + N + P assay part 2).
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their derivation from spectroscopy should be more straightforward.
In contrast to training performance, most models showed poor

robustness to leave-one-assay-out cross-validation (LOAOCV), with Q2

going as low as 0 for models with R2Train > 0.90. This discrepancy be-
tween Q2 and R2Train, where models showed similar training performance
but very different robustness to LOAOCV, is a consequence of over-
fitting, an expected phenomenon in machine learning (Cawley and
Talbot, 2010; Golbraikh and Tropsha, 2002). To select reliable models
and avoid overfitting, a model cutoff was arbitrated based on a minimal
value of Q2 (Fig. 3, marked with dotted line), below which models
were excluded from consideration. Linear regression was chosen as
criterion for minimal acceptable Q2. Being the simplest form of statis-
tical learning, linear regression provides a universal reference for min-
imal performance of supervised ML models. If a complex ML model has
equal or lower robustness than linear regression, it does not justify the
additional computational effort. The best Q2 obtained when applying
linear regression to predict fucoxanthin from any single spectral element
of absorbance or 2D-fluorescence spectroscopy was 0.94, and for cell
concentration was 0.87 (Fig. 3, marked with *; see also Supplementary
Materials). Thus, models with Q2 lower than linear regression (i.e.,
models right to the dotted line in Fig. 3) were considered overfitting and
thus excluded from consideration. This resulted in 24 model options for
predicting CC (M cells/mL), i.e., 21 absorbance-based and 3
fluorescence-based, and 31 for predicting Fx (ppm), i.e., 17 absorbance-
based and 13 fluorescence-based. These models were tested and
benchmarked (see results in section 3.3.2, Tables 1 and 2). The model
options required only a fraction (from 76 % down to 2 %) of the original
spectrum, highlighting the importance of feature selection when
developing machine learning models using spectroscopy, as shown by
other works (Brá et al., 2008; Brandão et al., 2023; des Touches et al.,

2023; Ferreira et al., 2005; Forina et al., 2004; Lu et al., 2014; Xu et al.,
2023). Additionally, this provided a decrease in the time required for
collecting the spectroscopy data, making the models more reliable for
real-time monitoring. Interestingly, among these options, ML algorithms
PLSR and SVMwere predominant, although for CC the top 2 most robust
architectures used the CNN algorithm. Moreover, log-transformation
was also predominant. These results suggest that the relationship be-
tween productivity parameters (CC and fucoxanthin) and spectroscopy
is of non-linear nature, since non-linear relationship algorithms and/or
non-linear transformations were used. On the other hand, algorithms RF
and XGB were not among the selected options. This suggests either in-
adequacy of these algorithms for addressing the current challenge, or
insufficiency in exploration of the hyperparameter search space. In any
case, this result showed the importance of employing more than one ML
algorithm when addressing new modelling challenges.

3.3.2. Testing and benchmarking the selected models
In the previous section, 55 robust ML models were selected, 24 for

predicting CC and 31 for predicting Fx, all reliable options for a user to
choose from. To confirm their validity, all 55 options were tested for
predictions using spectroscopy data from the testing subset. Their
testing performance was evaluated based on R2 and RMSEP, i.e., on the
accuracy and the error in their predictions using the testing data subset
(Table 1 and Table 2). Additionally, benchmark models were also
tested, serving as performance reference for the ML models. The
benchmark models chosen are traditional alternatives to standard
analytical methods for predicting CC (million cells/mL) and fucoxanthin
(ppm), and consist of linear regression models (see Supplementary
Materials). They are based on a) optical density of the culture samples at
750 nm (OD750), b) absorbance at 445 nm of pigment extracts from

Fig. 5. Testing of machine learning models Fx/A-12, Fx/F-2, as well of benchmark model Fx/BM, showing their accuracy with the experimental data obtained with
standard analytical method (HPLC). While A, B and C compare the temporal profiles of each model (colored dotted lines with crosses) with the one provided by the
experimental data (grey markers), D, E and F show if models’ predictions are leading to deviations bigger than the data’s expected dispersion (dotted diagonal lines).
The experimental data is plotted with markers according to the assay of origin (circles – F/2 assay, squares – F/2 + N assay, triangles – F/2 + N + P assay, diamonds –
F/2 + N + P assay part 2).
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culture samples (extOD445).
In the case of CC, all 24 ML models outperformed the benchmark,

with R2> 0.87 and RMSEP< 2.4 million cells/mL. These results suggest
that the obtained ML models were a superior alternative to the tradi-
tional optical density method for cell concentration estimation. The
evident choice would be the model presenting the highest R2 or lowest
RMSEP (e.g., CC/A-15 and CC/F-3). However, some ML models were
more economic in spectrum usage (e.g. CC/F-2, using only 2 % of 2D-
fluorescence spectra), or less complex (e.g. CC/A-12, using the
simplest algorithm – PLSR − without log transformations).

Regarding the predictions of fucoxanthin concentrations, no ML
model outperformed the benchmark (R2 = 0.99 and RMSEP = 0.42
ppm). Nevertheless, many of the ML models developed were still very
attractive options regarding performance (of the 31 ML models, 21
presented R2 = 0.98, with RMSEP reaching as low as 0.65 ppm), not to

mention the almost zero labour requirements (i.e., no methanol
extraction required), as further discussed in the next section.

Based on these results, we suggest that the most suitable models for
predicting cell and fucoxanthin concentrations are CC/A-16 and Fx/A-
12 using absorbance, and models CC/F-3 and Fx and Fx/F-2 using 2D-
fluorescence. The accuracy of these models, as well as the bench-
marks, is presented graphically in Figs. 4 and 5 in two different ways: A,
B and C show the models predictions over time alongside the standard
analytical data, D, E and F display the model predictions versus the
standard analytical data, irrespective of time dependence. Both repre-
sentations serve distinct purposes: A, B and C demonstrate whether the
models replicate the growth and productivity profiles provided by the
standard analytical methods (Guava® Muse and HPLC) do, while D, E
and F indicate whether the models’ predictions results in deviations
exceeding the expected data dispersion (with dotted diagonal lines
marking +/- 1 standard deviation).

All six models, along with the remaining 51 reliable models, provide
data that does not significantly differ from the information using stan-
dard methods (see statistical analysis results in the Supplementary Ma-
terial). These models for further testing by any user on the GitHub
platform (https://github.com/ibetbio/PT-FucoFromSpec), along with
Python scripts for their application. They require only the spectroscopy
data in “.xlsx” format, and they return CC (million cells/mL) or Fuco-
xanthin (ppm) values.

These models were tuned for robustness, so they should be applicable
across various studies (e.g., variations in temperature, light, etc.), as
long as the key responses to be monitored remain growth and produc-
tivity. Nonetheless, the methodology developed in this study is flexible
and can easily be extended to accommodate new data into the existing
dataset. Recalibration, or the development of new models using the
current methodology, is only necessary if new cultivations produce
growth and productivity responses that differ significantly from the
wide variance already covered by our dataset, requiring the models to
extrapolate rather than interpolate.

3.3.3. Operational labour savings
The results obtained in our work revealed that machine learning

models based on spectroscopy are reliable alternatives to laborious and
expensive standard analytical tools. Data presented in Table 3 shows the
labour requirements of using ML models when compared to standard
methods (HPLC and cytometry) and their respective traditional alter-
natives (extract absorbance and culture optical density). The ML models
and the traditional alternatives to standard methods provide significant
labour savings, although in the case of fucoxanthin the absorbance of
extract (benchmark model Fx/BM) still requires procedures in the lab-
oratory (i.e., production of extracts). This makes ML models very
attractive options, as they provide comparable accuracy while saving
much effort. In the case of cell concentration, optical density of the
culture (CC/BM) requires the same laboratory effort as ML models but
becomes the less attractive option because of its lower accuracy (see
previous section). Indeed, the ML models based on spectroscopy, as well
as the optical density of the culture, do not require any laboratorial
procedures, except for sampling. Still, the sampling step can be removed
by using inline optical probes, an advantage exclusive of spectroscopy-
based models (Havlik et al., 2022; Shin et al., 2018). Specific probes
tailored to each model configuration may be designed and applied, and
this work is currently being done by our group.

4. Conclusion

Our findings demonstrated that spectroscopy-based machine
learning models effectively monitor the significant impact of media
formulations on the growth and fucoxanthin productivity of
P. tricornutum cultivation. The developed models and the accompanying
dataset are publicly available, enabling further research by the scientific
community. Additionally, the straightforward deployment of these ML

Table 3
Operational requirements of each technique for monitoring Cell Count (CC,
cells/mL) and Fucoxanthin (Fx, ppm) in Phaeodactylum tricornutum cultures. (*)
– sampling may not be mandatory, an inline probe may be constructed.

Monitoring
Parameter

Method Labour Requirements
Laboratory Computer

Cell count
(cells/mL)

Cytometry
(Guava® Muse)

1) Sampling 1) Data collection
2) Serial dilution (10-1

up to 10-4)
​

3) Equipment
operation, cleaning,
and quality check

​

4) Signal gain and
gate geometry
adjustments

​

Culture Optical
Density at 750
nm (CC/BM)

1) Sampling (*) 1) Data collection
2) Absorbance
spectroscopy
measurement

2) Apply linear
equation

Absorbance ML
Model (CC/A-n)

1) Sampling (*) 1) Data collection
2) Absorbance
spectroscopy
measurement

2) Run Python
executable

Fluorescence ML
Model (CC/F-n)

1) Sampling (*) 1) Data collection
2) Fluorescence
spectroscopy
measurement

2) Run Python
executable

Fucoxanthin
(ppm)

HPLC 1) Sampling 1) Data collection
2) Production of
extracts (serial steps
of centrifugation,
extraction, filtration,
and incubation)

2) Peak selection
and integration

3) Equipment
operation, cleaning,
and quality check

3) Calibration
curve calculation
and peak
integration
quantification

4) Standard
preparation for
calibration

​

Methanol Extract
Absorbance at
445 nm (Fx/BM)

1) Sampling 1) Data collection
2) Production of
extracts (serial steps
of centrifugation,
extraction, filtration,
and incubation)

2) Apply linear
equation

3) Absorbance
spectroscopy
measurement

​

Absorbance ML
Model (Fx/A-n)

1) Sampling (*) 1) Data collection
2) Absorbance
spectroscopy
measurement

2) Run Python
executable

Fluorescence ML
Model (Fx/F-n)

1) Sampling (*) 1) Data collection
2) Fluorescence
spectroscopy
measurement

2) Run Python
executable
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models has the potential to replace expensive and environmentally
harmful standard analytical methods, offering substantial savings in
both cost and time.

Data availibility

The dataset generated in this study, comprising 255 observations of
spectroscopy and standard analytical data from axenic Phaeodactylum
tricornutum cultivation under various medium formulations, along with
the Python scripts developed, is available for download on the developer
platform GitHub (https://github.com/ibetbio/PT-FucoFromSpec).
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