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Abstract

INTRODUCTION: In the competitive business environment, customer experience plays a pivotal role in driving brand
success. Brands that deliver exceptional customer experiences benefit from increased loyalty, advocacy, and stronger market
differentiation. With the rise of digital platforms, customers frequently share post-purchase experiences online, making
sentiment analysis essential for strategic marketing.

OBJECTIVES: This study aims to explore customer experience with the Trung Nguyen Legend coffee brand by analyzing
user-generated content on TripAdvisor. It seeks to identify key aspects of customer feedback and measure satisfaction and
loyalty levels.

METHODS: The research employs natural language processing (NLP) techniques and Python-based sentiment analysis
tools. Specifically, aspect-based sentiment analysis (ABSA) is used to extract and evaluate sentiment associated with
different service dimensions based on online reviews.

RESULTS: The analysis reveals that Trung Nguyen Legend achieves a Customer Satisfaction (CSAT) score exceeding 66%
and a Net Promoter Score (NPS) over 34%. These results indicate a generally positive customer experience, with specific
strengths and areas for improvement clearly identified.

CONCLUSION: The study demonstrates that ABSA is a cost-effective and time-efficient method for understanding
customer sentiment. The findings offer valuable insights for enhancing customer experience management and inform
strategic improvements for the Trung Nguyen Legend brand.
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practice. Business leaders now consider it a strategic factor,
while marketing scholars view it as a foundation of
marketing management [24]. This increased interest has
led to numerous academic publications and advancements
in understanding the concept.

The internet has generated a vast amount of unstructured
; . X textual data through newspaper articles, social media posts,
touchpoints across.multlple channels. Cgstqmer experience product reviews, and more [11, [26], [33]. Management
§xtends beyond direct product or service }nteractlon gnd researchers are leveraging natural language processing
includes all brand-related encounters, particularly online. (NLP) to extract theoretical insights from this data [23].
Providing seamless integration between online and offline NLP, a key component of big data analytics, allows
interactions ensures  a consistent and high-quality researchers to analyze text for theory building [10], [33].
experience. Over the past decade, customer experience has Online customer reviews, a form of digital word-of-mouth,
gained significant attention in both marketing research and have become a trusted source of consumer information
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1. Introduction

Understanding customer experience is crucial for
businesses operating in a highly competitive market [8],
[12]. Customers interact with companies through various
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[26], [31]. Over 90% of customers read reviews before
making a purchase, using them to assess product quality,
service, and value. Negative reviews can highlight issues
such as poor service or faulty products. Analyzing these
reviews enables managers to gain insights into customer
sentiments, although the increasing volume of data poses
challenges [28], [20].

Sentiment analysis has emerged as a powerful tool for
understanding customer experience. It enables businesses
to gauge customer sentiment and make informed decisions
[21], [12]. Its popularity has grown across industries,
governments, and academic communities. Often referred to
as opinion mining, sentiment analysis helps monitor public
sentiment using user-generated content [32], [9], [22].

Various studies in this domain employ sentiment
analysis to enhance product development and customer
insights [20]. While many focus on overall sentiment,
aspect-based sentiment analysis (ABSA) provides a more
nuanced view by associating sentiments with specific
aspects of a product or service [2], [3]. However, few
studies focus on coffee restaurants, and none provide NPS
at both aspects and overall levels. This research addresses
that gap by analyzing customer reviews of Trung Nguyen
Legend on TripAdvisor. The study objectives include:

e Collecting TripAdvisor reviews on Trung Nguyen
Legend

e Identifying aspects customers discuss

e Measuring satisfaction for each aspect and overall

e Calculating NPS at both the aspect and overall levels

Section 2 presents a literature review. Section 3 outlines the
methodology. Section 4 presents the results. Section 5
includes discussion, and Section 6 concludes the paper.

2. Literature Review

Internet customer experience refers to how consumers
perceive products or services they interact with through
digital platforms [40]. Compared to traditional customer
experiences, the online environment provides greater speed
and convenience in managing customer interactions.
However, it also presents unique risks; negative
experiences can have immediate and wide-reaching effects.
A single unfavorable interaction or a critical online review
can discourage potential customers. Likewise, technical
issues such as an inaccessible website may lead to a loss of
customer trust and loyalty. Therefore, any digital
touchpoint, including social media, websites, and other
online platforms that enable customer-brand interaction, is
a key part of the internet customer experience [10], [11],
[24], [25], [40].

In recent years, sentiment analysis of customer-
generated online content has become an important focus of
research in the service industry. This method allows for
efficient analysis of large amounts of data, often involving
millions of records [2], [5], [6], [11], [18], [20], [28], [35].
It has become a key tool in big data analytics for assessing
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customer feedback across various industries [30], [38].
Although user-generated content is spread across various
platforms, such as Google Maps and TripAdvisor,
researchers often prefer TripAdvisor due to its robust
algorithms for identifying fake reviews [24], [19]. To
measure customer satisfaction in specific geographic areas,
representative review data can be gathered from major
cities. Additionally, sentiment analysis has been
successfully applied to non-English datasets, with several
studies demonstrating its effectiveness in multilingual
settings [7]. This wide-ranging applicability highlights the
technique’s value in cross-cultural and international
customer experience studies.

Aspect-Based Sentiment Analysis (ABSA) is a powerful
tool for analyzing text data, as it enables researchers to
classify and evaluate customer feedback by pinpointing
sentiments associated with specific aspects of a product or
service [2], [7]. Unlike traditional sentiment analysis,
which often returns a general sentiment score, ABSA
provides a more detailed view by connecting sentiments to
specific aspects, such as service quality, pricing, or
ambiance, allowing for more targeted managerial
responses [6], [3]. With the large volume of customer
reviews and support interactions produced daily, manual
analysis becomes impractical, emphasizing the importance
of automated ABSA methods [4], [5].

To address the challenge of extracting relevant aspects
from unstructured text, a variety of computational methods
have been developed. Latent Dirichlet Allocation (LDA)
and other topic modeling techniques are among the most
commonly used for aspect identification [9], [10]. For
example, Ozyurt and Akcayol [2] introduced Sentence
Segment LDA (SS-LDA), an innovative adaptation of
LDA specifically designed for aspect extraction at the
sentence level. Their experimental results showed that SS-
LDA performs well in identifying product-related aspects,
providing higher granularity and accuracy in sentiment
analysis.

Nikoli¢ et al. [4] further advanced ABSA by applying it

to educational settings, specifically analyzing students’
reviews of teaching staff. Using a combination of natural
language processing, machine learning models, linguistic
rules, and domain-specific dictionaries, their system was
able to identify sentiment with high accuracy. Positive
sentiment was detected with an F-measure of 0.83, while
negative sentiment reached 0.94. The effectiveness of
aspect identification varied based on how often it appeared
in the dataset, with F-measure scores ranging from 0.49 to
0.89.
The importance of detailed sentiment analysis over general
sentiment scoring has been confirmed by several studies,
especially in the hospitality and food service sectors [6],
[2], [13], [15]. These studies also show the growing use of
artificial intelligence (AI), machine learning (ML), and
NLP to improve ABSA models [26], [7], [23], [25], [29],
[37], [39].

In the food and beverage (F&B) and restaurant
industries, sentiment analysis has provided particularly
useful insights. Algorithms have performed well when
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applied to datasets from platforms like Twitter and
TripAdvisor [1], [34]. A notable study by Suryadi and
Sabarman [9] analyzed restaurant reviews from five
Indonesian tourist destinations, Borobudur, Lake Toba,
Likupang, Labuan Bajo, and Mandalika, using LDA to
identify key topics. They highlighted seven main themes:
Experience, Taste-Value, Food & Italian Ambience,
Beach-Bar, Service, and Coffee-Pastry. Sentiment scores
were then calculated for each aspect, with Mandalika’s
restaurants showing the highest positive sentiments across
all aspects. Their model achieved nearly 90% accuracy in
detecting sentiment and aspect combinations, and
restaurants were further grouped based on sentiment
profiles using the k-means algorithm. These insights are
valuable for business owners and policymakers seeking to
improve service quality and customer satisfaction.

Burkov et al. [10] conducted a study based on the
Theory of Planned Behavior and the cognitive-affective-
conative model to examine how different satisfaction
dimensions affect consumer behavioral intentions. Using
structural topic modeling, they analyzed a dataset of
286,642 TripAdvisor reviews. Their findings showed that
affective factors such as food quality, service quality,
ambiance, and perceived fairness of costs significantly
influenced customers’ willingness to express positive
emotions. Specifically, customers more likely to share
positive feedback tended to emphasize food quality and
staff performance, while those less inclined to do so more
often mentioned auxiliary services.

Programming tools like Python and R have become
crucial in sentiment analysis research, especially through
libraries such as VADER (Valence Aware Dictionary and
sEntiment Reasoner) [27], [28], [38]. For instance, a study
by Pleerux and Nardkulpat [11] examined TripAdvisor
reviews of restaurants in Pattaya City, Chon Buri,
Thailand, covering the years 2017 to 2022. Using the
VADER model, the researchers observed a significant
decline in review volume during the COVID-19 pandemic
and a simultaneous increase in negative sentiments. The
analysis identified two main areas of customer concern:
service and staff, along with food quality and taste. The
authors suggest these insights can help improve service
quality and better meet customer expectations.

In another study, Nguyen and Nguyen [12] proposed a
method for analyzing customer reviews of Vietnamese
hotel services. The study collected data from 12 hotels
across six major Vietnamese cities: Hanoi, Ho Chi Minh
City, Da Nang, Hue, Quy Nhon, and Nha Trang, resulting
in a dataset of 20,551 pre-processed reviews. Using Python
and the VADER library, along with lexical rule-based
techniques, the study found that customers were most
satisfied with the “place” aspect (78%). In comparison, the
“room” aspect received the lowest satisfaction rating
(61.3%). Based on these findings, the authors recommend
that hotel managers focus on addressing low-performing
service dimensions to improve overall customer
satisfaction.

Although these studies show the effectiveness of various
NLP and sentiment analysis techniques, none used
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substring generation from original reviews to boost
analytical accuracy. Additionally, few addressed customer
satisfaction through Net Promoter Score (NPS) at either the
aspect or overall level. While machine learning and topic
modeling are common tools, more detailed methods like
aspect-based sentiment analysis with improved text
segmentation are still largely unexplored in this area.

3. Methodology

3.1 Fundamental concepts

This study uses a variety of concepts and symbols. For
clarity, the concepts are defined in detail, and the
accompanying symbols and meanings are described in
Table 1 below.

Table 1. The definitions and notations

Meaning Notatio Express Definition
n
Set of R R A set of reviews
reviews = {r,n, ..., 15} | collected from
TripAdvisor
Set of G G A set of customers

customer = {91, 9, -, g refers to guests who
have experience and
have written reviews
on the TripAdvisor
platform.

Each customer,
g;j has areview r; .
Satisfactio | Sas(g;) Satisfaction of guest
n gj is who wrote
review , and it is
measured by the
value of sentiment
of r; by Python.

Net NPSoverau Net Promoter Score
Promoter (NPS) in overall
Score in level is a measure
overall used to  gauge
level customer loyalty,
satisfaction.
Net NPS(a;) Net Promoter Score
Promoter (NPS) in aspect
Score in level is a measure
aspect used to  gauge
level customer loyalty,
satisfaction, and
enthusiasm with
each aspect.
Aspect A = Aspects are the set
{ai,ay, ...,anp} | of attributes and
services that
provided to

customer, such as
service, staff, and
location. Aspects are
nouns.
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Aspect T T The words with the
group = {ty, ty,.., t,y}| same meaning are
used to describe
attributes, these
words are extracted
from customer
reviews.

They are substrings
that were cut from
original reviews and
containing  aspects
words a;

aspect s
ASpeC.t ubstring (a;)
substring

3.2 The process of measuring Customer
Experience

The customer experience measurement process 1is
performed using the combined algorithms in section 3.3
and Python libraries, according to Figure 1 below.

TripAgvisor Python :{‘Tﬂ:ﬂ
Soper LT ader
Scraper Wordret )
S —
e ag
)G v Y 28
& S i e )
wipadvisor t—:_ o
store in .csv file Aspect group Aspect NPS Overall NPS

Figure 1. Measuring Customer Experience Process

First, reviews are collected from the TripAdvisor site
using the TripAdvisor Review Scaper tool and stored as
a .csv file. Next, algorithm (1) and Python's WordNet
library are used to determine the aspect word set. To
measure satisfaction by dimension, use algorithms number
(2) and number (3), combining Python's NLTK and Vader
libraries. Finally, the satisfaction scores of the aspects are
aggregated to obtain the overall NPS and NPS for each
aspect.

3.3 Measuring

Identifying the set of aspects of interest to
customers based on natural language analysis.
Previous studies have identified domain-specific
dimensions. For example, in the hotel industry, there are
set terms such as "room," "staff," etc. However, for the
coffee restaurant industry, there is currently no standard set
of aspects to measure customer satisfaction. Many studies
use topic modeling to determine the set of aspects. In this
study, we build a dictionary of these aspects, which are
nouns with high frequency and reflect the attributes of the
Trung Nguyen Legend restaurant based on natural
language analysis and statistics. To build this term set,
follow algorithm 1, which includes the following steps:

Algorithm 1: Identifying the set of aspects

e Step 1. Extracting nouns from the review data set that
includes s reviews R = {ry, 15, ..., 75}
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e Step 2. Removing nouns with the frequency <
threshold 0; obtain a set of nouns N =
{n1,n,,.., M Jand n; is a noun in R.

e Step 3. Building a set of similar meanings with
restaurant and coffee by Sim(n; coffee) and
Sim(n;, restaurant) with the library NLTK and
WordNet of Python.

e Step 4. The set of words built in step 3 will be matched
with the set of nouns N. The terms that do not appear
in N will be removed. Finally, we have T =
{ti, ty,.., tn}. With T € N. Synonymous terms are
grouped together into Aspect groups.

Figure 3 below is an example of a coffee-related
dictionary created by Python's NLTK and Wordnet
libraries.

['coffees', 'gourmet_coffee', 'Coffee', 'o_joe', 'Starbucks_coffee', 'coffee_beans', 'latté', 'cappucci
no', 'brewed_coffee’, 'espresso’, 'java', 'iced_coffee', 'freshly_brewed_coffee', 'coffe', 'decaf', 'fr
esh_brewed_coffee', 'Wolfgang_Puck_gourmet', 'chai_latte', 'lattés', 'latte’', 'coff_ee', 'caramel_latt
*,###.#F_—##.4% Liffe', 'macchiato’, 'iced_tea', 'coffee_bean', 'Dunkin_Donuts_coffee', 'coffee_sho
p', 'tea_plantations_Gamage', 'iced_lattes', 'specialty_coffees', 'café_latte', 'Starbucks', 'vanilla_l
atte', 'flavored_pasteurized milk', 'chai_tea_latte', 'cuppa_joe', 'herbal_tea', 'decaf_coffee', 'cappu
cino', 'mocha_latte’, ‘caramel_macchiato', 'Illy_coffee', 'nonfat_latte', 'raspberry_mocha', 'flavored_
coffees', 'steaming_mug', 'strawberry_smoothie', 'skim_latte', 'chai_tea', 'gingerbread_latte', 'Mystic
_Monk', 'lattes', 'freshly_brewed', 'macchiatos', ‘expresso', ‘smoothie', 'freshly_brewed_espresso’, ‘e
spressos_lattes', ‘cafe_con_leche', 'Arabica_coffee', 'tea', 'Pancakes_sausage_juice', 'espressos_cappu
ccinos', 'cofee', 'Caramel Macchiato', 'Cathy_Sila‘, 'java_jolt', 'coffeehouse®, 'Lavazza_coffee', 'Cof
fees', 'cuppa’, 'espresso_cappuccino', 'iced_grande’, 'gourmet_coffees', 'mango_smoothie', 'drip_coffe
e', 'Iced_Mocha', 'decaf_coffees', 'peppermint_tea', 'teas', 'pancakes_sausage_orange_juice', 'Stumptow
n_coffee', 'chocolate’, ‘cappuccinos', 'mocha_lattes', 'bottomless_cups', 'barristas', ‘steaming_mugs',
"Cafe_Grumpy', 'mocha_frappuccino', 'cappucinos', 'decaffeinated', 'Fairtrade_coffee', 'Sparkletts_®',
‘decaffeinated_coffee’, 'freshly_brewed_tea', 'cappuccino_latte', 'frappucino®, 'café mocha'l

Figure 2. Synonyms for Coffee.
Similar to Figure 3, groups are built one by one and form

an aspect group. Table 2 below describes a portion of the
aspect group data generated by Algorithm 1.

Table 2. Aspect group cta Trung Nguyen Legend

Coffee Service Place Price Staff
Cake Restaurant | Central USD Staffs
Mocha latte | Car park Floor Dong English
Fruit Table Street Bill staffers
Tea Wifi Location pricing staffing
Ice Music Coner Prices

Capuchino Atmosphe | Station theprice

Robusta re Airport cost

Aroma Locals

Milk Enviroment

Legend

Café

Bean

Calculating NPS score for aspects of Trung
Nguyen Legend.

Although a customer may express overall satisfaction in
a positive sentence, their reviews may still highlight certain
service aspects with which they are not happy. Currently,
the VADER library is unable to analyze satisfaction for
each aspect. Therefore, we have developed an algorithm to
segregate each service aspect into a substring and then used
the VADER library to measure the satisfaction level for
each aspect. To perform this task, we create substrings that
are segments containing aspects according to the following
algorithm 2.
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Algorithm 2. Generating substrings

e Step 1: Identify the position of the aspect in the
reviews

e Step 2: From the position of the aspect, shift to the left.
If encounter a polarity word, create an aspect
substring including the polarity word from the aspect.
If encounter articles or sentence endings, punctuation
marks (“;”, ©,”, ©.”) then stop and do not create aspect
substring.

e Step 3: In case the left substring cannot be created,
continue from the position of the aspect to the right, if
it meets the polarity word, create the aspect substring
from the aspect to the polarity word. If encounter

articles or sentence endings, punctuation marks (*;”,
(13 [132]

7, ©), Then stop and do not create an aspect
substring.

Example 2: Given a review “The restaurant is large and
the kindly staff.”

In the above review, there are 2 aspects that are detected:
“restaurant” and “staff”.

For aspect “restaurant”: From the position of aspect
“restaurant”, the left aspect substring cannot be created by
encountering the article “the”, so switching to the right.
Have an aspect substring = “restaurant is large and”.

For the aspect “staff”: From the position of the staff,
create the left aspect substring = “kindly staff”.

After creating substrings corresponding to each aspect.
Research and calculate satisfaction for each aspect as in
algorithm 3 below.

Algorithm 3. Measuring the NPS score for each aspect.

e Step 1: Identify aspects in the reviews, including
“coffee”, “service”, “staff”, “location”, “price”

e Step 2: Create an aspect substring

e Step 3: Gather aspect substrings into aspect groups.

e Step 4: Use the VADER library to measure
satisfaction with each aspect of Trung Nguyen

Legend.

Measure the rate of customer satisfaction according to
the service aspects extracted in the previous step, according

to the following formula:
# positive aspect substring (a
Sas(a;) = p [4 g (

)

total of aspect substring (a;) x100%

(D

Where :
# positive aspect substring (a;): Number of positive
aspect substring of aspect q;
total of aspect substring (a;): Total of aspect
substring about the aspect a;

When determining the satisfaction level with each
aspect, we also calculate the dissatisfaction of each aspect
by the formula (2) below

. # negative aspect substring (a;
DlsSas(ai) = totZl of asp:ct substrings(]a(i)l) x100% (2)

In which # negative aspect substring (a;): Number
of negative aspect substring of aspect a; .
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Companies use Net Promoter Score (NPS) to measure
customer loyalty by assessing their likelihood to
recommend products or services. Measure the NPS of each
aspect according to the following formula:

NPS(a;) = Sas(a;) — DisSas(a;) 3)

Measuring overall satisfaction, dissatisfaction,
and NPS score for Trung Nguyen Legend.
- Overall satisfaction

By measuring satisfaction across different dimensions,
we can calculate the overall satisfaction score as the
average of these values. This approach allows us to gain a
more comprehensive understanding of satisfaction levels
and make informed decisions based on this data.

ZkSas(a-)
SaSoverau = % “4)

In which:

Sasyperau: The overall satisfaction with all aspects of
Trung Nguyen Legend

Y*Sas(a;): The summary of satisfaction of aspect a, to
ay.

Example 3: Trung Nguyen’s Legend has five aspects, so k
= 5. The Sas(a,)=0.13; Sas(a,)=0.24; Sas(a3)=0.65;
Sas(a,)=0.34; Sas(as)=0.64.

0.13+0.24+0.65+0.34+0.64

The Sas,perau = - =04

With the value of Sas,,erq;=0.4. Customers’ satisfaction
with all aspects of Trung Nguyen Legend is equal to 0.4.

- Overall dissatisfaction

Similar to the formula for measuring overall satisfaction
with Trung Nguyen Legend, the study applies the

following formula to measure overall dissatisfaction:
__ Y Dissas(ay)

Dis'sasoverall - T m (5)

In which:

DisSas,yerqn: The overall dissatisfaction with all aspects
of Trung Nguyen Legend

Y1 DisSas(a;): The summary of dissatisfaction of aspect
a; to a,,.

- Overall NPS score

Companies use Net Promoter Score (NPS) to measure
customer loyalty by assessing their likelihood to
recommend products or services. Do luong NPS cua ting
khia canh theo cong thirc sau:

NPS,peran = SASoveran — DisSaSoveran (6)

4. Results

4.1 Description of data

TripAdvisor is a widely used travel platform that offers
reviews, recommendations, and information about hotels,
restaurants, attractions, and other travel-related businesses.
It enables users to search for accommodations, restaurants,
and activities in particular destinations, read reviews and
ratings from other travelers, and make reservations directly
through the platform. TripAdvisor is well-known for its
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vast collection of reviews and ratings of hotels, restaurants,
and attractions worldwide, which are all provided by users.
These reviews allow travelers to share their experiences,
opinions, and recommendations and rate businesses on a
scale of one to five stars.TripAdvisor ensures reliable
reviews by verifying authenticity, monitoring for fraud,
and displaying relevant information like travel history and
review date [1].

To collect data on the TripAdvisor site, we use an add-
on tool on Chrome called TripAdvisor Review Scraper.
Data is collected from 14 different Trung Nguyen
restaurants around the world. Trung Nguyen chain stores
are currently present in several countries on TripAdvisor,
such as Vietnam, Singapore, Canada, and Malaysia. The
restaurant with the most reviews has only nearly 500
reviews, while Starbucks has 2,510 reviews. This shows
the popularity of Starbucks stores and the greater customer
interest in Starbucks products than in Trung Nguyen
Legend.

The main components of a customer review are the
name of the reviewer, the date of the review, the free text
review, an overall star rating, and sometimes a rating by
some aspect of Trung Nguyen Legend. The collected data
is then stored in .csv format, including the name of the
reviewer, the date of the review, the content of the review,
the title of the review, and the overall rating. After
processing the data, we obtained a total of 520 reviews, as
shown in Figure 3.

Reiew’d Userd

ot Pt soyute
W13 W02 2502 e
2190131 W01 250116 en
W03 V8020 2B en
WIB0531 N180521 16052 en
80531 2180517 2180517 en
Rigs/fed 0171130 2071111 271U en
10531 20052 27052 en
W1043 200519 2170519 en
10031 NBE 2760 e
Nigs/ined U131 70131 WTOLL en
W03 W00 270117 e
W1 V3L W62 e
W13 W62 216219 0
W3 VSR VORI e
W10 W WU e
W61 V10 261109 e
W61 V1Q V61D e
higs/ined 16510 NIE01 W08 en  Turg Ngwe 60955 s
60831 NS00 N60H o0 Trrg W 015 s

asesm

Figure 3. Reviews of customers on TripAdvisor

A total of 520 reviews were collected from 14 Trung
Nguyen Legend chains in Vietnam, Singapore, Canada,
and Malaysia. The longest review is 1008 words, the
shortest is 1 word, and the average sentence length is 82.15.

When calculating the length of reviews and ratings, we
see that the proportion of long sentences often appears in
1-3 star reviews. Figure 4 shows that dissatisfied customers
tend to write longer sentences to complain about the quality
and service of Trung Nguyen Legend.

raing 3 star cating
200 80

150 40 60 100
125 50 80

100 40

50 20

o 0
50 100 150 200 50 100 150 25 50 75 100125

20 40 80 50 100 15¢
number_of_words number_of_words. number_of_words number_of_wards number_of_words

Figure 4. Statistics on sentence length in reviews
from 1 - 5 5-star ratings.
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A word cloud visually represents the frequency of words
within a given text or dataset. Typically, the more
frequently a word appears in the text, the larger and more
prominent it appears in the word cloud. It's a handy tool for
quickly identifying common themes or topics within a
body of text. Figure 5 below shows the word cloud from

reviews.
g nguy tried,y, "
(1r 1;1 (offer- though hack

bad
=|||\|Hy used
mllk C O street

passion fruit

find

k good coffee good place, 10(1[10n'“d"'
O n local coffee
h vietnam e L“
wort . right wa
lot visit 9...<..... foe " drink
cake g ) Utaste r
B busy i m‘
. On g
+
strong t
l O t Ly i
p dCce :
u
o TN &
= ice cleam vietnomese f
looking
S t a _F f s air [on(h‘t,mgeg“' -
well :
Qye=
must try Evl?’\ef-s

think

Figure 5. Word Cloud of word frequency in reviews.

Upon analyzing Figure 5, it is evident that the words
coffee, cafe, place, service, and great are the most
commonly used terms in the reviews for Trung Nguyen
Legend. This suggests that customers are highly satisfied
with the quality of coffee and service provided by the cafe.
It also indicates that the overall ambiance of the cafe is
pleasant, and customers find it to be a great place to relax
and enjoy a cup of coffee. Thus, based on this preliminary
assessment, Trung Nguyen Legend appears to have a
strong reputation for providing good coffee and service to
its customers.

4.2 Measuring customer satisfaction with
aspects

In Python programming, the Vader library provides
tools to measure the score of sentiment in sentences. This
score is to parse positive, negative, and neutral scores and
compound scores. Figure 6 below shows the detailed value
of each assessment with the scores included: Neg
(negative): Negative score; Neu (Neutral): Score represents
neutral; Pos (Positive): The score represents positivity;
Compound: Compound score
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g UScores Mcom pound |l|
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Figure 6. Scores of reviews

The substring will be identified by the algorithms (2).
Then, we used Python to calculate their scores. Figure 5
below shows the score of each substring for each aspect.
We use formulas (1), (2), and (3) to calculate the
satisfaction score for each aspect. Figure 7 shows the word
cloud of positive reviews and negative reviews.

ice crea @ light re % TeRTEIIT
22 e || ltimewanted’
clean o ”(f lchi minh a
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b0 loves “=vietn:
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. 5’ First
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p(k%nu}?p order ;i.1ian trung"‘nguy‘gp ‘

Figure 7. Word Cloud for positive and negative
reviews.

Based on the compound score, we classify it into three
categories: satisfied, dissatisfied, and neutral. After
filtering, some reviews do not mention this aspect, and
some are neutral. Specifically, the statistics of 520 reviews
of the Trung Nguyen Legend store chain are as follows:

e 52 reviews did not include coffee
o 127 reviews were dissatisfied
o 341 reviews were satisfied

There are no neutral reviews for the coffee aspect. Next,
proceed with other aspects such as Service, Location, Price,
and Staff. The number of reviews for each class is
displayed in Table 3 below.

2 EA

Table 3. Classify customers’ reviews into
satisfaction, dissatisfaction, and neutral for each

aspect.
" #
# # . # substri
. . | substring
posit1 | negati s was not neut | ngs
Aspect | ve ve . ral mentio
contained
subst | substr this subs | ned
rings | ings aspect tring | this
p apspect
Coffee | 341 127 52 0 468
Service | 220 145 143 12 377
Loeatio | a77 | 149 | 87 7 | 433
Price 144 62 314 0 206
Staff 282 129 86 23 434

From the data in Table 3, it is possible to calculate
customer satisfaction or dissatisfaction according to each
aspect by formula (1) and (2). After excluding reviews that
do not contain the aspect and reviews with neutral values,
the study only retained reviews that contained aspects of
interest to measure. Figure 8 below shows customer
satisfaction and dissatisfaction with Trung Nguyen Legend
in each specific aspect.

B satisfaction [ dissatisfaction

80.00% 75 6%
69.90%

63.97% 64.98%
58.36%
60.00%
38.46%
40.00% 34.41%
30.10 %
27.14% 972
20.00%
0.00%

Coffee Service Location Price Staff

Figure 8. The ratio of satisfaction and dissatisfaction
for each aspect.

The highest satisfaction is in the aspect of coffee, with a
score of 72.86%, followed by the aspect of price, which has
a value of 69.90%. The lowest is the service aspect, which
only reaches 58.36%. The service aspect also has the
highest dissatisfaction score, reaching 38.46%, while the
coffee aspect has only 27.14% of dissatisfied customers.

4.3 Measuring the NPS score of customers
with Trung Nguyen Legend

The study conducted an analysis of the NPS (Net
Promoter Score) at both the aspect and overall level. To
obtain the value of the NPS score at the aspect level, the
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formula (2) was applied. The formula measured the NPS
score for each aspect under consideration. The NPS score
for each aspect is presented in Figure 6 below, which
provides an insightful overview of the performance of
different aspects. The study results provide an in-depth
analysis of customer feedback and can help identify areas
that require improvement to enhance overall customer
satisfaction.

NPS score vs Aspect

200.00%

35.25% 170.24%
150.00%

39.81%
100.00%
19.89%
50.00%

NPS score

0.00%

Coffee Service Location Price Staff Subtotal

Figure 9. The NPS score for each aspect of the
Trung Nguyen Legend.

The NPS score for each aspect represents customer
satisfaction and loyalty scores for each aspect. There are
five dimensions measured in this study. The NPS score for
the coffee aspect reached the highest at 45.73%, followed
by price at 39.81%. Service achieved the lowest value with
an NPS score of 19.89%. NPS scores below 30% include
Service and Location. This shows that these two aspects are
rated lowest as needing improvement in the Trung Nguyen
Legend chain. Then, we measure the NPS score for all
aspects of Trung Nguyen Legend. The study took the
overall average value as formula (3). Figure 7. Below are
the results for the overall NPS score.

80.00%

66.01%
60.00%
40.00% e 34.05%

20.00%

0.00%

overall satisfaction overall dissatisfaction overall NPS

Figure 10. The overall satisfaction, dissatisfaction,
and NPS score of Trung Nguyen Legend.

Based on the data presented in Figure 10, the overall
satisfaction rate is 66.01%. This means that 66.01% of
customers are satisfied with Trung Nguyen Legend. On the
other hand, the overall dissatisfaction rate is 31.97%, which
means that 31.97% of customers are not satisfied with
Trung Nguyen Legend. The NPS score is 34.05%, which

indicates that Trung Nguyen Legend is doing great and has
more happy customers than unhappy ones.

5. Discussion

The success and longevity of businesses in the Food and
Beverage (F&B) industry greatly depend on the quality of
customer experience. Trung Nguyen Legend offers its
customers an enjoyable and engaging retail experience at
its coffee shops and retail outlets [17], [18]. The stores'
ambiance, decor, and layout are designed to create a
welcoming and comfortable atmosphere where customers
can unwind and savor their coffee [14], [16]. Trung
Nguyen Legend celebrates Vietnam's rich coffee culture
and heritage by incorporating traditional brewing
techniques and methods into its products [42]. The brand's
commitment to preserving and honoring Vietnamese
coffee traditions resonates with customers who value
authenticity and cultural significance. When penetrating
domestic and international markets, unique meanings are
also brought to Trung Nguyen Legend's mission and vision
[41].

While collecting data for research, the research team
noticed that the number of stores on the TripAdvisor
platform is not much, but it is large on the Google Maps
platform. Similar to the Cong coffee brand. This shows that
brand presence on Google Maps is given priority over
TripAdvisor. Meanwhile, Starbucks is fully visible on both
Google Maps and TripAdvisor platforms. According to
statistics, the number of Starbucks stores is currently about
38,587 worldwide, of which 20,656 are located outside
North America.

Trung Nguyen Legend recently opened its second coffee
store in Shanghai and the first store in the US, and the
upcoming goal is to open 1,000 coffee stores in China.
Currently, five Vietnamese F&B chains are opening stores
abroad: Cong Ca Phe, Phuc Long, King Coffee, Highlands
Coffee, and E-Coffee. Cong Coffee has 16 stores in Korea
and Canada. Phuc Long, a tea and coffee chain, has opened
its first store in the US. The competition between coffee
shop chains not only domestically but also internationally.
In the study, it was clear that Trung Nguyen Legend's
current points that need improvement include: Regarding
satisfaction in each aspect, coffee and related beverages
have the highest satisfaction, reaching nearly 80%. This is
followed by price and staff, determined to be reasonable
prices and friendly staff. The service part includes
accompanying services and space, which seems
unreasonable because the layout does not create a good
experience for customers in this aspect. The atmosphere, as
well as cigarette smoke, also affects the customer's bad
experience.

Similarly, the NPS score also shows the highest
customer satisfaction for the coffee aspect. Next is price
and staff. The service aspect achieved the lowest NPS
score.

In the overall satisfaction state, overall process satisfaction
reached 66.01%, and dissatisfaction reached 31.97%
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{(~40%). The overall satisfaction value is 34% when
measuring the overall NPS score. These are some not-so-
high scores. Therefore, Trung Nguyen Legend still needs
to improve, especially in terms of service quality.

This study shows that it is possible to understand
customer experience in many ways just by analyzing
customer reviews on the Internet platform. Good customer
feedback is an effective word-of-mouth marketing method.
However, it has been famous for many years in the
international market, products under the Trung Nguyen
brand mainly export coffee. The focus on chain stores
creating a legendary Vietnamese coffee experience for
customers has just begun to develop abroad in the past few
years in the context of a fiercely competitive retail market.
This requires creativity in the style and quality of services
and products to promote sustainable development and
engage customers.

6. Conclusion

This study presents a method for understanding
customer experience at the Trung Nguyen Legend store
chain, based on customer reviews collected from the
TripAdvisor platform and analyzed using natural language
processing. Python and natural language processing
libraries and algorithms are combined to measure customer
satisfaction scores by each dimension and overall NPS
score.

The research results underscore the potential benefits of
improving service quality for Trung Nguyen Legend in a
domestic and international competitive market. This
improvement can create a good customer experience space,
fostering customer engagement through other added
values. Moreover, the brand's presence on various internet
platforms can significantly increase customer touchpoints,
further enhancing the Trung Nguyen Legend brand.
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