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Solid-state photosynthetic cell factories (SSPCFs) for sustainable chemicals manufacturing can be developed
towards industrially relevant environment with rapid feedback control over their operation. This requires non-
invasive monitoring of the immobilized cells in situ, which is not possible with existing methods. We deployed
hyperspectral imaging in the photosynthetically active radiation range (400-700 nm) to enable such monitoring.
We systematically assessed cell growth and potential stress during immobilization by studying how 2,2,6,6-tet-
ramethylpiperidine 1-oxyl (TEMPO)-oxidized cellulose nanofiber hydrogel thickness, immobilized Synechocystis
sp. PCC 6803 cell density and time affected the immobilized cells’ absorbance spectra. Time and gel thickness
together accounted for almost 80 % of the changes in the spectra. We then calibrated the imaging spectra for
chlorophyll a to non-invasively estimate growth of healthy cells in the matrices. Promising correlation for
chlorophyll a (model coefficient of determination, R? = 0.90) was observed between hyperspectral imaging and
spectrophotometry references from methanol-extracted samples regardless of spatial differences that developed
in the matrices over time. Clustering of the image pixels enabled analyzing these differences in the chlorophyll a
concentration non-invasively from the whole matrix areas. In the future, this non-invasive data-driven method
could be further developed for monitoring SSPCFs’ biointelligent chemicals production, contamination, stress

and cell growth.

1. Introduction

Photosynthetic microbes like microalgae and cyanobacteria produce
chemicals from CO, in a biocatalytic conversion fueled by light. The
photosynthetic machinery of these cells can be engineered by intro-
ducing new metabolic pathways with genetic and metabolic engineering
[1-4]. Engineered photosynthetic cells can be further entrapped in
crosslinked alginate or nanocellulose hydrogels, which are biocompat-
ible and biodegradable immobilization matrices produced from renew-
able and abundant natural resources like plants and algae [5,6].
Immobilization protects the cells from adverse environmental condi-
tions and contamination, increases volumetric cell density and restricts
cell division [5-8]. Immobilization within robust matrices also improves
the cells’ longevity and promotes the direction of light energy and car-
bon towards synthesis of desired products [5-8]. We have recently
established a solid-state photosynthetic cell factory (SSPCF) concept,
where engineered photosynthetic cells are immobilized in thin nano-
cellulose matrix for sustainable production of solar chemicals and fuels
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[9-11]. The flat thin-layer nanocellulose matrix improves light utiliza-
tion and enhances the overall photosynthetic productivity of the
immobilized cells, enabling light-to-product conversion efficiencies
exceeding 4 % [11]. Future SSPCFs could thus provide a key component
for biointelligent manufacturing [12] of various biochemicals and bio-
fuels in a continuous-flow system. In this realm, tailored information
systems to non-invasively monitor and control the SSPCF operation are
crucial. So far, promising systems for suspension-based microalgae
cultivation have been reported [13-15], but they do not exist for
immobilized systems yet and would require further development to be
harnessed on-line during cell factory operation.

Here, we describe the first steps to develop a monitoring system for
SSPCFs. We focus on monitoring chlorophyll a, which is a major pigment
governing the efficiency of oxygenic photosynthesis and a key indicator
of cell growth in plants, algae, and cyanobacteria [16]. Cell growth can
be disturbed by stress, which slows down or decreases chlorophyll a
production. Stress can occur in the immobilized cells due to various
reasons. For example, transfer of gases, nutrients, or reaction substrates
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in an immobilized system can be slow if the immobilization matrix is too
dense or thick [17-20]. This can lead to insufficient flux of photosyn-
thetically generated oxygen out of the system, which increases the for-
mation of reactive oxygen species and elevates the oxidative stress of the
cells [21,22]. Prolonged oxidative stress can degrade chlorophyll a,
which results in visual bleaching of immobilized cell cultures [21].
Apart from matrix thickness, high cell density can cause stress by
increasing self-shading in the matrix structures, which counteracts
potentially improved light-utilization efficiency of the immobilized cells
[23]. Overall, stress occurs over time as the cultivation ages, and its
source can change. Chlorophyll a is thus a potential pathway to monitor
the durability of immobilized cell cultivations during SSPCF operation.

Current methods to monitor photosynthetic cells include spectro-
scopic measurements on whole cells [24-29] and spectrophotometric or
chromatographic analyses of extracts to identify specific pigments
[28,30]. Methods to determine chlorophyll fluorescence, which has a
direct relationship with the efficiency of photosynthesis, are particularly
common [31]. These existing methodologies may require destructive
sampling in the form of extraction, labelling, or physical handling, or
they can be specific for sensing certain phenomena, like chlorophyll
fluorescence. Destructive sampling can disturb or disintegrate the cells
and is unsuitable for operational SSPCFs. Current methodologies also
fail to account for spatial features that can emerge in an immobilized
solid construct. We identify a need for novel non-invasive methods to
monitor SSPCFs based on chlorophyll a evolution without expensive and
time-consuming chemical analyses.

Inspired by remote observation of plants and algae [32-35], we used
hyperspectral imaging [36] to non-invasively monitor immobilized
photosynthetic cells. Our objective was to assess growth of the cells and
possible stress caused by immobilization. We hypothesized that hyper-
spectral imaging would enable us to estimate temporal chlorophyll a
concentration across different SSPCF constructs and to potentially
observe spatial differences in SSPCF features based on their pigment
absorbance spectra. Thus, we studied the effects of matrix thickness, cell
density and time on immobilized Synechocystis sp. PCC 6803 cyano-
bacteria by interpreting hyperspectral images determined in the
photosynthetically active radiation (PAR) range within 400-700 nm. We
then mathematically calibrated average hyperspectral image spectra
against chlorophyll a concentration that was analytically determined
from the cell immobilization matrices. Our work pioneers the use of
hyperspectral imaging for monitoring immobilized photosynthetic cells
with the ability to estimate spatial characteristics of cell growth non-
invasively. In the future, such non-invasive and data-driven methodol-
ogies can help to establish SSPCFs for biointelligent chemicals produc-
tion providing alternatives to traditional suspension cultures.

2. Experimental
2.1. Materials

2.1.1. Cyanobacteria and growth conditions

Wild-type Synechocystis sp. PCC 6803 cyanobacteria (hereafter Syn-
echocystis) were cultivated in BG-11 growth medium [37]. The growth
medium was buffered with 5 mM 4-(2-hydroxyethyl)-1-piper-
azineethanesulfonic acid (HEPES)-NaOH to maintain a steady pH of 7.5
during cell growth. The 50 ml stock culture was started at the lag phase,
where the optical density of the culture at 750 nm (OD7s0) was below
0.1 as measured with an ultraviolet-visible (UV-VIS) spectrophotometer
using a 1 cm cuvette. The culture was placed on an orbital shaker (110
rpm) and incubated at 23 °C under air atmosphere and 16 h photoperiod
for approximately 2 weeks. The stock culture was then used to start a
500 ml culture with aeration and 30 °C incubation temperature. This
culture was maintained for 1 week, after which it was stopped at OD7sq
of 3.6 and the cells were harvested by centrifugation for immobilization
via gel entrapment. Correlation of Synechocystis cell dry weight (CDW)
with ODyso [23] was used to approximate immobilized cell densities in
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gcpw/] based on the optical densities of the concentrated cell suspen-
sions. Thereby, measured OD7s( of 5 corresponded to approximately 1.2
gcow/], and ODys5 of 11 to 2.6 gcpw/1. All cultures were illuminated
with fluorescent lamps (Philips Master TL5 HO 39 W/865) supplying the
cells with approximately 50 pmol photons m~2 s~ PAR. All handling of
the axenic cell cultures was done aseptically in an open laminar flow
cabinet with sterile tools.

2.1.2. TEMPO-oxidized cellulose nanofibers (TCNF)

TEMPO-oxidized cellulose nanofibers (TCNF) were manufactured
from never-dried softwood pulp (a mixture of spruce and pine). Pulping
was carried out in a Finnish pulp mill and the following TEMPO-
catalyzed oxidation was made with alkaline hypochlorite as the pri-
mary oxidant [38]. The chemicals used in the TEMPO-catalyzed oxida-
tion of the pulp were 2,2,6,6-tetramethylpiperidine 1-oxyl (TEMPO)
(Sigma-Aldrich, St. Louis, MO, the United States) and 10 % sodium
hypochlorite (Sigma-Aldrich, St. Louis, MO, the United States). An
anionic charge of 1.45-1.52 mmol/g was subsequently measured for the
oxidized pulp with conductometric titration [39]. After washing, the
oxidized pulp was fibrillated into TCNF by passing it twice through a
microfluidizer (Microfluidics Int., Westwood, MA, the United States)
with two Z-type chambers, diameters of which were 400 pm and 100
pm, at the pressure of 1850 bar. Highly transparent TCNF with 1.08 wt%
solids and viscous characteristics was obtained. The chemical compo-
sition, morphology and visual outlook of the TCNF-grade used here for
cell immobilization purposes have been presented earlier [6,9].

2.1.3. Other chemicals and materials

Ultrapure Milli-Q water (18.2 MQ cm, QPAK® 1, MilliporeSigma,
Burlington, MA, the United States) was used in the preparation of so-
lutions. Calcium chloride (CaCly) (99 %, #C7902, Sigma-Aldrich, St.
Louis, MO, the United States) was dissolved in Milli-Q water to obtain
50 mM solution used in the crosslinking of the cell immobilization
matrices. A commercial polytetrafluoroethylene (PTFE) film (Etra Oy,
Helsinki, Finland) with 100 pm thickness was used as a support during
the preparation of the cell immobilization matrices.

2.1.4. Preparation and handling of the cell immobilization matrices

The cells were immobilized in biobased hydrogel matrices prepared
from Ca?"-crosslinked TEMPO-oxidized cellulose nanofibers, a type of
nanocellulose that has excellent optical and mechanical properties for
cell immobilization purposes [6,20,38]. The preparation of hydrogel
immobilization matrices and cell immobilization were done in three
main steps: 1) mixing of the matrix materials, 2) casting of the hydrogel
and 3) re-wetting after partial dewatering of the matrix, which have
been thoroughly described earlier [20]. Before the re-wetting stage, the
ready samples, i.e., 2 circular pieces with a diameter of 9 cm for
hyperspectral imaging and multiple 1 cm x 1 cm rectangular pieces for
reference measurements, were cut from the hydrogels and fully
immersed to 25 ml of BG-11 in Petri dishes. One hyperspectral imaging
sample was stored per Petri dish, whereas all the hydrogel pieces for
reference measurements per sample type were stored in the same Petri
dish. The growth medium was changed on the first, the 10th and the
20th day after immobilization in conjunction with the time variable on
the experimental design. Old media was first removed with sterile tools.
Then the experiments were conducted, and new sterile media was added
to the Petri dishes. Between the experiments, the samples were stored at
~28 °C, under ~50 pmol photons m~2 s! light input, and 16 h
photoperiod in a closed Petri dish to prevent evaporation of the growth
medium and contamination of the samples. The light was supplied with
two 60 cm LED strips (15 W, 6400 K, 1500 lm, Nelson Garden, Tingsryd,
Sweden).
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2.2. Methods

2.2.1. Design of experiments

The factors controlled in the experimental design were time after
immobilization (time), initial immobilized cell density in grams of cell
dry weight per liter (cell density), thickness of the immobilization ma-
trix (gel thickness) and replicate for hyperspectral imaging (replicate). A
23 factorial design was constructed for factors cell density, gel thickness
and replicate. The factor levels were set to 1.2 and 2.6 gcpw/! for cell
density and 0.5 and 1 mm for gel thickness. Categorical labels 1st and
2nd were set as replicate factor levels. By considering all combinations
of the controlled factors and their levels according to the experimental
design, 8 physical samples with immobilized cells were prepared. These
samples were then imaged with a hyperspectral camera or used in the
reference measurements in three different times, 1, 10 and 20 days after
their preparation, which were the predetermined levels for the
controlled factor time. The factor levels for time, cell density and gel
thickness were selected based on our earlier research, where good me-
chanical properties of the nanocellulose-based immobilization matrices
[20], and excellent cell factory performance during ethylene bio-
production cycles of 5-8 days (ethylene yield >150 umol (mg Chl)™%)
were achieved [9,10]. All experiments based on the design matrix were
conducted with hyperspectral imaging, which resulted in spectra from a
total of 24 experiments. Spectrophotometric determination of chloro-
phyll a from methanol-extracted samples was carried out as a reference
for the hyperspectral imaging. The reference measurements were con-
ducted with independent technical replicates that were separate from
the hyperspectral imaging samples. Thus, the factor “replicate for
hyperspectral imaging” was omitted for the reference method. A sum-
mary of the design of experiments is shown in the Supporting informa-
tion (Table S1).

2.2.2. Hyperspectral imaging

Hyperspectral imaging measurements were done using a Specim 1Q
portable hyperspectral camera with an internal line-scanning sensor
(Specim, Oulu, Finland), which operated in the visible and near-infrared
(VNIR) wavelength range 397-1004 nm with 204 spectral bands and 7
nm spectral resolution (full width at half maximum) [40]. The samples
were illuminated with 6 quartz halogen lamps in 2 x 3 configuration
placed at approximately 20 cm distance from the samples at a 45° angle.
The distance and angle of the lamps were selected to maximize signal
intensity acquired with the hyperspectral camera. The camera was
placed at approximately 23 cm distance from the samples. The distance
was measured between the sample surface and the camera lens. The
integration time was adjusted to the optimal area suggested by the
camera, from which 12 ms was selected to be used for all samples. An
externally calibrated 50 % grey diffuse reflectance target (DA75C-1254)
was used as the white reference during the experiments, and it was
included in the imaging field of view with each sample. The dark
reference was supplied by the Specim IQ camera automatically by
closing the shutter. The reflectance target and dark current measure-
ments were used to convert the acquired raw signal intensity counts to
reflectance values using a linear reflectance transformation [41]. The
reflectance values were then -logl0 converted into absorbance units
[42]. Wavelength variables outside the PAR range (400-700 nm) were
removed to eliminate regions that did not have specificity towards
photosynthetic pigments, i.e., where the systematic offset in the absor-
bance signal was generally below pigment absorbance features, and to
decrease noise at extreme wavelengths (Fig. S1 in the Supporting in-
formation). This reduced the final number of acquired spectral bands to
104 within the PAR range. In this range, the photosynthetic pigments of
Synechocystis have their in vivo absorbance maxima at ~430-470 and
~675 nm (chlorophyll a), ~622 nm (phycocyanin) and ~470-500 nm
(carotenoids) [43]. The spatial resolution of the data recorded with the
camera was 512 x 512 pixels. From this, the pixels containing the image
background, the white reference, and other unwanted regions (i.e., the
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Petri dish borders and sample edges, where pieces were cut to maintain
directionality) were excluded. The omitted pixels were selected by
masking the samples with circular areas (~40 cm?) and subsequently
removing the spectra not belonging to the masked area. The sample
spectra then consisted of the combined absorbance signal from Syn-
echocystis cells within the individual pixel areas of approximately 0.07
mm?, with the total imaged sample area being ~40 cm? and the total
number of sample pixels 57,209. Schematic of the hyperspectral imaging
setup is shown in Fig. 1.

2.2.3. Determination of chlorophyll a concentration

Chlorophyll a (Chl a) was spectrophotometrically determined from
the reference samples. The results were then used to calibrate the
hyperspectral imaging experiments for estimation of Chl a from the
spectra. Chl a was extracted by incubating the 1 cm x 1 cm reference
samples in 3 ml of 100 % methanol overnight at 4 °C and in the dark.
Afterwards, the samples were centrifuged for 5 min at 4500 g and the
supernatant was analyzed with Lambda 900 UV/VIS/NIR spectrometer
(Perkin Elmer, Waltham, the United States) at 400-1000 nm range. The
extracts were handled in dim light to avoid untimely degradation of the
light-sensitive pigments. Chl a concentration was determined using a
specific coefficient (a) of 79.24 1 g’1 cm~! at 665 nm with 100 %
methanol as a solvent [30]. Thus, the concentration of Chl a was
calculated with Eq. (1):

(Ages — Az30) X V x 1000

C=
axL

€8]

where C is the concentration of Chl a in the sample (pg/sample), Aggs the
absorbance of interest at 665 nm, Ay3y the nonspecific absorbance at
730 nm, V the volume of the used solvent (ml), 1000 the required unit
conversion factor, a the specific coefficient for the used solvent and the
wavelength (1 g~! em™!) and L the optical path length (cm). By dividing
this result by the area of the hydrogel film sample, Chl a concentration
per sample area (ug/cm?) was obtained. Chl a concentration was
determined according to experimental design from methanol-extracted
samples with the number of replicates being 2 for day 1 and 3 for
days 10 and 20.

2.3. Data analysis

2.3.1. Factor effects on average object spectra with analysis of variance
(ANOVA) simultaneous component analysis (ASCA)

Average spectra were collected from the hyperspectral images of
each sample. The average spectra were then decomposed with ANOVA
simultaneous component analysis (ASCA) to interpret the effects of the
experimental design factors on the sample set [44]. First, we used ASCA
to isolate the effects of the controlled factors from the average spectra
using the information provided by the experimental design, Eq. (2):

p
Xn=) Xi+E (@)
i=1

where X, denoted the mean centered average image spectra, X; the
effect matrices of 4 main and 6 two-factor interaction effects based on
the design given in Table S1, and E the model residuals after subtraction
of the 10 effects. The sum of squares explained by each factor and their
p-values were used to identify significant factor effects and interactions
from the spectra. The isolated effects were then decomposed into ASCA
scores and loadings according to the general principal components
model, Eq. (3):

n
X => tp] +En 3)
i=1

where X; denoted an isolated effect matrix from Eq. (2), t; and p;T the
orthogonal score and orthonormal loading vectors, respectively, and E
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Fig. 1. Schematic of the controlled factors in the experimental design and the hyperspectral imaging setup for monitoring Synechocystis immobilized in TCNF
hydrogel matrices (A). Average spectra from 57,209 pixels for each of the 24 sample-specific images taken from the immobilized photosynthetic cells (B). The spectra
resulting from the samples that were made according to the experimental design are colored by their imaging day. Absorbance maxima of the observed photo-

synthetic pigments are highlighted in the spectra.

the residuals after n principal components. The residuals E, from each
effect were further projected to the ASCA loadings to describe the nat-
ural variation within the factor levels as described previously [45]. The
projected scores were then added to the general principal component
scores to determine the combined ASCA scores.

2.3.2. Partial least squares (PLS) regression model for quantitative
estimation of chlorophyll a from imaging spectra

A partial least squares (PLS) regression model was determined to link
the mean centered Chl a reference values measured spectrophotomet-
rically from methanol extracts to the mean centered average spectra
from the hyperspectral imaging samples. The regression vector b in the
general regression equation, Eq. (4):

y=Xnb+e “)

where y denoted a vector consisting of mean centered reference Chl a
values, X;, the matrix comprised of mean centered sample average
spectra, and e the model residuals, was determined using the SIMPLS
algorithm [46]. The SIMPLS algorithm determined latent variables
iteratively by deflating the covariance of X;, and y. The regression
vector b (Eq. (4)) was then obtained using the SIMPLS latent variable
weights as described by de Jong [46]. Three latent variables were used
in the PLS model. The number of latent variables was selected by
minimizing the root mean squared error of cross-validation (RMSECV)
as shown in Fig. S2 in the Supporting information. The model cross-
validation was set up by iteratively dividing the data into random sub-
sets 20 times with 4 splits and 25 % left-out data. The wavelengths
important for the model were identified based on the variable impor-
tance in the projection (VIP) scores [47], which were determined during
the PLS model calculation.

2.3.3. Pixel-specific chlorophyll a analysis with principal component
analysis (PCA), clustering and PLS model

The spatial Chl a variation was analyzed from the hyperspectral
images of the immobilized Synechocystis with pixel-specific PCA, clus-
tering and the PLS model calibrated for Chl a. The pixel spectra of the
second replicates of all samples were first combined into a mosaic,
which was then decomposed using PCA. The number of meaningful
principal components was chosen by evaluating the differences in the
variation explained by each principal component using the scree plot
(Fig. S3A in the Supporting information) [48]. The mosaic pixels were
then assigned to groups by clustering the score vectors of the selected
principal components (Fig. S3B in the Supporting information) using an

unsupervised k-means algorithm, where spatial pixels were connected to
their corresponding cluster centroids by their squared Euclidean dis-
tances in the PCA score space. The number of clusters was selected
arbitrarily to show the main differences in the samples. Chl a concen-
trations were then estimated with the PLS model from all pixel spectra
that belonged to the same cluster. The average cluster Chl a concen-
trations and their within-cluster standard deviations were calculated
from the resulting estimates.

2.3.4. Data analysis software

Image processing and data analyses were performed with in-house
MATLAB® (The MathWorks, Inc., Natick, MA, the United States)
scripts, which contained functions from PLS toolbox (Eigenvector
Research, Inc., Manson, WA, the United States). The VIP scores for the
PLS regression model and the ASCA decomposition were determined
using PLS toolbox.

3. Results and discussion

3.1. Hyperspectral imaging of Synechocystis immobilized in nanocellulose
hydrogel matrices

Images of immobilized Synechocystis in TCNF hydrogels were taken
with a portable hyperspectral camera according to the experimental
design (Fig. 1A). Absorbance spectra were collected from all image
pixels, which enabled us to monitor the cells in the whole immobiliza-
tion matrix area simultaneously. We observed typical features of whole-
cell Synechocystis absorbance spectra [43] in the acquired images. Spe-
cifically, pigments from the phycobilisomes and photosystems produced
characteristic wavelength bands corresponding to their in vivo absor-
bance maxima (Fig. 1B) [43,49]. Chlorophyll a (Chl a) was observed at
~430-470 and ~675 nm, and carotenoids at ~470-500 nm from the
photosystems. From the phycobilisomes, phycocyanin was observed at
~620 nm, whereas allophycocyanin did not have a separate band due to
spectral overlap with phycocyanin and Chl a.

Light harvesting is the detected pigments’ shared biological function,
which drives photosynthesis and growth of the cells [49,50]. Cell growth
was detected in the hyperspectral imaging experiments as the appear-
ance of visually different areas in the immobilization matrices over time
and increasing pigment absorbance (Fig. 1B). The absorbance features
may change, however, as the cells react to their environmental condi-
tions. Oxidative stress due to matrix mass transfer limitation has been
reported to result in upregulation of hydroxylated carotenoids and Chl a
degradation in immobilized cultivations [21]. Cells in deeper matrix
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layers can also experience self-shading if the cell density is high, which
reduces the availability of light for them [23]. This could result in
changes in the cells’ pigment composition as they adapt to the limited
light available for them. Thus, we identified time (the age of cultiva-
tion), matrix thickness and immobilized cell density as the key factors
potentially causing changes in the immobilized cells during growth and
studied their effects with a statistical experimental design. The
controlled factors are shown in Fig. 1A, and their levels are given in
Table S1 in the Supporting information. By controlling these critical
factors, we could non-invasively monitor the cell growth observed in the
immobilization matrices with better insight to potential stress.

3.2. Revealing the controlled factors’ effects on the immobilized cells
absorbance spectra with ASCA

3.2.1. The effect of controlled factors on variation in hyperspectral images

We used a multivariate statistical method, ASCA, to resolve the ef-
fects of the controlled factors on the imaging spectra from immobilized
Synechocystis cells. ASCA first decomposed sample average spectra into
factor contributions based on the underlying experimental design and
unveiled the percentual effect of each factor and their two-way in-
teractions on the spectral changes with ANOVA. The effects of the fac-
tors on the variation in the imaging spectra and their p-values are
displayed in Table 1. Factors time, cell density and gel thickness, had
statistically significant effects of approximately 58 %, 7 % and 20 %,
respectively. This signified that nearly 80 % of the changes in the
average imaging spectra from immobilized Synechocystis were caused by
the age of cultivation and the thickness of the immobilization matrix.
The replicate sample for hyperspectral imaging (replicate) and the
interaction terms had considerably smaller effects with higher p-values
than the first three main factors. Thus, we concentrated on interpreting
the effects of time, cell density and gel thickness.

3.2.2. Interpreting the factor effects on the immobilized cells’ spectra with
ASCA scores and loadings

We interpreted the factor contributions with factor-specific ASCA
component scores and loadings. In all ASCA components, positive scores
had a positive correlation with positive loadings and vice versa. The
resulting factor-specific scores and loadings pointed out areas in the
measured spectra that varied between the samples. The scores and
loadings for the most influential factors time, cell density and gel
thickness are shown in Fig. 2. The scores and loadings for the remaining
factors can be found in Fig. S4 in the Supporting information.

Time caused 58 % of the total variation in the absorbance spectra of
immobilized Synechocystis (Fig. 2A). The scores of this ASCA component
separated samples imaged on days 1, 10 and 20 (Fig. 2A, left panel).
Furthermore, the samples resembled each other more on day 1 than in
10 or day 20, as indicated by the growing spread of scores with the
increasing age of cultivation. These distinctions were interpreted

Table 1

The percentual factor effects on the changes observed in the immobilized cells’
absorbance spectra as acquired from ASCA. The p-values of the factor effects
were obtained using 1000 permutations.

Factor Effect (%) p-Value
1 (time) 58 <0.010*
2 (cell density) 7.1 <0.010*
3 (gel thickness) 20 <0.010*
4 (replicate) 1.9 0.081
Interaction of 1 & 2 2.8 0.087
Interaction of 1 & 3 2.4 0.079
Interaction of 1 & 4 1.3 0.30
Interaction of 2 & 3 0.50 0.35
Interaction of 2 & 4 0.47 0.37
Interaction of 3 & 4 0.45 0.34
Residuals 4.3 -

" A statistical significance level of 1 % (p < 0.010).
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Fig. 2. The first ASCA component scores and loadings for the factors time (A),
gel thickness (B), and cell density (C). The panels on the left show the ASCA
component score plots, where the 24 samples with immobilized Synechocystis
are in the order of the experimental design (full design matrix available in
Table S1 in the Supporting information). The panels on the right show the
corresponding loading plots for interpreting the scores based on the absorbance
bands from the imaging spectra obtained from immobilized Synechocystis.

through ASCA component loadings that show the relevance of each
wavelength to the scores (Fig. 2A, right panel). The loadings designated
that the absorbance of immobilized Synechocystis grew over time. Spe-
cifically, the wavelengths corresponding to the pigment absorbance
maxima highlighted in Fig. 1B were observed to influence the scores the
most.

ASCA component scores and loadings were also obtained for the
other significant factors, gel thickness and cell density that caused 20 %
and 7 % of the total variation in the absorbance spectra of immobilized
Synechocystis, respectively (Fig. 2B and C). The scores for gel thickness
(Fig. 2B, left panel) showed that the 1 mm and 0.5 mm immobilization
matrices could be distinguished from each other during all imaging
days. The loadings indicated that this separation was caused by the
thicker matrices having higher pigment absorbance than the thinner
matrices (Fig. 2B, right panel). The scores for cell density (Fig. 2C, left
panel) also showed that the samples with 1.2 gcpw/1 or 2.6 gcpw/1 as the
initial cell densities could be separated from each other throughout the
experiments. This separation was not as clear as for gel thickness,
however, which was indicated by higher scatter in the scores and smaller
differences between samples. Based on the loadings, the matrices with
higher initial cell density had generally higher pigment absorbance than
the matrices with lower initial cell density (Fig. 2C, right panel).

The ASCA results showed overall increasing intensity of the pigment
absorbance spectra over time, which indicated cell growth in the
immobilization matrices. The cell growth was not uniform in the imaged
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samples on days 10 and 20, however, as shown by the growing spread of
scores (Fig. 2A). We interpreted this to be due to development of spatial
differences in the immobilization matrices over time. The second ASCA
component of time further explained these differences (Fig. S5 in the
Supporting information) by showing that from day 1 to 10 the Chl a
band at ~430 and phycocyanin band at ~620 nm generally absorbed
more than the other pigment absorbance maxima. From day 10 to 20, on
the other hand, Chl a at ~675 nm and carotenoids at ~500 nm had the
highest relative absorbance.

The apparent carotenoid effect at ~500 nm seemed to be emphasized
over time in cultivations that had a thick immobilization matrix and a
high initial immobilized cell density. This was shown by the ASCA
component loadings deviating from the typical wild-type Synechocystis
absorbance spectrum [43] mostly in the Chl a/carotenoid band with
spectral overlap at 430-500 nm (Fig. 2, right panels). The interactions of
time with cell density (Fig. S4B in the Supporting information) and gel
thickness (Fig. S4C in the Supporting information) also described
changes in the spectra, although their effects were only 2.8 and 2.4 %,
respectively. These interactions showed that the absorbance for Chl a at
~430 and ~675 nm and phycocyanin at ~620 nm decreased in relation
to other wavelengths over time in samples with a thick matrix or a high
cell density, whereas they became more pronounced in samples with a
thin matrix or a low cell density.

Elevated absorbance in the carotenoid-associated spectral region can
result from stress that could develop over time in the immobilization
matrix. Cell growth could cause self-shading that is more severe the
deeper the cells are in the immobilization matrix. The cells could then
adapt to such light-limitation by producing more accessory pigments,
like carotenoids, that assist their light-harvesting [51,52]. In contrast to
this hypothesis, the carotenoids were shown earlier to decrease in Syn-
echocystis batch suspension cultivations with increasing cell density
[53]. However, the movement of immobilized cells is restricted, whereas
in suspension cultivations the cells are actively mixed. The restriction of
movement could necessitate active production of accessory pigments
that enable sufficient light-harvesting in deeper matrix layers, which
would explain the differing trend between immobilized and suspension
cultivations.

Potential carotenoid upregulation could also stem from mass transfer
limitation in the immobilization matrix, which could cause oxidative
stress and elevated production of antioxidants, like carotenoids, as a
response to such stress [21,22]. This behavior was reported earlier for
alginate thin-film cultivations under high light [21]. We also observed
earlier that the photosynthetic gas exchange of Synechocystis decreased
in thick (1 mm) TCNF-based matrices already after five days, which,
likewise, could indicate mass transfer limitation [20]. However, we did
not use a high light intensity during cultivation here, which should
decrease susceptibility of the immobilized cells to oxidative stress due to
lower photosynthetic oxygen production in the matrix.

Other reasons for the possible carotenoid effect include contamina-
tion of the immobilization matrix with another carotenoid-producing
organism that are widely distributed in nature [54,55]. We used
axenic cell culture in the experiments and changed fresh sterile media to
the matrices during all imaging days to decrease the likelihood of
contamination. Furthermore, immobilization protects the cells from
environmental conditions [6,9,56], which limits possible contamina-
tions to the surrounding medium rather than to the immobilization
matrix itself. Hyperspectral imaging could, however, be readily har-
nessed for SSPCFs’ non-invasive contamination control, which is thus
one of the promising future applications for the monitoring method
developed here.

We evaluated reliability of the potential carotenoid effect by corre-
lating the carotenoid/Chl a ratios from hyperspectral imaging average
spectra with the reference ratios that were obtained spectrophotomet-
rically from methanol extracts (Fig. S6 in the Supporting information).
The carotenoid/Chl a ratios had similar trends overall, which resulted in
high positive correlation coefficient between the two methods (r =
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0.81). However, not all variation in the hyperspectral images’ ratios
were explained by the reference ratios. This could indicate that the
potential carotenoid effect did not develop homogeneously in the
immobilization matrices and was not captured by the reference mea-
surements that were conducted for smaller matrix pieces than the im-
aging. Due to the variation between the two methods, direct
quantification of total carotenoids from hyperspectral images was not
feasible with the current experimental setup and calculation of total
carotenoids from methanol extracts was thus left out. Confirming the
carotenoid effect, validating its source and calibrating it for hyper-
spectral imaging would require further studies with, e.g., chromato-
graphic methods. Although such studies were beyond the scope of this
article, they are crucial next steps for developing SSPCFs’ stress and
contamination monitoring with hyperspectral imaging towards an
industrially relevant setting.

More research should also be dedicated to determining how well the
current SSPCFs can, in general, scale up to industrial SSPCFs of the
future. Here, we systematically extended our knowledge of the effects of
time, gel thickness and cell density on immobilized cells’ growth at
factor levels that result in good SSPCF performance [9,10]. However, we
expect that the optimal levels for these factors in future industrial-scale
SSPCFs will also depend on the photobioreactor design, scalability of the
immobilization matrix, product and producer type, and length of
continuous SSPCF operation. Particularly, the length of a production
cycle and immobilization matrix dimensions are essential subjects for
future optimization. These factors are important because in this study
the greater age of cultivation and gel thickness promoted the immobi-
lized cells’ growth the most and also contributed to the possible carot-
enoid effect. The effect of high cell density, too, could be studied further
to shed light on light penetration in the immobilization matrices, which
is required both for hyperspectral imaging to be applicable and for
immobilized cells to thrive in deeper matrix layers. Here, however, we
focused next on calibrating hyperspectral imaging for Chl a to study the
immobilized cells’ growth, which was indicated by overall increasing
intensity of absorbance spectra over time.

3.3. Non-invasive estimation of chlorophyll a from the immobilized
Synechocystis

3.3.1. PLS regression model for quantitative chlorophyll a estimation from
the hyperspectral images

The average hyperspectral imaging spectra were calibrated against
Chl a with a PLS regression model so that cell growth could be estimated
directly from the spectra (Fig. 3A). The reference Chl a concentrations
for the calibration of the imaging spectra were obtained spectrophoto-
metrically from methanol extracts, and they are given in Table S2 in the
Supporting information. The coefficient of determination (R?) of the
resulting PLS model with three latent variables was 0.90 and the root
mean square error of calibration (RMSEC) 0.59 pg/cm? (Fig. 3B). Vari-
able importance in the projection (VIP) scores showed that the elevating
absorbance of the in vivo pigment absorbance maxima of Synechocystis
(Fig. 1B) correlated positively with the increasing Chl a in the matrices
(Fig. 3C).

Pigments other than Chl a were also relevant for our PLS model
because they are in vivo closely assembled together in phycobilisomes
and photosystems [43,49]. The evolution of Chl a could be alternatively
estimated with spectral indices, where just a few wavelengths sensitive
for it would be selected for building a model [13]. Wavelength regions
that are not important or have collinearity with the studied variables are
typically left out from spectral indices. Disregarding most of the spectra,
however, could result in losing information about the potential changes
within our immobilized systems. Thus, we decided to keep the full
spectra in the PLS model calibrated for Chl a.

Changes in the cell immobilization matrices were identified by ASCA
to occur over time, and they reduced the fit of our PLS model. The
reference measurements had markedly smaller standard deviations and
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Fig. 3. The imaging average spectra from immobilized Synechocystis as colored by the Chl a concentrations that were predicted using a PLS regression model (A). A
PLS regression model, where the average Chl a concentrations from the ex situ reference measurements with methanol extracted pigments (x) were used to predict
Chl a from each samples’ two in situ hyperspectral imaging replicates (y) (B). The variable importance in the projection (VIP) scores showing that the wavelengths
corresponding to the in vivo pigment absorbance maxima of Synechocystis were influential in the model (VIP scores > 1) (C).

the hyperspectral imaging replicates were more similar to each other on
day 1 than in later days (Fig. 3B). As a consequence, the model had
increasing prediction errors on days 10 and 20, which indicated that the
growth of the immobilized cells was not homogeneous in the matrices.
These spatiotemporal differences resulted in the R? decreasing from 0.90
to 0.86 and the RMSEC increasing from 0.59 to 0.76 pg/cm? after cross-
validation. Regardless, our model was almost as accurate as what has
been at best reported (R2 from 0.90 to 0.99) for online monitoring of
suspension cultures [29]. Thus, we modeled Chl a concentration from
the hyperspectral images with a promising correlation and pioneered
non-invasive cell growth estimation from the hydrogel immobilization
matrices successfully.

3.3.2. Pixel-specific analysis of chlorophyll a evolution in the
immobilization matrices

Clustering is a useful data analysis method for spatial cyanobacteria
population growth monitoring with hyperspectral imaging [15]. Here,
we assessed the spatiotemporal changes of the Chl a concentration
estimated from the immobilized cells at pixel-level using PCA and
clustering with the developed PLS model (Fig. 4). First, we decomposed
the sample mosaic image with PCA to find the important variations in

the pixel dataset. PCA reduced the data dimensions to a single principal
component (PC), which explained 97 % of the variation in the data as
shown by the scree plot (Fig. S3A in the Supporting information). This
let us group the pixels’ PC scores (Fig. S3B in the Supporting informa-
tion) with unsupervised k-means clustering into five clusters that visu-
alized the differences in the immobilization matrices over time (Fig. 4A).
The cluster spectra were further analyzed with the developed PLS
model, which allowed us to estimate the immobilization matrices’
spatial Chl a variation over time (Fig. 4B).

On day 1, the thin matrix with low initial cell density comprised its
own cluster with estimated average Chl a concentration of 1.3 pg/cm?
Similarly, the thick matrix with high initial cell density was separated to
its own cluster with estimated average Chl a concentration of 4.5 pg/
cm?. The thin matrix with high cell density and the thick matrix with low
cell density had similar immobilized cell densities on day 1, which was
shown by the two samples belonging predominantly to the same cluster
with estimated average Chl a concentration of 2.6 pg/cm?2. On days 10
and 20, all samples showed signs of cell growth with increasing esti-
mated Chl a concentrations. The cluster with the highest Chl a con-
centration (9.4 pg/cmz) was most prominent in the thick matrices on
day 20, regardless of the initial cell density, and its formation could

A Day 1 Day 10 Day 20 B Qluster mean spectra anq
0.5 mm, ’ estimated Chl a concentration
1.2 gepw/l
@
0.5 mm, 216 —— 9.4 +0.61 pg/cm?
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Fig. 4. Pixel-level clustering of the hyperspectral images of immobilized Synechocystis taken according to the experimental design (A). Non-invasive estimation of Chl
a concentration from the cluster spectra using the PLS model calibrated for Chl a. Average Chl a concentrations and standard deviations were calculated from the
clusters’ pixel-specific estimates (B).
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already be seen regionally during day 10. The thin matrices had small
areas belonging to this cluster on day 20 but otherwise had lower Chl a
concentrations throughout the experiments.

The more time and space the cell had for growing, the higher the
estimated Chl a concentrations were. The pixel-level transition towards
the highest Chl a concentrations generally grew outwards from initial
points over time. Additionally, small areas with the lowest estimated Chl
a concentration surrounded the higher Chl a areas in the later days.
These regions of high reflectance resulted from air bubbles forming in
the matrices due to photosynthetic oxygen production, which elevated
the matrix surface curvature in the biggest bubbles’ boundaries
(photograph inset in Fig. 1B). The bubble formation could indicate gas
transfer limitation in the mesoporous TCNF hydrogel matrices and result
from the heterogeneous pore structure that adapts structurally to cell
growth [20]. Specifically, larger pores filled with free water could serve
as nuclei for cell growth, which could then slightly expand the visco-
elastic TCNF hydrogel network and create more space available for cell
growth. This could have led to accumulation of cells and regionally
elevated photosynthesis, which resulted in areas with high estimated
Chl a concentration and bubble formation. The results thus indicate a
potential mechanism for cell proliferation over time in TCNF-based
immobilization matrices that typically constrain the cell growth [9].
Further studies could target verifying this mechanism and determine if it
compromises the mechanical stability of the immobilization matrix
during prolonged operation of future larger scale SSPCFs.

4. Conclusions

This study demonstrates a non-invasive approach to follow growth
and potential stress of nanocellulose-immobilized Synechocystis cells. We
monitored spatiotemporal characteristics in the cells’ pigment (chloro-
phyll a, phycocyanin and carotenoids) absorbance with controlled
hyperspectral imaging. Building on our results, online monitoring of a
production task in a continuously operating solid-state photosynthetic
cell factory (SSPCF) could be realized in the future. We observed
promising correlation (model R? = 0.90) between hyperspectral imaging
and conventional invasive reference method when calibrating a
regression model for chlorophyll a. However, spatial differences
emerged in the matrices via cell growth. These differences mainly
resulted from the age of cultivation and the TEMPO-oxidized cellulose
nanofiber hydrogel immobilization matrix thickness. Combining the
regression model with clustering, we could quantitatively estimate the
spatial changes in the immobilized cells’ chlorophyll a concentrations.
In addition to cell growth, we detected possible stress in the immobili-
zation matrices over time via elevated carotenoid absorbance. Vali-
dating the carotenoid effect and confirming it as a stress response,
however, would require further studies. In the future, hyperspectral
imaging will be particularly useful for monitoring product formation,
contamination, cell growth or stress of SSPCFs. Quick and non-invasive
hyperspectral imaging will also enable the development of SSPCFs to-
wards biointelligent chemical manufacturing, where SSPCFs can be
operated with fast feedback control.
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