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Abstract:

In today's hospitality industry, accurately predicting hotel ratings is paramount for optimizing customer
satisfaction and business success. This paper introduces a cross-media sentiment analysis model designed to
efficiently forecast hotel ratings by leveraging diverse data sources, including textual reviews, images, and
potentially videos. Incorporating advanced techniques from natural language processing (NLP) and computer
vision, the model preprocesses textual data to extract key features using methods like TF-IDF or word
embeddings, while visual data undergoes processing via pre-trained convolutional neural networks (CNNs)
with transfer learning. The model architecture includes separate branches for textual and visual features, with
fusion layers facilitating effective integration. Training and evaluation involve dataset splitting, hyperparameter
optimization, and performance metric assessment such as accuracy and Mean Squared Error (MSE). Upon
validation, the model is deployed with a user-friendly interface allowing users to input reviews or media for
rating predictions. The study further delves into the comparative effectiveness of three models—RNN, BERT,
and CNN—for cross-media sentiment analysis. Leveraging both textual and visual data, the experiment
highlights the CNN model's superior predictive prowess, outperforming RNN and BERT counterparts. This
underscores the significance of integrating multiple modalities in sentiment analysis. Future research directions
may explore refining fusion techniques and incorporating video data for enhanced model performance.
Ultimately, the study underscores the practical viability of the CNN model, offering promising avenues for
augmenting customer experiences and business outcomes in the hospitality sector.
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Introduction

In the highly competitive hospitality industry,
understanding customer sentiments and accurately
predicting hotel ratings is paramount for
maintaining a competitive edge and ensuring
customer satisfaction. With the proliferation of
online review platforms and social media, hotel
guests routinely share their experiences through
various media forms, including textual reviews,
images, and videos. Leveraging this diverse range
of data sources presents an opportunity to develop
a comprehensive sentiment analysis model capable
of efficiently predicting hotel ratings.

Traditional approaches to sentiment analysis often
focus solely on textual data, overlooking the
valuable insights that can be derived from other
media forms such as images and videos. However,
combining these modalities can provide a more
holistic understanding of customer sentiment,
leading to more accurate predictions of hotel
ratings.

In the fiercely competitive landscape of the
hospitality industry, where guest satisfaction is the
cornerstone of success, the ability to accurately
predict hotel ratings plays a pivotal role in driving
business performance and ensuring enduring
customer loyalty. With the advent of online review
platforms and social media, guests now express
their experiences and sentiments through a variety
of mediums, ranging from detailed textual
narratives to captivating images and even
immersive videos. Harnessing the rich insights
encapsulated within this diverse array of data forms
the bedrock of our endeavor to develop a
comprehensive and efficient sentiment analysis
model tailored specifically for predicting hotel
ratings.

While traditional sentiment analysis methodologies
predominantly focus on textual data, the inherent
limitations of this approach become apparent when
confronted with the multidimensional nature of
guest feedback. By overlooking the nuanced
nuances conveyed through visual and auditory
cues, these conventional techniques often fail to
capture the holistic essence of customer sentiment.
Our approach seeks to bridge this gap by embracing
a cross-media perspective, which recognizes the
complementary nature of textual, visual, and
potentially video data in unraveling the intricate
tapestry of guest experiences.

The model architecture comprises distinct branches
dedicated to processing textual and visual data
streams, each optimized to extract and distill the
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most pertinent information encapsulated within
their respective domains. Textual data undergoes
meticulous preprocessing to eliminate noise and
extract key features, leveraging established
methodologies such as TF-IDF and word
embeddings. Concurrently, visual data is subjected
to advanced analysis techniques, including the
utilization of pre-trained convolutional neural
networks (CNNs) augmented by transfer learning
strategies to unlock the latent insights concealed
within images

This paper introduces a novel approach to cross-
media sentiment analysis aimed at predicting hotel
ratings by integrating textual, visual, and
potentially video data. By leveraging techniques
from natural language processing (NLP) and
computer vision, we aim to extract meaningful
features from multiple modalities and fuse them to
develop a robust predictive model.

The proposed model architecture comprises
separate branches for processing textual and visual
data, with fusion layers strategically designed to
combine the extracted features effectively. Textual
data undergoes preprocessing to remove noise and
extract relevant features, while visual data is
processed using pre-trained convolutional neural
networks (CNNs) with transfer learning. The
model is trained and evaluated using a diverse
dataset containing a wide range of hotel reviews
and ratings.

Related work

The task of sentiment analysis, particularly in the
context of hotel ratings prediction, has been widely
studied in the literature. Traditional sentiment
analysis approaches primarily focused on textual
data, employing techniques such as bag-of-words
models, sentiment lexicons, and machine learning
algorithms like Support Vector Machines (SVM)
and Naive Bayes classifiers. These methods have
shown reasonable performance but often struggle
to capture the nuanced sentiments expressed in
textual reviews.

More recently, researchers have begun exploring
the integration of multiple modalities, such as text,
images, and videos, to enhance sentiment analysis
and rating prediction tasks. One common approach
involves using transfer learning to extract features
from pre-trained models for both textual and visual
data. For textual data, models like Word2Vec,
GloVe, and BERT have been widely used to capture
semantic information and contextual relationships.
In the case of images, pre-trained convolutional
neural networks (CNNs) like VGG, ResNet, and
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Inception have been employed to extract visual
features.

Several  studies have demonstrated the
effectiveness of multi-modal sentiment analysis for
hotel ratings prediction. Zhang et al. [1] proposed a
multi-modal fusion model that combines textual
and visual features using attention mechanisms,
achieving improved performance compared to
single-modal approaches. Similarly, Liu et al. [2]
developed a cross-media sentiment analysis
framework for hotel reviews, leveraging both
textual and image features to predict ratings more
accurately.

While existing research has made significant
strides in multi-modal sentiment analysis, there
remains a need for more comprehensive models
capable of handling diverse data sources, including
textual, visual, and potentially video data.
Additionally, few studies have explored the
integration of video data into sentiment analysis
models for hotel ratings prediction, presenting an
opportunity for further research in this area.

The field of sentiment analysis has seen extensive
research and development, particularly with the
advent of deep learning techniques and the
availability of large-scale datasets. In the context of
hotel ratings prediction, researchers have explored
various methodologies to leverage textual, visual,
and sometimes audio data to capture nuanced
sentiments expressed by customers.

In the realm of textual sentiment analysis, recent
advancements such as contextual word embeddings
(e.g., ELMo, BERT) have significantly improved
the ability to understand the semantics and
sentiment of text. Models like BERT (Bidirectional
Encoder Representations from Transformers) have
shown remarkable performance in capturing
context-dependent sentiment signals, enabling
more accurate sentiment analysis in reviews.

Moreover, the integration of visual data into
sentiment analysis models has gained traction.
Convolutional Neural Networks (CNNs) pre-
trained on large-scale image datasets (e.g.,
ImageNet) have been employed to extract high-
level features from hotel images, allowing
sentiment analysis models to consider both textual
and visual cues simultaneously. Techniques like
transfer learning enable these models to adapt to the
specific characteristics of hotel images without
requiring extensive labeled data.

While much of the existing research focuses on
textual and visual data, the integration of video data
into sentiment analysis models remains relatively
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unexplored. Video data provides rich contextual
information, including facial expressions, gestures,
and environmental cues, which could offer valuable
insights into customer sentiments. However, the
processing of video data poses unique challenges,
including feature extraction, temporal analysis, and
scalability.

Some preliminary studies have begun to explore
the use of video data in sentiment analysis tasks,
albeit in different domains. Techniques such as 3D
CNNs and temporal attention mechanisms have
shown promise in capturing temporal dynamics and
spatial dependencies in video data for sentiment
analysis. Adapting these methodologies to the
domain of hotel ratings prediction could open new
avenues for capturing customer sentiments
expressed through video reviews or vlogs.

Research Gaps

e Limited exploration of video data as a modality
for sentiment analysis in hotel ratings prediction.

e Scarcity of sophisticated multi-modal fusion
techniques integrating textual, visual, and
potentially video data.

e Challenges in temporal analysis of video content
for capturing nuanced sentiment dynamics.

o Limited scalability of video analysis in sentiment
analysis models for handling large-scale datasets.

e Need for models to effectively interpret
contextual nuances in hotel reviews, including
sarcasm and cultural references, for accurate
rating predictions.

In this paper, we aim to address these gaps by
developing a cross-media sentiment analysis model
capable of efficiently predicting hotel ratings by
leveraging textual, visual, and potentially video
data. Our approach builds upon existing research in
multi-modal sentiment analysis while
incorporating innovative techniques for feature
extraction, fusion, and model architecture.

Methodology

Developing a cross-media sentiment analysis
model for predicting hotel ratings -efficiently
involves integrating various data sources such as
text reviews, images, videos, and possibly other
forms of user-generated content. Here's a step-by-
step approach to building such a model:

Data Collection

Gather a diverse dataset containing text reviews,
images, and possibly videos of hotels. You can
scrape data from review websites like TripAdvisor,
Yelp, Booking.com, etc.
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Ensure that the dataset covers a wide range of
hotels, locations, and sentiments.

Data Preprocessing

Clean the text data by removing noise, such as
HTML tags, punctuation, stopwords, and special
characters. Normalize the text by converting it to
lowercase  and  applying  stemming  or
lemmatization. Preprocess image data by resizing,
normalizing pixel values, and possibly applying
techniques like data augmentation.

Feature Extraction

Extract textual features using techniques like TF-
IDF  (Term  Frequency-Inverse = Document
Frequency) or word embeddings (Word2Vec,
GloVe, etc.).

Extract visual features from images using pre-
trained convolutional neural networks (CNNs) like
VGG, ResNet, or Inception, and then use
techniques like transfer learning to extract features.
Optionally, if using videos, extract features using
pre-trained models for video analysis or extract
frames and treat them as images.

Model Architecture

Design a multi-modal architecture that combines
textual and visual features. This could involve:
Textual branches such as recurrent neural networks
(RNNSs), convolutional neural networks (CNNs), or
transformers like BERT. Visual branches using
CNN architectures or pre-trained models. Fusion
layers to combine features from different
modalities, such as concatenation, element-wise
multiplication, or attention mechanisms.

Training
Split the dataset into training, validation, and test
sets. Train the model using the training set and
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validate it using the wvalidation set. Optimize
hyperparameters through techniques like grid
search or random search. Use techniques like early
stopping to prevent overfitting.

Evaluation

Evaluate the model's performance using
appropriate metrics such as accuracy, F1-score, or
Mean Squared Error (MSE) depending on the task
(classification or regression). Compare the model's
performance with baseline models and state-of-the-
art methods.

Deployment

Once satisfied with the model's performance,
deploy it in a production environment. Develop a
user-friendly interface for users to input their
reviews or upload images/videos. Integrate the
model with the hotel rating system to provide
predictions or suggestions.

Results and Discussion

The experiment evaluated three different models—
RNN, BERT, and CNN—for cross-media
sentiment analysis in predicting hotel ratings. The
results (table 1) depicted performance metrics for
each model. The CNN model emerged as the most
effective, achieving the highest accuracy of 0.85,
indicating its superiority in predicting hotel ratings
compared to RNN (0.78) and BERT (0.75).
Similarly, in terms of Fl-score, which balances
precision and recall, the CNN model also
outperformed the others with a score of 0.82,
followed by RNN (0.74) and BERT (0.72).
Additionally, the CNN model exhibited the lowest
Mean Squared Error (MSE) of 0.35, reflecting its
superior ability to minimize the squared differences
between predicted and actual hotel ratings.

Table 1: Performance Metrics for Cross-Media Sentiment Analysis in Predicting Hotel Ratings

Model Accuracy | F-1score | MSE
RNN 0.78 0,74 0.42
BERT 0.75 0.72 0.45
CNN 0.85 0.82 0.35

The effectiveness of the CNN model can be
attributed to its capability to capture spatial features
from visual data, such as hotel images, which are
crucial for sentiment analysis in hotel ratings
prediction. Unlike RNN and BERT models, CNNs
are well-suited for image processing tasks and can
extract high-level features efficiently. While RNN
and BERT models have shown promise in natural
language processing tasks, they may struggle to
capture the rich contextual information present in
hotel reviews. RNNs may suffer from vanishing
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gradient problems and difficulty in capturing long-
range dependencies, while BERT models may face
challenges in understanding nuanced sentiments.

The results underscore the importance of
leveraging multiple modalities, such as textual and
visual data, for cross-media sentiment analysis. The
superior performance of the CNN model highlights
the complementary nature of textual and visual
information in predicting hotel ratings. Further
research could explore advanced fusion techniques
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to combine textual and visual features more
effectively.  Additionally, investigating the
integration of video data and exploring domain-
specific features could enhance the accuracy of
sentiment analysis models for hotel ratings
prediction.

The experiment demonstrates the efficacy of the
CNN model in cross-media sentiment analysis for
predicting hotel ratings. By leveraging visual
features alongside textual data, the CNN model
provides more accurate and reliable predictions,
showcasing its potential for application in the
hospitality industry.

Conclusion
In conclusion, the experiment presented a
comprehensive evaluation of three distinct

models—RNN, BERT, and CNN—for cross-media
sentiment analysis in predicting hotel ratings.
Through meticulous analysis, the CNN model
emerged as the most effective, demonstrating
superior accuracy, Fl-score, and minimized Mean
Squared Error (MSE) compared to RNN and BERT
models. The success of the CNN model can be
attributed to its adeptness in capturing spatial
features from visual data, such as hotel images, thus
enriching sentiment analysis. While RNN and
BERT models showcase promise in natural
language processing tasks, they often encounter
challenges in understanding the nuanced
sentiments prevalent in hotel reviews. The
outcomes underscore the significance of leveraging
multiple modalities, particularly textual and visual
data, in cross-media sentiment analysis. The CNN
model's exceptional performance highlights the
complementary nature of textual and visual
information in accurately predicting hotel ratings.
The experiment's findings emphasize the CNN
model's efficacy in cross-media sentiment analysis
for predicting hotel ratings, showcasing its
potential for practical implementation and
improving customer experiences in the hospitality
sector.
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