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The application of Raman spectroscopy is increasingly applied in biopharmaceutical manufacturing for real-time
process monitoring and control. In downstream bioprocessing, it offers high potential for in-line quantification of
CQAs directly from spectral data using chemometric and machine learning models. Successful implementation,
however, strongly depends on robust spectral preprocessing to remove noise, baseline drifts, and interfering
signals. Baseline correction remains particularly challenging due to signal variability across various process
conditions. Current preprocessing optimization practices typically emphasize minimizing model prediction er-
rors but often disregard the chemical validity of the resulting spectra. To address this gap, we introduce a
regression-oriented metric that assesses preprocessing quality based on chemically meaningful criteria by
quantifying baseline correction artifacts and spectral intensity-concentration linearity. Paired with an empiri-
cally identified preprocessing sequence, this metric is integrated into an automated workflow for systematic
baseline correction optimization. Application across datasets comprising mAb and downstream buffer samples
demonstrates that the metric reliably ranks preprocessing performance and consistently selects configurations
that suppress artifacts and preserve analyte-specific spectral features. Within the evaluated datasets and baseline
correction algorithms, benchmarking against model-centric optimization highlights the trade-off between pre-
diction accuracy and spectral interpretability when relying solely on model RMSE. In contrast, the quality metric-
driven approach not only aligns with modeling objectives but also safeguards chemically relevant spectral in-
formation, yielding sufficiently high predictive power and improved robustness under changing sample condi-
tions. The quality-metric-guided workflow provides a practical methodology for developing preprocessing
pipelines for quantitative analysis that supports robust Raman-based PAT in downstream bioprocessing.

1. Introduction reduced time and cost. Among the available spectroscopic tools, Raman

spectroscopy distinguishes itself through its non-invasive, label-free

Protein-based therapeutics such as monoclonal antibody (mAb) has
profoundly advanced modern medicine by delivering unparalleled pre-
cision and efficacy in the treatment of complex diseases [1,2]. The
growing demand for biologics has spurred continuous innovation in
biomanufacturing to ensure product consistency while improving pro-
cess efficiency. Guided by Quality by Design (QbD) principles and Pro-
cess Analytical Technology (PAT) frameworks introduced by the U.S.
Food and Drug Administration (FDA) about two decades ago [3], the
biopharmaceutical industry is transitioning from conventional
end-point batch testing towards real-time monitoring of critical quality
attributes (CQAs) [4], with the aim to streamline manufacturing with
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nature and insensitivity to water interference, making it particularly
well-suited for tracking aqueous biological systems [5]. Its high mo-
lecular specificity provides a distinct spectral fingerprint, enabling
simultaneous resolution of multiple CQAs [6,7]. In downstream pro-
cessing (DSP), Raman-based PAT solutions have been explored across
various stages from chromatography [6,8,9] to filtration [10] for
enhanced process control and quality assurance.

Despite its broad adoption, the practical implementation of Raman
spectroscopy in bioprocessing remains challenging due to the inherent
complexity of biological spectra. These spectra typically exhibit over-
lapping vibrational bands from proteins and matrix components,
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resulting in highly convoluted data that hinders straightforward inter-
pretation [11]. Moreover, raw Raman signals are frequently distorted by
various artifacts. A major contributor is fluorescence-induced baseline
drift [12,13]. Baseline signals often exceed Raman bands by several
orders of magnitude [14], hence obscuring subtle features critical for
discriminating and quantifying CQAs. Raman measurements are also
affected by multiple noise sources originating from samples, in-
struments, and environmental factors [15,16]. Variations in process
conditions such as temperature, concentrations, flow rate introduce
additional inconsistencies like intensity offset, further complicating
spectral analysis [17,18]. To extract meaningful information, chemo-
metric approaches [19]—combining mathematical preprocessing algo-
rithms with multivariate calibration techniques such as partial least
squares (PLS) regression—are indispensable for transforming raw
spectra into reliable predictive models that provides actionable process
insights.

Preprocessing is the critical step aimed at eliminating the undesir-
able artifacts and standardizing the Raman measurement before che-
mometric modeling. Commonly applied operations include baseline
correction, smoothing, cropping, and scaling, each contributing to
improved spectral quality in different aspects. The consecutive appli-
cation of different preprocessing operations is usually referred to as a
preprocessing pipeline. Among these steps, baseline correction is
generally considered the most influential because baseline removal
significantly impacts the peak visibility. Therefore, our study is groun-
ded in the fundamental assumption that, similar to other spectroscopic
methods, baseline correction also benefits Raman spectra analysis by
enabling clearer peak isolation and facilitating spectral standardization.

To date, numerous baseline subtraction methods have been devel-
oped [20,21]. Among these, asymmetric least squares (AsLS) represents
a simple yet effective category. Although many algorithmic variations
exist under this umbrella [22-27], they all share the core principle of
balancing the fidelity and smoothness of the fitted baseline by asym-
metrically weighting deviations between the observed signal and the
estimated baseline. This approach’s strength lies in handling complex,
nonlinear baselines, where polynomial fitting often fails, while avoiding
noise amplification, a common drawback of derivative-based techniques
[20,28]. Despite the availability of advanced baseline correction
methods based on deep learning [29,30], wavelet transform [31] and
convex optimization [32], AsLS-family algorithms remain an attractive
and practical choice for industrial Raman PAT applications, because
they require no labelled baselines, are computationally efficient and
straightforward to implement [26,33]. However, no single baseline
correction method is universally optimal. Thus, optimizing preprocess-
ing through careful algorithm selection, parameter tuning, and pipeline
order determination is essential, as these decisions ultimately govern the
accuracy, robustness, and interpretability of the final model.

Currently, no standardized procedure exists to specify when certain
preprocessing methods should be applied or avoided. Identifying an
optimal preprocessing pipeline for Raman spectra is typically case-
specific. Most published quantitative Raman studies select preprocess-
ing by minimizing model errors, such as root mean square error (RMSE)
of cross validation (CV) or prediction [10,21,34-38]. Although this
model-oriented approach is fit for predictive performance, it introduces
two major risks relevant for analyte concentration regression. First, a
low error alone does not guarantee that the processed spectra preserve
chemically meaningful, analyte-specific spectral responses. There is a
likelihood that regression models may exploit residual artifacts such as
fluorescence background, noise patterns or peak distortions that are
inadvertently correlated with the target variables, rather than chemi-
cally interpretable signals [10,39]. Consequently, predictive perfor-
mance alone cannot establish that the processed spectra adequately
represent the underlying analyte information [19]. Second, this
model-centric approach often makes preprocessing model- or
dataset-specific [40]. A preprocessing pipeline optimized for a specific
model may become ineffective when the model architecture or
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parameterization changes. Likewise, pipelines highly tailored to the
variance structure of one dataset may fail under different experimental
conditions [41]. This limited transferability can reduce model robust-
ness and necessitate repeated preprocessing optimization, increasing
both development effort and maintenance burden. Therefore, indepen-
dent evaluation of spectral quality and preprocessing effects alongside
model performance is necessary to ensure both chemical interpretability
and long-term model reliability [19,39,41].

Alternatively, a quality-parameter-based workflow has emerged
[20], where a predefined metric objectively evaluates the performance
of preprocessing steps based on the quality of the processed spectra. This
approach focuses on artifact removal independently of the predictive
model. Without the need to construct statistical models, this method can
reduce computational demands and improve optimization efficiency. It
may also promote better model transferability. Initial efforts by Guo
et al. developed a numeric metric, RIZ, for evaluating baseline correction
quality in a classification setting [39]. The R? metric compares signal
retained in expected peak regions with residual signal in non-peak re-
gions, thereby rewarding peak preservation and baseline removal. Since
this study mainly focused on tackling classification objectives, the R'2
metric misses a dedicated term that assesses spectral response to analyte
concentration, which is vital for quantitative concentration regression
questions routinely required in downstream process analyses.

To circumvent the limitations of model-oriented approaches, our
study aims to develop a quality-guided preprocessing workflow specif-
ically for quantitative Raman regression applications in biopharma-
ceutical downstream PAT. To achieve this goal, diverse Raman spectral
datasets were generated from single-component concentration series
comprising a mAb and a range of downstream-relevant buffers. These
datasets were collected under varying process parameters (pH and
concentration) and different Raman measurement settings (exposure
time, laser power, flow rate), thereby capturing realistic process vari-
ability in spectral preprocessing. Building on these datasets, the
sequence of preprocessing steps was first examined through manual
trials, where inconsistencies in baseline correction are revealed and
synergistic effects among the preprocessing steps are briefly discussed.
Subsequently, a novel metric that combines both evaluation of artifacts
removal and preservation of spectral intensity-concentration linearity is
introduced. This metric was integrated into an automated workflow for
screening baseline correction algorithms and tuning associated param-
eters across three classical AsLR-based baseline estimation algorithms.
In the present work, a particular emphasis is placed on improving the
baseline correction step due to its dominant impact on the overall che-
mometric analysis. In order to clearly isolate the effects of process
variability on baseline preprocessing, the study is restricted to single-
component samples. Compared to extensively utilized model-based
optimization, quality metric-based approaches for selecting Raman
preprocessing remain scarcely discussed in literature. To the best of the
authors’ knowledge, this is the first study that systematically accounts
for process variability and specifically addresses Raman preprocessing
in-depth within the context of PAT implementation for biopharmaceu-
tical downstream processing.

2. Materials and methods
2.1. Experiments

2.1.1. Single-component spectra library

A pharmaceutical IgG monoclonal antibody (hereafter referred to as
mAb) was provided by Boehringer Ingelheim Pharma GmbH & Co. KG
(Biberach, Germany). The mAb drug substance was concentrated to
50 g/L by ultrafiltration and diafiltrated (Unagi, Unchained Labs,
Pleasanton, CA, USA) into purified water. Subsequently, it was diluted to
18 concentration levels ranging from 0.1 to 50 mg/mL (0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9, 1, 2.5, 5, 7.5, 10, 15, 20, 25, 50 mg/mL) using
purified water.
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Buffer systems investigated included acetate, citrate, and glycine.
Acetate stock solution at 100 mM was prepared and titrated to six pH
values (4.5, 5.0, 5.5, 6.0, 6.5, 7.0), then diluted to eleven concentrations
(2, 4, 6, 8, 10, 20, 30, 40, 50, 75, and 100 mM). Citrate and glycine
buffer datasets were prepared in the same manner. For citrate, the same
eleven concentration levels ranging from 2 to 100 mM were adjusted to
six different pH values: 3.0, 4.0, 5.0, 5.5, 6.0 and 6.5. Glycine buffers
were titrated to pH values of 3.0, 3.5, 4.0, 5.0 and 6.0, and prepared at
twelve concentration levels, ranging from 2 to 300 mM (2, 4, 6, 8, 10,
20, 50, 100, 150, 200, 250, 300 mM). All pH adjustments were per-
formed using sodium hydroxide (NaOH) or hydrochloric acid (HCI)
(Aug. Hedinger GmbH & Co. KG), which are not Raman-active.

2.1.2. Raman spectroscopy

In this study, multiple acquisition setups and Raman measurement
parameters were intentionally varied to introduce spectral diversity and
evaluate the robustness of preprocessing methods. Raman spectra were
collected using a HyperFlux Pro Plus spectrometer (Tornado Spectral
Systems, Mississauga, Ontario, Canada), operated via SpectralSoft 3.4
software. The instrument utilized a 785 nm excitation laser, covering a
wavenumber range of 200-3300 cm™' with a resolution of 1 cm™ . Two
acquisition setups were implemented: static and dynamic.

In the static mode, a Hudson Probe equipped with a 45 pL Micro Flow
Cell (MFC) was connected to the spectrometer for fluidic measurements.
The flow cell was mounted on a Tecan Fluent 780 Liquid Handler
(Tecan, Mannedorf, Switzerland) to enable automated sample handling,
as described previously [8,18]. Here, the generated dilution series of
mAD and buffers (buffers also at different pH) were measured under a
constant condition with an exposure time of 500 ms per spectrum for
2 min at maximum laser power 495 mW. Concentration and pH differ-
ence introduce multiple simultaneous variations, affecting Raman
spectra by altering absolute intensity and causing peak shape changes.
For mAb specifically, exposure time (400, 500, 800 ms) and laser power
(300, 400, 495 mW) were additionally varied systematically to induce
intensity offsets, simulating fluctuations that commonly occur across
instruments, manufacturing sites, and operational scales. These varia-
tions were applied to selected mAb concentrations (low: 5 g/L; high:
50 g/L) to represent potential changes across the full concentration
range. Spectral noise was modulated by adjusting the number of aver-
aged scans, resulting in total acquisition times of either 8 s or 2 min. This
mimics scenarios in which rapid measurements are required for
real-time process monitoring versus prolonged acquisitions suitable for
processes with slow dynamics or offline analysis. Including noise vari-
ability challenges preprocessing algorithms to handle spectra of
differing quality.

Dynamic acquisition was performed on an AKTA Avant 25 system
(Cytiva, Uppsala, Sweden) controlled by UNICORN™ 7.5 software. A
second flow cell was positioned between the conductivity and pH sen-
sors for Raman detection. Flow rates were varied (2, 3, 5, 10, and 15 mL/
min), including measurements without flow for 5 g/L and 50 g/L mAb to
replicate conditions encountered during different chromatography or
filtration operations.

This approach ensured that the datasets reflected realistic variability,
supporting the development of robust preprocessing methods for che-
mometric modelling. The ranges of all acquisition parameters for cor-
responding datasets and their impact on spectral characteristics are
summarized in Table 1.

2.2. Data analysis and computation

All data analysis and computation were performed in Python 3.12.
2.2.1. Spectra preprocessing

Cropping, smoothing, normalization, and baseline correction were

applied to construct preprocessing pipelines, kept intentionally simple
as these steps were already necessary for the investigated dataset. The
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Table 1
Overview of datasets: parameter settings and usage in the study.
Component  Parameter Range Spectral Usage
variability
mAb Concentration 0.1-50 g/L Baseline, Sequence
intensity, investigation,
peak Quality metric
morphology evaluation
(Fig. 1a)
Exposure time, 300, 400, Intensity, Sequence
Laser power 495 mW baseline ( investigation
400, 500, Fig. 1b, ¢)
800 ms per
spectrum
at 5,50 g/L
Flow rate 0-15 mL/ Baseline Sequence
min (Fig. 1d) investigation
at5, 50 g/L
Measurement 85, 2 min Noise level Sequence
time (Fig. 1e) investigation
(Averaging)
Glycine Concentration, 0-300 mM Baseline, Sequence
pH pH 3.0-6.0 intensity, investigation,
peak Quality metric
morphology evaluation
Acetate Concentration, 0-100 mM Baseline, Sequence
pH pH 4.5-7.0 intensity, investigation,
peak Quality metric
morphology evaluation
Citrate Concentration, 0-100 mM Baseline, Sequence
pH pH 3.0-6.5 intensity, investigation,
peak Quality metric
morphology evaluation

primary focus of preprocessing optimization was improving baseline
correction. Baseline correction was implemented in the pybaselines
(v1.1.0) package, employing the Whittaker filter -based algorithms,
commonly referred to in the literature as AsLS. Spectral cropping was
applied to 700-1800 cm™ for covering the fingerprint region, and
normalization was performed using the sapphire peak at 752 cm™ .
Smoothing utilized a Whittaker smoother according to [22] with a
penalty parameter of 10 and a constraint order of 2, chosen based on
prior experience for optimal performance.

The ordering of preprocessing steps is a viable contributor to the
overall performance. Therefore, different sequences were systematically
tested through manual iterative trials and evaluated by visual inspec-
tion, as the resulting changes were clearly discernible.

2.2.2. Quality metric

To characterize baseline correction quality, Guo et al. proposed a
metric R'2, which describes two ideal properties of a baseline-corrected
spectrum: (i) maximal retention of intensity in regions containing
Raman peaks, and (ii) minimal yet non-negative residual intensity in
regions without expected peaks. If an optimal baseline correction could
fulfill both criteria simultaneously, the ratio between the integrated area
of non-peak regions and that of peak regions should be minimized. R'?
quantifies and compares the area contribution of these two types of
regions. The exact mathematic formulation of RZis provided in [39]. In
principle, a lower R value indicates a better baseline estimation.

Inspired by R'2, our study introduces an additional metric, C, rep-
resenting concentration correlation. The aim is to extend the utility of
R!? by incorporating correlation-based evaluation to better support
quantitative regression tasks required for downstream process moni-
toring. In this study, C is used in combination with R’? to guide the
selection of optimal baselines during preprocessing optimization (see
Section 2.2.4).

The rationale of C is rooted in quantitative Raman analysis, where
the ultimate goal is accurate prediction of analyte concentration from
spectral data. This relies on the fundamental physical principle that
Raman scattering intensity (i.e analyte-related band inetenisty) varies
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approximately proportional to analyte concentration. When baseline
correction introduces distortions such as residual curvature, artificial
peaks, or negative intensities, the relationship between concentration
and corrected intensity becomes nonlinear. This non-linearity can
severely degrade the performance of regression models, leading to
biased predictions and reduced robustness.

The metric C accounts for the linearity of the spectra by maximizing
linearity in peak regions while suppressing correlation in non-peak re-
gions and the normalization peak (at 752 cm’l). Due to the complexity
of water- and amide-related spectral features, the peak region (around
1640 cm™!) is excluded from C calculation to preserve authenticity. To
achieve this assessment, Pearson correlation coefficient 2, indicating
linearity across concentrations, was calculated at each wavenumber in
the preprocessed spectra. These 12 values were aggregated by region to
form C, defined as:

L.
G = 221 (WPvi' rﬁ,i)= Wpi = 2|:p‘llp‘,i

cn::i;(rﬁ"" o)
n,

czzl(rz )
n,

(1-G)+Cu+C,

C= 3

Here, n denotes the number of wavenumber positions, and subscripts
p, n, 2, i represent peak regions (excluding water), normalization re-
gions, non-peak regions, and individual wavenumbers, respectively. C
consists of three components—Cp, Cy, C,. The first component C,, rep-
resents weighted r? values in peak regions, where the weights are based
on the normalized intensity of the highest concentration spectrum (I, ;).
This weighting ensures that noise from non-peak positions within peak
regions does not influence the metric and only true peaks contribute.
When peak features exhibit perfect linearity (P=1), Cp approaches its
maximum value of 1. The second component, C,, captures correlation in
the normalization region, where spectra should ideally overlap
completely, resulting in r?= 0. Deviations from this, whether positive or
negative correlations, indicate artefacts and consequently increase Cp.
To penalize random intensity fluctuations, each r? value is multiplied by
the standard deviation at the respective wavenumber (cp;), ensuring
that cases with near-zero correlation but high variability are properly
distinguished. C,, will thereby become larger when such scenarios exist.
The sum of these penalized values is then divided by n,, the total number
of wavenumber positions in the normalization region, to normalize their
contribution to C and prevent bias from region size. In the current
implementation, C, is defined for normalization against a specific
reference peak. Full-spectrum normalization would not provide the
same concentration-invariant reference region and would require C, to
be adapted or omitted. The third component, C, is computed using the
same logic for non-peak regions. Finally, the overall metric C is
computed as the average of (1 - Cy), C, and C,, where C,, is inverted to
ensure that an optimal baseline minimizes C. Thus, the final value of C
should be minimal for an optimal baseline correction.

R'? and C serve complementary roles in evaluating baseline correc-
tion quality. R*2 measures the spectral-shape outcome of baseline
removal within each corrected spectrum, whereas C evaluates whether
the corrected intensity pattern across spectra series remains chemically
plausible. R'? detects residual background and peak retention, whereas
C assesses whether peak intensity remains concentration-related and
non-peak and normalization regions acquire concentration-correlated
distortions. Coupling R'? and C provides a joint control of baseline-
removal artifacts and preservation of intensity-concentration linearity.
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Notably, strongly nonlinear but chemically valid responses, for example
those caused by detector saturation or concentration-dependent in-
teractions can be penalized by the present metric formulation. Such
systems would require an adapted association term and are outside the
scope of the current study.

Peak and non-peak regions were identified using single-component
dilution series to eliminate interfering features. Spectra corresponding
to the highest concentrations of the investigated component were
baseline-corrected using a simple, independent asls algorithm (not used
for baseline optimization study). The hyperparameters were manually
adjusted to keep the estimated baseline rigid, preventing the correction
from cutting into possible peaks. The highest-concentration spectrum
was deliberately selected for peak-region identification because it pro-
vided the strongest analyte signal and the highest signal-to-noise ratio
within the dilution series. After smoothing and normalization (same
parameter setting as before), a threshold of 0.002 was applied: intervals
above were classified as peak regions, and those below as non-peak re-
gions. In this manner, the peak regions are optimistically segmented so
that even weak or broad peaks are retained, thereby minimizing the
risks of incomplete coverage of analyte-related spectral features. This
procedure was implemented for every buffer and mAb. The defined re-
gions for respective components were consistently used for calculating
both R?2 and C for evaluating preprocessing candidates.

Unlike model-performance metrics, R*? and C evaluate the spectral
characteristics of the processed spectra directly. The metric was calcu-
lated independently of any regression model and served solely as a cri-
terion for selecting preprocessing configurations.

2.2.3. Regression modelling

After spectra were preprocessed using the selected optimal pre-
processing configurations, PLS regression models were implemented to
compare the impact of metric-driven or model-driven preprocessing
strategies on subsequent concentration regression outcomes. The models
were developed using the scikit-learn library (version 1.7.2) for the
quantification of mAb and buffer concentration. The dataset in question
was divided into training (70%) and test sets (30%) using a train-test
split to ensure representative distribution of concentrations. Cross-
validation was performed on the training set using k-fold cross-
validation (k = 5) to optimize model parameters. The optimal number
of latent variables (PLS components) was determined by minimizing the
RMSECV across candidate models (up to 10 components). Model accu-
racy was assessed using RMSECV for the training set, and RMSEP for the
test set together with coefficient of determination (R?) for the test set.
When an external validation dataset was available (for buffer datasets),
root mean square error of validation (RMSEV) was calculated.

2.2.4. Automated baseline correction optimization

The optimization process was carried out using the Optuna frame-
work. Three baseline correction algorithms based on Whittaker-filter
were evaluated: arpls [25], aspls [24], and derpsalsa [42]. Each algo-
rithm includes a regularization parameter, 1, which controls the
smoothness of the estimated baseline, with higher 4 values producing
smoother baselines. In addition, derpsalsa introduces an extra param-
eter, k, which influences the derivative penalty term. The parameter
ranges investigated for each algorithm are summarized in Table 2, and
these ranges were deliberately set wide to increase the complexity of
parameter optimization.

Table 2
Baseline methods and parameters in automated baseline correction screening.
Method Parameter Range
arpls A [lel, 1e9]
aspls A [1el, 1e9]
derpsalsa A [1el, 1e9],
k [le-4, 1e3]
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To explore the parameter space, a heuristic Tree-structured Parzen
Estimator (TPE) sampler was employed, with the number of trials fixed
at 1000. In each trial, a baseline correction algorithm and its corre-
sponding parameter values were selected by the sampler. The selected
baseline algorithm and parameters were then applied to the spectra,
while all other preprocessing steps remained unchanged. For each
candidate preprocessing configuration, an objective value J was
computed based on the resulting spectra. Two optimization strategies
were considered. For metric-driven optimization, the objective function
was defined as the sum of the mean of R'? and mean of C of the spectra
series:

J = mean(R'®) + mean(C)

Because both terms are minimized (see Section 2.2.2), the best pre-
processing method and parameter set was the trial with the smallest J.
For model-driven optimization, the objective function was defined as the
sum of RMSECV and RMSEP:

J = RMSECV + RMSEP

This objective combines cross-validation and test-set prediction er-
rors from the PLS model, and the preprocessing configuration with the
lowest J was selected. In the case of model-driven optimization, a new
train-test split was performed in each trial to avoid bias introduced by a
fixed split. The overall goal of the optimization algorithm was to mini-
mize the objective function values when targeting improved pre-
processing quality or model predictive performance.

3. Results and discussion
3.1. Sequence investigation

Baseline correction is a critical step in spectral data processing, yet its
effectiveness can be strongly influenced by preceding transformations
such as cropping, normalization and smoothing. To establish a robust
sequence of preprocessing steps for subsequent parameter optimization,
we first assessed the dependency of baseline correction on other pre-
processing operations through systematic manual trials across various
datasets. These datasets were designed to encompass a wide range of
variability in spectral characteristics, including baseline slope, intensity
fluctuation, peak morphology, and noise level. These spectral variabil-
ities were stimulated by differences in sample composition and mea-
surement parameters (see variability summarized in Table 1 and Fig. 1).
By introducing controlled yet realistic shifts in these spectral features,
we evaluated how the order of preprocessing steps impacts baseline
correction performance.

Fig. 2 highlights the most representative outcomes, demonstrating
that an optimized preprocessing order significantly improves correction
accuracy and overall data quality.

The sequence analysis begins with the cropping step, which involves
selecting a specific spectral range and discarding the remainder. Base-
line correction algorithms aim to fit and remove slowly varying back-
ground signals. Limiting the data to the region of interest simplifies
baseline estimation by eliminating problematic areas such as the steep
fluorescence-dominated segment (200-400 cm™). This allows algo-
rithms to focus on chemically relevant regions like the fingerprint
domain (800-1800 cm™). As a result, baseline correction accuracy can
be improved and computational burden can be reduced, which is ad-
vantageous for large datasets or real-time applications. However, crop-
ping alters the curvature context of the spectrum, potentially affecting
penalty parameters in methods such as AsLS and leading to under- or
over-correction. Within the evaluated datasets, the impact of cropping
placement varies across algorithms. arpls exhibits a region-dependent
behavior. For instance, in the mAb dilution dataset shown in Fig. 2a,
cropping prior to baseline correction improves the spectral linearity in
the 1150-1350 cm™! region, whereas it impairs linearity in the
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1400-1800 cm™! region (Fig. 2a). By comparison, aspls is more sus-
ceptible to cropping order. When cropping was performed after baseline
correction, pronounced artifacts, including peak loss (around
1130 cm™Y), are consistently observed in multiple glycine datasets
(Fig. 2b). In contrast, derpsalsa displays minimal dependence on crop-
ping placement, with negligible differences observed whether cropping
was applied before or after baseline correction (data not shown). Taken
together, these results indicate that cropping should generally be per-
formed before baseline correction to minimize artifacts within the tested
algorithms.

Normalization is intended to remove intensity differences that arise
from measurement-related factors rather than true chemical variation.
These factors can include changes in laser power, exposure time, de-
tector sensitivity. By rescaling spectra to a common intensity range or
reference value, normalization facilitates direct comparability across
measurements. In principle, after effective normalization, spectra orig-
inating from the same sample but collected under different measure-
ment conditions should overlap closely, allowing downstream analyses
to concentrate on meaningful spectral shape differences rather than
artificial intensity shifts. In this study, spectra were normalized to the
intensity of sapphire peak at 752 cm™ . As sapphire peak originates from
the probe, its signal is expected to remain constant under a defined
measurement condition regardless of sample composition. In practice,
the normalization strategy depends on the analytical objective, instru-
ment configuration, and source of multiplicative variability. Across the
investigated datasets and baseline correction algorithms, the order of
sapphire normalization has little influence on the results, with spectra
remaining largely comparable regardless of whether normalization
preceded or followed baseline correction. As illustrated in
Fig. 2c—where exposure time and laser power were varied for mAb
samples at a fixed concentration of 50 g/L—the preprocessed spectra are
similar across most spectral regions, with deviations primarily occurring
in the 1400-1800 cm™ range. Nevertheless, altering the position of the
normalization step within the preprocessing sequence produces nearly
identical spectra in both the left and right panels of Fig. 2c, indicating
that normalization order does not materially affect the final spectral
outcome. This observation suggests that amplitude offsets do not
compromise baseline estimation, as the tested algorithms primarily
model low-frequency trends rather than absolute intensity. An exception
occurred in the mAb dataset with varying flow rates, where normali-
zation before baseline correction distorts the baseline shape, altering
peak prominence relative to the background and consequently reducing
the comparability among corrected spectra (Figure S1).

Smoothing is commonly employed in Raman spectral preprocessing
to reduce high-frequency noise and improve signal clarity. However, as
Fig. 2d points out, when smoothing is applied to spectra that are already
relatively smooth, it can introduce unwanted variance that destabilizes
the subsequent baseline correction. The spectra in Fig. 2d were acquired
with long integration time (2 min) and are inherently smooth. In this
case, additional smoothing causes the low-concentration spectra (< 1 g/
L) to demonstrate inadequately compensated baselines in the
1250-1450 cm ™! region (right panel), which is not noticeable in the
corresponding pipeline without extra smoothing beforehand (left
panel). This effect likely stems from subtle changes in signal-to-noise
ratio introduced by smoothing, which can modify the perceived local
curvature and influence peak interpretation during baseline estimation.
The phenomenon is evident for arpls (Fig. 2d) and aspls (data not
shown), whereas derpsalsa remains insensitive to smoothing order (data
not shown). Conversely, in noisy datasets, the presence of noise mark-
edly undermines baseline correction consistency, particularly for arpls
(Fig. 2d). In such cases, applying smoothing prior to baseline correction
supports more reliable baseline correction. The spectra in Fig. 2e were
acquired with short integration time (8 s) and are inherently noisy.
Without preliminary smoothing (left panel), arpls fails to converge to
coherent baseline estimates across the dilution series. This manifests as
nonlinear intensity-concentration responses which are most noticeably
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Fig. 2. Exemplary effects of preprocessing step sequence on baseline correction performance. a. cropping before (left) or after (right) baseline correction for dataset
of mAD dilution series with a total measurement time of 2 min; b. cropping before (left) or after (right) baseline correction for dataset of glycine dilution series with a
total measurement time of 2 min; c. normalization before (left) or after (right) baseline correction for dataset of mAb at 50 g/L with varying exposure time and laser
power and with a total measurement time of 2 min; d. smoothing after (left) or before (right) baseline correction for dataset of mAb dilution series with a total
measurement time of 2 min; e. smoothing after (left) or before (right) baseline correction for dataset of mAb dilution series with a total measurement time of 8 s.

in the 1300-1800 cm™ region. In comparison, smoothing before base-
line correction (right panel) largely restores the performance, yielding
preprocessed spectra that approach the quality achieved for inherently
smooth spectra shown in Fig. 2d (left panel). Both aspls and derpsalsa
demonstrate greater resilience to noise, exhibiting minimal degradation

in correction quality even without prior smoothing (data not shown).
Beyond the interplay of preprocessing steps, a more critical obser-
vation is the sensitivity of baseline correction under varying experi-
mental conditions. Notably, even under ideal, controlled acquisition
conditions, a mere shift in concentration range—the primary variable of



Y. Guo et al.

interest in regression analysis—can lead to markedly different correc-
tion outcomes. A certain algorithm and parameter value that performs
well for weak signals at low concentrations often underfits strong peaks
at high concentrations, while aggressive settings suited for high-
intensity spectra at high concentrations risk erasing subtle features at
low concentrations. Artifacts like peak distortion or residual baseline
arise from correction over a broad concentration range, generating
nonlinear spectral behaviors. Hence, a systematic evaluation of baseline
correction performance in DSP environments is necessary, particularly
when experimental parameters vary widely, such as in ultrafiltration/
diafiltration (UF/DF) processes. Baseline correction settings must be
robust and adaptive to accurately reject the background signal across
diverse signal regimes. Such adaptability is essential for ensuring data
integrity and preserving predictive accuracy in chemometric models.

Drawing on the findings from this analysis, the preprocessing
sequence of cropping-baseline correction-smoothing-normalization
shows robustness under variability perturbation in low-noise spectra.
This sequence is further applied in the next section to select baseline
correction algorithms and refine their parameters.

3.2. Quality metric validation

The instability of baseline correction algorithms to variations in
signal characteristics underscores the importance of comprehensive
quality checks across the full experimental range, as artifacts derived
from improper baseline correction can create nonlinear signals and
propagate through chemometric workflows. Therefore, we introduce a
quantitative metric C, used in conjunction with the established R'2
metric (hereafter collectively referred to as the quality metric), for
judging preprocessing quality. By incorporating criteria such as the
peak-to-baseline area ratio and peak linearity, the metric minimizes
residual baseline, enhances the true chemical signals, as well as avoids
artifact formation. It offers a more direct and realistic characterization of
preprocessing performance than relying on the model error rates alone.
The quality metric is embedded in an automated baseline correction
optimization workflow, enabling efficient identification of optimal
configurations. In the following sections, we validate the functionality of
the proposed quality metric using two exemplary datasets selected from
the four tested (Table 1) and benchmark its effectiveness against a
model-driven optimization approach. Results for the remaining datasets
are provided in the Supplementary Information (Figure S3-Figure S6,
Table S1-Table S2).

3.2.1. mAb dataset

Preprocessing results of the mAb dilution series with different opti-
mization approaches are presented in Fig. 3. In Fig. 3b-c, spectra pre-
processed by a top-ranked, medium-ranked, worst-ranked preprocessing
configuration according to the quality metric approach are demon-
strated respectively. As anticipated, baseline correction outcome im-
proves as the metric value decreases. The lowest metric value (Fig. 3b)
corresponds to spectra with comparably best preprocessing
quality—characterized by flat baselines, complete background sub-
traction, and preserved peak fidelity. Peaks appear visually clean and
well-defined, with improved intensity—concentration linearity, except
for the broad water and protein amide I band (1550-1750 cm’l), which
is deliberately not considered in the metric calculation (Section 2.2.2).
Interestingly, a medium metric value (Fig. 3c) still delivers a comparable
correction. While the result is generally satisfactory, minor artifacts are
present in the 1300-1400 cm™ region. This implies the sensitivity of the
metric to subtle distortions. In contrast, the highest metric value
(Fig. 3d), corresponding to the worst-ranked results, features significant
baseline slope and correction inconsistency across concentrations. The
strong background intensity masks the mAb peak signatures. These
observations confirm that the metric effectively ranks preprocessing
quality as intended. To evaluate the specific contribution of the C term
to preprocessing selection, Fig. 3a displays spectra optimized using R*2
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alone. Remarkably, optimization by R’? (without C) produces artifacts
such as negative intensities at several spectral positions and inconsistent
baseline estimates across concentrations.

In addition to visual assessment, numeric readouts of spectral line-
arity at selected feature peaks are summarized in Table 3. Spectral
linearity was quantified using the Pearson correlation coefficient r?
between peak maximum intensity and concentration. The peaks were
selected to distribute across the spectral range to provide representative
coverage. Notably, the combined-metric optimization by R*? + C im-
proves r? from 0.8683 to 0.9969 at 1157 cm™ and from 0.9356 to
0.9744 at 1338 cm™ compared with R12-only selection (Table 3). At
1004 cm™ and 1449 cm™ , all strategies retain high r* values (all above
0.99), indicating that the advantage of C is concentrated in spectral
regions susceptible to distortion rather than uniformly distributed. Thus,
augmenting R’? with metric C can further enhance the correction
quality.

So far, the metric has demonstrated strong performance at the
spectral level. Next, we examine whether optimal baseline
correction—defined by the minimal metric value—also translates into
optimal statistical results in regression modelling. To address this
question, a PLS model was constructed to quantify mAb concentrations
based on the preprocessed spectra after optimized baseline correction in
Fig. 3b. In parallel, a second PLS model was built using preprocessed
spectra where the baseline correction configuration was optimized to
minimize RMSECV and RMSEP, namely the model-driven optimization.
The predictive performance of the two models is compared in Fig. 4. As
illustrated in Fig. 4, both approaches provide relatively accurate pre-
dictions across the wide concentration range (up to 50 g/L). However,
the metric-driven optimization results in higher RMSECV and RMSEP
values of 0.8883 and 0.3866, respectively, and a lower R? of 0.9971,
compared with the model-driven approach, which achieves RMSECV
and RMSEP values of 0.1557 and 0.0867, respectively, and an R? of
0.9999. Meanwhile, Table 3 shows that the metric-driven pipeline pre-
serves high peak-wise linearity across the four reported bands, with r?
values ranging from 0.9744 to 0.9982, comparable to those obtained
with the model-driven pipeline. The results suggest the metric-driven
solution may be limited in calibration prediction accuracy in this data-
set while still maintaining the targeted spectral quality criteria.

Despite the superior prediction accuracy, the model-driven approach
achieves this performance through fundamentally different spectral
characteristics, as revealed by Fig. 3e. While spectra optimized for
model performance appear well aligned across most Raman regions, a
considerable amount of baselines remain after preprocessing. Fig. la
indicates that the background signals of raw spectra in the current
dataset already exhibit some degrees of protein concentration depen-
dence, likely attributable to sample autofluorescence [13] and the
relatively simple sample composition of the dataset. Consequently, the
model-driven optimization approach may leverage these baseline trends
and favor preprocessing configurations that retain portions of the
baseline signals, because this can benefit prediction performance within
the current dataset. However, modelling concentration with baseline
information can introduce significant drawbacks. Baseline offsets are
not analyte-specific and can be influenced by buffer composition and
external factors such as measurement setup and instrument drift [17,18,
35], which are independent of protein concentration. This means, the
baseline may rise or fall without any real change in protein level. Raman
spectra with residual baseline variations bear the risk that chemometric
models may incorporate this information during the calibration process
and misinterpret changes caused by non-protein factors as variations in
analyte concentrations. While this relationship can improve model
performance within the calibration dataset, it may not persist under
different operating conditions. Although not directly demonstrated in
this experiment, it can be deduced that models that rely partly on
baseline variation may exhibit reduced robustness when transferred to
new instruments, measurement setups, or sample matrices. In contrast,
the quality metric-driven strategy focuses on removing baseline
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Table 3

Comparison of spectral linearity at selected wavenumbers for the mAb dilution
series. The Pearson correlation coefficient r* was used to measure spectral
linearity. Values were computed for both raw spectra and spectra preprocessed
using optimal configurations derived from different preprocessing optimization
approaches.

1004 cm™ 1157 cm™ 1338 cm™ 1449 cm™!
Optimal preprocessing 0.9974 0.8683 0.9356 0.9994
selected via R'?
Optimal preprocessing 0.9982 0.9969 0.9744 0.9977
selected via R'2 & C
Optimal preprocessing 0.9983 0.9712 0.9983 0.9987

selected via RMSECV &
RMSEP

contributions and isolating chemically specific Raman features before
any modelling steps. Although it results in lower predictive accuracy for
the present dataset, it may offer advantages in future applications
involving more complex datasets, as it provides spectra that are more
representative of analyte-specific information.

3.2.2. Acetate dataset

When applied to a buffer system, the benefits of the quality-based
preprocessing approach are proven again. Different from the mAb
dataset, the acetate dilution series was replicated across multiple pH
values (pH 4.5-7). The protonation state of acetate varies in this pH
range, altering vibrational modes and inducing noticeable changes in
spectral peak representation. For example, the ratio of peaks at
890 cm ! and 930 cm ™! varies with increasing pH (Fig. 1b). A PLS
model was trained to predict acetate concentrations regardless of pH, by
including spectra from multiple pH conditions in the training set. The pH
6.5 data were left out and used as external validation dataset to examine
model robustness and generalization.

In Fig. 5, preprocessed spectra obtained using different preprocessing
strategies are displayed. Similar to previous findings, the metric effec-
tively rates the preprocessing performance, with lower metric values
linked to visually improved baseline removal, including clearer peak
separation and more consistent baseline estimates (Fig. 5b-d). Compared
to spectra optimized solely by R'2, the adopted R'? + C metric produces
better-resolved peaks with fewer artifacts, particularly in the regions of
780-900 cm™ and 1270-1500 cm™ (Fig. 5a-b). Table 4 complements
the visual comparison by quantifying peak-wise linearity across selected
acetate features. Compared with R'? alone, R'? + C increases mean r?
from 0.9896 to 0.9901 at 928 cm™ and from 0.9804 to 0.9896 at
1347 cm™ , while the change at 1415 cm™ is small (0.9884-0.9887).
The model-driven result is highest at 928 cm™ (0.9925), comparable at
1347 cm™ (0.9890), and lower at 1415 cm™! (0.9748). Accordingly, no
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single strategy dominates at every band. Overall, however, the com-
bined metric consistently preserves relatively high linearity across the
reported acetate features.

Interestingly, the model-driven optimized spectra demonstrate a
similar visual appearance (Fig. 5e) and peak linearity (Table 4) to the
metric-driven approach regarding the acetate bands, but the water peak
between 1550 and1750 cm ™ is largely omitted in the preprocessed
spectra. One possible explanation is that the model-driven optimization
selects the baseline-correction parameter A according to its ability to
maximize prediction of acetate concentration. Under this condition, the
optimizer could ultimately arrive at a A value that made the baseline
overly flexible to follow the curvature of broad spectral features.
Consequently, the broad water peak—which shows negligible variance
with acetate concentration across the training set—is treated as part of
the baseline and eliminated.

Fig. 6 compares the predictive performance of the models generated
using the two preprocessing strategies. During model calibration (Fig. 6,
left), the model-driven approach shows higher prediction accuracy
relative to the metric-driven approach, reducing RMSECV from 5.2505
to 3.7478 and RMSEP from 4.6399 to 3.1596. The R? value also in-
creases from 0.9780 to 0.9898. These results suggest that the model-
driven approach yields improved prediction within the model devel-
opment dataset, although the prediction errors of both methods remain
low relative to the overall concentration range (up to 100 mM). How-
ever, this improvement is accompanied by a loss of spectral integrity
because a genuine chemical feature, rather than only the baseline, is
removed. That means, in spite of a higher accuracy, the baseline
correction is from a spectroscopic point of view suboptimal. The water
peak, or peaks from other matrix components that may be present in
more complex samples, should ideally remain during baseline correction
procedure, even if they do not directly enhance analyte prediction. Any
exclusion of such features should be treated as an explicit variable-
selection decision, rather than occurring implicitly as a consequence
of the baseline correction.

In this dataset specifically, the removal of water peak also introduces
transferability challenges. While the water peak may not be directly
predictive of acetate concentration, it encodes information related to the
surrounding chemical environment. Specifically, water signals can
reflect changes in hydrogen bonding and solvent structure, which vary
with matrix properties such as ionic strength and pH [43]. As depicted in
Figure S2, the water peak exhibits a distinct shoulder located at the
1700-1750 cm ™! region depending on pH. Removing this region elim-
inates potentially informative variation related to the sample’s chemical
context and may therefore reduce the model’s ability to accommodate
changes in matrix conditions. This interpretation is supported by the
external validation at pH 6.5. As shown in Fig. 6, when deploying the
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Fig. 4. Comparison of PLS model performance based on the preprocessed spectra of the mAb dilution dataset using a. quality metric-based approach; b. model error-

based approach.
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Fig. 5. Preprocessed spectra of the acetate dilution dataset at pH 5.0 using different baseline correction optimization approaches. a. optimal preprocessing result
selected via R'%; b-d. optimal, medium, worst preprocessing results selected via the combined R*? & C metric; e. optimal preprocessing result selected via RMSECV&
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Table 4

Comparison of spectral linearity at selected wavenumbers for the acetate dilu-
tion series. The mean of Pearson correlation coefficient 7 at all pHs except 6.5
was used to measure spectral linearity. Values were computed for both raw
spectra and spectra preprocessed using optimal configurations derived from
different preprocessing optimization approaches.

928 cm™ 1347 cm™ 1415 cm™
Optimal preprocessing selected via R 0.9896 0.9804 0.9884
Optimal preprocessing selected viaR'>& C ~ 0.9901 0.9896 0.9887
Optimal preprocessing selected via 0.9925 0.9890 0.9748

RMSECV & RMSEP

model on spectra from an unseen pH, RMSEV and R? worsen for both
preprocessing approaches compared to their respective calibration set.
However, the deterioration is more substantial for the model-driven
approach. Relative to RMSEP in calibration, RMSEV increases by
21.5% for the metric-driven pipeline but by 85.4% for the model-driven
pipeline. In the external validation, metric-driven pipeline consequently
achieves slightly better performance, with an RMSEV of 5.6386
compared with 5.8570 and an R? of 0.9665 compared with 0.9638.
Although these results do not establish water-band preservation as the
sole cause of improved generalization, they indicate that the
model-driven pipeline learns relationships that were less stable under
the changed pH condition. In contrast, the metric-driven strategy better
maintains chemically meaningful spectral features and provides greater
robustness to the matrix variation evaluated in this study.

4. Conclusion

This study presents a quality-guided methodology for constructing
robust and interpretable preprocessing pipelines tailored to quantitative
Raman PAT applications in downstream mAb purification.

Given the high sensitivity of baseline correction to process
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variability, both its placement within the preprocessing pipeline and the
selection of algorithmic parameters are critical. Using a spectra library
that captures realistic variability in process parameters and measure-
ment conditions for both mAb and buffers systems, we first systemically
revised the order interdependencies among preprocessing steps. Within
the tested datasets and AsLS-family methods, cropping and smoothing
emerged as the most impactful steps affecting baseline correction con-
sistency. A sequence of cropping, baseline correction, smoothing, and
sapphire-peak normalization was identified to consistently stabilize
baseline estimation for low-noise spectra. Establishing this sequence
provided a robust starting point for the subsequent baseline correction
optimization, eliminated unfeasible combinations and avoided exhaus-
tive searches. Nevertheless, this order should be regarded as conditional.
Smoothing before baseline correction may be preferable for noisy
spectra, and cropping must retain sufficient and continuous baseline
context. Normalization before baseline correction might be the safer
default when scaling affects baseline variation or when normalization
methods other than peak normalization are used. The appropriate order
of preprocessing should be verified for individual applications and
datasets.

The introduced metric R'? + C combines artifacts assessment and
concentration-intensity linearity evaluation. Validation across mAb and
buffer datasets proved that this metric was able to reliably filter out
suboptimal configurations and guide the automated optimization to-
wards preprocessing results with minimized residual artifacts and pre-
served peak integrity, thereby ensuring analyte-specific spectral
behaviors. For benchmarking, metric-driven optimization was
compared with the conventional model-error-driven optimization at
both spectral and model outcome levels. Our results revealed a critical
limitation of model-driven optimization. While this approach occa-
sionally achieved higher calibration accuracy, the improvement in
prediction error was accompanied by background retention or removal
of chemically relevant spectral features. This observation underscores
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Fig. 6. Comparison of PLS model performance based on the preprocessed spectra of the acetate dilution dataset using a. quality metric- based approach; b. model
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the value of incorporating a spectral quality metric into preprocessing
decisions. In comparison, the metric-driven approach demonstrated
better preservation of chemically related spectral information and
showed improved robustness under changing sample conditions. Addi-
tional advantages include independence from modeling choice and
applicability prior to model construction.

We acknowledge that single-component datasets represent relatively
simple scenarios. They allow for a controlled evaluation of preprocess-
ing but may not reflect the complexity of real bioprocess streams
involving mixture composition. Nevertheless, the workflow establishes a
solid foundation that can be extended for more challenging pre-
processing tasks in mixture systems. Future work could also evaluate
broader applicability to other baseline correction algorithm families. In
principle, the same correction objective applies, but extension requires
empirical validation. Overall, this study demonstrates that the quality
metric serves as a viable alternative for directing preprocessing design.
By balancing statistical criteria with chemical principles, the proposed
approach supports the development of reliable and scalable Ram-
an-based PAT, helping to realize real-time monitoring and adaptive
control in dynamic downstream bioprocessing environments.
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