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bioprocess critical variables: biomass (R2 = 0.99, RMSEP 
2.8%); cyprosin activity (R2 =  0.98, RMSEP 3.9%); glu-
cose (R2 =  0.93, RMSECV 7.2%); galactose (R2 =  0.97, 
RMSEP 4.6%); ethanol (R2 =  0.97, RMSEP 5.3%); and 
acetate (R2 =  0.95, RMSEP 7.0%). In conclusion, high-
throughput MIR spectroscopy and multivariate data anal-
ysis were effective in identifying the main growth phases 
and specific cyprosin production phases along the yeast 
culture as well as in quantifying the critical variables of the 
process. This knowledge will promote future process opti-
mization and control the recombinant cyprosin bioprocess 
according to Quality by Design framework.
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Abbreviations
IR	� Infrared
LOOCV	� Leave-one-out cross validation
MIR	� Mid-Infrared
MSC	� Multiplicative scattering correction
NIR	� Near-Infrared spectroscopy
PCA	� Principal component analysis
PLS	� Partial least squares
RMSECV	� Root mean square error cross validation
RMSEP	� Root mean square error prediction
SNV	� Standard normal variate

Introduction

The aspartic protease cyprosin, extracted from Cynara 
cardunculus flowers, presents interesting properties for 
the dairy industry due to its high clotting activity and 

Abstract  To increase the knowledge of the recombinant 
cyprosin production process in Saccharomyces cerevisiae 
cultures, it is relevant to implement efficient bioprocess 
monitoring techniques. The present work focuses on the 
implementation of a mid-infrared (MIR) spectroscopy-
based tool for monitoring the recombinant culture in a 
rapid, economic, and high-throughput (using a microplate 
system) mode. Multivariate data analysis on the MIR spec-
tra of culture samples was conducted. Principal compo-
nent analysis (PCA) enabled capturing the general meta-
bolic status of the yeast cells, as replicated samples appear 
grouped together in the score plot and groups of culture 
samples according to the main growth phase can be clearly 
distinguished. The PCA-loading vectors also revealed spec-
tral regions, and the corresponding chemical functional 
groups and biomolecules that mostly contributed for the 
cell biomolecular fingerprint associated with the culture 
growth phase. These data were corroborated by the analy-
sis of the samples’ second derivative spectra. Partial least 
square (PLS) regression models built based on the MIR 
spectra showed high predictive ability for estimating the 
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specific proteolytic properties [1–3]. To obtain an effi-
cient and low-cost production system of this enzyme, the 
cyprosin gene was cloned in Saccharomyces cerevisiae 
cells and its production was optimized concerning the 
expression system (i.e, recombinant plasmid and S. cer-
evisiae strain as cell host), the media composition and 
cultivation strategy [2, 4–6]. To further characterize, opti-
mize, and control the cyprosin production process along 
S. cerevisiae culture, it is now highly relevant to imple-
ment rapid, economic, and simultaneously sensitive moni-
toring techniques.

To optimize the bioprocess and to efficiently control 
large-scale productions, biotechnological companies are 
encouraged to increase the knowledge of the cultivation 
process based on the development of new analytical tools, 
enabling the acquisition of a large amount of data from dif-
ferent experimental conditions. This knowledge will lead 
to a faster and more efficient process development as the 
ones related to scale-up trajectories and, consequently, will 
decrease the overall costs while enabling efficient control 
procedures [7–9]. Indeed, for new biotech products, both 
the Food Drug Administration (FDA) and the European 
Medicine Agency (EMA) encourage the development 
and implementation of effective and efficient innovative 
monitoring technologies, especially along the bioproduct 
manufacturing. In view of this guidance, process analyti-
cal technology (PAT) has been applied to bioprocesses. 
The PAT initiative is defined as a system that allows moni-
toring and controlling all variables that affect the process 
performance or critical quality attributes of the final prod-
uct, to ensure reproducible of the manufacturing processes 
and a high quality and regulatory compliant product [10]. 
Clear value is also given by the possibility of identifying 
knowledge gaps, experimental flaws, and uncontrolled var-
iances. Therefore, the interest for bioprocess monitoring 
using sensitive, rapid, and economic technologies, such 
as infrared spectroscopy, is increasing, comparatively to 
the classical, labor-intensive, and time-consuming off-line 
analyses.

Infrared spectroscopy is a highly sensitive vibrational 
spectroscopic technique that allows acquiring a huge 
amount of information in a fast, economic, and automat-
able mode, with minimal or no sample preparation and 
reagent consumption, enabling an accurate analysis of all 
critical variables of the bioprocess from a single meas-
urement. Near Infrared (NIR) (14,000–4000  cm−1) and 
Mid-Infrared (MIR) (4000–400  cm−1) spectroscopies 
have been applied as key methods for monitoring of cell 
cultivations (i.e, process monitoring), to evaluate batch 
reproducibility (i.e, process supervision), overall process, 
or plant supervision (i.e, PAT) and to generally increase 
the bioprocess knowledge [8, 9, 11, 12]. Recently, NIR 
spectroscopy, using an in situ sterilizable fiber optic probe 

associated with multivariate data analysis, allowed the 
real-time prediction with high accuracy of all critical vari-
ables of the recombinant cyprosin production, allowing 
reducing the high number of offline techniques needed to 
fully characterize the key variables of the process while 
minimizing the risk of culture contamination [13]. How-
ever, MIR spectroscopy presents advantages over NIR 
spectroscopy, as it covers the fundamental vibrations of 
most common chemical bonds in biomolecules, whereas 
the NIR region covers combinations and overtones of fun-
damental vibrations. NIR spectra present lower adsorp-
tion coefficients and broader overlapping bands, which 
turn more difficult the extraction of the sample molecu-
lar composition, compared to the MIR spectra [9, 12, 
14]. Furthermore, in biological cells, while NIR captures 
mainly from groups containing the hydrogen atom (C–H, 
N–H, O–H, and S–H), MIR also captures C–N, P–O, 
C=C, C=O, and C=N groups [9]. MIR spectra can be 
acquired in automatic high-throughput mode, using plates 
with multi-micro wells, which enables the simultane-
ous analysis of hundred samples at once, requiring only 
the culture broth dehydration before analysis [15–17]. 
The possibility of high-throughput spectral acquisition 
by MIR spectroscopy also represents an advantage for 
optimization protocols, due to possible space constraints 
or high costs associated with the use of multi-fiber optic 
probes for multi-bioreactors.

Independently of the IR spectral region (NIR or MIR), 
the huge amount of data acquired by IR spectroscopy 
requires the use of multivariate data analysis to extract as 
much relevant information as possible from the spectra and 
to transform these data into important bioprocess infor-
mation [9, 18]. The most common techniques applied to 
bioprocess monitoring, due to their efficiency in retriev-
ing information associated with the simplicity of applica-
tion and interpretability, are principal component analysis 
(PCA), for qualitative analysis by capturing data trends, 
and partial least squares (PLS) regression, for quantitative 
estimation of critical process variables. PCA reduces the 
dimensionality of the data by creating new variables, called 
principal components (PC), which are linear combinations 
of the original variables that can be displayed to reveal pat-
terns of similarity between the observations as points in 
maps (score plots) [19]. PLS regression predicts a set of 
dependent variables from a group of independent variables 
or predictors, by extracting from the predictors a series of 
orthogonal factors, called latent variables (LV) [20].

The aim of the present work is to implement a rapid 
high-throughput method based on MIR spectroscopy asso-
ciated with multivariate data tools to analyze the recom-
binant cyprosin production by a transformed S. cerevisiae 
strain in bioreactor. The MIR spectra were acquired from 
culture samples at a microliter scale, using plates with 
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multi-wells, after a short preprocessing step of dehydrata-
tion. PCA of MIR spectra was performed to identify trends 
in the spectral data which are related to the metabolism of 
the carbon sources (galactose and glucose) and by-products 
formation (ethanol and acetate) along the cell host culture. 
PLS regression models were built to accurately predict 
all critical variables of the bioprocess, namely, biomass, 
cyprosin activity, glucose, galactose, ethanol, and acetate. 
This way, the high informative data retrieved along the 
culture by MIR spectroscopy in a rapid, economic and 
high-throughput mode may strongly promote cyprosin bio-
process knowledge and consequently optimization and con-
trol, according to the PAT initiative.

Materials and methods

Cell culture conditions

The S. cerevisiae BJ1991 strain previously transformed 
with an expression cassette pCAF15 that contains the 
CYPRO11 gene that codifies the aspartic protease cyprosin 
was used [21]. The inoculum was grown in 150 ml (10% 
of the total volume of the culture medium in bioreactor) in 
YNB medium [0.67% (w/v) yeast nitrogen base without 
amino acids and 2% (w/v) glucose, supplemented with aux-
otrophic markers (70  mg  l−1 l-tryptophan and 20  mg  l−1 
uracil)] during 16 h at 30 °C and 200 rpm. The inoculum 
was transferred into the bioreactor containing the expres-
sion medium YPGal-Glu [1% (w/v) yeast extract; 2% (w/v) 
bacto peptone; 2% (w/v) galactose; and 2% (w/v) glucose]. 
Cultivations were performed in a vessel with 2  l (Biostat 
MD, B. Braun, Germany) with a working volume of 1.5 l, 
at pH 5.5 ± 0.1 and 30.0 ± 0.1 °C. The dissolved oxygen 
concentration (DOC) was controlled at approximately 25% 
of dissolved oxygen in the culture medium in relation to 
the air saturation, by controlling the stirring speed of two 
Rushton turbines, and maintaining a constant flow rate at 
1.5 l min−1 (equivalent to 1 VVM).

Samples and analytical reference methods

Samples were collected from the bioreactor at regular time 
intervals (30  min). The biomass concentration was deter-
mined by optical density measured at 600 nm (OD600 nm), 
using a spectrophotometer (Shimadzu UV-1603, Japan). 
These absorbance values were converted to dry cell weight 
(dcw) using a previous standard curve relating OD600 nm, 
and the weight of cell samples dried at 80 °C until constant 
value. The cyprosin enzymatic activity was determined 
according to Heimgartner et  al. (1990), using fluorescein 
isothiocyanate-labeled k-casein (FITC-casein). One unit of 

proteolytic activity was defined as the amount of enzyme 
that increases one unit of emitted fluorescence at 525 nm 
(excitation at 495 nm), after 60 min of hydrolysis at 37 °C, 
pH 5.1. The fluorescence intensity was measured using 
a spectrofluorimeter (Shimadzu RF-1501, Japan). This 
method specifically measures cyprosin activity according 
to Sampaio et al. [6] that observed by western blot analy-
sis using antibodies against cyprosin and that the secretion 
of other proteases by the present S. cerevisiae expression 
system is negligible. The protein concentration was deter-
mined according to the Bradford method using Coomassie 
reagent [22]. Specific cyprosin activity was defined as the 
cyprosin activity in relation to the total protein. Galactose, 
glucose, ethanol, and acetate were analyzed by high pres-
sure liquid chromatography (HPLC), using an Aminex 
(Bio-Rad Laboratories, USA) column assembled to an 
HPLC system (Merck, Germany), at 50  °C with a 5  mM 
H2SO4 at 0.6 ml min−1 as eluent.

IR spectroscopy measurements

IR spectral acquisition

Broth samples taken along the cultivation were centrifuged, 
and the cell pellets were stored at −20 °C. For analysis, the 
cell pellets were defrosted and resuspended in 0.9% (w/v) 
NaCl to obtain an OD600 nm of 6.0. After that, 30 microliters 
of the cellular suspension were placed on IR transparent Si 
microtiter plates with 96 wells (Bruker Optics, Germany), 
and subsequently dehydrated for 2.5 h in a vacuum desicca-
tor (ME2, Vaccubrand, Germany). Each culture sample was 
analyzed in triplicate, i.e., three MIR spectra from three 
independent 30 microliters samples from each cellular sus-
pension were acquired. The MIR spectra were obtained by 
averaging 40 scans in the spectral window between 4000 
and 400 cm−1, using a HTS-XT associated with Vertex-70 
spectrometer (Bruker Optics, Germany) at a spectral reso-
lution of 4 cm−1.

Spectral preprocessing

Several spectral preprocessing techniques were evaluated 
to minimize physical disturbances from spectra or enhance 
their information content, namely: baseline correction 
by offset or strait line subtraction, min–max normaliza-
tion, multiplicative scatter correction, and first and second 
spectral derivatives [23]. Before spectral derivatives, a 
Savitzky–Golay smoothing filter was applied (using a fil-
ter window of 15 points and a second-order polynomial fit) 
[24]. Baseline correction was performed using the OPUS® 
software (Bruker Optics, Germany). All the remaining 
analyses were performed using MATLAB® 7.9.0.
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Multivariate analysis

Principal component analysis (PCA)

Principal component analysis is a linear pattern recogni-
tion technique allowing the reduction of the dimensional-
ity of multivariate data to n principal components. The first 
principal component (PC1) represents the direction of the 
largest variation in the data set, and the nth principal com-
ponent (PCn) describes the direction of the nth-largest vari-
ation in the data set. Each principal component relates to 
an independent sample variation pattern and an independ-
ent variable variation pattern, which can be displayed in 
score plots and correlation loading plots, respectively [25]. 
In the score plots, usually, scores of two components are 
plotted as scatter plots at a time. In the correlation loading 
plots, correlation between variables and scores is displayed. 
When scores and correlation loading plots are studied 
together for the same pair of components, variable variation 
patterns can be directly related to sample variation patterns 
for the respective components [26]. All samples replicates 
were considered for analysis to enable inferring how sam-
ple variability may affect possible trends inferred from the 
direct observation of the scores plot. A data matrix com-
posed of 195 analyzed samples (i.e., spectra) represented 
by 1815 variables (i.e., wavenumbers) was taken for PCA. 
PCA was performed using MATLAB® 7.9.0.

Partial least square (PLS) regression

PLS regression computes linear combinations between 
spectral data and reference values extracting the scores that 
are most correlated and explain the maximum covariance 
between them [27]. The PLS method was used for predict-
ing the concentration of the critical variables of the bio-
process from the spectral data, such as biomass, enzymatic 
activity, glucose, galactose, ethanol, and acetate. The vali-
dation of the developed PLS model was conducted using: 
an independent test set validation for the variables analyzed 
composed by randomly chosen samples from the entire 
data set, not used for model calibration; a leave-one-out 
cross validation (LOOCV) was used for predicting glucose, 
due to the reduced number of samples available. LOOCV 
works by taking one sample from the original data set and 
using it as a validation set, cross-validation method was 
used to construct the best model.

Several PLS models were built based on the combina-
tion of the preprocessing techniques and wavelength selec-
tion as follows: the spectral region was divided into ten 
equal sub-regions, and the best combination of spectral 
regions and preprocessing techniques providing the best 
predictive model performance was chosen. The predictive 
performance of each PLS model was assessed the number 

of latent variables (LV) and the correspondent data variance 
explained, regression coefficient (R2), and the root mean 
square error of prediction (RMSEP) or the leave-one-out 
cross-validation error (RMSECV).

Results and discussion

MIR spectroscopy was applied to monitor recombinant 
cyprosin production process along S. cerevisiae BJ1991 
culture in bioreactor, in an automatic mode with high-
throughput instrumentation (using multi-microwell with 
96 well silicon plate), enabling this way a high-frequency 
acquisition of data containing cellular metabolic informa-
tion, such as transient signals, that cannot be captured oth-
erwise. The cultivation of this expression system was pre-
viously optimized in terms of inoculum, culture medium 
composition, expression system, pH, and aeration [4–6]. 
To better understanding how PCA of spectral data enables 
capturing in a highly sensitive way the cell metabolic shifts 
along the culture, a brief description of the culture is pro-
vided next.

The culture was subdivided in six main growth phases, 
all characterized by the consumption of a specific carbon 
source, specific growth rate, and specific cyprosin pro-
duction yield per biomass (Fig.  1; Table  1). During the 
first 3 h (defined as growth phase I, and corresponding to 
samples S1–S7), a growth lag phase was observed, cor-
responding to the cells’ adaptation period to the new cul-
ture environment and, consequently, with no cell growth 
and glucose consumption (Fig.  1a, b; Table  1). In the 
presence of two main carbon sources, glucose was pref-
erentially consumed over galactose (growth phase II, cor-
responding to samples S8–S18; 3:20–8:20  h), leading to 
a maximum specific growth rate on glucose of 0.338  h−1 
(Fig. 1a, b). Glucose was metabolized first, due to carbon 
catabolic repression of GAL genes transcription involved 
in galactose uptake [28]. The high glucose uptake pro-
duced fundamentally biomass (3 g dcw l−1), with a resid-
ual proteolytic activity per biomass of 80.3  U  mg−1 dcw 
being registered (Fig. 1d), which is not cyprosin but other 
endogenous proteases in accordance with previous stud-
ies [6, 29]. Glucose was completely depleted after 7 h of 
cultivation, and despite constant aeration (1 VVM) and 
high DOC (>25%), ethanol was produced reaching a maxi-
mum concentration of 11.0 g  l−1 (Fig. 1a, b), mostly due 
to overflow metabolism (i.e, Crabtree effect) [30]. Only 
when glucose reached a critical level, the GAL gene cluster 
was desrepressed and the galactose started to be consumed 
(growth phase III, corresponding to samples S19–S29 and 
8.50–13.50 h), (Fig. 1b; Table 1). During this period, a sig-
nificant increase of ethanol production was also observed, 
reaching the maximum value of 22.9 g l−1 (corresponding 
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Fig. 1   Cultivation of trans-
formed S. cerevisiae BJ1991 
strain: a Off-line analysis 
concerning biomass (continuous 
line triangle); cyprosin activ-
ity (continuous line square) 
and specific cyprosin activ-
ity (continuous line circle); b 
Off-line analysis concerning 
carbon source taken up [glucose 
(continuous line square) and 
galactose (continuous line tri-
angle)] and the metabolites pro-
duced along the culture [ethanol 
(continuous line—diamond) and 
acetate (continuous line circle)]; 
c Maximum specific growth rate 
observed along the cultivation 
as indicated by the slope of the 
linear regression; d Cyprosin 
production along biomass 
growth
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to sample S21). High glucose and galactose concentra-
tions lead to a high cellular glycolytic flux, which results 
in a setup of pyruvate that exceeds the oxidative capacity of 
the strain and consequently leads to the overflow metabo-
lism and the ethanol formation for re-oxidizing the cofac-
tor NADH relevant to ATP production [31]. This implied 
a low biomass yield (0.087 h−1) and a lower recombinant 
protein expression per biomass (3 U mg−1 dcw) (Fig. 1a, 
c, d; Table  1). The high ethanol production was followed 
by acetate production that reached its maximum concentra-
tion (of 1.2 g l−1) at sample S23, due activation of biosyn-
thetic pathways in yeast [32]. The main carbon sources of 
growth phase IV were ethanol and acetate (corresponding 
to samples S30–S40, 14:20 h–19:20 h) (Fig. 1a, b; Table 1). 
On that period, a low cellular growth rate (0.060 h−1) and 
a high specific activity production (231.5  U  mg−1 dcw) 
were observed (Fig. 1b, c, d; Table 1). During the growth 
phase V (defined by samples S41–S63; 19.40–30:00 h), the 
remaining ethanol was totally consumed, being associated 
with a significant specific cyprosin production per biomass 
(282.4 U mg−1 dcw) (Fig. 1a–d; Table 1). In the following 
5 h (designated as growth phase VI), which correspond to 
the group of samples (S64 and S65), the cultivation reached 
the stationary phase and a maximum of the proteolytic 
activity (2489 U ml−1), as consequence of the exhaustion 
of the unique carbon source then available, the inductor 
(galactose).

PCA to capture the molecular fingerprint of samples 
associated with cultivation phases

A PCA of spectra acquired along cultivation was per-
formed. To minimize spectral data noise, while highlight-
ing spectral features, two preprocessing techniques were 

evaluated: multiplicative scatter correction (MSC), for min-
imizing the effect of physical phenomena, such the light 
scattering resulting from the existence of particles with 
different sizes and shapes; and derivatives, to remove base-
line artifacts, while highlighting overlapping peaks. Based 
on the analysis of the PCA score plots, it was observed 
that replicate samples were more close to each other and 
spatially separated from the remaining samples when first 
derivative was used instead of MSC (data not shown), 
resulting in two principal components (PCs) accounting for 
96.3% of the variance in the data explained (Fig. 2a). As in 
general, replicates were together and apart from other sam-
ples, and major data sets composed by samples collected 
in similar culture times were observed (as represented by 
bold circles in Fig. 2a), and it may be concluded that MIR 
spectroscopy captured both the culture samples’ molecular 
fingerprint and the biomolecular similarities between sam-
ples. The PCA (Fig.  2a) score plots also showed clusters 
based on the six growth phases, as summarized in Table 1.

Besides enabling the visualization of general data pat-
terns, PCA is also useful to identify sample outliers, when 
samples are detached from the cluster composed of the 
remaining sample replicates and other samples taken in 
similar culture phase, as isolated samples S10, S11, S23, 
S35, and S42 (Fig.  2a). The main consequence of these 
observations was that those replicates were classified as 
outliers and were not considered on the subsequent PLS 
model building, in contrary to the remaining duplicates of 
these samples that were used in the PLS model building 
and validation.

As mentioned before, the PCA (Fig.  2a) score plots 
showed clusters based on the six growth phases, as fol-
lows: The group constituted by samples from the lag phase 
(S1–S7) (growth phase I) is localized in the bottom left 

Fig. 1   continued
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side of the score plot (Fig. 2a; Table 1). The growth phase 
II (S8–S18) showed positive PC1 values as opposed to the 
previous group (phase I), corresponding to a high glucose 
consumption rate with a consequent high specific growth 
rate (0.338  h−1), and decreases PC2 values. The cluster 
constituted by samples (S19–S29) (growth phase III), cor-
responds to the galactose consumption period as the main 
carbon source, with maximum ethanol (22.9 g l−1) (sample 
S21) and acetate concentrations (1.2  g  l−1) (sample S23) 
being registered. Samples corresponding to ethanol and 
acetate consumption (S30–S40, growth phase IV) showed 
increasing PC1 values along the culture time (Fig. 2a). The 
sample group S41–S63 (growth phase V), associated with 
a high activity-specific production (282.4 U mg−1), is also 
grouped in a defined score plot region (Fig.  2a; Table  1). 
The cluster defined by (S64–S65; 31:00–35:00 h) (growth 
phase VI) represents the stationary phase of growth, char-
acterized by high biomass and cyprosin activity (high PC2 
value). The following patterns of samples’ clustering were 
also observed: cells preferentially up taking glucose are 
positioned in the score plot quadrant with PC1 <0 and PC2 
<0; while cells up taking other carbon source are presented 
at the quadrant with PC1 >0; samples with a low enzymatic 
activity are positioned in the score plot with PC2 <0, while 
cells characterized by high activity are localized in the 
quadrant with PC2 >0.

The PC1 and PC2 loading vectors represent the MIR 
spectral regions that mostly contributed to the relations 
between the original variables and the new PC variables 
(Fig. 2b). A high loading value (positive or negative) cor-
responds to a high contribution of the spectral region to the 
respective PC, while a loading value close to zero corre-
sponds to a low contribution. The main absorbance regions 
of the MIR spectra represent the fundamental vibration 
modes of molecules, mainly from bond stretching and bond 
deformations. Other minor vibrational modes are twist-
ing, wagging, rocking, and scissoring motions [33, 34]. 
The regions showed high contribution on the PCA were: 
between 3000 and 2830 cm−1, particularly at wavenumbers 
~2937, 2912, 2864, and 2842 cm−1 that are dominated by 
the absorption modes of aliphatic chains (mainly from fatty 
acids and phospholipids), and in particular by asymmetric 
stretching at ~2960 and 2920 cm−1 and symmetric stretch-
ing at ~2864 and 2842  cm−1 of CH3 and CH2 groups, 
respectively. This high contribution most probably reflects 
the cell membrane relevance to metabolic exchanges 
between the host cell and its environment along diverse 
carbon-source uptakes and metabolites secretions. The rel-
evance of this spectral region on the cell dynamic metabo-
lism was, for example, observed in cells presenting high 
specific growth rate as the one associated with carcinogenic 
processes [35]. The fingerprint region (between 1500 and 
500  cm−1), reflecting a variety of overlapped vibrations Ta
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due to proteins, glicids, lipids, and nucleic acids also con-
tributed to PC1 and PC2. Interestingly, the region around 
1740 cm−1 (that includes, for example, C=O vibrations of 
ester bonds on phospholipids esters) shows a high contri-
bution for PC1, probably reflecting the capturing of PC1 
of the C-source consumption, whereas the regions which 
are characteristic of amide I (~1655  cm−1) and amide II 
(~1545 cm−1) of proteins mostly contributed for PC2, most 
probably reflecting the caption of the cyprosin production 
behavior by PC2, as previously pointed.

The second derivative of the MIR spectra was also 
investigated, as it enables better definition of the peak 
bands while minimizing the effect of baseline drifts and the 
effect of the biomass when comparing different spectra in 
relation to non-derivative spectra. For simplicity of analy-
sis, Fig. 3 represents spectral second derivative from criti-
cal samples related to defined growth phases, as resumed 

in Table  1. The spectral replicates, also represented in 
Fig.  3, appear superimposed, highlighting again the tech-
nique reproducibility to acquire in a high sensitive mode 
the molecular fingerprint of the yeast cell along the culture. 
Samples at the final growth phases (Phases V and VI), rep-
resented by continuous lines and present distinct second 
derivative spectra in relation to samples from early growth 
phases (Fig.  3a–c). The three main regions, where differ-
ent second derivative values were observed along the yeast 
culture, were the same as identified by the PCA loadings: 
the region between 3000 and 2830  cm−1, reflecting X–H 
(where X may be N, O, or C) vibrations, and particularly 
that included the absorption modes of aliphatic chains; the 
region between 1800 and 1500 cm−1, reflecting stretching 
vibrations of double bonds (e.g., C=O, C=C, and C=N), 
where the 1749  cm−1 band results from –CH2–CCOR 
vibrations from phospholipids esters mostly from DNA 

Fig. 2   PCA of first derivative 
MIR spectra acquired along 
the culture of recombinant S. 
cerevisiae: a-PC1 versus PC2 
score plot; continuous line rep-
resented the six different growth 
phases, as described in Table 1; 
dashed line represents the outli-
ers data. b Loading vectors of 
PC1 (grey continuous line) and 
PC2 (black continuous line)
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Fig. 3   Second derivative MIR 
spectra along the different 
growth phases of S. cerevi-
siae culture, as represented in 
Table 1. Growth phase I—grey 
thin-dashed line; growth phase 
II—grey medium-dashed line; 
growth phase III—grey thick-
dashed line; growth phase 
IV—black thin continuous line; 
growth phase V—black medium 
continuous line; growth phase 
VI—black thick continuous line
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and RNA molecules [14, 36]; a large contribution of bands 
1658 cm−1 (from amide I vibrations) and 1550 cm−1 (from 
amide II vibrations) and the fingerprint region between 
1500 and 500 cm−1 [33]. From the fingerprint region, the 
following peaks contributing to the PC1 and PC2 showed 
differences in the second derivative spectra along the cul-
ture: 1247, 1159, 1080, and 1045 cm−1 (Figs. 2b, 3c). The 
absorbances at 1085 and 1240 cm−1 are attributed to PO2

− 
symmetric and asymmetric stretching vibrations of phos-
phodiesters, respectively, presented in nucleic acids, phos-
pholipids, and phosphorylated proteins. The absorbances 
at 1159  cm−1 have been attributed to carbonyl vibrations 
due to RNA ribose, while 1045 cm−1 has been attributed to 
both DNA and RNA molecules [33].

PLS regression models to predict critical bioprocess 
variables

The most usual application of MIR spectroscopy for mon-
itoring recombinant cultures is the estimation of all criti-
cal variables by PLS regression [37]. In the present work, 
several PLS models were built to predict the critical vari-
ables of the cyprosin bioprocess, based on the combination 
of preprocessing techniques and specific spectral regions 
providing the best predictive ability as follows: the whole 
spectral region (between 400 and 4000 cm−1) was divided 
into ten equal sub-regions, and the best combination of 
spectral regions and preprocessing techniques (baseline 
correction by offset or strait line subtraction, min–max nor-
malization, multiplicative scatter correction, and first and 
second spectral derivatives) providing the best predictive 
model performance was chosen. The best PLS model was 
selected regarding a high regression coefficient (R2), a low 
root mean square error of prediction (RMSEP) (or a low 
RMSECV), and a low number of latent variables (LVs) but 
covering enough data variance (always higher than 90%). 
For all the bioprocess critical variables, except for glucose, 
the RMSEP was based on an independent test validation 

data set due to the larger number of samples available. For 
glucose, an RMSECV was determined, as few samples 
were available. In general, good PLS models to predict all 
critical variables of the cyprosin bioprocess were obtained, 
yielding high predictability, a high R2 (≥0.93), and low 
errors of prediction (≤7.2%).

The PLS regression model to predict the cyprosin activ-
ity from the MIR spectra was built using samples randomly 
selected throughout the culture. It is relevant to highlight 
that, and as pointed before, the yeast cell presented along 
the culture highly different metabolic states (Fig.  1) that 
resulted in a wide range of cyprosin production per bio-
mass (between 0 and 283  U  mg−1  dcw, Fig.  1d) and a 
wide range of cyprosin specific activities (between 0 and 
10,000 U mg−1 protein, Fig. 1a). The use of this high diver-
sity of samples on PLS model building disrupted relation-
ships between cyprosin production and biomass growth and 
cyprosin production and total protein production that con-
sequently resulted in PLS model that specifically predicts 
cyprosin. Furthermore, the PLS model was also validated 
using samples that were not used for model building and 
that were randomly selected along the culture and conse-
quently also presented a wide range of cyprosin activity per 
biomass and specific cyprosin activity.

The best PLS model to predict cyprosin activity was 
achieved using as preprocessing min–max normaliza-
tion method and the spectral region between 1550 and 
1197  cm−1 (Table  2). For PLS models, using, e.g., this 
wavelength and preprocessing, it was observed, as expected, 
that as the number of LV increases the R2 increases and the 
RMSEP decreases (Fig. 4a), being selected as the best PLS 
model the one using 8 LV that resulted in a model with R2 
of 0.98 and an RMSEP of 87 U ml−1 equivalent to 3.9% 
error. Figure 4b represents the validation of the best model 
based on 8  LV, using an independent data set of samples 
randomly selected along the culture that consequently pre-
sented a wide range of cyprosin activity per biomass and 
specific cyprosin activity. 

Table 2   Best PLS models obtained for predicting the bioprocess variables

LV latent variables, Min–max normalization minimum–maximum normalization, MSC multiplicative scattering correction, NSDP no spectral 
data processing, RMSEP root mean square error of prediction, RMSECV root mean square error of cross validation

Variable R2 RMSEP Percentage of error (%) LV Preprocessing Spectral region used (cm−1)

Biomass 0.99 0.34 g dcw l−1 2.8 8 NSD processing 2948–2248; 1199–499

Cyprosin activity 0.98 87 U ml−1 3.9 8 Min–max normalization 1550–1197

Glucose 0.93 0.68 g l−1 7.2 6 Constant offset elimination 3998–3647; 3299–2946; 2248–1548; 
850–499

Galactose 0.97 0.39 g l−1 4.6 8 2nd derivative 3299–2248; 1899–848

Ethanol 0.97 1.17 g l−1 5.3 9 1st derivative 3998–3647; 2948–2598; 2248–1897; 
1550–848

Acetate 0.95 0.07 g l−1 7.0 1 Straight line subtraction 3998–3647; 3299–2597; 1899–1198
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Fig. 4   PLS regression model to 
predict cyprosin activity from 
the MIR spectra. a Relation-
ships between the number of 
latent variables and regression 
coefficient (triangles) and root 
mean square error of predic-
tion (RMSEP) (squares) for 
PLS models based on min–max 
normalization and the spec-
tral region between 1550 and 
1197 cm−1; b Prediction of 
cyprosin activity in relation 
to cyprosin activity measured 
by an enzymatic conventional 
assay and using the PLS model 
represented in a with eight 
latent variables; c Regression 
vector for the best PLS model 
using eight latent variables, 
preprocessing of min–max 
normalization and the spec-
tral region between 1550 and 
1197 cm−1
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The best PLS model to predict cyprosin activity used 
the spectral region between 1550 and 1197 cm−1 that con-
tains the amide II region (at 1550 cm−1) and the fingerprint 
region (between 1500 and 1197 cm−1) that reflects the con-
tribution of a variety of overlapped vibrations. The use for 
the PLS model of cyprosin activity of one of several amide 
bands and the fingerprint region reflects the relevance of 
the cell general metabolic status to predict cyprosin activity 
(Fig. 4c).

The best PLS model for biomass showed a high 
predictive capability (R2  =  0.99) and a low RMSEP 
(0.34 g dcw l−1), which corresponds to an error as percent-
age of 2.8%, considering the biomass concentration range 
used for model calibration (Table 2). The model was based 
on the spectral regions 2948–2248 and 1199–499 cm−1 that 
represent vibrations of a high diversity of chemical func-
tional groups.

Glucose represents another critical variable relevant to 
control and minimize the overflow metabolism and, con-
sequently, the ethanol production. The best PLS model for 
glucose was characterized by R2 of 0.93 and the highest 
RMSECV (7.2%), which may be due to data limitation, as 
glucose was taken by the cells very sharply and in a short-
time period. During the cultivation, the galactose, which 
is a strong inducer for recombinant cyprosin biosynthesis, 
was slowly consumed. The best PLS regression model for 
the galactose was characterized by a high R2 (0.97) and a 
low RMSEP (0.39  g  l−1), representing an error of 4.6%. 
Ethanol is another critical variable, whose production 
results from a less efficient energetic metabolism and its 
accumulation in the broth may also inhibit the yeast growth 
and cyprosin production. The best PLS regression model 
for ethanol yielded a high R2 (0.97) and a low RMSEP 
(1.17 g  l−1), corresponding to an error of 5.3% (Table 2). 
The best acetate PLS model was characterized by R2 of 
0.95 and an RMSEP of 0.07 g l−1.

It should be noted that MIR spectra were acquired from 
dehydrated cell pellets and, consequently, the extracel-
lular cyprosin activity, glucose, and acetate predictions 
from the spectra were only possible due to the correlations 
between the cell general metabolism and the concentra-
tion of these compounds in the extracellular medium. The 
PLS models obtained were built based on some similar 
spectral regions, but also different combinations of spec-
tral regions, pointing out the specificity of each model. In 
spite of the cellular metabolic variations along the process, 
as highlighted by PCA, which could negatively affect the 
model, accurate PLS models were obtained. In general, by 
high-throughput MIR spectroscopic analysis, it was pos-
sible to obtain PLS models with similar predictabilities 
to the ones developed based on in situ NIR analysis [13], 
with exception for the glucose model which a slightly bet-
ter model with the NIR setup was obtained (R2 =  0.97; 

RMSEP  =  0.41  g  l−1) in relation to the MIR setup 
(R2 = 0.93; RMSEP = 0.97 g l−1).

Conclusion

The development of monitoring techniques for cyprosin 
bioprocess production in S. cerevisiae that are simultane-
ously sensitive, economic, rapid, and simple to apply is 
highly relevant towards a better cyprosin process optimi-
zation and control. MIR spectroscopy offers all the above 
capabilities plus by the possibility of acquiring spectra in 
high-throughput mode, which makes possible the devel-
opment of such high-standard bioprocess monitoring tool. 
This work presents MIR spectroscopy combined with mul-
tivariate data analysis as a valuable tool for accurately pre-
dicting the critical variables involved in the cyprosin pro-
duction, as well as for extracting metabolic information 
from the host cell that will significantly increase the knowl-
edge on the bioprocess.
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