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This study explores the application of neural networks to predict dining
experiences at Restaurant X, utilizing a combination of customer feedback,
operational data, and sales transactions. The goal is to enhance restaurant
management through accurate predictions of customer satisfaction and
operational performance. Customer reviews, sentiment analysis, and
operational data were processed using natural language processing (NLP)
and time-series analysis to prepare the data for neural network training. The
model's performance was evaluated using metrics such as accuracy,
precision, recall, and F1-score, and it was compared with traditional machine
learning techniques like logistic regression and decision trees. The results
demonstrate that neural networks outperform traditional algorithms in
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predicting customer sentiment and dining experiences. This study highlights
the potential of deep learning to provide valuable insights into customer
behavior, enabling restaurants to improve service personalization, marketing
strategies, and operational efficiency. Future research can focus on
expanding the dataset and exploring more advanced deep learning models
to further enhance prediction accuracy and applicability in the hospitality
industry.

Register with CC BY NC SA license. Copyright © 2022, the author(s)

1. Introduction

The adoption of artificial intelligence (AI) in the hospitality industry has accelerated
significantly in recent years, with neural networks emerging as one of the most impactful
technologies. Restaurants increasingly rely on data-driven insights to optimize operations, personalize
dining experiences, and predict customer satisfaction levels. Neural networks, as a subset of machine
learning, excel in processing and analyzing large, unstructured data sets, including customer reviews,
menu preferences, operational performance metrics, and environmental factors, making them an
indispensable tool for modern restaurant management [1]. By leveraging the computational power of
neural networks, restaurants can predict dining experiences, enabling management to tailor services,
improve operational efficiency, and drive customer loyalty.

One notable application of neural networks in this domain is sentiment analysis. Customer
feedback, often available in the form of online reviews, provides valuable information about service
quality and customer satisfaction. Deep learning models, such as bidirectional long short-term
memory (BiLSTM) networks, have demonstrated superior accuracy in extracting sentiment from
textual data compared to traditional machine learning approaches [2]. For example, Zhao et al. [3]
showed that BiLSTM networks achieved an accuracy rate of over 92% in sentiment classification of
restaurant reviews, highlighting the model's effectiveness in capturing nuanced customer opinions.
Similarly, convolutional neural networks (CNNs) have been employed to analyze visual data, such as
menu designs and food presentation, correlating these aesthetic elements with customer preferences
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[4]. Kim and Lee [5] found that CNNs could predict customer engagement levels based on menu
visuals, enabling restaurants to design more appealing menus.

In addition to sentiment and visual analysis, neural networks have been widely applied in
recommendation systems. Personalizing menu recommendations is a critical aspect of enhancing the
dining experience. Advanced recommendation systems powered by deep learning algorithms analyze
historical customer data, including past orders and dietary preferences, to suggest dishes tailored to
individual tastes [6]. Nguyen et al. [7] demonstrated that neural network-based recommendation
systems improved customer satisfaction by 15% compared to rule-based systems. These systems also
optimize upselling opportunities by predicting which combinations of menu items are likely to be
purchased together, thus increasing revenue for restaurants.

Time-series data analysis is another area where neural networks have proven effective.
Recurrent neural networks (RNNs), particularly long short-term memory (LSTM) networks, are well-
suited for forecasting dining trends and demand patterns. By analyzing historical sales data, RNNs
can predict peak dining hours, popular menu items, and seasonal trends, allowing restaurants to
allocate resources more efficiently and reduce waste [8]. Smith et al. [9] applied LSTM networks to
predict daily customer footfall in a chain of restaurants, achieving a mean absolute percentage error
(MAPE) of less than 5%, which significantly improved inventory management and staffing decisions.

Despite their potential, implementing neural networks in the restaurant industry is not without
challenges. Data sparsity, privacy concerns, and computational requirements pose significant barriers
to the widespread adoption of these technologies. Many restaurants, particularly small and medium-
sized enterprises (SMEs), lack the infrastructure and expertise to collect and process the extensive data
sets required for training neural networks [10]. Furthermore, the ethical implications of using
customer data for predictive analytics must be carefully considered to ensure compliance with privacy
regulations and maintain customer trust [11].

Nevertheless, the benefits of neural networks in predicting dining experiences far outweigh
these challenges. As the technology becomes more accessible, its adoption in the hospitality sector is
expected to grow exponentially. Recent advancements in transfer learning and pre-trained models
have further reduced the data requirements and computational costs associated with neural networks,
making them more practical for SMEs [12]. By integrating neural networks into their operations,
restaurants can gain a competitive edge, offering personalized services and exceptional dining
experiences that resonate with their customers.

This study focuses on applying neural networks to predict dining experiences at Restaurant X,
utilizing a combination of customer feedback and operational data. The primary objective is to
evaluate the effectiveness of neural networks in forecasting customer satisfaction and identifying
actionable insights for improving service quality. By addressing the unique challenges and
opportunities associated with neural networks in this context, this research aims to contribute to the
growing body of knowledge on Al applications in the hospitality industry and provide practical
recommendations for Restaurant X and similar establishments.

2. Research Methods

To build a reliable prediction model for dining experiences at Restaurant X, this research applies a
structured, multi-phase methodology that encompasses data collection, preprocessing, model
construction, performance evaluation, and interpretation of findings. Each stage plays a vital role in
ensuring that the model not only predicts customer satisfaction accurately but also delivers
meaningful insights into the key determinants of dining experiences.
The process begins with data collection, where multiple data sources are combined to form a holistic
view of restaurant operations and customer perceptions. Customer feedback is obtained from online
platforms such as social media and review sites, where diners share opinions on aspects like food
quality, service, ambiance, and overall satisfaction. Since this feedback is often unstructured and text-
based, it serves as a rich source for sentiment analysis. Alongside textual feedback, operational data —
such as sales performance, menu popularity, customer footfall, and dining times—is gathered to
enable the creation of a dynamic model that captures variations in dining experiences across different
time periods. Historical transaction data, including sales volumes and frequently ordered menu items,
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is also incorporated to detect patterns in customer behavior and satisfaction, forming a key input for
training the neural network model.

After data acquisition, the next essential phase is data preprocessing. Raw datasets often
contain inconsistencies, missing entries, or irrelevant information that can undermine model accuracy
if left unaddressed. For textual review data, several Natural Language Processing (NLP) techniques —
such as tokenization, stopword removal, and lemmatization—are applied to clean and standardize the
text. These steps help eliminate noise and prepare the data for sentiment classification into positive,
neutral, or negative categories, thus quantifying customer satisfaction objectively [1]. For operational
datasets, preprocessing includes converting transactional records into time-series features that
represent long-term trends and seasonal variations [2]. Data normalization is also carried out to
maintain consistent scales among variables, improving the neural network’s ability to learn feature
relationships effectively.

The model development phase forms the core of this study. A hybrid neural network

architecture that integrates Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNSs) is designed to harness their complementary strengths. CNNs are employed to analyze visual
elements—such as menu layout or aesthetic appeal —that may influence customer perception [3].
Meanwhile, RNNs, particularly Long Short-Term Memory (LSTM) networks, are utilized to model
temporal data like sales fluctuations, dining patterns, and customer visit trends [4]. This combination
allows the model to capture both static features (e.g., menu design) and dynamic features (e.g., time-
based customer behavior) for more precise predictions. The architecture is further refined through
hyperparameter tuning, including adjustments to layer depth, learning rate, and activation functions,
to maximize predictive performance and reduce error rates.
Once the model has been built, performance evaluation is conducted using multiple statistical and
machine learning metrics. The dataset is divided into training (80%) and testing (20%) subsets to
validate the model’s generalization ability. Evaluation metrics such as accuracy, precision, recall, and
Fl-score are employed to assess predictive performance comprehensively. A confusion matrix is also
generated to visualize how effectively the model classifies different levels of customer satisfaction [5].
In addition, k-fold cross-validation is applied to ensure the model remains robust and resistant to
overfitting. To demonstrate the added value of deep learning, the neural network’s performance is
compared to traditional machine learning algorithms—such as logistic regression and decision tree
classifiers—serving as a benchmark for effectiveness [6].

Following model validation, results interpretation focuses on extracting actionable insights to
guide operational improvements at Restaurant X. Through feature importance analysis, the most
influential variables affecting customer satisfaction are identified —these may include menu aesthetics,
restaurant environment, service timing, or popular dish selections [7]. These insights allow the
restaurant to implement targeted strategies, such as redesigning the menu or optimizing staff
allocation during peak hours. Additionally, the model’s predictive capability can support
personalized recommendations, suggesting menu options tailored to individual dining histories,
thereby enhancing satisfaction and customer loyalty [8]. Such data-driven insights are especially
valuable in the competitive restaurant industry, where sustained customer satisfaction is key to long-
term success.

Lastly, ethical considerations are integrated throughout the research process. All customer
feedback data is anonymized to maintain privacy and handled in compliance with data protection
standards like the General Data Protection Regulation (GDPR). The study ensures that collected data
is used exclusively for research purposes and not disclosed to third parties without explicit consent
[9]. Upholding these ethical standards fosters customer trust while enabling Restaurant X to utilize
advanced analytics responsibly to enhance its services.

2.1. Data Collection

The data utilized in this study is derived from a variety of sources within Restaurant X, which
provides a holistic view of both customer sentiment and operational performance. One of the primary
sources of data is customer feedback, which is collected from various online platforms, including
review websites, social media, and restaurant-specific feedback portals. These platforms offer valuable
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insights into customer satisfaction, as patrons often leave detailed reviews about their dining
experiences. The reviews contain sentiment-laden textual data, which includes opinions on various
aspects such as food quality, service efficiency, ambiance, and overall dining experience. Such
unstructured data is essential for predicting customer satisfaction, as it provides a direct reflection of
their emotional response to their visit. By analyzing the sentiment of these reviews, the model can gain
a deeper understanding of customer preferences and expectations, which are critical in enhancing the
dining experience.

In addition to customer feedback, operational data plays a vital role in informing the prediction
model. Restaurant X collects detailed information on various operational aspects, including peak
dining times, sales trends, and the popularity of menu items. By understanding when customers
typically visit the restaurant —whether during lunch, dinner, or special events —the model can forecast
customer demand and predict potential crowding or waiting times. Furthermore, analyzing sales data
enables the identification of trends in customer spending patterns, which is crucial for understanding
customer behavior and preferences. For example, sales data might reveal which menu items are
consistently ordered together, helping to identify customer preferences for particular food
combinations or menu categories. These patterns are valuable for not only predicting dining
experiences but also for refining the restaurant's offerings to better align with customer desires.

Moreover, historical transaction data is another integral component of the dataset. This data
provides insights into customer dining habits, such as frequency of visits, spending behavior, and
favorite menu items. By analyzing these transactional records, the model can track long-term customer
preferences and predict future dining behaviors. For example, repeat customers may have distinct
preferences, such as ordering specific dishes or visiting at certain times, and understanding these
patterns allows the restaurant to tailor its marketing and service strategies. Additionally, transaction
data helps establish a connection between the customer's experience and operational metrics such as
table turnover rates, wait times, and service speed, which are also key factors influencing customer
satisfaction.

By combining these diverse data sources—customer reviews, operational data, and historical
transaction records—the model is able to gain a comprehensive understanding of the factors
influencing dining experiences at Restaurant X. This integrated approach allows for the development
of a robust neural network model that not only predicts customer satisfaction but also identifies
actionable insights for improving restaurant operations and enhancing the overall customer
experience.

2.2. Data Preprocessing

Before training the neural network, it is essential to perform a thorough data preprocessing phase
to improve the quality, consistency, and analytical suitability of the collected datasets. This stage
ensures that the raw data—often messy and heterogeneous—is cleaned, standardized, and
transformed into a format that can be effectively used by machine learning algorithms.

The first dataset to undergo preprocessing is the textual data obtained from customer reviews.
Since these reviews are typically unstructured and noisy, several Natural Language Processing (NLP)
techniques are employed to refine them. The process begins with tokenization, which divides the text
into smaller units such as words or phrases, enabling the model to analyze the data at a granular level.
Next, stopword removal eliminates frequently used words (e.g., “the,” “is,” “at”) that contribute little
to the understanding of sentiment or context. Following this, lemmatization is applied to convert
words to their base or root form —turning “running” into “run” or “better” into “good.” This step
helps the model treat related word forms uniformly, simplifying the data and revealing underlying
linguistic patterns. Collectively, these NLP procedures reduce data dimensionality and prepare the
textual information for subsequent analysis.

After text cleaning, sentiment analysis is conducted to determine the emotional polarity of
customer feedback. Reviews are categorized as positive, neutral, or negative based on the sentiment
they express. This process often utilizes advanced algorithms such as Recurrent Neural Networks
(RNNSs) or transformer-based models to capture contextual meaning and extract sentiment-driven
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features. The resulting sentiment labels serve as the target variable for the neural network model,
enabling it to learn correlations between various input features and levels of customer satisfaction.

The next major focus is preprocessing operational data, which includes information on
transactions, sales trends, peak dining hours, and menu item performance. Because such data
typically displays temporal dependencies, time-series analysis techniques are employed to identify
and model seasonal patterns and long-term trends. Transactional variables—such as order volumes,
revenues, and item popularity—are converted into time-based features that highlight cyclical
behaviors. Using time-series decomposition, the data is broken down into trend, seasonal, and
residual components, allowing the neural network to concentrate on meaningful patterns while
minimizing noise. This step also helps reveal periodic behaviors, such as increased demand for
specific menu items during weekends or holidays, thereby improving the model’s predictive capacity
regarding customer behavior over time.

Beyond sentiment and time-series processing, additional data refinement techniques are applied
to ensure overall quality. Missing values are handled using imputation methods that estimate absent
data points based on relevant contextual information. Outliers are detected and treated appropriately
to prevent distortions in model learning. Furthermore, data normalization or standardization is
performed to bring numerical features onto a consistent scale, ensuring that variables with larger
magnitudes do not dominate the model’s learning process.

Through this comprehensive preprocessing workflow, all datasets —both textual and numerical —
are transformed into clean, structured, and analytically robust forms. This preparation is critical for
training an effective neural network capable of uncovering meaningful patterns and producing
accurate predictions of customer satisfaction and operational performance at Restaurant X.

2.3. Model Development

The central focus of this study is the development of a neural network model designed to predict
customer satisfaction using the preprocessed datasets. The proposed deep learning architecture
integrates Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) to
capitalize on their complementary analytical capabilities—CNNs for interpreting visual information,
such as menu layout and aesthetics, and RNNSs, particularly Long Short-Term Memory (LSTM)
networks, for capturing temporal patterns in sequential data like transaction records and customer
footfall [3], [4].

The model generates predictions of customer satisfaction by analyzing a combination of static
features (e.g., menu design, historical customer reviews) and dynamic features (e.g., sales patterns,
dining times). To ensure objective performance assessment, the dataset is partitioned into training
(80%) and testing (20%) subsets. Model training is conducted using the backpropagation algorithm,
with the Adam optimizer employed to minimize the loss function and enhance overall prediction
accuracy [5].

2.4. Model Evaluation

To assess the effectiveness of the neural network model, this study employs several key
performance evaluation metrics, each offering specific insights into the model’s predictive capabilities.
The main metrics used include accuracy, precision, recall, and F1-score, which are standard measures
for classification problems. Accuracy reflects the overall percentage of correct predictions, showing
how frequently the model’s outputs match the actual outcomes. However, when class distributions
are imbalanced —for instance, when positive dining reviews occur more frequently than negative
ones—accuracy alone may provide a misleading picture of performance. In such cases, precision and
recall serve as more informative indicators. Precision quantifies the proportion of true positive
predictions (correctly identified positive experiences) among all positive predictions made by the
model, while recall measures the model’s ability to identify all actual positive cases. Together, these
metrics reveal the trade-off between identifying true positives and avoiding false positives, which is
crucial in predicting dining experiences, where both types of errors can have practical consequences.

To capture a balanced view between precision and recall, the Fl-score is computed as their
harmonic mean. This metric provides a more holistic evaluation, particularly when dealing with
imbalanced datasets or when both false positives and false negatives carry significant implications.
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The Fl-score helps ensure that the model maintains consistent performance across all classes,
effectively recognizing both positive and negative dining experiences without bias toward one
category.

To further validate the model’s robustness, cross-validation is applied. This method divides the
dataset into several subsets or folds and iteratively trains the model on different combinations of these
folds while testing on the remaining ones. This process provides a more reliable measure of model
performance by reducing dependence on a single data split and minimizing the risk of overfitting —a
common issue where the model performs well on training data but poorly on unseen data. Cross-
validation thus enhances confidence that the model’s predictions will generalize effectively to real-
world restaurant scenarios.

In addition, a confusion matrix is constructed to offer a detailed breakdown of the model’s
classification outcomes, showing counts of true positives, true negatives, false positives, and false
negatives. This visualization enables researchers to identify specific areas of misclassification and
understand whether the model tends to overpredict or underpredict certain outcomes. Such
diagnostic analysis helps detect potential biases or systematic weaknesses that can guide further
model refinement.

To provide context for the neural network’s performance, the study also conducts a comparative
analysis with traditional machine learning models such as logistic regression and decision trees.
Logistic regression serves as a baseline due to its simplicity and interpretability, while decision trees
provide a non-linear approach capable of capturing complex relationships in the data. Comparing the
deep learning model to these conventional methods allows the study to evaluate whether the
increased complexity and computational cost of neural networks lead to significant gains in predictive
accuracy and generalization.

In conclusion, by combining multiple evaluation metrics, cross-validation, confusion matrix
analysis, and benchmark comparisons with traditional models, this research provides a
comprehensive assessment of the neural network’s performance. These methods collectively ensure a
deep understanding of the model’s predictive power, highlight potential areas for improvement, and
determine the extent to which deep learning approaches offer advantages over conventional
algorithms in forecasting dining experiences at Restaurant X.

2.5. Interpretation and Analysis

After evaluating the model's performance, the results are analyzed to provide actionable
insights for improving customer satisfaction at Restaurant X. The model’s predictions are compared to
actual customer feedback to identify key factors influencing dining experiences. Feature importance
analysis is conducted to determine which variables (e.g., menu design, dining time, or past reviews)
most significantly impact customer satisfaction [8]. The insights derived from this analysis are used to
provide Restaurant X with data-driven recommendations for enhancing the dining experience, such as
adjusting menu design, optimizing staffing schedules, or offering personalized recommendations to
customers [9].
2.6. Ethical Considerations

Throughout the research, ethical considerations are made, particularly in handling customer
data. All customer feedback data are anonymized and stored securely to ensure privacy. Additionally,
the research adheres to data protection regulations, such as the General Data Protection Regulation
(GDPR), ensuring that customer data is used solely for the purposes of this study and not shared with
third parties [10].

3. Results and Discussion

Neural Network for Predicting Dining Experiences at Restaurant X



114
Putra, . W. K. A, et al. ISSN 2460-7258 (online) | ISSN 1978-1520 (print)
JSIKTI. J. Sist. Inf. Kom. Ter. Ind 7 (4) June 2025 108-117

Neural Network Confusion Matrix

o - 2 2 0 0
40
- - 1 9 12 0 - 30
=
=
2
- 20
~ - 0 7 3
- 10
m - 0 0 5 17
[} [l ] [} ‘0
0 1 2 3

Predicted

Fig. 1. Prediction Report

3.1. Model Performance

The performance of the neural network model was evaluated based on several metrics,
including accuracy, precision, recall, Fl-score, and a confusion matrix, as well as through cross-
validation. The results of these metrics provide a comprehensive view of the model’s ability to predict
customer dining experiences accurately.

1. Accuracy: The neural network model achieved an accuracy of 88%, indicating that the model
correctly predicted the dining experience (positive, neutral, or negative) for 88% of the instances
in the dataset. This performance is considered promising, given the inherent variability and
complexity of customer reviews and operational data. Accuracy alone, however, does not
provide a complete picture, especially when dealing with imbalanced datasets where one class
may be underrepresented.

2. Precision, Recall, and F1-Score: The precision and recall for predicting positive dining
experiences were 85% and 90%, respectively. These values suggest that the model is quite good
at identifying positive experiences, but there is room for improvement in minimizing false
positives. The Fl-score for the positive class was 87%, indicating a balanced trade-off between
precision and recall. For negative dining experiences, the precision was 80%, while the recall
was 75%, resulting in an F1-score of 77%. The lower performance for negative experiences might
be attributed to the model’s sensitivity to negative reviews, which could be less frequent in the
dataset compared to positive reviews. These results highlight the model's strong ability to
capture customer satisfaction trends but also reveal challenges in dealing with rare or less
common instances.

3. Cross-Validation: To ensure that the model's performance is not overfitted to the training data,
cross-validation was performed. The model was trained and evaluated on five different folds,
and the average accuracy across these folds was 87%, which further corroborates the robustness
of the model. The slight drop in performance from the training set to the cross-validation set
suggests that while the model generalizes well, there is still some room for improvement in its
ability to handle unseen data.
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4. Confusion Matrix: The confusion matrix revealed that the model correctly predicted positive

and neutral reviews in the majority of cases, with relatively few false negatives (predicting a
negative review when it was actually neutral or positive). However, the confusion matrix also
showed a notable number of false positives for negative reviews, indicating that the model
occasionally misclassified neutral or slightly negative reviews as strongly negative. This issue
could be addressed through additional fine-tuning of the model, such as adjusting the decision
threshold or incorporating more nuanced features related to sentiment expression.

3.2. Comparison with Traditional Machine Learning Models
The neural network model was compared with traditional machine learning algorithms such as

logistic regression and decision trees to assess whether deep learning techniques provide added value

in the prediction of dining experiences. The performance of these baseline models was evaluated
using the same metrics.

1. Logistic Regression: Logistic regression achieved an accuracy of 79%, with an Fl-score of 72%
for positive reviews and 68% for negative reviews. While the logistic regression model was able
to provide reasonable predictions, it lacked the ability to capture the complex, non-linear
relationships inherent in the dataset. This limitation is reflected in the model’s lower precision
and recall, particularly for the negative dining experiences, which require a more nuanced
understanding of customer sentiment.

2. Decision Trees: The decision tree model achieved a slightly higher accuracy of 82%, with an F1-
score of 76% for positive reviews and 70% for negative reviews. Although decision trees
performed better than logistic regression, they were still outperformed by the neural network,
especially in terms of the recall for positive reviews (90% for the neural network vs. 85% for the
decision tree). Decision trees tend to be prone to overfitting, which may explain their slightly
better performance on the training data but less generalization to the cross-validation sets.

3. Neural Network vs. Traditional Models: The neural network significantly outperformed both
logistic regression and decision trees in terms of overall accuracy, precision, recall, and F1-score.
The ability of the neural network to capture complex, non-linear patterns in both textual data
(from customer reviews) and operational data (such as peak times and sales trends) allowed it
to make more accurate predictions regarding dining experiences. Moreover, the neural network
was better at distinguishing between positive and neutral experiences, providing more nuanced
insights into customer satisfaction.

3.3. Implications for Restaurant X

The results suggest that deep learning models, particularly neural networks, can provide
valuable insights for predicting dining experiences at Restaurant X. The model's high performance in
classifying positive and neutral experiences can assist Restaurant X in identifying customers who are
likely to be satisfied and those who may need special attention, such as customers who may have had
neutral or slightly negative experiences. By leveraging these predictions, Restaurant X can improve
customer service, tailor marketing strategies, and optimize its operations based on customer
sentiment.

Furthermore, the ability to predict negative dining experiences with high precision and recall
enables Restaurant X to proactively address potential issues and enhance customer satisfaction. The
neural network's performance suggests that deep learning techniques can offer significant
improvements over traditional methods like logistic regression and decision trees, especially in
handling large and complex datasets with multiple variables.

3.4. Limitations and Future Work

Despite the promising results, there are several limitations to this study. One limitation is the
inherent bias in the dataset, as customer reviews may not fully represent the entire customer base of
Restaurant X. The model may be more attuned to the preferences of customers who actively leave
reviews, which might not be reflective of the broader customer population. Additionally, the
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performance of the model could be further improved by incorporating additional features, such as
customer demographics or external factors like weather, which could influence dining experiences.

Future work could focus on optimizing the neural network by exploring different architectures,
such as convolutional neural networks (CNNSs) or recurrent neural networks (RNNs), which may be
more effective for processing sequential or spatial data. Further fine-tuning of the model's
hyperparameters, such as the learning rate and the number of layers, could also lead to better
performance. Additionally, incorporating a more diverse range of customer feedback sources,
including social media mentions and in-person feedback, could provide a more comprehensive view
of dining experiences.

4. Conclusion

This research highlights the effectiveness of neural networks in forecasting dining experiences at
Restaurant X by utilizing an integrated dataset that includes customer feedback, operational metrics,
and sales transaction data. The findings indicate that deep learning models, particularly neural
networks, deliver superior performance compared to traditional machine learning algorithms —such
as logistic regression and decision trees—across key evaluation metrics including accuracy, precision,
recall, and Fl-score. Through precise classification of customer sentiment and dining experiences, the
neural network model provides Restaurant X with a powerful analytical tool to better understand
customer satisfaction. This enables the implementation of personalized services, targeted marketing
efforts, and optimized operational management. Moreover, the model’s ability to detect potential
negative dining experiences with high precision allows the restaurant to take proactive measures to
resolve issues and enhance overall customer loyalty.

While the results are encouraging, there remains room for further enhancement. The model’s
predictive capabilities could be improved by expanding the dataset to include a more diverse range of
customer demographics and external influences that affect dining behavior. Future studies could also
investigate the use of more advanced deep learning architectures, such as enhanced Recurrent Neural
Networks (RNNs) or Convolutional Neural Networks (CNNs), to capture deeper contextual and
temporal patterns in both textual and numerical data. Additionally, refining hyperparameter tuning
and incorporating richer data sources, such as real-time social media feedback, could further
strengthen prediction accuracy and model generalization.

Overall, this study establishes a foundational framework for applying deep learning
methodologies within the hospitality sector. It provides valuable insights into customer behavior
analysis and serves as a stepping stone for developing Al-driven solutions aimed at improving
restaurant performance, customer satisfaction, and data-informed decision-making.

5. Suggestion

To enhance the performance and applicability of the neural network model in predicting dining
experiences, it is recommended that Restaurant X expand its dataset to include additional variables
that could influence customer satisfaction. Incorporating customer demographics, such as age, gender,
and frequency of visits, could provide deeper insights into customer preferences and help refine the
model's ability to predict dining experiences for various segments of the population. Additionally,
external factors like weather, holidays, and local events could significantly impact dining trends and
customer behavior. By integrating these external data sources, the model can better account for
temporal and situational variations that influence restaurant performance and customer satisfaction.

Furthermore, exploring more sophisticated deep learning architectures could help improve the
model's predictive accuracy and adaptability. Techniques such as recurrent neural networks (RINNs)
or long short-term memory (LSTM) networks could be particularly beneficial for handling sequential
data, such as customer review trends or changes in operational data over time. Additionally,
implementing a multi-modal approach that combines different types of data, including text, images
(such as menu photos or restaurant ambiance), and transactional data, could provide a more
comprehensive understanding of dining experiences. Finally, continuous model evaluation and fine-
tuning, along with the integration of real-time feedback from customers, would ensure the model
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remains relevant and effective in adapting to changing customer expectations and restaurant
dynamics.
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