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ABSTRACT: Deep learning algorithms have been highly successful in various domains, including the development
of collaborative filtering recommender systems. However, one of the challenges associated with deep learning-based
collaborative filtering methods is that they require the involvement of all users to construct the latent representation of
the input data, which is then utilized to predict the missing ratings of each user. This can be problematic as some users
may have different preferences or interests, which may affect the accuracy of the prediction generation process. The
research proposed a food recommender system, which tries to find users with similar dietary behavior and involve
them in the recommendations generation process by combining clustering technique with denoising autoencoder to
generate a rate prediction model. It is applied to “Food.com Recipes and Interactions” dataset. RMSE score was
used to evaluate the performance of the proposed model which is 0.1927. It outperformed the other models that
used autoencoder and denoising autoencoder without clustering where the RMSE values are 0. 4358 and 0.4354
consequently.
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1. INTRODUCTION
The A huge amount of information is generated every day, due to the rapid development of applications and internet

services. This phenomenon is called information overload, which makes the process of finding the information that are
relevant to the users’ interest more difficult [1]. This issue has encouraged re-searchers to develop recommender systems
(RSs) that are able to filter out the services and items and pro-vide the appropriate ones for users [2]. RS uses the users’
historical interactions with items to extract their preferences and generate recommendations. Additional information could
be used by RS such as users’ profiles or items’ features [3]. The primary categorization of RSs consists of three types,
namely content-based (CB), collaborative filtering (CF), and hybrid filtering [4].

CF is the most efficient and simple method among them. It has been used in many real-world systems such as Amazon.
CF is divided into user-based and item-based filtering depending on the adopted prediction technique [5]. Hybrid filtering
attempts to merge the methods of CF and CB to surpass the constraints of recommendation systems [6].

Clustering is one of the unsupervised learning methods, it is widely used in RS in order to group the users or items
based on their similarity [7]. Each group is called a cluster and each cluster contains very similar members by a given data
properties. The members of different clusters are dissimilar [8].

Deep learning achieves great success in several fields of applications such as speech recognition, computer vision, and
natural language processing [9]. Academia and industry are becoming interested in applying deep learning to different
applications because it is able to solve many problems and achieve high-quality results [10]. Deep learning-based rec-
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ommender systems have been intently studied in recent years [11], where the combination of user and item features is
utilized to create predictions via the use of multiple layers of perceptron. Deep structured semantic models [12] analyses
the users’ written content and behaviors to map the users and items into a latent representation to maximize the similarity
between users and their preferred items. Lately, many research works use CF and deep learning to generate collaborative
deep learning-based recommender systems [13–16]. Wang [13] proposed a hierarchical Bayesian model which is named
collaborative deep learning to perform deep representation learning of the CB and CF for the user-item interactions matrix.
Autoencoder approach [17–20] has introduced recently into the RS field to compute non-linear matrix factorization by
using autoencoders frameworks and user-item inter-actions matrix [21].

The problem with the reviewed deep learning-based CF methods is that, they require the involvement of all users to
construct the latent representation of the input data, which is then utilized to predict the missing ratings of each user.
This can be problematic as some users may have different preferences or interests and they will contribute in predictions
generating process.

This research proposes a food recommender system, which tries to find users with similar behavior and involve them
in the recommendations generation process by combining clustering technique with denoising autoencoder to generate a
rate prediction CF model. It is applied to “Food.com Recipes and Interactions” dataset [22] after several pre-processing
steps including removing the outliers and the users with low interactions.

The remainder of the paper is organized as follows: The theoretical underpinnings of the approaches employed in the
proposed method were described in Section 2; the proposed method was detailed in Section 3; findings and performance
evaluation were offered in Section 4; and the paper conclusions were covered in Section 5.

2. PROPOSED METHODOLOGY
This paper proposes a new method for food recommendation. The recommendations are generated based on the dietary

behavior of each user by utilizing clustering techniques such as k-means to categorize users based on their dietary behavior
similarity, then each cluster trains a rate prediction model to generate recommendation to the cluster’s members using
deep learning network such as denoising autoencoder. The proposed model is called cluster-based denoising autoencoder
(cluster-based DAE).

The next subsections (2.1, 2.2, 2.3, and 2.4) present the theoretical background of algorithms that are used to pre-
process the data and build the proposed model.

2.1 BOX PLOT

Tukey in 1977 introduced the rules for the construction of a boxplot to screen outliers [23]. To construct a boxplot, five
statistics are necessary: the smallest value, the first quartile (Q1), the second quartile (Q2), the third quartile (Q3), and the
largest value. The data is divided into four equal sections, each containing around 25% of the values. Q1 separates the
data into two sections: one with values below Q1 (25% of the data) and the other with the remaining 75% of the data.
Similarly, Q2 splits the data into two sections with equal amounts of data above and below Q2, and the same applies to
Q3. The boxplot consists mainly of a rectangle that extends from Q1 to Q3, and its length represents the inter-quartile
range (IQR), which is the range between Q1 and Q3. The corresponding lengths are computed as:

Lowerboundary = Q1 − 1.5 × IQR (1)

U pperboundary = Q3 + 1.5 × IQR (2)

Characteristically, outliers are defined as data points beyond the boundaries [24].

2.2 CLUSTERING

K-Means is one of the clustering algorithms in partitioning methods. It is the most popular, straightforward, and
computationally efficient clustering technique [25]. K-Means categorizes data points into K clusters based on the clusters’
centers or centroids. The centroid of each cluster is obtained by calculating the average of all the data points in that
cluster. Before training the clustering model the users need to specify the number of clusters (K). The main steps of
K-means algorithm are [26]:

1. Select K points as centroids randomly.

2. Calculate the distance between each data point and each cluster’s centroid using Euclidean distance.

3. Assign each data point to the closest cluster.
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4. Compute the mean of the assigned data points to update the centroids.

5. Repeat 2, 3, and 4 until the number of maximum iterations is reached.

Silhouette is one of the methods that are used to find the optimal number of clusters (K). The goal of the silhouette method
is to assess the coherence of clusters formed by data points. To determine the silhouette coefficients, the method calculates
the similarity between a data point and its assigned cluster relative to the other clusters. This coefficient is determined
using [27]:

(b − a)
max(a, b)

(3)

Here, ’a’ denotes the average intra-cluster distance, while ’b’ represents the average distance to the nearest cluster for
each data point.

2.3 AUTOENCODER

Autoencoders (AE) were first presented in 1991 by Kramer [28]. It is a deep learning algorithm which obtains high-
level representation of original features [29]. Autoencoders employ feed-forward neural networks to acquire a compact
dimension input representation. The AE network attempt to reproduce the input through its output. The training process of
the network involves back-propagation of the loss (e.g., mean squared error) through the reconstruction process, utilizing
two components:

Encoderϕ : x→ z

DecoderΨ : z → x

Here, ϕ and Ψ are defined as the values of the encoder and decoder, respectively, which minimize the expression ||x − (ϕ
∗ Ψ) x||2. In the simplest case, the autoencoder contains only one hidden layer, where the encoder maps the input x to z,
and then the decoder reconstructs x from z using the following equations:

Encoder : z = σ (WX + b)

Decoder : x = σ
(
W′

Z + b′
)

Here, σ denotes a non-linear activation function, x∈Rd is the input, z∈Rd is the hidden node, W∈R(dk) is a weight matrix
that maps the input to the hidden node, W’∈R(dk) is the weight matrix that maps the hidden node to the reconstructed node,
and b∈Rk, b’∈Rd are biases [21].

2.4 DENOISING AUTOENCODER

Denoising Autoencoder (DAE) was presented by Vincent [30] to discover more robust features over autoencoding and
learn the identity function. It utilizes a distorted input x represented as x̃ to train the network to remove noise and restore
the original input x. Various distortion options can be used including the additive Gaussian noise and multiplicative mask-
out/ drop-out noise. In this paper, the drop-out noise is utilized to randomly mask entries of the input (based on the noise
ratio) by setting them to zero [31].

3. EXPERIMENTAL DESIGN
This section will discuss the design of the proposed system and the evaluation results.

3.1 DATASET DESCRIPTION

The proposed system has been applied to “Food.com Recipes and Interactions” Dataset, which has 230K+ recipes and
1M+ interactions (rates) given by 226K+ users over 18 years (2000-2018) from Food.com [22]. Two tables have been
selected from this dataset for use:

1. RAW_interactions: it contains ratings provided by users for recipes, with values ranging from 1 to 5..

2. RAW_recipes: it contains all recipes with their nutrition information and recipes description.

The dataset is pre-processed in order to prepare it for further steps as follows:
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1. Extracting the nutrition values from “nutrition” column of (RAW_recipes) table, and put them in separated columns:
calories, total fat, sugar, sodium, protein, saturated fat, and carbohydrate.

2. Identifying and removing the outlier values of all seven nutrition columns by using box plot method. IQR is
multiplied by 2 instead of 1.5 in Eq. (1, 2) to reduce the number of outliers. The output of this step is 130K+

recipes. Figure 1 shows the distribution of ‘calories’ column’s values before and after removing its outliers..

3. emoving the users and items with less than 20 interactions which is determined empirically, to reduce the sparsity.

FIGURE 1. The distribution of calories values: (a) before removing the outliers, (b) after removing the outliers

3.2 EXPERIMENTAL DESIGN AND HYPER PARAMETERS

The proposed system involves two core phases:
a) Users clustering
The proposed system groups the users into clusters based on the similarity of their dietary behavior by applying k-

means algorithm. The similarities among users are found by extracting the average nutrition consumption of each user.
Silhouette method is used to determine the best number of clusters using (3). Figure 2 shows part of the users-nutrition
matrix. This matrix is achieved by merging interactions table with recipes table.

FIGURE 2. Part of users-nutrition matrix

b) Training DAE model
During the training stage, the dataset is split into K subsets based on the values in the "cluster" column. Each subset is

then divided into two parts for training and testing with 80% and 20% of the data, respectively. All clusters use the same
model structure for training.

The proposed model employs an item-based structure that uses an items-users matrix as input (ri), where each row
represents an item and each column represents a user, and the intersection between a row and a column indicates the
rating given by a user to an item. This structure is chosen because the number of users involved in a sample is smaller
than the number of items due to the clustering process, which reduces the number of nodes in the input and output layers.
The model structure is illustrated in Figure 3 and is designed as follows:
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1) Input layer
Input layer has nodes equal to the number of users in a specific cluster. Each input node represents the interaction

between an item (denoted as i) and all the users within the cluster. This interaction is measured by a set of rate values
(R1i, R2i, R3i, Rmi) where R is the rating value and m is the number of users. Dropout noise technique is applied, which
randomly sets some of the input values to zero. The noise ratio is set at 50% to generate a corrupted version of the input
data, denoted as r̃i.

FIGURE 3. The structure of the proposed model

2) Hidden layer
The hidden layer is fully connected to the corrupted input data r̃i. This layer uses the sigmoid activation function ( f ).

The output of the hidden layer is calculated using the formula [32]:

z = f (W ∗ r̃i + b) (4)

Where W and b are the weights and bias of the hidden layer, respectively.
3) Output layer
The output layer is also fully connected to the hidden layer and has the same number of nodes as the input layer. The

weights of the output layer are represented by V. The predicted rates r̂i are the output of this layer, and they are calculated
using the formula [32]:

r̂i = f (V ∗ z +
‘
b) (5)

Where bís the bias of the output layer and f is the linear activation function.
4) Cost function
Mean Squared Error (MSE) is used in the proposed model as a cost function. it is not appropriate to predict zeros in

the item’s representation vector Rmi. To overcome this issue, the approach from [15] uses Masked Mean Squared Error
(MMSE) loss. MMSE is calculated using the actual rating ri, the reconstructed or predicted rating r̂i, and a mask function
mi. The mask function is set to 1 if ri , 0 and 0 otherwise. The MMSE formula is as follows [33]:

MMS E =
mi ∗ (ri − r̂i)

2∑i=n
i=0 mi

(6)

5) Weights updating
The Adam optimization algorithm [31] has been employed to update the weights of the network using a learning rate

of 0.0001. This algorithm merges the ’Root Mean Square Propagation algorithm’ and ’gradient descent with momentum
algorithm’.

L2 norm regularization has been applied on the hidden layer weights with a regularization rate (0.1) in order to avoid
the overfitting issue. The key phases of the proposed method are showed in Algorithm 1.

3.3 MODEL EVALUATION

The evaluation of the predicted ratings is performed using Root Mean Squared Error (RMSE), which compares them
with the actual testing data to assess their accuracy. RMSE has a direct relationship with the MMSE score and is used as
a metric for evaluation [33].

RMS E =
√

MMS E (7)
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4. RESULTS AND DISCUSSION
The outcomes obtained from the experiments conducted on the suggested model (cluster-based DAE) are computed

by taking the average RMSE of all the seven clusters’ models, where the number of clusters are selected based on the
Silhouette score. The models’ evaluation results are shown in Table 1. Since, we could not find other research works using
the same dataset with same evaluation matrices, the proposed model is compared with other models such as AE and DAE
without clustering to evaluate its performance. The comparison of RMSE scores and the models’ parameters are illustrated
in Table 2. All the models use 80% of the dataset for training and 20% for testing. Adam optimizer with (0.0001) learning
rate is used in all models. They all use the same activation functions in the hidden layer and the output layer which are
“sigmoid” and “linear” activation functions respectively. DAE and cluster-based DAE models use drop-out noise with a
ratio of (0.5) with the input data. A smaller regularization rate (0.1) is used in the hidden layer’s weights of Cluster-based
DAE since it has a smaller number of input nodes.

Algorithm 1. The procedure of the proposed model

Table 1. RMSE of each cluster’s model
Cluster #Items # Users RMSE
0 3970 685 0. 2197
1 3969 653 0.2282
2 2123 316 0.1534
3 2849 395 0.1541
4 3043 381 0.1354
5 2939 416 0.1761
6 4405 1009 0.2821

Average: 0.1927

Table 2. Comparing the proposed method with other non-clustering methods
Model #Hidden Nodes Regularization Rate RMSE
AE 256 0.5 0.4358
DAE 256 0.5 0.4354
Proposed model 128 0.1 0.1927

The model proposed in the study was coded using Python 3.9.12 and relied on several packages such as, Pandas 1.4.2,
NumPy 1.22.4, , Scikit-learn 1.1.1, Tensorflow 2.9.1, Matplotlib 3.5.2, and Keras 2.9.0.
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5. CONCLUSION
This paper proposes a food recommender system based on denoising autoencoder and k-means algorithm to cluster

users into groups based on their personal dietary behavior. Each cluster’s members cooperate to train a denoising au-
toencoder model to learn the latent space of corrupted version of item-user interaction matrix and avoid involving users
with different dietary behaviors in this process. The proposed model showed a great success in reducing the RMSE
score of the predicted rates within each cluster, where the average was (0.1927). It outperformed the other models that
used autoencoder and denoising autoencoder without clustering where their RMSE scores were (0.4358) and (0.4354)
respectively.
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