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The narrow therapeutic index and significant toxicity of colchicine (COL) underscore the importance of content
uniformity of dosage units to ensure drug safety and efficacy. In this study, transmission Raman spectroscopy
(TRS) technology combined with partial least squares (PLS) regression was used for the non-destructive deter-
mination of low concentration levels of COL in commercial tablets (0.83 % w/w). Based on a multifactor
orthogonal design of experiment, one hundred calibration tablets ranging in drug content from 70 % to 130 % of
the label claim were manufactured to develop an initial model which was further calibrated using the HPLC
results. The quantitative model displayed good repeatability and high accuracy with a root-mean-standard error
for calibration of 0.038 % and root-mean-standard error for cross-validation of 0.039 %. The limits of detection
and quantification were 0.13 % and 0.40 % w/w, respectively. The absolute value of relative error of the TRS and
HPLC content results for commercial tablets varied between 0 and 3.8 %. Notably, the relative standard deviation
(RSD) of the TRS method was 1.2 %, lower than the RSD of 2.9 % observed with HPLC. The results demonstrated
a fast and non-destructive method for the quality control of highly toxic and low content active pharmaceutical
ingredients in commercial products, without human or environmental exposure to toxic substances during

sample preparation.

1. Introduction

Colchicine (COL) is a major alkaloid derived from the autumn crocus
and other species of the Colchicum genus (Karamanou et al., 2018). COL
is a well-established first-line treatment for gouty arthritis due to its
involvement in various mechanisms that regulate the inflammatory
response, including the inhibition of microtubule formation and cell
division (Pascart and Richette, 2018; Robinson et al., 2022). Its unique
anti-inflammatory properties have also led to its use in the treatment of
other conditions, such as familial Mediterranean fever (FMF), Behcet’s
disease, cirrhosis, pericarditis, and certain types of carcinoma
(Bouabdallaoui and Tardif, 2022; Deftereos et al., 2022). Despite its
broad clinical applications, COL is associated with significant toxic side
effects. Blood concentrations of approximately 3 ng/mL can lead to
adverse effects, including nausea, vomiting, diarrhoea, and other
gastrointestinal reactions. Due to its narrow therapeutic window, pre-
cise control of COL is critical (Aghabiklooei et al., 2014; Molad, 2002).

* Corresponding authors.

COL is marketed globally in various oral dosage forms, including
tablets and liquid formulations (Lei et al., 2024). In 2009, COL tablets
(0.6 mg) were approved by the US Food and Drug Administration (FDA)
for treating acute gout and FMF (Portincasa et al., 2013). In 2023, the
FDA approved COL (0.5 mg) tablets, (LoDoCo®) as the first anti-
inflammatory drug for cardiovascular disease. This formulation re-
duces the risk of cardiac events in adult patients with a confirmed
diagnosis of atherosclerotic cardiovascular disease by an additional 31
% compared to placebo (Lei et al., 2024). In China, COL tablets (1 mg
and 0.5 mg) are the only approved COL preparations.

According to the United States Pharmacopoeia (43rd edition), the
assay and uniformity of COL dosage units must be tested using HPLC. In
addition to HPLC, Raman spectroscopy, including transmission Raman
spectroscopy (TRS), has become an increasingly accessible process
analytical technology (PAT) tool for the quantitative assessment of
active pharmaceutical ingredients (APIs) in both the continuous
manufacturing process and the final dosage form (Nagy et al., 2018a;
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N. Guo et al.
Table 1
DoE concentration ranges of components in calibration tablets.
Group API (w/ Magnesium stearate ~ Pregelatinised corn Lactose
No. w)% w/wW)% starch (w/w)%
(w/
w)%
1 0.58 0.83 33.33 65.25
2 0.66 1.01 26.33 72.00
3 0.66 1.01 40.33 58.00
4 0.66 0.66 26.33 72.35
5 0.83 0.83 43.33 55.00
6 0.83 1.08 33.33 64.75
7 1.01 1.01 26.33 71.65
8 1.01 0.66 26.33 72.00
9 1.01 0.66 40.33 58.00
10 1.08 0.83 33.33 64.75

Nagy et al., 2018b; Triboandas et al., 2024). A typical PAT tool com-
prises spectroscopy with chemometric tools, which can substantially
reduce the analysis time and costs for routine assays of API in tablets
(Farrell et al., 2012; Pieters et al., 2013; Triboandas et al., 2024; Wang
et al., 2021).

Compared with HPLC, the TRS method has the advantages of being a
non-destructive, high-throughput, and high-speed operation. Sample
preparation is not required, negating the need for solvent use. It can be
used for in-line monitoring of drug content in production lines (Zhang
and McGeorge, 2015). Unlike traditional backscatter Raman spectros-
copy, TRS collects Raman scatter signals from one side to another side of
the tablet; Therefore, the chemical information gathered is more
representative of the whole tablet, with more accurate quantitative re-
sults, compared to those gathered using traditional backscatter Raman
spectroscopy (Doddridge et al., 2022; Eliasson et al., 2008; Li et al.,
2016). Several studies have reported the application of TRS for API
quantitative analysis (Zhao et al., 2022a; Zhao et al., 2022b), crystal
polymorphism analysis (Griffen et al., 2016; Hennigan and Ryder, 2013)
(Griffen et al., 2018), co-crystal analysis (Burley et al., 2012) of tablet,
ointment formulations (Ohashi et al., 2022), 3D-printed formulations
(Trenfield et al., 2022) and liposome preparation (Sato et al., 2024). TRS
technology reported in literature has mostly applied to the quantitative
analysis of high-dose formulations (>1 % w/w), and there is relatively
little research on the application of low-dose formulations (<1 % w/w)
(Griffen et al., 2018). COL was chosen as a model drug in this study in
order to explore the possibility of applying TRS technology in the
quantitative determination of the API content of low-dose drug formu-
lations with a view to providing an alternative method to analyse highly
toxic APIs without the need for sample preparation to reduce the envi-
ronmental and the health impact on technical staff involved in the
analysis process.

2. Materials and methods
2.1. Materials

The manufactured tablets contained COL (Beijing Helen Medichem
Company, Beijing, China), lactose monohydrate (Aladdin Co. Ltd.,
Shanghai, China), pre-gelatinised corn starch (Shyuanye Co., Ltd.,
Shanghai, China), and magnesium stearate (Aladdin Co. Ltd., China).
The COL reference standard used in HPLC analysis was obtained from
the National Institute for Food and Drug Control (Beijing, China). The
commercial COL tablets were supplied by a Chinese pharmaceutical
manufacturer (anonymity requested).

2.2. Preparation of calibration samples

Table 1 lists the proportions of COL, magnesium stearate, pre-
gelatinised corn starch, and lactose used for the calibration set of COL
tablets during the multifactor orthogonal design of experiment (DoE)
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stage. Based on the concentrations listed in Table 1, which range from
70 % to 130 % of the label claim, ten sets of calibration tablets were
prepared. To prepare the calibration tablets, the API was initially mixed
with the pre-mixed placebo in a mortar to create a powder with ten times
the intended tablet strength. This ten-fold powder mixture was then
combined with additional placebo material, placed in a sealed bag,
shaken manually for 30 min to ensure homogeneity, with air introduced
to achieve the target concentrations. The resulting mixture was com-
pressed into tablets using a round mould with a diameter of 7 mm and a
height of 3 mm on a DP30A single-punch tablet machine, producing 10
tablets per concentration level. Each tablet had an average weight of
120 mg.

2.3. Transmission Raman spectroscopy measurements

Raman spectra of the API and its mixture were collected using a TRS
instrument (Agilent TRS100, Cheshire, UK) with Content QC software.
The acquisition settings included a laser beam diameter of 4 mm, laser
power of 650 mW, and low-area collection optics. Tablets were scanned
for 50 accumulations at 0.4 s per accumulation, resulting in a total scan
time of approximately 20 s per tablet. The measured wavenumber range
was 57 cm™! to 2000 cm .

2.4. HPLC analysis

One tablet was added to a 50 mL volumetric flask, approximately 30
mL mobile phase was added and ultrasonicated for 30 min to dissolve
COL. The mixture was allowed to cool and then diluted to volume with
the mobile phase. The mixture was mixed well and filtered. Subse-
quently, successive filtrates were used for analysis.

The experiment was carried out on an LC-30 A high-performance
liquid chromatograph (Shimadzu, Kyoto, Japan) using Lab Solutions
software. The separation was carried out at 30 °C using an Agilent HC-
C8 column (4.6 x 250 mm, 5 pm), with a mobile phase containing
methanol: water (50:50) at a flow rate of 1 mL min '. Detection was
performed at 254 nm. The measurements were repeated twice for each
sample. The concentration of each sample solution was calculated using
an external standard method. The concentration of the sample solution
was corrected using the sample weight and the label claim (1 mg per
tablet) to obtain the assay expressed as percentage of dosage weight (%
w/w) and of label claim (%) respectively.

2.5. Chemometric analysis

Chemometric analysis and model building were conducted using
Solo software (ver. 8.6.2, Eigenvector Research Inc., Manson, WA, USA).
To develop the PLS quantitative model for assaying COL, ten levels of
calibration tablets were selected, with each level scanned twice. The
Raman spectra of these samples were the input variables (X), while the
HPLC content was used as the response variable (Y). All spectra were
baseline-corrected, subjected to multivariate scatter correction (MSC),
and the variables were mean-centred before being imported into the
Solo software to construct a calibration model.

The predicted drug content values (y;) were compared to the actual
HPLC content values (y;), where n represents the number of samples
used for prediction. The Root Mean Square Error of Calibration
(RMSEC), Root Mean Square Error of Cross-Validation (RMSECV), and
Root Mean Square Error of Prediction (RMSEP) were calculated using
Eq.1 (Ohashi et al., 2022). The RMSEC was calculated using the pre-
dicted drug content values and the sample size of the calibration set.
Similarly, the RMSECV was determined using the predicted drug content
values obtained from cross-validation and the sample size of the cali-
bration set, while the RMSEP was derived using the predicted drug
content values and the sample size of the validation set. Cross-validation
was performed using the Venetian blinds method.
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Fig. 2. TRS spectra of the calibration samples used in the model building.

RMSE = (€]

The prediction of linearity was evaluated by fitting a straight line to
the “predicted (TRS) versus measured (HPLC) concentrations” graph,
resulting in a determination coefficient (R?). The limit of detection
(LOD) which was the minimum concentration that can be detected with
a 95 % confidence level, was calculated using the following equation
(Koide et al., 2020).

LOD = 3 x standard deviation (5)/slope of the regression curve (s)
(2)

Similarly, the limit of quantification (LOQ) was calculated using

Eq.3.

LOQ =10x3/s 3

3. Results and discussion
3.1. Method feasibility

Fig. 1 shows the Raman spectra of COL tablets and their individual
components. The API and COL tablets exhibited identical characteristic
Raman signals in the range of 1510 cm ™! to 1594 cm ™2, derived from the
stretching vibrations of benzene. These distinct absorption peaks, absent
in the placebo spectra, were identified as key features in the TRS spectra
for quantifying the API content in COL tablets.

Fig. 2 illustrates the Raman spectra of calibration samples with
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Table 2
Performance of PLS regression model using different preprocessing methods.
No Preprocessing method Spectral region ~ Number of PLS ~ R? RMSEC RMSECV
(em™) factor (%) (%)
1 . 3 0.940  0.0425 0.0432
o MSCmedian) 4 0.950  0.0386 0.0398
3 Mean centre 3 0.944  0.0411 0.0420
4 4 0.950  0.0389 0.0404
5 . . - . o . ) . 170-1700 3 0.938  0.0433 0.0440
6 MSC(median) + Savitzky-Golay 1st derivative (window size: 15points, polynomial order: 2) 4 0948  0.0395 0.0406
7 . . o . o . . . 3 0.938  0.0433 0.0440
8 MSC(median) + Savitzky-Golay 1st derivative (window size: 17 points, polynomial order: 2) 4 0949 0.0394 0.0405
9 3 0.951  0.0383 0.0393
*10 MSC(median) + Mean centre 17071700 4 0.961 0.0342 0.0416
11 300-1600 4 0.952  0.0379 0.0392
12 500-1600 4 0.954  0.0372 0.0397
varying COL concentrations (one spectrum per group). For tablets con-
taining 70-130 % of the labelled COL concentration, a clear correlation m Final model
was observed between the Raman scattering intensities in the range of 6-
1510 cm ™! to 1594 cm™! and the drug concentration. Variations in B Calibration model
spectral intensity confirmed measurable differences corresponding to
COL concentration levels. The lowest API concentration is shown in blue \?
(Group 1), and the highest concentration is shown in red (Group 10). <
[y -
° 4
3.2. Development of a partial least squares (PLS) regression model t
=
The main multivariate analysis methods included partial least g
squares (PLS), PCA, partial least squares discriminant analysis (PLS-DA), = 2-
and constrained regularisation (CR) (Shih, 2015). PLS is a multivariate %
statistical data analysis method based on principal component regres- [~
sion, recognised for its high selectivity and predictive accuracy in
mixture analysis. To develop a calibration model with good prediction
performance, the number of PLS factors, preprocessing methods, and 0 T I T I T T T I I T
spectral region were discussed in the study. The R?, RMSEC, and 1 2 3 4 5 6 7 8 9 10

RMSECV were used as predictive performance indicators of the cali-
bration model.

Internal cross-validation was conducted to evaluate model perfor-
mance and fine-tune parameters, such as the number of components for
PLS. This process occurs during the calibration phase and is typically
completed automatically in chemometric software packages. It involves
building a model through various iterations by systematically including
and excluding specific samples and then assessing the prediction accu-
racy for the remaining samples. Fig. 3 presents the RMSEC and RMSECV
values for PLS factors 1 to 10, calculated using three cross-validation
methods: random subset, contiguous block, and venetian blinds, with
the number of splits set to 10. Minimal difference in RMSECV values
were observed between the three methods. RMSECV values plateaued at
three or four PLS factors, as further detailed in Table 2. The venetian
blinds cross-validation method yielded the lowest RMSECV value and
was, therefore, selected for use in the model, regardless of whether the
number of PLS factors was set to three or four (Fig. 3).

In the next step, the number of PLS factors was determined. The
primary objective of factor selection is to identify a subset of predictor
variables that optimise the performance of the model. Selecting PLS
factors in a manner that avoids overfitting (which occurs when the
model captures the intended variability in the data and the noise,
reducing its predictive accuracy and generalisability) is crucial. As
shown in Table 2, the predictive performance of four PLS factors
consistently outperformed those with three factors in terms of R? and
RMSEC, regardless of the wavelength or preprocessing method. In
addition to accounting for the number of variables in the DoE table
(Table 1), physical factors arising from the tablet production process
were considered. Consequently, four latent variables were selected for
model building, as this provided the best performance without
overfitting.

The study compared three spectral preprocessing methods: MSC;

Calibration tablets groups(No.)

Fig. 4. Average relative error of predicted TRS and HPLC results predicted by
the calibrated and final models, determined using ten groups of calibration
tablets during internal cross-validation.

Savitzky-Golay first derivative; and mean centring. MSC, a scattering
correction technique, effectively reduced physical variations between
tablet samples, such as differences in size, shape, and hardness. The
Savitzky-Golay derivative method enhanced differences in drug con-
centrations between samples by applying baseline correction and
smoothing to the Raman spectra. Mean centring removed all common
features, thereby emphasising the spectral differences (Ohashi et al.,
2022). Among the twelve calibration models evaluated, calibration
model No.10, which utilised MSC and mean centring as correction
methods, exhibited the best performance, achieving the lowest RMSEC
(0.0342 %) and the highest R? (0.961).

The wavenumber region below 200 cm™ " was intentionally over-
exposed during measurements and was, therefore, excluded from model
building to improve signal quality at higher wavenumber regions. The
wavenumber range of 200-1700 cm ™! demonstrated marginally better
performance during method development compared to the other two
models (300-1600 cm ™! and 500-1600 cm ™).

1

3.3. Optimising the calibration model with commercially available tablets

In an ideal scenario, the preparation process of calibration tablets
should closely mimic that of commercially available tablets to establish
a robust and reliable model. However, differences between laboratory-
simulated small-scale preparation methods and commercial
manufacturing processes, such as variations in granulation, are
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unavoidable (Ohashi et al., 2023). Developing TRS models for high-
concentration active components is generally more straightforward
compared to low-concentration components. High-concentration in-
gredients tend to form more homogeneous samples, enabling the
development of more accurate TRS models. In contrast, low-
concentration samples often suffer from poor mixing, resulting in
greater variability. This variability can be observed in Fig. 4, where
certain calibration sample group with lower concentrations exhibit
relatively large errors, likely due to the challenges in sample preparation
and inhomogeneities inherent in low-dose formulations.

This study aimed to evaluate the feasibility of establishing a TRS
model for a low-dose, highly toxic drug. To improve the applicability of
the model to commercially available tablets, a batch of ten commercially
available tablets (LOT 21X1) was scanned twice and incorporated into
the existing calibration model for optimisation. The spectral region,
number of PLS factors, and preprocessing methods of the final model
remained consistent with those used in the calibration model.

As shown in Fig. 4, the relative error (Eq. (4)) between HPLC values
and TRS-predicted values using the optimised model was smaller than
that predicted by the calibrated model.

i

relative error = R%l x 100% 4)

TRS values were predicted automatically during internal cross-
validation, where a portion of the calibration data was used for
modelling and the remainder for prediction. This approach improved
the applicability and accuracy of the model for determining the COL
content in the commercially available tablets.

Fig. 5 depicts the evaluation of the dispersion of the data and the
quality of the samples in both the calibrated and final models. The score
of Residuals vs. Leverage in Fig. 5 A and B was used to judge whether
there were extreme points. All the samples are within the limit range,
indicating no outliers. The score plots in Fig. 5 C and D demonstrate that
all sample points were within the 95 % confidence interval, clustered
consistently by concentration level, and exhibited no significant differ-
ences within each concentration level.

The loading vectors of PLS factor 1 (69.30 % contribution) exhibited
peaks at wavenumbers similar to those in the pre-processed spectra of
COL and pre-gelatinised corn starch. The loading vector of PLS factor 2
(24.08 % contribution) showed peaks at wavenumbers similar to those
of the pre-processed spectra of lactose, which also contained charac-
teristic peaks of COL (Fig. 6). This correlation indicated that the

developed calibration model accurately reflected changes in COL con-
centration within the samples. The loading vector of PLS factor 3,
contributing 4.64 % to the variance, showed peaks similar to the pre-
processed spectra of magnesium stearate. Meanwhile, the loading vec-
tor of PLS factor 4, with a contribution of 0.40 %, was inferred to be
related to physical factors such as thickness, hardness, porosity (Bawuah
etal., 2023), or granule size. To address these variations, MSC and mean
centring were employed as correction methods during the development
of the PLS regression calibration model (Andrews et al., 2018).
Furthermore, a batch of commercial tablets was incorporated into the
model. The optimised model demonstrated good repeatability and high
accuracy, thereby enhancing the applicability of the model (Zhao et al.,
2022b).

The model performance was also reflected in the RMSEC and
RMSECV values, with a lower value being preferable, as shown in Fig. 7.
For the calibrated model, RMSEC and RMSECV were 0.0342 % and
0.0416 %, respectively. After the model was optimised using commer-
cial samples, these values converged to RMSEC (0.0376 %) and RMSECV
(0.0389 %), the RMSEC/RMSECV ratio served as a strong indicator of
the model’s robustness. Additionally, the RMSEP value decreased
significantly from 0.286 % to 0.017 %, indicating an enhancement in
predictive accuracy.

As the linearity inferred here is inherently different from HPLC
methods, one simply assesses whether the detector response produces a
linear response for the reference material at different concentrations.
This was a comparison of the two methods being assessed (Villaumie
et al., 2019). Both models exhibit linearity with R? = 0.96 and 0.95
across a range of +30 % of the nominal API concentration, which has
shown good linear correlation between TRS and HPLC results within 95
% confidence limit. The linear regression equation of the final model
was Y = 0.9451 x X + 0.000454 (p < 0.0001, where X was the content
measured using HPLC and Y was the content measured using TRS).

In multivariate analysis, multiple signals (responses) and compo-
nents in a mixture make the estimation of LOD less straightforward. A
simplified ICH recommendation was followed to calculate the LOD and
LOQ, where & was calculated as 0.038 % based on the standard deviation
of the residual error, slope obtained from the curve parameters as 0.95
(Fig. 7.B). The final model yielded values of 0.13 % and 0.40 % (w/w)
for the LOD and LOQ, respectively.
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3.4. Content prediction for commercially available tablets

To evaluate the predictive ability of the final model, it was chal-
lenged to predict the COL content expressed as percentage of label claim
(%) in four batches. The prediction test used a total of 40 commercial
tablets from the same manufacturer that were not used in the calibration
phase. Compared to HPLC results, the average COL content predicted by
TRS differed by 1.2 %, as shown in Table 3. The relative standard de-
viation (RSD) of the API content predicted by TRS were 1.2 %, which
was notably lower than the RSD values of 2.9 % obtained from HPLC.
The absolute value of the relative error of the two methods varied be-
tween 0 and 3.8 % (Fig. 8), indicating the strong predictive capability of
the TRS model. This result demonstrates the stability and repeatability
of the final TRS model.

To illustrate the uniformity in the COL amount between batches of
samples, the acceptance values of content uniformity (AV) were calcu-
lated based on the content (percentage of label claim) according to the
standards of the United States Pharmacopoeia (USP 43rd). The AVs of
the four batches calculated by both methods did not exceed 15.0, indi-
cating content uniformity of the validation commercial tablets meet the
requirements of USP 43rd. For the four batches of samples, the differ-
ences in AVs calculated by HPLC and TRS methods (Table 3) were 1.5,

1.8, 0.3, and 2.3. The minor differences indicate that the two methods
provide consistent assessments of batch uniformity. In conclusion, TRS
has proven suitable for content uniformity measurement and can be
used as a quality control tool in the production line as a supplementary
choice for HPLC (Griffen et al., 2015).

3.5. Environmental, time and personnel considerations

Despite the clinical use of COL, there are concerns regarding the
protection of operation personnel and the environment in the pharma-
ceutical process for such a toxic drug. While content uniformity deter-
mination using the HPLC has been specified in the Chinese and US
Pharmacopoeia, the adverse effects of the HPLC method on the envi-
ronment and operation personnel include many recognised drawbacks
in terms of: (i) inevitable exposure to COL solution which poses a high
risk to personnel health during sample preparation and (ii) the large
amount of mobile phase waste containing COL increases the difficulty of
treatment and environmental pollution. (iii) Long sample preparation
and measurement times (at least two days batch uniformity analysis). To
this end, an alternative option is to utilise TRS spectroscopy, which has
become a popular and non-destructive tool for the quantitative deter-
mination of toxic compounds such as COL. Overall, the experiment
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Table 3
The content prediction and uniformity calculation.

Batch Sample Content Acceptance value of
(percentage of label content uniformity
claim) (AV)

HPLC (%) TRS (%) HPLC TRS
1 98.2 95.2
2 101.1 96.8
3 98.8 94.6
4 100.4 96.4
5 96.0 96.3
21F1 6 08.6 04.8 3.4 4.9
7 99.0 96.5
8 98.4 97.4
9 97.6 96.5
10 97.9 94.9
1 98.6 94.1
2 100.6 95.8
3 99.9 95.1
4 96.5 94.6
5 99.7 96.7
21X1 6 978 05.7 3.3 5.1
7 99.4 94.6
8 100.3 95.5
9 97.4 94.6
10 99.8 95.2
1 93.2 92.1
2 92.5 93.0
3 93.4 93.5
4 93.7 93.4
5 94.7 95.1
2211 6 92.9 04.2 6.6 6.9
7 93.0 94.7
8 93.1 93.5
9 93.0 94.8
10 93.6 94.1
1 93.4 94.0
2 97.1 96.0
3 92.6 95.2
4 95.4 95.1
5 93.2 94.9
22 K1 6 94.2 05.7 7.4 5.1
7 95.7 94.9
8 94.5 95.2
9 93.7 96.3
10 94.3 97.1
Average content (%)  96.3 95.1 /
RSD(%) 2.9 1.2

Note: sd (Sample standard deviation),x(Mean of individual contents), Accep-
tance value of content uniformity(AV). AV = |[M-x| + 2.4 x sd (If 98.5% <X
<101.5%, then M = X (AV =2.4x sd). If X <98.5%, then M = 98.5% (AV = 98.5
-X + 2.4 x sd)).

=] 121F1
" _ [21x1
02211
122K1

N
1

T T 1
21F1 21X1 22L1 22K1
Commercial samples batch

Absolute value of relative error(%)
w
1

Fig. 8. The boxplot of relative error between HPLC and TRS content(calculated
as percentage of the dosage weight w/w,%).
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required less than 10 min for the analysis of one batch of samples, which
lessens the risk of prolonged personnel and environmental exposure to
toxic substances, aligning with the concept of green chemistry.

4. Conclusions

In conclusion, low COL concentrations (0.83 % w/w) in commercial
tablets has been successfully quantified using TRS with PLS, which is
applicable either during manufacturing or in QC lab tests for content
uniformity. The quantitative model has displayed satisfactory predictive
ability, good repeatability, and high accuracy, with an RMSEC of 0.038
% and an RMSECV of 0.039 %. The LOD and LOQ were estimated to be
0.13 % and 0.40 % w/w. The model has been used to predict COL
content in a total of 40 commercial tablets from four batches from the
same manufacturer. The absolute value of relative error of the TRS and
HPLC content results((calculated as percentage of the dosage weight w/
w,%)) varied between 0 and 3.8 %. The RSD of the API content of both
forms predicted by TRS were 1.2 %, surprisingly lower than that of HPLC
results, which demonstrated good stability and repeatability of the TRS
final model.

Overall, this study demonstrates that TRS is a suitable tool for the
rapid analysis of low-level COL content in final pharmaceutical prod-
ucts. The analysis was completed without sample preparation, which
minimised the exposure of operational personnel to toxic chemicals,
including solvents and the API.
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