

[image: image1]
Pharmaceutical Analysis Model Robustness From Bagging-PLS and PLS Using Systematic Tracking Mapping









	
	ORIGINAL RESEARCH
published: 06 July 2018
doi: 10.3389/fchem.2018.00262





[image: image2]

Pharmaceutical Analysis Model Robustness From Bagging-PLS and PLS Using Systematic Tracking Mapping


Na Zhao1, Lijuan Ma2,3, Xingguo Huang2,3, Xiaona Liu4, Yanjiang Qiao1,2,3* and Zhisheng Wu1,2,3*


1Key Laboratory of Xinjiang Phytomedicine Resources and Utilization, Ministry of Education, School of Pharmacy, Shihezi University, Shihezi, China

2Beijing University of Chinese Medicine, Beijing, China

3Pharmaceutical Engineering and New Drug Development of TCM of Ministry of Education, Beijing, China

4School of Integrated Traditional Chinese and Western Medicine, Binzhou Medical University, Yantai, China

Edited by:
Hoang Vu Dang, Hanoi University of Pharmacy, Vietnam

Reviewed by:
Huawen Wu, BaySpec, Inc., United States
 Francesco Crea, Università degli Studi di Messina, Italy

* Correspondence: Yanjiang Qiao, yjqiao@263.net
 Zhisheng Wu, wzs@bucm.edu.cn

Specialty section: This article was submitted to Analytical Chemistry, a section of the journal Frontiers in Chemistry

Received: 28 November 2017
 Accepted: 12 June 2018
 Published: 06 July 2018

Citation: Zhao N, Ma L, Huang X, Liu X, Qiao Y and Wu Z (2018) Pharmaceutical Analysis Model Robustness From Bagging-PLS and PLS Using Systematic Tracking Mapping. Front. Chem. 6:262. doi: 10.3389/fchem.2018.00262



Our work proved that processing trajectory could effectively obtain a more reliable and robust quantitative model compared with the step-by-step optimization method. The use of systematic tracking was investigated as a tool to optimize modeling parameters including calibration method, spectral pretreatment and variable selection latent factors. The variable was selected by interval partial least-squares (iPLS), backward interval partial least-square (BiPLS) and synergy interval partial least-squares (SiPLS). The models were established by Partial least squares (PLS) and Bagging-PLS. The model performance was assessed by using the root mean square errors of validation (RMSEP) and the ratio of standard error of prediction to standard deviation (RPD). The proposed procedure was used to develop the models for near infrared (NIR) datasets of active pharmaceutical ingredients in tablets and chlorogenic acid of Lonicera japonica solution in ethanol precipitation process. The results demonstrated the processing trajectory has great advantages and feasibility in the development and optimization of multivariate calibration models as well as the effectiveness of bagging model and variable selection to improve prediction accuracy and robustness.
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INTRODUCTION

Multivariate calibration is the process of relating the measured response to the analyte amounts, concentrations, or other measured values of physical or chemical properties. Partial least squares (PLS) regression is the most effective and commonly used regression techniques in multivariate calibration because of its calibration model quality and ease of implementation. The statistical results show that approximately 20,000 published papers reports used PLS models from 2005 to 2017. The PLS technique has been effectively applied to different fields, especially in pharmaceutical analysis.

Kachrimanis et al. developed a fast and precise method using FT-Raman spectroscopy alongside with PLS for the quantitation of monoclinic and orthorhombic paracetamol in powder mixtures (Kachrimanis et al., 2007). Yu et al. established a PLS model using near infrared spectroscopy (NIR) and gas chromatography data to determine l-borneol in Blumea balsamifera (Ai-na-xiang) samples (Yu et al., 2017). Sarkhosh et al. developed a PLS model of redox potential with genetic algorithms selecting pixels in multivariate image analysis for a quantitative structure-activity relationships (QSAR) study of trypanocidal activity for quinone compounds (Sarkhosh et al., 2014). Üstün et al. built a fast quantification method combining 1H NMR spectroscopy with PLS to determine the chondroitin sulfate and dermatan sulfate in danaparoid sodium (Üstün et al., 2011). Wu et al. used NIR as a process analytical technology and developed the PLS model of 11 amino acids to monitor their concentration change during hydrolysis process of Cornu Bubali (Wu et al., 2013b).

The successful application of PLS depends on the development and validation of multivariable models. Recently, the multivariate data needs a more suitable method to establish a robust and reliable PLS model. However, many parameters need to be optimized for a quantitative PLS model, which include spectral pretreatment, variable selection, calibration methods, etc. To improve model performance, the pretreatments are used to reduce the undesirable variations effects from instrument, environment, sample preparation protocol, etc. (Faber, 1999; Blanco et al., 2007; Fernández-Cabanás et al., 2007; Lim et al., 2016).

Besides, variable selection in modeling is also an important step to identify informative features and/or remove uninformative variables for better prediction performance and model complexity reduction. Recently, based on the PLS algorithm, some variable selection methods have been developed including interval partial least-squares (iPLS) (Saudland et al., 2000), backward interval partial least-square (BiPLS) (Leardi and Nørgaard, 2004) and synergy interval partial least-squares (SiPLS) (Munck et al., 2001), etc. Many studies have confirmed the efficiency of these variable selection methods for improving model performance (Chen et al., 2008; Di et al., 2010; Wu et al., 2013a; Mahanty et al., 2016).

In addition, a single model is often not robust because of the change of calibration data and model parameters. An alternative effective approach to improve model robustness is ensemble modeling that establishes multiple models and combines their predictions into a single value. Bagging-PLS is one of most important ensemble modeling techniques. About 60 papers were published on the use of Bagging-PLS model in the period 2005–2017. Galvão et al. used bagging strategies in conjunction with Multiple Linear Regression (MLR) and PLS to develop the multivariate calibration models for four diesel quality parameters, showing that the prediction accuracy was improved by subagging procedure (Galvão et al., 2006). Pan et al. combined ensemble method of Bagging with PLS to detect naringin, hesperidin and neohesperidin in pilot-scale extraction process of Fructus aurantii with online NIR sensors (Pan et al., 2015).

Most of the published works dealing with PLS model used a univariate to optimize these modeling parameters step by step according to the root-mean-square error. The number of modeling paths of this method was limited and the results were often not the global optimal. Then, we proposed processing trajectory that can provide a systematic way to optimize parameters in a quantitative model (Zhao et al., 2015).

Based on the above considerations, we extend the optimization of spectral pretreatment, latent factors and variable selection using tracking procedure to spectral pretreatment, latent factors, variable selection and calibration method. The methods of variable selection included iPLS, BiPLS, and SiPLS. The models were established by using PLS and Bagging-PLS. The model performance was assessed using the root mean square errors of validation (RMSEP) and the ratio of standard error of prediction to standard deviation (RPD) (Esbensen et al., 2014; Williams et al., 2014). Two diferent NIR spectral datasets (one standard and one open source) were analyzed. The proposed procedure was used to predict active pharmaceutical ingredients (API) in tablets and chlorogenic acid of Lonicera japonica solution in ethanol precipitation process.

DATASETS AND ANALYSIS

Datasets

Tablet

The NIR transmittance spectra of a pharmaceutical tablet were described in Dyrby et al. (2002) and publicly available at http://www.models.life.ku.dk/Tablets. This tablet dataset consists of 310 samples measured in the range of 7,000–10,500 cm−1 with a resolution of 16 cm−1 i.e., a total number of 404 variables per sample. The objective of the analysis was to predict the API content of the tablet. The content of API in the tablets (% w/w) was assayed by high performance liquid chromatography (HPLC). The tablet dataset was supplied in Data Sheet 1. This dataset was divided into two groups: 207 and 103 samples for training and validation with Kennard-Stone (KS) algorithm, respectively.

Lonicera japonica

The NIR spectral dataset of Lonicera japonica has been reported previously (Wu et al., 2012). The data consisted of 216 samples with 2,800 variables in the range of 1,100–2,500 nm that measured on an XDS rapid liquid analyzer with VISION software in the transmission mode (Foss NIR Systems, Silver Spring, MD, USA). NIR spectra of Lonicera japonica solution obtained from ethanol precipitation process, were measured to estimate chlorogenic acid content. HPLC was used as the reference method for chlorogenic acid determination as recommended by the Chinese Pharmacopoeia (CHP, 2010 Edition) for Lonicera japonica monograph. The dataset of Lonicera japonica was supplied in Data Sheet 2. In this study, the training data consisted of 144 samples and the remaining 72 samples were used for validation.

Multivariate Data Analyses

The spectral pretreatment of data was performed using chemometric tool in this study (SIMCA P + 11.5, Umetrics, Sweden). Data analysis was conducted using Unscrambler 9.7 software package (Camo Software AS, Norway) and Matlab version 7.0 (MathWorks Inc., USA). Some of the algorithms were developed by Norgaard et al., readily downloadable from http://www.models.life.ku.dk/iToolbox.

Multivariate Calibration

A procedure for the development and optimization of multivariate calibration models using processing trajectory is summarized in Figure 2. The rationale behind this approach is that there was more than one path to obtain good model with different parameter combinations. Thus, the procedure was used to track and evaluate modeling processes with different parameters including spectral pretreatments, variable selections, latent factors, and calibration methods. The evaluation indexes of model includes RMSEP and RPD.

RESULT AND DISCUSSION

Raw Spectra

The raw NIR spectra of the tablet and Lonicera japonica solution were shown in Figure 1, which represent their characteristic peak locations regarding the active substance in each spectral dataset. In the NIR transmittance spectra of tablet (Figure 1A), there were several broad peaks located at around 10,000, 8,830, 8,200, and 7,840 cm−1, which originated from several components in the corresponding drug tablet. In addition, there were large fluctuations in the combined region of fundamental vibrations in the raw spectra of Lonicera japonica solution. Therefore, the spectral region of 1,100–1,900 nm was selected.
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FIGURE 1. Raw NIR spectra of tablet samples (A) and Lonicera japonica solution in ethanol precipitation process (B).



Processing Trajectory of PLS Model

The modeling procedure using processing trajectory was showed in Figure 2. Taking the tablet dataset as an example, the data set were split in to calibration and validation sets and the spectra were preprocessed using different methods including first derivative (1st), second derivative (2nd) and Savitzky-Golay smoothing with 9 points [SG(9)]. The iPLS, BiPLS and SiPLS were then used to select variables. Finally, the PLS and Bagging-PLS models were developed with latent factors from 1 to 10. Both RPD and RMSEP were calculated to evaluate the model. Figure 2 showed different modeling paths and model results. The parameters for PLS and Bagging-PLS models of API in tablet and chlorogenic acid of Lonicera japonica solution were shown in Tables S1, S2.
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FIGURE 2. The processing trajectory and assessment of PLS and Bagging-PLS model, tablet samples (A) and Lonicera japonica solution in ethanol precipitation process (B).



The RPD and RMSEP had similar trends in PLS and Bagging-PLS models. In Figure 2A, the RMSEP decreased with increasing latent factor coupled with different pretreatment methods and variables selections. The RPD also increased with an increase of small latent factors. However, when the latent variable was greater than a certain value, the RPD became smaller. Variances in RMSEP and RPD indexes were not obvious when using 1st and 2nd derivative preprocessed spectra. Other pretreatment methods were superior to 1st and 2nd derivative processing. The model for Lonicera japonica dataset is shown in Figure 2B. Similar results were found for the tablet dataset. The model results of other pretreatment methods were also better than 2nd derivative processing.

Moreover, this finding indicates that more than one modeling path could ensure a successful model. Data obtained from different modeling paths and model classification were shown in Figure 3. There were six good models with RPD between 3 and 3.5 (Figure 3A), and some very good model paths with RPD values greater than 3.5 (Figure 3B). In the previous modeling process routine, the parameters were optimized one at a time according to the resultant prediction accuracy. This was a poor approach to path modeling vs. step-by-step parameter optimization (Table S3). The optimal parameters of the API model obtained step-by-step optimized were the raw spectra and iPLS-selecting variable under 3 latent factors. The model performance was fair. However, the result of processing trajectory showed that six good models could be obtained by combination of SG(9) pretreatment and BiPLS-selecting variables.
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FIGURE 3. The processing trajectory of PLS and Bagging-PLS model tablet samples (A) and Lonicera japonica solution in ethanol precipitation process (B).



Development and Validation of Calibration Models

The best nonsystematic parameter combination for the chlorogenic acid Bagging-PLS model was raw spectra and iPLS or BiPLS variables selection under 2 latent factors. The model performance was good. However, there were 24 very good models with different systematic parameter combinations in the result of processing trajectory. The best parameter combination of the chlorogenic acid model was that the model was developed by Bagging-PLS with SG(9) spectral pretreatment and SiPLS-selecting variables under 6 factors. It demonstrated that the model obtained through the processing trajectory was better than that step-by-step optimized. It means that the optimal systematic model parameter combination can be obtained via the processing trajectory and bagging ensemble modeling techniques, and variable assignment could improve prediction accuracy and robustness.

The model validity was evaluated in terms of RMSEP and RPD values. Taking the tablet dataset as an example, Figure 2A showed that the model established using Bagging-PLS with SG(9) pretreatment and BiPLS-selecting variables under 10 latent factors had the best performance. The RMSEP and RPD values of the validation set were 0.4126% and 3.2234, respectively. In contrast, the RMSEP and RPD of the model step-by-step optimized were 0.5164% and 2.5755, respectively. These results also showed that the model developed with Bagging-PLS had a good predictive performance. Similarly, the model of Lonicera japonica solution was developed using Bagging-PLS with SG(9) spectral pretreatment and SiPLS-selecting variables under 6 latent factors. The RMSEP and RPD were 0.0728 mg/mL and 3.9166, respectively. The RMSEP and RPD of the model step-by-step optimized were 0.0891% and 3.1966, respectively. Figure 4 presents the data obtained with Bagging-PLS models using the two datasets. The prediction values reasonably agreed with HPLC results. The parameters indicated that NIRS could be used for the determination of API in tablets and chlorogenic acid of Lonicera japonica solution in ethanol precipitation process.
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FIGURE 4. Correlation between the prediction and reference values of the datasets: tablet samples (A) and Lonicera japonica solution in ethanol precipitation process (B).



CONCLUSION

We proposed processing trajectory to optimize the parameters of multivariate calibration such as spectral pretreatment, latent factors, variable selection and calibration methods. The models were developed using PLS and Bagging-PLS with different spectral pretreatments and variable selection methods under different latent factors. The chemometric indicators (RMSEP and RPD) were used to evaluated the model. The different PLS and Bagging-PLS models were used to quantify the API in tablets and chlorogenic acid of Lonicera japonica solution in ethanol precipitation process. The result illustrated that the processing trajectory has great advantages and feasibility in the development and optimization of multivariate calibration models and the effectiveness of bagging model and variable selection to improve prediction accuracy and robustness.

In conclusion, the application of processing trajectory for model optimization shows excellent results to develop a reliable and robust model. The proposed should be translated into an algorithm to be integrated into PLS software, helping to obtain better models.

AUTHOR CONTRIBUTIONS

YQ and ZW conceived and designed the study. NZ performed the experiment with the help of LM, XH, and XL. NZ and ZW wrote the manuscript. All authors read and approved the final manuscript.

ACKNOWLEDGMENTS

This work was supported by the National Natural Science Foundation of China (81773914), Beijing Nova Program of China (xx2016050), Science Fund for Distinguished Young Scholars in BUCM (2015-JYB-XYQ-003) and Fund for young teachers in BUCM (2016-JYB-JSMS-061).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fchem.2018.00262/full#supplementary-material

REFERENCES

 Blanco, M., Castillo, M., Peinado, A., and Beneyto, R. (2007). Determination of low analyte concentrations by near-infrared spectroscopy: effect of spectral pretreatments and estimation of multivariate detection limits. Anal. Chim. Acta 581, 318–323. doi: 10.1016/j.aca.2006.08.018

 Chen, Q. S., Zhao, J. W., Liu, M. H., Cai, J. R., and Liu, J. H. (2008). Determination of total polyphenols content in green tea using FT-NIR spectroscopy and different PLS algorithms, J. Pharma. Biomed. 46, 568–573. doi: 10.1016/j.jpba.2007.10.031

 Di, W., Yong, H., Nie, P. C., Fang, C., and Bao, Y. D. (2010). Hybrid variable selection in visible and near-infrared spectral analysis for non-invasive quality determination of grape juice. Anal. Chim. Acta 659, 229–237. doi: 10.1016/j.aca.2009.11.045

 Dyrby, M., Engelsen, S. B., Nørgaard, L., Bruhn, M., and Lundsbergnielsen, L. (2002). Chemometric quantitation of the active substance (Containing C=N) in a pharmaceutical tablet using Near-Infrared (NIR) transmittance and NIR FT-Raman spectra. Appl. Spectrosc. 56, 579-585. doi: 10.1366/0003702021955358

 Esbensen, K. H., Geladi, P., and Larsen, A. (2014). The RPD myth…. NIR news 25, 24–28. doi: 10.1255/nirn.1462

 Faber, N. K. (1999). Multivariate sensitivity for the interpretation of the effect of spectral pretreatment methods on near-infrared calibration model predictions. Anal. Chem. 71, 557–565. doi: 10.1021/ac980415r

 Fernández-Cabanás, V. M., Garrido-Varo, A., Olmo, J. G., Pedro, E. D., and Dardenne, P. (2007). Optimisation of the spectral pre-treatments used for Iberian pig fat NIR calibrations. Chemometri. Intell. Lab. 87, 104–112. doi: 10.1016/j.chemolab.2006.10.005

 Galvão, R. K. H., Araújo, M. C. U., Martins, M. D. N., José, G. E., Pontes, M. J. C., Silva, E. C., et al. (2006). An application of subagging for the improvement of prediction accuracy of multivariate calibration models. Chemometri. Intell. Lab. 81, 60–67. doi: 10.1016/j.chemolab.2005.09.005

 Kachrimanis, K., Braun, D. E., and Griesser, U. J. (2007). Quantitative analysis of paracetamol polymorphs in powder mixtures by FT-Raman spectroscopy and PLS regression. J. Pharma. Biomed. 43, 407–412. doi: 10.1016/j.jpba.2006.07.032

 Leardi, R., and Nørgaard, L. (2004). Sequential application of backward interval partial least squares and genetic algorithms for the selection of relevant spectral regions. J. Chemometr. 18, 486–497. doi: 10.1002/cem.893

 Lim, J., Kim, G., Mo, C., Kim, M. S., Chao, K., Qin, J., et al. (2016). Detection of melamine in milk powders using near-infrared hyperspectral imaging combined with regression coefficient of partial least square regression model. Talanta 151, 183–191. doi: 10.1016/j.talanta.2016.01.035

 Mahanty, B., Yoon, S. U., and Kim, C. G. (2016). Spectroscopic quantitation of tetrazolium formazan in nano-toxicity assay with interval-based partial least squares regression and genetic algorithm. Chemometri. Intell. Lab. 154, 16–22. doi: 10.1016/j.chemolab.2016.03.012

 Munck, L., Nielsen, J. P., Møller, B., Jacobsen, S., Søndergaard, I., Engelsen, S. B., et al. (2001). Exploring the phenotypic expression of a regulatory proteome-altering gene by spectroscopy and chemometrics. Anal. Chim. Acta 446, 169–184. doi: 10.1016/S0003-2670(01)01056-X

 Pan, X. N., Li, Y., Wu, Z. S., Zhang, Q., Zheng, Z., Shi, X. Y., et al. (2015). A online NIR sensor for the pilot-scale extraction process in Fructus aurantii coupled with single and ensemble methods. Sensors 15, 8749–8763. doi: 10.3390/s150408749

 Sarkhosh, M., Khorshidi, N., Niazi, A., and Leardi, R. (2014). Application of genetic algorithms for pixel selection in multivariate image analysis for a QSAR study of trypanocidal activity for quinone compounds and design new quinone compounds. Chemometri. Intell. Lab. 139, 168–174. doi: 10.1016/j.chemolab.2014.09.004

 Saudland, A., Wagner, J., Nielsen, J. P., Munck, L., Norgaard, L., and Engelsen, S. B. (2000). Interval partial least-squares regression (iPLS): a comparative chemometric study with an example from near-infrared spectroscopy. Appl. Spectrosc. 54, 413–419. doi: 10.1366/0003702001949500

 Üstün, B., Sanders, K. B., Dani, P., and Kellenbach, E. R. (2011). Quantification of chondroitin sulfate and dermatan sulfate in danaparoid sodium by 1H NMR spectroscopy and PLS regression. Anal. Bioanal. Chem. 399, 629–634. doi: 10.1007/s00216-010-4193-7

 Williams, P (2014). Tutorial: the RPD statistic: a tutorial note. NIR news 25, 22–26. doi: 10.1255/nirn.1419

 Wu, Z. S., Du, M., Sui, C. L., Shi, X. Y., and Qiao, Y. J. (2012). Development and validation of nir model using low-concentration calibration range: rapid analysis of Lonicera japonica solution in ethanol precipitation process. Anal. Methods 4, 1084–1088. doi: 10.1039/C2AY05607K

 Wu, Z. S., Ma, Q., Lin, Z. Z., Peng, Y. F., Ai, L., Shi, X. Y., et al. (2013a). A novel model selection strategy using total error concept. Talanta 107, 248–254. doi: 10.1016/j.talanta.2012.12.057

 Wu, Z. S., Peng, Y. F., Chen, W., Xu, B., Ma, Q., Shi, X. Y., et al. (2013b). NIR spectroscopy as a process analytical technology (PAT) tool for monitoring and understanding of a hydrolysis process. Bioresou. Technol. 137, 394–399. doi: 10.1016/j.biortech.2013.03.008

 Yu, F. L., Zhao, N., Wu, Z. S., Huang, M., Wang, D., Zhang, Y. B., et al. (2017). NIR rapid assessments of Blumea balsamifera (Ai-na-xiang) in China. Molecules 22:E1730. doi: 10.3390/molecules22101730

 Zhao, N., Wu, Z. S., Zhang, Q., Shi, X. Y., Ma, Q., and Qiao, Y. J. (2015). Optimization of parameter selection for partial least squares model development. Sci. Rep. 5:11647. doi: 10.1038/srep11647

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Zhao, Ma, Huang, Liu, Qiao and Wu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fchem-06-00262-g003.gif
—"






OPS/images/fchem-06-00262-g004.gif





OPS/images/fchem-06-00262-g001.gif





OPS/images/fchem-06-00262-g002.gif





OPS/images/cover.jpg
’ frontiers
in Chemistry

Pharmaceutical Analysis Model
Robustness From Bagging-PLS and
PLS Using Systematic Tracking
Mapping









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Chemistry





