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ABSTRACT

The Harmonized System (HS) code is a crucial component of global trade. It helps classify goods correctly so that
taxes and duties can be applied fairly and consistently across countries. However, many current HS code search tools rely
on exact keyword matches. This often causes problems like wrong results, confusion, delays, and frustration, especially
for users who don’t know the exact terms to search for. These mistakes can also lead to incorrect tax charges and trade
issues. This study introduces a new and innovative approach to searching for HS codes. It uses semantic search and word
embedding models, advanced tools from natural language processing (NLP), to understand the meaning behind what users
are asking, even if they don’t use the exact right words. This approach makes the search more accurate, faster, and much
easier for people to use. The study includes real examples, testing, and comparisons with traditional methods to show how
this new system works better. The results clearly show that it improves both speed and accuracy, helping customs officers,
brokers, traders, and regulators do their jobs more efficiently and correctly. By reducing errors and making the process
smoother, this new system offers a big step forward in trade technology. It shows how artificial intelligence can help make
international trade more reliable, user-friendly, and ready for the future.
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1. Introduction

Global trade operates as a vast and intricate ecosys-
tem, where the accurate classification of goods is not just a
procedural requirement but a critical enabler of efficiency,
compliance with laws and regulations, and fair commerce.
Harmonized System (HS) codes, standardized by the World
Customs Organization (WCO)!!, serve as a universal lan-
guage for describing products and are widely used by gov-
ernments, international organizations, and the private sectors
for various purposes. These include trade policy, rules of
origin, monitoring of controlled goods, internal taxes, freight
tariffs, international trade statistics and economic research
analysis, with the collection of import duties and taxes being
the primary use.

However, the vast and intricate nature of the HS code
system, encompassing over 5,000 commodity groups, poses
significant challenges for users. Misclassifications can lead
to incorrect duty assessments, shipment delays, and com-
pliance violations, resulting in costly ramifications for both

businesses and regulatory bodies.

Understanding Current Limitations

Traditional HS code search systems depend on exact
keyword matching, which struggles to handle the complexity
of natural language. This often creates problems for users.
A single product can be described in many ways; for exam-

99 ¢

ple, “synthetic fabric,” “man-made textile,” and “polyester
material” may refer to the same item, but a keyword search
might not connect them. HS codes also use technical terms
that differ from everyday language. For instance, someone
searching for “plastic bottles” may need to know the technical
term “polyethylene terephthalate containers.” Additionally,
language and regional differences mean that users from dif-
ferent backgrounds may phrase the same query differently,
leading to inconsistent results.

As technology evolves, semantic search is becoming
increasingly essential across various industries, including
e-commerce, healthcare, and customer support, because it un-
derstands the meaning and context of words rather than just
matching exact terms. In HS code classification, semantic
search powered by natural language processing (NLP) and
word embeddings offers a smarter, more accurate, and user-

friendly solution. It reduces errors, improves efficiency, and

helps make global trade smoother and more reliable, setting

a new standard for modern customs and trade systems.

2. Research Objectives

1)  Explore Semantic Search:

e Investigate how semantic search techniques im-
prove understanding of user queries beyond key-

word matching.

2)  Implement Word Embedding Models:

e  Utilize advanced word embedding models to cap-
ture semantic relationships between queries and

HS code descriptions.

3. Literature Review

As international trade continues to grow, customs pro-
cesses have become more complex and challenging. Before
goods can be delivered, all import and export steps must be
completed. In particular, the declaration process requires
detailed information, a good understanding of the products,
and compliance with the laws of both the importing and
exporting countries by Quan and Khan (%),

In the past, customs authorities have depended on man-
ual inspections and keyword-based systems to classify goods
by Pawtowski[*]. These methods often caused errors, espe-
cially when product descriptions were unclear or unstruc-
tured. Because the HS code system is complex, this fre-
quently leads to mistakes and penalties.

Traditional manual and keyword-based methods often
struggle to handle the complexity of product descriptions.
To standardize product classification globally, the World
Customs Organization (WCO) by Clark and Bernard ™ cre-
ated the Harmonized System (HS) by Arya et al.[’], a global
classification system. This system employs a hierarchical
structure, categorizing over 5,000 product types into chapters
(2 digits), headings (4 digits), and subheadings (6 digits) by
Liao et al.[®]. This helps everyone involved in international
trade including customs officers, customs brokers, importers,
exporters, and others, to identify products using the same
standard code.

Classifying products correctly is one of the most com-

plex parts of the customs process. Using the correct Harmo-
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nized System (HS) code is crucial for ensuring trade com-
pliance and smooth customs clearance. To help with this,
machine learning systems have been developed to match
product descriptions with the correct codes. However, since
there are thousands of HS codes, obtaining accurate results
remains challenging. Mistakes can lead to serious compli-
ance problems and financial penalties by Harsani et al.[’].

Several studies have highlighted the role of automa-
tion in the Customs Broker Management System (CBMS) in
reducing manual workload, processing delays, and human
errors by Zhong!®l. For instance, Hamisi and Kileo™! pro-
posed an automated customs clearance system integrating
document verification, Harmonized System (HS) code clas-
sification, and risk assessment. Their findings demonstrated
significant reductions in processing time and error rates com-
pared to traditional manual methods by Domingues et al.[1%],
Gunarathne and Kalingamudali!'' and Kosgei['?).

Recent Artificial Intelligence (AI)-driven approaches
by Stassin et al. 3] utilize machine learning (ML), natural lan-
guage processing (NLP), and word embeddings to automate
and enhance the accuracy of HS code classification. These
Artificial Intelligence (AI) models outperform rule-based
systems by learning from historical trade data and dynami-
cally adjusting to new regulatory changes by Pawtowski[?,
Merkulov et al.['* and Fedotoval!3!.

Recent advancements in semantic search and natural
language processing (NLP) by Chen et al.['], Yereshko et
al.l”l and Ortowska and Chackiewicz!'®] have introduced
innovative approaches to enhance HS code classification by
Bleikher et al.[!?], Stassin et al.[!3], Novith 29 and Yuan 21,

To solve these challenges, we developed a new model
that automatically matches product descriptions to HS codes
without human input. It compares the text of a product de-
scription with HS code descriptions using Doc2Vec, which
turns text into numerical vectors. By measuring the similar-
ity between the two texts, the model verifies the accuracy of
the HS code and flags any errors. This helps detect fraud,
improve accuracy, and supports better compliance in trade
operations by Chen et al.[') and Kavoya[??],

Information Retrieval (IR) is a computer science field
that focuses on extracting useful information from large
datasets. It is used to help automatically classify products
under the Harmonized System (HS) code by Harsani et al. "),

Traditional keyword-based searches often give inaccu-

rate results because product descriptions can be unclear or
inconsistent. Semantic Search and Word Embedding mod-
els enable the system to understand contextual meanings,
improving Harmonized System (HS) code matching by an-
alyzing linguistic patterns rather than exact keywords by
Yuan?!1,

Research by Zuccon et al.[?>] demonstrates the effec-
tiveness of word embeddings in extracting meaning from
text. Their application in customs environments significantly
improves precision and reduces manual search time by Ham-
barde & Proencal?*,

Explored the use of pre-trained Semantic Textual Simi-
larity (STS) models through deep transfer learning for HS
code classification by Stein et al.[*’! and Raunak*%]. Their
methodology involved extracting relevant commodity infor-
mation from trade documents and applying sentence-level
embeddings to match descriptions with the corresponding HS
codes, thereby showcasing the potential of transfer learning
in this domain. Similarly, Spichakova and Haav!?"! intro-
duced a hybrid approach that integrated textual descriptions
of products with the taxonomy of HS codes. By utilizing
machine learning and semantic similarity, their approach en-
ables the detection of incorrect classifications and reduces
fraud in international trade by Asudani et al. 28],

Du et al.[?] introduced HScodeNet, a neural network
that improves HS code classification by analyzing both de-
tailed and overall parts of product descriptions. In another
study from Liao et al.[®! developed a model that combines
ERNIE (Enhanced Representation through Knowledge In-
tegration) with a Bidirectional Long Short-Term Memory
(BiLSTM) network and attention mechanisms to capture sim-
ilar features. Both approaches significantly enhance classifi-
cation accuracy by improving the understanding of product
descriptions more effectively.

Arya et al.B’l developed a combined approach us-
ing BERT-transformer models, Named Entity Recognition
(NER), distance-based methods, and knowledge graphs to
classify text descriptions based on the HS code system. This
comprehensive model addressed scalability and coverage
challenges in HS code classification. Additionally, Chen et
al.['] approached HS code classification as a machine trans-
lation problem, modeling the translation from item descrip-
tions to HS codes. Their method employed neural machine

translation techniques, achieving substantial improvements
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in classification accuracy.

Lee et al.?" created a model using KoELECTRA for
HS code classification and reached 95.5% accuracy in the top
three results across 265 subheadings. These studies demon-
strate that combining semantic search with machine learning,
and deep learning can significantly enhance HS Code accu-
racy and facilitate smoother international trade.

Traditional keyword searches often give inaccurate re-
sults because product descriptions can be unclear or incon-
sistent. To address this, the Customs Broker Management
System (CBMS) utilizes semantic search and word embed-
ding models, including Word2Vec, GloVe, and BERT. These
tools help the system understand word meanings in con-
text, making HS code matching more accurate by Zhang
& Khan[3!l, Research by Worth[*?], Edwards et al.[**] and
Wang et al.3*] demonstrate the effectiveness of word embed-
dings in extracting meaning from text. Their application in
customs environments significantly improves precision and

reduces manual search time.

4. Research Methodology

This research presents a new system that utilizes se-
mantic search and word embeddings to enhance user access
to the correct Harmonized System (HS) code. Instead of
requiring exact keywords, the system understands the mean-
ing behind the user's input, allowing people to search using
natural language. This makes the search more accurate and
user-friendly, even for those without technical knowledge of
HS codes.

4.1. Traditional Keyword-Based Search

Traditional HS code search tools rely on matching ex-
act keywords entered by users with words in a database. For
example, if someone searches for “plastic bottles,” the sys-
tem looks for those same words and ranks results based on
how often they appear. While this method is simple, fast,

and cheap to implement, it has many limitations.
Limitations of Keyword Search

Keyword searches are only effective when users know

the exact terms used in the database. They often fail when:

e Synonyms or alternative terms are used. For instance,

“synthetic leather” might not be matched with “artificial
leather.”

e  Context is missing, leading to confusion between sim-
ilar terms (e.g., “seal” as an animal vs. a mechanical
part).

e  Spelling mistakes are made, such as typing “lether” in-
stead of “leather.

e  Ambiguous or broad queries return too many irrelevant
results.

e New ter”ms or trends are not updated in the system.

e  Multilingual users input search terms in different lan-

guages, which the system cannot process.

As a result, traditional search methods can be slow,
inaccurate, and frustrating, especially with large datasets
or unclear product descriptions. To overcome these issues,
the proposed system utilizes Al-powered semantic search to
comprehend meaning, rather than merely matching words,

resulting in improved performance and user satisfaction.
Semantic Search — Smarter Query Interpretation

Users can type product descriptions in everyday lan-
guage, and the system intelligently interprets them to sug-
gest the correct HS codes. This approach reduces reliance
on specialized knowledge and improves accessibility across
different user groups.

Word Embeddings — Context-Aware Classification

The engine understands the context and meaning be-
hind product descriptions, ensuring precise HS code assign-
ment. By recognizing synonyms, spelling variations, and
related terms, it delivers consistent and reliable classification
results (Figure 1).

Traditional keyword-based search systems face inher-
ent limitations in their ability to recognize variations in ter-
minology. For instance, shown Figure 2, if a user searches
for the HS code for “Hom Mali Rice” or “Jasmine Rice,” the
system's performance hinges on the exact keywords entered.
In such a setup:

Cr. Customs Department, Thailand.

e When the term “Hom Mali Rice” is used, the system
may successfully identify the correct HS code because
the exact keyword exists within its database.

e  However, in Figure 3, if the user searches for “Jasmine
Rice,” the system may fail to recognize the term as
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synonymous with “Hom Mali Rice.” This limitation tional keyword search, where the lack of semantic under-
can result in incomplete or inaccurate results, affecting standing can hinder the accuracy and reliability of the clas-
tariff classification and potentially leading to incorrect  sification process. This underscores the need for advanced
declarations. solutions, such as semantic search powered by word embed-
Cr. Customs Department, Thailand. ding models, to bridge the gap and ensure precise results

Such challenges highlight the shortcomings of tradi- regardless of variations in terminology.

743\
&

KEYWORD
Query’s Intent
a o @Context
O Semantics
Traditional Keyword Based Search Semantic Search

Figure 1. From Keyword Matching to Meaning: Advancing Search with AI-Powered Semantics.

TTCade 248 dgn Searching for
’ 4 “Hom Mali Rice”
[ Qsexa |
o -
[ e
- . Found 2 HS Codes for

Hom Mali rice

Hom Mall rice <‘ « P S PURT)
Hom Mali Rice

=

Figure 2. With Traditional keyword-based Search require exact keyword in searching like “Hom Mali Rice”.

_m

code 2488 e Searching for
— i~ “Jasmin Rice”
==
s S
=
et — Cannot find
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Figure 3. At traditional keyword searches, the system cannot recognize words that represent the same meaning, such as “Jasmin Rice”
and “Hom Mali Rice.” It can only recognize the exact word.
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4.2. Exploring Semantic Search

Semantic search is an advanced method that enables sys-
tems to understand the meaning and context of words, rather
than simply matching exact keywords. This is especially use-
ful for complex tasks like HS code classification, where prod-
uct descriptions can vary. Unlike traditional searches, seman-
tic search looks at the intent behind a query, making results
more accurate and relevant. This method uses Natural Lan-
guage Processing (NLP) and word embedding models, which
turn words into numbers (vectors) that reflect their meaning.
For example, in this system, the words “cotton” and “fabric”
are placed close together because they are related in meaning.
This allows the system to better understand what users are

really asking, even if they use different words.
4.2.1. Why Semantic Search Matters

Semantic search helps solve common problems in tra-

ditional searches:

1. Synonyms and Ambiguity—It recognizes that words
like “car” and “automobile” mean the same thing, or
that “bank” could mean a financial institution or a river-
bank, depending on context.

2. User Differences—People may describe the same prod-
uct differently. One might say “polyester fabric”, while
another says “synthetic textile.”

3. Technical Language—HS codes often use complex
terms, like calling a “plastic cup” a “molded polymer

container.” Semantic search helps bridge that gap.

4.2.2. How It Works

1. Natural Language Processing (NLP): This helps the

system break down and understand queries. It:

o  Splits the query into words (tokenization),
o  Reduces words to their base form (like “running”
— “run”), and

o  Understands how the words relate to each other.

2. Semantic Parsing: This helps the system understand the
whole meaning of a sentence, not just individual words.
For example, if someone searches for “HS code for
exporting ceramic tableware,” the system understands
the topic and returns results like “earthenware dining

articles,” even if those exact words weren’t used.

4.3. Implement Word Embedding Models

Word embeddings are a method for converting words
into numerical representations, enabling computers to com-
prehend their meanings and relationships. These numbers,
called vectors, are placed in a multi-dimensional space where
similar words are located close to each other. This helps com-
puters recognize when different words mean similar things,
which is essential for accurate HS code classification.

4.3.1. Understanding Word Similarity

In word embedding models, each word is turned into a
vector with many dimensions, often hundreds or more. These
vectors are trained on large sets of text, allowing the system
to learn which words commonly appear together. For exam-
ple, words like “cotton” and “fabric” are often used in similar
contexts, so their vectors end up close together. Meanwhile,
“cotton” and “engine” would be far apart because they aren’t
related.

This enables the system to comprehend meaning, even
when different words are used. So, if someone searches for
“synthetic textile,” the system can still find HS codes linked

to terms like “polyester fabric” or “artificial cloth.”
4.3.2. Capturing Language Details

Each dimension in the word vector captures a differ-
ent aspect of meaning, such as material type, usage, or
synonyms. For instance, the word “leather” might link to
terms like “fabric” or “upholstery” depending on the con-
text. Similarly, “synthetic leather” and “faux leather” are
recognized as having similar meanings. By using these mod-
els, the system can better understand the user's intent and
return more accurate HS code results, even if the wording

isn’t exact.
4.3.3. Implication for HS Code Search

This dimensional analysis enhances the system’s ability
to handle synonyms, polysemy, and domain-specific jargon.
For example, a user searching for “artificial fabric” might
be led to the HS code for “synthetic textiles” because the
embedding model recognizes their semantic equivalence.

4.4. System Development and Tools Used

The system was implemented using Python 3.10, with
the support of widely used open-source NLP libraries:
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e spaCy—for text preprocessing (tokenization, lemmati-
zation, and stopword removal),

e  Gensim—for implementing the Doc2Vec model to learn
vector representations of HS code descriptions,

e  scikit-learn—for calculating cosine similarity and eval-

uating ranking performance metrics.

All experiments were performed in Google Colab Pro.

1. Dataset and Vector Construction
Two separate datasets were used during the study:

2. Doc2Vec Training Dataset
We utilized a publicly available dataset titled Trade
Classification Data from Harvard University from Kag-
gle[®3] to train the Doc2Vec model. This dataset in-
cludes product descriptions and their corresponding
HS codes, which helped create a rich semantic repre-
sentation space.

3. Evaluation Dataset
For experimental evaluation, we constructed a curated
dataset consisting of 100 real-world product descrip-
tions used in the internal operations of ThaiSomde;j.
Each product in the set contains two fields: product
description and HS Code. This dataset was created

specifically for this research and is publicly available

at ThaiSomde;j *%).

4.5. Processing Pipeline
The system's workflow includes the following stages:

1. Query Input—Users input product descriptions in free-
text format.

2. Preprocessing—Standard NLP operations are applied
to clean and normalize the input.

3. Query Embedding—The query is converted into a vec-
tor using a pretrained Doc2Vec model.

4. HS Code Vectorization—All product descriptions from
the dataset are embedded into the same vector space.

5. Similarity Computation—Cosine similarity is com-
puted between the query and all HS code vectors.

6. Ranking and Display—The top-k most similar HS

codes are retrieved and displayed to the user.

5. Evaluation Metrics and Results

The system's performance was evaluated using Preci-
sion@k for k =5, 10, 15, 20, and 25. The Table 1 below
summarizes the results comparing the Doc2Vec-based se-

mantic search with a traditional keyword-based method.

Table 1. Precision@k Comparison Between Semantic Search and Keyword-Based Search.

Method Precision@5 Precision@10 Precision@15 Precision@20 Precision@?25
Semantic based (doc2vec) 0.15 0.19 0.22 0.25 0.27
Keyword based (traditional) 0.04 0.06 0.06 0.06 0.06

The semantic search method demonstrates significant
improvements over the keyword-based approach in all preci-

sion levels.
Application Example:

If a user searches for “HS code for leather shoes,” a
BERT-based system understands the meaning and can match
it to the correct code, even if the official term is “footwear
with leather uppers.” Word embedding models are the core
of modern semantic search. They turn words into numbers
that capture meaning and relationships. This helps the sys-
tem understand context, recognize synonyms, and give more

accurate results. As a result, HS code searches become faster,

more precise, and easier for users to perform.
How Semantic Search Works:

Semantic search works by turning the user’s query into
a vector that captures its meaning. At the same time, all
HS code descriptions are also converted into vectors. The
system then compares these vectors using a method such as
cosine similarity to find the closest matches, not just based

on keywords, but also on meaning.

Step-by-Step: HS Code Classification Using Seman-
tic and Word Embedding Search:

The following presents the operational details corre-

sponding to the steps illustrated in Figure 4.
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O Lt Input
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Inpait Search Queny
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e Preprocessing Query:;
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Lemmatization
op Word Removal

Conwert Query 1o Vector
{Using Word Embedding
Bodel)

H5 Code Database:
Conwert HS Descriptions
1o Vector

Similarity Matching
Compane Cuery Vedlor
with HS Cade Vectors

Rank and Classify HS
Codes: Based on
Semantic Redevance

Filter Results (Optional]
* Region

* Product Detalls
*Trade Regulations

Display Results:
H5 Code, Description,
Tariff Rates

Generate Import
Declaration:

'I'I'IE"HH.' HS Code into
Customs Declaration Form

End
Process conclude
User select HS Code

Continuous Updates:
Incorparate New Data
and Regulations

Figure 4. Full Process for HS Code Classification Using Semantic Search and Word Embeddings.

Start

The system is activated, and the user begins by entering
a product-related query.

User Input

The user types a question in natural language, like “HS

code for synthetic leather bags” or “Jasmine rice import

code.” 4.

Preprocessing

363

The system prepares the query by:

e  Splitting it into words (tokenization),

e  Reducing words to their base form (e.g., “running”
— “run”),

e  Removing unnecessary words like “the” or “of.”

Convert Query to Vector

The cleaned query is turned into a numeric vector using
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a word embedding model like Word2Vec, GloVe, or

BERT. This captures the meaning of the words.
5. HS Code Data Preparation
All HS code descriptions are also preprocessed and

converted into vectors using the same model.

6.  Matching the Vectors

The system compares the query vector with the HS

code vectors using similarity calculations (like cosine

similarity) and finds the best matches.

7.  Ranking Results

The system refines the list based on region, trade con-

text (import/export), and product details.

8. Showing Results

The top matching HS codes are shown, including:

e Code number,

e  Description,

e Related info like tariffs and regulations.

9.  User Feedback (Optional)

Users can give feedback, such as “Correct” or suggest

a better match. This helps improve the system.

10. Ongoing Updates

@ Vs

30.30

1006.20
1006.40

1006.30.70
1006.10
1006.30

1
1
1
1
1

006.10.10

The system is regularly updated to include new codes,

regulations, and improve accuracy based on user input.
11. End

The user selects the right HS code or adjusts the search

if needed.

With semantic search, the system goes beyond tradi-
tional exact keyword matching. Instead of requiring the
user to type the precise wording of a tariff description, the
search engine understands the meaning and context of the
query. The system then displays these possible matches,
often with relevance scores (shown by the progress bars on
the right).

Example:

>

If someone searches for “plastic beverage container,’
the system may return HS codes for “polyethylene bottles”
or “PET containers” because it understands they are related.

For HS codes, a search for “Hom Mali Rice” doesn’t
have to be exact. The system knows that “Jasmine Rice” is
a related term and gives the correct code shown in Figures
5 and 6. This saves time and helps users get accurate results

without needing technical terms.

# Home [l Document Search & Administrator ~

Tariff Search

hom mali rice

kbl

- - IvauNEs
dnvaunrd
1
- - il
- - dawmiim
dnndag
- daoin
- - dnda
- - tIuan@
1 Ivaudu g
- ddan
- id@ouaImiad@vionun asdaniali
fimu
aun
- -Buq
--dunq
- - e tdamiuduawsdnd
muzdMSuMswIzlan

Search

Hom Mali rice

Hom Mali rice

Rice

Parboiled rice

Glutinous rice

Husked (brown) rice :

Broken rice :

Malys rice

Basmati rice

Other fragrant rice

Rice in the husk (paddy or rough) :
Semi-milled or wholly milled rice,
whether or not polished or glazed :
Other

Other

Other

Of a kind used for animal feed
Suitable for sowing

Figure 5. Searching with “Hom Mali Rice” keyword (Exact Keyword). With blue-bar, indicate the keyword search matching rate.
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Tariff Search

jasmin rice
10.06 im
10.06 1m
06.3 - - - amile
) - - il
1006.20 - 1ndag
1006.40 - datuin
1006.30.60 - - unda
- - dnuand
- - M mandu q
- - MIMauNEa
0 : - - Ivauuya
1006.10 - ddan
1006.30 - gt udmiadvionun azdanialu
fimu
--8uq
-duq
--8uq

- - illavildamiuduamsdnd
- - gd@mSunIstnzlan
---8uqy

du q

Search

Rice.

Parboiled rice
Glutinous rice
Husked (brown) rice :
Broken rice :

Malys rice

Basmati rice

Other fragrant rice
Hom Mali rice

Hom Mali rice

Rice in the husk (paddy or rough) :

Semi-milled or wholly milled rice,
whether or not polished or glazed :
Other

Other

Other

Of a kind used for animal feed
Suitable for sowing

Other

Other:

Figure 6. Searching with “Jasmine Rice” (Synonym) keyword.

With Semantic search and Word Embedding, the system
does not rely solely on exact word matches. Instead, it un-
derstands the meaning and context of the query. This means
that even if users enter slightly different terms, misspellings,
or synonyms, the system can still identify the correct tariff
codes.

Semantic search, powered by word embeddings,
changes how HS codes are found by focusing on meaning,
context, and synonyms, not just exact keywords. This allows
the system to better understand what users are asking, making
it more accurate and easier to use. By connecting everyday
language with technical HS code terms, this approach im-
proves efficiency, reduces mistakes, and makes the process

smoother for businesses handling complex classifications.

Comparison between Semantic Search and Tradi-

tional Keyword Search:

Semantic search offers big advantages over traditional
keyword search. It’s more accurate, understands context bet-
ter, and works more efficiently, making it ideal for HS code
classification. However, it does require more data, advanced
technology, and expert setup. Keyword search is easier and
cheaper to start with, but it struggles with complex queries
and isn’t as reliable for today’s fast-changing needs.

As illustrated in Table 2, several critical criteria play a
pivotal role in enhancing the effectiveness of a search system.
These criteria, such as time efficiency, cost-effectiveness, ac-
curacy, relevance, and the ability to identify similar product

details, are essential for achieving successful search outcomes.

Table 2. Fundamental differences between semantic search and traditional keyword-based search in tariff classification.

Factor Semantic Search Traditional Keyword Search
Factor Interprets and understands the user's intent Matches exact keywords in the query
Context Awareness Considers the context of the query for deeper Ignores context, relying solely on word

understanding

matches

Understanding Intent

Accurately recognizes the intent behind the search

Provide a literal interpretation of the query

Results Accuracy

Delivers relevant and user-centric results

May yield irrelevant or imprecise outcomes

Time .
intent and context

Faster retrieval due to optimized understanding of

Slower due to reliance on trial-an-error query
reformulation
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Table 2. Cont.

Factor Semantic Search Traditional Keyword Search
Cost Higher initial investment due to advanced algorithms  Lower initial cost but higher maintenance
and implementation cost due to inefficiencies
Barriers Requires robust datasets and computational resources  Limited capability to handle complex queries
for effective deployment or ambiguous inputs
Lower error rate due to contextual understanding and ~ Higher error rate due to reliance on exact
Error Rate . ...
intent recognition matches and lack of nuance
Workforce Requires skilled personnel for initial setup, model Easier for less specialized teams to manage,
training, and maintenance but may require more manual adjustments
. Highly adaptable to evolving terminology and user Limited adaptability; requires frequent
Adaptability ghly adap g gy p y; 1eq q

behaviors

manual updates to maintain relevance

Learning Curve
system

Steeper learning curve due to the complexity of the

Relatively straightforward to learn and use

Scalability diverse languages

Easily scalable to accommodate larger datasets and

Scalability is challenging due to
inefficiencies with large datasets

Maintenance

Requires periodic retraining and updates for models

Requires regular keyword updates and rules
modification

Search Precision . .
semantic understanding

Provides highly precise and relevant results through

Results may be less precise, especially for
ambiguous or complex queries

System Performance

High performance in retrieving accurate results
quickly, even with complex or ambiguous queries

Performance degrades with complex queries
or large datasets, leading to slower responses

Operational Efficiency

Streamlines workflows by automating complex
classification processes, reducing manual intervention

Requires more manual adjustments and
corrections, leading to inefficiencies in
operations

Delivers a more intuitive and user-friendly
experience, enabling natural language queries and

User Experience
better engagement

Can frustrate users due to rigid keyword
requirements and irrelevant results for
unclear queries

Case Study

This independent case study involves no conflict of
interest and is conducted with permission from ThaiSomde;j
Service Company Limited to disclose and publish its con-
tent. ThaiSomdej Service Company Limited, established in
1970, is a well-known customs brokerage firm in Thailand.
The company developed this innovation to improve customs
operations and enhance service quality, particularly in HS
code classification. To overcome the limitations of traditional
keyword-based searches, a new search model was introduced
using semantic search and word embedding technology. This
approach offers a smarter, more accurate, and more efficient
way to classify HS codes. Table 3 illustrates the practical
differences between the two approaches. Traditional key-
word search successfully identifies results only when exact
terms are used, but it fails when queries involve synonyms,
misspellings, or broader product descriptions. For example,

while “Hom Mali Rice” is found, the synonymous term “Jas-

mine Rice” is not recognized. Similarly, high-dimensional
terms like “Artificial Fabric” and brief or variant keywords
such as “Vaccines for animals” are overlooked. By contrast,
the CBMS with semantic and word embedding search con-
sistently delivers accurate results across all cases, including
synonyms, complex terms, and spelling errors.

This case study clearly demonstrates that the CBMS
significantly enhances accuracy, accessibility, and reliability
in HS code classification, transforming what was once a rigid,

error-prone process into a smarter, more user-friendly solution.

Key Observations:

e Exact Matches: Both systems found results for terms
like “Hom Mali Rice” and “Benzyl Alcohol.” However,
the traditional search failed on “Plastic Bottles,” while
CBMS succeeded.

e  Similar Meaning: The traditional system missed re-

lated terms like “Jasmine Rice” (same as “Hom Mali”),
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but CBMS recognized the connection.

e  Contextual Terms: For complex terms like “Artificial
Fabric,” only CBMS gave results. Both systems worked
for “Synthetic Textile.”

e  Misspellings: The traditional search didn’t recognize
errors like “Dioxine” (intended: “Dioxide”), but CBMS
corrected it.

o  Short or Synonym Terms: CBMS handled short terms
like ““Vaccines for vet” and “Self-adhesive film,” while
the traditional search failed. It also understood syn-
onyms like “Vaccines for animals.”

The comparison highlights a significant performance
gap between traditional keyword search and CBMS enhanced

with semantic and word embedding search.

e Traditional Keyword Search requires exact keyword
matches, which often leads to failed results if users mis-
spell terms, use synonyms, or enter incomplete/complex
queries. This limitation is reflected in its 40% success
rate (4 out of 10 queries), showing that more than half
of the searches did not return correct or useful results.

e  CBMS with Semantic and Word Embedding Search, on
the other hand, interprets the meaning and context of

search terms rather than relying on exact matches.

For the results in Table 4, CBMS with Semantic and
Word Embedding Search achieved a 100% success rate, far
better than the 40% from traditional keyword search. Its
key strengths include understanding synonyms, fixing mis-
spellings, and handling short or complex keywords.

This advanced search capability enhances accuracy,
speed, and efficiency in identifying tariff classifications, de-
livering superior performance and user satisfaction.

The contrasts Traditional Keyword Search with Seman-
tic and Word Embedding Search (as used in CBMS) across

10 performance criteria:

1. Accuracy: Both methods can provide accurate results,
but semantic search ensures accuracy more consistently
by interpreting meaning.

2. Context Awareness: Traditional search cannot under-
stand context, while semantic models capture relation-
ships and meanings between words.

3. Synonyms & Similar Words: Traditional systems fail if
the exact term is not used; semantic models recognize
synonyms (e.g., “car” vs. “automobile”).

4. Misspellings: Traditional search rejects misspelled
queries; semantic models can still interpret and return
relevant results.

5. Complex Keywords: High-dimensional or multi-word
queries confuse traditional search, but semantic models
handle them effectively.

6.  Ease of Finding Results: Users often struggle with
traditional search; semantic search makes it easier by
aligning results with intent.

7. Reference Information: Both approaches can provide
reference details once results are found.

8. Speed: Traditional search can be slower when queries
don’t match exactly, requiring retries; semantic search
retrieves the right results faster.

9. Cost: Traditional search is cheaper to implement and
maintain, whereas semantic search requires higher in-
vestment in models and infrastructure.

10. Maintenance: Traditional systems are simpler; se-

mantic models require ongoing updates, training, and

higher technical maintenance.

From the results in Table 5, Semantic and Word Embed-
ding Search consistently outperforms traditional keyword
search. It delivers higher accuracy, faster results, and handles
synonyms, misspellings, and complex queries better. These
strengths make CBMS the preferred and more effective sys-
tem for HS code classification.

Table 3. The comparison table highlights the performance of two search systems: the Traditional Keyword Search and the Semantic with

Word Embedding Search.

Customs Broker

t D t t
Customs Departmen Management System

Tariff Classification

No. Sample Keyword Search Word Type with Traditional (CBMS) with
Kevword Search Semantic and Word
y Embedding Search
1 Horn Mali Rice Exact Keyword Found Found
2 Jasmine Rice Similar Meaning Keyword Not Found Found

(Jasmine = Horn Mali)
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Table 3. Cont.

Customs Broker

t: D t! t
Customs Departmen Management System

Tariff Classification

No. Sample Keyword Search Word Type with Traditional (CBMS) with

Keyword Search Semantlc. and Word

Embedding Search
3 Benzyl Alcohol Exact Keyword Found Found
4 Plastic Bottles Exact Keyword Not Found Found
5 Artificial Fabric High-Dimensional Keyword Not Found Found
6 Synthetic Textile High-Dimensional Keyword Found Found
T Dioxine notmorethan 8% (conectspelling - Dioxide) Not Found Found
8 Vaccines for vet Brief Keyword Found Found
9 Vaccines for animals Synonym Keyword Not Found Found
10 Self-adhesive film Brief Keyword Not Found Found

Table 4. The comparison highlights a significant performance gap between traditional keyword search and CBMS enhanced with

semantic and word embedding search.

Search Method Successful Matches Total Queries Success Rate
Traditional Keyword Search 4 10 40%
CBMS with Semantic and Word Embedding Search 10 10 100%

Table 5. Comparing between Normal Search and Search

ing with Semantic and Word Embedding.

Semantic and Word

No. Statement Traditional Search Embedding Search
1 Accurate Search Results Yes Yes
2 Understanding Context No Yes
3 Understand Synonyms or Similar words No Yes
4 Recognize Misspelling No Yes
5 Understand High-Dimensional or Complex Keywords No Yes
6 Find Search Result Easy No Yes
7 Provide References Info Yes Yes
8 Find Search Result Fast No Yes
9 Cheaper Cost Yes No
10 High Maintenance No Yes

6. Limitations of Semantic Search
and Word Embedding Models in
HS Code Classification

2.
Semantic search and word embedding models offer ma-
jor improvements over keyword-based systems, but they still
have some challenges. Understanding these limitations helps
3.

ensure better use and results.

1. Need for Quality Data
These models depend on good training data. If the data
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is old or incomplete, the results may be inaccurate—
especially if new HS codes like “biodegradable plas-
tics” aren’t included.

Struggles with Rare Terms

Uncommon or technical terms (like “photovoltaic
cells”) may not appear often in training data, so the
system may not classify them correctly.
Overgeneralization

The system might return broad results. For example,
searching “leather handbags” could bring up all types

of leather goods, requiring users to narrow it down.
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4.  High Resource Requirements
Advanced models like BERT need strong computing
power and regular updates, which can be costly for
smaller organizations.

5. Multilingual Challenges
Models trained mainly in English may not work well
with other languages. A French query like “riz par-
fumé” might not match with “Jasmine Rice.”

6. Handling Ambiguous Queries
Some queries have multiple meanings. For example,
“plastic packaging” might match both hard containers
and plastic film, causing confusion.

7. Ongoing Maintenance
The system needs regular updates to stay current with
new products and regulations. Without this, it may
produce outdated or incorrect results.

8. Lack of Transparency
These models often work like “black boxes,” making
it hard to explain how they reach a decision, an issue

for compliance-focused users like customs authorities.

In short, while these technologies are powerful and im-
prove HS code classification, they require careful planning,
quality data, and regular updates to work well and avoid

CITOor1S.

7. Area for Future Exploration and
Improvement

While semantic search and word embeddings have im-
proved HS code classification, there’s still room to grow.

Key areas for future development include:

1. Better Handling of Rare Terms
These models sometimes struggle with uncommon or
very specific terms. Training on more industry-specific
data can help improve accuracy for niche products.

2. Stronger Multilingual Support
Current models don’t always work well with non-
English queries. Future systems should be trained on
multiple languages to ensure global accuracy.

3. More Transparency
Deep learning models are often hard to understand. Us-
ing explainable Al (XAI) can help users see how the

system makes decisions—important for customs and

trade compliance.

4.  Reducing Confusion from Ambiguity
Semantic models can sometimes give broad or un-
clear results. Combining them with rule-based systems
could help provide more accurate answers.

5. Improving Efficiency
Powerful models like BERT use a lot of computing
power. Lighter, more efficient models would make
these tools more accessible to smaller organizations.

6.  Learning from User Feedback
Many systems don’t adapt to user corrections. Future
improvements could include learning from real-time
feedback to improve results over time.

7.  Keeping Up with Regulation Changes
HS codes and trade rules often change. Automating
updates to the system will help ensure the model stays
current and accurate.

8. Using Visual Data
Some products are hard to describe in words. Adding
image recognition and visual data could improve
classification—especially for items like machinery or
textiles.

8. Conclusions

This new approach has a significant impact on cus-
toms authorities, businesses, and traders. Accurate HS code
classification helps speed up customs procedures, reduce
mistakes, and follow international trade rules more easily.
It’s especially helpful for small and medium-sized businesses
(SMEs), which may not be familiar with complex trade terms,
giving them a fairer chance in global markets.

This study tackles the main problems with traditional
keyword-based searches by introducing a smarter method us-
ing semantic search and word embeddings. This innovation
enhances HS code searches, making them more accurate,
faster, and easier to use, thereby setting a new benchmark in
customs classification systems.

In short, semantic search changes how we find HS
codes by understanding the real meaning of what users are
asking. By using advanced language tools like natural lan-
guage processing (NLP) and word embeddings, it solves the
weaknesses of old systems and offers a better, more reliable

way to classify products in global trade.
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