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Abstract

Taiwanese oolong tea is renowned for its excellent quality and enjoys a prestigious reputation both domestically and
internationally. In recent years, there has been an issue with imported Taiwanese-style oolong tea being sold as genuine
Taiwanese oolong tea, which has adversely affected the brand value of Taiwanese oolong tea. In this study, samples of
domestic oolong tea (Taiwanese oolong tea) and Taiwanese-style oolong tea produced abroad (including China, Viet-
nam, Indonesia, Thailand, etc.) were collected. A multi-elements analysis method was applied to establish an elemental
database of tea leaf samples. Subsequently, various widely used classification methods were employed to develop a
discrimination model for identifying the origin of Taiwanese oolong tea. Utilizing the discrimination model established
from a database of 727 samples to determine whether the tea leaves were Taiwanese or external, the statistical perfor-
mances of classification models such as LDA, Ridge, Random Forest, Boosting, and SVM are nearly consistent. These
models achieved an accuracy rate of 97.1%—97.8%, a recall rate (true positive rate) for Taiwanese origin of 98.4%—99.0%,
and a precision value for predicting Taiwanese origin of 97.3%—97.8%. This identification technology has become an
officially recognized and publicly recommended testing method in Taiwan (TFDAF0032.00, released on November 5,
2021) and has been effectively utilized in official administrative inspections for identification of origin, as well as
providing evidence for investigative cases.

Keywords: Camellia sinensis, Geographical origin identification, Taiwanese oolong tea, Taiwanese-style oolong tea, Tea

1. Introduction oolong tea, making it difficult to distinguish be-
tween them based on variety or appearance. To
prevent the importation of Taiwanese-style oolong
tea being fraudulently labeled as Taiwanese oolong
tea, it is necessary to develop a geographical origin
identification method to safeguard the brand value
of Taiwanese oolong tea.

Since the 1980s, research reports on the
geographical identification of the origin of agricul-
tural products have been steadily increasing.
Initially, the focus was on processed agricultural
products such as wine, honey, tea, olive oil, and
orange juice. Subsequent research focused on fresh
agricultural products such as potatoes, onions, pis-
tachios, and garlic, primarily due to the increasing

T aiwanese tea has been famous since ancient
times, and currently, there are eight major
specialty teas [1]. Among them, the two most
famous Taiwanese oolong teas are High-mountain
oolong tea and Dongding oolong tea. Unfortunately,
unscrupulous business runners have been import-
ing Taiwanese-style oolong tea to counterfeit
authentic Taiwanese oolong tea, which not only in-
fringes on the rights of producers and consumers
but also poses a threat to the Taiwanese tea in-
dustry. Taiwanese-style oolong tea is often made
from the same tea tree varieties, tea-making
equipment, and tea-making methods as Taiwanese
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global trade in fresh agricultural products and legal
requirements for labeling origin information [2].
The origin of tea will directly affect the quality, taste,
and market price [3]. Tea leaves exhibit different
aroma and flavor profiles from different origins [4].
Therefore, the ability to identify the origin of tea
products helps ensure authenticity and traceability
[5].

Techniques used for the geographical identifica-
tion of the origin of tea include stable isotope
fingerprinting, mineral element fingerprinting, and
metabolite fingerprinting. These techniques involve
the analysis of compounds with differences detected
through instrumental analysis, such as characteristic
metabolites, differing metabolites, mineral ele-
ments, and characteristic spectra, to establish
discrimination models. These models undergo
validation and blind sample confirmation to estab-
lish origin identification techniques. Commonly
used chemometric methods include logistic regres-
sion method (LR) [6], linear discriminant analysis
(LDA) [7,8], and partial least squares discriminant
analysis (PLS-DA) [5]. Machine learning algorithms,
including artificial neural networks (ANN) [9,10], k-
nearest neighbor (k-NN) [11,12], random forest (RF)
[13,14], and support vector machine (SVM) [11,15],
have rapidly developed and are frequently used in
food authentication. Compared to traditional che-
mometric methods, machine learning algorithms
are less interpretable but do not rely on model as-
sumptions and can handle a wide variety of data
types. These approaches offer flexibility, capture
complex relationships between predictors and the
response variable, and achieve higher predictive
accuracy, demonstrating superior sample prediction
capabilities [13,16,17].

Currently, several research studies have applied
multi-elements analysis to the identification of the
origin of tea [13,18—23]. In Taiwan, Hu et al. (2009)
utilized ICP-OES to analyze the elemental compo-
sition of Taiwanese tea and imported tea leaves,
allowing for a rough differentiation of tea from
specific regions. However, further development of
more precise elemental analysis techniques is still
needed to serve as direct evidence for the prove-
nance authentication of Taiwanese tea [24].
Furthermore, Liu et al. (2015) utilized multi-element
analysis by ICP-MS to establish a geographical
origin discrimination model for Taiwanese high
mountain oolong tea, achieving a high accuracy rate
of 94.76% [21]. This became a prototype technology
for the identification of the origin of Taiwanese
oolong tea. However, international literature also
points out that almost all literature on tea origin
identification is only suitable for research purposes

and has not been practically applied in food safety
control and food industry analysis [5].

Therefore, the main objective of this study is to
apply these techniques practically in the Taiwanese
tea industry. To meet the scientific basis required
for administrative inspections, it is necessary to
further improve the accuracy of identification. The
Tea and Beverage Research Station, Ministry of
Agriculture, R.O.C. (Taiwan) (hereinafter referred to
as TBRS) continues to enhance the origin identifi-
cation technology of Taiwanese oolong tea. In
addition to strengthening the collection of Taiwa-
nese-style oolong tea samples from abroad to
expand the identification database, multiple statis-
tical models of different types are constructed for
the identification of whether tea leaves are Taiwa-
nese tea or external tea. This technology has been
publicly recommended as the “Method of Test for
Multi-elements in Tea” (TFDAF0032.00) by the
Taiwan Food and Drug Administration of the Min-
istry of Health and Welfare (hereinafter referred to
as Taiwan FDA), with an open date of November 5,
2021 [25].

This paper illustrates the development and prac-
tical application of the geographical origin identifi-
cation for Taiwanese oolong tea as the foundation
for the application in the Taiwanese tea industry
(Fig. 1). Subsequently, due to the successful devel-
opment of new technology, coupled with adminis-
trative inspections by government agencies, the
fraudulent labeling of Taiwanese-style oolong tea as
Taiwanese oolong tea during importation has been
effectively prevented. This safeguards the brand
value of Taiwanese oolong tea.

2. Materials and methods

2.1. Tea samples used for identification database

A total of 486 Taiwan oolong tea samples were
collected from various geographical regions and
representative tea-producing areas in Taiwan.
Sampling areas included Chiayi County, Nantou
County, Taichung City, Taitung County, Yilan
County, Hualien County, Taoyuan City, and Miaoli
County. Among these, Nantou County, Chiayi
County, and Taichung City are the main producing
areas for semi-ball-shaped and ball-shaped oolong
teas, accounting for 72.1% of the total tea plantation
area in Taiwan [26]. The main tea tree varieties are
Chin-Shin-Oolong and TTES No. 12, along with
small-leaf varieties such as Shy-Jih-Chuen and
TTES No. 13. Additionally, Taiwanese-style oolong
tea (non-Taiwanese tea) samples from overseas lo-
cations were collected, including China (55
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elements in Tea” certified administrative inspections
by Taiwan FDA

Fig. 1. The development and practical application of the geographical origin identification for Taiwanese oolong tea as the foundation for the

application in the Taiwanese tea industry.

samples), Vietnam (114 samples), Indonesia (11
samples), and Thailand (61 samples), totaling 727
samples, as detailed in Table 1.

2.2. Multi-elements analysis

The tea samples were thoroughly mixed and
spread evenly on plastic square trays. Approxi-
mately 6 g of tea leaves were taken using a quadrant
method and ground into tea powder using a mixer
mill (MM400 - Retsch, Germany). The particle size
of tea powder was less than 0.5 mm. The tea powder
was then transferred to a glass weighing bottle and
placed in an oven at 85 °C for 15—25 h until dried,
followed by cooling to room temperature inside a
desiccator. Approximately 0.2 g of the dried tea
powder was accurately weighed and placed in a
Teflon microwave digestion vessel. Then, 6 mL of
nitric acid (67—70% - Ultrapure Reagent, ] T Baker)
was added, and the mixture was allowed to stand for
4 h before digestion using a microwave digester
(MARS 6 - CEM, USA). After cooling, the digested
solution was transferred to a volumetric flask. The

Table 1. List of 727 tea samples used in this research.

Classification Nationality =~ Sample  Sample
size ratio
Taiwanese oolong tea Taiwan 486 66.9%
(Taiwanese tea) (R.0.C.)

Taiwanese-style oolong tea ~ China 55 33.1%

(non-Taiwanese tea) Vietnam 114
Indonesia 11
Thailand 61
Total — 727 100%

digestion vessel was washed with deionized water
(the resistance ratio is greater than 18 MQ-cm at
25 °C) in 5 mL portions, and the washings were
combined in the volumetric flask and diluted to
50 mL with deionized water. The solution was then
filtered through a membrane filter and used as the
test solution for analysis by inductively coupled
plasma mass spectrometry (ICP-MS) (7700x - Agi-
lent, USA). The ICP-MS instrumental operating
conditions were as follows: The flow of nebulizer
gas was 1 L/min whereas the auxiliary and plasma
gas flow were maintained at 0.9 L/min and 15 L/min
respectively. The radio frequency power was set
1550 W. Collision gas (helium) flow rate was 4.3 mL/
min. The standard solutions were prepared from
multi-element calibration standard 2A (Ag, Al As,
Ba, Be, Ca, Cd, Co, Cr, Cs, Cu, Fe, Ga, K, Li, Mg, Mn,
Na, Ni, Pb, Rb, Se, Sr, T1, U, V, Zn), multi-element
calibration standard 1 (Ce, Dy, Er, Eu, Gd, Ho, La,
Lu, Nd, Pr, Sc, Sm, Tb, Th, Tm, Y, Yb) and multi-
element calibration standard 3 (Sb, Au, Hf, Ir, Pd, Pt,
Rh, Ru, Te, Sn) (Agilent Technologies, USA). Two
certified reference materials (NIMJ CRM 7505-a tea
leaf powder and INCT-TL-1 tea leaves) were used to
validate the standard operating procedure.

2.3. Data analysis and model construction

The data obtained from the elemental analysis
was processed using R software. Initially, the data
underwent transformation analysis, followed by
descriptive statistical analysis and multivariate sta-
tistical analysis. For the establishment of the
geographical origin identification model, this study
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employed seven widely cited classification methods
from the literature. These methods include tradi-
tional techniques: logistic regression (LR), linear
discriminant analysis (LDA), and ridge regression,
as well as machine learning algorithms: random
forest (RF), boosting, support vector machine
(SVM), and k-nearest neighbors (KNN). Traditional
techniques provide interpretability and are compu-
tationally efficient, making them suitable for smaller
datasets and simpler models. In contrast, machine
learning algorithms can handle more complex and
non-linear relationships in the data, potentially
improving predictive accuracy and robustness. The
comparison of these methods is crucial for identi-
fying the origin of tea because each approach offers
distinct advantages and addresses different aspects
of classification problems. By evaluating both
traditional and machine learning methods, we will
gain a holistic understanding of the strengths and
weaknesses of each approach, leading to more ac-
curate prediction in determining the provenance of
tea. For each classification method, the optimal so-
lutions for the relevant adjustment parameters and
the estimates of statistical evaluation indices were
obtained through k-fold cross-validation.

2.4. Blind samples testing

Using a new sample set consisting of 311 tea
samples (comprising 241 Taiwanese oolong tea
samples and 70 Taiwanese-style oolong tea sam-
ples), known for their places of origin, applied to a
statistical model constructed using 14 elements, for
blind sample testing purposes.

3. Results

3.1. Multi-elements analysis and an initial model
construction

All tea samples underwent analysis via ICP-MS,
resulting in data for 54 different elements. The
element “Ruthenium (Ru)" was excluded from the
analysis as all measurements were zero. Addition-
ally, considering the significant right skewness
observed in the detection values of various ele-
ments, a natural logarithmic transformation was
applied to the elemental data. For elements with

original detection values of zero, a small positive
value (one-tenth of the smallest non-zero value for
that element) was added to these values before
the data transformation. This transformation sub-
stantially corrected the right skewness in the orig-
inal data and resulted in a more symmetric
distribution of detection values for each element.
Furthermore, pairwise correlation coefficients were
calculated for all analyzed elements, revealing that
the majority of elements showed no significant
correlation.

The transformed analysis data of the 53 elements
were utilized in seven classification methods,
including traditional methods like logistic regres-
sion (LR), linear discriminant analysis (LDA), and
ridge regression, as well as machine learning algo-
rithms such as random forest (RF), boosting, sup-
port vector machine (SVM), and k-nearest
neighbors (KNN). The parameters for each classifi-
cation method were adjusted, and their perfor-
mance was evaluated using 5-fold cross-validation
to assess the effectiveness of each method.

Based on the classification analysis distinguishing
between Taiwanese and non-Taiwanese (external)
tea origins, seven models were compared regarding
their performance in distinguishing Taiwanese and
non-Taiwanese (external) teas, and the results are
summarized in Table 2. In terms of accuracy rate,
LDA, Ridge, Random Forest, Boosting, and SVM
were almost consistent, achieving discrimination
accuracy rates of 97.5%—98.8%, while LR and KNN
performed less favorably, with rates of 92.9% and
84.3%, respectively. Regarding the recall rates for
Taiwanese tea origins, LDA, Ridge, Random Forest,
Boosting, and SVM were almost consistent,
achieving recall rates of nearly 98.0%—99.0%, while
LR and KNN showed poorer performance, with
rates of 95.1% and 93.8%, respectively. Precision
values for predicting Taiwanese origin was almost
consistent among LDA, Ridge, Random Forest,
Boosting, and SVM, reaching approximately 98.0%—
98.4%, while LR and KNN showed significantly
poorer performance, with rates of 94.1% and 83.8%,
respectively. Based on the performance of each
classifier in various evaluation indices, LDA, Ridge,
Random Forest, Boosting, and SVM were prelimi-
narily selected as suitable statistical models for
Taiwanese oolong tea origin identification.

Table 2. The statistical metrics of seven classification models using 53 elements.

Method LDA LR Ridge Random Forest Boosting SVM KNN

Accuracy rate 0.9800 0.9292 0.9800 0.9800 0.9800 0.9746 0.8425
Recall Rate 0.9877 0.9507 0.9897 0.9877 0.9856 0.9795 0.9384
Precision Value 0.9816 0.9411 0.9797 0.9816 0.9836 0.9815 0.8385
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3.2. Multi-elements screen and models
reconstruction

To mitigate the potential interference of
numerous elements and fertilization effects on the
elemental analysis, and considering detection limits
and the practical cost of analysis in the industry
application, 14 elemental components were ulti-
mately selected using the Lasso regression method
for optimizing the tea origin identification model.
These elements include lithium (Li), vanadium (V),
chromium (Cr), nickel (Ni), copper (Cu), zinc (Zn),
rubidium (Rb), strontium (Sr), cadmium (Cd), ce-
sium (Cs), barium (Ba), lanthanum (La), cerium (Ce),
and lead (Pb). Among these 14 elements, rare earth
elements such as La and Ce can be used to identify
the geographical origin of agricultural products [27],
while other elements have also been mentioned in
previous studies [22,23].

Based on the selected 14 elements, we will
reconstruct the tea origin identification model using
the following five statistical methods with overall
superior performance: traditional linear discrimi-
nant analysis (LDA) and ridge regression, as well as
machine learning algorithms including random
forest (RF), boosting, and support vector machine
(SVM). Each discrimination model will be evaluated
using 5-fold cross-validation under a discrimination
threshold (defaulted to 0.5, where any discrimina-
tion result greater than 0.5 is classified as originating
from Taiwan). Various metrics, including accuracy
rate, true-positive rate (recall rate for Taiwan as the
origin) and precision (positive predicted value for
predicting Taiwan as the origin), would be assessed
for each model, as detailed in Table 3. For the
geographical identification analysis of Taiwanese
oolong tea, when distinguishing between Taiwanese
tea and tea from overseas (non-Taiwanese), the
performances of LDA, Ridge, Random Forest,

Table 3. The statistical metrics of five classification models using 14
elements.

Method LDA Ridge Random Forest Boosting SVM
Accuracy rate  0.978 0.977 0.976 0.971 0.977
Recall Rate 0.989 0.99  0.988 0.984 0.988
Precision Value 0.977 0.975 0.976 0.973 0.978

Table 4. Results of blind sample testing.

Boosting, and SVM are nearly identical. They ach-
ieve an accuracy rate ranging from 97.1% to 97.8%, a
recall rate (true positive rate) for Taiwan as the
origin ranging from 98.4% to 99.0%, and a precision
value for predicting Taiwan as the origin ranging
from 97.3% to 97.8%.

3.3. Blind sample testing

The tea origin identification model constructed
using the 14 known elements was validated with
blind samples of known origin (Table 4). There were
241 blind samples known to be from Taiwan, out of
which the model predicted 237 correctly, resulting
in an accuracy rate of 98.3%. There were 70 blind
samples known to be from overseas, out of which
the model predicted 69 correctly, yielding an accu-
racy rate of 98.6%. In total, there were 311 samples,
resulting in an overall accuracy rate of 98.4%.

4. Discussion

The compositional characteristics of agricultural
products, such as proteins, carbohydrates, fats,
mineral elements, etc., are influenced by various
factors including variety, human cultivation prac-
tices, manufacturing processes, seasonal variations,
and geographical factors such as soil composition
and altitude. Apart from anthropogenic influences,
differences arising from various natural geograph-
ical environments serve as important evidence of
geographical differentiation, thus becoming a
crucial basis for the geographical identification of
the origin of agricultural products. Furthermore,
compared to other components in tea leaves, the
concentration of mineral elements in tea leaves
tends to be more stable and less susceptible to
changes due to processing steps or storage time [28].

In the application of ICP-MS analysis for finger-
printing mineral elements in tea leaves, several
studies have demonstrated the ability to distinguish
the geographical origin from different countries as
well as within different regions of the same country.
Pilgrim et al. (2010) utilized ICP-MS to analyze the
isotopic or elemental content of tea leaves to
differentiate between Sri Lanka, China, India, and
Taiwan. Different discrimination functions were

Geographical origin Blind samples Model prediction

Prediction correction Accuracy rate

Taiwanese Non-Taiwanese
Taiwanese 241 237 4 237 98.3
Non-Taiwanese 70 1 69 69 98.3

Total 311 306 98.4
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used, achieving an accuracy rate of 97.6% [22].
Zhang et al. (2018) utilized ICP-MS to analyze Fen-
ghuangdancong tea (a kind of oolong tea) and other
Chinese teas. They achieved a similarity classifica-
tion rate of 93.3% and a cross-validated prediction
ability of 96.6% through fingerprinting analysis of 45
elements and linear discriminant analysis (LDA).
This technology can be used to authenticate Fen-
ghuangdancong tea [20]. Zhang et al. (2020)
employed ICP-MS to analyze 71 green tea samples
from five adjacent regions in Guizhou Province,
China. They found significant differences in 39 ele-
ments among different regions. Through stepwise
linear discriminant analysis (S-LDA) with cross-
validation, the predictive ability reached 88.3% [18].
Liu et al. (2020) analyzed Yongchuanxiuya tea (a
kind of green tea) from six different producing areas
using ICP-MS and ICP-OES. They employed HCA,
PCA, PLS-DA, BP-ANN, and LDA models for origin
identification, with blind sample verification. The
results showed that the prediction accuracy of both
BP-ANN and LDA methods exceeded 90%, with
LDA demonstrating the best performance,
achieving an accuracy rate of 100% [19]. Deng et al.
(2020) utilized a random forest (RF) model to
establish origin identification technology for Chi-
nese green tea producing areas, achieving a pre-
diction accuracy rate exceeding 91%. They
considered RF to have higher accuracy compared to
other statistical models [13].

Compared to other research reports on tea origin
identification, our study collected 727 samples of
Taiwanese oolong tea from different geographical
regions and samples of Taiwanese-style oolong tea
from overseas (486 from Taiwan and 241 from other
countries). We utilized ICP-MS to analyze 54 ele-
ments in the tea samples and selected 14 key
elemental components, including lithium (Li), va-
nadium (V), chromium (Cr), nickel (Ni), copper
(Cu), zinc (Zn), rubidium (Rb), strontium (Sr), cad-
mium (Cd), cesium (Cs), barium (Ba), lanthanum
(La), cerium (Ce), and lead (Pb), to optimize the
origin identification model. Previous studies have
mentioned rare earth elements (REEs), which
include 15 lanthanides (La) elements, as well as
Yttrium (Y) and Scandium (Sc), totaling 17 elements.
These elements have been considered suitable for
application in tea origin identification [27]. Among
the 14 discriminatory elements selected in this
study, only 2 (La and Ce) belong to rare earth ele-
ments (REEs). This might be attributed to the fact
that the oolong tea samples collected for this study
may not have been exclusively from a single tea
season, as the content of most rare earth elements

(REEs) in tea leaves is mainly influenced by the
season of harvest [27]. Furthermore, another study
has indicated that 8 elements including Mg, Ni, Rb,
Sr, Cd, Cs, Ba, and Pb show the highest correlation
with tea origins [28]. Except for Mg, which is
recognized as being influenced by fertilization, the
other 7 elements are within the scope of the 14
discriminatory elements selected in this study.

Through five common classification statistical
methods, including two traditional statistical classi-
fication methods and three machine learning algo-
rithms, each method had its strengths and
weaknesses. Generally, traditional classification
methods perform better when there is fewer data
and different categories can be linearly separated in
the feature space. However, when there is a suffi-
cient amount of data and different categories cannot
be linearly separated in the feature space, machine
learning algorithms have the advantage in classifi-
cation methods. In our study, considering the pre-
dictive accuracy of the model methods, traditional
classification methods generally performed better
when distinguishing between Taiwanese and non-
Taiwanese origins. LDA, Ridge, Random Forest,
Boosting, and SVM achieved almost identical accu-
racy rates ranging from 97.1% to 97.8%. The recall
rates for Taiwanese origin ranged from 98.4% to
99.0%, and the precision values for predicting
Taiwanese origin ranged from 97.3% to 97.8%. The
database established in this study comprises over
seven hundred samples, which is rare. Increasing
the number of samples indeed improves the accu-
racy of identification. Moreover, the tea samples
identified belong to the same category of oolong tea,
with similar tea tree varieties, tea-making equip-
ment, and tea-making techniques. They differ only
in the producing country. Through elemental anal-
ysis combined with traditional chemometric
methods and machine learning algorithms, our
study has demonstrated good effectiveness in dis-
tinguishing between Taiwanese and overseas teas.
Furthermore, it has been applied practically in the
tea industry to uphold the rights and interests of tea
farmers and consumers.

Comparing the performance of the models origi-
nally using 53 elements to the simplified version
using 14 elements, there is little difference in the
three metrics of accuracy rate, recall rate for Taiwan
as the origin, and precision value for predicting
Taiwan as the origin (Table 5). Therefore, consid-
ering the cost-saving aspect, the simplified analysis
model using 14 elements can be adopted as the
geographical origin identification model for Taiwa-
nese oolong tea.
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Table 5. The statistical metrics of five classification models between 53 and 14 elements.

Method LDA Ridge Random Forest Boosting SVM

Accuracy rate 0.980%/0.978* 0.980%/0.977* 0.980%/0.976* 0.980%/0.971* 0.975%10.977*
Recall Rate 0.988%/0.989* 0.990%/0.990* 0.988%/0.988* 0.986"/0.984* 0.980%/0.988*
Precision Value 0.982%/0.977* 0.980%/0.975* 0.982%10.976* 0.984%/0.973* 0.982%/0.978*

Note: # and * respectively represent the statistical values of 53 elements and 14 elements in each model.

5. Conclusion

Integrated analysis shows that trace elements in tea
leaves do indeed achieve significant effectiveness in
geographical origin identification applications. This
technology has been publicly endorsed by the Taiwan
FDA as the recommended inspection method
‘Method of Test for Multi-elements in Tea’
(TFDAF0032.00), released on November 5, 2021 [25].
Furthermore, it has been actively utilized in the
geographical origin identification inspections con-
ducted by other official agencies in Taiwan and serves
as supporting evidence for investigation cases. These
cases include projects such as geographical origin
inspections of tea products in the market, which
involve participation from the Office and Food Safety,
Executive Yuan, the Taiwan FDA, and the Agriculture
and Food Agency, Ministry of Agriculture (herein-
after referred to as AFA) [29], as well as geographical
origin identification projects of local specialty tea
evaluation competitions involving participation from
the AFA [30], and extended investigation projects led
by the Investigation Bureau, Ministry of Justice [31].
In addition, the policy-making authority for Taiwan's
domestic tea industry, the AFA, has enacted regula-
tions according to the ‘Agricultural Production and
Certification Act’. Starting from January 1, 2023,
domestically produced tea must provide one of the
following: agricultural and food products traceability
barcode (QR Code), Traceable Agricultural Products
(TAP), or CAS Organic agricultural products (CAS
Organic), aiming to protect the rights and interests of
consumers and tea farmers [32]. Finally, the impact of
blending tea from different origins on overall origin
identification will also be further explored in subse-
quent research. Additionally, the Taiwanese tea in-
dustry includes other important specialty teas such as
Oriental Beauty tea, Wenshan Paochong tea, and Red
oolong tea. In the future, we will develop other
geographical origin identification techniques for
these specialty teas and continuously improve in-
spection methods to uphold the brand value of
Taiwanese tea.
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