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Abstract: Many individuals aspire to start their own businesses and achieve financial success. Be-
fore launching a business, they must decide on a location and the type of service to offer. This
decision requires collecting and analyzing various characteristics of potential locations and ser-
vices, such as average revenues and foot traffic. However, this process is challenging because it
demands expert knowledge in data collection and analysis. To address this issue, we propose Neural
Tensor Factorization (NeuralTF) and Explainable Neural Tensor Factorization (XNeuralTF). These
methods automatically analyze these characteristics and predict revenues. NeuralTF integrates
Tensor Factorization (TF) with Multi-Layer Perceptron (MLP). This integration allows it to handle
multi-dimensional tensors effectively. It also learns both explicit and implicit higher-order feature
interactions, leading to superior predictive performance. XNeuralTF extends NeuralTF by providing
explainable recommendations for three-dimensional tensors. Additionally, we introduce two novel
metrics to evaluate the explainability of recommendation models. We conducted extensive experi-
ments to assess both predictive performance and explainability. Our results show that XNeuralTF
achieves comparable or superior performance to state-of-the-art methods, while also offering the
highest level of explainability.

Keywords: explainable Al; tensor factorization; neural networks; deep learning; recommender systems

1. Introduction

Many aspire to start their own businesses and achieve financial success. To succeed,
it is essential to collect and analyze the characteristics of various locations and services.
This analysis helps determine the most appropriate location and the desired type of service.
Factors such as average revenues, foot traffic, and the services offered by surrounding
stores are crucial in making these decisions. However, collecting and analyzing these data
is notoriously challenging for individuals. This task requires considerable time, effort, and
expert knowledge.

An automated system that analyzes the characteristics of locations and services would
be immensely beneficial. Such a system could recommend appropriate choices, helping
prospective business owners and boosting the local economy. Furthermore, it is important
for users to understand the reasoning behind the system’s recommendations. Hence, a
system that can explain its recommendation results is also required.

Recent advancements in machine learning have introduced methods capable of auto-
matically analyzing data characteristics [1-3]. These methods reduce the user’s effort in
data analysis and feature engineering. They do this by learning multiple feature interac-
tions simultaneously, offering remarkable performance. However, these methods are often
unsuitable for handling multi-dimensional tensors. They can only learn limited orders of
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feature interactions. Additionally, they lack the capability to explain why certain items
were recommended.

To efficiently analyze complex real-world data and provide more accurate recommen-
dations, a new method is needed. This method should handle multi-dimensional tensors
and be capable of learning higher-order feature interactions. Moreover, an explainable
recommender system is necessary. Such a system can elucidate why specific items were
recommended, thereby enhancing the system's reliability.

In this paper, we propose two novel machine learning methods: Neural Tensor Factor-
ization (NeuralTF) and Explainable Neural Tensor Factorization (XNeuralTF). NeuralTF
combines Tensor Factorization (TF) with a Multi-Layer Perceptron (MLP). This combination
makes it suitable for handling multi-dimensional tensors. It also simultaneously learns
explicit and implicit higher-order feature interactions. XNeuralTF extends NeuralTF to
provide explanations for recommendation results in a three-dimensional tensor. It offers
neighbor-based explanations by referencing neighboring items of a recommended item.

In addition, we introduce two novel metrics to evaluate the explainability of rec-
ommender systems. We conducted extensive experiments to compare the performance
and explainability of various recommender systems using the Seoul Commercial Alley
dataset [4].

In summary, the major contributions of this paper are as follows:

*  We propose NeuralTF, which is suitable for handling multi-dimensional tensors and
simultaneously learns explicit and implicit higher-order feature interactions.

e We introduce XNeuralTF, an extension of NeuralTF that explains recommendation
results for a three-dimensional tensor.

*  We suggest two novel metrics to evaluate the explainability of recommender systems.

e  We conduct experiments using a real-world dataset to compare the performance and
explainability of various recommender systems.

2. Related Works
2.1. Factorization Methods

Matrix factorization (MF) [5-7] decomposes a matrix into several smaller matrices.
These smaller matrices are then multiplied to approximate and reconstruct the original
matrix. Traditionally, MF methods have been widely used in various fields, such as
computer vision and recommender systems. SVD++ [8] is an improved form of MF that
incorporates implicit feedback. TimeSVD++ [9] further extends SVD++ to account for
temporal dynamics. Both SVD++ and timeSVD++ have achieved remarkable success in
collaborative filtering. A top-n recommender system using matrix factorization (also known
as matrix completion) was proposed by [10]. However, one major disadvantage of matrix
factorization is its limitation to two-dimensional data.

Tensor Factorization (TF) [11,12] extends this concept to tensors. It decomposes a tensor
into several smaller tensors, with learning and inference processes that are very similar
to those of MF. Tucker Decomposition [13,14] extends SVD to handle multi-dimensional
tensors. A study on estimating the revenues of Seoul commercial alleys using Tucker
Decomposition was conducted in [15]. Factorization Machine (FM) [3,16] decomposes a
multi-dimensional tensor into latent vectors corresponding to each dimension. Unlike
most factorization methods, FM can handle continuous features. FM has shown better
performance in recommendation tasks. Extensive experiments and comparisons of various
factorization methods were conducted in [17]. Despite the recent dominance of deep
learning, traditional factorization methods continue to inspire researchers.

2.2. Deep Learning for Recommender Systems

Recently, deep learning-based recommender systems have been widely studied. These
systems have been explored in fields such as collaborative filtering and click-through-rate
(CTR) prediction. They often outperform traditional methods. For example, a collaborative
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filtering system using an auto-encoder was proposed in [18]. Additionally, deep learning-
based matrix factorization was introduced in [19].

DeepCrossing [20] is a deep learning-based recommender system that utilizes residual
connections. It has shown good performance in CTR prediction without relying on hand-
crafted features. Furthermore, a session-based recommender system that considers user
history information was proposed in [21]. A comprehensive survey of deep learning-based
recommender systems was conducted in [22].

Despite these advancements, most deep learning-based and traditional recommender
systems still require hand-crafted features to achieve optimal performance.

2.3. Combinatorial Methods

Various methods to automatically learn feature interactions have been proposed. These
methods can be seen as combinations of several models that learn different feature interactions.
FM [3,16] can be viewed as a combination of linear regression and second-order factorization
methods. Wide & Deep Learning [23] combines linear regression and MLP. This combination
allows the model to simultaneously learn first-order and higher-order feature interactions. An
improved version of Wide & Deep Learning, which shares the embedding space and shows
good performance in regression analysis, was proposed in [24].

Neural Collaborative Filtering (NCF) [2] combines matrix factorization and MLP. This
approach demonstrates impressive performance in collaborative filtering. Cross Network [25]
has a multilayer architecture but remains a linear model. It explicitly learns higher-order
feature interactions. Neural Factorization Machine (NFM) [26] extends FM by using a deep
neural network and bi-interaction pooling. DeepFM [1] combines FM and MLP.

Compressed Interaction Network (CIN) [27] is similar to Cross Network, but it makes
interactions in a vector-wise manner. xDeepFM [27] combines CIN and MLP. Our previous
work [28] proposed NeuralTE, which combines TF and MLP. We conducted experiments on
the Seoul Commercial Alley dataset.

The Adaptive Factorization Network (AFN) [29] is a model that automatically learns
and weighs arbitrary-order feature interactions using a novel logarithmic transformation
layer, resulting in improved predictive performance across various datasets.

EulerNet [30] is a model that leverages Euler’s formula to adaptively learn arbitrary-
order feature interactions in a complex vector space, enabling more efficient and accurate
predictions in tasks like click-through rate (CTR) estimation.

Combinatorial methods significantly outperform existing recommender systems. How-
ever, they are still unsuitable for handling multi-dimensional tensors. These methods can
only learn bounded orders of feature interactions. Additionally, they cannot explain why
certain items were recommended.

2.4. Explainable Methods for Recommender Systems

Users may not trust recommendation results from unexplainable recommender sys-
tems. To address this issue, various explainable recommendation methods have been
proposed. Explainable matrix factorization (EMF) [31,32] constrains MF so that embed-
ding vectors of similar users (or items) are close to each other. This approach provides
neighbor-based explanations.

Tree-enhanced Embedding Model (TEM) [33] utilizes decision trees and attentive
deep neural networks to create an explainable recommender system. FacT [34] is a latent
factor model that learns explanatory rules using a regression tree. An explainable matrix
factorization method for recommending novel items was proposed in [35]. A survey of
explainable recommender systems was conducted in [36].

3. Proposed Method

In this section, we introduce two novel models: Neural Tensor Factorization (Neural TF)
and Explainable Neural Tensor Factorization (XNeuralTF). NeuralTF combines Tensor
Factorization (TF) and Multi-Layer Perceptron (MLP) components. Both TF and MLP are
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highly suitable for handling multi-dimensional tensors. TF can explicitly learn higher-order
feature interactions. Meanwhile, MLP can implicitly learn higher-order feature interactions.
By leveraging both TF and MLP, NeuralTF effectively handles multi-dimensional tensors
and achieves high performance.

XNeuralTF extends NeuralTF to explain recommendation results for a 3-dimensional
tensor. It ensures that similar items are embedded close to each other. Additionally, it
provides neighbor-based explanations.

3.1. Embedding Layer

Categorical features must be encoded as real vectors before being fed into a machine
learning model. The simplest method is one-hot encoding. However, one-hot vectors are
sparse and high-dimensional, which can lead to issues such as slower computational speed
and increased memory usage. To address these issues, an embedding method is used. This
method encodes categorical features into low-dimensional dense vectors.

Our embedding layer is defined as follows:

e = WiTxi/ (1)

where x; is the one-hot vector of the i-th feature, W; is the embedding weights of the i-th
feature, and ¢; is the embedding vector of the i-th feature. In our method, an embedding
vector is the weighted sum of a one-hot vector. Figure 1 shows the visualization of our
embedding layer.

0 (0] 0|1 0

Figure 1. The embedding layer.

3.2. Tensor Factorization Component

Tensor Factorization (TF) decomposes a tensor into several smaller tensors. There are
various TF methods, including Tucker Decomposition [13,14] and Non-negative TF [11].
Our TF method decomposes a tensor into vectors corresponding to each dimension. Each
vector contains information about its corresponding dimension.

Our TF component is defined as follows:

ftf(e) =e; ey ®...0ey, (2)

where e is the set of embedding vectors, N is the number of features, and © is the
Hadamard product. TF is well suited to handling multi-dimensional tensors. It can
explicitly learn higher-order feature interactions due to the absence of non-linear functions
in the TF component.

3.3. Multi-Layer Perceptron Component

The Multi-Layer Perceptron (MLP) is a deep learning method widely used for han-
dling tabular data. Its multi-layer structure and non-linear transformations through acti-
vation functions give it high capacity. This allows MLP to implicitly learn higher-order
feature interactions.

Our MLP component is defined as follows:

hi(x) = (W x + 1), ®)
fmlp(elz) =hp(...([er;...;en;z15...52m)), 4
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where e is the set of embedding vectors and z is the set of extra features. h; represents the
i-th hidden layer, W; are the trainable weights of the i-th layer, and b; is the trainable bias
of the i-th layer. o denotes the activation function. N is the number of features, M is the
number of extra features, L is the layer depth, and [; -] is the concatenation operator.

3.4. Neural Tensor Factorization

NeuralTF combines the TF and MLP components, taking advantage of both. NeuralTF
is defined as follows:

fneuraltf(erz) = WTUtf<e)}fmlp(erZ)] +0, ®)

where fi is the TF component and f;,;, is the MLP component. W represents the trainable
output weights and b is the trainable output bias.

Note that extra features are only fed into the MLP component. The two components
are combined linearly. Figure 2 shows the architecture of NeuralTF.

: Output Unit

|
{; I
[0 [0 [0]-]1] o !
feature 1 feature 2 feature N !

______________________________________________

Embedding Layer

Figure 2. The architecture of NeuralTF.

3.5. Explainable Neural Tensor Factorization

XNeuralTF provides explanations for recommendation results for a 3-dimensional tensor.
In our case, each dimension of the tensor represents alley name, service name, and date. We
introduce two explanation methods: alley-based explanations and service-based explanations.
The alley-based explanation for commercial alley recommendations is defined

as follows:

_ Rust > Ry,
Pr(Rust > Rt | & € Ny) = |“t|N|ut|, (6)
a

Explyss = {Pr(R,X,s,t > Royy|@€Ny) Pr>o )
0 otherwise
where R, s is the revenue of service s in alley 2 on date t. R, ., is the average revenue of
alley a on date ¢ for all services. N, is the set of neighboring alleys of a. Lastly, 0 is the
threshold that determines whether a is explainable.
Similarly, the service-based explanation for service recommendation is defined
as follows:

_ Ract > R
Pr(Rugs > Roos | ¢ Ny) = 082 2ot ®
S

Pr(Ract > R.st | g€ Ns) Pr>90

0 otherwise’

Explys = { )
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where R.;; is the average revenue of service s on date t for all alleys. Nj is the set of
neighboring services of s.

We assume that people who want to start their business aim to earn higher revenues
than the average. Therefore, if an alley or service has neighbors with higher revenues
than the average, it has high explainability. For example, if the number of neighbors |N,|
is 10 and the number of neighbors with higher revenues than the average is 6, then the
explainability of a is 0.6. Finally, we apply the threshold 0 to determine which alleys or
services are explainable.

To find the neighbors of a particular alley or service, we compute the similarities
between embedding vectors using cosine similarity. Cosine similarity is defined as follows:

. €q - €y
st eect) = e T Tleall 1o
where ¢; is the embedding vector of an alley or service and I is the set of all alleys or
services. While we use cosine similarity in this work, other similarity functions such as
Euclidean distance can also be effective.

Existing TF and MLP methods do not ensure that neighbors are closely embedded.

Therefore, we add the following constraint to the loss function:

1 N
J == Z (Rast — Ra,s,l,‘)2 +A1]|©| |2 + A (eq — es)zExpla,s,tr (1)

| | asteD

where D indicates the dataset, © is the set of trainable parameters, A1 is the regularization
strength, A, is the explainability strength, and Expl, s ; indicates the explainability of service
s in alley a on date ¢.

In Equation (11), the first term, ﬁ YasteD (Rast— Rals,t)z, represents the mean squared

error. The second term, A{||®||?, represents the squared-L2 regularization. The third term,
Ax(eq — es)zE xpla s t, represents the explainability constraint.

This constraint ensures that the embedding vectors of alley a and service s are embed-
ded as closely as the explainability strength A, dictates. In other words, alley a is embedded
closely with other alleys that co-occur with service s. Similarly, service s is embedded
closely with other services that co-occur with alley a.

Figure 3 shows the architecture of XNeuralTF. Algorithm 1 provides the high-level
pseudocode for alley-based XNeuralTF.

Output Unit

MLP
Component

Embedding Layer

Figure 3. The architecture of XNeuralTF.
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Algorithm 1 Pseudocode of alley-based XNeuralTF

Require: alley g, service s, date t, extra features z, threshold 8, and trainable parameters ©

1: e, — get the embedding vector of a
2: es < get the embedding vector of s
3: ey < get the embedding vector of t

>

ﬁtf < compute TF component with e,, es and e;
: Ymip < compute MLP component with e,, es, e and z(optional)
. § < compute Neural TF through W' [9;f; §uip] + b

N Ul

7: N, < get top-k neighbors of e, via cosine similarity

: N < get neighbors with higher revenues than the average from N,
9: prass < compute explainability through |N;|/|Ng|

10: explyst < applying threshold 6 to pry

o]

11: J < compute loss with i, © and explys
12: © < update trainable parameters via © — iyg—g

4. Experiments
4.1. Dataset

We use the Seoul Commercial Alley dataset [4] for our experiments. The dataset
contains real-world information about a large number of alleys and stores in Seoul. It
includes 1,573,026 data points and 111 features.

Unfortunately, the dataset has many missing values and noisy features. Therefore, we
preprocess the dataset as follows:

¢ We drop duplicate features.

¢ We eliminate derived features that can be gathered by combining multiple features.
e We remove features directly related to revenues.

*  We remove features that include missing values.

*  We eliminate data points with revenues below or equal to zero.

After preprocessing, 116,193 data points and seven features remain. The remaining
features are {alley name, service name, date, overcrowding value, growth value, activity value, and
stability value}.

Overcrowding value indicates the risk of a new store. Activity value reflects the
amount of transaction activity for a particular service. Growth value shows the growth
rate of revenues for a particular commercial alley. Stability value indicates the certainty of
survival for a store.

We construct a three-dimensional tensor using alley name, service name, and date. We use
overcrowding value, activity value, growth value, and stability value as extra features. Figure 4
shows the map of Seoul and examples of data points.

Alley: Dongil-ro 157

Figure 4. The map of Seoul and examples of data points.
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4.2. Experimental Setup

We compare various machine learning models on the Seoul Commercial Alley dataset.
We evaluate the models using a seven-fold cross-test. During the training period, we use
15% of the training data as validation data for hyper-parameter tuning.

Hyper-parameter tuning is essential for achieving high performance in machine learn-
ing models. However, it is notoriously difficult and time consuming. Many researchers
spend a significant amount of time and effort on hyper-parameter tuning. Fortunately, a
hyper-parameter optimization tool called Tune [37] is available.

We use Tune to search for the optimal hyper-parameter combination for each model,
running 100 trials. Each model is trained for 1000 epochs. The Adam optimizer is used to op-
timize the trainable parameters, although other gradient-based optimizers also work well.

4.3. Performance Comparison

We compare the performances of various machine learning models with NeuralTF
and XNeuralTE. The performances are measured using RMSE and MAE, which are defined
as follows:

C
RMSE = ﬁE(y,-—yi)Z, (12)
1Dl A
LI
MAE = Y lyi—9il, (13)
1Dl A

where y is the target value and  is the predicted value.

Table 1 shows the prediction performance of the different models, where the lowest
value is shown in bold and the second lowest value is shown in underline. DeepFM shows
the lowest RMSE, while service-based XNeuralTF achieves the lowest MAE with a lower
standard deviation. The XNeuralTF(service) model achieves the second lowest RMSE,
while the XNeuralTF(alley) model achieves the second lowest MAE.

The experimental results indicate that XNeural TF matches or achieves a state-of-the-art
result. Additionally, it is more stable and robust compared to other models.

Table 1. Performance comparison of different models.

RMSE MAE
Linear 0.764038 (+0.039668) 0.351001 (£-0.009508)
TF 0.220472 (+0.046086) 0.093706 (£-0.002539)
M 0.269507 (0.045068) 0.115827 (40.002810)
MLP 0.205352 (£+0.028200) 0.088146 (+0.002657)
Wide & Deep 0.205623 (+0.026090) 0.088506 (+0.002419)
DeepFM 0.202959 (+0.028913) 0.087444 (4+0.002301)
AFN 0.360200 (+0.072595) 0.157997 (£0.019907)
EulerNet 0.207433 (+0.023316) 0.103130 (4-0.004636)
Neural TF 0.204925 (+0.027364) 0.087600 (4-0.002782)
XNeuralTF (alley) 0.207087 (+0.028343) 0.086300 (4-0.002460)
XNeuralTF (service) 0.204597 (+0.027268) 0.085614 (1-0.001445)

In general, it is known that explainable models perform worse than unexplainable mod-
els. However, in our experiments, XNeural TF outperforms other non-explainable models.

This improved performance is due to the explainability constraint. By constraining
the embedding vectors of neighboring alleys and services to be close together, XNeuralTF
can learn more meaningful embedding vectors.
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4.4. Explainability Comparison

In this section, we compare the explainabilities of the experimental models. Since the
linear model and the Wide component of Wide & Deep Learning cannot learn embedding
vectors, they do not participate in this experiment.

Explainability Precision (EP) and Explainability Recall (ER) [31] are evaluation metrics
for neighbor-based explanations. They are defined as follows:

EP = Hree O lexp | I""”', (14)
‘Irec|

ER = [ree O lexy | I”‘”', (15)
|Iexp|

where Iy, is the set of recommended items and Iy is the set of explainable items.
However, EP and ER depend only on the number of explainable items. They cannot
account for how strongly explainable each item is. Therefore, we suggest Weighted EP
(WEP) and Weighted ER (WER) to consider the explainability of each item.
WEP and WER for alley-based explanations are defined as follows:

Y€ leeN oy EXPlast

WEP = , (16)
|Irec|
Z rec! Uex Ex Z 797
WER — w€IrecNlexp Plxst’ a7)
‘Iexp|
where « indicates an explainable recommended alley.
WEP and WER for service-based explanations are defined as follows:
Z rec ex, Ex l ’ ’t
WEP = GE IrecNI, P p a6 , (18)
|Irec|
Z Expl Gt
WER — Qelrmﬂlexp Pla G ) (19)
‘Iexp|

where ¢ indicates an explainable recommended service.

Table 2 shows the explainabilities of different models, with the highest values in bold
and the second highest in underline. Neural TF shows the highest EP, while TF shows the
highest ER in the experiment. However, XNeuralTF shows the highest WEP and WER. This
indicates that XNeural TF can more strongly vouch for the explainability of recommended
items than other models.

Additionally, we gain an interesting insight from the experiment. Deep learning-based
models provide higher explainability than non-deep learning models. This result shows
that the embedding vectors learned by deep learning models are closely located to their
neighbors’ vectors. In other words, deep learning models learn higher quality embedding
vectors than non-deep learning models.

Table 2. Explainability comparison of different models.

WEP WER

TF 0.423714 0.000220
FM 0.425143 0.000204
MLP 0.624571 0.000269
DeepFM 0.597714 0.000263
AFN 0.408286 0.000185
EulerNet 0.508857 0.000227
NeuralTF 0.650000 0.000280

XNeuralTF 0.654286 0.000282
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4.5. Hyper-Parameter Study

In this section, we examine how the performance of XNeuralTF changes with vari-
ations in embedding size, the number of units, and the number of layers. These are the
hyper-parameters that control the model’s capacity. Additionally, we observe how changes
in explainability strength, another important hyper-parameter of XNeuralTF, affect perfor-
mance. In our experiments, we set the explainability strength A, to 0.001. Based on the
results of our hyper-parameter study, we recommend setting A, to either 0.001 or 0.005 to
achieve a balance between accuracy and explainability.

4.5.1. Embedding Size

The information of each feature is embedded in the corresponding embedding vec-
tor. If the embedding size is large, the embedding vector can contain more informa-
tion. However, more data are required for training. On the other hand, if the embed-
ding size is small, the embedding vector cannot contain enough information, leading to
decreased performance.

Figure 5 shows the changes in validation loss, test RMSE, and test MAE for different
embedding sizes. When the embedding size exceeds 128, there are no significant changes in
test RMSE and test MAE, but validation loss increases. Therefore, the optimal embedding
size in our case is 128.
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Figure 5. Changes in validation loss, test RMSE, and test MAE for different embedding sizes.

4.5.2. Number of Units

A small number of units in a layer can lead to a loss of information and reduce
performance by learning poor representations. Conversely, overfitting may occur if the
number of units in a layer is too large. Therefore, finding the appropriate number of units
is crucial.

Figure 6 shows the changes in validation loss, test RMSE, and test MAE for different
numbers of units. As the number of units increases, validation loss decreases. However,
test RMSE increases when the number of units exceeds 512, and test MAE increases when
the number of units exceeds 256. Thus, the optimal number of units in our case is 256.
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Figure 6. Changes in validation loss, test RMSE, and test MAE for different numbers of hidden units.

4.5.3. Number of Layers

The number of layers significantly influences the capacity of a machine learning
model. Finding the appropriate number of layers is necessary to avoid both underfitting
and overfitting.
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Figure 7 shows the changes in validation loss, test RMSE, and test MAE for different
numbers of layers. The validation loss and test RMSE show the best performance when the
number of layers is 1. Performance generally improves as the number of layers increases,
except when there is only 1 layer. Further study is required to understand why these
results occurred.

0.041 0.208 T T T
7 )
= \ 0.088 - 1
2 0.206 |- \ |
2 004t i / . i
% g / \ 200871 J
2 2 \\D =
z - 0.204 [ 1%
= K £ 0.086 - J
= 0.039 - i |
o202/ 4 0085 f 1
s
0.038 L L - - L L L L L L L L L L L L L L
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Figure 7. Changes in validation loss, test RMSE, and test MAE for different numbers of layers.

4.5.4. Explainability Strength

Explainability strength is a hyper-parameter that controls the explainability of XNeu-
ralTF. A higher explainability strength indicates a stronger explainability constraint. There-
fore, there is a trade-off between explainability strength and predictive performance.

Figure 8 shows the changes in validation loss, test RMSE, and test MAE for differ-
ent explainability strengths. We can observe that predictive performance decreases as
explainability strength increases.
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Figure 8. Changes in validation loss, test RMSE, and test MAE for different explainability strengths.

5. Conclusions

Collecting and analyzing the characteristics of locations and services are essential
for a successful business. However, this process is notoriously difficult for individuals.
To overcome these challenges, we proposed two novel recommender systems: Neural TF
and XNeuralTE.

NeuralTF is well suited to handling multi-dimensional tensors. It shows high pre-
dictive performance by simultaneously learning explicit and implicit higher-order feature
interactions. XNeuralTF is an extended version of NeuralTF. It provides neighbor-based
explanations for three-dimensional tensors.

We compared various machine learning models with NeuralTF and XNeuralTF. The
experimental results demonstrated that XNeuralTF matched or achieved state-of-the-art
results with the highest level of explainability.

In this paper, we conducted experiments on the Seoul Commercial Alley dataset.
However, we expect that our XNeuralTF will also perform well in other recommendation
tasks, such as movie or book recommendations.
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