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Abstract. Detecting Vietnamese names from a global name collection 
is essential for connecting human resources within the Vietnamese com-
munity worldwide and for developing Vietnamese Expert Finding Sys-
tems. However, applying standard classification methods to recognize 
Vietnamese names is challenging due to their ambiguity with names from 
other countries. In this study, we proposed our novel approach, Highly 
Discriminative N-grams (HDN), which utilizes statistics from n-grams 
from human names for the classification task. We show that HDN is 
a lightweight and simple-to-reproduce approach for this task by bench-
marking with other machine learning models. 

Keywords: Name-Ethnicity Classification · Machine Learning · Data 
Mining 

1 Introduction 

A recent estimate [ 1] suggests that over 5 million individuals of Vietnamese 
origin live and work outside of Vietnam. Automatically identifying Vietnamese 
names from a large global name dataset is essential for various applications 
related to the Vietnamese community worldwide. This algorithm can be utilized 
in developing expert-finding systems, enhancing targeted marketing strategies, 
and fostering connections within the community. 

Various public big data platforms, such as LinkedIn, Google Scholar, and 
ResearchGate, can be leveraged to explore Vietnamese experts for academic 
and industry networking. Online phone directories can also help locate service 
providers, consultants, and advisors. This data supports the identification of 
experts across diverse fields and facilitates the connection between overseas Viet-
namese professionals and research and development initiatives in Vietnam. This 
approach benefits both the public and private sectors by attracting Vietnamese 
talent worldwide, contributing to national development, and serving as a bridge 
for Vietnam’s deeper integration into the globalized era. 

A statistic in 2022 from the Vietnamese Social Science Publisher [ 2] examines  
100 most popular surnames/family names in Vietnam, revealing that the top 15 
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most popular surnames in Vietnam cover 83% Vietnamese names. Recognizing 
Vietnamese names poses a challenge due to their shared Latin characters and 
similar word forms with names from other countries, and the transformation 
when the accents are dropped. For instance, the surname “Nguy n” is easily 
identifiable as Vietnamese. However, surnames like “Lê” when written without 
accents, can be confused with common French prepositions “Le” and “ ” may 
be mistaken for the English verb “Do”. Furthermore, some names, such as “Vân” 
or “Văn”, sound distinctly Vietnamese but, when written without diacritics, can 
be confused with the common Dutch name “Van”. 

The critical challenge for many systems is handling millions of names sourced 
from the public dataset on the Internet, encompassing various countries and lan-
guages, and automatically distinguishing between Vietnamese names and those 
of other nationalities. Numerous published studies detail methodologies for name 
classifiers [ 17]. Nonetheless, very few studies focus on Vietnamese names. What 
we know about are studies that investigate how to classify names at an ethnic-
ity level with simple approaches [ 14, 22], or predict gender in Vietnamese names 
[ 9, 24]. This research work presents one of the initial inquiries into training a clas-
sification system to identify whether a person’s name is origin from Vietnamese. 

This paper is structured into three main sections. The first section provides 
a concise overview of name classification methods and research specific to Viet-
namese names. The second section details the methods employed in Vietnamese 
name classification, including our novel approach Highly Discriminative N-grams 
(HDN) to enhance the performance and quality of existing solutions. In the third 
section, experimental results demonstrate that our proposed method, utilizing a 
rational approach. These novel findings have the potential to facilitate the devel-
opment of similar name-ethnic classification applications, enabling the extraction 
of valuable information in today’s big data landscape. 

2 Related Works 

2.1 Personal Name Classification 

The task of detecting Vietnamese names within a comprehensive global name 
database can be framed as a standard name classification problem. In this con-
text, Vietnamese names are classified as positive labels, while non-Vietnamese 
names serve as negative labels. Classifying the nationality of names is a chal-
lenge with numerous applications, including biomedical research, clinical prac-
tice, employment, addressing educational disparities, and delivering more precise 
advertisements, news, and social media content to users [ 5, 7, 29]. 

Several studies utilize personal names for classification tasks, primarily de-
signed to categorize human race, nationality, and gender. [ 25] utilized crawled 
Wikipedia data for the name ethnicity classification task and used multinomial 
logistic regression for the task. This paper is known to be the first work to 
classify nationality based solely on personal names. They used both alphabet 
and phonetic sequences within names to enhance performance, applying this 
approach to examine the evolution of ethnicities within the computer science
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research community. [ 15] with the same effort to predict nationality based on 
name, proposed a recurrent network-based model, which gains a higher accu-
racy rate. [ 29] introduced NamePrism, a novel name nationality and ethnicity 
classifier that provides a more detailed taxonomy of ethnic groups. They trained 
a word embedding model and then employed a simple naive Bayes classifier, 
achieving a high F1 score compared to previously published systems, serving as 
a benchmark.  

However, very few studies have been conducted in this specific domain, and 
even fewer have focused on Vietnamese name detection, as we encountered min-
imal prior research in this area. [ 14] conducted a study aiming to classify Asian 
ethnic groups in America using surnames. This study utilized the frequency of 
surnames among different ethnic groups in an area, but the results of this study 
were not particularly significant. [ 22] provided a descriptive evaluation of [ 14] 
findings, specifically focusing on Vietnamese names. The authors noted that the 
results of [ 14] may vary depending on the surveyed areas since it depends on the 
proportion of the Vietnamese population in a specific area. Additionally, sev-
eral other studies [ 9, 24] have attempted to classify gender based on Vietnamese 
names. 

2.2 Name Embedding and Classification Methods 

Word embeddings are vector representations of words used in natural lan-
guage processing. In previous work, [ 29] created name embedding by employing 
word2vec as a method to vectorize words. They proposed that this technique 
acts as an encoder representation, capturing gender, ethnicity, and nationality, 
which can be readily applied to building classifiers. Consequently, they train 
their embeddings by two learning methods: CBOW and Skip-Gram. [ 8] came up  
with the same approach where they confirmed the presence of ethnic and gender 
homophily in email communication patterns. The authors observed a higher con-
centration of names with matching gender and ethnicity in email users’ contact 
lists than would be anticipated by chance. 

N-grams has also been extensively applied to this task and continue to yield 
efficient outcomes. [ 25] utilize a variety of features, including basic n-grams, 
as well as external ones like Double Metaphone or Soundex. They found that 
this diverse feature set contributes to robust name classification performance. 
Similarly, [ 15] discovered that n-gram embeddings effectively capture character-
level features for name classification tasks. Many other works using n-grams also 
show a high performance in name classification tasks [ 6, 21]. This underscores 
the versatility and effectiveness of n-grams in capturing intricate patterns within 
textual data, particularly in tasks involving name classification. 

A typical approach for classification tasks involves initially experimenting 
with Machine Learning methods. In this context, researchers primarily employ 
basic classifiers such as Logistic Regression, Naive Bayes, or Support Vector 
Machine. [ 29] used the NB approach besides their learned embeddings. Whereas, 
[ 12] carries out the task with SVM classifiers and Convolution Neural Networks.
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[ 27] try out either LR, SVM, or NB for classifying ethnicity with a given personal 
name and census location in Canada. 

[ 3] presented a name classifier using Wikipedia data. Their methodology 
consists of two major components: Hidden Markov Models (HMM) and Deci-
sion Trees to classify names into 13 cultural/ethnic groups. [ 15] proposes to use 
Recurrent Neural Networks (RNN) with Long Short-Term Memory (LSTM) to 
predict solely based on the characters for name nationality, and ethnicity classifi-
cation tasks. This approach brings about a significant classification performance 
with high accuracy. [ 10] represent each character in a name as an embedding 
vector and model character transitions. 

3 Methods of Vietnamese Name Detection 

In this section, we first provide an overview of the typical classification meth-
ods used in our experiments. In the second subsection, we discuss a detailed 
description of our proposed approach, Highly Discriminative N-grams. 

3.1 Typical Classification Methods 

In our efforts to create the best classification method, we first use the commonly 
used classification methods. Initially, we explored fundamental Machine Learning 
and Deep Learning (ML/DL) algorithms, including Logistic Regression (LR), 
Neural Networks (NN), Long-Short Term Memory (LSTM), and stacking model 
to evaluate their respective performances. 

LR, incorporating regularization and operating on embedding vectors, would 
have good performance in probabilistic classification. NN, with their multi-
layered architecture and non-linear activation functions, captured intricate pat-
terns within high-dimensional data. However, their inability to effectively model 
sequential dependencies in text data prompted us to explore more advanced 
architectures. To represent words as numerical vectors, we experimented with 
unigram and bigram vectorizers, but found that using them separately was in-
sufficient. Instead, we opted to combine them, alongside pre-trained word embed-
dings from GloVe, which provided 300-dimensional representations trained on 42 
billion tokens. For LR and NN, each name’s embedding vector was computed as 
the mean of its token embeddings, weighted by their TF-IDF scores. 

Recognizing the sequential nature of names, we employed LSTM networks, 
whose unique memory cells and gating mechanisms proved effective in learn-
ing the complex linguistic patterns of Vietnamese names, which often follow 
intricate structural rules. To further optimize performance, we initialized the 
LSTM embedding layer with pre-trained GloVe vectors and fine-tuned it during 
training. Unlike conventional LSTM models that rely solely on the last token’s 
output for classification, assuming it encapsulates all prior information, we incor-
porated a pooling layer that combines mean and max pooling outputs from all 
LSTM cells before passing them through a final classification layer [ 30], enhanc-
ing the model’s ability to retain essential contextual information for accurate 
Vietnamese name detection, as illustrated in Fig. 1a.
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Fig. 1. LSTM and Stacking model architectures.

The Stacking Classifier is a widely used ensemble learning technique that 
enhances overall model performance by combining multiple base models, lever-
aging their strengths while compensating for individual weaknesses. It operates 
by first training base models, then using their predictions as inputs for a final 
estimator. Given the nature of the Naive Bayes Classifier (NBC), which relies on 
token frequency and assumes feature independence, its performance varies sig-
nificantly depending on whether unigram or bigram features are used-yielding 
high recall (0.92) but low precision (0.43) for unigrams, and high precision (0.99) 
but low recall (0.43) for bigrams. The bigram model is more confident in detect-
ing true positives, while the unigram model may misinterpret common words as 
names, such as “luc van” being mistaken for the Vietnamese names “L c” and 
“Văn”. To address these limitations, we implemented a Stacking Classifier that 
combines NBC models trained with both unigram and bigram features, feeding 
their probability outputs into LR for final classification (we denote this model 
NBLR), as illustrated in Fig. 1b. Additionally, we introduced a weighting mech-
anism to better align with real-world data by adjusting the class probabilities in
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NBC and setting label weights in LR based on the estimated Vietnamese name 
distribution. Specifically, we modified class probability to reflect the proportion 
of Vietnamese names in our evaluation datasets, and incorporated weighted lo-
gistic loss [ 13] to further refine predictions. 

3.2 Highly Discriminative N-Grams 

From what we observe in the big corpus of Vietnamese and international names, 
there are sets of tokens that appear only in Vietnamese names. For example 
“nguyen”, “huyen” are rarely found in the person’s name in other nations. They 
are considered highly discriminative unigrams. On the other hand, some uni-
grams, which are non-discriminative, and are common in both Vietnamese and 
foreign names, could be combined to create new highly discriminative bigrams. 
For example “tran” and “van” are non-discriminative unigrams as they appear in 
other nationalities, however, when they are combined, this pair becomes a dis-
criminative feature for the Vietnamese name “tran van”. This bigram “tran van” 
is a commonly occurring combination, typically representing the family name 
“Tr n” along with the middle or first name “Văn” in Vietnam. 

Highly Discriminative N-Grams. (HDN) is inspired by the research [ 20] 
which uses Highly Discriminative Keys (HDK) for efficiently querying docu-
ments from the P2P search engine system. The research has demonstrated that, 
due to the adherence of word frequency to Zipf’s law, the proliferation of word 
combinations for creating HDKs cannot increase too rapidly as the document 
collection expands. This implies that we can feasibly manage to store the quan-
tity of HDKs in practice. 

In Vietnamese names, the distribution of token frequency approximates Zipf’s 
law, wherein a small number of tokens appear frequently in the majority of 
names. When a list of measured tokens is arranged in descending order of fre-
quencies, the value of the nth entry is inversely proportional to n. Consequently, 
we can employ the same approach to generate combinations of name tokens for 
creating new discriminative n-grams without concern for exponential growth in 
the number of combinations. The HDK approach relies on document frequency 
with a fixed threshold to constrain the size of the inverted index during transmis-
sion across low-latency networks. Conversely, our approach relies on a confidence 
score to determine whether to proceed with combining tokens to create more dis-
criminative n-grams. 

The simplified version of the algorithm is represented in the Algorithm 1. The  
input of the algorithm is the name of any person. The output is labeled “true” 
which is Vietnamese or “false” which is not a Vietnamese name. In real-world 
applications, we return as well confidence scores and features used to identify 
the labels for debugging or to apply post-processing for the score that is close 
to the positive threshold.
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Algorithm 1. Name classifier using Highly Discriminative N-grams 
1: tokens = tokenized(name) 
2: for t in tokens  do 
3: if isDiscriminative(t) then 
4: return true 
5: end if 
6: end for 
7: for (t1,t2) in bigrams(tokens) do 
8: if isDiscriminative(t1,t2) then 
9: return true 

10: end if 
11: end for 
12: if highCombinedConfidences(tokens) then 
13: return true 
14: end if 
15: return false 
16: 

At line 3, the function isDiscriminative checks if a token is discriminative 
if it satisfies the following criteria: 

– positive_f requency(t) > rare_threshold: This threshold is used to filter 
out some spelling mistakes tokens in the training set or abnormal names 
from positive name set. In the beginning, we set rare_threshold as 10. 

– conf idence(t) > conf idence_threshold: which is set extremely high, e.g. 
0.995 in our current setting. When the training collection is bigger we increase 
thresholds. 

The conf idence score is calculated based on the estimated probability of 
a token being a Vietnamese name, derived from the training dataset. Due to 
the fact that it is impossible to collect large negative cases of names from global 
databases for training set, we enhance the negative cases of tokens to ensure that 
tokens frequently appearing in negative label names receive a very low confidence 
score. This negative amplification ensures that if a token is highly prevalent in 
Vietnamese names but is not rare in negative names, it is not considered highly 
discriminative. 

conf idence(t) = (  
f(t|1) 
f(t) 

)1+ 
f(t|0) 

2 (1) 

In the formula (1), f(t|1), f(t|0), and  f(t) are respectively frequencies of 
positive, negative, and total names contain token t in the training dataset. The 
frequency of negative names is put on power to make the confidence score reduce 
drastically if the number of negative labels increases. The confidence score always
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has a value between 0 and 1 (when f(t|0) = 0). For example, the token “van” in 
our training set has a high positive ratio (0.98%) due to its frequent occurrence 
in Vietnamese names. However, since its negative frequency exceeds 1023, the 
resulting confidence score is only 0.0011. 

The function bigrams at line 7 returns bigrams from a list of tokens. For 
instance name “le van anh” generates 3 bigrams: “anh le”, “anh van”, “le van”. 
The tokens in a bigram are put in alphabetic order to avoid duplication of bi-
grams. We disregard the order of tokens in the original name for detection, as the 
placement of first and last names in Vietnam is reversed compared to Western 
countries. The bigrams are generated solely from non-discriminative unigrams 
because the algorithm returns immediately upon detecting a discriminative un-
igram in previous lines. 

The function isDiscriminative at line 8 is calculated in the same way for 
bigrams, but based on a pair of tokens with smaller rare_threshold (because 
frequency of 2 combined tokens always smaller than frequency of each token) 

At line 12, the function highCombinedConfidences is introduced to ad-
dress cases where a name contains multiple candidate discriminative features, 
but individually they are not highly discriminatory. Then when combined in 
the formula (2), they form a highly discriminative combination. This function is 
employed to handle scenarios where the discriminative bigram is not generated 
from the training dataset due to the rarity of the name. 

combinedConf idence(t1..ti) = 1  −
∏

(1 − conf idence(ti)) (2) 

For example, token t1 has a confidence score of 0.97, and token t2 has a 
confidence score of 0.98 which is lower than conf idence_threshold. The name 
containing only tokens t1 and t2 will have combined confidences 1 − (1 − 0.97) ∗ 
(1 − 0.98) = 0.999 which is higher than conf idence_threshold to be detected 
as positive. 

Both unigram and bigram sets, along with their corresponding statistics and 
confidence scores, are pre-computed from the training name dataset and stored 
in a hashmap for rapid retrieval. The maximum number of tokens in a person’s 
name is approximately 5, which results in a constant upper bound on the number 
of unigrams and bigrams generated by a name. As a result, the complexity of 
this algorithm is constant, making it highly efficient for name detection in large 
datasets. 

4 Experiment 

4.1 Training Dataset 

In our experiment, we assembled both training and evaluation datasets. The 
training dataset consists of positive and negative examples of Vietnamese names
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gathered from various sources: (1) names extracted from the Vietnamese phone-
book through web crawling, (2) a compilation of student names from several uni-
versities in Vietnam, (3) names extracted from a European country’s phonebook 
via web crawling, (4) names obtained from Wikipedia, and (5) names sourced 
from LinkedIn profiles. To ensure label accuracy, we utilized multiple validation 
methods, including cross-checking by volunteers, verifying Vietnamese names 
through Wikipedia or LinkedIn profiles, and examining personal homepages or 
biographies available on the Internet and social media. 

All names undergo normalization, which involves removing accents. For ex-
ample, “Tr n Văn” is transformed into “tran van”. Additionally, single-character 
tokens are excluded to reduce the risk of errors with abbreviations. This normal-
ization process is implemented because Vietnamese individuals and professionals 
often present their names in the international format on global websites and pub-
lications. Training name data statistics are shown in Table 1. 

Table 1. Statistic from training name dataset

Total names 4,126,815 
Positive names (Vietnamese names) 635,678 
Negative names (Non-Vietnamese names) 3,491,137 
Total tokens 9,423,808 
Average tokens per name 2.38 
Unique unigrams 276,890 
Positive unigrams 4,099 
Discriminative unigrams 124 
Positive bigrams 37,914 
Discriminative bigrams 8,476 

The top 10 unigrams and bigrams from Vietnamese names are presented in 
Table 2, revealing that a few tokens dominate the majority of names. Approx-
imately 4,000 unigrams constitute over 635,000 Vietnamese names, with 124 
of them classified as highly discriminative (primarily appearing in Vietnamese 
names but rarely in names from other nations). These 124 discriminative names 
encompass over 84% of Vietnamese names in our training dataset, with “nguyen” 
being the most prevalent, accounting for nearly 9%.
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Table 2. Top 10 unigrams and bigrams from 635,678 Vietnamese names

Unigram Percentage Bigram Percentage 
nguyen 8.90 tran van 0.99 
thi 7.90 le van 0.88 
van 3.74 van vu 0.45 
tran 2.97 bui van 0.34 
le 2.83 do van 0.34 
hoang 2.27 duc tran 0.30 
thanh 2.11 hong le 0.30 
ngoc 2.06 thu tran 0.30 
pham 2.01 dinh van 0.29 
anh 1.82 duong van 0.29 

It is worth noting that the most popular bigram “nguyen thi” is not included 
here because we generate bigrams only when the unigram is not a discriminative 
token. Since “nguyen” is a discriminative unigram for Vietnamese names, all 
bigrams containing it are not generated. This approach helps store the number of 
HDN in memory for the efficient classifier in practice. In fact, the total generated 
bigrams are only 37,914 and 8,476 among them are discriminative which is simple 
to manage. 

4.2 Evaluating Datasets 

The experiment makes use of 3 datasets (see Table 3) with different character-
istics for evaluating the model performance: 

Evaluating Dataset 1 (ED1-career2019): This dataset contains names of 
global scientists mentioned in the research [ 11]. For the unsure Vietnamese 
names, we verified the information of scientists based on their homepage or 
bio on the internet to confirm they are originally Vietnamese. As the number 
of positive labels are small and we can verify carefully profile of scientists, we 
consider this is the golden set of our application. 

Evaluating Dataset 2 (ED2-behindthename): Random names were gener-
ated from the BehindTheName website. BehindTheName is a website for learn-
ing about all aspects of names. All given names from all cultures and periods are 
eligible to be included in the main name database, which currently having more 
than 25,000 names. The website provided the tool to generate random names of 
any nation. Therefore we can easily have the correct label for Vietnamese names 
and names from other countries. 

Evaluating Dataset 3 (ED3-phonebook): This dataset is extracted from a 
phone book published on the internet of an European country. The name of the 
country is not exposed for privacy reasons. To set a high barrier for the solutions, 
we selected a subset of names from the phone book for evaluation which contains
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at least 1 token overlap with Vietnamese names from the training set. The reason 
is for the name which does not contain any Vietnamese name token (e.g. Antony 
White) it is trivial to identify this as a non-Vietnamese name. 

Table 3. Evaluating datasets

Evaluating Dataset Total names Positive labels 
ED1-career2019 150,000 141 
ED2-behindthename 30,000 469 
ED3-phonebook 130,000 3,349 

4.3 Classification Methods Setup 

To compare with our new proposal method using Highly Discriminative N-grams 
(HDN) we also run experiments on 4 different classification methods with some 
parameter tuning to make sure we have the best results from the applied models. 

Through the initial experiments, we implement two different types of text 
embedding, and for each classification method, we opt for the embedding that 
produces a better performance on the 3 evaluating datasets. Firstly, we used 
pre-trained word embedding GloVe [ 19] for LSTM, combining with TF-IDF for 
LR, NN. Secondly, we apply counting vectors [ 4, 16] for NGrams-based models 
including HDN, and Stacking NBLR. 

Table 4. Classifier setup

Method Feature Embedding Positive Threshold 
HDN N-Grams 0.995 
LR GloVe 0.7 
NN GloVe 0.5 
LSTM GloVe 0.7 
NBLR N-Grams 0.55 

Furthermore, we observed that in the presence of highly unbalanced train-
ing and testing datasets, adjusting the prediction threshold for P(1) within the 
range of 0 to 1 can significantly impact the performance of the models. Different 
thresholds are used to assign a positive label for each method to achieve the best 
performance on the training data set. After the correct threshold is chosen, we 
keep it for all 3 evaluation sets. All classifier setup is illustrated in Table 4
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4.4 Experimental Results 

The summary results with standard metrics Precision, Recall and F1-Score of 
all methods applied on 3 different evaluation name collections are summarized 
in the Table 5. 

The HDN method consistently delivers top performance across all three eval-
uation datasets, achieving high Precision, Recall, and F1 scores. LSTM and 
NBLR perform similarly, with score differences of 0.01 to 0.05. On the ED3 
dataset, NBLR achieves a precision of 0.985 but suffers from lower recall, re-
sulting in a lower F1 score, while HDN maintains the highest F1 score of 0.934. 
All models perform exceptionally well on the ED2 dataset. However, since ED2 
is generated from a predefined name set, its high discriminative features make 
the task easier. Additionally, the BehindTheName dataset contains unrealistic 
names, such as missing surnames, gender-mixed names, and duplicate tokens 
(e.g.,“Văn Vân”) which reduced recall of HDN. 

The more challenging ED1 dataset reveals major performance gaps, partic-
ularly in traditional models like LR and NN, which achieve low precision scores 
of 0.531 and 0.310, respectively. In contrast, HDN outperforms all models on 
ED1 with a precision of 0.927 and recall of 0.992, while LSTM follows closely, 
trailing by about 0.03. This highlights HDN’s robustness, as it excels in the 
hardest dataset while maintaining strong performance across others. Overall, 
HDN proves to be the most reliable model for real-world name evaluation sets 
ED1-career2019 and ED3-phonebook. LSTM and NBLR also demonstrate strong 
results, making them competitive alternatives. 

Often, recognizing the names of Vietnamese experts and scientists can be 
difficult and time-consuming, even for humans. These names, commonly encoun-
tered in published papers and other sources, often comprise multiple components, 

Table 5. Score of all methods on 3 evaluation datasets.

Method HDN LR NN LSTM NBLR 
ED1 - Career2019 
Precision 0.927 0.531 0.310 0.895 0.880 
Recall 0.992 0.936 0.991 0.971 0.943 
F1-Score 0.958 0.677 0.473 0.931 0.910 
ED2 - BehindTheName 
Precision 0.984 0.955 0.963 0.982 0.978 
Recall 0.997 1.0 0.998 1.0 0.998 
F1-Score 0.991 0.977 0.980 0.991 0.988 
ED3 - Phonebook 
Precision 0.970 0.855 0.918 0.967 0.985 
Recall 0.901 0.887 0.918 0.895 0.832 
F1-Score 0.934 0.871 0.918 0.929 0.902
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such as a Vietnamese surname, an abbreviated middle name, and a foreign first 
name in an international format (e.g. Thomas V. Nguyen). Hence, in the real-
world application of the Vietnamese Expert Finding System, we are inclined to 
choose to utilize the HDN method since the model landed the highest scores on 
ED1, which contains names of Vietnamese scientists and experts. 

4.5 Large Language Models Benchmark 

Recently Large Language Models (LLMs), known for their advanced capabilities 
in understanding and generating text, have become a standard for evaluating 
linguistic tasks [ 28]. To benchmark their performance, we conducted a compari-
son between our proposed method and LLMs to evaluate their ability to detect 
Vietnamese names. Benchmarking against LLMs is essential because these mod-
els set a high baseline for multilingual understanding, providing a clear reference 
point for assessing the effectiveness of our method. In this experiment, we fo-
cus on recall metrics, meaning we exclusively compare the models’ performance 
when only given Vietnamese names. The evaluated dataset consists of 3,490 
Vietnamese names from ED1 and ED3, tested on the common property LLMs: 
GPT 4o [ 18] and Gemini 1.5 Flash (version 002) [ 23]. 

Table 6. Comparision between LLM and our methods

Method Recall 
ED1 - Career2019 ED3 - Phonebook 

HDN 0.992 0.901 
LSTM 0.971 0.895 
NBLR 0.943 0.832 
Gemini-1.5-flash-002 0.915 0.802 
Gemini-1.5-flash-002 0.921 0.839 

Table 6 highlight the comparison between LLMs and HDN, focusing on re-
call metrics, where HDN achieves significantly higher recall scores, outperform-
ing GPT-4o-mini and Gemini-1.5-Flash-002 by 7–10%. Upon analysis, LLMs 
tend to classify names as non-Vietnamese when encountering names that con-
tain non-Vietnamese words or do not follow the typical Vietnamese name format 
(e.g., reversed first and last names such as Nguyen Audrey or Delley Thy-Vu). 
Moreover, since names are short texts and do not require significant contex-
tual understanding [ 26]—using LLMs for this task is highly inefficient due to 
their high computational cost and resource demands. In contrast, our model is 
specifically designed for Vietnamese name detection, offering better performance 
with significantly lower costs and higher security, making it a more practical and 
effective solution.
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5 Conclusion and Future Works 

This work addresses the challenge of detecting Vietnamese names in a global 
dataset, achieving an F1 score greater than 93% despite overlaps with names 
from other countries. HDN proved to be a promising approach due to its sim-
plicity and ability to capture common Vietnamese name patterns using Ngrams. 
Hence, our experiments demonstrated consistently strong performance across 
different settings. While this study focused on Vietnamese names, our methods 
can be adapted for other nationalities, as each country can leverage its own 
expertise to curate more accurate training data. 

Our HDN algorithm still has a weakness: it is highly sensitive to thresh-
old values when determining whether a term is “discriminative” and assigning 
a positive label. This leads to cases, for instance, the bigram “Hai Long” is 
classified as Vietnamese, even in non-Vietnamese names like “Jiang Hai Long”. 
While this approach boosts recall, it may reduce precision. To address this, we 
can refine the discriminative feature verification function to achieve a balance 
between precision and recall, or consider trigram which will cost more storage 
and processing time. Additionally, incorporating supplementary expert profile 
information—such as language proficiency, education background, and profes-
sional networks-can further improve the accuracy of identifying Vietnamese ex-
perts. 

There is a need for methods for discovering outliers and their proper recog-
nition as certain names are not successfully identified by none of the proposed 
models. To address this limitation, we will incorporate contextual information 
and external knowledge sources, such as name databases and expert profile at-
tributes, to enhance accuracy. Additionally, most false positives from the HDN 
method originate from two specific Asian countries when written in Latin char-
acters. We will integrate HDN with a reliable classifier for these names to filter 
out false positives and improve precision. 
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