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Near Infrared Diffuse Reflectance Spectroscopy for Rapid Detection of the
Excipients’ Contents in Amlodipine Besylate Tablets
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Abstract: The excipients contents in the Amlodipine Besylate Tablet were rapidly detected combing of the
near infrared spectroscopy and Chemometrics. Characteristic wavelength variation points were screened
by methods of Random Frog, Variable Importance Projection and Competition Self-Adaptive Reweighted
Sampling. After processing the original spectrum by 9 kinds of spectrum pre-processing methods, the
Partial Least Squares (PLS) model and Support Vector Regression analysis ( SVR) model were
established respectively and compared to each other. And then the optimized model was applied to test
the samples. The results show that the effect of Random Frog is better for the selection of optimal
characteristic wavelength variables in the samples involved; For the model predictions, the effect of PLS
quantitative model is better for the evaluation parameters in the determination coefficient and RMSEP of
the five indexes, when compared with that of the SVR model, and the Relative Percent Difference (RPD)

values are all more than 3. 0. The standard error of the tested values and measured values for samples are
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both less than 1. 30; Paired t-test shows that there is no significant difference at the significance level of
a=0.05. So near infrared diffuse reflectance spectroscopy can be used to rapidly detect the excipients’
contents in the Amlodipine Besylate Tablets, with a good repeatability, an intermediate precision, a
linearity, accuracy, can provide a good reference for the rapid detection of other pharmaceutical
excipients’ contents.

Key words: Near-infrared; Excipients; Support vector regression analysis; Random Frog; Amlodipine
Besylate Tablets

OCIS Codes: 120.4630; 070.0070; 170.1580; 200. 45603 200. 3050

0 Introduction

The quality differences between foreign original drugs and native generic drugs are always being
noticed. And one reason for this quality differences is due to the differences in the composition and
contents of pharmaceutical excipients. Although the quality of pharmaceutical formulations is related to the
production equipment, quality management control and the production process, the quality, the category
proportions of different excipients and the contents of the selected pharmaceutical excipients have directly

[, When one excipient or many types of

effect on the efficacy and quality of medicinal formulations
excipient coexist with the active pharmaceutical ingredient, the analysis for the excipients in solid
formulations is extremely difficult to implement. The chemical method, a determination method for
excipients contents, is often difficult to use; the chromatography, which is suitable for the analysis of
mixture, is also restricted due to the chemical properties of excipients, failing to reach the requirement for
separation or the need of unconventional detector. Furthermore, due to the solubility characteristics of
excipients in solid formulation, it is often difficult to make a suitable solution for analysis detection. With
the existence of the above factors, a fast, efficient and accurate method for the analysis and detection of
excipients in solid formulation are more urgently needed. While the near infrared spectroscopy has the
advantages of detecting at a high speed, a good test reproducibility, and being suitable for simultaneous

[z-4] , etc.

analysis on complex multi-components

When the whole segment data is used to model and analyze, a lot of redundant information in spectrum
will make the workload of modeling calculation bigger and the time spent on it longer. In addition, due to
the strong correlation between variables, not all the wavelengths can provide useful information.
Optimizing wavelength variables, on the one hand, can eliminate the irrelevant variables, and at the time
to simplify the model, can also improve the prediction accuracy and robustness of the model; on the other
hand, can apply it to the implantable minimally invasive spectrometer based on the obtained characteristic
wavelength, thus to effectively reduce the costs. Yan-Ru Zhao et al”! select important wavelengths from
the whole wavelengths using Random Frog algorithm (Random Frog), and establish the quantitative
prediction model for mulberry fruit soluble solids. Qianyi Luo et al"*! select the key variables that with the
most information through Competition Self-Adaptive Reweighted Sampling (CARS), and establish a rapid
quantitative analysis method for icariin. Goodarzi M et al™ combine the Interval Partial Least Squares
(iPLS), Variable Importance Projection (VIP), Uninformative Variable Elimination (UVE), Moving
Window Partial Least Squares (MWPLS) and random Interval Frog method (Interval Random Frog), and
use them to screen the most informative combination, which is applied in a spectrum implantable minimally
invasive sensor devices for the detection of glucose content in serum.

Support Vector Regression (SVR) is a new non-linear correction method developed in recent years,
and shows many advantages that traditional algorithms do not have in the issues relevant to the small
sample numbers, nonlinear, high-dimensional data space and other issues. Currently, SVR has been

widely used in the structure-activity relationships, pattern recognition and spectral quantitative
8-11]

analysis" This experiment takes amlodipine besylate as a sample, which is in the breed catalog of
generics conformance assessment, establishes near infrared quantitative models for its corresponding
excipients, and explores near infrared simultaneous quantitative method for excipients in complex analysis
system of solid pharmaceutical formulations. The comparison of a variety of mathematical methods in this
study shows that the effect of Random Frog is better for selection of optimal characteristic wavelength
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variables in the samples involved; For the model prediction, PLS prediction model is superior to SVR, and
is simple and fast, thus can be used for the rapid detection of excipients’ contents in amlodipine besylate

tablets.

1 Experiment section

1.1 Instrument and test parameters

Antaris [I Fourier transform near infrared spectrometer ( Thermo Fisher, United States),
ChemDataSolution 1. 1. 0 (Dalian ChemDataSolution Information Technology Co. Ltd), takes a built-in
instrument background as a reference, selects the spectral range from 10 000 ecm ' ~4 000 cm !, and with
a scanning number of 64 times, a resolution of 8§ ecm™'.

amlodipine besylate tablets is shown in Fig. 1. Curves show sample of amlodipine besylate,

The collected near infrared spectroscopy for

microcrystalline cellulose, pregelatinized starch, Sodium carboxymethyl starch, povidone and magnesium

stearate respectively.
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Fig. 1 Near-infrared diffuse reflectance spectrum charts of amlodipine besylates tablets

1.2 Preparation for samples

In accordance with the formla of Amlodipine besylate and counted by mass portion, there should be
100~400 portions of microcrystalline cellulose, 3 ~ 150 portions of pre-gelatinized starch, 100 ~ 200
portions of sodium carboxymethyl starch, 5~ 25 portions of povidone and 1~5 portions of magnesium
stearate. The active ingredient and related pharmaceutical excipients of amlodipine besylate should be
prepared into 100 portions of sample containing the main drug of 5 mg per portion, with the same weight of
1 g. OPUS 7. 0 shall be adopted to conduct modeling design for the 100 samples, and the mortar is used to
finely grind and mix evenly them, and pack in 10 mL penicillin bottles. In the data collection process, the
temperature shall be maintained at about 25°C and humidity at about 60% RH. Sample component content

statistics are shown in Table 1.

Table 1 Statistical table of sample component content

Component content English Minimum Maximum Average Standard
abbreviations value/ % value/ % value/ % deviation/ %
Microcrystalline cellulose MCC 29.09 68. 83 48.99 9.52
Pregelatinized starch PS 0.56 28.12 13.92 8.13
Sodium carboxymethyl starch CMS-Na 19. 30 37.75 28. 66 5. 30
Povidone PVP 0. 95 4.61 2.97 1. 09
Magnesium stearate MS 0.23 0.95 0.57 0. 20

Kennard-Stone method is used to divide the sample set, and 65 samples are divided as a calibration
set, while the remaining 35 as the validation set. It is used for model establishment and evaluation, which
are shown in Fig. 2. Prepare the samples with the low, medium, high concentration accessory materials
MCC (29.09% , 47.72% and 68.56%), PS (0.56 %, 13.70% and 28.12%), CMS-Na (19.30% , 28. 64 %
and 37.51%) +PVP (0.95%, 3.10%and 4. 60%) and MS (0.27%, 0.54% and 0. 95%). Use them in the

repeated and intermediate precision tests. And prepare 6 samples for the model test.
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Fig. 2 The box plot and distribution of the contents of five pharmaceutical excipients training set and test set

1.3 Model evaluation

Root Mean Square Error of Calibration (RMSEC) and determination coefficient (R*) are used to
compare the predictive ability of calibration model, the Root Mean Square Error of Cross Validation
(RMSECYV) is used to select the number of latent variables, the Root Mean Squared Error of Prediction
(RMSEP) is used to evaluate predictive ability of different PLS models. The homogeneity test of variance
(reliability 95%) is used to compare the forecast error of the built model. In addition, the paired ¢ test
(reliability 95%) is used to evaluate the accuracy. Variance analysis (reliability 95%) is used to compare
the experiment result and realize the accuracy assessment. The assessment of calibration models is related

to the repeatability, intermediate precision, accuracy, linear relationship and other related parameters.
2 Results and discussion

2.1 Spectrum pre-processing methods

In the rapid detection of near infrared diffuse reflectance spectroscopy. since the near infrared
spectroscopy measured by instrument not only contained the information of the sample itself, but also is
affected by the testing environment of the equipment, personnel operation and the influence of the sample
itself, so noise interference and some irrelevant information are appeared in the detection of near infrared
spectroscopy. If the signal generated by original spectrum is used to establish quantitative analysis model,
it will inevitably result in decreased model accuracy and precision. Therefore, adopting an appropriate
combination and operation order of spectral pre-processing method for the near infrared spectroscopy to
eliminate the effect of noise and some irrelevant information on spectrum, can improve the stability and
predictive ability of the calibration model.

The common pretreatment methods for NIR include smoothing, derivative, Multiplicative Scatter
Correction (MSC), Standard Normal Variate Transformation (SNV) and Orthogonal Signal Correction
(OSC) etc. They can correct the different noise signal in the near infrared spectrum respectively, and
derivative spectrum can effectively eliminate the interference of baseline and other background, distinguish
overlapping peaks and improve resolution and sensitivity, in which, Gap method can improve its ability of
eliminating the interference signal, which is the special case of Gap-Seg method to derivate; smoothing is a
common method for noise reduction, in which, the core of Penalized Least Squares Smoothing (PLSS)[
is that the optimization objective function of smoothing contains both the original spectrum and the least
squares items of spectrum after noise removal, as well as the penalty term of least square (the first
derivative of spectrum after noise removal), in which, the former is used to control the fitting error, while
the latter is used to define the smooth degree of spectrum after noise removal; MSC is mainly used to
eliminate the scattering influence induced by the particle’s uneven distribution and the particle’s size; SNV
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is mainly used to eliminate the influence of the solid particle’s size and surface scattering and change of
optical path on the near-infrared diffuse reflectance spectroscopy; OSCH*'*) removes the information that is
irrelevant to the tested component in spectral array by orthogonal projecting first, and then conducts
multivariate calibration operation, lastly, it is anticipated to achieve the goal of simplifying the model and
improving the predictive ability of the model. The quantitative analysis model of povidone is taken as an
example, and the statistical parameters of quantitative analysis models established by different spectral pre-

processing methods are shown in Table 2.

Table 2 The results comparison of Povidone models in different variable selection methods

Pre-Processing Methods LVs RE RMSEC R; RMSEP
MSC+ PLSS+SG 13 0.947 9 0.23 0.891 6 0. 36
OSC+ MedianFilter+ Gap 9 0.998 0 0. 049 0.997 3 0.058
SNV + GaussianFilter+ Gap-Seg 15 0.970 5 0.19 0.889 9 0. 36

The determination coefficient (R*) and the RMSEP of models are taken as the index to find the best
pretreatment method. R’ is the determination coefficient of validation set, and the closer of its value to 1,
indicating the more accurate prediction for the model; RMSEP is the root mean square error of prediction,
the smaller the value, the higher predicted accuracy for models. It can be seen that the correlation
coefficient of the model is closer to 1 after it is processed by the OSC + Median Filter+ Gap, and the
RMSEC and RMSEP are both small, indicating that the model’s prediction ability has been improved.
Therefore, OSC + Median Filter + Gap are selected to preprocess the original spectra, which are shown
in Fig. 3.
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Fig. 3 NIR spectra after pretreatment by OSC+ Median Filter+ Gap
2.2 Variable selection
In order to investigate the optimal selection method of wavelength variable, Random Frog, CARS,
VIP are used to optimize the wavelength variable for the whole spectral data, that is generated by pre-

U517 adopts the improved reverse jump Markov chain for

processing the spectra, in which, Random Frog
model sampling, obtaining a plurality of models. The appearance probability of each variable in the model
is counted, analyzed, and taken as the indicators and basis for the selection of important variables;
CARSM* ' firstly chooses the optimal subset of variables based on the so-called principle of "survival of the
fittest", and then randomly divides the samples to build models, calculates the interaction test error of the
variables subsets, and lastly takes the variables subsets that with the smallest mean value as the output;
the core idea of VIP"" is that the model score can reflect the explanation ability for the response value y
through variable, if the score corresponded to a variable has strong explanatory power, and also has
significant contribution to the construction of the model, then it will indicate that the variable is very
important and needs to be selected.

As can be seen from Fig. 1, within the entire near-infrared spectral range, the near infrared
spectroscopy characteristic peak positions of samples and pharmaceutical excipients of amlodipine besylate
can not be identified by comparison visually, and therefore chemical metrological must be adopt for
analysis. The spectral analysis of Random Frog preferred features variable of 5 kinds of excipients and
pharmaceutical excipients for Amlodipine Besylate Tablets is shown in Table 3.
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Table 3 Functional group assignment in NIR selected wavenumbers

Excipients Selected wavenumbers/cm ™! Assignments
6 897 2vO-H
5618 2vC-H
MCC 5495 O-H str. +C-O str.
4 283~4 386 C-H str. +CH, def.
4019 C-H str. +CH, str.
6 897 2vO-H
PS 4 762 O-H def. +C-O str.
4283~4 386 C-H str. +CH, def.
5063~5 128 RCO,R
CMS-Na 6 897 2vO-H
4 000 C-H str.
8 000~8 150 3vC-H str.
6 840~7 145 3vC-H
6 840~7 450 2vC-H str. +C-H def.
PVP
6 740 2vCONHR
5470~5 720 2vC - H
4 730~4 750 C-H def. + C=0 str.
7282 2vC-H str. + C-H del.
MS 4 945 C-H str. + C=0 str.
4 880 C-H str. + C=0 str.

Symbol in the table:
“2v”, “3v”. respectively, is the first overtone and second overtone;
“str. 7, “def. ”; respectively, is the stretch vibration and the deformation vibration.

Table 4 The results comparison of Povidone models in different pretreatment methods

Method Variable number LVs R¢ RMSEC R RMSEP
Random Frog-PLS 38 4 0.998 3 0. 046 0.997 8 0.051
CARS-PLS 21 8 0.997 5 0. 055 0.996 6 0.063
VIP-PLS 249 9 0.996 0 0.068 0.994 1 0. 085

The PLS model that is established through the three screening methods for wavelengths variables
point is shown in Table 4, with the quantitative model of povidone as an example, RMSEC and RMSEP in
the model established by Random Frog are both small, indicating that the predictive ability of the model
has been improved.

Fig. 4 is the screening process of the wavelength variables of the random frog method. Fig. 5 is the
wavelength selection result of the variable importance in the projection. The final selected wavelength

variables are 38 and 249.
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2.3 The comparison for modeling method

Support Vector Machine (SVM) method was firstly proposed for pattern recognition, and with the
introduction of e-insensitive function, SVM has been extended to nonlinear regression and function
approximation, and has shown good learning performance, which is called supporting vector regression
correction method"®*!, The establishment of the optimal quantitative model in SVR needs to optimize the
model parameters, and the key is to intensively find the optimal parameter setting in samples. In this
study, the type of kernel is RBF kernel, which is used to build SVR model, and the parameters that are
needed to be optimized include: kernel parameter gamma and penalty coefficient C. After they are
optimized by the grid search, the usage of SVR method for modeling and the forecasting results are shown
in Table 5. Paired t-test is used to detect the significance of differences between the predicted values and
the measured values, Paired t-test results (shown in Table 5) show that, | z | <<¢(0.05,34) (look up the
T Distribution Table #, 5.5 = 2. 032), P>0. 05, the results tested by two methods have no significant

difference.
Table 5 SVR method modeling and prediction results
Excipients C Gamma RZ RMSEC R: RMSEP ¢ Distribution P Values
MCC 100 0.01 0.998 6 1.03 0.984 4 1.06 1.527 0.136
PS 100 0.01 0.999 5 0.19 0.998 4 0.32 0. 307 0.761
CMS-Na 10 0.01 0.991 0 0.51 0.987 0 0.58 0.923 0.363
PVP 100 0.01 0.996 3 0.066 0.996 3 0.067 1.537 0.138
MS 1 0.01 0.917 8 0. 055 0.875 2 0.076 0. 464 0.523

PLS predictive model is established with the optimal characteristic wavelength variable selected by
Random Frog and the contents of excipients in amlodipine besylate tablets, and the results of modeling and
forecasting are shown in Table 6. Paired t-test is used to detect the significance of differences between the
predicted values and the measured values, Paired t-test results (shown in Table 6) show that, | ¢ | <t
(0. 05,34) (look up the T Distribution Table #, 5.5, =2.032), P>>0. 05, the results tested by two methods
have no significant difference.

Table 6 PLS method on five kinds of excipients modeling and prediction results

Excipients LVs RZ RMSEC R: RMSEP t-Distribution P Values
MCC 7 0.997 2 0. 50 0.996 5 0.53 0.043 0. 966
PS 4 0.999 2 0.22 0.998 9 0.27 0.751 0. 458
CMS-Na 5 0.994 0 0. 39 0.993 0 0.45 0.277 0.784
PVP 1 0.998 3 0. 046 0.997 8 0.051 0.252 0. 803
MS 6 0.997 7 0.010 0.997 0 0.011 1. 465 0.152

In order to analyze the reliability and applicability of different models, PLS and SVR models are
analyzed and compared in predicting the contents of excipients in amlodipine besylate tablets, in which, the
optimal model is determined based on the size of R*, RMSEC and RMSEP, and the relative percent
deviation of validation set ( RPD) is used for further evaluation of model effect; if RPD>3. 0, then it
indicates that the calibration effect is good and the established calibration model can be used for actual
detection; if 2. 5 <{RPD<C3. 0, it indicates that the quantitative analysis for this ingredient by near infrared
spectroscopy is feasible, but the prediction accuracy is required to improve; if RPD<C2. 5, it indicates that
quantitative analysis for the ingredient by near-infrared spectroscopy is difficult**), Although we can't
observe there are great differences between RMSEP value in the PLS model and RMSEP value in the SVR
model (F test, confidence interval 95%), Amlodipine nesylate tablets excipients quantitative model
parameters R*, RMSEC, RMSEP which are established by PLS are obviously better than those of the SVR
model, and RPD value is greater than 3. 0. It can be seen that the applicability and stability of PLS
quantitative model is slightly better, and the PLS prediction model can also be more reliable and stable in
the practical application.

2.4 The verification for near infrared quantitative analysis model
2.4.1 Repeatability
Use the samples with the low, medium, high concentration accessory materials, and repetitively
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measure the near infrared spectrum 6 times, and the excipients’ content of each analytical concentrations
are calculated and obtained through the established quantitative analysis model of amlodipine besylate
tablets respectively, to investigate the repeatability of the method. The measured relative standard
deviation values of the repeatability of various excipients under three concentration levels are below
0.38%., 1.45%, 0.78% ., 1.20% ., 1. 64 %respectively, showing that model has good repeatability.
2.4.2 Intermediate precision

Intermediate precision shows the laboratory internal changes, such as different equipment, different
dates and different analysts. In this thesis, the factors include three samples, two analysts, different
concentrations and different three days. The first analyst tests the sample in the morning, and the second
analyst tests the sample in the afternoon. In this case, standard deviation of five excipients is below
0.36%, 0.49%, 0.35%, 0.02%, 0.01%. There is no significant difference between the results which are
obtained by different analysts on different dates (variance analysis, reliability 95%). Finally, the assessed
relative standard deviation is under 1.23%, 1.72%, 0.95%, 0.80%, 1.61% on different dates.
2.4.3 Accuracy

Accuracy is evaluated by the statistical parameters RMSEC and RMSEP, The averagevalue of the
deviation of the validation set and the test set has been calculated, and the accuracy of the model is better,
and the results are shown in Table 7.

Table 7 Sample accuracy results summary

. . RMSEP of  Average value of the deviation Average value of the
Excipients RMSEC RMSEP

test set of the validation set deviation of the test set
MCC 0. 50 0.53 1.42 0. 37 1. 10
PS 0.22 0. 27 1.32 0.15 1.16
CMS-Na 0. 39 0.45 0.99 0.28 0. 81
PVP 0. 046 0.051 0.43 0.034 0.23
MS 0.010 0.011 0. 06 0. 008 0. 04

2.4.4 Linear relationship
The near infrared method is a secondary analysis method, its linear mainly studies the relationships
between prediction results and the first methods " and the results are shown in Table 8. Showing the NIR
analysis method of validation set and the linear equation of known value, the P value corresponding to
regression coefficients obtained by the test results is less than 0. 05, which is significant and has statistical
significance. That means the regression equation is established.
Table 8 Sample linear results summary

Excipients Linear range Linear equation Slope confidence interval Residual sum of squares
MCC 35.61%~68.83%  Y=0.986X+0.693 [0.967;1.004] 6. 900
PS 0.72%~27.50%  Y=0.991X+0. 155 [0.983;0.998] 1.100
CMS-Na 19.48%~37.75% Y=0.964X+1.006 [0.940;0. 988] 4,211
PVP 1.04%~4.61% Y=0.985X-+0. 043 [0.9715;0.998] 0.065
MS 0.23%~0.94% Y=0.979X+0.015 [0.964;0.995] 0.003

2.5 The confirmation of model validity

To be precise, after the model is established, it can not be used for the measurement analysis directly.
In order to check whether it can predict the result correctly, it is necessary to confirm the validity of the
model before it is in actual use. The predication of a good model should be well consistent with the
measurement result of the standard method, when it is evaluated by the validation samples. Besides, it
should avoid not to be influenced by the factors such as the change of instrument and temperature and the
background interference, but only be sensitive to the change of physical and chemical properties of the
sample. A group (usually 5 to 10, of course, the more the better) of qualified samples has been found to
be analyzed and tested with the established model. The property parameters of the qualified samples have
been known, but they do not participate in the model building (these samples are known as validation set).

The near infrared model of amlodipine besylate tablets has been used to analyze the six samples which
do not participate in the modeling. It can be found that the standard error of the test value and measured
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value of five accessories are 1. 30, 1. 21, 0.90, 0. 39 and 0. 06 respectively. Then the paired ¢-test has been
conducted to the test value and the measured value of near infrared model, and the ¢-distribution value is
1.142, 0.787, 1.868, 1.469 and 1. 903 respectively, and the significance level is 0. 305, 0.787, 0.121,
0.202 and 0. 115 respectively. The results show that at the significant level of @ = 0. 05, the two have no

significance difference.

3 Conclusions

Through the performance comparison of the quantitative model (established by three characteristic
wavelength variable screening methods: Random Frog, CARS, VIP) for the excipients in amlodipine
besylate tablet, it can be seen that the optimized method that is most suitable for the quantitative analysis
of excipients in amlodipine tablets is Random Frog, which can reduce the calculation amount of modeling,
shorten the time on building correction models, and improve the model prediction accuracy. The
quantitative models established with characteristic wavelength variable selection method are much
sensitive, so they could change with the wavelength variable point, making the mean square root error of
model prediction too large, therefore, the method is more suitable for the uniform state test samples. Only
when the screening methods for characteristic wavelength variable point is combined with the sample state
and the target values of the model to be established, it can play a crucial effect in modeling.

With the comparison of the modeling methods of two different models, it can be found that the
quantitative model (established with PLS) parameters R*, RMSEC, RMSEP of excipients in amlodipine
besylate tablets are significantly better than those of SVR model, and RPD values are all more than 3. 0.
The model, with high accuracy, could meet the needs of practical application, and could solve the
promotion issue for model predictive of excipients’ contents in amlodipine besylate tablets. This study also
indicates that SVR model has more advantages in the quantitation for excipients, such as: the selection
process for model parameters is easy to control, and only few parameters need to be optimized, etc. ,
furthermore, it is expected to become a commonly used quantitative analysis and correcting method for the
near infrared spectral pharmaceutical excipients.

The test results of unknown samples that are tested with quantitative analysis model of pharmaceutical
excipients established with PLS showed that, the standard error of the tested values and measured values
of unknown samples are both less than 1. 30, and the results of paired t-test showed that there was no
significant difference between the tested values and measured values of unknown samples at the significant
level of a=0.05. So the near infrared diffuse reflectance spectroscopy can be used for the rapid detection of
the excipients’ contents in amlodipine besylate tablets, with the advantages of being operated simply and
rapidly, green, accurate and reliable tested results, and good repeatability, stability, linearity, accuracy,
which may provide a reference for the rapid detection of other pharmaceutical excipients’ contents. In
practical application, by increasing the sample volume of calibration set and prediction set to further
optimize, validate and perfect the model, its applicability and reliability can be continuously improved, it
can meet the needs of actual production better, and has important guiding significance for on-line
detection; furthermore, it can further expand the application of near infrared spectroscopy. and it's
expected to give power to the consistency evaluation of generic drugs.
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