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Abstract: Recommender systems play a pivotal role in enhancing user experiences across various online platforms, from e-commerce
websites to social media and content streaming services. Traditional recommender systems have primarily relied on homogeneous data
structures, limiting their ability to effectively capture complex user-item interactions. Heterogeneous Information Networks (HINs) have
emerged as a powerful paradigm to address these limitations by modeling diverse types of entities and relationships present in real-world
recommendation scenarios. This paper provides a comprehensive review on the usage of HINPy which is a python workbench used for the
analysis of recommender systems. HINPYy is also a powerful workbench for the representation of networks. This paper analyses the cuisine
based recommender system using HINPy and focuses on introducing the foundational concepts of HINPy and unique advantages in

capturing rich and diverse information about users, items
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1. Introduction

In today's digitally connected world, recommender systems
have become indispensable tools for guiding users through
the vast sea of information and content available online.
These systems, ranging from e-commerce platforms to
social media networks and content streaming services, play
a pivotal role in enhancing user experiences by suggesting
relevant items or connections based on their preferences and
behaviors. Traditionally, recommender systems have relied
on homogeneous data representations, which often fall short
in capturing the intricate relationships and diverse
information present in real-world recommendation
scenarios.

Heterogeneous Information Networks (HINS)[1] have
emerged as a cutting-edge approach to address the
limitations of conventional recommender systems[2].

Unlike traditional systems that typically represent data as a
uniform graph, HINs embrace the complexity of modern
data sources by accommodating multiple types of entities
(eg., users, items, attributes) and relationships (eg., user-
item interactions, social connections, content associations).
This diversity of data types and connections in HINs offers
a more holistic view of the underlying information
landscape and, consequently, opens up new avenues for
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making personalized and context-aware recommendations.

This paper aims to provide an in-depth exploration of the
intersection between recommender systems and HINs. It
delves into the foundational concepts, methodologies, and
practical applications that define this evolving field. By
leveraging the heterogeneous nature of data, HIN-based
recommender  systems promise to  revolutionize
recommendation technology, offering improved accuracy,
serendipity, and user satisfaction.

In the following sections, an overview of HINs and their
unique characteristics are discussed. This paper highlights
the fusion of different data sources and the challenges
associated with such heterogeneous data integration. To
overcome these challenges the use of python workbench for
the analysis of the heterogeneous infused data is discussed.

The paper is organized in the following manner: The latest
recommender system analysis of various heterogeneous
information networks are discussed in Section 2,Section 3
gives a step-by-step methodology for the installation of
python workbench HINPy and using it, Section 4 gives the
experimental results and the importance of HINPy is
concluded in Section 5.

2. Literature Survey

2.1 Homogeneous Information Network

In the real world objects are interconnected either physically
in abstraction which forms a data network called the
Heterogeneous Information  Network. The objects
interconnected and the links between them are of different
type it is called a Heterogeneous Information Network.
Multiple Homogeneous Information Networks which have
object inter-connectivity of the same type and a single
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relationship that exits between these objects are projected in
the Heterogeneous Information Networks. Therefore a
Heterogeneous Information Network is a collection of
multiple Homogeneous Networks.

When the information is fused to form the Heterogeneous
Information Networks a lot of valuable knowledge can be
extracted from these heterogeneous Networks. Mining of
the fused knowledge from the Heterogeneous Information
Networks is a challenging task wusing traditional
algorithms[3]. The reason for complexity is to extract the
semantically lying links which can lead to hidden object
relationships which may be essential for proposing the new
patterns.. ldentifying the new patterns may have a
remarkable change for proposing new recommendations
and can change the trend of user buying strategies or
improve the problem solving capability in complex
networks by paving a way to identify the solution for an
existing problem in an optimized approach.

In a Heterogeneous information network, the nodes (V) can
represent different types of entities, and the edges (E) can
represent various types of relations between these entities.
More clearly V represents entities (nodes), E represents
relations (links), and there are mapping functions f, and f..
The mapping functions[4] fv and fe play a crucial role in
associating entities and relations with their respective types,
providing a structured representation of the diverse elements
in the network.

The introduction of heterogeneous information networks
enriches the modeling capacity of the graph, allowing for a
more nuanced and comprehensive representation of
complex relationships within a system. This framework
finds applications in various domains, such as
recommendation systems, social network analysis, and
knowledge graphs, where entities and relations can be
inherently diverse and multi-faceted.

By considering multiple entity types or relation types,
heterogeneous information networks offer a more realistic
and flexible modeling approach, capturing the intricacies of
real-world systems where entities and relations are not
uniform.

The recommender system can be conceptualized as a link
prediction task within the framework of an information
network. While some traditional recommender systems rely
on bipartite graph modeling, these approaches face
challenges in effectively incorporating various auxiliary
information. Although some methods have been proposed
for integrating specific types of auxiliary information, they
often lack universality.

In recent years, HIN-based recommender systems have
emerged as a successful solution to the challenges posed by
modeling heterogeneous auxiliary information and user
interaction behaviors in a unified manner. This approach not

only addresses issues related to data sparsity and cold start
problems in recommender systems but also enhances the
interpretability of these systems. Consequently, HIN-based
recommender systems have garnered widespread attention
and found applications across diverse domains.

The HIN-based recommendation process involves two key
steps: Firstly, the construction of a heterogeneous
information network based on user-item interaction data and
all available auxiliary information. Subsequently, a
recommendation model is designed specifically to
accommodate the characteristics of the heterogeneous
information network. This two-step approach contributes to
the adaptability and effectiveness of HIN-based
recommender systems, offering a more holistic and
interpretable solution to the challenges faced by traditional
recommendation approaches. By unifying diverse
information sources within a comprehensive network
structure, HIN-based recommender systems provide a
powerful means to enhance recommendation accuracy,
particularly in scenarios characterized by data sparsity and
cold start issues. Therefore these systems have become an
integral part of the recommender system landscape,
demonstrating their versatility and effectiveness in real-
world applications. Heterogeneous Information Networks
(HINSs) can be constructed not only from structured data but
also from unstructured data that has been processed through
techniques like entity extraction and relation extraction. By
incorporating both structured and unstructured data into the
construction of HINs, recommendation systems can benefit
from a richer representation of information, leading to more
contextually aware and accurate recommendations.

Recommender systems in Heterogeneous Information
systems can be classified based on taxonomy. The
taxonomy based models are further classified as: similarity
measurement, matrix factorization, Graph representation
learning predefined meta-paths. The similarity between two
entities is measured by the probability of reaching similar
entities during the random walk proposed in [6] as PCRW.

2.2 Taxonomy based Models:

TAXONOMY BASED RECOMMENDER SYSTEMS

SIMILARITY MEASUREMENT MATRIX FACTORIZATION GRAPH REPRESENTATION LEARNING

RELATION BASED REGULARIZATION BASED TWO STAGE TRAINING

NEURAL MATRIX FACTORIZATION
BASED

META-PATH BASED END-END TRAINING

Fig 1: Taxonomy based Recommender Systems.

Taxonomy based models can be classified based on the
Figure 1.

Similarity Measurement:

a. Relation Based Models: The Relation based model
makes use of random-walks and RHSN [7] is an example of
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this model. In which the authors considered the
recommendations as a ranking model using the random
walks.

b. Meta-path based Recommender Systems: There are
three common types of meta-path-based similarity metrics
shown in Figure 1.

1.Path Count: This involves counting the number of
common meta-paths between two entities. Entities that
share a higher number of common meta-paths are
considered more similar. The best example is Path Sim[5].

2.Path-based Random Walk: This metric involves
simulating random walks on the graph.
3.Path-based Pairwise Random Walk: This is an

extension of path-based random walk where the focus is on
pairwise comparisons between entities. It considers the
probabilities of reaching common neighbors during the
random walk for each pair of entities.HeteSim[7] uses a path
based pair wise random walks.

META -PATH BASED RECOMMENDER SYSTEMS

PATH COUNT PATH B.\hkl)k\l[)()\l WALK PATH BASED PAIR WISE RANDOM WALK

Fig 2: Recommender Systems in HIN based on meta-paths.
¢. Matrix Factorization based recommender system:

The authors in [8] proposed a matrix factorization model for
items which lack connectivity. The hidden vectors are
identified and the recommendations are done based on the
hidden vectors. The variants of the matrix factorization
model are regularization based which use similarity
measures in the matrix to determine the hidden
vectors.HeteSim [9] is a well-known regularization based
method. Another approach for Matrix Factorization is
Neural Matrix Factorization which uses the concepts of
neural networks and deep learning.

d. Graph Representation Learning: The traditional
Neural Networks achieved the best recommendation results
but they failed to handle the graph based structures.

Two stage training based approach use per-training and fine
tuning methods for embedding the tasks of
recommendations. MoHINRec [11] is an example of this
model. The drawback of two stage training based
recommender system does not use the supervised
information where as the end-end training approach uses a
supervised information.

3. Methodology

With the innovation of the python work bench for the
analysis of the recommender systems using Heterogeneous
Information Networks, the analysis has become more
effective. HINPy is a python work bench which can study
the fusion of Information and analysis of recommender in

Heterogeneous Information Networks. HINPy is also used
for network representations and domain representations like
ecology, social network analysis, medical networks etc.

HINPy can represent topological data where objects are
ontologically connected by different relationships or
different entities which are connected. HINPY workbench
has many uses like extracting the metrical structures which
means  similarities and  distances between the
objects,embedding of spaces in relative order known as
hilbertian structures and analyzing empirical analysis
Jdistributions of Bayesian structures. To use this workbench
first HINPy needs to be installed. This can be done by using
the command for installation.

Once HINPy workbench is installed import HINPy to the
work space. The Information Network which needs analysis
can be prepared as a csv file and the relationships between
the entities can be named in the csv file. The relationships
and the entities can be named for the recommender system
according to the context. Figure 1 indicates the installation
of the python workbench HINPy in google colab.

B comment 2\ Share £ @
Connect ~ ~

cO & hinpyfirst.ipynb
File Edit View Insert Runtime Tools Help

+ Code + Text

© rip install hinpy

Fig 3: Installing HINPy using google colab.
3.1 Preperation of the Dataset:

The Dataset for the analysis of recommender systems using
HINPy needs to be prepared with the relationship between
the objects. The entities and relationships for the user
cuisine recommender system is considered for the
experimentation and the dataset is prepared. The
relation_name followed by the group of entity,name of the
entity,group of entity 2,name of entity 2.

Fig 4: Object groups and objects identified.

The Figure 4 is used for the analysis of user-cuisine
recommender system where the first group indicates the
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user groups a and all the user entities fall in this group. The
second group indicates the places or restaurants visited by
the users. The third group indicates the cuisines offered in
the corresponding restaurants. There exists an edge EO from
the users group which is a directed edge from the user to the
restaurant that he visited. The figure also shows a directed
edge E1 from the place/restaurant to the cuisine.

Start

Identify the semantic relationships in the Dataset and name them as edges

Identify all the Objects of the same group and name them as vertices Group

Fig 5: Data Preparation for using HINPy

The Figure 5 indicates the steps for preparing the dataset
before uploading the file and using it.

4. Experimental Results

To make use of the python workbench HINPYy it can be first
installed. For the conduction of the experiments Google
Colab note book is used. The HINPy should be imported to
the workspace using the statement:

import hinpy

Load the dataset using the statement
hin=hinpy.HIN(filename="/content/Dataset.csv")
Description of the Dataset:

The Dataset Restaurant and Consumer data [12] is obtained
from UCI Machine Learning repository and the authors used
this dataset in [13].The dataset is used for recommendations
purpose which contain the user ratings of the place visited,
cuisine ordered and the service rating. The data set consists
of 1161 instances with user-id and place-d as nominal
instances and various ratings of cuisine,place and service are
numeric instances. The data set needs to be per-processed

before giving it as an input by identifying the names of the
semantic relationships and by maintaining equal number of
instances for all the possibilities. After pre-processing and
identifying all the possible object groups and their
relationships the total number of instance are 2232.The
network schema of this data set is identified as the
following: has_opted, users, userID, place, placelD .Where
has_opted is the relationship name from the group of users
‘u ‘,with corresponding user_ids ,from a group of places ‘p’
with corresponding place_ids.

We can check the corresponding probabilities of the entities
using the method GetObjectGroupPositionDic() shown in
Figure 6.

o< hin.GetobjectGroupPositionDicgd "u")

{("ura1s "
Tul@an”
Tul@®1a” :
TuLleas” :
TULesS”

L=

: o,

2,
3.
a.

Tuless T S,

TUL@E3T i 6,

‘uleaat: 7,

‘uleze : &,

TulessT: 9,

Tulezet : 1o,
Tullest : 14,
‘ulLlat: A2,
‘uLE@3at: A3,
'ule®1s T : 14,
TULeG6S T 1 1S,
Tuleest @ 16,
TULAZET : A7,
Tulelet : 1S,
ruleset @ 19,
TUL@3LT 2 20,
TulE®12 T 21,
TULE36 " =z,

Fig 6: Group Object probabilities.

All the link groups can be recognized using the method
GetLinkGroupsNames().The Figure 7 indicates the possible
link groups identified between users who visited the
restaurants, recipes ordered by the users at various
restaurants.

O hin.GetLinkGroupshianes()
E) ['has visited', 'ed', 'EL', ‘inverse has visited', 'inverse E0', 'inverse E1']

Fig 7: Group Links identified in the dataset.

The Proportional abundance in the network schema can be
measured using the method proportional_abundance().

The proportional abundance measured between the objects
are also called as the apportionment which are obtained by
the random walks on the meta-paths and are the probability
mass functions on the random walks of the various meta-
paths present. Proportional Abundance is used for
understanding the proportion or percentage of each node
type in the overall network. It gives insights into the relative
importance or prevalence of different entity types. The
proportional abundances() with respect to ‘E0” and ‘E1” are
indicated in Figure 8.
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Y [11] ar=hin.proportional_abundances(path=['E@", 'E1'])

v © print(ar)
(e, 5) 0.14285714285714285
(0, 10) ©.8571428571428571
(1, 35) 0.16666666666666666
(1, 5) 0.16666666666666666
(1, 46) 0.10416666666666667
(1, 13) 0.0625
(1, 3) 0.125
(1, 10) 0.25
(1, 49) 0.125
(2, 35) 0.125
(2, 10) 0.25
(2, 32) 8.0625
(2, 18) 0.0625
(2, 46) 0.25
(2, 27) 0.125
(2, 42) 0.125
(3, 46) ©.03333333333333333
(3, 35) 0.03333333333333333
3, 5) ©.13333333333333333
(3, 49) 0.19999999999999998
(3, 10) 0.5
(3, 23) 9.09999999999999999
(a, 35) 0.18749999999999997
(a, 5) 0.0625
(4, 10) 0.25

Fig 8: Proportional Abundance of EO and E1.

Diversity often refers to the variety or heterogeneity of
nodes and edges within the network. It could encompass
different types of entities, relationships, or attributes
associated with them.

Mean Diversity is a measure that averages the diversity
across the various types of nodes or edges in the network. It
provides a summary statistic indicating how diverse the
information is on average.

Calculating mean diversity in a heterogeneous information
network involves assessing the distribution of different
types of nodes or edges and then computing a measure of
the overall diversity. The measure of diversity where
various users visit various restaurants and order various
cuisines. This can be useful for understanding the overall
complexity and richness of information in the network.

Analyzing collective diversity in HINs is valuable for
understanding the overall complexity of the network and
identifying patterns that might not be apparent when
focusing only on individual node or edge types. It can
provide insights into the holistic information landscape
within the network, aiding in tasks such as recommendation
systems, community detection, and information retrieval.

Computing the Collective Diversity between EO and its
inverse relations which is shown in Figure 9.In the case of
arbitrarily complex meta-paths the collective_diversity()
method can be used with respect to inverse relations. The
mean_diversity of EO and E1 shows 4.4252 where as the
collective_diversity calculated for EO and E1 is 8.2049.

¥ [15] hin.collective_diversity(['EQ@’', 'inverse_E0'])

133.70735005558487

¥ [16] hin.collective_diversity(['E1’, 'inverse_E1'])

729.6724982987545

¥ [27] hin.mean_diversity(['E@', 'E1'],alpha=2.0)

4.425200668913451

¥ [29] hin.collective_diversity(['E@','E1l'],alpha=2.0)

8.204948872098814

Fig 9: Computing the Collective Diversity

The comparison of these two diversity measures which are
used for recommendations are represented in a graph shown
in Figure 10.The x-axis indicates the names of the
diversities measured and the y-axis represents the measure
of the diversity. From the graph shown in figure 10 it
indicates that the collective diversity is more than the mean
diversity obtained. Which means in summary the different
user, cuisine and restaurant objects have a collective affinity
between them which is hidden and can be represented using
collective diversity.

E Comparision of Mean Diversity and Collective
-g 10 Diversity
g2 8
j
HY
g 2
0
mean diversity collective
... diversity
diversities m diversity of EO
and E1

Fig 10: A comparison of mean and Collective Diversity
between EO and E1.

5. Conclusion

HINPy is a python workbench used on Heterogeneous
Information Networks and is best suitable for the analysis of
recommender systems. In conclusion, recommender
systems play a pivotal role in enhancing user experience by
efficiently filtering and presenting relevant content in a vast
sea of information. Through the analysis of user
preferences, behavior, and item characteristics, these
systems employ various algorithms to generate personalized
recommendations, ultimately improving user satisfaction
and engagement across diverse platforms.HINPy is also
used as a python library for applications in Artificial
Intelligence, Machine Learning.
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In addition to the theoretical exploration of recommender
systems, this paper introduces practical and experimental
functionalities aimed at implementing and evaluating
recommendations using classic recommender system
approaches. The inclusion of these experimental features
enriches the scope of the research, allowing for hands-on
applications and assessments.

The paper extends its contribution by incorporating
functionalities  that enable the evaluation of
recommendations through classic diversity metrics. This
practical aspect not only validates the theoretical
foundations discussed earlier but also provides a tangible
means of measuring the effectiveness and diversity of the
generated recommendations.

An innovative element of the paper lies in the experimental
extraction of time-series data related to apportionment and
aggregations, specifically focusing on diversity measures.
This temporal dimension adds a dynamic layer to the
evaluation process, capturing how recommendation
diversity evolves over time. This experimental approach can
offer valuable insights into the temporal aspects of
recommender systems, shedding light on their adaptability
and responsiveness to changing user preferences.

By integrating both theoretical discussions and
experimental functionalities, this paper not only advances
the understanding of recommender systems in theory but
also bridges the gap between theory and practical
implementation. This comprehensive approach contributes
to the broader field of recommendation systems research,
fostering a deeper understanding of their dynamics and
capabilities.
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