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Abstract

Raman spectroscopy is widely used in monitoring and controlling cell cultivations

for biopharmaceutical drug manufacturing. However, its implementation for culture

monitoring in the cell line development stage has received little attention. Therefore,

the impact of clonal differences, such as productivity and growth, on the prediction

accuracy and transferability of Raman calibration models is not yet well described.

Raman OPLS models were developed for predicting titer, glucose and lactate using

eleven CHO clones from a single cell line. These clones exhibited diverse productiv-

ity and growth rates. The calibration models were evaluated for clone-related biases

using clone-wise linear regression analysis on cross validated predictions. The results

revealed that clonal differences did not affect the prediction of glucose and lactate, but

titer models showed a significant clone-related bias, which remained even after apply-

ing variable selection methods. The bias was associated with clonal productivity and

lead to increased prediction errors when titer models were transferred to cultivations

with productivity levels outside the range of their training data. The findings demon-

strate the feasibility of Raman-based monitoring of glucose and lactate in cell line

development with high accuracy. However, accurate titer prediction requires careful

consideration of clonal characteristics duringmodel development.
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1 INTRODUCTION

The global market size of monoclonal antibodies (mAbs) is projected

to attain a value of USD 500 billion by the year 2030, exhibiting

an estimated compound annual growth rate of 11.3% from 2022 to

2030.[1] The most popular representative mAbs are Immunoglobin G

(IgG) antibodies, which are highly specific glycoproteins employed as

therapeutics for a variety of conditions. Therapeutic protein manufac-

turing involves a set of complex biological processes, typically involving
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cultivating genetically modified mammalian cell lines, such as Chinese

hamster ovary (CHO) cells.

Traditionally, the bioprocess has been monitored and controlled

through regular manual sampling and off-line measurements of vari-

ous critical process parameters (CPPs) and critical quality attributes

(CQAs). Driven originally by the FDA’s process analytical technologies

(PAT) initiative in 2004,[2] the biopharmaceutical industry has been

continuously striving for the incorporation of PAT tools, such as Raman

andNIR spectroscopy, for inline or online process control.

The implementation of Raman spectroscopy for real-time, non-

invasive monitoring of various cell culture parameters has been

demonstrated in several studies.[3–5] More recently, Raman mea-

surements with feedback control loops were utilized to maintain

glucose and lactate concentrations inCHOcell cultivations at specified

levels.[6,7] Typically, CPPs like glucose, lactate, glutamine, glutamate,

viable cell density (VCD) and total cell density (TCD), CQAs like glyca-

tion and glycosylation and other key performance indicators like titer

aremeasured.[8,9]

However, Raman-based monitoring of such parameters requires

reliable and accurate calibration models. These are necessary to con-

vert the Raman spectra into quantitative measurements of the analyte

of interest and are typically developed using multivariate statistical

methods. To increasemodel specificity and thereby the prediction per-

formance, variable selection methods, such as variable importance on

projections (VIP) or selectivity ratio (SR), are frequently employed.[3]

The development of accurate and sustainable calibration mod-

els over time is challenging. The procedure requires multiple cell

cultivations to be executed under varying conditions to cover all rele-

vant process variabilities. This renders calibration model development

being costly and time-consuming. Therefore, the biopharmaceutical

industry is shifting to small-scale, multi-parallel automated bioreac-

tor platforms, such as the Ambr® system, for process development.

This approach directly reduces the associated costs, accelerates cal-

ibration model development and increases the data availability by

facilitating experiment execution within the Design of Experiments

(DoE) methodology.[10,11] It has been shown that calibration models

built on small scales can retain high prediction accuracieswhen applied

for monitoring in larger scale bioreactors.[12–14] For some analytes

however, incorporating data from large-scale batches into the small-

scale model was necessary to achieve accurate predictions, resulting

in so called generic calibrationmodels.[12]

The generic approach has become prevalent in addressing the chal-

lenges of transferring models from one process modality to another.

These models typically incorporate cultivation data from various pro-

cessmodalities likedifferent process scales, cell lines and/or cultivation

modes, and often leverage historical data along with new data specific

to the given target process. Thereby, the generic approach effectively

reduces the number of required newexperiments for calibrationmodel

development and lowers the associated costs and time efforts.

Apart from scale transfer, transferability of generic calibrationmod-

els between different cell line platforms has been demonstrated, for

example byAndré et al.[15] Initially, the calibrationmodel built onCHO,

HeLa, and Sf9 cultivation data showed large errors for predictions of

glucose and lactate concentration in HEK-293 cultivation. However,

the prediction errors were significantly reduced by incorporating even

a single batch of HEK-293 cultivation data into the calibration model

(representing 2.75%of the total sample size). This result demonstrated

that Raman calibration models were transferable between diverse cell

line platforms with low additional experimental effort as compared to

creating a new calibrationmodel for each specific cell line platform.

For the biopharmaceutical industry, the seamless transfer of cali-

bration models to new cell lines of an established platform process

would be highly beneficial as it could significantly accelerate cell line,

process, and calibration model development. There exist several stud-

ies in the literature that evaluate calibration model transfer based

on specific platform processes, regardless of the cell line.[13,16,17] For

instance, Webster et al. demonstrated successful calibration transfer

betweencell linesof theCHOK1SVGS-KOplatform for genericmodels

predicting glucose, lactate, ammonium, VCD, and TCD.[16]

The presented studies demonstrate a comprehensive understand-

ing of calibration model transfer between different cell line platforms

and different cell lines of a specific platform process, while the trans-

ferability to CHO cultivations of a specific cell line with varying clonal

characteristics is not yet well understood. This knowledge, however, is

crucial to assess the applicability of Raman-based monitoring in early

drug development stages like cell line development and final clone

selection. These are typically characterized by large clonal variations,

that is, differences in clonal characteristics suchasproductivity, growth

rates, andmetabolism.

The implementation of Raman-based monitoring in the cell line

development presents the opportunity to acquire initial Raman data

that can later be utilized to develop calibration models for the man-

ufacturing stage. Thereby calibration model development could be

streamlined, and future experimental efforts reduced. It also provides

the increased real-time data for multiple cell culture parameters that

can support researchers in gaining better understanding of how cells

are behaving and responding to changes in the environment and how

these changes might impact growth and productivity. This can lead to

more informed choices in terms of media formulation, feeding strate-

gies, and culture conditions. Further, Raman spectroscopy enables

early detection of issues or deviations in the cell culture, which helps

in identifying problems before they become critical. Quick identifica-

tion and resolution of issues can significantly reduce the time required

for cell line development and therefore accelerate the development of

new cell lines and get products tomarket more rapidly.

A critical component of the required assessment is to understand

the potential impact of clonal variations on the development of Raman

calibration models and their transferability. Despite the availability of

literature, it remains challenging to accurately evaluate these poten-

tial influences, as the described models are typically constructed

using data from diverse cell lines, multiple products, and process

conditions,[18] or use only a limited number of clones of a specific cell

line.[13,18]

To bridge this knowledge gap, we cultivated twelve CHO clones

from a single cell line that produced the same IgG antibody but var-

ied in their productivity and growth characteristics. Using this data, we
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developed generic Raman calibration models with a focus on titer, glu-

cose, and lactate. We then evaluated these calibration models regard-

ing their dependence on clonal characteristics and transferability to

bioprocesses from different CHO clones.

2 EXPERIMENTAL SECTION

2.1 Experimental setup

We performed the experiment in an automated fashion using

the Ambr® 250 High Throughput system (Sartorius, Germany)

equipped with the Ambr® Analysis Module (Sartorius, Germany),

the BioPAT® Spectro (Sartorius, Germany) and the HyperFlux™ PRO

spectrometer (TornadoSpectral Systems,Canada) forRamanmeasure-

ments (Figure S1). The BioProfile® FLEX2 device (Nova Biomedical

Corporation, USA) was directly connected to the Ambr® Analy-

sis Module for automated measurement of cell culture parameters.

We used the Octet® R8 system (Sartorius, Germany) for off-line titer

measurements.

2.2 Cell cultivations

To study the influence of clonal characteristics on Raman calibration

models, we performed fed-batch cultivations with a mAb expressing

CHO-DG44 cell line (Sartorius, Germany). Twelve cellular clones (one

triplicate: clones 1, 6, and 12), which produced the same IgG antibody

but differed in their specific productivity and growth rates, were used.

The cultivation of clone 2 was contaminated and terminated early in

the process, leading to exclusion of the data from all further analysis.

Weexpandedand cultured the cells in a proprietary, chemically defined

medium (Sartorius, Germany). We inoculated the Ambr® bioreactors

to a target viable cell density of 0.3 × 106 cells mL−1, operating each

cultivation at 36.8◦Cwith40%dissolvedoxygen saturation for14days.

The pH was maintained at a setpoint of 7.1 (± 0.1) controlled by CO2

sparging and NaCO3 base addition. We performed volume adjusted

bolus feed starting on cultivation day 3 following the standard applica-

tions implemented at Sartorius. Additionally, if the measured glucose

concentration was less than 4 g L−1, a daily glucose bolus (400 g L−1

glucose stock solution) was performed starting on cultivation day 5. To

prevent foam formation, we manually added 30 μL antifoam solution

(Sigma antifoamC 2%) daily.

2.3 Raman and reference data acquisition

We recorded the Raman spectra with the HyperFlux™ PRO Raman

spectrometer (785 nm laser, 495 mW) (Tornado Spectral Systems,

Canada) within the BioPAT® Spectro measurement chamber (Sar-

torius, Germany). For each sample, we measured five spectra, each

consisting of 80 acquisitions with 750 ms acquisition time. We per-

formed a dark scan before each sample measurement to mitigate

the impact of potential variations of ambient light straying into the

shieldedmeasurement chamber. For each bioreactor, wemeasured the

respective Raman spectra once per day. The samples were automati-

cally taken by the liquid handler and transferred from the bioreactor

to the Ambr® Analysis Module sampling cup and a separate vial

for off-line titer measurements. From the sampling cup, the sam-

ples were pumped through the flow cell of the BioPAT® Spectro and

BioProfile® FLEX2 device for Raman and cell cultivation parameter

measurements, respectively.

2.4 Calibration model development

Weaveraged the five Raman spectra taken for each sample to increase

the signal-to-noise ratio. Before analysis, we discarded ∼8% of all

Raman spectra due to low signal intensities (empty measuring cell)

and further∼20% of the spectra (primarily from the death phase of

the cultivations) because of detector saturation caused by strong

fluorescence.

For the model building and analysis, we imported the time-matched

reference values and spectral data into SIMCA® version 17.0 (Sar-

torius, Germany). We corrected the background of each spectrum

through asymmetric least squares smoothing[19] (AsLS) baseline cor-

rection (p = 0.05, λ = 107). Following background correction, we

normalized each spectrum to the integral of the water band around

1650 cm−1, which helps to account for potential variability in optical

sampling volume caused by variations in cell density across the sam-

ples. The raw and preprocessed Raman spectra are provided in Figures

S2 and S3.

Using principal component analysis (PCA), we studied the vari-

ability within the spectral data. We used orthogonal projection to

latent structures[20] (OPLS) regression for calibration modeling. OPLS

removes systematic variance from the X-block that is not correlated

to the Y-response leading to separation into orthogonal and predictive

components. The predictive loading is used to describe the correlation

between the (preprocessed) X-block and the Y-variable. OPLS models

exhibit increased interpretability as compared to classical projection to

latent structures[21] (PLS) models.

We built separate (single-Y) OPLS model for each analyte using the

scaled reference values (unit variance) as Y-response. For each and

every one of the models, we used the mean-centered variables of the

Raman spectra as the X-block. In this way, we built initial calibration

models over theRaman shift rangeof 450–1800cm−1 for titer, glucose,

and lactate. We modified the initial titer model later based on the out-

comeof variable selectionmethods, as described in section2.7Variable

selectionmethods.

We validated all calibration models internally using leave-one-

group-out cross validation, with each clone assigned to a unique cross

validation group (e.g., 12 clones result in 12 groups, with one clone per

group). To quantify the average error of the models, we employed the

root mean square error of estimation (RMSEE) and root mean square

error of cross validation (RMSECV) metrics given as

RMSEE =

√∑ (yactual− ycal)
2

N
, (1)
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RMSECV =

√∑ (yactual− ypredCV)
2

N
(2)

with the measured values yactual, the predicted values of the model

ycal or the predicted values from the internal cross validation ypredCV
and the total number of predictions N. Accurate models are charac-

terized by low RMSEE and RMSECV values, while a RMSEE/RMSECV

ratio of one is considered ideal. Ratios below one indicate overfitting

and, specific to our experiment, hint toward a clone-related bias within

the calibration model. Further, we have calculated the relative RMSEs

in % by dividing the RMSE values by the respective mean measured

concentrations (andmultiplying with factor 100).

2.5 Clone-related bias analysis

We analyzed the initial calibration models for clone-related bias based

on a cross validation procedure. We assigned unique cross validation

groups for each clonewithin amodel.During each cross-validation iter-

ation, data from a single clone was excluded from the model building.

The reference values of this specific clone were subsequently pre-

dicted by themodel, which was built only using the remaining clones.

For each clone, we conducted a linear regression analysis on the

obtained observed versus predicted plots. We compared the resulting

linear regression slopes across all clones. In an ideal scenario, for each

clone a slope of one (and intercept of zero) would be obtained from

the analysis, implying accurate predictions. Differences in slopes and

intercepts between the clones, however, hint towards clone-related

bias within the calibration models. The initial titer model showed indi-

cations of clone-related bias. Therefore, we applied various variable

selection methods to select spectral regions within the Raman spec-

tra for model building. Further, we analyzed the resulting models for

clone-related bias employing the same methodology as for the initial

calibrationmodels.

2.6 Productivity dependency of titer calibration
models

The clone-related bias analysis indicated influence of clonal productiv-

ity on the titer calibration models. To assess this effect and its severity,

wegrouped the clones according to the final titer values reachedon the

last day of the experiment (Table S1). We considered clones with titer

values below 2.5 g L−1 as low-producing clones (clones 3, 5, 7, 10, 11,

and 12) and clones above this threshold as high-producing ones (clones

4, 8, and 9). No classification was made for clones with missing titer

values on the final day of the experiment (clones 1, 2, and 6).

According to this grouping, we constructed high-producer and low-

producer titer models. We applied the variable selections to the initial

titer model and used the selected X-block variables for the high-

producer aswell as the low-producermodels. In thisway, we facilitated

the comparison of the models obtained after variable selection to the

respective high- and low-producer models based on the Raman shift

range of 450–1800 cm−1. We then used the high-producer models to

predict the titer values of the low-producing clones and vice versa.

This required the models to predict titer values of clones with produc-

tivity levels outside the range of their respective training data, which

represents a worst-case scenario (e.g., model extrapolation). We eval-

uated the prediction accuracies based on the Root Mean Square Error

of Prediction (RMSEP) given as

RMSEP =

√∑ (yactual− ypredPS)
2

N
(3)

with themeasured values yactual, the predicted values of the prediction

set (PS) ypredPS and the total number of predictionsN.

2.7 Variable selection methods

Both PLS and OPLS methods cannot set the loadings of uncorrelated,

non-informative X-block variables to zero (e.g., excluding specific vari-

ables completely). Such X-block variables may negatively impact the

model performance by inflating the prediction error. To circumvent this

issue, multivariate statistical models are frequently used in combina-

tion with variable selection methods to determine the most relevant

X-block variables. This approach has been shown to increase model

specificity and performance by removing spectral regions not relevant

to the analyte of interest.3

In this study, we employed the established VIP and SRmethods and

the novel Importance ratio (IR) [22] variable selectionmethod.We eval-

uated whether these methods could reduce the clone-related bias of

the initial titer model. We refer to the resulting models as VIP titer

model, SR titer model, and IR titer model, indicating which specific

methodwas used for variable selection.

2.7.1 Variable importance on projections variable
selection (VIP)

The VIP method quantifies the impact of individual X-block variables

on PLS[23] and OPLS[24] models. For OPLS, VIP vectors for the predic-

tive components, the orthogonal components, and the total sum of the

predictive andorthogonal parts (VIPtotal) are available. In this study, the

VIPtotal scoreswere used, which for each X-block variable i are given as

VIPtotal,i=

√√√√√√√√√√
K
2

⎛⎜⎜⎜⎜⎝

[∑Ao
ao = 1

(p
2
ao
⋅ SSXcomp,ao )

]
SSXcum

+

[∑Ap
ap= 1

(p
2
ap
⋅ SSXcomp,ap )

]
SSXcum

+[∑Ao
ao = 1

(p
2
ao
⋅ SSYcomp,ao )

]
SSYcum

+

[∑Ap
ap = 1

(p
2
ap
⋅ SSYcomp,ap )

]
SSYcum

⎞⎟⎟⎟⎟⎠
(4)

with the indices ao and ap denoting orthogonal or predictive compo-

nents respectively. Analogously,Ao andAp describe the total number of

orthogonal and predictive components respectively. paoand papdenote

the normalized orthogonal and predictive loadings of the indicated

component respectively. Likewise, SSXcomp and SSYcomp denote the

explained sum of squares of the indicated orthogonal or predictive

component in the X- and Y-space respectively. K indicates the total

number of variables and SSXcum and SSYcum the cumulative explained
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sum of squares by all model components in the X- and Y-space

respectively.

Typically, variables with VIP scores greater than one are selected

for retention, while all other variables are discarded. In this study, we

adopted this threshold for the sake of comparability to typical VIP

method implementations.[3,25]

2.7.2 Selectivity ratio variable selection (SR)

The SR method[26] evaluates the relative contribution of each X-block

variable to the explained and residual variance in the target projection

(TP) component. The selectivity ratio SRI of the i th variable is calcu-

lated as the ratio of the explained variance SSi, explained to the residual

variance SSi, residual, given as

SRi=
SSi, explained
SSi, residual

(5)

The explained and residual variances of the i th variable are calcu-

lated as

SSi, explained= ||tTPpTP,iT||2 (6)

SSi, residual= ||e TP,i||2 (7)

with the scores tTP, loadings pTP, i and residuals e TP,i of the target

projection.

A commonly used approach to determine the threshold between

high and low discriminating variables is to conduct an F-test. The

calculated F value, Fcalc, must exceed the critical value Fcrit for the F dis-

tribution to reject the null hypothesis of equal explained and residual

variances. Fcalc is given as

Fcalc= SRi > Fcrit= F( ∝ , N − 2, N − 3) (8)

with the significance level ∝ and sample size N. The degrees of free-

dom for the explained variance is equal to N-2, it is equal to N-3 for

the residual variance. In this study, we employed a significance level

of 95% (∝ = 0.95) to enhance comparability to typical SR method

implementations.[3,25]

2.7.3 Importance ratio variable selection (IR)

We used the IR method[22] to identify the most relevant Raman spec-

tral regions for the calibrationmodels. The importance ratioRi for each

variable i is given as

Ri=
|pi|

pSECV,i
(9)

with the predictive loading pi and the jackknife standard error of cross

validationpSECV,i. In general, thehigher the computedRi valueof a vari-

able, themore relevant the variable is deemed for the prediction of the

Y-response. X-block variables, which are strongly correlated to the Y-

response, are characterized by large absolute predictive loadings. The

jackknife standard error of cross validation is a measure of confidence

in the computed predictive loadings value of each variable. Therefore,

a high value of Ri implies that the variable has a strong correlation to

the Y-response (large absolute predictive loadings) or high confidence

in the predictive loading (small jackknife standard errors). On the con-

trary, a low value of Ri suggests a weak correlation to the Y-response

(small absolute predictive loading) or low confidence in the predictive

loading (large jackknife standard error). As cross validation is utilized

for the confidence estimation, the IRmethod can be tuned according to

the general cross validation setup. Variables with varying correlation

structures across cross validation groups may result in high jackknife

standard errors, allowing for variable selection (and exclusion) based

on group-to-group variations.

We implemented the IR method as an iterative procedure. In each

iteration, the R value of each variable in the current OPLS model is

calculated and N variables with the lowest IR value are excluded from

the X-block (Figure S4). A new OPLS model with the same number of

latent variables as the starting model is then fitted and the process is

repeated until no variables remain in the X-block. The final model is

selected based on the highest Q2 value.

In this study, we applied the IR method to the initial titer model,

which used the Raman shift range from 450–1800 cm−1 as X-block

variables (one variable per wavenumber). We set the method to

exclude 25 variables per iteration (N = 25) and assigning unique cross

validation groups to each clone (leave-one-group-out) throughout the

procedure.

3 RESULTS AND DISCUSSION

3.1 Spectral data analysis

Wedeveloped aPCAmodel to analyze the variabilitywithin theRaman

spectra acquired during the 14-day lasting cultivation processes. The

first, second, third, and fourth principal components captured 72%,

13%, 7%, and 4% of the spectral variation, respectively. We found that

the variability within the trajectories of triplicate clones 1, 6, and 12

was considerably smaller than the spread among all the other clones

(Figure S5).

The scores plot identified clusters within the spectral dataset that

are primarily associatedwith the processmaturity (Figure S6 and load-

ings plot in Figure S7). Tight clustering was observed in the initial stage

of the cultivations (days 0–3), which indicates high spectral similarity

between the clones. This implied minor impact of clonal variations on

the Raman spectra in the early stage of the cultivations.

The clusters expanded considerably with the maturity of the pro-

cess. The increasing spectral variation must be associated with the

clonal differences and their effects, as the process conditions, such as

pH, dissolved oxygen, feeding, and seeding strategy, were equal and

strictly controlled for all cultivations.We expected an influence of pro-

ductivity and growth rates on the Raman spectra due to their direct
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F IGURE 1 Daily profiles for (A) titer, (B) glucose, (C) lactate, and (D) TCD colored according to clones; for all plots high-producing clones are
colored in green shades and low-producing clones in red/violet shades.

effects on the chemical composition within the cultivation. The impact

of clonal productivity on Raman spectra of cell cultivations has been

noted in the literature before.[13]

Despite increasing spectral variance during the cultivation pro-

cesses, the scores plot showed similar process trajectories for all

clones. This result gave a first indication for the feasibility of trans-

ferring calibration models between different clones of a specific cell

line.

3.2 Reference data analysis

The daily profiles, as depicted in Figure 1, visualize the impact of dif-

ferences between clones on the performed cultivations. Generally, all

clones showed similar trends for titer, glucose, lactate, and TCD. How-

ever, some clones produced titer in higher amounts than others, as

expected due to the design of the experiment. Likewise, the TCD pro-

files showed differences between the clones due to varying growth

rates and peak cell densities. All cultivations reached their peak cell

densities on cultivation days 6 or 7, except clone 10 (day 8). The varying

cell densities further caused slightly different glucose and lactate pro-

files, which could also be attributed to metabolic differences between

the clones. It is noteworthy that clone 4 produced considerably higher

lactate levels during cultivation days 3 to 8 than all other clones.

The correlation matrix was computed to assess the correlation

between different analyte trends (Table S2). Correlation coefficients

between absolute values of 0.7 and 1.0 define strong correlations,

while absolute values between 0.3 and 0.7 indicate moderate cor-

relations, whereas positive values indicate a positive correlation and

negative values an inverse correlation.[27] For the analytes of interest

(titer, glucose, and lactate) strong correlations between glucose and

glutamine and glucose and TCD were found (0.79 and −0.84 respec-

tively). The respective Raman calibration models might lack specificity

to the analyte of interest and therefore be confounded and influ-

enced by correlated analytes. Moderate correlations, such as those

found for titer and lactate, titer and glutamine, titer and glutamate, lac-

tate and glucose, and glucose and glutamate, may as well affect the

respective calibration models. One has to note, that the correlation

coefficients alone can merely provide an indication of potential con-

founding effects. Their severity is further influenced by other factors

such as the intensity of the respective Raman scattering signals.

3.3 Initial calibration model building

The initial calibration models for titer, glucose, and lactate, built on

the Raman shift range from 450–1800 cm−1, showed high prediction

accuracy despite the clonal variations encountered within the dataset

(Figure 2 andTable 1, loadings plots in Figure S8). Specifically, the initial

glucoseand lactatemodels reachedRMSECV valuesof0.17gL
−1 (4.9%)

and 0.13 g L−1 (18.5%), respectively. These results are comparable to a

previous studywith a similar experimental set-up (Ambr® 250HTwith

BioPAT® Spectro and HyperFlux™ PRO spectrometer), achieving com-

parable RMSECV for modeling of glucose and lactate (RMSECV values

of 0.20 g L−1 and 0.23 g L−1, respectively).11

Strong correlations between observed and predicted values were

found for bothmodels (R2CV> 0.97). The initial glucosemodel demon-

strated a high RMSEE/RMSECV ratio of 0.95, implying good model

generalization.

On the contrary, a low ratio of 0.71, indicating overfitting, was

observed for the initial lactate model. Further analysis revealed that

the ratio significantly increased to 0.92 upon exclusion of the two

observations with the highest lactate concentrations, which exhibited

increased prediction errors. Hence, the initial low RMSEE/RMSECV
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MACHLEID ET AL. 7 of 13

F IGURE 2 Observed vs predicted (CV) plots of the initial (A) glucose (126 observations), (B) lactate (137 observations), and (C) titer
(126 observations) calibrationmodels built on the 450–1800 cm−1 Raman shift range. For all plots, high-producing clones are colored in green
shades and low-producing clones in red/violet shades, the identity line is colored in yellow, and the regression line is in dashed black. The
corresponding predictive loadings plots are provided in Figure S7.

TABLE 1 Summary of key parameters for initial calibrationmodels.

Analyte Range (g L−1) LV R2CV RMSEE (g L
−1) RMSECV (g L

−1) RMSECV (%) RMSEE/RMSECV

Glucose 0–6.3 1+3 0.99 0.16 0.17 4.9 0.95

Lactate 0–3.5 1+4 0.97 0.09 0.13 18.5 0.71

Titer 0–5.0 1+4 0.94 0.21 0.29 25.5 0.73

Note: Initial glucose, lactate, and titer models were generated from 126, 137, and 126 observations, respectively. Range states the concentration range cov-

ered by the model. LV indicates the number of predictive and orthogonal components; R2CV denotes the cross validated coefficient of determination of the

measured and predicted values; RMSEE equals the root mean square error of estimation; RMSECV denotes the root mean square error of cross validation.

RMSEE/RMSECV states the ratio between the RMSEE and the RMSECV.

ratio was rather caused by large prediction errors due to model

extrapolation than overfitting. To avoid extensive extrapolation errors,

additional observations with high lactate concentration, preferably

spread across multiple cultivations, should be incorporated in the

model.

The initial titer model demonstrated slightly lower prediction accu-

racy. RMSECV and R2CV values of 0.29 g L−1 (25.5%) and 0.94 were

reached, respectively. Moreover, a low RMSEE/RMSECV ratio of 0.73

was found. The low ratio gives a first indication of model overfit and

hints toward clone-related bias of the initial titer model.

3.4 Clone-related bias analysis of initial
calibration models

We analyzed the initial calibration models for clone-related bias based

on a linear regression analysis, as described in themethods section.

The initial glucose model was not affected by the clonal variations

present in the dataset. All clones showed linear regression slopes

between 0.91 and 1.09 (Table S3), which are close to the ideal value

of one. These were accompanied by a high linearity of prediction

(R2CV > 0.98, Table S3). We expected minor deviations in the slopes

as found for clones 3 and 10, which can be attributed to the mod-

els’ prediction errors stemming from noisy Raman spectra and the

uncertainties of the off-line referencemeasurements.

The analytes previously found to be strongly correlated with glu-

cose, namely glutamine and TCD (see 3.2 Reference data analysis), did

not notably impair the accuracy of the initial glucose model. On one

hand, this could mean that these analytes do not exhibit sufficiently

strong Raman scattering signals as compared to glucose resulting in

negligible confounding effects. On the other hand, the glucose mod-

els might even improve by the correlations, providing that all clones

show highly similar underlying correlation structures in the correlated

analytes.
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8 of 13 MACHLEID ET AL.

The initial lactate model showed no indication of clone-related bias.

The analysis resulted in linear regression slopes between 0.89 and

1.01,with exception of clone 4 (m=1.18, Table S4), and high linearity of

prediction for all clones (R2CV> 0.93, Table S4). The slope deviation of

clone 4 was attributed to the large prediction errors found for the two

observations with the highest lactate levels across all cultivations and

are explained bymodel extrapolation.

The clone-related bias analysis performed on the initial titer model

revealed strong deviations from the ideal slope with values ranging

from 0.71 to 1.20 (Table S5) with overall high linearity of prediction

for all clones (R2CV > 0.92). This implies systematic prediction errors,

which indicate a strong clone-related bias of the model. Further anal-

ysis revealed a strong trend between the linear regression slopes and

clonal productivity. Specifically, high-producing clones exhibited slopes

greater than 1.12, while low-producing clones demonstrated slopes

below 0.87. The only exception from this trend was low-producing

clone 10 with a slope closer to high-producing than to low-producing

clones (m= 1.06).

It is noteworthy that the TCD profiles (Figure 1) showed a distinct

separation of the clones into high and low cell densities after day 9.

These groups correspondwellwith theestablishedproductivity groups

except for clone 10, whose TCD during that timeframe was closer

to high-producing than to low-producing clones. This agrees with the

results of the clone-related bias analysis, which showed the slope of

clone 10 being closer to high-producing than to low-producing clones

and suggests a relation between suspended cells and the found bias.

The most influential data points for the titer model development were

collected toward the end of the cultivations (highest titer values due to

accumulation of the protein in the bioreactor). This coincides with the

TCD profile separation into groups of high and low cell densities and

might contribute to the observed effect. The initial glucose and lactate

models were not affected by these variations in cell densities to such

an extent, which might be due to the most relevant samples (highest

concentrations) of thesemodels being collected in the beginning of the

cultivations.

The clone-related bias analysis revealed that the clonal variations

present in the dataset did not affect the initial glucose and lactatemod-

els. Highly accurate predictions were demonstrated regardless of the

specific clone. Therefore, we state that these models are transferable

between clones of a specific cell line, evenwhen these exhibit different

clonal characteristics.

For the initial titer model, however, the analysis revealed a strong

clone-related bias. This highlights the need for taking clonal vari-

ations into consideration when developing calibration models for

prediction of titer. Failure to account for clonal characteristics that

fall outside the range captured by the calibration model will result

in increased predictions errors (as discussed later). This presents

a significant challenge for the use of titer Raman calibration mod-

els in environments of high clonal variations like cell line develop-

ment. Furthermore, higher-scale cultivations usually exhibit larger cell

counts and productivity than cultivations in miniature bioreactors,

which could be limiting the scale-transferability of titer calibration

models.

TABLE 2 Summary of key parameters for initial, IR, VIP, and SR
titer models with 1+4 latent variables and 126 observations for each
model.

Initial VIP SR IR

R2CV 0.94 0.95 0.95 0.96

RMSEE (g L
−1) 0.21 0.23 0.21 0.19

RMSECV (g L
−1) 0.29 0.28 0.29 0.26

RMSECV (%) 25.5 24.6 24.9 22.2

RMSEE/RMSECV 0.73 0.80 0.73 0.76

Note: For each metric, the values of the respective best performing model

are highlighted. R2CV denotes the cross validated coefficient of determi-

nation of the measured and predicted values; RMSEE equals the root mean

square error of estimation; RMSECV denotes the root mean square error of

cross validation. RMSEE/RMSECV states the ratio between the RMSEE and

the RMSECV.

3.5 Titer calibration models after variable
selection

The clone-related bias found for the initial titer model could indicate

a lack of specificity towards the respective IgG antibody. Low speci-

ficity can result in decreased prediction accuracy caused by influences

of correlated analytes. We found moderate correlations between titer

and lactate, titer and glutamine, as well as titer and glutamate, which

could be responsible for confounding effects (see 3.2 Reference data

analysis). With the aim to increase the titer models’ specificity and

reduce potential influences of correlated analytes on the models’ pre-

dictions, we applied IR, VIP, and SR variable selection methods to the

initial titer model.

The resulting models, as summarized in Table 2 and shown in Figure

S9, demonstrated similar performance as the initial model. The IR titer

model slightly outperformed the other models in terms of RMSEE,

RMSECV, and R2CV metrics. The VIP titer model slightly improved in

RMSECV and R2CV but had worse RMSEE as compared to the initial

model, resulting in the highest RMSEE/RMSECV ratio overall. The SR

titer model showed no significant changes as compared to the initial

model.

To compare the titer models before and after variable selection, we

analyzed the predictive loadings of the models as shown in Figure 3.

The predictive loadings of all titer models included major characteris-

tic bands of IgG Raman spectra[28,29] presented in the literature. This

includes bands originating from phenylalanine residues (1004 cm−1),

amide lll vibrations (1200–1270 cm−1), tryptophan residues (1300–

1370 cm−1), CH2 bending (1435–1480 cm−1) and amide l vibrations

(1645–1685 cm−1). Further, the predictive loadings corresponding to

these band regions showed high values, indicating their high impact on

the titer models. An exemplary Raman spectrum of an IgG molecule is

provided in Figure S10.[28]

Still, we found significant differences in the selected variables of the

tested methods. The IR method effectively selected the characteristic

Raman band regions of IgG molecules. The VIP method gave a simi-

lar result, though fewer variableswith low absolute predictive loadings
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MACHLEID ET AL. 9 of 13

F IGURE 3 Predictive loadings of titer calibrationmodels before
and after applying variable selectionmethods with 126 observations
for eachmodel. Variables excluded through variable selection are
colored in grey. The corresponding observed versus predicted (CV)
plots are depicted in Figures 2C and S9.

were selected as compared to the IRmethod. The SRmethod excluded

only a few variables, resulting in a model that was comparable to the

initial model.

It is noteworthy that only the IR method excluded the Raman band

region around 855 cm−1, which is highly specific for carboxyl acid

stretchingmodes found in lactate, glutamine, and glutamatemolecules.

The predictive loadings of this Raman band exhibited negative val-

ues, indicating negative correlation to titer. This finding is consistent

with previous results, which showed moderate negative correlations

between titer and lactate, titer and glutamine, and titer and glutamate

levels (see 3.2 Reference Data Analysis). However, the band region

around 1420 cm−1, which is as well associated with carboxyl acid

stretching modes, was not excluded by any of the variable selection

methods. This could be attributed to low signal intensity of the bands

or overlapping with IgG antibody associated bands. Nevertheless, we

expected a diminished influence of lactate, glutamine, and glutamate

on the IR titermodel as compared to the initial, VIP, and SR titermodels

due to the exclusion of the Raman band region around 855 cm−1.

Indeed,we confirmed these expectations by a correlation analysis of

the measured lactate levels and titer predictions errors performed on

each titermodels. The correlation analysiswas restricted to all samples

from cultivation days 3 and 4, where most clones reached maximum

lactate concentrations. The results, as shown in Figure 4, revealed

strong correlation between measured lactate levels and titer predic-

tions errors for the initial and SR titer models (R2
> 0.79). The VIP titer

model demonstrated slightly reduced correlation (R2
=0.75), while the

IR titer models exhibited considerably reduced correlation (R2
= 0.33).

Our analysis revealed that the prediction errors for most clones

were only slightly affected after IR variable selection, with the excep-

tion for clone 4 (Figure 4). This clone considerably differed from the

other ones in its daily lactate profile (Figure 1) and thus in the under-

lying correlation structure between lactate and titer. This explains why

excluding lactate associated Raman band regions exhibits a strong

impact on the titer prediction errors, particularly for clone 4, and sig-

nificantly reduces the correlation betweenmeasured lactate levels and

titer prediction errors.

Our results display that confounded analytes can indeed nega-

tively influence calibration models and their prediction accuracy. The

observed effect can be considered as a form of clone-related bias, as it

strongly connects to themetabolic characteristics of the clones.

Identifying and excluding variables of confounded analytes is a non-

trivial task and a common challenge encountered within multivariate

calibration modeling. The challenge was successfully addressed for

the titer calibration models by applying the novel IR variable selec-

tion method. We attribute the superiority of the method, compared to

the other tested ones, to its calculations being based on clone-specific

cross validation. In contrast to VIP and SR methods, this allows for the

consideration of batch-to-batch (in our case clone-to-clone) variations

in the variable selection procedure.

3.6 Clone-related bias analysis of titer calibration
models after variable selection

The titer calibration models after variable selection were analyzed for

clone-related bias based on a linear regression analysis, as described in

themethods section.

Our results show that the linear regression slopes after variable

selections were comparable to the ones obtained for the initial titer

model (Tables S5 and S6). As before, low-producing clones exhibited

slopes below one, while high-producing clones demonstrated slopes

greater than one.

In general, the slopes of low-producing clones increased after IR

and VIP variable selection. The only low-producing clone that showed

decreased slope after applying these methods was clone 10. We dis-

cussed previously that this clone demonstrated a slope closer to

high-producing than to low-producing clones for the initial titer model

(see 3.4 Clone-related bias analysis of initial calibration models). This

exception was removed after VIP and IR variable selection, decreas-

ing the slope of clone 10 from 1.06 for the initial model to 0.88 and

0.97 respectively, which was more consistent to other low-producing

clones.

For the high-producing clones, only the slope of clone 4 was sig-

nificantly affected by VIP and IR variable selections. It was reduced

from 1.12 for the initial model to 1.00 and 0.94 for the VIP and IR titer

models, respectively. As the cultivation of clone 4was characterized by

increased lactate levels,we expected a strong slope change after apply-

ing the IR method due to the exclusion of lactate associated Raman

bands.

Generally, the linear regression slopes were shifted towards the

ideal value of one after applying IR and VIP methods. This explains

the slightly improved performances of the IR and VIP titer models and

indicates reduced clone-related bias. This was further supported by

the increase of the RMSEE/RMSECV ratios (from 0.72 for the initial

model to 0.80 and 0.78 for VIP and IR models respectively) for these

models.

The SRmethod did not considerably affect any of the clones’ slopes,

which was explained by only few variables being excluded by that

method.
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10 of 13 MACHLEID ET AL.

F IGURE 4 Measured lactate versus titer prediction errors (CV) for on cultivation days 3 and 4 for (A) initial, (B) IR, (C) SR, and (D) VIP titer
models with cultivation day annotated and regression linemarked in dashed black.

Though reduced, the titer models’ clone-related bias was still visi-

ble after applying variable selectionmethods. This indicates that either

the titer model’ specificity was still not sufficient, even after variable

selections, or that the clone-related bias had other cause.

3.7 The influence of clonal productivity on titer
calibration models

To assess the contribution of clonal productivity to the titer models’

clone-related bias, we separated the models into high- and low-

producer titer models, as described in the methods section. The

models’ specifications and performances are given in Tables S7 and S8.

We used the high-producer models to predict the titer values of the

low-producing clones and vice versa. In this way, the models were con-

fronted with productivity levels outside the range of their respective

training data, which represents a worst case scenario.

All low-producer models systematically underestimated the titer

values of the high-producing clones, while all high-producer models

systematically overestimated the titer values of the low-producing

clones, as displayed in Figure 5. This resulted in increased RMSEP

values for the high-producer (0.69 g L−1) and the low-producer

(0.43 g L−1) prediction sets (PS). The large prediction errors for titer

of high-producing clones could partially be caused by model extrap-

olation, as the low-producer models only range to a maximal titer of

∼2.5 g L−1. However, model extrapolation cannot be the explanation

for the strong systematic under-estimation of low-producing clones

titer values.

Theonly exception fromtheobserved trendwas the clone10,whose

titer values were predicted with higher accuracy than all other low-

producing clones (RMSEP = 0.11 g L−1 vs. 0.54 g L−1, respectively).

That clone was similar to the high-producing clones in the daily TCD

profile, especially during the last days of the process (Figure 1). This

supports the hypothesis that cell density influences the titer models’

predictions, as previously discussed in 3.4 Clone-related bias analysis

of initial calibration models. This phenomenon has been studied in lit-

erature before, showing that suspended cells have significant impact

on Raman spectra in general and further on the resulting calibration

models.[30,31]

Despite the systematic prediction errors, all models demonstrated

high linearity of predictions (R2PS> 0.95). The highest linearities were

found after IR variable selection, resulting in R2PS values of 0.97

and 0.99 for prediction of low-producing and high-producing clones,

respectively. Particularly for the prediction of high-producing clones,

a curvature (S-shape) was found in the observed versus predicted

plots of all models, except after IR variable selection (Figure 5). We

attributed this curvaturemainly to the influenceof the confounded lac-

tate analyte on the titer prediction (see 3.5 Titer calibration models

after variable selection). This explains the high linearity and superiority

of the IRmethod,which reduced this effect throughexclusionof lactate

associated Raman bands.

In general, the VIP and IR methods improved the prediction accu-

racy as compared to high- and low-producer models before variable

selection. This is reflected by the decrease in RMSEP for the predic-

tion of high-producing clones (from 0.90 g L−1 to 0.69 g L−1 for IR and

0.79 g L−1 for VIP) as well as for low-producing clones (0.49 g L−1 to

0.43 g L−1 for IR and 0.40 g L−1 for VIP). Despite the accuracy improve-

ments, the models after IR and VIP variable selection still exhibited

large prediction errors, especially in the higher protein concentration

range. The SRmethod did not yield any significant improvements.
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MACHLEID ET AL. 11 of 13

F IGURE 5 Titer predictions for low-producing (LP) clones using (A) initial, (B) IR, (C) VIP, and (D) SR high-producing (HP) models and
predictions for HP clones using (E) initial, (F) IR, (G) VIP, and (H) SR LP titer models. All HPmodels were generated using 40 observations, while all
LPmodels were based on 77 observations. For all plots, high-producing clones are colored in green shades and low-producing clones in red/violet
shades, the identity line is colored in yellow, and the regression line is in dashed black. The corresponding predictive loadings plots of eachmodel
are provided in Figure S11.

Compared to the titer models that contained all clones, specifi-

cally the RMSECV values (Table 2), the prediction errors of the high-

and low-producer models increased by a factor of ∼2 and ∼3 respec-

tively, regardless of the variable selection method used. This means

that the titer models demonstrated significantly reduced prediction

accuracies when confronted with productivity levels outside the range

of their respective training data. The results of the presented analy-

sis show that clonal productivity contributes most to the titer models’

clone-related bias, and that it can’t be fully removed with the vari-

able selection approach. Further, variations in the cell density might

contribute to the observed effects.

The findings highlight the need for caution when deploying titer

calibration models to productivity levels outside the range of their

respective training data. The predictions are more accurate when

applied to clones with productivity levels captured by the range of the

calibration model. These factors need to be considered when devel-

oping Raman calibration models for dynamic environments with large

clonal variations.
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4 CONCLUSIONS

In thiswork,wedevelopedOPLSRaman calibrationmodels for predict-

ing titer, glucose, and lactate for multiple CHO cultivations of various

clones of a single cell line with differences in clonal characteristics.

These models were evaluated for any clone-related biases affecting

their predictive performances. The assessment is crucial to evaluate

the applicability of Raman-based monitoring and control in dynamic

environments with large clonal variations, as for example in cell line

development.

It was demonstrated that Raman calibration models developed for

predicting glucose and lactate were not notably affected by the differ-

ences in clonal productivity and growth rates. The genericmodelswere

transferable between bioprocess batches of different CHO clones,

while consistently demonstrating high prediction accuracies. These

results imply that Raman-based monitoring of glucose and lactate in

dynamic environments with large clonal variations is feasible. Fur-

ther, Raman data acquired from different clone cultivations in the cell

line development stage should be usable later in calibration model

development for application inmanufacturing stages.

In sharp contrast to the results for glucose and lactate, it was found

that titer calibration models exhibit pronounced clone-related bias

associatedwith clonal productivity.When titer models were applied to

cultivations with productivity levels outside the range of their train-

ing data, increased prediction errors are found. These errors could

not be reduced to satisfactory levels by utilizing variable selection

methods. The findings highlight the need for caution when using

Raman-based monitoring for titer in dynamic environments with large

clonal variations.

To overcome the limitations, titer calibration models should be

developed according to the generic calibration modeling approach.

Such models would incorporate data from multiple clones of the spe-

cific cell line to cover a large range of clonal variations within the

model and thereby increasing its robustness. Potentially, historical data

from other cell lines (and product molecules) of the same platform

process, which should be readily available at biopharmaceutical com-

panies, could be incorporated. Additionally, we propose a hierarchical

modeling approach combining discriminant analysis and regressive

modeling for initial real-time clustering of clones into groups of high-

and low-productivity based on their respective Raman spectra. Follow-

ing that, concentrationpredictions couldbeobtainedeither froma low-

or a high-producer regression model, depending on the outcome of

the initial classification. Likely, the separation quality would be lower

at the batch start but should significantly gain in accuracy when the

cultivation progresses, and the group differences get larger.
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