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A B S T R A C T

Surface-enhanced Raman spectroscopy (SERS) was examined to explore the feasibility of SERS technique to
develop a rapid, non-destructive, and reliable spectroscopic method for qualitative and quantitative analysis of
chlortetracycline (CTC) and oxytetracycline (OTC) in animal feed. Study samples were prepared by spiking
tetracycline-free animal feed at different concentration ranges. In several Raman shift regions including char-
acteristic peaks, spectral variation and Raman intensity difference among CTC and OTC groups at different
concentrations were clearly visualized, depending on the type of tetracycline. The k-nearest neighbor (KNN) and
linear discriminant analysis (LDA) models yielded excellent correct classification rates while showing no or only
one misclassification of spiked samples as false-negative. The first two canonical variables in the chemometric
modes for classification accounted for more than 95% variation in SERS spectra. Of the models developed for
predicting CTC and OTC concentrations, multiple linear regression (MLR) and partial least squares regression
(PLSR) models for CTC quantification showed outstanding model performance and ability, with coefficient of
determination (r2) (> 0.94), low predictive error rate (< 10.0 mg/kg), and acceptable linear regression slope
(close to 1.0). The slightly lower predictive power and model performance were observed in MLR and PLSR
models for OTC quantification. The findings and implications from this study indicate that SERS can be an
alternative or supplementary analytical technique with acceptable sensitivity and accuracy to existing standard
chemical methods for rapid determination of select tetracyclines in animal feeds, serving as an excellent
screening system for real-time monitoring of tetracycline contaminated feed samples.

1. Introduction

Raman spectroscopy is a widely used vibrational technique em-
ploying an inelastic scattering effect of vibrational molecules irradiated
by a laser of suitable wavelength to provide high chemical and struc-
tural information of analytes (Smith & Dent, 2005). Raman spectro-
scopy technique is more sensitive to the polarizability of covalent bonds
in non-polar groups while it's less sensitive to water so that it can
produce fewer overlapped bands and higher resolution spectra of target
compounds in aqueous conditions. Compared to Rayleigh scattering,
Raman scattering has a low efficiency and a small cross-section, re-
sulting in lack of sensitivity and requiring a longer scanning time to
collect a high quality spectra.

Raman scattering efficiency can be significantly improved by sur-
face-enhanced Raman spectroscopy (SERS) employing nanostructural
surface phenomena of rough metal particles (Wang, Lee, & Irudayaraj,
2010). Various SERS substrates with unique nanoparticle structures
have been developed experimentally by non-commercial laboratories
and commercially using several preparation methods such as chemical
reduction, electric/physical deposition of nanoparticles, and thermal
decomposition (Fan, Andrade, & Brolo, 2011). The acceptability of
these technologies has been greatly improved by well-engineered and
systematic approaches to be suitable for a practical application and a
large-scale manufacturing during a past decade. Raman enhancement
effect is a local phenomenon and largely dependent on SERS substrate
morphology and its stability (Zeisel, Deckert, Zenobi, & Vo-Dinh, 1998).
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It's generally believed that SERS signal comes from randomly dis-
tributed “hotspots” (or “junctions”) between metal nanoparticles ag-
glomerated, which has been explained by the two suggested mechan-
isms: electromagnetic (EM) mechanism and charge transfer mechanism
(Craig, Franca, & Irudayaraj, 2013). The EM mechanism explains the
enhancement of an incident light and inelastic Raman scatting of ad-
sorbed molecules due to large local electromagnetic fields while, ac-
cording to the charge transfer mechanism, electrons from metal nano-
particles are transferred to the adsorbed molecules, resulting in the
formation of an electric field. Nevertheless, more research seems to be
required to fully understand and provide much information on efficient
conditions to produce optimal and better quality SERS spectra. Some
obstacles preventing wide application of SERS and highly associated
with a poor repeatability of the resulting spectra are some variations in
a morphology of nanoparticles and target molecule-adsorption on the
nanoparticles as well as the instability of SERS substrate structures (Lee
& Herrman, 2016; Tang et al., 2012).

The obstacles and difficulties in application and implementation of
spectroscopic techniques and interpretation of acquired spectral data
have required a powerful statistical and mathematical methods for
better data treatment and optimal experimental design. Chemometrics
is a discipline involving statistical, mathematical, and information-
technological tools to relate chemical or process measurements to
spectral data of vibrational spectroscopy (Roggo et al., 2007). Chemo-
metrics can significantly simplify a complex structure of large spectral
dataset allowing for better understanding among the datasets and
generating possible hypotheses about the data (Cramer, 1993; Delwiche
& Hareland, 2004; Johnson, 1998; Osborne, Fearn, & Hindle, 1993).
Chemometric techniques to determine antimicrobial levels in samples
can be grouped into three categories including data preprocessing (e.g.
baseline correction, normalization, and derivatization), qualitative
analysis/classification based on unsupervised pattern recognition
methods (e.g. principal component analysis and cluster analysis) and
supervised pattern recognition methods (e.g. partial least square dis-
criminant analysis and soft independent modeling by class analogy),
and regression methods to correlate quantitative properties of the
samples with the spectral data (e.g. partial least squares, artificial
neural network, and support vector machines) (Moros, Garrigues, & de
la Guardia, 2010; Zhang et al., 2012).

The different types of antimicrobials have been used as feed ad-
ditives for promoting animal growth, animal health, and feed effi-
ciency. Due to a widespread public concern about human health re-
sulting from the abuse of antimicrobials, their use in animal feeds has
been limited in many countries (Bacanli & Başaran, 2019). Tetracycline
(TC) antimicrobials were commonly used in animal feeds for growth
promotion, disease prevention, and treatment of infectious diseases in
livestock animals and fish such as pigs, calves, poultry, lambs, salmon,
and trout. These bacteriostatic compounds generally composed of four
aromatic rings can be synthesized by Streptomyces spp. and commer-
cially available tetracyclines include chlortetracycline (CTC) and oxy-
tetracycline (OTC). However, they are no longer used for growth pro-
motion for animals in the US and only permitted for the therapeutic use
under Veterinary Feed Directive (VFD) regulations (Granados-
Chinchilla & Rodríguez, 2017). CTC and OTC are mainly administered
to feed animals through either drinking water or more frequently
feedstuffs for their intended purpose (Giguère, Prescott, Baggot,
Walker, & Dowling, 2006). CTC and OTC used to prepare animal feeds
and premixes generally contain diverse degradation and fermentation
impurities (Naidong, Hua, Roets, & Hoogmartens, 2003). The previous
studies suggest that violative CTC and OTC residues in animal foods are
mainly caused by failure or carelessness of farmers to follow the re-
commended withdrawal period, rather than the cross-contamination of
animal feedingstuffs (McEvoy, 2002). It's believed that CTC and OTC
undergo limited metabolism in the body during a short period of time
and readily excreted in urine and faeces, consequently shortening the
monitoring period to analyze the antimicrobial residues in edible

products (Castellari, Gratacos-Cubarsi, & Garcia-Regueiro, 2009).
Because inappropriate administration of tetracyclines for specific

animal species has a significant impact on animal and human health
and welfare, a reliable analytical method should be developed and
implemented for accurate screening of medicated feeds as well as other
types of animal feeds containing inclusion and trace levels of the an-
timicrobial residues. In general, analysis of animal feeds and premixes
for tetracyclines needs to go through several steps such as extraction,
clean-up, filtration, and purification prior to instrument analysis
(Anderson, Rupp, & Wu, 2005; Wang, Yang, Zhang, Mo, & Lu, 2008).
Highly sensitive and selective methods based on different analytical
techniques are available for detection and quantification of CTC and
OTC residues in animal feedstuffs including thin-layer chromatography
(TLC) (Naidong et al., 2003), high-performance liquid chromatography
(HPLC) (Wang et al., 2008), liquid chromatography-mass spectrometry
(LC-MS) (Fiori, Grassigli, Filippi, Gotti, & Cavrini, 2005), immune-
based colorimetric method (Cháfer-Pericás, Maquieira, & Puchades,
2010; Weber et al., 2005), and microbiological assays (Kurittu,
Lonnberg, Virta, & Karp, 2000). However, these analytical methods in
general require highly skilled personnel, long analysis time, high-cost
laboratory instrumentation, and large volume of reagents.

Our aim was to investigate the feasibility of spectroscopic method as
a rapid, simple, and low-cost analytical tool enabling efficient detection
and quantification of CTC and OTC residues in animal feeds and pre-
mixes using the gold nanoparticles-based SERS substrate to help mon-
itoring and controlling of the tetracyclines in the feed matrices. The
developed SERS method would be desirable to have a sensitivity en-
ough to quantify the residues of CTC and OTC in animal feeds (e.g. beef
cattle feed, horse feed, poultry feed, sheep and goat feed, and swine
feed) below advisory levels and control limits for the different types of
animal feeds established by the regulatory agencies (FDA, 2019;
Granados-Chinchilla & Rodríguez, 2017).

2. Materials and methods

2.1. Materials

Two tetracycline standards, chlortetracycline (CTC) and oxyte-
tracycline (OTC) were purchased from Sigma Aldrich (St. Louis, MO).
All chemicals, solvents, and reagents were of analytical grade for HPLC
or mass-spectrometry and used as supplied without further purification.

2.2. Sample preparation

Beef cattle feed free from CTC and OTC is a representative sub-
sample from the Office of the Texas State Chemist (OTSC) regulatory
samples. Beef cattle feed samples were spiked with different con-
centrations of CTC (1.0, 2.5, 5.0, 10.0, 15.0, 20.0, 25.0, 50.0, 75.0, and
100.0 mg/kg) and OTC (2.5, 5.0, 7.5, 10.0, 25.0, 50.0, 75.0, 100.0,
150.0, 200.0, 250.0, 500.0, 750.0, and 1000.0 mg/kg). The spiked
samples in a polyethylene bottle were stored at 4 °C in a refrigerator
prior to SERS spectral and biochemical analysis. The samples were
equilibrated to a room temperature for at least 1 h before use.

2.3. Sample extraction and HPLC analysis of CTC and OTC

CTC was extracted from the spiked feed samples based on the AOAC
method (Houglum, Larson, & Knutson, 1997). Briefly, an approximately
20 g of the spiked samples was placed into a 250 mL centrifuge tube
and extracted with 100 mL of the acetone/water/HCl (65.0:33.3:1.7, v/
v/v) solution by shaking for 15 min. A pH of the sample was checked
and then adjusted to 1.2 with HCL. The sample was placed back on the
shaker and shaken for 1 h for complete extraction of CTC. At least
40 mL of the extract was centrifuged at 2000 rpm for 10 min. After
centrifugation, the cleared sample was filtered through 1.45 μm filter
for direct mixing with SERS substrate for Raman measurement and into
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a vial before injection into HPLC system. OTC spiked cattle feed sample
was extracted similar to the way of extracting CTC spiked sample ac-
cording the method reported by Thiex and Larson (2008) prior to SERS
and HPLC analysis, except for using the extract solution of HCl:me-
thanol (1:50, v/v).

A 20 μL of CTC and OTC spiked samples was injected into Agilent
1100 reverse phase HPLC system Agilent, Palo Alto, CA. The HPLC
system includes G1311A Quat pump, G1379A degasser, G1313A ALS
autosampler, DAD Detector G1314A set at 390 nm for excitation and
512 nm for emission, and a Waters Symmetry C18 column
(4.6 × 150 mm, 5 μm) preceded by Waters Symmetry C18 guard
column (3.9 × 20 mm). The mobile phase consisting of acetate buffer
(100 mM Na acetate, 55 mM CaCl2, and 5 mM EDTA•2Na) and me-
thanol was used at a flow rate of 1.3 mL/min for CTC analysis while a
mixture of methanol and aqueous phase (0.1 M CH3COONa, 0.055 M
CaCl2, and 0.020 M EDTA•2Na) was used as the mobile phase for OTC
analysis, at a flow rate of 1.5 mL/min. All data acquisition and process
was carried out using G2175AA Agilent Chemstation Software. Other
instrumental parameters and analytical conditions employed for sample
analysis are described in detail in the previously published papers
(Houglum et al., 1997; Thiex and Larson, 2008).

2.4. Preparation of gold nanoparticles

Gold nanoparticles (AuNPs) was prepared with a slight modification
of the method reported by Bastús, Comenge, and Puntes (2011). In
brief, a sodium citrate solution (2.2 mM) was heated and vigorously
stirred for 15 min with use a condenser for preventing the solution
evaporation. As soon as the solution started boiling, HAuCl4 (1 mL,
25 mM) was injected. The resulting particles were used as Au seeds with
an average particle size of ~10 nm. The solution containing Au seeds
was cooled down to 90 °C and was injected with HAuCl4 (1 mL, 60 mM)
and waited for 30 min for the end of the reaction. After repeating this
process once more, the solution (55 mL) was extracted and mixed with
water (53 mL) and sodium citrate (2 mL, 60 mM). The AuNP particles in
the resulting solution were used as a seed that was grown by repeating
the process to obtain the desired particle size.

An image of the prepared AuNP solutions were taken by transmis-
sion electron microscopy (TEM) with a JEOL 1200EX operating at a
100 kV (JEOL Ltd., Tokyo, Japan) to characterize the morphology of
the nanoparticles and determine if the desired particle size was ob-
tained (Fig. S1). The size distribution of the synthesized Au nano-
particles was also determined at 25 °C by a Zetasizer Nano ZS ZEN3600
analyser (Malvern Instrument Ltd, UK). As observed in a size distribu-
tion and TEM image (Fig. S1), relatively monodispersed nanoparticles
with an apparent spherical shape of less than ~100 nm could be ob-
tained with a narrow size distribution via the effective control and
optimization of seed particle concentration, pH, and temperature. Be-
sides, the previous studies and particle size distribution result clearly
indicated that the synthesized AuNPs should have a negative charge at
−35 eV zeta potential under neutral condition (Verma, Singh, &
Chavan, 2014; Zhao et al., 2012).

2.5. SERS measurement

The mixture solution was prepared from 30 μL AuNP, 10 μL sample
extract, and 3 μL 1% NaCl solution in a centrifuge tube. After gently
vortexing and leaving the tube for 2 min, a 300 μL of the mixture was
placed on a Al capsule fitting into the sample plate well with a 7 mm
diameter and a 10 mm depth for SERS measurements in triplicates
using Raman spectroscopy (RamanStation 400 F, Perkin-Elmer,
Beaconsfield, Buckinghamshire, U.K.) equipped with a 256 × 1024
pixel CCD detector and 350-mW near-infrared laser at excitation wa-
velength of 785 nm. About 20 mW output power was used to focus to a
0.8-mm x 0.8-mm spot on the sample surface with exposure times of
15 s and 2 scans. SERS spectral acquisition and processing was carried

out using the built-in software (the Spectrum v6.3) of the spectrometer
in the Raman shift range of 200–3500 cm−1 at the spectral resolution of
4 cm−1. The spectra collected from 16 different spots were co-added to
obtain a representative single spectrum of the sample with different
concentrations of CTC and OTC.

2.6. Preprocessing of spectra

The SERS spectrum was background-corrected at the time of ac-
quisition using the built-in software. The raw spectrum was then
baseline-corrected and normalized over the Raman shift range to re-
move the influence of subtle changes in laboratory environmental and
instrumental conditions that could result in unpredictable variation in
Raman signal. It has been known that the performance of Raman
spectroscopy is often limited due to unpredictable or inherent artifacts
such as wavenumber shift, broad band, aliasing effect, inter-reflection
error, increased noise level, dark noise, hot pixels, and cosmic rays.
These artifacts are considered caused by subtle changes in certain en-
vironmental and instrumental conditions, including a limiting aperture
of the instrument, a drift of the monochromator with temperature,
sample heating, a small difference between sampling points, sample
radiation, a large photon flux incident, pixel-to-pixel variation, tem-
perature of detector elements, temperature of readout electronics, and
grating shift. (Bowie, Chase, & Griffiths, 2000). The normalized spec-
trum was further mathematically preprocessed to the first and second
derivative form using a 9-point Savitzky-Golay filtering function to
eliminate baseline and linear slope effects on the performance of the
chemometric models. The deconvolution function was also applied to
the normalized spectrum to increase the spectral resolution. All pre-
processed spectra were further converted to ASCII format for statistical
analysis.

2.7. Development and validation of classification models

The chemometric models for classification of CTC and OTC samples
according to the group at different levels of their concentration were
developed using common classification algorithms including linear
discriminant analysis (LDA), k-nearest neighbor (KNN), and partial
least squares discriminant analysis (PLSDA) (Delwiche & Hareland,
2004; Johnson, 1998). These chemometric techniques are employed
because in our previous studies they have been proven to be con-
venient, reliable, and suitable for extracting meaningful and critical
information to explain the relationship between target analyte and
acquired Raman spectra as well as to correlate preprocessed spectral
data with modified physicochemical properties in different types of
samples (Lee & Herrman, 2016; Lee, Herrman, Bisrat, & Murray, 2014).
In addition to development of the chemometric models, principal
component analysis (PCA) and cluster analysis (CA) were also per-
formed to see if the samples could be divided according to the pre-
defined group. All spiked feed samples were partitioned into 4 or 5
different subsets in which CTC and OTC samples below 1.0 and 2.5 μg/
mL were regarded as “non-contaminated” (Group 1), respectively
(Table S1). The totals of 99 spectral data for CTC and 135 spectral data
for OTC were randomly divided into a training dataset (two-third of
data) for development of a calibration model and a validation dataset
(one-third of data) for validation of the model (Table S1 and Fig. S2).
The developed chemometric models were compared and evaluated
based on a correction classification rate and false negative error to
determine the model more suitable for classification of feed samples
contaminated at different levels of the tetracyclines.

2.8. Development and validation of quantification models

The chemometric models for quantification of CTC and OTC con-
centration in animal feeds were developed by correlating SERS spectra
data with concentrations determined by HPLC reference methods using
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multiple linear regression (MLR), partial least squares regression
(PLSR), and principal components regression (PCR) algorithms. As in
the development of the classification models, a training and validation
dataset with the same partitions of the whole spectra data (n = 99 for
CTC and n = 135 for OTC) was used for development and validation of
the calibration model, respectively (Table S1 and Fig. S2). The PLSR
and PCR algorithms, two spectral decomposition techniques with dif-
ferent principles for regressing spectra and reference values, produce
the most relevant factors to account for the variance in the dataset. The
predictability and accuracy of the developed models were tested by a
cross-validation method using a leave-one-out option. The optimum
number of the factors was determined based on the predicted residual
sum of squares (PRESS) and the coefficient of determination (r2) ana-
lysis results. The development of MLR models used a stepwise regres-
sion and R2 selection methods to include most featured and relevant
Raman peaks as input variables for the models. The best model for
quantification of CTC and OTC concentration in animal feeds was fur-
ther determined based on root mean standard error of calibration
(RMSEC) on a training dataset as well as root mean standard error of
prediction (SEP) and r2 values on an external validation dataset. Limits
of detection (LOD) and quantification (LOQ) for the models were also
calculated based on the equations, = +a S bLOD (| | 3 )/a and

= +a S bLOQ (| | 10 )/a , respectively, where |a| is the intercept on y-axis,

b is the slope of the linear regression equation, and Sa denotes the
standard deviation for |a|.

2.9. Statistical analysis

Other statistical data analysis and evaluation of the chemometric
models were mainly carried out using SAS software (ver. 9.4, SAS
Institute, Cary, NC) and Microsoft Excel® (Microsoft, Inc., Seattle, WA).
The statistical comparisons between predicted concentrations of CTC
and OTC by the chemometric models and the results of HPLC reference
methods were made by means of a paired sample t-test, RPD (the ratio
of the standard deviation of the reference data to the standard error of
cross-validation) value, Pearson's correlation coefficient (r), and a sig-
nificance of p-value.

3. Results and discussion

3.1. Spectra data processing and analysis

The complete sets of CTC and OTC spiked feed samples have the
ranges of concentration of 0–100 mg/kg with a mean of 27.6 mg/kg
and 0–1000 mg/kg with a mean of 208.3 mg/kg, respectively. The
frequency distribution of concentrations in the entire dataset displayed

Fig. 1. Average SERS spectra of feed samples spiked at different concentrations of each tetracycline: (A) chlortetracycline (CTC) and (B) oxytetracycline (OTC).
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left-skewed data distribution (skewness = 1.25 for CTC and 1.67 for
OTC) as well as relatively flat (kurtosis: 0.29 for CTC and 1.68 for OTC)
compared to normal distribution, as expected, which was also observed
in training and external validation datasets. The levels of CTC and OTC
concentrations in spiked feed samples for the present study were de-
termined with a consideration of being able to cover those found in
commercial or routine surveillance feed samples including the samples
with lower concentration levels that should be more frequently en-
countered and analyzed in both industry and regulatory laboratories. In
fact, approved usage levels and control limits of CTC and OTC in
medicated feed for different food-producing animal species and animal
feeds rarely exceed the range of tetracycline concentrations tested for
this study (Granados-Chinchilla & Rodríguez, 2017). Besides, maximum
residue limits and legally bound thresholds for CTC and OTC in animal
feeds have been also established below the maximum concentration
tested. Our agency (Office of the Texas State Chemist) as a regulatory
body for monitoring antibiotic residues including the tetracyclines in
animal feeds produced in Texas have seldom found any contaminated
samples with higher levels of 1000 mg/kg. Thus, the defined sample set
for chemometric models could be considered appropriate and beneficial
for investigating the feasibility of SERS method coupled with the che-
mometric models for early screening of the CTC and OTC contaminated
samples despite somewhat use of a smaller sample size.

Fig. 1 shows SERS spectral variations in Raman intensity due to CTC
and OTC concentrations among the tetracycline spiked groups. As ob-
served in Fig. 1, Raman intensity differences were distinctive among the
spiked groups over the entire Raman shift region as well as more pro-
nounced in some specific spectral regions regardless of the type of
tetracycline while there were some Raman shift regions displaying no
significant difference in relative Raman intensity among the groups.
This indicates that the extract sample contains the indistinguishable
level of common chemical compositions and functional groups among
the spiked samples while it varies in concentration of CTC and OTC
molecules from sample to sample. Some spectral regions in which
Raman intensity is in proportional to CTC and OTC concentrations in-
clude 632−728 cm−1, 900−1050 cm−1, 1280−1332 cm−1, and
1550−1700 cm−1 in CTC and 630−728 cm−1, 1100−1230 cm−1,
1236−1416 cm−1, and 1512−1650 cm−1 in OTC. Raman bands and
information from those spectral regions are mainly selected for devel-
opment of the chemometric models, contributing to substantial im-
provement of the predictive performance and accuracy of the models
developed for qualitative and quantitative analysis of CTC and OTC
spiked samples. The quality spectral difference was observed in all
preprocessed spectra, i.e., normalized, 1st derivative, and 2nd deriva-
tive spectra (data shown in part). Such spectral difference was be-
coming more visualized between non-spiked and CTC and OTC spiked
groups as the spiking level increased. However, Raman signal intensity
of Group 5 samples spiked at much higher concentrations of OTC was
not substantially larger than that of lower OTC spiked group samples as
well as CTC samples spiked at much lower levels. This may be in part
explained by the inability of Raman spectroscopy to penetrate deep into
the tested extract. As a result, the tetracycline gradients determined and
predicted by the developed models may not be as high as expected.
Besides, SERS seems to be less sensitive to OTC molecules in the extract
due to its inherent weak vibrations of polar groups of the molecules and
polar extraction medium.

Despite of a subtle and insignificant change in Raman intensity with
a further increase of CTC and OTC spiking level, SERS method appeared
to work for CTC and OTC, yielding a few characteristic peaks over the
entire range of Raman shift at the concentration levels investigated.
Some distinctive peaks found in the Raman fingerprint regions men-
tioned above are believed to be closely associated with main functional
groups of CTC and OTC molecules spiked in animal feed matrices
(Fig. 1). However, Raman signal enhancement mechanism of the two
similar molecular weight tetracyclines with SERS substrate doesn't seem
to be identical, presumably due to morphological and chemical

properties of the molecules. Regardless of the type of tetracycline,
identified characteristic peaks in the given regions showed a mean-
ingful statistical relationship with an increase of CTC and OTC con-
centration in some statistical results such as PCA factor loadings,
Pearson's correlation coefficient, and regression coefficient of the de-
veloped models. The major characteristic peaks of CTC and OTC were
tentatively assigned to the main vibration modes using a spectroscopy
software (KnowItAll®, Bio-Rad, Hercules, CA) as well as according to
the previous studies (Li, Zhang, Chen, Yan, & Wang, 2011; Smith &
Dent, 2005). The prominent peaks of CTC in Raman spectra at
678 cm−1 and 1308 cm−1 were attributed to C–C]O deformation and
aromatic ring C–N stretching, respectively (Fig. 1A). Likewise, the
Raman peaks at 678 cm−1, 1168 cm−1, 1332 cm−1, and 1592 cm−1

appeared to be correspond to C–C]O deformation, aromatic ring in-
plane H bending, amine C–N stretching, and aromatic ring stretching,
respectively (Fig. 1B). These observations imply that SERS spectral re-
sponse may be sufficient enough to detect variations caused by changes
in CTC and OTC concentration in the extract. The featured SERS
spectral peaks of CTC and OTC spiked sample extracts were overall
consistent with their corresponding standard Raman spectra of solid
chemical standards although the extracts yielded enhanced Raman
signals that were not observed in Raman spectrum of the chemical
standards due to their different sensitivity to same chemical functional
groups. The accurate identification and interpretation of Raman peaks
associated with CTC and OTC molecules are sometimes not an easy task
because of frequent interference and contribution from other multiple
functional chemical groups and also the dominant effect of variations in
peak intensity and sharpness resulting from changes in physicochemical
and morphological properties of the target molecules and other major
compositions in the extract (Lee & Herrman, 2016). Besides, the in-
consistent distribution of the molecules on nanoparticles and in-
homogeneous size of nanoparticles can also adversely affect the re-
peatability of SERS signal and the quality of spectra (Lee et al., 2014;
Zeisel et al., 1998; Zhang et al., 2012). The inhomogeneous size of
AuNPs can produce different intensities of plasmon absorption band as
determined by UV-VIS spectroscopy (Bastús et al., 2011). In general,
the large particles yield higher intensity of the absorption band. Be-
cause the uneven distribution of AuNPs should result in inconsistent
distribution of hot sports and active surfaces for placement and or-
ientation of target molecules on the nanoparticles and their agglomer-
ates, it could produce different enhancement effect and inconsistent
Raman signal (Lee et al., 2014).

3.2. Development and validation of chemometric classification models

The chemometric models for classification of CTC and OTC con-
taminated and non-contaminated groups at different concentrations
were developed on normalized spectral data. Of the chemometric
models, the performance of LDA and KNN models developed on the
Raman shift region of 400–1800 cm−1 was presented in Table S1. The
results from the classification models appeared to be determined by the
type of chemometric algorithm as well as the type of tetracycline. The
best discriminant model was considered as the one with the least
number of errors in external validation samples that consist of a similar
tetracycline concentration range as the training samples. All classifi-
cation models regardless of the type of chemometric algorithm and the
type of tetracycline yielded a correct classification rate of 100% when
the models were trained and validated using a resubstitution method
that typically estimates the misclassification rate to a lesser extent than
other methods (Johnson, 1998). When the variables (wavenumbers)
selected from the PROC STEPDISC procedure (the stepwise selection)
were used, the KNN and LDA models classified all CTC and OTC sam-
ples 100% correctly in the cross-validation method. Likewise, the ca-
libration models applied to the external validation dataset demon-
strated high correct classification rates (100% for CTC and 70% for
OTC). However, with all variables (wavenumbers) employed, LDA
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models showed unacceptable predictive accuracy and much lower
correct classification rates (25.7–30.0%) while the KNN models still
revealed a good predictive performance and high correct classification
rates for training and validation dataset of CTC and OTC. In the eva-
luation of the KNN models, the classification accuracy of the models
become stable after the number of neighbors more than 2 was used. In
LDA and KNN models for CTC, none of contaminated samples was as-
signed to Group 1 considered as non-contaminated samples. Likewise,
when the developed KNN and LDA models for OTC were applied to
validation datasets, the models misclassified only one sample as OTC
negative (Table S1). Even in the models developed using all variables or
with the higher error rates (e.g. PLSDA), only one contaminated sample
was misclassified as CTC or OTC negative. Such a perfect classification
or very low misclassification error rates of the models developed on
SERS spectra is meaningful and noteworthy in maintaining and im-
proving feed and food safety. This implies that SERS technique could be
a powerful and promising alternative analytical tool to existing stan-
dard wet chemical methods for a rapid screening and high throughput
analysis of large number of samples for tetracycline residues in animal
and human foods.

Cluster analysis performed on a few principal component scores
showed a good separation of the samples between the two tetracyclines
despite their similar molecular structure, which coincides with the PCA
results as seen in the scatter plot created by the first two principal
component scores (Fig. 2). However, the CTC and OTC spiked samples
were not clearly classified by the group within the each tetracycline in
the dendrogram of cluster analysis as well as the principal component
scatter plot. Due to a poor separation of CTC and OTC groups in the
dendrogram and the principal component score plot, the canonical
discriminant scores derived from the normalized SERS spectra were
used to build another scatter plot, which appeared to better differ-
entiate among the groups of each tetracycline as well as both of them
(Fig. 2). The figure displays actual distances between CTC and OTC
groups in two dimensional space created by the results of canonical
discriminant analysis for normalized spectral data. Overall, CTC and
OTC samples belonging to the same group were very closely clustered
together without any regions of overlap among the groups. Apparently,
the distance among the groups reflects on the level of tetracycline
concentrations as well as to some extent their spectral properties. As a
result, the scatter plot built with the first and second canonical vari-
ables is mostly in good agreement with the classification results of LDA
and KNN models developed on SERS spectra. The first canonical vari-
able in the models for CTC and OTC group was statistically significant
(p < 0.01) and accounted for a total of> 95% variation in normalized
SERS spectra with the second canonical variable, substantially con-
tributing to the discrimination among the tetracycline groups.

3.3. Development and validation of chemometric quantification models

Chemometric models for CTC and OTC quantification were devel-
oped on the Raman shift range of 400–1800 cm−1 that as mentioned
earlier, includes the spectral regions closely associated with the con-
centrations of the tetracyclines. Chemometric algorithms employed for
development of the models were intended to identify and group a few
single spectra highly correlated with HPLC reference values and mod-
ified chemical properties of compositions in the extract induced by
spiking or contaminating tetracyclines for quantification of the tetra-
cyclines (Cramer, 1993; Lee & Herrman, 2016). As a result, the che-
mometric algorithms could extract and process meaningful information
from the SERS spectra to detect a subtle difference in the spectra of the
contaminated samples at different concentrations even when the
Raman bands were somewhat overlapped and superimposed.

The results of chemometric models applied to training and external
validation datasets for CTC and OTC quantification in spiked feed
samples are shown in Table 1 and Fig. 3. As in the classification models,
the performance of the developed chemometric models appeared to be

largely influenced by the type of chemometric algorithm as well as the
type of tetracycline. Of chemometric models for CTC and OTC quanti-
fication, MLR and PLSR models applied on training and external vali-
dation datasets clearly exhibited better performance and predictive
accuracy than PCR models (data not shown), irrespective of the type of
tetracycline. The models applied on the training dataset of CTC and
OTC displayed comparably good regression quality, high predictive
accuracy, and low error rate (Table 1). However, when the MLR and
PLSR models were validated with the external validation dataset, the
models for CTC quantification performed moderately better than those
for OTC quantification (Fig. 3). The difference in the model perfor-
mance for OTC determination between the training and external vali-
dation datasets can be in part explained by the fact that the models for
OTC quantification are more influenced by spectral noise peaks induced
by big or small changes irrelevant to the level of tetracyclines and other
compositions in the extract. Compared to MLR and PLSR models, PCR
models showed unsatisfactory results and poor predictive performance,
particularly those for OTC quantification. This may be fundamentally
attributed to the fact that PCR algorithm is a less powerful spectral
decomposition technique than MLR and PLSR algorithms because it
estimates only the variance of the spectral data, rather than the cov-
ariance between the tetracycline concentration and the spectral data
(Cramer, 1993; Osborne et al., 1993). So, PCR model often displays a
poor predictive performance and accuracy compared to other chemo-
metric models unless the acquired spectra are highly resolved and
sensitive to the target analyte (Lee & Herrman, 2016).

Input variables (wavenumbers) used in MLR models for CTC and
OTC quantification were selected using the stepwise regression proce-
dure and then further optimized by eliminating some variables related
to collinearity and overfitting of the calibration models by examining
variance inflation factor (VIF) and tolerance values of each variable.
The final combination of input variables was determined using the
adjusted R-Square method for better prediction of tetracycline con-
centration in feed samples. Linear regression of MLR models applied on
the training dataset of normalize spectra of CTC and OTC samples
yielded higher determination of coefficient (r2) values (0.983 for CTC
and 0.961 for OTC) and lower error rates (RMSEC) (4.10 mg/kg for CTC
and 58.0 mg/kg for OTC). The MLR models for the external validation
dataset could account for 94.3% and 87.7% of the variance in CTC and
OTC spectral data, respectively (Fig. 3), with slightly higher predictive
error rates (RMSEP) (7.67 mg/kg for CTC and 120.3 mg/kg for OTC).
The slopes of the linear regressions of the MLR models for CTC quan-
tification displayed a good linearity of 0.983 for a training dataset and
0.940 for a validation dataset. The MLR models for OTC quantification
also showed a good slope of 0.961 for a training dataset, but slightly
higher slope of 1.027 for an external validation dataset (Table 1 and
Fig. 3). These observations indicate that the MLR models possess a
fairly good quality of the regression and somewhat strong predict-
ability, enabling us to carefully infer that the models can reasonably
determine low and high concentrations of CTC and OTC in animal feed
with acceptable analytical sensitivity and specificity. This implies that
the models developed on SERS spectra would be suitable and accurate
enough for rapid screening or high-throughput analysis of tetracycline
contaminated feed samples if Raman spectroscopy system and experi-
mental conditions for spectroscopic measurement are a little further
optimized and improved. Apparently, the selected input variables
(wavenumbers) in the MLR models were closely associated with char-
acteristic chemical functional groups of CTC and OTC molecules and
some constituents in a sample, presumably several carbohydrates and
proteins extractable with selected solvents from spiked animal feed.
This coincided well with the results of the absolute correlation coeffi-
cients of PLSR models (Fig. S3). Most wavenumbers showing larger
absolute correlation coefficients for the PLSR models fell within the
Raman shift regions identified above, displaying a proportional re-
lationship with CTC and OTC concentrations. However, as seen in Fig. 3
and in our previous studies (Lee & Herrman, 2016; Lee et al., 2014),
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Fig. 2. The principal component (PC) score plot (A) and canonical score plot (B): CTC, chlortetracycline; OTC, oxytetracycline; and Gr, group.

Table 1
Predictive performance and accuracy of select models on normalized SERS spectra data in predicting CTC and OTC concentration in spiked cattle feed samples.

Tetracyclinea Modelb RMSECc (mg/kg) RMSEPd (mg/kg) LODe (mg/kg) LOQf (mg/kg) SEg RPDh Significancei (p, 2-tailed)

CTC MLR 4.10 7.67 8.3 21.4 1.35 4.21 0.450
PLSR (6) 4.42 6.75 9.2 19.8 1.12 4.49 0.054

OTC MLR 58.0 120.3 94.6 239.0 16.2 2.48 0.057
PLSR (7) 62.6 103.7 73.7 204.9 13.6 3.00 0.157

a CTC, chlortetracycline; and OTC, oxytetracycline.
b MLR, multiple linear regression; and PLSR, partial least squares regression. The number in a parenthesis represents the optimum number of factors employed to

develop the calibration model.
c RMSEC, root-mean-square error of calibration.
d RMSEP, root mean-square error of prediction.
e LOD, limit of detection.
f LOQ, limit of quantitation.
g Standard error of the mean difference between SERS predicted and HPLC reference values.
h RPD, the ratio of the standard deviation of HPLC reference values to the standard error of cross-validation values.
i Statistical significant difference between SERS predicted and HPLC reference values.
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with present SERS technique considered as more sensitive than stan-
dard Raman spectroscopy, accurate prediction of lower concentrations
of CTC and OTC in animal feed is hard to achieve. The larger dis-
crepancy between SERS predicted and actual values at low concentra-
tions of the tetracyclines may be in part explained by the inability of
Raman laser to penetrate deep into the extract and less sensitivity of
Raman signals to polar groups of tetracycline molecules (Chen & Liu,
2012; Lee & Herrman, 2016). As a result, SERS was unable to accurately
measure such a small fraction of tetracyclines and other internal con-
stituents. Another possible explanation is that the repeatable and re-
producible Raman spectra should be more difficult to obtain at lower
concentration of CTC and OTC because of inhomogeneous distribution
and high adsorption variation of tetracycline molecules on or in the
vicinity of AuNPs as well as non-identical size of the nanoparticles
(Zeisel et al., 1998; Zhang et al., 2012).

PLSR is a quantitative algorithm and employs several latent factors
capturing meaningful and relevant information from complex and
multivariate spectra data. PLSR is similar to PCR, but is more powerful
and requires fewer factors to achieve a similar predictive performance
and produce comparable results as PCR (Cramer, 1993; Osborne et al.,
1993). Due to these features, PLSR could allow to develop the model to
reasonably predict a level of a target analyte of interest in a sample,
even with lower resolution spectra showing a subtle difference in
spectral intensity among samples at different concentrations. In this
study, the leave-one-out cross-validation method for the training da-
taset was used to determine the optimum number of the factors for
PLSR model by considering an appropriate point on the plot of PRESS vs
the number of extracted factors and p-value of the model residuals (Lee

et al., 2014). PLSR models for CTC quantification were developed using
a smaller number of latent factors (6) than PLSR model for OTC
quantification, but exhibited better performance and predictability
(Table 1 and Fig. 3). The PLSR models for CTC quantification showed
comparable predictive accuracy and power to the MLR models, showing
high r2 value (greater than 0.95), low prediction error rates
(RMSEC = 4.42 mg/kg and RESEP = 6.75 mg/kg), and a linear re-
gression slope close to 1.0. While PLSR models for OTC quantification
showed comparable results to MLR model for a training dataset, the
calibration model for external validation dataset displayed a better
correlation between SERS predicted and HPLC reference values, with
higher r2 value (0.899), lower error rates (RMSEP = 103.7 mg/kg), and
lower standard error of the mean (13.6 mg/kg). Despite vulnerability of
PLSR algorithm to spectral variations irrelevant to tetracycline mole-
cules (Kim, Niazi, & Gu, 2009), the statistical analysis results indicate
that PLSR models are as reliable and robust as the MLR models for
quantification of CTC and OTC in animal feed to screen contaminated
feed samples or perform high-throughput analysis of the samples.
Compared to MLR and PLSR models, PCR models for training and ex-
ternal validation datasets revealed unacceptable predictive perfor-
mance and accuracy yielding much lower r2 values, lower slopes of
regression equation, and higher prediction error rates (data not shown),
particularly with OTC samples. The highest coefficient of determination
(r2) values were at best 0.805 for training dataset and 0.415 for external
validation dataset with CTC samples. The poor performance and pre-
dictability of the PCR models may be in part attributed to the fact that
this algorithm is more seriously influenced by noise peaks, spectral si-
milarity among samples, and interference of characteristic Raman

Fig. 3. Linear regression plots of multiple linear regression (MLR) and partial least squares regression (PLSR) models developed on normalized spectra data,
displaying the relationship between SERS predicted and HPLC reference values of the external validation dataset of chlortetracycline (CTC) and oxytetracycline
(OTC) samples: MLR models for CTC (A) and OTC (C) quantification and PLSR models for CTC (B) for OTC (D) quantification.
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bands form other constituents than the other algorithms.
Paired sample t-test for external validation dataset showed no sta-

tistically significant difference between SERS predicted and actual
concentrations determined by HPLC method (p > 0.05) for all che-
mometric models and tetracyclines tested (Table 1). The standard error
of the mean difference between the predicted and actual values was
slightly higher in MLR model for CTC and OTC quantification than
PLSR model. Except for PCR models, strong correlation coefficient (r)
with the HPLC reference values were obtained with MLR (0.971 for CTC
and 0.936 for OTC) and PLSR models (0.981 for CTC and 0.948 for
OTC). The MLR and PLSR models for CTC and OTC also showed
meaningful limits of detection (LOD) and quantification (LOQ) which
appeared to be low enough to allow to measure the tetracycline re-
sidues in animal feeds and effectively screen contaminated samples
(Table 1). RPD values of the chemometric models for CTC and OTC
quantification were generally higher in the range of 2.48 and 4.49, of
which that of MLR model for OTC was lowest. That range of RPD va-
lues, particularly of the models for CTC quantification implies that the
models should be effective and highly predictive enough to differentiate
among contaminated samples at different concentration levels of tet-
racyclines. There have been few studies to investigate the feasibility of
SERS for early detection and identification of tetracyclines in animal
feeds. The outcomes and implications from the present study imply that
SERS method is very promising and noteworthy of being considered as
an alternative analytical tool equivalent to commercially available
simple and cost-effective method when it comes to accuracy and de-
pendability of the method in predicting concentrations of select tetra-
cyclines for screening of contaminated feed samples. The sensitivity and
specificity of SERS method is also almost comparable to those of stan-
dard wet chemical methods and likely to provide more important and
interesting insights and information over conventional Raman spec-
troscopy and other spectroscopic methods although there are still some
technical limitations and constraints to overcome for broader practical
application.

4. Conclusion

Results showed that the proposed SERS method combined with se-
lect chemometric algorithms could be a simple, fast, non-destructive,
and low-cost analytical method to existing standard wet chemical
methods and feasible for qualitative and quantitative analysis of CTC
and OTC in animal feed for efficient screening of contaminated feed
samples. The developed chemometric models on SERS spectra of CTC
and OTC spiked sample extract in this study showed acceptable pre-
dictive performance and ability for spectral data although the models
also revealed some challenges in accurate and precise prediction for the
samples at lower concentrations. The features and potentials of SERS
technique found in this research appeared to be desirable and justify its
wider implementation for real-time monitoring and routine analysis of
the select tetracyclines in animal feed at critical locations in feed supply
chains. However, there are some challenges and constraints impeding
the application of this spectroscopic technique including a poor re-
peatability and inconsistency of spectra induced by instability of Raman
laser source, inconsistent sample preparation and batches, in-
homogeneous distribution of target analytes in a sample, instability of
nanoparticles, and interference by biological fluorescence. Therefore,
future researches should address some of those issues to improve the
accuracy and precision of SERS, focusing on development of highly
efficient Raman system (e.g. stable laser source and signal amplification
component in the system), optimal chemometric algorithms (e.g. sim-
plification of data processing/interpretation and removal of redundant
data), inexpensive nanoparticles and nano-structured particles, and
new sample scanning technologies. The SERS spectroscopic method
offers diverse interesting and promising features over existing standard
chemical methods for analysis of tetracyclines and other antimicrobials
in animal feed, allowing it to serve as an efficient and reliable screening

system for better management and control of tetracycline contaminated
feed samples to enhance the safety and quality of feed products.
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