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Abstract

Personalized recommender systems play a cru-
cial role in direct marketing, particularly in
financial services, where delivering relevant
content can enhance customer engagement and
promote informed decision-making. This study
explores interpretable knowledge graph (KG)-
based recommender systems by proposing two
distinct approaches for personalized article rec-
ommendations within a multinational financial
services firm.

The first approach leverages Reinforcement
Learning (RL) to traverse a KG constructed
from both structured (tabular) and unstruc-
tured (textual) data, enabling interpretability
through Path Directed Reasoning (PDR). The
second approach employs the XGBoost algo-
rithm, with post-hoc explainability techniques
such as SHAP and ELIS to enhance trans-
parency. By integrating machine learning with
automatically generated KGs, our methods not
only improve recommendation accuracy but
also provide interpretable insights, facilitating
more informed decision-making in customer
relationship management.

1 Introduction

The increasing demand for personalized content
has led to the development of recommendation sys-
tems that can effectively utilize structured informa-
tion. Knowledge graphs (KGs) have emerged as a
promising solution for this challenge, offering im-
proved recommendation performance and explain-
ability due to the inherent comprehensibility of
relationships between entities (Nickel et al., 2011).
A growing body of research is dedicated to explor-
ing the potential of knowledge graph reasoning in
personalized recommendation (Ai et al., 2018; Bor-
des et al., 2013; Grover and Leskovec, 2016; Wang
etal., 2016). One line of research focuses on knowl-
edge graph embedding models, such as TransE
(Bordes et al., 2013) and node2vec (Grover and

Leskovec, 2016), which align the knowledge graph
in a regularized vector space, identifying the simi-
larity between entities by calculating the distance
between their representations (Zhang et al., 2016).
However, purely KG embedding-based approaches
struggle to uncover multi-hop relational paths, lim-
iting the ability to capture complex relationships be-
tween entities. Another line of research investigates
path-based recommendation techniques. Gao et al.
(Gao et al., 2018) proposed the concept of meta-
paths for reasoning over KGs. Although promis-
ing, this approach faces challenges when dealing
with the numerous types of relations and entities
present in large, real-world KGs, making it difficult
to explore relationships between unconnected en-
tities. Wang et al. (Wang et al., 2019b) developed
a path embedding approach for recommendation
over KGs that enumerates all qualified paths be-
tween every user-item pair, followed by training a
sequential RNN model to predict ranking scores for
the pairs. While this method improves recommen-
dation performance, it is not feasible to explore all
paths for every user-item pair in large-scale KGs
due to computational limitations. Recent advances
have focused on combining collaborative filtering
(CF) with KG embedding techniques to enhance
recommendation performance (Zhang et al., 2016;
Ai et al., 2018). For example, Ai et al. (Ai et al.,
2018) proposed a method that incorporated a soft
matching algorithm to identify explanation paths
between users and items. However, this strategy
generates explanations post-hoc through empirical
similarity matching between user and item embed-
dings, providing retrospective rationales for the
chosen recommendations rather than deriving ex-
planations from the reasoning process (Xian et al.,
2019a). We argue that an intelligent recommenda-
tion agent should explicitly reason over knowledge
graphs for decision-making rather than simply em-
bedding the graph as latent vectors for similarity
matching. In this paper, we treat knowledge graphs
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as a flexible structure to maintain the agent’s knowl-
edge about users, items, other entities, and their
relationships. The agent initiates the process with
a user and conducts explicit multi-step path reason-
ing over the graph, discovering suitable items for
recommendation. This approach allows for the rea-
soning process to be easily interpreted, providing
causal evidence for the recommended items. Our
goal is not only to select a set of candidate items
for recommendation but also to provide the corre-
sponding reasoning paths as interpretable evidence
for each recommendation. To address the limita-
tions of previous work, we propose an approach
that casts the recommendation problem as a deter-
ministic Markov Decision Process (MDP) over the
knowledge graph. We employ a Reinforcement
Learning (RL) method, wherein an agent begins
with a given user and learns to navigate to potential
items of interest. The path in the KG then serves
as an explanation for why the item should be rec-
ommended to the user. This approach presents
three main challenges: measuring the correctness
of an item for a user, efficiently exploring promis-
ing reasoning paths in the graph, and preserving
the diversity of both items and paths during explo-
ration. To tackle these challenges, we propose a
KG-driven RL-based approach. The benefit of our
approach is that it can also work when reviews or
ratings of the items are not available and only click
or other forms of response information is available
to learn the user preferences.

Our experimental results demonstrate that our
proposed method consistently outperforms state-
of-the-art recommendation techniques, we present
qualitative case studies to demonstrate the explain-
ability of our approach, providing insights into
the reasoning paths and decision-making processes
of the recommendation agent. These case stud-
ies showcase the interpretability of our method,
allowing users to better understand the rationale
behind the recommendations. In summary, our
research contributes to the growing body of litera-
ture on knowledge graph-based recommendation
systems, specifically in the financial domain. By
proposing a novel reinforcement learning approach
and conducting a comparative study with the XG-
Boost algorithm, we offer valuable insights into
the potential of knowledge graphs for improving
the performance and explainability of personalized
recommendation systems. Our development of a
KG-driven XGBoost recommendation system fur-
ther demonstrates the versatility and applicability

of knowledge graph techniques in the field of rec-
ommendation.

By developing a KG-driven XGBoost recom-
mendation system alongside our reinforcement
learning approach, we aim to showcase the flexibil-
ity and potential of knowledge graph-based tech-
niques in addressing a wide range of recommen-
dation scenarios. Our comparative study between
the two approaches not only provides insights into
their respective strengths and limitations but also
highlights the importance of tailoring recommen-
dation algorithms to specific application contexts
and requirements. We have made public the source
code of both the proposed approaches via a GitHub
link!.

Our main contributions are as follows: (1) Au-
tomatic KG creation using structured and unstruc-
tured data. (2) Use of KG for building an XGBoost-
based recommender system that can exploit click
or other forms of response information. (3) Use of
KG for building an RL-based recommender system
that can exploit click/response information. (4) Ex-
plainability module that can explain the rationale
behind the recommendations.

The rest of the paper is structured as follows.
In Section 2, we describe the existing methods
for building recommender systems. Section 3 de-
scribes the methodology. Section 4 describes the
experimental setup. In Section 5, we discuss and
compare results in detail. Finally, we conclude in
Section 6.

2 RELATED WORK
2.1 Collaborative Filtering

Collaborative Filtering (CF) has been a cornerstone
in the development of recommender systems. Early
approaches to CF focused on the user-item rating
matrix and predicted ratings using user-based (Kon-
stan et al., 1997; Resnick et al., 1994; Herlocker
et al., 1999) or item-based (Linden et al., 2003;
Sarwar et al., 2001) collaborative filtering methods.
These approaches calculated similarities between
users or items to generate recommendations.

As dimension reduction methods advanced, la-
tent factor models, such as matrix factorization,
gained widespread adoption in recommender sys-
tems. Prominent techniques include singular
value decomposition (Koren et al., 2009), non-
negative matrix factorization (Lee and Seung,

1https: //github.com/GhanshyamVerma/
Explainable-Recommender-System.
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2000), and probabilistic matrix factorization (Mnih
and Salakhutdinov, 2007). These methods essen-
tially learn a latent factor representation for each
user and item to calculate the matching score of
user-item pairs.

In recent years, deep learning and neural models
have further extended collaborative filtering, lead-
ing to two main sub-categories: similarity learning
and representation learning. The similarity learning
approach adopts relatively simple user/item embed-
dings (e.g., one-hot vectors) and learns a complex
prediction network as a similarity function to com-
pute user-item matching scores (He et al., 2017). In
contrast, the representation learning approach fo-
cuses on learning richer user/item representations,
while using a simple similarity function (e.g., inner
product) for score matching (Zhang et al., 2017;
Wang et al., 2019a).

However, the recommendation results generated
by latent factor or latent representation models can
be difficult to explain, which has led to a grow-
ing interest in explainable recommendation [19,
20]. The challenge of making recommendations
more interpretable has driven researchers to explore
various techniques and approaches that offer both
high-quality recommendations and meaningful ex-
planations for the user-item associations.

In response to the challenges posed by the lack
of interpretability in traditional collaborative filter-
ing approaches, researchers have started to explore
hybrid recommender systems that combine the ben-
efits of CF methods with other techniques, such as
knowledge graph-based methods (Guo et al., 2020;
Zhang et al., 2016). These hybrid systems aim
to improve the quality of recommendations while
also providing more interpretable and explainable
results.

Knowledge graphs provide a structured repre-
sentation of information, making it easier to reason
about the relationships between entities and draw
meaningful connections. By incorporating knowl-
edge graphs into the recommendation process, re-
searchers can develop systems that offer both high-
quality recommendations and interpretable expla-
nations for user-item associations.

The field of collaborative filtering-based recom-
mender systems has seen significant advancements
over the years, with a growing emphasis on inte-
grating additional sources of information and en-
hancing interpretability. The exploration of hybrid
systems, such as those that combine collaborative
filtering with content-based filtering or knowledge

graph-based methods, holds promise for the de-
velopment of more accurate, personalized, and ex-
plainable recommendations.

2.2 Knowledge Graph-driven Recommender
Systems

Knowledge Graph-driven Recommender Systems
(KGRS) have recently gained attention due to their
ability to provide explainable and high-quality rec-
ommendations. Researchers have explored differ-
ent ways to incorporate knowledge graph embed-
dings into recommender systems to improve recom-
mendation performance and interpretability. One
research direction focuses on leveraging knowl-
edge graph embeddings as rich content information
to enhance recommendation performance. For ex-
ample, Zhang et al. (Zhang et al., 2016) utilized
knowledge base embeddings to generate user and
item representations for recommendation purposes.
Huang et al. (Huang et al., 2018) employed mem-
ory networks over knowledge graph entity embed-
dings for recommendation. Wang et al. (Wang
et al., 2018a) proposed a ripple network approach
for embedding-guided multi-hop KG-based rec-
ommendation, which allows for the exploration
of connections between entities in the knowledge
graph. Another research direction aims to leverage
the entity and path information in the knowledge
graph to make explainable decisions. Ai et al. (Ai
et al., 2018) incorporated the learning of knowl-
edge graph embeddings for explainable recommen-
dation, but their explanation paths are essentially
post-hoc explanations, as they are generated by
soft matching after the corresponding items have
been chosen. Wang et al. (Wang et al., 2019b)
proposed an RNN-based model to reason over KGs
for recommendation. However, this approach re-
quires enumerating all possible paths between each
user-item pair for model training and prediction,
which can be impractical for large-scale knowledge
graphs.

The field of Knowledge Graph-driven Recom-
mender Systems has witnessed significant progress
in recent years. Researchers are exploring differ-
ent approaches to incorporate knowledge graph
embeddings and entity relationships to enhance
recommendation performance while providing in-
terpretable and explainable results. Future work in
this area will likely focus on developing more effi-
cient and scalable methods for reasoning over large-
scale knowledge graphs and further improving the
quality and explainability of recommendations.
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Some researchers have focused on leveraging
the structural properties of knowledge graphs to im-
prove recommendation performance. For instance,
Wang et al. (Wang et al., 2019a) developed a graph
attention network that incorporates both the rela-
tional information and entity features in a knowl-
edge graph for recommendation. This approach
allows for more accurate and context-aware rec-
ommendations by attending to the most relevant
relations and entities for a given user-item pair.

In addition to using knowledge graph embed-
dings, researchers have also explored incorporating
external knowledge sources and incorporating user-
item interactions into the knowledge graph. Cao et
al. (Cao et al., 2019) proposed a unified framework
for incorporating user-item interactions and exter-
nal knowledge sources into the knowledge graph,
which improved the quality of recommendations
by capturing the complex interplay between these
elements.

Schlichtkrull et al. (Schlichtkrull et al., 2018) in-
troduced a relational graph convolutional network
(R-GCN) that learns embeddings for both entities
and relations in a knowledge graph. This method
can be used in a wide range of applications, in-
cluding recommender systems, by exploiting the
rich information present in the knowledge graph
structure.

The research area of Knowledge Graph-driven
Recommender Systems has experienced significant
advancements, with researchers exploring various
methods to utilize knowledge graph embeddings,
external knowledge sources, and user-item interac-
tions to improve the quality and explainability of
recommendations. As more efficient and scalable
techniques are developed, KGRS will continue to
evolve and provide increasingly accurate, personal-
ized, and explainable recommendations.

2.3 Reinforcement Learning based
Recommender Systems

Reinforcement Learning (RL) has garnered consid-
erable interest in the research community, with nu-
merous successful applications in various domains,
including recommender systems. Researchers have
explored RL-based recommender systems in both
non-KG settings and KG settings for a range of
tasks.

In non-KG settings, RL has been applied to var-
ious types of recommender systems, such as ads
recommendation (Theocharous et al., 2015), news
recommendation (Zheng et al., 2018), and post-hoc
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explainable recommendation (Wang et al., 2018b).
These applications have demonstrated the potential
of RL to adapt to changing user preferences and
generate personalized recommendations based on
user interactions.

In the context of knowledge graphs, researchers
have primarily focused on utilizing RL for tasks
such as question-answering (QA). For instance,
Xiong et al. (Xiong et al., 2017) leveraged rein-
forcement learning for path-finding in knowledge
graphs, while Das et al. (Das et al., 2017) proposed
MINERVA which makes use of a KG and trains
a model for question answering. Lin et al. (Lin
et al., 2018) introduced RL-based models for KG
question answering with reward shaping. These
approaches formulate multi-hop reasoning as a se-
quential decision-making problem, taking advan-
tage of the structure and information present in
knowledge graphs.

However, to the best of our knowledge, there has
been limited research on utilizing RL in knowledge
graphs specifically for the task of recommenda-
tion, especially when considering the challenge
of navigating an extremely large action space as
the number of path hops grows. This opens up a
promising research direction for developing RL-
based recommender systems that can exploit the
rich information present in knowledge graphs while
efficiently navigating large action spaces to provide
personalized and explainable recommendations.

Reinforcement learning presents a promising av-
enue for recommender systems, particularly when
combined with the rich information present in
knowledge graphs. By exploring novel techniques
for managing large action spaces, incorporating
graph neural networks, and leveraging transfer
learning, researchers can continue to push the
boundaries of RL-based recommender systems,
providing increasingly accurate, personalized, and
explainable recommendations.

3 METHODOLOGY

The problem addressed in this research is to pro-
vide a new type of recommendation, called Knowl-
edge Graph Driven Explainable Recommendation
(KGDExR), that simultaneously performs item rec-
ommendation and path finding based on rich and
heterogeneous information in the knowledge graph.

The goal is to find a recommendation set of N
items for a given user u from a subset of Item
entities I connected to User entities U through re-



lations 7,; in The knowledge graph G. The recom-
mendation set should be associated with one reason-
ing path p;(u, i,) (2 < j < J) for each pair (u, iy,)
of user and recommended item, where j is the num-
ber of hops in the path and J is a given integer. The
number of recommendations, IV, is also given as
an input. The knowledge graph G is defined as
G = (e/,r,et), where e” is the head entity and e
is the tail entity in the KG. " & ¢! € E,r € R,
where E is the entity set and R is the relation set. A
j-hop path from entity e to entity e; is defined as a
sequence of j + 1 entities connected by j relations,
denoted by p;(eg,€;) = {eo B8 .. 8 ej}.

The KGDEXR problem can be formalized as
finding a set of IV items {is },,cnyy € I for a given
user v and integers J and /N, such that each pair
(u, iy,) is associated with a reasoning path p; (u, iy,)
(2<j5<J).

3.1 KG-Driven Reinforcement Learning
based Recommender System

We use Markov Decision Process (MDP) frame-
work to address the KGDExR problem. To en-
sure path connectivity, we supplement the graph G
with two distinct types of edges. Primarily, reverse
edges are included, such that if (¢, r,e!) € G,
then (e!, 7, e") € G, aiding in the path definition.

The state at a given step ¢, denoted as sy,
is represented as a triplet (ey,es,, ht), where
ey, € U denotes the initial user entity, es, in-
dicates the entity the agent has arrived at step
t, and h; refers to the history before step t.
We define the k-step history as the combination
of all entities and relations in the previous k
steps, i.e., {eu VN e; EASIINREDL. o er_1 iy ek}.
Given some user u, the initial state is represented
as sg = (ey, €y, 0) and the terminal state is repre-
sented as sy = (ey, e, h7).

The action space A; at state s; is defined as
all possible emerging edges from an entity et.
Some nodes in the KG can have very large out-
degree which can make it inefficient to maintain
the large action space. Therefore, we perform
an action-pruning step based on a scoring func-
tion f((r, e)|u), which maps any relation to a real-
valued score conditioned on a given user (Xian
etal., 2019b). There is a user-defined integer « that
upper bounds the size of the action space. For our
experiments, we set the value of o = 3.

For a given user, a simple binary reward function
is not appropriate as we don’t know whether the

agent has reached a target item or not. Therefore,
the agent needs to find as many reasoning paths as
possible. We consider giving a reward to the last
state (s7) of the path. The reward Ry is defined as:

f(wer)

» mazier f(u,i)

ma:v(O ), ifer €1,

Ry =
0, otherwise.

ey

In accordance with the underlying properties of

the graph, the state in our recommendation system

is determined by the entity’s position. Given a state

st = (eu, €, hy) and an action a; = (1441, €441),

the transition to the next state s, is characterized
by a probability distribution:

P[StJrl = (6u7 €t+1, ht+1)|5t =

2
(€uset, he)yap = (reg1,et + 1)) =1 @

However, there is an exceptional case for the
initial state s9 = (ey,€y,0), which introduces
stochasticity and depends on the starting user en-
tity. To simplify the model, we assume a uniform
distribution for the users, ensuring that each user is
equally sampled at the beginning.

Building upon our Markov Decision Process
(MDP) formulation, our primary objective is to
learn a stochastic policy 7 that maximizes the ex-
pected cumulative reward.

We define the expected cumulative rewards
based on all the paths traversed by a user as be-
low:

J(G) = H'360 € U[Eal,ag,...,aTNW(;(az|st)[RTH 3)

To maximize the expected cumulative rewards,
we use gradient ascent. The gradients are derived
by the REINFORCE (Sutton and Barto, 2018), i.e.,

Vo (0) = o Z Rrlogmg(at|st).  (4)
t

The final step of our recommendation problem
solution involves using a trained policy network to
guide the exploration of a knowledge graph. Our
objective is to find a set of candidate items and
their corresponding reasoning paths for a given
user. One approach is to sample paths for each
user based on the policy network’s guidance. How-
ever, this method may lack path diversity because
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the agent tends to repeatedly search the path with
the highest cumulative rewards. To address this,
we propose the Path Directed Reasoning (PDR)
algorithm, which considers both action probability
and reward, to explore candidate paths and recom-
mended items for each user. The process is outlined
in Algorithm 1. The algorithm takes inputs such as
the KG, the user, and the policy network. The out-
put is a set of T-hop paths for the user, along with
their generative probabilities and rewards. Each
path ends with an item entity and associated gener-
ative probability and reward. Among the candidate
paths, there may be multiple paths between the
user and an item. To interpret the reasoning behind
why an item is recommended to the user, we se-
lect the path from the candidate set with the highest
generative probability based on the generative prob-
abilities. Finally, we rank the selected interpretable
paths based on their path rewards and recommend
the corresponding items to the user.

3.2 KG-Driven XGBoost based Recommender
System

XGBoost (eXtreme Gradient Boosting) (Chen and
Guestrin, 2016) is an ensemble learning algorithm
that has become a popular and effective method
for a wide range of machine learning tasks, includ-
ing classification, regression, and ranking. XG-
Boost builds a set of decision trees iteratively, us-
ing a gradient boosting approach to minimize a
user-specified loss function.

For a dataset D = {(x;,v:)} |(x; € R™,y; € R)
that has n observations and m features, the XG-
Boost model uses Z additive functions for predic-
tion (Chen and Guestrin, 2016).

Z
i = fr(xi), )
z=1

where f € F and F is the space of regression
trees which can be defined as:

F={f(X)=wyn}(@:R" = T,we RT),
(6)
where ¢ is the structure of each tree that maps an
observation to the corresponding leaf node in the
tree, 1" represents the number of leaf nodes in the
tree, and w represents the leaf weights. For a given
observation, the final prediction is computed by tak-
ing the sum of all the weights for the corresponding
leave nodes.
The key idea behind XGBoost is to iteratively
add decision trees to the ensemble, with each new

Algorithm 1: Path Directed Reasoning
(PDR) Algorithm
Data: KG G, items I, users U; policy 7
Result: Reward R ; path P; probability X
Initialize R, P and X;
for allu € U do
fort =1t0T do
Initialize Ry = ¢, P, = ¢, Xy = ¢ ;
forpe P,7€ R 2 € Xdo
Path
D= {euw 1, Te—1,€4-1};
Set state
si—1 = (eu, -1, h4—1);
Gét pruned action space
Ap-1(u);
Get a path for action a such that
p(a) = m(alse—1);
Actions A; = {a|rank(p(a))};
for all a € A; do
Get state s; and Fy;
Assign new path p U {4, e;}
to Pt;
Assign new probability
p(a)z to Xy;
Assign new reward
Riiq + 7 to Ry;

end

end

end

Export all paths that end with an item
1€ 1;

Return updated Pr, X7 and R ;

end

tree trained to correct the residual errors of the pre-
vious trees. In other words, XGBoost fits the model
by adding new trees to the ensemble that improve
the overall prediction accuracy, while penalizing
trees that are too complex or overfit the data.

One of the important features of XGBoost is its
support for a wide range of objective functions and
evaluation metrics, including common loss func-
tions like squared error and logistic loss, as well
as custom loss functions. XGBoost also includes a
variety of regularization techniques to prevent over-
fitting and improve generalization performance, in-
cluding L1 and L2 regularization terms, tree depth
constraints, and early stopping.

For our initial experiments, we implemented
three rankers within the XGBoost model to pre-
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dict the ranking of the articles for the users. These
are XGBoost ranker (Chen and Guestrin, 2016),
CatBoost ranker (Prokhorenkova et al., 2018), and
LightGBM ranker (Ke et al., 2017). CatBoost
(Prokhorenkova et al., 2018) is a recent library
known for its efficacy in handling categorical fea-
tures, which employs YetiRank (Gulin et al., 2011)
as the loss function. LightGBM (Ke et al., 2017)
handles categorical features and optimizes the
LambdaRank loss. We trained XGBoost ranker
(Chen and Guestrin, 2016) with Rank Pairwise loss,
utilizing one-hot encoding. During our initial ex-
periments, the XGBoost ranker outperformed the
other two rankers. Therefore, we selected the XG-
Boost ranker for our KG-driven XGBoost-based
recommender system approach.

We used XGBoost ranker in combination with
KGs generated from article text and the other ar-
ticle features to build the XGBoost-based recom-
mender system. The KGs generated are then used
as input to the TuckER and TransE to generate 300-
dimensional KG embeddings. These embeddings
along with the subscriber demographical data and
educational article features are used to train the
KG-driven XGBoost-based recommender system.

4 Experimental Setup

In this section, we provide information on KG cre-
ation, KG embedding generation, and the data sets
used in this work.

4.1 Automatic KG Generation

To automatically generate KGs from the targeted
unstructured data sets, we used two approaches.
The first approach makes use of external lexical
resources, such as ConceptNet (Speer et al., 2017)
to connect terms and enrich the taxonomy. The sec-
ond approach is different in the way that it neither
requires any training nor any external resource, but
instead uses the knowledge of the domain available
within the input data to extract the knowledge.

4.1.1 ConceptNet-based approach

ConceptNet (Speer et al., 2017) is a knowledge
graph that encompasses entities from various do-
mains along with their corresponding relationships.
For this study, we specifically focus on three re-
lationship types: IsA, PartOf, and Synonym. The
"IsA" relationship signifies hypernymy relations,
while "PartOf" represents meronymy relations, and
"Synonym" indicates synonymy relations. To gen-
erate a dataset for hyponymy relations, we inverted

the direction of relations labeled as hypernyms.
All other relations in ConceptNet were grouped to-
gether as "other." The training dataset was created
by including all extracted relationships.

The system architecture is based on BERT (De-
vlin et al., 2019), employing 12 transformer blocks.
The embeddings utilized are extracted from the
transformer in the 12th layer. Pretrained embed-
dings from the BERT model "uncased_L-24_H-
1024_A-16" are employed, which are readily avail-
able in TensorFlow. We named "uKG_CN" to the
KG that we generated using the ConceptNet-based
approach.

4.1.2 Dependency Parsing-based approach

The creation of a domain-specific KG with this ap-
proach follows a mixed approach based on both the
Saffron tool” for taxonomy generation and the new
algorithm for relation extraction. It uses the syntac-
tic knowledge of sentences in a textual dataset to
extract new relations between Saffron terms. After
extracting the new relations from the text, we inte-
grate them into the Saffron taxonomy and return a
fully formed KG. This approach does not require
any training and is domain independent.

The dependency parsing-based relation extrac-
tion approach extracts relations from the text and
exports them as triples (left_relation, relation_type,
right_relation). It uses dependency parsing (syn-
tactic analysis of the sentences) on the text to find
how terms are syntactically (and by extension se-
mantically) connected within sentences. It takes as
input the terms extracted by Saffron (Pereira et al.,
2019), as well as the dataset originally used to ex-
tract the Saffron terms and extract the taxonomy,
and returns a list of triples: terml, relation, term?2.
The whole implementation is done in Python. We
named "uKG_DP" to the KG that we generated
using the Dependency Parsing based approach.

We have also created a KG, referred to as "uKG",
from unstructured data. This KG contains only the
article and its relation with the most frequent terms
found within the article. To compute the Term
Frequency, we utilized TF-IDF.

4.1.3 KG creation using both structured and
unstructured data (cKG)

We have already defined the (KGDExR) problem

and provided the definition of a KG in section

3. Here, we will illustrate how we constructed

KG using both structured and unstructured data

2https://saffron.insight-centre.org/
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(combined data (cKQG)). The features of structured
data, such as ‘subscriber’, ‘educational_article’,
‘topic’, ‘product’, ‘topic_tag’, ‘product_tag’, ‘re-
sponse’, etc., serve as the type of nodes or en-
tities in the KG. These entities are connected to
other entities through relations such as ‘has_topic’,
‘has_product’, ‘has_topic_tag’, ‘has_product_tag’,
and ‘has_response’. Additionally, we utilized the
full text of the article, which represents the unstruc-
tured data, to create this KG. Therefore, this KG
leverages both structured and unstructured data for
its creation. The recommendation process begins
with a subscriber, traverses through specific entities
and their associated relations, and ultimately leads
to an item, which in our case is the recommended
educational article for that subscriber. We have
named the KG generated using structured and un-
structured data that is the combined data as "cKG".

4.2 Knowledge Graph Embeddings

In a given KG, each head entity or tail entity can
be associated as a point in a continuous vector
space. In this work, we use TuckER (Balazevi¢
etal., 2019; Arcan et al., 2023) and TransE (Wang
et al., 2014) methods to generate KG embeddings.
TuckER employs a three-way TuckER tensor de-
composition, which computes the tensor T and a
sequence of three matrices leveraging the embed-
dings of entities (Epeqq and Eyy;;) and relations
(R) between them (G =~ T ® Eheqd @ R ® Eyigil).

The underlying idea of TransE is to interpret
relations as translations that occur between entities
in the knowledge graph. In TransE, each entity and
relation is assigned a unique vector representation
in the embedding space. The objective of the model
is to learn these embeddings in such a way that the
translation between the embeddings of a head entity
and a relation should be close to the embedding of
a tail entity. These methods allow us to create KG
embeddings that are used to train our recommender
systems.

4.3 Data sets

The dataset used in this study contains the data
of the subscribers of a large multinational finan-
cial services company and the educational articles
sent to these subscribers. The dataset spans from
January 30th, 2019 to October 30th, 2019, and con-
tains information of 463 subscribers who opted for
approximately 80 articles each during this period.
The dataset consists of 37,423 rows, detailing in-
dividual subscriber-article interactions. It includes

a total of 71 educational articles, with 66 unique
articles, providing details related to financial prod-
ucts and services. This dataset serves as a valu-
able resource for researchers and marketers inter-
ested in understanding subscriber’s behavior and
preferences and choices made by them, as well as
identifying opportunities for targeted content and
marketing strategies. We used this dataset for the
evaluation of our KG-driven RL-based approach
and KG-driven XGBoost approach for recommend-
ing educational articles to subscribers. The dataset
is divided into training, and test sets with a ratio of
70:30 respectively. We have also made this data set
publicly available on a GitHub repository 3.

5 Results

We have produced results using both KG-driven
XGboost approach and KG-driven reinforcement
learning approach.

Table 1 represents the results obtained using
the proposed approaches with the KG embeddings
used for the model building. From Table 1, we
can see that the baseline XGBoost model with sen-
tence transformer embedding [all-MiniLM-L6-v2]
achieved a 30.38% MAP score. We observed im-
provements in performance when we used KG em-
beddings compared to when KG embeddings were
not used (see Table 1).

We constructed two KGs using unstructured data
(educational article contents/texts) through Saffron
(Pereira et al., 2019) as mentioned in Section 4.
These KGs are "uKG_DP" and "uKG_CN" where u
denotes unstructured data, DP denotes dependency
parsing and CN denotes ConceptNet. Additionally,
we created a KG referred to as "cKG" from both
structured and unstructured data, as explained in
Section 4.

The rationale behind using the cKG with RL-
based approach is that it helps in generating ex-
plainable recommendations using paths in the cKG.
For RL based approach we used KG embeddings
generated using TransE, as shown in Table 1.

We also compared the performance of our pro-
posed approaches with state-of-the-art (SOTA) ex-
isting recommender systems. The existing recom-
mender systems we used are: BPR (Bayesian per-
sonalized ranking), Neighborhood-based Recom-
mender System, NCF (Neural Collaborative Fil-
tering), and XGBoost with sentence embedding.

3https: //github.com/GhanshyamVerma/
Explainable-Recommender-System.
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Table 1: Results of KG-driven XGBoost based Recommender system and KG-driven RL based Recommender

system with baseline XGBoost approach.

Model Embedding MAP@K=10 | Precision@K=10 | Recall@K=10

BPR

(Bayesian personalized ranking) i 0.11207 0.05672 041904

Neighborhood-based - 0.20418 0.66177 0.27175

Recommender System

NCF

(Neural Collaborative Filtering) ) 0.24104 0.62599 0.30007
Sentence Transformer Embedding

XGBoost [all-MiniLM-L6-v2] 0.30381 0.65902 0.21568

KG-XGBoost Saffron Dependency Parsing KG

[ uKG_DP | (TuckER KG Embedding) 0.34378 0.71708 0.23965

KG-XGBoost Saffron ConceptNet KG

[ uKG_CN | (TuckER KG Embedding) 0.38985 0.24575 0.74384

ﬁﬁ;’éG]B oost TransE KG Embedding 0.33774 0.23137 0.70987

F(?K'é?BOO“ TransE KG Embedding 0.34468 0.24031 0.73740

Fc(l}((lil]J TransE KG Embedding 0.43761 0.60562 0.24857

We observed that BPR achieved a MAP score
of 11.21%, whereas the KG-driven XGBoost ap-
proach (cKG) and KG-driven RL-based approach
using the same cKG achieved 34.47% and 43.76%
MAP scores, respectively. The KG-driven XG-
Boost approach with KG generated using Concept-
Net achieved a MAP score of 38.98% with a re-
call of 74.38%. The results suggest that if recall
is important for any application, then KG-driven
XGBoost with uKG_CN can be considered as an
option, as it provides the highest recall. Based
on the results, it can be observed that the KG-
driven RL-based approach outperformed the BPR,
Neighborhood-based Recommender System, NCF,
and KG-driven XGBoost approaches when con-
sidering the MAP score. Additionally, among all
the experiments conducted with KG embeddings,
the KG embeddings generated from TransE have
proven to capture useful information, resulting in
better performance compared to TuckER embed-
dings.

Our KG-driven RL-based approach is explain-
able. To gain a better understanding of our model’s
interpretation of the recommendation, we present
a case study based on the results obtained from
our experiments. In this study, we analyze the
path patterns uncovered by our model during the
reasoning process, as well as examine different
recommendation scenarios. As shown in Figure
1, the educational article highlighted with a blue
dashed boundary is the article recommended by
our RL-based model to a subscriber. We can see

e
Educational .
re
Article - <-"ecommended educational article
5742

e N [B
ot o Subscriber A
- 58147318 s Educational
o !
1
\

Article
—__mentions products/seryjces ﬁ 7

Products/Services
401k

4362

A

(retirement, savings, taxes)

Figure 1: Explaining the recommendations of RL-based
approach using the path in the KG that leads to the
recommendation.

that the recommended article has some similari-
ties with another educational article already recom-
mended and clicked by that subscriber, therefore
the model thinks that this article should be of rel-
evance for that subscriber as the subscriber was
interested in such kind of articles before. Further-
more, our RL-based approach enables us to offer
the top 10 educational articles for each subscriber.
Additionally, it can provide all the associated ar-
ticles in the path that lead to the outcome, along
with shared products/services, topics, and the most
frequent common terms found in the text of the ed-
ucational articles present in the path. Our RL-based
approach can provide such paths for each recom-
mended item to a user which explain the results
and play an important role in decision-making.

To generate post-hoc explanation for KG driven
XGBoost-based approach, we used SHAP (Lund-
berg and Lee, 2017) and ELI5*. SHAP (SHapley

*https://github.com/TeamHG-Memex/eli5
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Figure 2: Explaining the recommendations of KG-
XGBoost [uKG_CN] model using SHAP.

Additive exPlanations) is a model-agnostic method
used for explaining the output of machine learning
models. It is based on game theoretic concepts
and provides an explanation for each feature’s con-
tribution to the model’s prediction. SHAP values
quantify the impact of each feature by assigning a
value to it, indicating how much it contributes to
the prediction compared to the average prediction.
SHAP relies on the concept of Shapley values from
cooperative game theory and it considers additive
feature importance. Figure 2 represents the KG-
XGBoost [uKG_CN] model’s features with their
average impact on the model output generated by
SHAP.

ELIS (Explain Like I'm 5) is a Python library or
framework for explainable machine learning mod-
els. ELIS focuses on understanding the overall
behavior and importance of features in making pre-
dictions. Eli5 reports feature importance using
the "permutation importance" algorithm. Figure 3
shows the KG-XGBoost [uKG_CN] model’s fea-
ture importance by assigning weights to the fea-
tures based on their impact on the model output
generated by ELI5. Both SHAP and ELI5 show
that click_frequency, kg_26, article_length, kg 32,
Kg_3, and Kg_45 are the most important features
that contributed most to the model results.

Overall, the proposed approaches are helpful in
providing insights to understand the recommenda-
tions and simultaneously perform better than the
existing baseline recommender systems.

6 Conclusion

This research paper explores and demonstrates the
use of knowledge graphs (KGs) to enhance person-
alized recommendations in the financial sector. We
proposed two KG-driven recommender systems for
a large multinational financial services company,

Weight Feature
0.0762 article_length
0.0614 kg 14
0.0593 click frequency
00508 kg 3
0.0507 kg 32
0.0498 kg 45
0.0483 kg 26
00454 kg 44
0.0422 kg 23
0.0352 kg7

ot TR A e

Figure 3: Explaining the recommendations of KG-
XGBoost [uKG_CN] model using ELIS.

utilizing reinforcement learning and the XGBoost
algorithm, respectively. The first approach employs
Reinforcement Learning (RL), while the second
utilizes the XGBoost algorithm. The XGBoost-
based approach uses KG embeddings generated
from both TuckER and TransE, and the RL-based
approach uses TransE-generated embeddings. We
also performed experiments keeping the KG and
the embedding same. The findings suggest that the
KG-driven RL-based approach outperforms both
the KG-driven XGBoost system and baseline mod-
els, delivering more accurate and personalized edu-
cational article recommendations. Additionally, the
study emphasizes the importance of reasoning with
knowledge for decision-making. Overall, this study
highlights the potential of combining advanced ma-
chine learning techniques with KG-driven insights
to improve customer experience and drive business
growth in the investment sector.
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