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Abstract

This study proposes a Neural Collaborative Filtering (NCF) model for tourism recommendation systems by integrating user
ratings and review data. This model was developed to overcome the limitations of conventional recommendation systems that
rely solely on numerical data, by adding contextual information from user reviews to improve the accuracy of preference
prediction. The development process includes data preprocessing, conversion of text reviews into numerical representations
using embedding techniques, and the application of NCF models with various parameter configurations. Experimental results
show that the NCF model that combines rating and review data produces the best performance with Root mean Square Error
(RMSE) values of 0.892, Hit Ratio at 10( HR@10) of 0.735, and Normalized Discounted Cumulative Gain at 10 (NDCG@10)
of 0.629, outperforming models that only use one type of data. These results demonstrate that combining numerical and textual
information can improve the model's understanding of user preferences, resulting in more relevant tourist destination
recommendations. These findings contribute to the development of artificial intelligence-based recommendation systems in the

tourism sector.(,).
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1. Introduction

Recommendation systems have become an important
component in the tourism industry to help users find
destinations that match their preferences. In the highly
competitive tourism industry, relevant
recommendations can improve user experience, speed
up the decision-making process, and increase the
number of visits to a particular destination.[1] - [3]. A
recommendation system can help travelers find tourist
attractions that match their interests, both in terms of
activities, culinary, and cultural experiences desired.

[4].

Tourism is an industry that relies heavily on individual
preferences. Travelers tend to look for experiences that
are unique and in line with their interests. [5], [6].
Recommender systems can provide significant benefits,
such as: (1). Personalization of Traveler Experience:
The system can recommend destinations, hotels, or
restaurants that match the user's vacation style.[7]. (2).

Efficiency in Decision Making: Travelers often face
many choices, and recommendation systems help filter
out the most relevant options[8]. (3). Increase Revenue
for Tourism Industry Players: By providing accurate
recommendations, travelers tend to visit more of the
suggested locations [9]. (4). Helping Less Popular
Destinations: Lesser-visited destinations can gain
exposure through data-driven recommendations [10].

However, recommendation systems that rely solely on
rating data have several disadvantages: (1). Limited
Contextual Information: Ratings alone do not provide
an explanation of the reasons behind users' preferences.
For example, two users may give a high rating to a
destination for different reasons (beautiful scenery,
good service, etc.).[11].(2). Cold Start Problem: Rating-
based systems tend to be ineffective for new users who
have little to no rating history. [12] - [14]. (3). Inability
to Capture Subjective Preferences: Ratings alone are
not enough to understand the emotional aspects, travel
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style preferences, or unique user experiences that are
often expressed through text reviews [15], [16].

A tourist destination recommendation system in
Madura using a collaborative filtering method
combined with a modified neural network, produced an
RMSE of around 0.35-0.39 and was able to recommend
seven destinations that users had not yet visited,
demonstrating a significant improvement in accuracy
with a lightweight neural network approach[17]. An
ontology-based travel recommendation system was
introduced with a context-aware ensemble approach,
which dynamically utilizes content-based, popularity,
demographic, and collaborative filtering methods based
on data developments. This model strengthens the
relevance of recommendations by combining semantic
and collaborative aspects[18]. A survey presented a
comprehensive survey on POl (Point-of-Interest)
recommendations using various heterogeneous data
(e.g., location, time, user interactions). They found that
combining contextual and behavioral data significantly
improves the personalization and accuracy of travel
recommendations[19].

This research aims to overcome these weaknesses by
developing an NCF-based tourism recommendation
system that uses a combination of ratings and reviews
as input. By considering the review content, the system
is expected to provide more relevant and personalized
recommendations.

Some previous studies have used NCF as a method in
building recommendation systems. For example: [20]
NCF was proposed as a method that integrates
Generalized Matrix Factorization (GMF) with a Multi-
Layer Perceptron (MLP) to enhance rating prediction
accuracy. Subsequent research applied NCF to e-
commerce platforms and showed significant accuracy
improvement over conventional methods[21]. Other
studies have used NCF for rating-based movie
recommendation with superior results on RMSE and
NDCG metrics compared to other approaches [22]. In
addition, NCF can also be implemented in book
recommendation systems by adding user demographic
information to improve accuracy [23]. The NCF model
is not only used for rating predictions but also for
reliability scores, which are useful for explainability
and system reliability[24].

Location-based contextual methods can also be
combined with NCF to improve restaurant
recommendations. [25]. NCF models were also
developed for music streaming services with significant
results on predicting users' preferred songs [26]. The
use of NCF in e-learning applications, proven to be
successful in increasing the personalization of learning
materials [27]. NCF method can also be combined with
weather information to improve outdoor activity
recommendations [28]. NCF can also be augmented
with sentiment analysis to improve product
recommendations in e-commerce [29]. Moreover, with

the addition of social media data, NCF is proven to
improve entertainment content recommendations [30].

However, most of these studies only rely on rating data
as input without considering textual information such as
reviews. This is a research opportunity to develop a
more comprehensive model by integrating review data
to improve recommendation accuracy.

Neural Collaborative Filtering has several advantages
over conventional methods such as Matrix
Factorization (MF) or k-Nearest Neighbors (k-NN): (1).
Ability to Capture Non-Linear Patterns: NCF uses
MLPs that are able to recognize complex patterns in
data, making it more effective for understanding
complex interactions between users and items. (2).
Model Flexibility: NCF allows the integration of
various types of additional data such as review text,
metadata, or other contextual information. (3). Better
Generalization Ability: With deep learning capabilities,
NCF is more resistant to data sparsity than MF methods
that tend to rely on linear factors.

By utilizing these advantages, this research develops an
NCF model that combines rating and review data to
create a more effective tourism recommendation
system.

2. Methods

In this research, the approach used involves collecting
data from Google Reviews and applying the NCF
algorithm to analyze the interaction patterns between
users and tourist destinations. This process includes
steps such as data processing, model training, and
performance evaluation of  the resulting
recommendation system to ensure accuracy as well as
relevance to user preferences.

2.1 Dataset

The dataset used in this study was obtained through a
data scraping process from Google Review, which
contains rating data and reviews about several tourist
attractions in West Sumatra. The total data obtained
from the scraping process is 51,961 records, consisting
of 51,961 ratings and 31,484 textual reviews. This
dataset contains information on user ID, tourist
destination 1D, rating (scale 1-5), text review, and date
of review.

For reviews in text format, a text preprocessing step is
first applied to clean and standardize the data.
Subsequently, word embedding is performed, which
converts  alphanumeric  words  into  vector
representations. These vectorized reviews are then
combined with the corresponding rating values for
further processing.

2.2 Neural Collaborative Filtering Architecture

NCF is a neural network-based approach that combines
matrix factorization techniques and deep learning
models[31]. The model consists of two main
components namely (1). Generalized Matrix
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Factorization (GMF): Uses embedding to represent the
interaction between users and items with an improved
matrix factorization approach. (2). Multi-Layer
Perceptron (MLP): Used to capture more complex non-
linear patterns. MLP consists of multiple hidden layers
that allow the model to learn a richer representation of
features. Activation functions such as ReL.U are applied
in the hidden layers to add non-linearity to the model.

As shown in Figure 1, NCF serves as a framework that
combines GMF and MLP, depicting how latent vectors
of users and items are utilized and how the outputs of
the GMF (left) and MLP (right) layers are merged.

Training
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Figure 1. Neural Collaborative Framework
2.2.1 The GMF Model

GMF introduces a neural collaborative filtering (CF)
layer as the output of traditional matrix factorization
(MF). This enables MF to be easily generalized and
extended[32]. For instance, when the edge weights of
the output layer are learned from data rather than
constrained uniformly, MF evolves into a variant that
assigns different levels of importance to latent
dimensions. Moreover, employing a non-linear
activation function transforms MF into a non-linear
framework, potentially offering greater expressive
power than the standard linear MF model. GMF is
represented in Equation 1.

f'ui = puqiT = legzlpukqik (1)

7" = the predicted value that the user assigns to the
product, g = hidden feature matrix for the product. p =
hidden feature matrix for users, K = hidden feature size.

2.2.2 The MLP Model

NCF is an example of multimodal deep learning as it
contains data from 2 pathways namely user and item.
The most intuitive way to combine them is by
concatenation. But a simple vector concatenation does
not account for user-item interactions and is insufficient
to model the collaborative filtering effect. To address
this NCF adds hidden layers on top of concatenated
user-item vectors(MLP framework), to learn user-item
interactions[17]. This endows the model with a lot of
flexibility and non-linearity to learn the user-item
interactions. This is an upgrade over MF that uses a

fixed element-wise product on them. More precisely,
the MLP alter Equation 2 as follows, which is further
elaborated in Equations 3, 4, and 5.

7= ¢1(UTv&,VTv3>=[3: Z] @
$,(Zy) = a, WSZ, + by, (3)
bx(Zx1) = ax (Wi Zy_y + by), @
Put = Gouc (W 9x(Zx-1)), ©)

WHx is the weight matrix of the xth layer, bx is the bias
vector, ax is the activation function, zx := ¢x(zx—1) for
all 2<x <X, and h T is the edge weights.

In Figure 1, it can be seen that the output of one layer
will become the input of the next layer. In Neural
Collaborative Filtering using two latent vector features,
namely user latent vector and item latent vector,
transformation can be done by making it into a binary
sparse vector with one hot encoding represented in
variables and where u is user and i is item[32].

Figure 1 also shows that the input layer is the
embedding layer. User embedding and item embedding
are fed into a multi-layer neural architecture called
collaborative filtering layer to map the latent vector to
produce the predicted value of the result. Each layer in
the neural collaborative filtering can be customized to
find the latent structure of user and item interactions.
The last dimension that determines the model capability
is symbolized by yui by minimizing the pointwise loss
of i with the target value y,.

2.3 Ratings and Reviews Integration

To combine information from ratings and reviews, two
processing steps are performed, namely (1). Textual
Feature Extraction: The review text is converted into a
numerical representation using word embedding
techniques such as Word2Vec or BERT to capture the
contextual meaning of user reviews. (2). Text Pre-
processing: This process includes text cleaning by
removing punctuation, stopwords, and performing
stemming to improve the quality of the extracted text
features.

(3). Data Combination: The embedding result vector
from the review text is combined with the rating data in
the dense layer. This combination allows the model to
understand user preferences from both data sources[33].

2.4 Model Evaluation

The model was evaluated using the following metrics:
(1). Root Mean Square Error (RMSE): This metric is
used to measure how well the model predicts the actual
rating, with Equation 6[34].

RMSE = |30, (i = 9 ®)

N is the number of data points, y(i) is the i-th
measurement, and y i) is its corresponding prediction
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(2). Hit Ratio (HR): This metric measures the
proportion of truly relevant items contained in the top
recommendation list, with Equation 7.

HR@10 = queu I (r,,e R(® @)

U is set of users, R, is items that are actually
clicked/selected/liked by users, R, list of the top 10
recommended items for the user

(3). Normalized Discounted Cumulative Gain (NDCG)
iS a metric used to assess ranking quality in
recommendation lists, considering the positions of
relevant items within the search results, as defined in
Equation 8.

1 < DCG,@10

NDCG@10 = 107 2. 1DCG, @10
ueu
Where :
10 2reli1
NDCG,@10 = zi=1wg2 oD (8)
IDCG, @10 is DCG from the ideal (maximum)

sequence to the 10th position, rel; is relevance of item
at position (e.g., 1 if relevant, 0 if not), DCG is
discounted cumulative gain based on item position,
IDCG is maximum DCG achievable (ideal order).

In addition, various parameters such as the number of
hidden layers in MLP, embedding vector size, and text
feature extraction technique were tested to optimally
evaluate the performance of the model.

3. Results and Discussions
3.1 Exsperiment and Results

This section presents a series of steps to develop a
recommendation system based on Neural Collaborative
Filtering (NCF), utilizing user ratings and reviews as
the primary input as shown in Figure 2.

Step 1: Importing and Inspecting Raw Data
A dataset from Google Reviews comprising 5,000
randomly selected user reviews of eight tourist
destinations in West Sumatra is used. The data includes
the fields: User, Object id, Rating, Date, and Review.
This initial stage serves to examine the format and
structure of the raw data prior to any cleaning or
transformation.

Step 2: Data Cleaning and Preprocessing
During this stage, column names are standardized
(renamed to User_ID and Item_ID), missing entries are
eliminated, and both users and items are encoded into
numerical indices. To verify data readiness, the first 20
records after preprocessing are displayed.

Step 3: Creating the Dataset and Datal oader
The cleaned data is converted into a PyTorch-
compatible dataset for model training. It is split into
training (70%) and validation (30%) subsets. A

DatalLoader is used to streamline the batch processing
of data during training.

Lembah Anai g X

45 (5,7K) - Tempat tarikan pelancong di Sumatera Barat

Ikhtisar Ulasan

Lembah Anai merupakan deretan tebing curam yang terietak di Padang Panjang
yang membentang di samping jalan utama antara Kota Padang dengan
Bukittinggi di Indonesia. Salah satu keindahan Lembah Anai adalah air terjun
yang terletak persis di pinggir jalan. Wikipedia

Alamat: G88Q+F6M, Singgalang, Sepuluh Koto, Tanah Datar Regency, West
Sumatra 27282

Masa: Buka sekarang - Tambahkan waktu pemniagaan penuh

Wilayah: Sumatera Barat
Cadangkan pengeditan - Memiliki perniagaan ini?

Tambahkan maklumat yang tiada
Tambahkan nombor telefon tempat
Tambahkan waktu perniagaan

Tambahkan laman web

€ Hantar ke telefon anda Hantar

Ringkasan ulasan ©

Air terjun mengalir deras dan cenuram berpokok tinggi di tepi jalan dengan penjual snek

& cenderamata. - Google
I b E

Figure 2. Public reviews on Googlr Review

Step  4:  Constructing the NCF  Model
The NCF architecture includes embedding layers for
both users and items, each with a vector size of 32.
These embeddings are merged and passed through a
multi-layer perceptron (MLP) containing two hidden
layers. The final output layer generates predicted rating
values.

Step 5: Model Training Process
Training is conducted for 10 epochs using the Adam
optimization algorithm and the Mean Squared Error
(MSE) loss function, reaching a loss value of 0.4197.
Both training and validation losses are tracked at each
epoch. To prevent overfitting, Early Stopping is
implemented.

Step 6: Generating Predictions
The model outputs predicted ratings, which are

w & o
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evaluated against actual user ratings using the MSE loss
function. Optimization throughout the process is
handled by the Adam Optimizer.

Step 7 Evaluating Model Performance
After training is complete, the model’s accuracy and
generalization ability are assessed using the validation
set with RMSE, HR@10 and NDCG@10.

In this work, the following hyperparameters in Table 1
were tuned using Grid Search (GS). GS This is the best
approach to guarantee that there are no unexplored

options[35].

Table 1. List of hyperparameters

Hyperparameters Value
embedding_dim 32
attention_hidden 128
mip_hidden 128
learning_rate 0.001
batch_size 32

Experiments were conducted by comparing three
models: (1). NCF with Ratings only, (2). NCF with
Reviews only, (3). NCF with a combination of Ratings
and Reviews. The following are the results of the
experiments that have been carried out :

3.1.1 NCF with Ratings only

The NCF model employs embedding layers of
dimension 32 for both users and items. It was trained
over 10 epochs using the Adam optimizer with Root
Mean Square Error (RMSE) as the loss function.

To improve the performance of the model, several
strategies are carried out including the addition of

Dropout (0.3) to prevent overfitting, Batch
Normalization on each dense layer to stabilize the
training process, low Learning Rate (0.0005) so that the
model can learn stably, Dense Layer Dimension
Adjustment which is increased to 256-128-64-1 so that
the model can capture more complex patterns in rating
data, Early Stopping to stop training if validation loss
does not show improvement after several epochs.

The graph on Figure 3 shows the trend of Training Loss
and Validation Loss during the training process where
the graph analysis results show that the Training Loss
decreases steadily, indicating the model successfully
learns the rating data pattern well, Validation Loss tends
to fluctuate more than Training Loss, indicating the
model has the potential to experience a little overfitting.

There are several factors that cause the performance to
be less than optimal, including Limited Information:
Ratings alone do not provide the context of why users
give a certain score, important information that is
usually contained in the review text (e.g. complaints,
compliments, or specific aspects of the attraction)
cannot be accessed by the model. Another contributing
factor is the relatively small dataset: A relatively small
dataset is not enough to optimally train a complex
model like NCF. In addition, the potential for
overfitting is also a cause of the less than optimal
performance of this model. A graph showing Training
Loss much lower than Validation Loss indicates the
model is at risk of overfitting to the training data.

The graph in Figure 3 shows the trend of Training Loss
and Validation Loss during the training process :

Training & Validation Loss

200

175

150

125

100

—— Training Loss
Validation Loss

00 25 50 15

10.0 125 15.0 175

Figure 3. Training and Validation Loss Graphic (Ratings)

Based on the results obtained on Figure 2, the
performance of this model shows that the model is quite
good at understanding user rating patterns for
attractions. However, since the model only relies on
rating data without additional information such as
review text, the model has limitations in understanding
the reason behind the rating.

3.1.2 NCF with Reviews Only

This approach is challenging because review texts are
often subjective and varied. Therefore, several
improvement strategies were implemented, including:
(2). Fine-tuning BERT on the last 3 layers to understand
the review context more specifically, (2). Addition of
Batch Normalization to stabilize the training process,
(3). Dropout with probability 0.3 to reduce the risk of
overfitting, (4). Adjustment of Learning Rate to
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0.00001 to make the model learn more stably, (5).
Enhancing the model’s capacity by adding more
neurons in the Dense Layer to better capture complex
textual patterns, (6). Use of Early Stopping technique to
stop training if validation loss does not show
improvement after several epochs. The model was
trained for 10 epoch. Adam’s optimizer and RMSE are
using to evaluate the model.

Some factors that cause this model to have less than
optimal performance are: (1). Limited Information on
Reviews. Since the model only uses review text without
ratings, it has to extract patterns from the text only. This

is more difficult because reviews can be subjective, not
directly mention numerical ratings, or have ambiguous
wording, (2). Limited amount of data. The dataset used
contains only 200 samples, which is too small for a
complex text-based model like BERT. Larger datasets
are usually more effective for training text-based
models, (3). Noise in Review Text. User reviews often
contain irrelevant information, typos, or informal
language that is difficult to understand, (4). Model Still
Prone to Overfitting. Despite the addition of Dropout
and Batch Normalization, the model still shows a
tendency of overfitting, mainly due to limited data.

Training & Validation Loss

— Training Loss
Validation Loss

10 20

30 40

Figure 4. Training and Validation Loss Graphic (Reviews)

Based on Figure 4, it can be concluded that Training
Loss experiences a steady decline until it reaches a low
value at the end of the epoch, indicating that the model
is able to learn patterns from training data. Validation
Loss tends to fluctuate and does not experience a
significant decrease as epochs increase. This indicates
that the model has difficulty generalizing data that has
never been seen before. This graph indicates that
although the model is quite good at learning the training
data, the model tends to experience overfitting, which is
too adapted to the training data so that performance on
new data decreases.

3.1.3 NCF with Ratings and Reviews Combination

Experiments were conducted with various parameter
configurations to test the optimal performance of the
model. The following are the main parameter
configurations used: (1). Embedding size: 64, (2).
Number of layers in MLP: 3 layers with 128, 64, and 32
neurons incrementally, (3). Activation function: ReLU
for hidden layer and sigmoid for output, (4). Optimizer:
Adam with a learning rate of 0.001, (5). Epoch: 30 with
batch size 256

The process flow of the implemented recommendation
system is as follows:

Data Preprocessing: User ID and Object ID columns are
converted into numeric codes so that they can be used
as embedding input in the NCF architecture, Review

column is processed into embedding vectors using the
IndoBERT model. Each review is processed into a 768
dimensional vector, taken from the token representation
[CLS] which represents the entire sentence.

Model Input Formation: Three types of inputs are
prepared: (1). User ID - Being a numeric input which is
converted into embedding vector, (2). Object ID - Being
anumeric input transformed into vector embedding. (3).
Review Embedding - Vector representation of the
BERT process results that are directly used as input to
the model.

NCF Model Architecture which consists of: (1).
Embedding Layer for User ID and Object ID, (2).
Flatten Layer to convert embedding to vector form, (3).
Concatenation Layer to combine user, item, and review
vectors, (4). Multiple Dense Layer as a fully connected
layer to learn the relationship pattern between user,
item, and review, (5). Output Layer that produces rating
predictions.

Training and Evaluation are several activities including:
(1). Data is divided into training (80%) and testing
(20%), (2). The model is trained using Adam's
optimizer, with loss function Mean Squared Error
(MSE) and evaluation metric Mean Absolute Error
(MAE), (3). The training process is controlled with
Early Stopping to avoid overfitting, (4). After training
is completed, the model is evaluated using MAE and
RMSE to measure the quality of rating prediction.
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Visualization of Training Process: During the training
process, the training loss and validation loss graphs are
observed to evaluate the stability and convergence of

the model. The training and validation loss graphs
generated by this model can be presented in Figure 5.

Training & Validation Loss (NCF Tanpa AM)

— Training Loss
Validation Loss

Figure 5. Training and Validation

3.2 Experiment Results

Model evaluation results based on RMSE, HR, and
NDCG metrics are shown in Table 2.

Table 22. Model evaluation results

NDCG
Model RMSE HR@10 @10
NCF with Ratings only 0.982 0.612 0.523
NCF with Reviews only ~ 0.945 0.674 0.581
NCF with Combination 0.892 0.735 0.629

Table 2 shows that the NCF model that combines rating
and review data performs best with the lowest RMSE
value (0.892) and the highest HR and NDCG scores.
This confirms that the additional information from the
review text can enrich the model's understanding of user
preferences.

3.3 Result Analysis

Based on the experimental results that have been carried
out, it can be concluded that (1). The NCF model with
Rating alone has the lowest performance because it only
relies on numerical data without taking into account the
subjective aspects of the user. (2). The NCF model with
Review alone shows significant improvement in HR
and NDCG because the review text contains important
contextual information. (3). The NCF model with
Rating and Review Combination proved to be superior
as it successfully utilized the power of both types of data
together, resulting in more relevant and accurate
recommendations. In addition, the impact of embedding
size parameters and the number of MLP layers on
model performance was analyzed. The results show that
increasing the embedding size to 64 gives the best
results, while the addition of MLP layers above 3 layers
does not provide significant improvement and actually
increases computation time significantly.

Epochs

Loss Graphic (Ratings and Reviews)

4. Conclusions

The Neural Collaborative Filtering (NCF) model with a
combination of rating and review data shows the best
performance compared to models that only use one type
of data. This is evidenced by the lowest RMSE value
(0.892), as well as the highest HR@10 and NDCG@10
(0.735 and 0.629 respectively).The addition of review
data proved to make a positive contribution in
improving the accuracy of the recommendation system.
The contextual cues present in reviews enable the model
to capture user preferences more effectively than using
rating data alone. Experimental findings indicate that
the best-performing NCF configuration in this study
employs an embedding size of 64, a three-layer MLP
(128, 64, and 32 neurons), ReLU activation in the
hidden layers, and a sigmoid activation in the output
layer. Training with the Adam optimizer at a learning
rate of 0.001 yields stable and optimal performance.
Although the addition of MLP layers beyond 3 layers
did not provide a significant improvement in
performance, the selection of simpler parameters
proved to be more effective and efficient. With these
results, the NCF model that combines rating and review
data can be recommended as a superior approach for
tourism review-based recommendation systems. This
research can be further developed by integrating other
contextual features such as time, location, or user
demographics to improve recommendation results.
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