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Published: 29 July 2016 © This paper investigated the feasibility of Fourier transform infrared transmission (FT-IR) spectroscopy
. to detect talcum powder illegally added in tea based on chemometric methods. Firstly, 210 samples

of tea powder with 13 dose levels of talcum powder were prepared for FT-IR spectra acquirement. In
. order to highlight the slight variations in FT-IR spectra, smoothing, normalize and standard normal
: variate (SNV) were employed to preprocess the raw spectra. Among them, SNV preprocessing had
. the best performance with high correlation of prediction (R, = 0.948) and low root mean square
: error of prediction (RMSEP = 0.108) of partial least squares (PLS) model. Then 18 characteristic
: wavenumbers were selected based on a hybrid of backward interval partial least squares (biPLS)
. regression, competitive adaptive reweighted sampling (CARS) algorithm and successive projections
algorithm (SPA). These characteristic wavenumbers only accounted for 0.64% of the full wavenumbers.
Following that, 18 characteristic wavenumbers were used to build linear and nonlinear determination
models by PLS regression and extreme learning machine (ELM), respectively. The optimal model with
Rp=0.963 and RMSEP =0.137 was achieved by ELM algorithm. These results demonstrated that FT-IR
spectroscopy with chemometrics could be used successfully to detect talcum powder in tea.

Tea is one of the most popular drinks throughout the world. Among all the organoleptic evaluation indexes of tea,
color plays an especially important role in the quality and the market price of tea’?. Therefore, some tea producers
: add talcum powder into the tea illegally to make it more attractive or conceal quality defects. Talcum powder,
© Mgs[Si,0,0](OH),, is an important industrial mineral and it is widely used in the manufacture of body and face
. powder**. Recently, many researches have proved that abusing talcum powder may increase the risk of cancer>*.
© According to China food safety standards GB/T 14456.17, it is banned to add any illegal adulterations in tea pro-
duction. However, there is still no standard method for the detection of talcum powder in tea.
: Unfortunately, research on talcum powder in tea is uncommon. Chen et al.” and Xiang et al.? investigated
. talcum powder in tea based on traditional chemical methods. In these researches, the existence of talcum pow-
. der in tea was arbitrarily inferred based on the existence of magnesium’®. Actually, the tea itself has abundant
© magnesium, which is the integrant element of chlorophyll’. And soil metal pollution may also lead to the accu-
mulation of magnesium in tea. So, the existence of magnesium cannot prove the existence of talcum powder. In
. addition, the traditional detection of adulterations is based on chemical analysis, which is trivial, expensive and
. time-consuming. Therefore, a rapid, simple and accurate detection method to evaluate the talcum powder added
in tea is required.

Infrared (IR) spectroscopy has been known as a powerful tool for analysis of chemical constituents with spe-
cific frequency absorbance of functional groups. More complex structure leads to more absorption bands and
more complex spectra. Rapid detection is the biggest advantage of IR spectroscopy. In 1977, Norris et al. first
used near infrared (NIR) spectroscopy to study the protein in hard red winter wheat'®. In recent decades, IR
spectroscopy has been widely applied to analyze food quality''~**. Especially, an increasing number of researches
on tea and adulterants in food are reported. Li et al. analyzed dry matter content of tea by near infrared (NIR)

. and mid-infrared (MIR) spectroscopy'*. Botelho et al. applied MIR spectroscopy to detect five adulterants in raw

* milk'. However, there are still few studies on detection of adulterants in tea based on IR spectroscopy.

: The IR spectra generally comprises a wide range of wavenumbers, some of which are useless or irrelevant
information for modeling'®. These interfered wavenumbers should be eliminated and the most relevant wave-
numbers should be selected. Therefore, chemometric methods play a particularly important role in wavenumbers
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Figure 1. The average spectra of (a) pure tea sample, (b) tea sample with 1.50 mg/g talcum powder and (c)
pure talcum powder including (d) the enlargement of the main peaks of pure talcum powder in the range of
990-1055cm 1.

selection. In order to improve the accuracy of model and reduce the modeling time, more and more wavenumbers
selection methods were reported nowadays, such as, regression coeflicient analysis (RCA)Y, Genetic algorithm
(GA)'® and random forests (RF)™. In this research, a hybrid wavenumbers selection method, which combined
backward interval partial least squares (biPLS) regression®’, competitive adaptive reweighted sampling (CARS)
algorithm?! and successive projections algorithm (SPA)??, was applied for IR spectral wavenumbers selection.

The aim of this study is to discriminate the tea samples added with talcum powder or not based on the IR spec-
tra. Moreover, a hybrid method of biPLS, CARS and SPA was applied to select the most relevant wavenumbers
and to build a model for quantitative detection of talcum powder in tea.

Results and Discussion

Overview of samples and spectral pre-treatment. The average spectra of pure tea sample, tea sample
with 1.50 mg/g talcum powder and pure talcum powder are demonstrated in Fig. 1(a—c), respectively. For the pure
talcum powder spectrum, the main absorbance peaks were observed in the range of 990-1055cm ™! (see enlarged
peaks in Fig. 1(d)), which can be attributed to the Si-O-Si group?. In addition, another peak around 1444 cm™!
could be found in Fig. 1(c), which is related to Magnesite*!. Comparing Fig. 1(a) with Fig. 1(b), the spectra of
pure and adulterated samples have similar absorbance peaks at 1401 (related to N=N), 1617 (related to N=0)
and 3117 cm™! (related to C-H and O-H)?>?. Moreover, no distinct differences can be observed by naked eyes
in Fig. 1(a,b). Therefore, it is in urgent need to build a model based on IR spectra for detection of talcum powder
in tea.

In order to obtain a reliable, accurate and stable model, it is necessary to preprocess raw spectra before mod-
eling, as shown in Fig. 2(a). Consequently, the spectral preprocessing methods of smoothing, normalize and
standard normal variate (SNV) were applied comparatively in this research. And the spectra preprocessed using
these methods were respectively presented in Fig. 2(b-d). To evaluate the effects of the spectra preprocessing, the
data was used to build a PLS model, and the results were shown in Table 1. It could be found that the PLS model
with SNV preprocessing (Model 4) had the best performance, which had a highest correlation of prediction
(Rp=0.948) and a lowest root-mean square error of prediction (RMSEP = 0.108). Therefore, the following che-
mometric analysis was based on the spectra after SNV preprocessing.

Qualitative analysis. Before establishing quantitative model, principal component analysis (PCA) was used
as a classification tool for analyzing tea sample with talcum powder or without. PCA is an unsupervised pattern
recognition method, which can indicate the data trend of samples in visualizing dimension spaces?. To visualize
the data trend of tea samples with different dose levels of talcum powder, a three-dimensional graph of tea sam-
ples using the first three principal components (PCs) were obtained, which was shown in Fig. 3. The PC1, PC2
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Figure 2. IR spectra of tea samples obtained from: (a) raw spectra, (b) smoothing preprocessing spectra,
(c) normalize preprocessing spectra, (d) SNV preprocessing spectra.

Model 1 Raw data 0.959 0.141 0.958 0.144 0.933 0.123
Model 2 Smoothing 0.960 0.140 0.958 0.144 0.934 0.122
Model 3 Normalize 0.984 0.091 0.979 0.102 0.903 0.142
Model 4 SNV 0.972 0.118 0.969 0.125 0.948 0.108

Table 1. Results for different spectral preprocessing methods by PLS.

and PC3 explained 77.9%, 6.2% and 3.1% of the variables, respectively. The total accumulative contribution rate of
PC1, PC2 and PC3 accounted for 87.2%, which means the first three PCs could explain 87.2% of all information.
It could be seen in Fig. 3 that pure tea samples and adulterated tea samples can be clearly separated. Whereas
adulterated tea samples with different dose levels of talcum powder were clustered closely. It means PCA can be
efficiently utilized for analyzing tea sample with talcum powder or without. However, it was not good at classi-
fying adulterated tea samples with different dose levels of talcum powder. Therefore, quantitative analysis was
adopted in the following studies.

Quantitative analysis. Establishment of linear model. 1In order to simplify the model and improve the
performance of model, biPLS was first used to select the most relevant wavenumbers in this research. During
the process of biPLS, firstly, the full spectrum from 881 to 3581 cm ™! were divided into 20 intervals with the
same width manually. Then, leaving one subinterval out at a time, and the remaining subintervals were com-
bined to build a PLS model. Repeating the previous step, several models with different number of intervals were
achieved. Comparing the root-mean square error of cross validation (RMSECV) of each model, the one with
lowest RMSECV was chosen as the best model. Thus, the intervals in the best model are the optimal ones. In
this research, the final selected intervals were: 881-1080, 1182-1381, 1583-1682, 1783-1983, 2285-2384, 2686-
2785cm™. Then these 936 wavenumbers were used to build a PLS model (Model 5), and the results were shown in
Table 2. Comparing with Model 4, Model 5 was more simple, the wavenumbers of which was reduced from 2800
to 936, and its performance improved obviously with higher R, =0.949 and lower RMSEP =0.107. However, the
wavenumbers of Model 5 for modeling were still too much, which accounted for 33.46% of the full wavenumbers.

SCIENTIFIC REPORTS | 6:30313 | DOI: 10.1038/srep30313 3



www.nature.com/scientificreports/

PC2(6.2%)

w >
- p— w E

A 0.00mg/g
B 0.15mg/g
C 0.25mg/g
1) 0.35mg/g
E 0.50mg/g
F 0.65mg/g
. 0.75mg/g
1 0.85mg/g
1 1.00mg/g
J 1.10mg/g

1.25mg/g
1. 1.40mg/g
M 1.50mg/g

PC1(77.9%)

Model 4 None 2800 0.972 0.118 0.969 0.125 0.948 0.108
Model 5 biPLS 936 0.973 0.116 0.971 0.121 0.949 0.107
Model 6 BiPLS + CARS 111 0.965 0.131 0.962 0.136 0.942 0.114
Model 7 BiPLS + CARS + SPA 18 0.964 0.133 0.961 0.139 0.931 0.124

Table 2. Results of different wavenumbers selection methods.

So, CARS was used to reduce wavenumbers after biPLS processing. The process of CARS was shown in Fig. 4. It
could be seen that the number of sample variables decreased fast in Fig. 4(a). And in Fig. 4(b), RMSECV declined
at first, which indicates that some uninformative wavenumbers were eliminated. Then it increased rapidly due
to removing some useful wavenumbers. Lines in Fig. 4(c) represented the coefficient of independent variables at
different sampling runs. The vertical asterisk line was used to mark the optimal model with the lowest RMSECV.
After the asterisk line, the RMSECV began to rise, which was attributed to the elimination of some effective wave-
numbers. Finally, 111 wavenumbers, which accounted for 3.96% of the full wavenumbers, were selected by CARS
to build a PLS model (Model 6). The results were shown in Table 2. It could be found that Model 6 had worse
performance than both Model 4 and Model 5. But the gap between calibration and prediction in Model 6 became
smaller than both Model 4 and Model 5, which means Model 6 had better stability and adaptability. Thus, CARS
was effective for extraction of the optimal wavenumbers in this research.

However, 111 wavenumbers were also a little more for establishing a simple and convenient model. Therefore, SPA
was utilized on the basis of these 111 wavenumbers. It could be seen in Table 2 that 18 wavenumbers (914, 1011, 1016,
1021, 1035, 1050, 1059, 1067, 1080, 1182, 1249, 1340, 1613, 1631, 1683, 1804, 2296, 2370 cm ') were selected as the
most useful variables through SPA, which was only 0.64% of the full wavenumbers shown in Fig. 5. Combination of
previous refs 24, 28, 29 and Fig. 1(c), 1016 (Si-O-Si), 1182 and 1249(CO-0), 1340 (Cng), 1631 (OH) and 2296 (Si-H)
cm™! were the characteristic wavenumbers of talcum powder. Subsequently, these 18 wavenumbers were treated as
input variables for establishing PLS model (Model 7), and the results were shown in Table 2. Comparing Model 5 and
Model 6, the performance of Model 7 seemed slightly worse, but R, =0.931 and RMSEP =0.124 of Model 7 were still
acceptable. The most exciting thing was that the dimension of spectral variables reduced from 2800 to 18 characteris-
tic wavenumbers, which resulted in a pretty simple linear model for the quantitative detection of talcum powder in
tea. Meanwhile, these characteristic wavenumbers laid a solid foundation for revealing the detection mechanism of
talcum powder in tea by IR spectroscopy. In conclusion, all these results indicated that a hybrid wavenumbers selec-
tion method, which combined biPLS regression, CARS algorithm and SPA, was effective for extracting the optimal
wavenumbers from full spectrum. Meanwhile, it had good performance of the quantitative detection model of talcum
powder in tea. More details of results of different wavenumbers selection methods were shown in Table 2.

Establishment of nonlinear model. In order to further improve the accuracy of the detection model,
ELM was used to build a nonlinear model based on the above 18 characteristic wavenumbers. In the modeling,
the activation function of ELM was set to “sigmoidal”. The number of hidden nodes, which was the only param-
eter needed to be determined manually, was varied from 1 to 80. The best model was achieved using 36 hidden
nodes. The optimal results were obtained with Rp=0.963 and RMSEP = 0.137 shown in Fig. 6. Compared with
the prediction capacity of Model 7, ELM model had better prediction accuracy which indicated that ELM was
more suitable than PLS for IR analysis in this research.
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Figure 4. The process of CARS. (a) The changing trend of the number of sampled variables; (b) The changing
trend of RMSECYV; (c) The changing trend of regression coeflicients of each variable.
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Figure 5. Selected wavenumbers by a hybrid of biPLS, CARS and SPA.

Conclusion

In this research, the feasibility of FT-IR spectroscopy for the detection of talcum powder in tea was investigated.
Comparing with previous studies, a hybrid of biPLS regression, CARS algorithm and SPA were first used to select
optimal wavenumbers, which effectively extracted 18 characteristic wavenumbers from the full spectrum (3581
wavenumbers). Among these 18 wavenumbers, 1016(Si-O-Si), 1182 and 1249(CO-0), 1340 (CO?), 1631(OH)
and 2296(Si-H) cm ! were the characteristic wavenumbers of talcum powder. And the linear and nonlinear
detection models were built with these 18 characteristic wavenumbers by PLS and ELM, respectively. The optimal
model was achieved with R, =0.963 and RMSEP = 0.137 based on ELM. All these results sufficiently indicated
that FT-IR spectroscopy could be considered as a useful tool for rapid detection of talcum powder in tea.

Materials and Methods
Sample preparation. A set of 210 LongJing tea samples were purchased from a local market in Hangzhou,
China. Talcum powder was purchased from Beijing Hagibis Technology Co.Ltd (Beijing, China). Firstly, Tea
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samples were ground into powder and filtered through a 60-mesh sieve. Then, 4.00 g pure sample was blended
with 0.00 mg, 0.50 mg, 1.00 mg, 1.40 mg, 2.00 mg, 2.60 mg, 3.00 mg, 3.40 mg, 4.00 mg, 4.40 mg, 5.00 mg, 5.60 mg
and 6.00 mg talcum powder. So the dose levels were 0.00 mg/g, 0.15mg/g, 0.25 mg/g, 0.35mg/g, 0.50 mg/g,
0.65mg/g, 0.75mg/g, 0.85mg/g, 1.00 mg/g, 1.10 mg/g, 1.25mg/g, 1.40 mg/g and 1.50 mg/g. Successively, 1.00 g
blended sample was added into 49.00 g KBr medium, and mixed adequately for the following IR spectros-
copy scanning. The 140 samples with concentrations of 0.00 mg/g, 0.25mg/g, 0.50 mg/g, 0.75mg/g, 1.00 mg/g,
1.25mg/g and 1.50 mg/g were chosen as the calibration samples and the left 70 samples with concentrations
of 0.15mg/g, 0.35mg/g, 0.65mg/g, 0.85mg/g, 1.10 mg/g and 1.40 mg/g were subsumed into the prediction set.
Meanwhile, the calibration set was validated by full cross validation method. So the calibration, validation and
prediction sets obtained 140, 140 and 70 samples respectively.

Spectra collection. The IR spectra of samples were measured in the wavenumber range of 400-4000 cm ™! by
a Jasco FT-IR-4100 spectrometer (Tokyo, Japan) coupled with a TGS detector and a ZnO crystal sampling acces-
sory with transmission mode. The spectral resolution was 4 cm™!. Each spectrum was the average of 100 scans.
During the whole experiment, the temperature was kept at about 25 °C and the humidity was kept at a stable level
in the laboratory.

Raw spectra frequently contained noises besides sample information, so the first 500 and last 400 spectral data
were deleted to remove noises, and the following analysis was based on the spectra in range of 881-3581 cm .

Data analysis. Wavenumbers selection methods. In this research, a hybrid wavenumbers selection method,
which combined backward interval partial least squares (biPLS) regression, competitive adaptive reweighted sam-
pling (CARS) algorithm and successive projections algorithm (SPA), was applied for IR spectral wavenumbers
selection. Backward interval partial least squares (biPLS) regression can extract the spectral wavenumbers highly
related to the chemical structure?”. CARS eliminates the wavenumbers with little or no effective information and
retains effective wavenumbers according to the “survival of the fittest” principle®. Successive projections algo-
rithm (SPA) has been proved to be a useful and effective tool for solving the collinearity problem with minimal
redundancy?. Therefore, a hybrid of biPLS, CARS and SPA can combine the advantages of biPLS, CARS and SPA.
It can achieve the objective to improve the stability of the prediction model and increase the interpretability of the
relationship between the spectral response and chemical structure at the same time. Data analysis was performed
on Matlab 7.0 (The Math Works, Natick, MA, USA).

Chemometric calibration method. ~Partial least squares (PLS) regression is a traditional technique for building
linear models, which is able to not only extract principal component from both input and output data, but also
determine the direction on which input and output data have the largest covariance®'. In recent years, techniques
for building nonlinear models coupled with spectroscopic techniques have also been successfully applied in many
areas®->*, Extreme learning machine (ELM) is one of learning neural algorithms, which has been successfully
applied in nonlinear regression problems®>*¢. Comparing with traditional learning algorithms, ELM not only
reaches the smallest training error but also the least amount of output®”. In this paper, ELM was used to build a
nonlinear model and make a comparison with the linear PLS model. During modeling, full cross-validation was
used to validate the quality of the models and to prevent over-fitting of the calibration. And the performance of
models was evaluated by correlation and root-mean square error of calibration, cross validation and prediction
(Re, Ry Rpy RMSEC, RMSECYV, RMSEP)?.

References
1. Kumar, R. S. S. et al. Biochemical quality characteristics of CTC black teas of south India and their relation to organoleptic
evaluation. Food Chem. 129, 117-124 (2011).
2. Xie, C. Q,, Li, X. L, Shao, Y. N. & He, Y. Color measurement of tea leaves at different drying periods using hyperspectral imaging
technique. PLoS Orne. 9, 1-15 (2014).
3. Nnorom, L. C. Trace metals in cosmetic facial talcum powders marketed in Nigeria. Toxicol Environ. Chem. 6, 1135-1148 (2011).

SCIENTIFICREPORTS | 6:30313 | DOI: 10.1038/srep30313 6



www.nature.com/scientificreports/

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.

23.

24.
25.
26.
27.

28.
. Dias, G. et al. Synthetic silico-metallic mineral particles (SSMMP) as nanofillers: comparing the effect of different hydrothermal

30.
31.
32.
33.
34,
35.
36.
37.
38.

39.

. Ng, K. H., Heng, A. & Osborne, M. Quantitative analysis of perfumes in talcum powder by using headspace sorptive extraction. J.

Sep. Sci. 35, 758-762 (2012).

. Karageorgi, S., Gates, M. A., Hankinson, S. E. & Vivo, I. D. Perineal use of talcum powder and endometrial cancer risk. Cancer

Epidemiol. Biomarkers Prev. 19, 1269-1275 (2010).

. Neill, A. S., Nagle, C. M, Spurdle, A. B. & Webb, P. M. Use of talcum powder and endometrial cancer risk. Cancer Causes Control.

23,513-519 (2012).

. Chen, L. Y., Zhang, ]. Y,, Liu, X. & Lu, C. Y. Study on the method for determination of talcum powder in tea. China Tea. 1, 19-20

(2015).

. Xiang, L. P. & Luo, Y. W. Qualitative analysis of adulteration of tea with talcum powder. Sci. Technol. Inf. 26, 98 (2005).
. Schwalfenberg, G., Genuis, S. J. & Rodushkin, I. The benefits and risks of consuming brewed tea: beware of toxic element

contamination. J. Toxicol. 2013, 1-8 (2013).

Norris, K. H. & Williams, P. C. Influence of growing location on prediction of protein in hard red winter wheat by near IR reflectance
spectroscopy(NIRS). Cereal foods world. 22, 455 (1977).

Downey, G., Briandet, R., Wilson, R. H. & Kemsley, E. K. Near- and mid-infrared spectroscopies in food authentication: coffee
varietal identification. J. Agric. Food Chem. 45, 4357-4361 (1997).

van Soest, J. J. G., Tournois, H., de Wit, D. & Vliegenthart, J. E. G. Short-range structure in (partially) crystalline potato starch
determined with attenuated total reflectance Fourier-transform IR spectroscopy. Carbohydr. Res. 279, 201-214 (1995).

Buratti, S. et al. Monitoring of alcoholic fermentation using near infrared and mid infrared spectroscopies combined with electronic
nose and electronic tongue. Anal. Chim. Acta. 697, 67-74 (2011).

Li, X. L, Luo, L. B,, He, Y. & Xu, N. Determination of dry matter content of tea by near and middle infrared spectroscopy coupled
with wavelet-based data mining algorithms. Comput. Electron. Agric. 98,46-53 (2013).

Botelho, B. G., Reis, N, Oliveira, L. S. & Sena, M. M. Development and analytical validation of a screening method for simultaneous
detection of five adulterants in raw milk using mid-infrared spectroscopy and PLS-DA. Food Chem. 181, 31-37 (2015).

Li, X. L., Sun, C.J,, Luo, L. B. & He, Y. Determination of tea polyphenols content by infrared spectroscopy coupled with iPLS and
random frog techniques. Comput. Electron. Agric. 112, 28-35 (2015).

Liu, F, Jiang, Y. H. & He, Y. Variable selection in visible/near infrared spectra for linear and nonlinear calibrations: a case study to
determine soluble solids content of beer. Anal. Chim. Acta. 635, 45-52 (2009).

Wu, Z. Z. et al. Use of attenuated total reflectance mid-infrared spectroscopy for rapid prediction of amino acids in Chinese rice
wine. J. Food Sci. 80, 1670-1679 (2015).

Li, B. X. et al. Qualitative and quantitative analysis of Angelica sinensis using near infrared spectroscopy and chemometrics. Anal.
Methods. 6, 9691-9697 (2014).

Ren, D. et al. A gradient descent boosting spectrum modeling method based on back interval partial least squares. Neurocomputing.
171, 1038-1046 (2016).

Wang, F. et al. Application of near infrared spectroscopy in monitoring the moisture content in freeze-drying process of human
coagulation factor VIIL J. Innov. Opt. Health Sci. 8, 1-9 (2015).

Wu, D., He, Y., Nie, P. C., Cao, F. & Bao, Y. D. Hybrid variable selection in visible and near-infrared spectral analysis for non-invasive
quality determination of grape juice. Anal. Chim. Acta. 659, 229-237 (2010).

Partyka, J. & Lesniak, M. Raman and infrared spectroscopy study on structure and microstructure of glass-ceramic materials from
Si0,-Al,05-Na,0-K,0-Ca0 system modified by variable molar ratio of SiO,/Al,Os. Spectroc. Acta Pt. A-Molec. Biomolec. Spectr.
152, 82-91 (2016).

Li, S. E, Yang, S. C., Zhao, S. L., Li, P. & Zhang, ]. H. Microwave and acid-modified talc for the adsorption of Methylene Blue in
aqueous solution. J. Serb. Chem. Soc. 80, 563-574 (2015).

Wojcicki, K., Khmelinskii, I., Sikorski, M. & Sikorska, E. Near and mid infrared spectroscopy and multivariate data analysis in
studies of oxidation of edible oils. Food Chem. 187, 416-423 (2015).

Rohman, A. et al. Fourier transform infrared spectroscopy combined with multivariate calibrations for the authentication of
avocado oil. Int. J. Food Prop. 19, 680-687 (2016).

Godoy, J. L., Vega, J. R. & Marchetti, J. L. Relationships between PCA and PLS-regression. Chemometrics Intell. Lab. Syst. 130,
182-191 (2014).

Zhao, Y. H. & Han, X. Rapid determination of talc powder in flour by FT-IRS. PTCA(PART B: CHEM. ANAL.). 47,208-210 (2011).

treatments on the PU/SSMMP nanocomposites properties. Polym. Bull. 72, 2991-3006 (2015).

Xie, C. Q, Xu, N, Shao, Y. N. & He, Y. Using FT-NIR spectroscopy technique to determine arginine content in fermented Cordyceps
sinensis mycelium. Spectroc. Acta Pt. A-Molec. Biomolec. Spectr. 149, 971-977 (2015).

Li, X. L., He, Y., Wu, C. Q. & Sun, D. W. Nondestructive measurement and fingerprint analysis of soluble solid content of tea soft
drink based on Vis/NIR spectroscopy. J. Food Eng. 82, 316-323 (2007).

Mahmoodi, S., Poshtan, J., Jahed-Motlagh, M. R. & Montazeri, A. Nonlinear model predictive control of a pH neutralization process
based on Wiener-Laguerre model. Chem. Eng. J. 146, 328-337 (2009).

Garcia, G. A. & Keshmiri, S. Online artificial neural network model-based nonlinear model predictive controller for the meridian
UAS. Int. J. Robust. Nonlinear Control. 23, 1657-1681 (2013).

Sukens, J. A. K., Vandewalle, ]. & Moor, B. D. Optimal control by least squares support vector machines. Neural Networks. 14, 23-25
(2001).

Gao, H. Y., Mao, H. P. & Zhang, X. D. Determination of lettuce nitrogen content using spectroscopy with efficient wavelength
selection and extreme learning machine. Zemdirbyste. 102, 51-58 (2015).

Guo, W. C,, Shang, L., Zhu, X. H. & Nelson, S. O. Nondestructive Detection of Soluble Solids Content of Apples from Dielectric
Spectra with ANN and Chemometric Methods. Food Bioprocess Technol. 8, 1126-1138 (2015).

Shang, L., Guo, W. H. & Nelson, S. O. Apple variety identification based on dielectric spectra and chemometric methods. Food Anal.
Meth. 8,1042-1052 (2015).

Gao, H. Y., Mao, H. P. & Zhang, X. D. Determination of lettuce nitrogen content using spectroscopy with efficient wavelength
selection and extreme learning machine. Zemdirbyste. 102, 51-58 (2015).

Cozzolino, D., Holdstock, M., Dambergs, R. G., Cynkar, W. U. & Smith, P. A. Mid infrared spectroscopy and multivariate analysis: a
tool to discriminate between organic and non-organic wines grown in Australia. Food Chem. 116, 761-765 (2009).

Acknowledgements

This research was funded by the National Natural Science Foundation of China (Project No: 61201073), the
Fundamental Research Funds for the Central Universities and Zhejiang province public technology research
program (Project No: 2014C32091), the Sub-project under National Science and Technology Support Program
(Project No: 2014BAD06B06). Xiaoli Li has received research grants from the National Natural Science
Foundation of China (61201073), the Fundamental Research Funds for the Central Universities and Zhejiang
province public technology research program (2014C32091) and the Sub-project under National Science and

SCIENTIFIC REPORTS | 6:30313 | DOI: 10.1038/srep30313 7



www.nature.com/scientificreports/

Technology Support Program (2014BAD06B06). Yuying Zhang has received research grants from the National
Natural Science Foundation of China (61201073), the Fundamental Research Funds for the Central Universities
and Zhejiang province public technology research program (2014C32091) and the Sub-project under National
Science and Technology Support Program (2014BAD06B06). Yong He has received research grants from the
National Natural Science Foundation of China (61201073), the Fundamental Research Funds for the Central
Universities and Zhejiang province public technology research program (2014C32091) and the Sub-project under
National Science and Technology Support Program (2014BAD06B06). This article does not contain any studies
with human or animal subjects.

Author Contributions
X.L. designed experiments; Y.Z. carried out experiments and analyzed experimental results; Y.Z. and Y.H. wrote
the manuscript.

Additional Information
Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Li, X. et al. Rapid detection of talcum powder in tea using FT-IR spectroscopy coupled
with chemometrics. Sci. Rep. 6, 30313; doi: 10.1038/srep30313 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images

o o1 other third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/

© The Author(s) 2016

SCIENTIFIC REPORTS | 6:30313 | DOI: 10.1038/srep30313 8


http://creativecommons.org/licenses/by/4.0/

	Rapid detection of talcum powder in tea using FT-IR spectroscopy coupled with chemometrics

	Results and Discussion

	Overview of samples and spectral pre-treatment. 
	Qualitative analysis. 
	Quantitative analysis. 
	Establishment of linear model. 

	Establishment of nonlinear model. 

	Conclusion

	Materials and Methods

	Sample preparation. 
	Spectra collection. 
	Data analysis. 
	Wavenumbers selection methods. 
	Chemometric calibration method. 


	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ The average spectra of (a) pure tea sample, (b) tea sample with 1.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ IR spectra of tea samples obtained from: (a) raw spectra, (b) smoothing preprocessing spectra, (c) normalize preprocessing spectra, (d) SNV preprocessing spectra.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Scatter plot of three-dimensional PCs.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ The process of CARS.
	﻿Figure 5﻿﻿.﻿﻿ ﻿ Selected wavenumbers by a hybrid of biPLS, CARS and SPA.
	﻿Figure 6﻿﻿.﻿﻿ ﻿ Scatter plots of actual vs.
	﻿Table 1﻿﻿. ﻿  Results for different spectral preprocessing methods by PLS.
	﻿Table 2﻿﻿. ﻿  Results of different wavenumbers selection methods.



 
    
       
          application/pdf
          
             
                Rapid detection of talcum powder in tea using FT-IR spectroscopy coupled with chemometrics
            
         
          
             
                srep ,  (2016). doi:10.1038/srep30313
            
         
          
             
                Xiaoli Li
                Yuying Zhang
                Yong He
            
         
          doi:10.1038/srep30313
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 Macmillan Publishers Limited
          10.1038/srep30313
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep30313
            
         
      
       
          
          
          
             
                doi:10.1038/srep30313
            
         
          
             
                srep ,  (2016). doi:10.1038/srep30313
            
         
          
          
      
       
       
          True
      
   




