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Goals

1. Demonstrate the capability of DXR3 SmartRaman+
spectrometer for drug product identification
and quantification

2. Demonstrate a data driven strategy to optimize the
sampling position

3. Demonstrate the performance of direct model
transferability across instruments

4. Provide evidence of transfer function-based model
transferability across instruments to improve performance
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Key benefits

Rapid and reliable multi-attribute measurements,
including identification and quantification of fill-finished
products, with cost and time benefits.

Introduction

The biopharmaceutical market is growing rapidly, with many
types of drug products already available in the market for a
wide variety of treatments. These products include proteins
such as monoclonal antibodies, peptides such as GLP-1,
nucleic acids such as mRNA vaccines, conjugated or modified
biomolecules such as antibody-drug conjugates, therapeutic
cells such as CAR-T, and viruses such as AAV and Lentivirus.'

Manufacturing of biopharmaceuticals is highly regulated. Strict
cGMP protocols ensure batch-to-batch reproducibility, safety,
and efficacy. Recently, manufacturing and operational costs
have risen worldwide. Quality control (QC) is a major cost
driver. QC remains “unnegotiable” and still depends on many
labor-intensive assays to monitor product quality attributes
(PQASs) for release and stability. A better approach is to use
simpler, faster, and automation-friendly analytical tools. These
tools should monitor PQAs across the product lifecycle while
maintaining high quality.?

Raman spectroscopy meets these needs. It is simple,
nondestructive, and can read directly through various
containers with little or no sample preparation. Raman analysis
measures inelastic photon scattering; this signal is highly
specific to target analytes. It reveals compositional, structural,
and conformational information about drug products.
Combined with multivariate data analysis, a single Raman
spectrum can quantify multiple analytes and quality attributes
in complex formulations. This enables streamlined, multi-
attribute QC that supports diverse products, controls costs,
and maintains quality. It reduces operational cost and time. It
also enables larger QC sampling without extra cost or time,
further improving quality assurance.
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Figure 1. (a) DXR3 SmartRaman+ spectrometer with the ASA
accessory installed. (b) ASA accessory with no sample holder.

DXR3 SmartRaman™+ spectrometer for quantitative and

qualitative assessment of simulated drug products. The study

also evaluates direct model transferability across several

instruments, using different samples and laser sources, and

outlines strategies to improve transferability. For this studly,

non-destructive measurements were obtained through glass

containers. Overall, the newly introduced DXR3 SmartRaman+

spectrometer, with OPC-UA connectivity and an integrated

autosampler (ASA), will be shown to provide a complete platform

for fill-finish identification and quantification.

Factors

Lower control

Upper control

™

This study demonstrates the capabilities of the Thermo Scientific

Experimental details
Sample preparations
Model transferability studies across DXR3 SmartRaman+

instruments were performed using low and high fluorescence

samples in glass containers. For the low fluorescence samples,

a 532 nm laser was used. Acetaminophen solutions from O

to 10 mg/mL were prepared as 4 mL fills in 5 mL glass vials.

Raman data were acquired on six different instruments. All

measurements were taken through the sample vials.

A second set of transferability studies used a 785 nm laser

for high fluorescence drug product samples. To mimic a

fill-finish protein drug product, mixtures of bovine serum

albumin (BSA), sucrose (@ commonly used stabilizer),

and methionine (a commonly used antioxidant) at varying

concentrations were prepared in tris buffer at pH 8.0.3 Al

samples were filled to 4 mL volume in 5 mL borosilicate glass

vials. Training and validation concentrations were determined

by a design of experiment (DoE) using a Uniform Design (UD)

algorithm?® (Figure 2).

Factors

Lower control

Upper control

(Calibration)

limits (mg/mL)

limits (mg/mL)

(Validation)

limits (mg/mL)

limits (mg/mL)

BSA 0 30 BSA 1 28
Sucrose 0 50  Sucrose 0.5 45
Methionine 0 10  Methionine 0.5 9.5
Sucrose Methionine Sucrose Methionine
(mg/mL) (mg/mL) (mg/mL) (mg/mL)
St 16.57 33.14 0.00 V1 16.00 30.29 0.57
S2 3.29 38.86 7.71 V2 4.00 35.14 7.57
S3 13.29 11.14 10.00 V3 13.00 10.29 9.43
S4 0.00 22.29 329 V4 1.00 20.29 3.57
S5 20.00 0.00 6.71 V5 19.00 0.51 6.43
S6 26.71 27.71 8.86 V6 25.00 25.14 8.57
S7 10.00 50.00 557 V7 10.00 45.14 5.57
S8 30.00 16.57 443 V8 28.00 15.43 4.57
S9 23.29 44 57 229 V9 22.00 40.00 2.57
S10 6.71 5.71 1.14 V10 7.00 5.43 1.57

Figure 2. Samples information for model transferability studies. The concentrations were calculated using the design of experiment
(DoE) approach, calculated by the Uniform Design (UD) algorithm.



Training Sucrose Methionine

sample (mg/mL) (mg/mL)

S-ID 1 (Batch 1) 28.57 28.77 7.14

S-ID 2 (Batch 2) 28.77 28.57 7.07

S-ID 3 (Batch 3) 28.37 28.37 7.21

Mean 28.57 28.57 714

Std Dev 0.20 0.20 0.07

Validation Sucrose Methionine Description Attributes Exp(.actation

sample (mg/mL) (mg/mL) quality outcome

V-ID 1 28.57 28.57 0.00 Missing formulation Fail

V-1D 2 28.57 0.00 714 Missing formulation Fail

V-ID 3 14.29 28.57 714 Wrong formulation Fail

V-ID 4 0.00 28.57 714 Missing formulation Fail

V-ID 5 28.57 28.57 7.30 Wrong formulation Fail

V-ID 6 28.57 42.86 0.00 Missing formulation Fail

V-ID 7 28.57 28.57 714 Lysozyme added as | Contamination Fail
contaminant mimic

V-ID 8 28.57 19.87 714 Glucose 4.58 mg/ Sucrose hydrolyzes to | Fail
mL and fructose glucose and fructose

4.58 mg/mL added | in acidic environment
during storage.

V-ID 9 28.57 0.00 714 Glucose 15.05 mg/ | Complete excipient Fail
mL and fructose degradation
15.05 mg/mL added

V-ID 10 28.57 28.57 714 Trypsin added. Simulation of protein | Fail

degradation. Trypsin
cleave BSA to peptide
fragments

V-ID 11 28.57 28.57 714 Correct formulation Pass

Figure 3. Samples’ information for identification and quality assessment.

Training data were collected on one instrument at one site,
while the validation data were collected on six instruments

at another site. Samples were frozen and shipped between
sites. The study therefore reflects typical variations in storage,
transport, and method transfer across instruments, locations,
and operators. To demonstrate transfer function based
interinstrument model transferability, an additional BSA set
from O to 20 mg/mL in tris buffer at pH 8.0 was prepared in 5

mL glass vials.

Figure 4. Eight and single vial sample holder accessories for
For identification and quality assessment, three training DXR3 SmartRaman+ spectrometer are shown in A and B,
respectively. Though not shown here, varieties of another sample
holder are also available.

batches were prepared with slightly different concentrations
to mimic batch to batch variability (Figure 3). Validation
samples represented correct formulation, wrong or missing
formulation, contamination, excipient degradation, and active
pharmaceutical ingredient (API) degradation. All samples
were prepared in tris buffer at pH 8.0 as 4 mL fills in 5 mL
borosilicate glass vials.



Raman data collection

Raman data were acquired using the DXR3 SmartRaman+
spectrometer with the sample holder, shown in Figure 4A.
Acetaminophen showed minimal fluorescence, so a 532 nm
laser was used. Acquisition parameters were as follows:

3 s integration time, 10 averages, 40 mW laser power, and a
50 um aperture slit. Samples were positioned at X = 59,000 pm
and Y = 39,000 um. The Z-axis was adjusted manually to focus
the laser inside the sample. The final Z coordinate was

3500 um. The glass contributed minimal interference at

532 nm, so manual Z coordinate optimization was performed
using the spectral region 500 to 1850 cm™.

BSA samples were tested with both 785 nm and 532 nm lasers
using a single sample vial holder shown in Figure 4B. Due to
high fluorescence background with 532 nm laser source, the
785 nm laser was selected for further BSA analysis. A key
challenge with 785 nm is photoluminescence from borosilicate
glass. This was mitigated by precise X, Y, and Z focusing of the
DXR3 SmartRaman+ spectrometer to place the laser within the
liquid, reducing glass signal and enhancing sample signal. The
X and 'Y coordinates used in this study were set to the values
obtained during the USP qualification test for the polystyrene in
the built-in software . The Z-axis was optimized using principal
component analysis (PCA) with 4 mL of 20 mg/mL BSA in

tris buffer at pH 8.0 in 5 mL borosilicate vials. The optimized
coordinates were used for all studies and across instruments.
Note, the Z-axis optimization performed in this study is not a
part of the software.

The signal to noise ratio (SNR) was optimized manually using
different acquisition settings. Final acquisition settings were
these : 150 mW laser power, 3 s integration time, 100 averages,
50 pm aperture slit, cosmic ray reduction set to “auto”,
fluorescence correction none, and automatic dark background
collect on. Single spectra were collected per sample,
consistent with QC practice.

For transfer function based model transferability, a PLS model
for BSA quantification was trained on the Thermo Scientific™
MargMetrix™ All-In-One Raman Process Analyzer (MM AlO)
using a 785 nm laser, 200 mW power, 3 s integration time, and
50 averages. Data was collected through glass vials using the
Thermo Scientific™ MargMetrix™ Proximal BallProbe™ Sampling
Optic. An internal sample holder positioned the vial to focus
within the sample and minimize glass signal. Validation samples
were acquired on the DXR3 SmartRaman+ instrument with a
785 nm laser, 150 mW power, 3 s integration time, 80 averages,
and a 50 um slit aperture. Samples were positioned at X =
59,000 pym, Y = 39,000 pm, and Z = 3500 pym.

Chemometric model development

The Partial Least Squares (PLS) model for the acetaminophen
quantification model was developed using the spectral region of
206 to 1875 cm™ and 2731 to 3009 cm™'. The Raman spectra were
preprocessed using Savitzky-Golay filter (1%t derivative, order = 2,
window width = 13), followed by standard normal variate (SNV)
normalization and mean centering. The optimum number of latent
variables (LVs) was determined using leave-one-out cross-validation
(LOOCV) and the trained model was evaluated using the variable
importance in projection (VIP) score. The performance of the direct
model transferability of the trained model was assessed by applying
it to validation data acquired on five different instruments. The

root mean square error of prediction (RMSEP), R? prediction, and
prediction bias were statistics used to evaluate model performance.

For BSA, sucrose, and methionine quantification, PLS models

used 323-3152 cm™ with the same preprocessing (Savitzky-Golay
15t derivative, order = 2, window = 13; SNV; mean centering) and

LV selection by LOOCV. Models were examined using VIP scores
and selectivity ratio plots, and a PLS based limit of detection was
calculated on a single instrument following the referenced guidance.®
Performance was then assessed on validation data from six
instruments using RMSEP, R? prediction, and prediction bias.

The transfer function based model centric calibration transfer
(MCCT) was used to transfer a model from one instrument type

to another. The primary instrument was the MM AlO, and the
secondary (slave) instrument was the DXR3 SmartRaman+
spectrometer. A PLS model for BSA quantification was developed
on MM AIO using training data preprocessed with a Savitzky-

Golay filter (15 derivative, order = 2, window width = 13) and SNV
normalization. DXR3 SmartRaman+ spectra were interpolated to

the MM AIO Xaxis. The interpolated DXR3 SmartRaman+ data were
then used for direct prediction with the MM AIO PLS model. Raman
spectra from two additional samples (3 mg/mL and 13 mg/mL) were
collected on both MM AIO and DXR3 SmartRaman+ instruments.
After interpolation to a common X-axis, these paired spectra

were used to compute a transfer function with pairwise direct
standardization (PDS). The transfer function was inserted into the
PLS workflow after the Savitzky-Golay filter step. The updated model
was used to re-predict the test data from DXR3 SmartRaman-+.

Finally, a principal component analysis (PCA) model was developed
for identification and quality assessment. The spectral region from
400 to 3100 cm™ was selected, followed by Savitzky-Golay filtering
(15t derivative, order = 2, window width = 13) and SNV normalization.
Scores less than 1 for reduced Hotelling T2 and reduced Q residual
were set as the threshold for “Pass,” while scores greater than 1 for
Hotelling T2 or reduced Q residual, or both, were set as the threshold
for “Fail” with 95% confidence interval.

All chemometric work was performed using Solo Model Exporter 9.5
(2025) by Eigenvector Research, Inc., Manson, WA, USA.



Results and discussion

Direct model transferability: Acetaminophen samples
through glass using a 532nm laser

A 532 nm laser was used to acquire Raman spectra from
acetaminophen samples. Glass vials showed minimal
photoluminescence at 532 nm, and acetaminophen had

low fluorescence under this source. A PLS model for
acetaminophen quantification was developed on a single
primary instrument using the fingerprint and CH stretching
region with two latent variables. The spectral region after
Savitzky—Golay filtering and SNV normalization is shown

in Figure 5A. Spectra are color coded by acetaminophen
concentration (yellow = high, dark blue = low). The VIP score
plot is shown in Figure 5B. Raman shifts with VIP > 1 were
considered important.” Comparing Figures 5A and 5B shows
that the important Raman shifts in the model aligned with
acetaminophen signals, indicating model selectivity.
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Model performance was validated using independent test data
collected on five independent SmartRaman+ instruments. Test
spectra were interpolated to the primary instrument’s X axis,
and the PLS model was applied directly. Predictions from the
direct transfer are shown in Figure 5C. The average RMSEP was
0.28 mg/mL, prediction bias was 0.19 mg/mL, and R? prediction
was 0.99 (Figure 5C inset) for the concentration range of O to

10 mg/mL, demonstrating efficient direct transfer across DXR3
SmartRaman+ instruments.

Error analysis by instrument showed that bias was the dominant
contributor (Figure 5D; blue = RMSEP, orange = bias). Several
strategies can correct bias, including applying a bias-correction
factor, augmenting the data from multiple instruments to capture
instrument specific variations, optimizing preprocessing to
remove systematic spectral shifts, variable selection-based
model optimization, hyper-tuning models’ parameters, or
adjusting the model’s slope and intercept to realign predictions
with reference values using transfer functions. A transfer function
approach is discussed later. Here, a simple bias correction
markedly reduced error (green bar figure 5D), decreasing the
average RMSEP from 0.28 mg/mL to less than 0.10 mg/mL.
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Figure 5. Direct model transferability across DXR3 SmartRaman+ using a 532 nm laser with through vial measurements. (A) Spectral
region used for modeling after preprocessing; spectra are color coded by acetaminophen concentration. (B) VIP score plot; Raman
shifts with VIP > 1 correspond to acetaminophen Raman signatures. (C) Correlation plot of predictions across five instruments;
prediction statistics shown in the inset. Instrument 6 (training instrument) was not included to calculate prediction statistics (D)

Instrument specific error analysis.
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Figure 7. PLS calibration and specificity for BSA, sucrose, and methionine. (A, E, 1) Through vial spectra are color coded by respective
concentration. (B, F, J) Calibration plots with RMSECV (BSA = 0.54 mg/mL, sucrose = 0.48 mg/mL, methionine = 0.27 mg/mL) for the
three latent variables PLS models used. (C, G, K) VIP scores highlighting key Raman bands (BSA: 1003, 1670 cm'; sucrose: 835 cm™;
methionine: 700, 723 cm™). (D, H, L) Selectivity ratio plots also confirm analyte specific features.



Direct model transferability: Fluorescent BSA
samples through glass using a 785 nm laser
Optimizing the sample position to minimize glass
photoluminescence

Unlike the 532 nm laser, glass photoluminescence is a major
interference when reading through a glass container with a
785 nm laser.” An overlay of spectra from an empty vial using
785 nm and 532 nm lasers is shown in SI 1 (see Supplementary
Information section). Photoluminescence should be minimized
to improve model performance and transferability across
instruments as it’s a variation associated with the container,
not with analytes. While collecting the Raman spectra, the
laser must pass through glass to reach the sample, so glass
photoluminescence cannot be completely avoided. However,
it can be reduced by adjusting the Z axis and focusing the
laser into the sample. The workflow and results for Z axis
optimization to reduce glass photoluminescence are shown in
Figure 6.

Figure 6A shows Raman spectra of an empty glass container
using a 785 nm laser. In addition to Raman bands at ~480 cm
(Si—O-Si bending), ~800 cm™ (Si-O-Si symmetric stretching),
and ~1080 cm™ (Si—-O-Si asymmetric stretching), the glass
exhibits intense, broad photoluminescence spanning 1100—
2200 cm. & This photoluminescence may limit some through
glass applications. Most biological samples in native or
formulated states are highly fluorescent, making a 785 nm laser
essential for many applications.

To address this, we acquired Raman spectra of 20 mg/mL
BSA in a glass vial at different Z axis coordinates (2000-7000
um) with fixed X = 59,000 pm and Y = 39,000 pm, as shown
in Figure 6B. Unlike empty glass, BSA shows Raman features
at ~2800-3100 cm™ (CH stretching). Selecting 1100-2100
cm™ and 2800-3100 cm (Figure 6C), mean centering, and
analyzing by PCA revealed that glass photoluminescence
dominated principal component 1 (PC1), while the BSA amide
| region (1640-1680 cm™) and CH stretching features were
captured by PC2. Thus, the optimal Z axis setting is the one
that minimized PC1 scores and maximized PC2 scores. As
shown in Figures 6E and 6F, any Z-axis setting between 3000
to 6500 pm proved to be the optimal distance, as these spectra
had similar features with minimal glass interferences. For this
study, we selected the Z coordinate to be 3500 pym.

Quantitative BSA, sucrose, and methionine PLS
model development

Calibration data for chemometric model development were
acquired on a single primary instrument. The details of the PLS
models for BSA, sucrose, and methionine, along with model
statistics, are shown in Figure 7. The spectral regions used to
develop the models for BSA, sucrose, and methionine are color
coded by concentration in Figures 7A, 7E, and 71. Three latent
variables were selected for each PLS model. The root mean
square error of cross validation (RMSECV) for BSA, sucrose, and
methionine were 0.54 mg/mL, 0.48 mg/mL, and 0.27 mg/mL,
respectively, for the tested concentration range (Figures 7B, 7F,
and 7J).

The VIP and selectivity ratio plots were used to evaluate model
specificity for the target analytes.” For BSA (Figures 7C and 7D),
peaks at 1003 cm™ and 1670 cm™ are unique, corresponding

to the phenylalanine ring breathing mode and the symmetric
stretching of the carbonyl group in amide 1.° For sucrose (Figures
7G and 7H), the 835 cm™ band is specific and assigned to T(CHy)
with contribution from v(CC)."° For methionine, the 700 and 723
cm’ bands, assigned to C-S stretching," dominate the VIP and
selectivity plots. Comparing VIP and selectivity plots with aqueous
spectra of BSA, sucrose, and methionine (Figure 8) shows that the
dominant Raman shifts in the model are the characteristic Raman
bands for each analyte, indicating high model specificity.

After developing the PLS models on the primary instrument

and acquiring validation data on the same instrument, both
datasets were combined to build augmented PLS models.
Statistics from these augmented models were used to calculate
the limit of detection (LOD) following the referenced guidance.®
Results are summarized in Figure 9. The LODs for BSA, sucrose,
and methionine that could be confidently quantified in the
tricomponent mixture under these specific experimental conditions
were 0.80 mg/mL, 0.96 mg/mL, and 0.26 mg/mL, respectively.

Methionine

Sucrose

Raman intensity (a.u.)

t t t T
1,500 2,000 2,500 3,000

Raman shift (cm-)

t t
500 1,000

Figure 8. Characteristic Raman peaks for BSA, sucrose, and
methionine, indicated by black arrows.



BSA | LV = 4 | RMSEC = 0.0994 | RMSECV = 0.3664 Methionine | LV = 3 | RMSEC = 0.0909 | RMSECV = 0.1506 Sucrose | LV = 4 | RMSEC = 0.0745 | RMSECV = 0.2845
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SUMMARY — ALL ANALYTES

Analyte LV RMSEC (mg/mL) RMSECV (mg/mL) LOD min (mg/mL) LOD_ max(mg/mL)
BSA 4  0.0994 0.3664 0.7299 0.8043
Sucrose 4 0.0745 0.2845 0.8139 0.9649
Methionine 3 0.0909 0.1506 0.2431 0.2651

Figure 9. The LOD for BSA, sucrose, and methionine in the tricomponent mixture with under these experimental conditions were 0.80
mg/mL, 0.96 mg/mL, and 0.26 mg/mL respectively.
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Figure 10. Direct model transferability across seven DXR3 SmartRaman+ instruments for BSA (A), sucrose (B), and methionine (C). The
average RMSEP, prediction bias, and prediction R? were BSA, sucrose and methionine were 1.17 mg/mL, 0.12 mg/mL, 0.98, 2.00 mg/
mL, 1.30 mg/mL, 0.99, 0.37 mg/mL, 0.01 mg/mL, and 0.98 respectively.
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Figure 11. Error distribution across each instrument. The original RMSEP, bias and bias corrected RMSEP were represented by blue,
orange, and green bars, respectively. The major error contribution is bias, which when removed significantly reduces prediction errors.



Direct model transferability for BSA, sucrose, and
methionine quantification

To evaluate direct model transferability across DXR3
SmartRaman+ instruments, Raman spectra from validation
samples were collected on six secondary instruments using
the same acquisition settings as those used to develop the
calibration model on the primary instrument, and the PLS
models were applied directly to these spectra. The results

are shown in Figure 10A (BSA), 10B (sucrose) and 10C
(methionine). The average RMSEP across seven instruments
was 1.17 mg/mL for BSA, 2.00 mg/mL for sucrose, and 0.38
mg/mL for methionine within the respective concentration
ranges of 0-30 mg/mL, 0-50 mg/mL, and 0-10 mg/mL,

with all prediction errors remaining below 5% of the training
concentration range. Prediction biases for BSA, sucrose, and
methionine were 0.12, 1.30, and 0.01 mg/mL, and the R? values
for all analytes exceeded 0.98 as shown in inset in correlation
plots, demonstrating effective direct model transferability when
reading through glass vials using a 785 nm laser source.

Instrument-specific RMSEP (blue bars) and bias (orange

bars), as shown in Figure 11A (BSA), 11B (sucrose), and 11C
(methionine), indicated that most prediction errors stemmed
from systematic positive or negative bias, aligned with trends
reported in the literature for multivariate model transfer across
spectroscopic instruments. Applying a simple bias correction
substantially reduced the average RMSEP by more than 50% of
the original RMSEP for BSA, sucrose, and methionine to 0.50,
0.59, and 0.17 mg/mL, respectively, as shown by green bars in
Figure 11.

In this study, three primary sources of error were identified

as the photoluminescence variability of the glass vials, subtle
optical and mechanical differences between instruments,

and variations introduced by sample preparation, freezing,
shipping, and multi-site handling. Even with these sources of
variability, the average original RMSEP values below 5% of the
concentration range confirm strong model transferability across
DXR3 SmartRaman+ instruments. This reflects the uniformity
of their mechanical and optical design. These results provide

a baseline expectation for users and indicate that, depending
on application-specific tolerance limits, prediction performance
may be further improved by expanding training data to capture
glass photoluminescence variability, incorporating data from
multiple instruments, or applying transfer learning approaches.
As a proof-of-concept, a transfer learning approach is
discussed below.

Transfer function assisted inter-instrument model
transferability: A case study for bias correction

To illustrate model transferability using a transfer-function
approach, a proof-of-concept experiment was conducted to
transfer a BSA quantification model from one instrument type
to another that is significantly different in mechanical and
optical configurations (see Figure 12). A PLS model for BSA
was first developed using spectra collected through glass
vials with a 785 nm laser on the Thermo Scientific MargMetrix
All-in-One (MM AIO) process Raman analyzer. A one-latent-
variable PLS model was selected as optimal, providing an
RMSECYV of 0.67 mg/mL over the training concentration range
of 0 to 20 mg/mL (Figure 12B), and the associated VIP scores
(Figure 12C) indicated that the model was dominated by the
phenylalanine breathing mode near 1003 cm™. Validation data
were then acquired on DXR3 SmartRaman+ spectrometer.
Unlike the MM AIO, the DXR3 SmartRaman+ instrument
implements a relative Y-axis correction using white-light
calibration, resulting in substantial differences in the spectral
response between the two instruments (Figures 12A and 12D.
After interpolating the DXR3 SmartRaman+ spectra to the
X-axis of the MM AIQ, direct application of the MM AIO model
yielded large prediction errors, with an RMSEP of 5.40 mg/mL
and a prediction bias of 5.27 mg/mL (Figure 12E), along with
elevated reduced Q residuals (Figure 12F), demonstrating poor
direct model transferability.

To address this, a model-centric calibration transfer (MCCT)
was performed using the PDS algorithm in SOLO Eigenvector
software. Two samples were measured on both instruments,
and the resulting spectra were used to generate a transfer
function inserted into the model after the Savitzky-Golay
preprocessing step. Incorporation of this transfer function
markedly improved prediction performance, reducing the
RMSEP and prediction bias to 0.87 mg/mL and 0.56 mg/
mL, respectively (Figure 13A), and lowering the reduced Q
residuals from approximately 20-25 to less than 1.5 (Figure
13B). These results demonstrate excellent inter-instrument
model transferability from MM AIO to DXR3 SmartRaman+
instruments and show that transfer-function approaches can
substantially reduce prediction errors dominated by bias.
Although effective, this approach requires developing model-
and instrument-specific transfer functions, which may be
challenging in applications involving multiple models or multiple

instruments.'?'®
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Figure 12. Spectral differences between the MM AIO (A; calibration) and DXR3 SmartRaman+ (D; test) instruments and their impact
on direct model transferability are shown. The BSA PLS model developed on MM AIO (B, C) performed poorly when directly applied
to DXR3 SmartRaman+ data, resulting in high prediction error and bias (E; grey (calibration) and red (test)) and elevated reduced
Q-residuals (F; grey (calibration) and red (test)), indicating inadequate direct transferability between the two instrument platforms.
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Figure 13. Inter-instrument model transfer using a piecewise direct standardization (PDS) transfer function. Incorporating the PDS
transfer function into the MM AIO PLS model markedly improved prediction accuracy on DXR3 SmartRaman+ data, lowering both
RMSEP and bias (A; grey (calibration) and red (test)) and lowering reduced Q residuals to acceptable levels (B; grey (calibration) and
red (test)) of approximately close to 1.
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Figure 14. PCA model development and model results on validation data.

Validation | BSA Sucrose | Methionine Description Attributes Expgctation Mod_el :
(mg/mL) | (mg/mL) | (mg/mL) quality check | prediction
V-ID 1 28.57 28.57 0.00 Missing formulation Fail Fail
V-1D 2 28.57 0.00 714 Missing formulation Fail Fail
V-ID 3 14.29 28.57 714 Wrong formulation Fail Fail
V-ID 4 0.00 28.57 7.14 Missing formulation Fail Fail
V-ID 5 28.57 28.57 7.30 Wrong formulation Fail Fail
V-ID 6 28.57 42.86 0.00 Missing formulation Fail Fail
V-ID7 28.57 28.57 7.14 | Lysozyme added as | Contamination Fail Fail
contaminat mimic
V-ID 8 28.57 19.87 7.14 | Glucose 4.58 mg/ Sucrose hydrolyzes to | Fail Fail
mL and fructose glucose and fructose

4.58 mg/mL added | in acidic environment
during storage.

V-ID 9 28.57 0.00 7.14 | Glucose 15.05 mg/ | Complete excipient Fail Fail
mL and fructose degradation
15.05 mg/mL added

V-ID 10 28.57 28.57 7.14 | Trypsin added. Simulation of protein | Fail Fail

degradation. Trypsin
cleave BSA to peptide
fragments

V-1D 11 28.57 28.57 7.14 Correct formulation Pass Pass

Figure 15. Test sample description and results from model predictions.



Identification and quality assessment of fill-finish
drug products

The capability of DXR3 SmartRaman+ spectrometer for
fill-finish identification and quality assessments is illustrated
in Figure 14. The PCA component model was developed
using three principal components after applying Savitzky-
Golay filtering (1t derivative, order = 2, window width = 13)
and SNV normalization. The training samples from Batches

1, 2, and 3 were confined within the model space spanned
by the reduced Q residual = 1 and reduced Hotelling T2 = 1
with 95% confidence interval. Hence, the “Pass” or “Positive
Identification” criteria were set only for samples that have
reduced Q residual < 1 and reduced Hotelling T? < 1. Users
may set other values of reduced Q residual and reduced
Hotelling T2 at different confidence levels depending on their
applications. The test data with different formulations were
collected on the same instruments. The model was then
applied to the test data. The reduced Q residual and reduced
Hotelling T2 scores were calculated for each validation sample
after projecting the data into the PCA model space. The scores
were used to assign “Pass” or “Fail” outcomes as shown in
Figure 14 and Figure 15.

Validation samples V-ID 1-6, which were missing or incorrectly
formulated relative to the training batches, exhibited reduced
Q residuals > 1 and were flagged as “Fail.” Sample V-ID 7
contained lysozyme as contaminant, and the additional Raman
features introduced by this impurity also produced reduced Q
residuals > 1, yielding a “Fail” outcome. Samples V-ID 8 and

9 modeled excipient degradation via sucrose hydrolysis to
glucose and fructose, which altered their Raman signatures
and resulted in reduced Q residuals > 1, consistent with a
“Fail” classification. Sucrose has been shown to spontaneously
undergo hydrolysis into glucose and fructose, most commonly
due to acid-catalyzed hydrolysis. Previously, we have reported
how Raman can be used to monitor sucrose concentration

in the ultrafiltration/diafiltration (UF/DF) in real time as well as
sucrose hydrolysis as a QC check during buffer storage.'

Sample V-ID 10 simulated the scenario of drug product
degradation. A small amount of trypsin was added to the
sample, which hydrolyzed BSA into peptides and amino acids.
Hydrolysis of BSA triggered several distinct changes in the
Raman spectra, including the loss of the amide | Raman signal.
This is consistent with the mode of action of trypsin, which
hydrolyzes amide | bonds. Therefore, the sample had reduced
Q residual > 1, resulting in “Fail” identification.

Finally, sample V-ID 11 matched the formulation of the training
batches, produced reduced Q residual < 1, and therefore
passed the identification criteria.

Conclusions

Robust direct model transferability across DXR3
SmartRaman+ instruments was demonstrated using

both 532 nm and 785 nm excitation for through-glass
measurements. Prediction errors (RMSEP) remained below
5% of the tested concentration ranges, confirming reliable
quantitative performance across multiple instruments.

Residual prediction errors were dominated by systematic
bias, primarily arising from glass photoluminescence,
subtle optical and mechanical differences between
instruments, and sample handling effects such as freeze—
thaw and transport.

Instrument-specific error analysis showed that bias
correction is highly effective, with simple bias removal
reducing RMSEP by more than 50% for BSA, sucrose,
and methionine. Additional performance gains may
be achieved by incorporating multi-instrument data,
optimizing preprocessing and variable selection, or
applying model slope and intercept adjustments.

A proof-of-concept transfer-function strategy successfully
enabled inter-instrument model transfer between MM AIO
and DXR3 SmartRaman+ platforms, substantially reducing
prediction bias and error. This demonstrates a viable
approach for extending calibration models across different
Raman instrument architectures.

The DXR3 SmartRaman+ spectrometer demonstrated
strong capability for fill-finish drug product identification
and quality assessment, reliably detecting formulation
errors, contamination, and degradation using PCA-based
classification.

Overall, these results establish DXR3 SmartRaman+

as a versatile and automation-ready Raman platform
for biopharmaceutical quality control, offering robust
model portability, reliable multi-attribute measurements,
and strong alignment with modern manufacturing and
regulatory expectations.
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Sl 1. Raman spectra of an empty glass vial collected using 785
nm (red) and 532 nm (green) excitation while focusing the laser
directly on the glass surface (A). Under 785 nm excitation, strong
glass photoluminescence obscures the 1000-2000 cm™ spectral
region. When the same acquisition parameters used in the main
experiments were applied, the glass photoluminescence was
significantly reduced (B), decreasing maximum intensity from
approximately 15,000 counts to about 400 counts at ~ 1400 cm.
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