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Abstract
The explosion of user-generated content in the form of hotel reviews has spawned a large
volume of data that can be exploited to enhance decision-making in the hospitality sector.
Aspect-Based Sentiment Analysis (ABSA) is a beneficial approach for understanding cus-
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tomer reviews, allowing businesses to know how people feel about particular aspects like
cleanliness, service, and location. Yet, such insights are rarely exploited unless presented in
an intuitive manner. This paper reviews our semantic-aware framework for ABSA to address
contextual ambiguity in aspect-level sentiment analysis and proposes an extension of our
existing work by integrating the existing ABSA framework with an intelligent interactive
dashboard. The ABSA output is modeled using Power BI, a leading business intelligence
tool, to support effective decision-making. We design a three-layer interactive dashboard that
facilitates three major stakeholders i.e., clients (guests), web site owners, and hotel owners.
Each stakeholder is provided with customized insights making them knowing much more
in very little time. The proposed system can be considered a bridge between data analysis
and decision-making. Usability evaluation is performed to assess the effectiveness of the
proposed dashboard. Experimental results demonstrate the effectiveness of the dashboard
for decision support in the hotel industry.

Keywords: Visualization, Dashboard, Sentiment analysis, Hotel industry.

1. INTRODUCTION

A lot depends on the clients real-time feedback for improving the service quality and better decision-
making [1]. Online platforms like TripAdvisor and Booking.com are very effective sources for
client’s feedback, suggestions and opinions. The huge volumes of these opinions on such platforms
makes it difficult for businesses to extract actionable insights manually. Aspect-Based Sentiment
Analysis (ABSA) [2, 3] is the task of analyzing sentiments and extracting sentiments on specific
aspects a the services. However, ABSA alone is not sufficient for hotel industry managers to take
effective decisions [4]. The insights generated must also be presented in a clear, interpretable
manner [5] for quick and reliable decision making. Therefore, in this paper, we extend our unique
ABSA approach by introducing an interactive dashboard that visualizes the results in a user-friendly
format. The highlights of the ABSA approach are presented in this paper along with the design of
the interactive dashboard developed using state-of-the-art tool of Power Bi. The evaluation of the
interactive dashboard is conducted using usability testing. This dual focus of this work ensures that
the extracted insights can directly support managers and stakeholders in making informed, data-
driven decisions.

The ability to know the feelings of the customers at the bottom line is necessary to the industries
such as hospitality where the quality of services and their satisfaction with the service are directly
connected to revenue. Although the traditional sentiment analysis approaches provide a broad view
of the opinion of customers [6, 7], it is frequently unable to recognize sentiments related to particular
features of a product or service, for example, cleanliness, service, or location. This weakness has
led to the emergence of Aspect-Based Sentiment Analysis (ABSA), which entails a more detailed
analysis. Nonetheless, there is a substantial research gap in the successful management of word
sense ambiguity in ABSA [8, 9]. The meaning of a word, such as predictable or sharp, will have di-
verse connotations within a context and the traditional models cannot disambiguate these meanings.
Even though there has been partial effort to includeWord SenseDisambiguation (WSD) in sentiment
analysis, little research has been done on the application of WSD in ABSA. The current techniques
are usually domain constrained and computationally expensive [9, 10, 11]. Thus, more scalable,
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more accurate, and more context-aware ABSA models which are effective in solving polysemy and
improving aspect-level sentiment classification are needed.

Simultaneously, a similarly large but a less studied gap is in the visualization of ABSA results
[12, 13]. Though studies have been made into the accuracy of the ABSA model, minimal attention
is made on presentation of the results in a meaningful and actionable manner to the decision-makers.
Themajority of ABSA products are distributed in still or written formats, which do not providemuch
assistance in strategic business understanding. In industries such as hospitality that particularly
depend on customer satisfaction data, such a deficiency in the provision of visualization instruments
that are intuitive, interactive, and real-time would constitute a major drawback, especially when
managers and analysts must process a wide range of sentiment data with limited time. The existing
visual strategies can hardly be filtered in terms of time or location or customer group or can be used
as a drill-down solution to investigate a specific review or observe specific aspect trends.

Thus, the proposed study targets both of these research gaps: first, by reviewing our proposed ABSA
framework already published in [14], which integratesWSDwith contextual embeddings to achieve
a better sentiment classification at the aspect level; and second, by creating an interactive dashboard
that can visualize these insights in an easy-to-use format, which would close the gap between the
results of sentiment analysis and decision-making.

The rest of the paper is structured as follows. Section 2 gives highlights of the related work. Section
3 presents the proposed framework. Section 4 present the experimental setup and discusses the
results. Section 5 presents the visualization and decision support framework. Section 6 provides
the usability evaluation and analysis. Finally, Section 7 concludes the paper and highlights future
research directions.

2. RELATEDWORK

2.1 Aspect-Based Sentiment Analysis (ABSA)

There are lots of existing literature on the topic of ABSA, however there are only few previous works
that have proposed different ways to visualize customer feedback such as word clouds, heatmaps,
and interactive dashboards [15]. In this section, we describe literature review for both of these tasks.

Recent developments in ABSA have attempted to address the issue of legitimacy and scale with
the assistance of deep learning models and graph-based methods. For example, Wang et al. [16]
emphasize that training task-specific models either fail to exploit the shared knowledge among mul-
tiple ABSA tasks effectively or neglect the complementarity between tasks. Besides this, they also
focus on quadruple extraction and triple extraction. To target these challenges, Wang and his team
proposed UnifiedABSA. The experiments show that UnifiedABSA can consistently outperform
existing models on all tasks. Similarly, another ABSA contribution is the work reported in [17].
This work investigates the performance of machine learning algorithms for a specific classification
task. Support Vector Machine (SVM) and Logistic Regression (LR) were compared. The results
indicate that Support Vector Machine achieved superior accuracy (87.34%) compared to Logistic
Regression (84.64%), suggesting Support Vector Machine as a more suitable option. Another latest
contribution for ABSA involves usage of LLM i.e. large language models [18]. A couple of existing
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work (e.g., [19]) consider few-shot ABSA, but they do not specifically focus on few-shot ABSA,
which is the main focus of this study.

Implicit sentiment data is abundant in the ABSA datasets, of which the sentiment polarity is difficult
to identify since there are no clear opinion words. To address implicit sentiment, [20] introduces
an ABSA method that combines explicit sentiment augmentations for more sentiment clues. They
introduced an explicit sentiment generation on ABSA to generate such augmentations. Experimen-
tal results indicate the performance of our approach outperforms the baselines in both implicit and
explicit sentiment accuracy. For more comprehensive review of ABSA, [4, 8] are recommended
readings.

2.2 Visualization and Decision Support Systems

Visualization plays a critical role in transforming complex datasets into actionable insights. While
visualization tools such as Power BI, Tableau, and D3.js have been widely used to analyze customer
feedback and improve decision-making, we could find no such work which combines ABSA and
visualization in a single framework. Only few works that somehow can be related to this work
are discussed in this sub-section. For example, Ghosal et al. [21], proposed a weighted ABSA
framework that uses Word2Vec and extended OWA operators to visualize customer feedback in the
tourism industry. Their approach enables businesses to identify key aspects that influence customer
satisfaction and prioritize improvements accordingly. Besides this, [22] developed visualizations to
observe the relations between aspect ratings and customer satisfaction (overall ratings) before and
during the pandemic. The methods, strengths, and limitations of the state-o-the-art techniques are
highlighted in TABLE 1.

In summary, the existing sentiment analysis approaches entail detailed analyses in terms of the
opinions of customers; however, very few focus on visualization and any type of info-graphics for
decision support systems.

3. Review of the Proposed Framework

3.1 System Overview

This section outlines the already proposed and published framework for semantic-aware aspect-
based sentiment analysis tailored to the hospitality sector [14]. The FIGURE 1 highlights the overall
system while FIGURE 2 clarifies the contributions of different modules and also disambiguates
the contributions of [14] and this work. The proposed interactive dashboard is then integrated
with output of this ABSA framework. The key components to effectively tackle challenges like
contextual ambiguity and aspect-level sentiment classification and visualization are described in
separate subsections.
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Study Technique / Approach Strengths Limitations
Wang et al. [16] Unified ABSA (multi-task

learning)
Improves performance across
multiple ABSA tasks and cap-
tures task relationships

Limited exploitation of seman-
tic ambiguity; lacks visualiza-
tion support

Siddiqua et al. [17] Machine learning (SVM,
Logistic Regression)

Simple implementation and ef-
fective baseline performance

Limited contextual understand-
ing; less effective for complex
language

Lu et al. [18] LLM-based augmentation
(QAIE)

Enhances few-shot learning and
improves contextual represen-
tation

Computationally expensive and
resource intensive

Ouyang et al. [20] Explicit sentiment augmen-
tation

Improves detection of implicit
sentiment and enriches senti-
ment clues

Does not explicitly resolve
word sense ambiguity

Chang et al. [22] Visualization with deep
learning-based ABSA

Provides insights into sentiment
trends and relationships

Focusesmainly on visualization
with limited model innovation

Nadeem et al. [14] Semantic ambiguity resolu-
tion in ABSA

Addresses ambiguity in natural
language and improves inter-
pretation

Limited integration with deep
learning and graph-based meth-
ods

Ghosal et al. [21] Weighted ABSA with
Word2Vec and OWA

Supports prioritization of as-
pects and integrates visualiza-
tion

Limited contextual modeling
and semantic understanding

ABSA Surveys [4,
8]

Survey-based analysis Provides comprehensive
overview of methods and
challenges

Lacks implementation and inte-
grated solutions

Table 1: A systematic review of state-of-the-art approaches in aspect-based sentiment analysis and
visualization

Figure 1: Block diagram of the overall system
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3.2 Dataset Description and Preprocessing

The data collection used i.e., RABSA and its comparison with existing benchmark SemEval is given
in TABLE 2.

Sr. No Dataset Positive Negative Neutral
Train Test Train Test Train Test

1 SemEval 2014 [23] 2164 728 807 196 637 196
2 RABSA [14] 1000 500 1000 500 1000 500

Table 2: Class Distribution of the RABSA and SemEval2014 [14]

3.3 Data Acquisition

RABSA was collected manually from online platforms of Booking.com and TripAdvisor. Reviews
from each category were collected. Overall, 4,500 reviews were collected, comprising of 1,500
reviews of each sentiment type. The pre-processing of the reviews was performed using standard
methods.

3.4 Data Annotation

The RABSA was annotated by two experts both having M.Phil degrees in English linguistics. The
Cohens Kappa score of 0.81 was obtained which suggests a high level of inter-annotator agreement
[24].

3.4.1 Data annotation guidelines

The annotators were provided with predefined guidelines to ensure consistency and reliability. The
guidelines are given below:

• Sentence-Level Sentiment: If a sentence is expressing satisfaction, praise, or a favorable opin-
ion, a positive label was assigned, while if a sentence is expressing dissatisfaction, criticism,
or an unfavorable opinion, a negative label was assigned. A sentence was labeled as neutral
if it contained any factual information.

• Aspect Identification: Annotators recognized different features of the hotel or hotel related
services such as room, cleanliness, staff, location, food, service, facilities, or price.

• Aspect-Level Sentiment: The polarity of the sentiment related to an aspect was identified.
For example, in the sentence ”The room was clean, but the staff was unhelpful,” the aspect
*room* was labeled positive, whereas staff was labeled negative.

• Multiple Aspects: Different aspects were identified if a sentence mentions more than one
aspects.
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Figure 2: Component Level Diagram of the System

• Contextual Interpretation: Annotators considered the context and intended meaning of the
sentence, including common expressions and informal digital communication. Sarcasm, nega-
tion, and contrastive expressions were interpreted based on the overall meaning conveyed by
the reviewer.

• Neutral Cases: Sentences that only provided information without expressing an subjective
opinion were assigned a neutral label.

• Ambiguous Cases: If anything i.e. aspect or sentiment was unclear, annotators reviewed the
context and applied the predefined guidelines consistently.

3.5 Structure of the RABSA Dataset

RABSA (Refined Aspect-Based Sentiment Analysis) [14] follows the XML format. Each <sen-
tence> element has a unique sentence ID (sid), a related review ID (rid), and its sentiment polarity
(positive, negative, etc.). The text of the sentence is mentioned in a <text> tag, while all extracted
aspects are listed within <aspect> elements. Each aspect annotation includes the term, word posi-
tion, polarity, and category, allowing for detailed sentiment analysis at multiple levels. Compared
to the SemEval dataset structure, RABSA offers several refinements:

[label=•]

1. It labels both aspect and sentence-level polarity.
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2. It simplifies annotation by removing the <aspectCategories> tag and merging the category
into the <aspect> tag.

3. It replaces character-based positioning with word-level indexing, improving annotation con-
sistency and ease of processing.

3.6 Model Overview

In this section, we review our already proposed and published hybrid model [14] of an Aspect-
Based Sentiment Analysis (ABSA) system based on Word Sense Disambiguation (WSD), BERT
embeddings [25], BiLSTM [26], Graph Convolutional Networks (GCN), and an attention model to
improve the accuracy of sentiment prediction on an aspect level. Let S represent a sentence from a
hotel review, and A an aspect (e.g., cleanliness, staff, location). The idea is to estimate the semantic
orientation (SO) of the aspect A provided the sentence S that is mathematically formulated as:

𝑃(𝑆𝑂 (𝐴) |𝑆) (1)

The issue of word ambiguity can be discussed as in this model, a word such as predictable or
bank can have different sentiments depending on the situation a WSD module is introduced. It
takes BERT embeddings to obtain the context representation of a word and matches it with sample
sentences of WordNet through cosine similarity. The most similar sense is chosen as the one that
was correct to interpret to.

TheWSDmodule generates contextual BERT embeddings for target words and compares themwith
WordNet’s gloss examples. Cosine similarity is used to select the most appropriate sense:

𝑆selected = arg max
𝑖

(
CosineSimilarity(𝐸𝑊 , 𝐸𝑆𝑖 )

)
(2)

This method ensures more accurate sentiment analysis by resolving polysemy, especially important
in aspect-level sentiment interpretation.

WordNet serves as the external lexical knowledge base, offering synsets, part-of-speech tags, glosses,
and semantic relations like hypernyms, hyponyms, antonyms, and usage examples. These are
crucial for selecting the right sense of a word in context.

3.7 System Architecture and Implementation

The ABSA system provides sentiment-coded results that are saved in a centralized SQL database.
Power BI gets data from this database and it is updated either at set times, or in real time.The
dashboard is meant for three types of users: clients (i.e., the end-users), the website/platform owner,
and hotel owner. Power BI [27, 28] is selected for this research due to its robust set of features that
cater to real-time, interactive, and user-friendly data visualization.It provides a simple connection
to various data sources like SQL databases, flat files, and APIs among others. Its inherent abilities
to model and transform data and interactive filtering make it conducive to transferring the results
of ABSA to visual dashboards that are useful to business analysts. What’s more, because Power
BI is cross-platform, and because it can share this capability with others, it’s perfect for shared use
among several people.
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Figure 3: Architectural Diagram of ABSA System as published in [14]

4. RESULTS AND DISCUSSION

This section presents the results of the ABSA work published in [14]. TABLE 3 report the per-
formance numbers of the machine learning models (VSM, random forest, Naive Bayes, BiLSTM,
GCN) as well as the best models reported in the literature (as quoted) and the one published in
[14]. These metrics are divided into positive, negative, and neutral, and the associated accuracy
(Acc.) and F1 scores in percentage. The model achieved superior performance over all the models
with an accuracy of 90.52, 89.12, and 84.32, and an F1 score of 85.03, 86.05, and 71.06 in positive,
negative, and neutral classes, respectively. The rows of TABLE 3 are the models that will be applied
to the sentiment analysis. The first row contains VSM, and the last row are our proposed model and
baseline models, which contains random forest, naive Bayes, BiLSTM, GCN, several previous best
models. The accuracy and F1 scores of the models are presented in three sentiment categories. The
best model serves as the reference in all the three categories.

Model Positive Negative Neutral
Acc. F1 Acc. F1 Acc. F1

VSM 81.00 78.03 80.13 78.43 76.39 69.89
Random Forest 79.01 68.13 77.83 67.47 78.39 68.70
Naive Bayes 79.01 74.38 74.83 68.43 73.19 68.10
BiLSTM 80.42 76.03 81.12 78.05 77.52 69.08
GCN 78.02 70.15 76.03 68.45 71.88 65.78
SenticGCN (Liang et al., 2022) 86.92 81.03 82.12 79.05 85.32 71.28
ABSA Approach of [14] 90.52∗∗ 85.03∗∗ 89.12∗∗ 86.05∗∗ 84.32∗ 71.06∗

* and ** indicate statistical significance levels, where * denotes p < 0.05 and ** denotes p < 0.01.

Table 3: Performance comparison of the approach presented in [14] with baselines
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5. VISUALIZATION AND DECISION SUPPORT FRAMEWORK

5.1 Design objectives

The integration of visualization into the ABSA framework serves several core objectives:
[label=•]

1. Actionable Decision Support: Stakeholders such as hotel owners, booking platformmanagers,
and clients can quickly identify strengths and weaknesses at the aspect level.

2. Enhanced Interpretability: Visualization improves the transparency and understandability of
the ABSA results, allowing even non-technical users to comprehend trends and patterns.

3. Comparative and Temporal Insights: Through visual comparisons across time, geography, and
competitor benchmarks, users can derive deeper, strategic insights.

5.2 Stakeholder-Oriented visualization

5.2.1 Client dashboard

The user’s need to be able to discover good hotels quickly based on as granular feedback from
previous customers as possible. This perspective assists trip planners in more informed booking
decision making by exposing salient ratings of individual aspects (e.g., ”cleanliness” or ”location”).
The client dashboard was tailored toward the empowerment of the end-users, e.g. hotel guests
or potential customers, by offering them an easy and interactive display of the metrics of hotel
performance. The dashboard focus is put on plainness, interpretability, and actionable information
so that clients can make a wise decision regarding what to stay in. The dashboards are interactive,
built in Power BI, and enable the user to filter information based on the name of the hotel, year of
stay and season, which means that the analysis of the data will be personalized based on the needs
of the user.

FIGURE 4 illustrates a complete picture of the client dashboard where the various hotel perfor-
mance indicators are shown combined together. The aspect of quality of food, comfort of rooms,
cleanliness, safety, friendliness of staff, location, check-in experience, and quality of the services
are the most important service attributes that have been highlighted using the simplified measures.
Pie charts and bar charts offer sufficient visual representation of overall dimensions of services
on average, and year-to-year comparison of total experience gives the clients an opportunity to
monitor stability and service delivery enhancements. Seasonal comparisons can also be shown,
which provides customers with ideas regarding the differences in experiences in various seasons of
the year (summer, winter, fall, spring). These visualizations can be especially helpful to travelers
who schedule their travels by season and would like to decide their anticipations based on historical
data.

Figure 5 is a narrower analysis of the hotel performance, as it is limited to the spring season. The
dashboard is a map of experiences of the clients in the chosen hotels during this time frame, and it
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Figure 4: An overview of the client dashboard

Figure 5: Overview of Client Dashboard

allows users to compare a particular aspect of safety, friendliness of staff, and general comfort during
a certain season. This filtered visualization assists in the decision-making of clients who would like
to travel in the spring and want to compare the various hotels in that regard. The dashboard will
remove noise by displaying average values at any given dimension and therefore the clients will
only be able to access the most relevant information in their planning.

The hotel-specific view is shown in FIGURE 6 with the dashboard zooming into the performance.
of Hotel A10. In this case, service factors like food quality, friendliness of staff and comfort of the
rooms. have significantly better ratings than the more general averages presented in FIGURE 4. By
isolating the measures of a single hotel, the client can assess the effectiveness of a certain property.
corresponds to their anticipation of service quality. The granular view is specifically useful when
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Figure 6: An overview of the hotel specific view

the customer is short listing a hotel brand and needs more premise of its performance on various
qualities until an ultimate booking decision has been made.

5.2.2 Website owner dashboard

The managers of websites and the reservation systems need to have a microscopic view of the hotels
to run. search and optimization of platforms. Their dashboard gives an idea on customer. trends
of satisfaction, trend of destination and performance bench marking. The dashboard of website
owners gives them a platform wide view, which consolidates the performance. intelligence in all the
hotels listed. This is a more advanced perspective that is dedicated to general bookings, revenue.
generation, review counts, and sentiment distribution, which provide a clear picture of platform
administrators. image of the customer satisfaction and business results.

The interactive dashboard reveals the aggregate statistics across the platform, which is total book-
ings, total revenue, number of reviews, and average sentiment scores. One of the central panels
displays sentiment distribution (positive, neutral, negative), allowing the owners of the given web-
sites to see a summary of the trends of traveler satisfaction rates on all the properties. This kind of
consolidated view can be used to monitor health of the platform and its growth over time.

This dashboard also provides support for financial and operational decision making. It demonstrates
trends in the monthly volumes and revenue of the bookings, and the comparative ranking of the hotel
performances demonstrates in which hotels the business is most moved. This intelligence enables
the owners of hotels websites to analyze the marketing campaigns, optimize the partnerships, and
allocate the platform resources to the hotels that create the most interest and income.

In this case, the dashboard as illustrated in fig 7 is doing a relative sentiment analysis between hotels.
Visualizations (bar or radar charts) indicate which hotels receive relatively more positive or negative
feedback. Sentiment distribution in conjunction with booking/revenue stats, helps website owners
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Figure 7: A sentiment-based illustration of hotel comparison

to identify underperforming hotels and work with them to improve quality of services. Success
stories or examples of best-practice of high performing hotels can also be showcased.

5.2.3 Hotel owner dashboard

The owners of hotels enjoy the personalized analytics of their property and their competitors. The
dashboard allows seeing the direct insights of customer satisfaction at the aspect level and monitor-
ing the financial and reputational performance over time.

The dashboard of the hotel owners is specifically designed, as it offers to the managers and property
owners a complete performance monitoring tool. In contrast to the client dashboard that is centered
on customer decision-making, that of the owners is centered on operational insights. It enables the
hotel owners to see the strengths, weaknesses and make the evidence-based decisions to enhance
the level of satisfaction of the guests and the quality of the services. The system would translate
textual reviews into measurable metrics to be used by owners of the system in the continuous
improvement of the system by incorporating the outputs of sentiment analysis into the layered Power
BI dashboards.

The dashboard provides performance of hotels in various dimensions of service. quality. The
major factors that can be used to assess quality include the quality of food, comfort of the rooms,
cleanliness, safety, friendliness of staff, etc. The location, check-in experience, and the general
quality of the service are presented in the consolidated form. Average customer experience scores
also attract attention to the dashboard and assist hotel owners. compare the performance of their
hotel with that of other hotels in the industry or to compare it to that of. competitor properties. The
seasonal trends and year on year comparisons are constructed such that the owners. can monitor the
fluctuation of satisfaction amongst guests, periodically monitoring time when the service advances.

13
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Figure 8: An illustration of performance and business analysis with granular drill-down through
review-oriented hotel standings.

most necessary. This overview is a high level perspective or a management snapshot, which gives
the snapshot of the management. image of the well-being of the hotel.

The dashboard also provides the seasonal performance insights that indicates the extent of variation
of the quality of the service based on the months of the year. As an example, the dashboard will
display the trends of spring quarterly performance which could reveal whether staff responsiveness
during the busy tourism season is an issue or whether the cleanliness may be observed to decline
during the season of active attendance. This comparative view would enable the hotel proprietors to
plan in advance the seasonal problems and staff their systems more effectively. The benchmarking
capability transforms untamed sentiment into an actionable intelligence on long term planning.

It also provides hotel specific deep view (FIGURE 8). For example, Hotel A10 shows the per-
formance and business analysis granular drill-down that is shown by one hotel. Unlike broader
seasonal and annual perspectives, this perspective of KPI allows restaurant owners to view not
just macro-level data about your food safety, service and room comfort, but also to zoom in on
individual service opportunities. The modeling will help the readers to find out the attributes of
service that perform better than others and an area that requires urgent attention. As an example, by
detecting leakages, the hotel (e.g. hotel A10) that has friendly staff but low room cleanliness can
focus resources on housekeeping without making over-investment on areas with high performance.
It is a selective method of increased efficiency and decision-making on a data basis.
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6. USABILITY EVALUATION AND ANALYSIS

6.1 Evaluation Design

This visualization phase transformed the existing ABSA results into interactive dashboards to sup-
port informed decision-making by relevant stakeholders. We use usability evaluation [29, 30],
method to assess the proposed dashboards for clarity, navigation, responsiveness, and relevance
of the presented information.

6.2 Evaluation Methodology

Usability evaluation was performed by selecting the participants from different stakeholders and
for this purpose we selected 10 potential hotel clients (n=10), 10 hotel owners/managers (n=10) and
05 website administrators or data analysts (n=5). All the participants were given different tasks to
assess the usability of different parts of the dashboard. Each participant was given a questionnaire
containing questions about their experience with the dashboard. A hybrid approach to evaluation
was used to evaluate the dashboards in their entirety:

[label=•]

1. Quantitative Metrics: Task completion time, number of errors, and a five-point Likert scale
survey measuring ease of use, clarity, and visual appeal.

2. Qualitative Feedback: Short semi-structured interviews to capture user impressions, prefer-
ences, and suggestions for improvement.

3. Video Observation Logs: Researcher notes and comments about the participants while they
are interacting with the dashboard.

6.3 Stakeholder-Based Evaluation Results

6.3.1 Client dashboard

[label=•]

1. Task Performance: Clients completed assigned tasks with an average completion time of 1.8
minutes and an accuracy rate of 95%.

2. Satisfaction Scores: On a 5-point Likert scale, clients rated ease of use at 4.6, clarity of visuals
at 4.7, and overall satisfaction at 4.5.

3. Notable Insight: 90% of participants reported that the dashboard improved their confidence
in making booking decisions.
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6.3.2 Website Owner dashboard

[label=•]

1. Task Performance: Website owners averaged 2.4 minutes per task with a 92

2. Satisfaction Scores: Participants rated usefulness of aggregated KPIs at 4.8, navigability at
4.4, and visual appeal at 4.3.

3. Key Finding: 80% of participants valued the consolidated sentiment distribution chart for
identifying underperforming hotels.

6.3.3 Hotel Owner dashboard

[label=•]

1. Task Performance: Hotel owners/managers required more time due to data granularity, aver-
aging 3.1 minutes per task with 89

2. Satisfaction Scores: Aspect-specific sentiment analysis received the highest rating (4.9), while
dashboard responsiveness scored lower at 4.1, reflecting concerns about load times.

3. Behavioral Insight: 75% of owners indicated they would consider operational changes (e.g.,
staff training, housekeeping improvements) based on dashboard insights.

6.4 Quantitative Analysis

Across all three dashboards, several strengths were consistently highlighted:

1. Consistency in Visual Design – Uniform color schemes for sentiment categories enhanced
recognition and reduced cognitive load.

2. Interactivity – The ability to drill down from aggregated statistics to individual review details
increased user engagement.

3. Decision Support Value – 85% of participants confirmed that the presented insights could
directly influence booking decisions, service improvements, or business strategies.

However, areas for improvement were also identified:
[label=•]

1. 40% of participants recommended hover-based tooltips to explain less familiar KPIs.

2. 25% of participants suggested optimizing dashboard load times, especially in the hotel owner’s
dashboard with its more granular data.
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This usability evaluation (as shown in TABLE 4) demonstrates that the visualization dashboards
effectively bridged the gap between complex ABSA outputs and real-world decision-making. The
inclusion of quantitative measures and comparative results further validates the dashboards’ relia-
bility, providing stakeholders with actionable insights while identifying concrete areas for iterative
improvement. Approximately 90% of clients reported increased confidence in booking decisions.
Similarly, around 80% of website owners valued sentiment distribution visualizations, while 75%
of hotel owners indicated that the system could support operational improvements.

Figure 9: Usability ratings for Clients, Website Owners, and Hotel Owners.

In the graph shown in FIGURE 9, it’s evident that clients reported the highest clarity scores, while
Hotel Owners rated aspect-specific analysis highly but noted slower responsiveness. This visual-
ization makes it easy to see at a glance how clients, website owners, and hotel owners rated their
dashboards, reinforcing the quantitative findings.

As can be seen in the visualization of FIGURE 10, clients are the ones who performed the best
in terms of accuracy in the shortest period of time, whereas Hotel Owners took a longer period of
time to complete their tasks, however, with a high level of accuracy. This would complement the

Stakeholder
Group

Avg. Task
Time

Accuracy
Rate

Ease of Use Clarity Overall
Satisfaction

Clients (n=10) 1.8 min 95% 4.6 4.7 4.5
Website Owners
(n=5)

2.4 min 92% 4.4 4.3 4.6

Hotel Owners
(n=10)

3.1 min 89% 4.3 4.4 4.2

Table 4: Usability Evaluation Across Stakeholder Groups

17



https://www.oajaiml.com/ | September 2026 Asma Nadeem, et al.

Figure 10: Task performance results for each stakeholder group.

previous chart of satisfaction ratings corresponding to the subjective rating of usability and objective
performance of tasks.

7. CONCLUSION

The proposed work presents a semantic-aware aspect-based sentiment analysis framework that
effectively addresses contextual ambiguity in customer reviews. The results of the analyses are
integrated into interactive dashboards to transform sentiment data into strategic asset, which demon-
strates that the model helps to fill the gap between theoretical studies and practice in business. By
integrating word sense disambiguation with deep learning and graph-based techniques, the model
is able to capture both contextual and structural relationships, resulting in improved aspect-level
sentiment classification. The experimental results demonstrate that the proposed approach performs
effectively and provides reliable outputs for decision support in the hospitality domain. In addition,
the visualization module serves as an important component of the overall framework by ensuring
the transition from computational analysis to actionable business intelligence. By utilizing the
capabilities of Power BI, the system transforms raw sentiment analytics into dynamic and interactive
stake-holder dashboards. The evaluation shows that the visualizations improve interpretability and
stakeholder engagement, and also make decision-making more efficient. Overall, this visualization
contributes to the practical value of the sentiment analysis in the hotel sector by improving visibility,
benchmarking of their performance, and developing intervention.

18



https://www.oajaiml.com/ | September 2026 Advances in Artificial Intelligence and Machine Learning

References

[1] Wong Ooi Mei AW, Dean AM, White CJ. Analysing Service Quality in the Hospitality
Industry. Manag Serv Qual. 1999;9:136-143.

[2] Zhang W, Li X, Deng Y, Bing L, Lam W. A Survey on Aspect-Based Sentiment Analysis:
Tasks, Methods, and Challenges. IEEE Trans Knowl Data Eng. 2023;35:11019-11038.

[3] Cai H, Song N, Wang Z, Xie Q, Zhao Q, et al. MEMD-ABSA: A Multi-Element Multi-
Domain Dataset for Aspect-Based Sentiment Analysis. Lang Resour Eval. 2025;59:2501-
2529.

[4] Ahmad W, Khan HU, Alarfaj FK, Alreshoodi M. Aspect-Based Sentiment Analysis: A
Comprehensive Review and Open Research Challenges. IEEE Access. 2025;13:65138-
65182.

[5] Rezende SO, Oliveira RBT, Felix LCM, Rocha CAJ. Visualization for Knowledge Discovery
in Database. WIT Trans Inf Commun Technol. 2026;22.

[6] Sharma NA, Ali AB, Kabir MA. A Review of Sentiment Analysis: Tasks, Applications, and
Deep Learning Techniques. Int J Data Sci Anal. 2025;19:351-388.

[7] Medhat W, Hassan A, Korashy H. Sentiment Analysis Algorithms and Applications: A
Survey. Ain Shams Eng J. 2014;5:1093-1113.

[8] Nath D, Dwivedi SK. Aspect-Based Sentiment Analysis: Approaches, Applications,
Challenges and Trends. Knowl Inf Syst. 2024;66:7261-7303.

[9] Grissette H, Nfaoui EH. Semisupervised Neural Biomedical Sense Disambiguation
Approach for Aspect-Based Sentiment Analysis on Social Networks. J Biomed Inform.
2022;135:104229.

[10] Akkaya C, Wiebe J, Mihalcea R. Subjectivity Word Sense Disambiguation. In Proceedings
of the 2009 conference on empirical methods in natural language processing. 2009:190-199.

[11] Choi Y, Wiebe J, Mihalcea R. Coarse-Grained ± Effect Word Sense Disambiguation for
Implicit Sentiment Analysis. IEEE Trans Affect Comput. 2017;8:471-479.

[12] Chen C. Information Visualization. Wiley Interdiscip Rev Comput Stat. 2010;2:387-403.

[13] Kucher K, Paradis C, Kerren A. The State of the Art in Sentiment Visualization. Comput
Graph Forum. 2018;37:71-96.

[14] Nadeem A, Missen MM, Reshan MS, Memon MA, Asiri Y, et al. Resolving Ambiguity in
Natural Language for Enhancement of Aspect-Based Sentiment Analysis of Hotel Reviews.
PeerJ Comput Sci. 2025;11:e2635.

[15] Mehraliyev F, Chan IC, Kirilenko AP. Sentiment Analysis in Hospitality and Tourism: A
Thematic and Methodological Review. Int J Contemp Hosp Manag. 2022;34:46-77.

[16] Wang Z, Xia R, Yu J. Unified ABSA via Annotation-Decoupled Multi-Task Instruction
Tuning. IEEE Trans Knowl Data Eng. 2024;36:7242-7254.

19



https://www.oajaiml.com/ | September 2026 Asma Nadeem, et al.

[17] Siddiqua A, Bindumathi V, Raghu G, Bhargav YV. Aspect-Based Sentiment Analysis (Absa)
Using Machine Learning Algorithms. In 2024 Third international conference on distributed
computing and electrical circuits and electronics. ICDCECE. IEEE. 2024:1-6.

[18] Lu HY, Liu TC, Cong R, Yang J, Gan Q, et al. QAIE: LLM-based quantity augmentation and
information enhancement for few-shot aspect-based sentiment analysis. Inf Process Manag.
2025;62(1):103917.

[19] Li G, Muller M, Thabet A, Ghanem B. Deepgcns: Can Gcns Go as Deep as Cnns? In
Proceedings of the IEEE/CVF international conference on computer vision. 2019:9267-9276.

[20] Ouyang J, Yang Z, Liang S, Wang B, Wang Y, et al. Aspect-Based Sentiment Analysis With
Explicit Sentiment Augmentations. Proc AAAI Conf Artif Intell. 2024;38:18842-18850.

[21] Ghosal S, Jain A. Weighted Aspect Based Sentiment Analysis Using Extended Owa
Operators and word2vec for Tourism. Multimed Tools Appl. 2023;82:18353-18380.

[22] Chang YC, Ku CH, Le Nguyen DD. Predicting Aspect-Based Sentiment Using Deep
Learning and Information Visualization: The Impact of COVID-19 on the Airline Industry.
Inf Manag. 2022;59:103587.

[23] Liang B, Su H, Gui L, Cambria E, Xu R. Aspect-Based Sentiment Analysis via
Affective Knowledge Enhanced Graph Convolutional Networks. Knowl-Based Syst.
2022;235:107643.

[24] McHugh ML. Interrater Reliability: The Kappa Statistic. Biochem Med. 2012;22:276-282.

[25] Rogers A, Kovaleva O, Rumshisky A. A Primer in BERTology: What We Know About How
BERT Works. Trans Assoc Comput Linguist. 2020;8:842-866.

[26] Siami-Namini S, Tavakoli N, Namin AS. The Performance of LSTM and BiLSTM in
Forecasting Time Series. In2019 IEEE International conference on big data (Big Data). IEEE.
2019:3285-3292.

[27] Gonçalves CT, Gonçalves MJ, Campante MI. Developing Integrated Performance Dash-
boards Visualisations Using Power Bi as a Platform. Information. 2023;14:614.

[28] Clark D. Beginning Microsoft Power BI: A Practical Guide to Self-Service Data Analytics.
New York: Apress. 2020.

[29] Fernandez A, Insfran E, Abrahão S. Usability EvaluationMethods for theWeb: A Systematic
Mapping Study. Inf Softw Technol. 2011;53:789-817.

[30] Ardito C, Costabile MF, Marsico MD, Lanzilotti R, Levialdi S, et al. An Approach to
Usability Evaluation of E-Learning Applications. Univers Access Inf Soc. 2006;4:270-283.

References

[1] M. M. Keshavarz and A. Alighanbari, “Terahertz refractive index sensor based on Tamm
plasmon-polaritons with graphene,” Appl. Opt., vol. 58, pp. 3604-3612, 2019.

20



https://www.oajaiml.com/ | September 2026 Advances in Artificial Intelligence and Machine Learning

[2] Y. V. Tarasov, D. A. Iakushev and O. V. Usatenko, “Plasmon-polariton excitations on
surfaces with fluctuating impedance,” 9th International Kharkiv Symposium on Physics and
Engineering of Microwaves, Millimeter and Submillimeter Waves (MSMW), Kharkiv, pp.
1-4, 2016.

[3] N. Luan and J. Yao, “Refractive Index and Temperature Sensing Based on Surface Plasmon
Resonance and Directional Resonance Coupling in a PCF,” IEEE Photon. J., vol. 9, no. 2, pp.
1-7, 2017.

[4] Z. Zhang, F. Chu, Z. Guo, J. Fan, G. Li, and W. Cheng, “Design and Optimization of Surface
Plasmon Resonance Sensor Based on Polymer-Tipped Optical Fiber,” J. Lightwave Technol.,
vol. 37, pp. 2820-2827, 2019.

[5] J. Lao, L. Han, Z. Wu, X. Zhang, Y. Huang, Y. Tang, and T. Guo, “Gold Nanoparticle-
Functionalized Surface Plasmon Resonance Optical Fiber Biosensor: In Situ Detection of
ThrombinWith 1 n·MDetection Limit,” J. Lightwave Technol., vol. 37, pp. 2748-2755, 2019.

[6] Y. E. Monfared and S. A. Ponomarenko, “Extremely nonlinear carbon-disulfide-filled
photonic crystal fiber with controllable dispersion,” Opt.Material, vol. 88, pp. 406-411, 2019.

[7] Y. E. Monfared, “Transient dynamics of stimulated Raman scattering in gas-filled hollow-
core photonic crystal fibers,” Adv. Mater. Sci. Eng., pp. 8951495, 2018.

[8] Y. E. Monfared, C. Liang, R. Khosravi, B. Kacerovska and S. Yang, “Selectively toluene-
filled photonic crystal fiber Sagnac interferometer for temperature sensing applications,”
Results in Physics, vol. 13, pp. 102297, 2019.

[9] M. Tian, P. Lu, L. Chen, C. Lv, and D. Liu, “All-solid d-shaped photonic fiber sensor based
on surface plasmon resonance,” Opt. Commun., vol. 285, no. 6, pp. 1550–1554, 2012.

[10] Md. N. Hossen, Md. Ferdous, Md. A. Khalek, S. Chakma, B. K. Paul, K. Ahmed, “Design
and analysis of biosensor based on surface plasmon resonance,” Sensing and Bio-Sensing
Research, vol. 21, pp. 1-6, 2018.

[11] G. An, X. Hao, S. Li, X. Yan, and X. Zhang, “D-shaped photonic crystal fiber refractive
index sensor based on surface plasmon resonance,” Appl. Opt., vol. 56, no. 24, pp. 6988–
6992, 2017.

[12] S. Chu, K. Nakkeeran, A. M. Abobaker, S. S. Aphale, P. R. Babu and K. Senthilnathan,
“Design and Analysis of Surface-Plasmon-Resonance-Based Photonic Quasi-Crystal Fiber
Biosensor for High-Refractive-Index Liquid Analytes,” IEEE J. of Selected Topics in
Quantum Electronics, vol. 25, no. 2, pp. 1-9, 2019.

[13] S. Chu, K. Nakkeeran, A. M. Abobaker, S. S. Aphale, P. Ramesh Babu and K. Senthilnathan,
“A Surface Plasmon Resonance Based Photonic Quasi-Crystal Fibre Biosensor with Fan-
Shaped Analyte Channel for High Refractive Index Analytes,” 2018 Conference on Lasers
and Electro-Optics Pacific Rim (CLEO-PR), Hong Kong, Hong Kong, pp. 1-2, 2018.

[14] N. Luan, L. Zhao, Y. Lian and S. Lou, ”A High Refractive Index Plasmonic Sensor Based on
D-Shaped Photonic Crystal Fiber with Laterally Accessible Hollow-Core,” in IEEE Photon.
J., vol. 10, no. 5, pp. 1-7, 2018.

21



https://www.oajaiml.com/ | September 2026 Asma Nadeem, et al.

[15] T. Wu, Y. Shao, Y. Wang, S. Cao, W. Cao, F. Zhang, C. Liao, J. He, Y. Huang, M. Hou, and Y.
Wang, “Surface plasmon resonance biosensor based on gold-coated side-polished hexagonal
structure photonic crystal fiber,” Opt. Express, vol. 25, pp. 20313-20322, 2017.

[16] Q. Xie, Y. Chen, X. Li, Z. Yin, L. Wang, Y. Geng, and X. Hong, “Characteristics of D-
shaped photonic crystal fiber surface plasmon resonance sensors with different side-polished
lengths,” Appl. Opt., vol. 56, pp. 1550-1555, 2017.

[17] A. D. Raki c, A. B. Djuri¡si c, J. M. Elazar, and M. L. Majewski, “Optical properties of
metallic films for vertical-cavity optoelectronic devices,” Appl. Opt., vol. 37, no. 22, pp.
5271-5283, 1998.

[18] O. D. Herrera, L. Schneebeli, K. Kieu, R. A. Norwood, and N. Peyghambarian, “Slow light
based on stimulated Raman scattering in an integrated liquid-core optical fiber filled with
CS2,” Opt. Express, vol. 21 pp. 8821-8830, 2013.

[19] M. Sasaki, T. Ando, S. Nogawa, and K. Hane, “Direct Photolithography on Optical Fiber
End,” Jpn. J. Appl. Phys., Vol. 41, pp. 43504355, 2002.

[20] Y. Huang, Y. Xu, andA. Yariv, “Fabrication of functionmicrostructured optical fibers through
a selective-filling technique,” Appl. Phys. Lett., vol. 85, pp. 51825184, 2005.

22


	INTRODUCTION
	RELATED WORK
	Aspect-Based Sentiment Analysis (ABSA)
	Visualization and Decision Support Systems

	Review of the Proposed Framework
	System Overview
	Dataset Description and Preprocessing
	Data Acquisition
	Data Annotation
	Data annotation guidelines

	Structure of the RABSA Dataset
	Model Overview
	System Architecture and Implementation

	RESULTS AND DISCUSSION
	VISUALIZATION AND DECISION SUPPORT FRAMEWORK
	Design objectives
	Stakeholder-Oriented visualization
	Client dashboard
	Website owner dashboard
	Hotel owner dashboard


	USABILITY EVALUATION AND ANALYSIS
	Evaluation Design
	Evaluation Methodology
	Stakeholder-Based Evaluation Results
	Client dashboard
	Website Owner dashboard
	Hotel Owner dashboard

	Quantitative Analysis

	CONCLUSION

