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ABSTRACT
In this paper, we propose a novel approach to capture inter-company
relationships from banking transaction data using graph neural networks with a special attention mechanism and textual industry or
sector information. Transaction data owned by financial institutions can be an alternative source of information to comprehend
real-time corporate activities. Such transaction data can be applied
to predict stock price and miscellaneous macroeconomic indicators
as well as to sophisticate credit and customer relationship management. Although the inter-company relationship is important,
traditional methods for extracting information have not captured
that enough. With the recent advances in deep learning on graphs,
we can expect better extraction of inter-company information from
banking transaction data. Especially, we analyze common issues
that arise when we represent banking transactions as a network
and propose an efficient solution to such problems by introducing
a novel edge weight-enhanced attention mechanism, using textual
information, and designing an efficient combination of existing
graph neural networks.
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1

INTRODUCTION

Banking transactions can tell us real-time corporate activities. Large
banks possess huge amount of transactions, covering most companies from listed companies to start-ups in almost all industries and
different types of transactions. Indeed, the previous work to nowcast GDP using Turkish bank transactions reports that individualto-firm transactions in Garanti BBVA database account for 6% of
Turkish GDP as well as firm-to-firm transactions in the same database account for 36% of Turkish GDP, verifying the usefulness of
banking transaction data. [1] We can expect that it is related to
stock price and miscellaneous macroeconomic indicators. A bank
can also leverage such data to sophisticate credit and customer
relationship management. Extracting information from banking
transactions is beneficial for financial institutions in many ways.
Building a network from transaction data is effective to extract
important information from such data. To highlight the motivation
and significance of building a transaction network, let us consider a
specific example; If we are to predict stock price or macroeconomic
indicators from banking transactions, orthodox statistical or machine learning methods such as regression and gradient boosting
[10, 19] can be used. For instance, we predict a company’s stock
price using features, such as industry or sector information, number
of counterparties, and respective transaction amount. However, in
these approaches, we cannot sufficiently take into account intercompany relationships that a company has with its counterparties.
To illustrate this, suppose Company A sends 1 million dollars to
Company B, 0.5 million dollars to Company C, 0.1 million dollars
to Company D, and receives 1.5 million from Company E and 0.4
million from Company F, as illustrated in Figure 1. In this example,
Companies B and E are important counterparties to Company A
in terms of the transaction amount. In reality, Companies B and E
can have their respective counterparties to send and receive huge
amount of money. Such counterparties of Companies B and E may
influence Company A than Company D, to which Company A sends
only 0.1 million. It is difficult to consider this kind of effect with
the aforementioned orthodox machine learning models.
To solve this issue, we can represent banking transactions by
formulating transaction networks with bank accounts as nodes,
transaction occurrence as edges, and transaction amount as edge
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Figure 1: Inter-company relationship appeared in banking
transactions
weights, as illustrated in Figure 1. Although complex network analysis can be an effective approach to analyze such network [6], there
have been recent advances in the area of deep learning on graphs to
capture more complex information [16, 24, 29]. We can obtain embedding of nodes that represents information about each account
considering the aforementioned inter-company relationship using
graph representation learning techniques. In this paper, we propose
a novel approach to capture such information using graph neural
networks with a special attention mechanism and textual industry
or sector information.
The main contributions of this paper are summarized as follows:
• We proposed a novel efficient attention mechanism for banking transaction networks to consider nodes and edges in a
well-balanced fashion when the dimension of edge features
is much smaller than that of node features, which can be a
common issue when we construct financial networks.
• We adopted textual description of bank accounts as node
features when representing banking transaction data as a
network. To the best of our knowledge, the combination of
textual data and graph neural networks has not been studied
for banking transaction data.
• We designed the entire network by combining existing graph
neural networks that work well to capture information from
the banking transaction network.
The remainder of the paper is organized as follows. Section 2
introduces the related work on the application of graph representation learning to financial transaction data. Section 3 introduces
preliminary concepts and proposed design. Section 4 states about
the experiment. Section 5 discusses the results. Finally, Section 6
presents the conclusion.

2

RELATED WORK

Recently, the application of graph neural networks and graph representation learning have been widely investigated in a wide range of
domains, such as physics, biology, knowledge graph, traffic, social
network, language, and image. The specific application includes
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physical systems modeling, protein interface prediction, side effects
prediction, knowledge graph completion, traffic state prediction,
user-item interaction prediction, social recommendation, question
answering, image classification, among others [29].
In the financial domain, graph neural networks have been applied in the following categories: stock movement prediction, loan
default risk prediction, recommender system of e-commerce, fraud
detection, and event prediction [16, 24, 29].
The most similar previous works to this paper are which applied
various graph embedding methods to banking transactions.
Fujitsuka et al. [7] applied node2vec [8] and traditional network analysis methods, such as Jaccard coefficient [17], to banking
transactions and then predicted transaction occurrence between
companies. However, neither graph neural networks nor textual
information was used in the previous work. Only topological information of the network is considered in this work.
A different approach is to consider sequences of financial transactions as a graph, where a customer engaging in a transaction at
two merchants within a specified time window constitutes an edge
between those two merchant in the network. [11] With this idea,
they formulate bipartite graphs of credit card transactions and learn
embeddings of account and merchant entities. This framework is
inspired by metapath2vec. [5] However, their work also captures
network topology only.
Shumovskaia et al. [22] proposed a graph neural network- based
approach, which uses not only the topological structure of the
network but rich time-series data available for the graph nodes
and edges, evaluating the developed method by link prediction task
using the data provided by a large European bank. They leverage
concepts from graph convolutional network (GCN) [13], graph
attention network (GAT) [23], and SEAL [28]. While their focus is
on the temporal characteristics appearing in banking transaction
data, our approach is to enrich node features, efficiently capture
edge information, and explore different combination of networks
from their work.

3

PROPOSED NETWORK DESIGN TO
EXTRACT INFORMATION FROM BANKING
TRANSACTIONS

In this section, we present the architecture to efficiently extract
information from a banking transaction network. Its idea is to
use an embedded textual description of banking accounts as node
features, encode transaction network by modified graph attention
network (GAT) [23] to consider transaction amount as well as
graph isomorphism network (GIN) [27] to obtain graph embedding
and then to decode using graph embedding to predict transaction
occurrence. We aim to capture the importance of linked accounts
to a particular account by considering account description and
transaction amount using modified GAT [23] in the first layer of
the proposed network design and then increase the chance that
obtained node features are processed in an injective manner using
GIN [27] in the second layer. Figure 3 shows the entire design of
the proposed network.

Graph Representation Learning of Banking Transaction Network
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Figure 2: Pipeline to obtain node features

3.1

First, textual data describing the industry or sector of each account
are extracted. Table 1 presents an example of textual data. As shown
in Table 1, such texts include information about the industry or
sector of the corresponding account. In this example, textual data
possess information that Company A, the account holder, deals
with processed meat products and is considered to be in the food
industry. Then, extracted textual data are cleaned since it includes
irregular characters, such as spaces and newline characters. Once
the data are cleaned, we apply stemming and lemmatization, remove
stopwords (e.g., “a,” “the,” “of,” ...) and finally feed into Doc2Vec [15]
model to obtain embedding for accounts. Figure 2 shows the entire
pipeline to obtain node features.

3.2

Table 1: Illustrative example of account description

Obtaining Node Features

Doc2Vec

Doc2Vec [15] is a model used to obtain sentence embedding. It is
similar to Word2Vec [18]; therefore, we first introduce Word2Vec
[18]. Word2Vec [18] consists of two models: continuous bag of
words (CBOW) and skip-gram. CBOW considers surrounding words
around a current word as context and then predicts the current
word using the context words. After the training of the prediction,
obtained feature vectors become word vectors. Skip-gram is the
opposite of CBOW. It predicts surrounding words around a particular word using the word. Similarly, obtained feature vectors
after training become word vectors. Stochastic gradient descent
algorithms are used for the training.
Doc2Vec [15] has two variations: distributed memory model of
paragraph vectors (PV-DM) and paragraph vector with distributed
bag of words (PV-DBOW). PV-DM corresponds to CBOW, whereas
PV-DBOW corresponds to skip-gram.
PV-DM takes an additional paragraph vector on top of context
words to predict a current word. The paragraph vector is shared
across all contexts generated from the same paragraph but not
across paragraphs. After being trained to predict a current word,
the paragraph vectors can be used as features for the paragraph.
PV-DBOW forces the model to predict words randomly sampled
from the paragraph in the output. Since it ignores the context
words in the input, PV-DBOW is more computationally efficient
but less accurate than PV-DM. After being trained to predict words
randomly sampled from the paragraph, the paragraph vectors can
be used as features for the paragraph.

Account
Company A

3.3

Description
food, beverage, and
tobacco manufacturer;
Deals with frozen meat
products,
processed
meat products, processed milk products,
and etc.

Graph Attention Network

Let us denote a network as 𝐺 (𝑉 , 𝐸), node as 𝑢 ∈ 𝑉 , edge as (𝑢, 𝑣) ∈
𝐸, neighbor nodes of node 𝑢 ∈ 𝑉 as N (𝑢), A as the adjacency
(𝑘)
matrix. We denote h𝑢 as an embedding of node 𝑢 in 𝑘-th layer
(0)
in the neural network. h𝑢 is equivalent to the feature vector of
node 𝑢, which is a look up of node feature matrix H ∈ R |𝑉 |×𝑑 .
W (𝑘) ∈ R |Hidden dim. |×|Input dim.| is a shared trainable parameter
in 𝑘-th layer in the network, where |Hidden dim.| and |Input dim.|
represents the dimensions of the hidden and input layers, respectively. 𝛼𝑢,𝑣 is an attention score from node 𝑢 to node 𝑣. 𝜎 represents
an activation function. We adopted the most widely used ReLU as
an activation function.
With those notations, GAT [23] is formulated as follows. The
(𝑘)
message aggregating function m N (𝑢) from neighbor nodes N (𝑢)
in the 𝑘-th layer is given by
(𝑘)

m N (𝑢) =

∑︁

(𝑘)

𝛼𝑢,𝑣 h𝑣 .

𝑣 ∈N (𝑢)

Here, the attention score is computed as follows:

𝛼𝑢,𝑣



(𝑘 )
(𝑘 )
𝑒𝑥𝑝 LeakyReLU ( a⊤ [ W (𝑘 ) h𝑢 | | W (𝑘 ) h𝑣 ])

,
= Í
(𝑘 ) h (𝑘 ) | | W (𝑘 ) h (𝑘 ) ])
⊤
𝑢
𝑣′ ∈N (𝑢) 𝑒𝑥𝑝 LeakyReLU ( a [ W
𝑣′

where || denotes the concatenation operation, and a⊤ ∈ R2|Hidden dim. |
is a weight vector. Then, the embedding for node 𝑢 is updated as
follows:
(𝑘+1)

h𝑢



(𝑘)
= 𝜎 W (𝑘) m N (𝑢) .
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Figure 3: Proposed design of network

3.4

Edge Weight-Enhanced Attention
Mechanism for Banking Transactions

In this subsection, we present a novel edge-enhanced mechanism
to consider node and edge information in a well-balanced fashion.
The most standard formulation to consider edge features when
computing attention is to concatenate edge feature vector e, where
e𝑢,𝑣 represents transaction amount from node 𝑢 to node 𝑣 in this
(𝑘)
(𝑘)
case, to node features h𝑢 and h𝑣 when computing attention
from node 𝑢 to node 𝑣 [2], as shown below:

𝛼𝑢,𝑣



(𝑘 )
(𝑘 )
(𝑘 )
𝑒𝑥𝑝 LeakyReLU ( a′⊤ [ W (𝑘 ) h𝑢 | | W (𝑘 ) h𝑣 | | W𝑒 e𝑢,𝑣 ])
,

= Í
(𝑘 ) h (𝑘 ) | | W (𝑘 ) h (𝑘 ) | | W (𝑘 ) e ′ ])
′⊤
𝑒
𝑢
𝑢,𝑣
𝑣′ ∈N (𝑢) 𝑒𝑥𝑝 LeakyReLU ( a [ W
𝑣′
(𝑘)

where W𝑒 ∈ R |𝐸 |×𝑑𝑒 is a shared weight parameter in 𝑘-th
layer for edge features; 𝑑𝑒 denotes the dimension of edge features
and a ′⊤ ∈ R2|Hidden dim.|+𝑑𝑒 is a weight vector. This type of edge
feature- enhanced attention mechanism is implemented in PyTorch
Geometric 1 which is a popular library built upon PyTorch 2 for
graph neural networks.
(𝑘)
The message aggregating function m N (𝑢) and the update function for node 𝑢 are the same as the above original GAT. That is to
say,
(𝑘)

m N (𝑢) =

∑︁

(𝑘)

𝛼𝑢,𝑣 h𝑣 ,

𝑣 ∈N (𝑢)
(𝑘+1)

h𝑢



(𝑘)
= 𝜎 W (𝑘) m N (𝑢) .

However, the edge effect in the above attention mechanism is
considered limited in our case. Although a node feature vector
obtained by Doc2Vec has 𝑑 dimensions, and |Hidden dim.| appeared
in the weight vector W (𝑘) is in the order of ten or hundred, an edge

feature vector, a transaction amount, is a scalar value. We adopted
𝑑 = 300 and |Hidden dim.| = 128 in our experiments as mentioned
in the later section.
(𝑘)
In other words, W𝑒 e𝑢,𝑣 accounts for only 1 dimension out of
2|Hidden dim.| + 1 dimensions, which is the dimension of the con(𝑘)
(𝑘)
(𝑘)
catenated feature W (𝑘) h𝑢 ||W (𝑘) h𝑣 ||W𝑒 e𝑢,𝑣 , indicating that
edge information contributes little in determining the importance
of neighbor nodes.
This issue is not a problem in our setting but can appear when
we represent financial transactions like banking transactions as
a network. More specifically, the dimension of node features can
easily be scaled up to a higher dimension by taking different kinds
of information about the node, such as textual data about nodes
like our formulation. As another example, one can concatenate
miscellaneous information about the account, such as the number
of employers, revenue, profit, asset, and liabilities.
However, candidates for an edge feature are limited in banking
transactions. The transaction amount is the most important information in banking transactions since it indicates how much money
Company A sends to Company B. Transaction frequency and descriptive statistics can be another candidate to be concatenated
with transaction amount to increase the dimension of edge features.
However, the dimension of edge features cannot be easily scaled up
as that of node features. Moreover, transaction amount is more important than transaction frequency and descriptive statistics from
the practical viewpoint to assess the importance of accounts. Therefore, the dimension of edge features is much smaller than that of
node features.
To alleviate this issue, we propose an alternative modification to
the aforementioned attention mechanism to consider node features
and edge weights in a well-balanced fashion as follows:

𝛼𝑢,𝑣
1 https://pytorch-geometric.readthedocs.io/en/latest/modules/nn.html
2 https://pytorch.org/




𝑙𝑜𝑔 (𝑒𝑢,𝑣 )
(𝑘 )
(𝑘 )
𝑒𝑥𝑝 LeakyReLU a⊤ [ W (𝑘 ) h𝑢 | | W (𝑘 ) h𝑣 ] +
𝛾


 .
=
𝑙𝑜𝑔 (𝑒𝑢,𝑣′ )
Í
(𝑘 ) h (𝑘 ) | | W (𝑘 ) h (𝑘 ) ] +
⊤
𝑢
𝑣′ ∈N (𝑢) 𝑒𝑥𝑝 LeakyReLU a [ W
𝛾
𝑣′
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(𝑘)

(𝑘)

Here, a⊤ [W (𝑘) h𝑢 ||W (𝑘) h𝑣 ] is 1-dimensional since it is a dot
product of 1 × 2|Hidden dim.|- vector a⊤ and 2|Hidden dim.|×1(𝑘)
(𝑘)
vector [W (𝑘) h𝑢 ||W (𝑘) h𝑣 ]. Inside LeakyReLU(), we sum 1dimensional node information and 1-dimensional edge weight. The
influence of an edge weight is the same as that of a node feature in
terms of dimension.
The reason for taking 𝑙𝑜𝑔() for an edge weight is that the transaction amount varies from the order of 10 (USD) to the order of
100,000,000 (USD). Only a handful of accounts possess such huge
transactions; thus, we intend to mitigate the skewness of large values. Additionally, we do not place parameter in front of 𝑙𝑜𝑔(𝑒𝑢,𝑣 )
because we consider transaction amount 𝑙𝑜𝑔(𝑒𝑢,𝑣 ) itself to be a
sort of weight parameter, which is the importance of an account to
another account.
Furthermore, 𝛾 is the parameter used to adjust the influence of
the edge weight 𝑙𝑜𝑔(𝑒𝑢,𝑣 ). We can adjust the value range of 𝑙𝑜𝑔(𝑒𝑢,𝑣 )
(𝑘)
(𝑘)
similar to that of a⊤ [W (𝑘) h𝑢 ||W (𝑘) h𝑣 ], by observing them
and controlling the edge influence more flexibly. We adopted 𝛾 =
(𝑘)
(𝑘)
10000 by observing the value range of a⊤ [W (𝑘) h𝑢 ||W (𝑘) h𝑣 ]
and 𝑙𝑜𝑔(𝑒𝑢,𝑣 ).
Here, for simplicity, we assume that we are only interested in
transaction amount as an 1-dimensional edge feature because it is
the most important edge information when formulating a banking
transaction network. If we want to consider multi-dimensional
Í
(𝑖)
(𝑖)
features, we can set 𝑒𝑢,𝑣 = 𝑖 𝛽𝑖 e𝑢,𝑣 , for instance. Note that e𝑢,𝑣
represents 𝑖-th component of an edge feature vector e𝑢,𝑣 as well as
𝛽𝑖 represents a weight parameter.

3.5

Graph Isomorphism Network

Typical graph neural networks are based on message aggregation
from neighbor nodes and update on the aggregated features. Such
message passing graph neural networks are proven to be as powerful as the Weisfeiler–Lehman graph isomorphism test in distinguishing different graphs. [27].
Weisfeiler–Lehman graph isomorphism test is used to distinguish different graphs. First, an initial label is assigned to each node
in a graph. Then, a new label is iteratively assigned to each node
by hashing the multiset of the current labels, which are assigned to
neighbor nodes of each node. The iteration halts when relabeling
of each node converges [9, 25].
Among message passing graph neural networks, it is proven that
the network is as powerful as the Weisfeiler–Lehman test when
the neighbor aggregation functions are injective [27].
GIN [27] is a network that satisfies the injectivity of neighbor
aggregation function, which is described as follows:
(𝑘)

m N (𝑢) =

∑︁

(𝑘)

h𝑣 ,

𝑣 ∈N (𝑢)
(𝑘+1)

h𝑢



(𝑘)

= MLP (𝑘+1) (1 + 𝜖 (𝑘+1) )h𝑢


(𝑘)
+ m N (𝑢) .

Here, 𝜖 (𝑘) is a learnable parameter or a fixed scaler in the 𝑘-th
layer.
In previous studies, the authors used one-hot encodings as input
node features. Thus, they do not need multilayer perceptrons (MLPs)
before summation since the summation of one-hot encodings alone
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satisfies injectivity. In our case, node features are not necessarily
unique since account description is about an industry or a sector
of a particular account, which can be common for some accounts.
To increase the chance of obtaining injectivity, we applied MLP for
node features as follows:
(𝑘)

m N (𝑢) =

∑︁

(𝑘)

MLP (𝑘) (h𝑣 ),

𝑣 ∈N (𝑢)

(𝑘+1)

h𝑢

3.6



(𝑘)
(𝑘)
= MLP (𝑘+1) (1 + 𝜖 (𝑘+1) )MLP (𝑘) (h𝑢 ) + m N (𝑢) .

Injectivity and Motivation to Use Textual
Information

To the best of our knowledge, the use of textual data as node features in graph neural networks has not been studied for banking
transaction data. In this subsection, we explain the motivation to
use textual data as node features.
The use of industry or sector description is indeed less effective
than one-hot encodings in terms of injectivity because the number
of industry or sector is less than the number of accounts. However,
adding more textual descriptions on industry or sector information
easily defines a unique description of a particular account. Moreover, we can introduce the similarity of different nodes using textual
information, which is not achieved by one-hot encodings. For example, suppose Company A is a meat processing company, Company
B is a milk-producing company, and Company C is an automobile
retailer. Companies A, B, and C are represented as (1, 0, 0), (0, 1, 0),
and (0, 0, 1) with one-hot encodings, respectively, and there is no
more information than they are distinguishable. However, they
are represented as dense vectors with Doc2Vec, which can capture similarity among companies: Companies A and B should be
embedded close, and Company C should be embedded far from
Companies A and B. This is because Companies A and B are in
the food industry, and Company C is in the automobile industry.
Additionally, Doc2Vec can learn the nuance of a slight difference
between Companies A and B that they are in the same industry but
deal with different products.

3.7

Number of Layers

The over-smoothing problem is well known when using graph
neural networks with the aforementioned message passing framework with neighbor node aggregation and update functions. In this
framework, adding more layers into the network results in that the
node representations converge to indistinguishable features [20].
Although several attempts have been made to alleviate the oversmoothing problem [3, 14], it is not the focus of this paper. We
simply avoided the over-smoothing problems by limiting the layer
as shallow as two layers.

3.8

Non-probabilistic Graph Autoencoder

Once node features are passed through the GAT layer and succeeding GIN layer, we obtain embedded node features. The obtained
embedding is decoded using a non-probabilistic graph autoencoder
(GAE) [12].
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Table 3: Information on the constructed network

Let us denote the obtained embedding through the GAT layer
and succeeding GIN layer as Z. In this case, Z𝑢 represents a node
embedding for node 𝑢.
Then, the adjacency matrix A of the original network can be
reconstructed as follows:
A ≈ sigmoid(ZZ𝑇 ).
For a particular edge, its linkage is reconstructed as follows:

Information

Value

Number of Nodes
Number of Edges
Max Degree
Average Degree
Median Degree
Min Degree
Average Clustering Coefficient

170,094
1,244,639
15,431
7.2863
3
1
0.0573

A𝑢,𝑣 ≈ sigmoid(Z𝑢 Z𝑇𝑣 ).

4 EVALUATION
4.1 Dataset
The dataset is provided by one of large Asian banks with all data
in the depersonalized format. The data consist of monthly aggregated transactions that companies send or receive money to its
counterparties, as shown in Table 2.
Textual data shown in Table 1, which describe industry or sector
in English for each account, are originally obtained from Asian
central bank. The central bank defines descriptions of different
industries or sectors. The above Asian bank mapped the defined
industry or sector to each account on their side. Thereafter, the
monthly aggregated transactions and textual data were given to us
in the depersonalized format.
Table 2: Aggregated monthly banking transaction dataset
Sender

Receiver

Amount

Company A
Company A
Company A
Company E
Company F

Company B
Company C
Company D
Company A
Company A

1,000,000
500,000
100,000
1,500,000
400,000

Based on the transaction data, we construct a directed network
with an embedded description of accounts as node features, transaction occurrence for pairs of nodes as edges, and monthly aggregated
transaction amount from an account to its counterparties as edge
weight. The constructed network consists of 170,094 nodes and
1,244,639 edges, as presented in Table 3. Max degree, which is the
number of counterparties an account has, is 15,431. The average
degree is 7.2863; median degree is 3; min degree is 1. The average
clustering coefficient is 0.0573. As mentioned in the previous section, the edge weights vary from the order of 10 (USD) to 100,000,000
(USD).

4.2

Task

We adopted the link prediction task to learn embeddings since the
link prediction problem is interpreted as the prediction of transaction occurrence, which is an inter-company relationship. Additionally, prediction of transaction occurrence is beneficial from the
practical viewpoint. For instance, if we can accurately predict the
transaction occurrence of a client, a bank can estimate if they are

missing potential transactions from a client, implying useful for
customer relationship management.
We adopted ROC-AUC (Receiver Operating Characteristic - Area
Under the Curve ) score [19] as evaluation metrics. ROC Curve is a
probability curve that plots the true positive rate (TPR) against false
positive rate (FPR), where TPR and FPR is computed as follows.
𝑇𝑃
𝑇𝑃 + 𝐹𝑁
𝐹𝑃
𝐹 𝑃𝑅(false positive rate) =
𝑇 𝑁 + 𝐹𝑃
ROC-AUC stands for the area under the ROC curve. It is standard
practice to evaluate link prediction tasks by ROC-AUC scores as
seen in previous works. [7, 22]
𝑇 𝑃𝑅(true positive rate) =

4.3

Baseline Methods

As baselines, we adopted several popular graph representation
learning methods: node2vec [8], GCN [13], GAT [23] and GIN [27].
Complex network analysis methods, such as Jaccard coefficient
[17], are also widely used for link prediction; however, they have
been tested in previous work and did not outperform node2vec [7].
Therefore, we did not use them in our experiment.
node2vec [8] is one of the most popular approaches among graph
representation learning techniques called shallow embeddings [9].
Shallow embedding owes its name to the fact that the encoder model
to map nodes to embeddings is simply a lookup of embeddings.
Compared to graph neural networks, the following three drawbacks
are known [9].
First, it does not share parameters between nodes when encoded,
resulting in being a statistically and computationally inefficient
method. Second, it does not leverage node features, being potentially less informative. Third, it can generate embeddings for nodes
present during the training. This is called transductive. In contrast,
graph neural networks can generate embeddings for unseen nodes
that were not present during the training. This is called inductive.
node2vec [8] is similar to DeepWalk [21], and both of them
use a random walk to obtain node embeddings. DeepWalk [21]
runs a random walk for each node in a graph to generate random
sequences of nodes. It generates embeddings for each node by
training a skip-gram algorithm of Word2Vec [18]. node2vec [8] is
different from DeepWalk [21] in the sense that node2vec uses a
second-order random walk with two parameters 𝑝 and 𝑞 to control
focuses of a random walk if it explores the close area or far area
from the current node.
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Table 4: Comparison of different approaches
Approach

ROC-AUC Score (Test)

node2vec [8]
Graph Convolutional Network (GCN) [13] with textual information
Graph Attention Network (GAT) [23] with textual information
Graph Isomorphism Network (GIN) [27] with textual information
Proposed Network

0.7778
0.8694
0.8522
0.8836
0.9497

GCN [13] is one of the most popular models among graph neural
networks. The model structure of GCN is relatively simple and
often shows good performance. Therefore, it is commonly used as
a benchmark for comparison. It is categorized as a spectral-based
method since it has a solid mathematical foundation in graph signal
processing [26]. GCN [13] is formulated as follows:


−1/2
−1/2 (𝑘) (𝑘)
H (𝑘+1) = 𝜎 D̃
ÃD̃
H W
.
Here, H ∈ R |𝑉 |×𝑑 is a node feature matrix; 𝑘 is the number
of layers; H (𝑘) ∈ R |Hidden dim. |× |Input dim.| as a node embedding in
𝑘-th layer in the network; Ã is the adjacency matrix with added selfconnections; W (𝑘) ∈ R |Hidden dim. |× |Input dim.| is a shared trainable
parameter in 𝑘-th layer in the network; 𝜎 is an activation function.
We used ReLU as an activation function and 𝑘 = 2 as the number
of layers. Note that H (0) = H. D̃ is a degree matrix represented as
follows:
D̃𝑖,𝑖 =

∑︁

Ã𝑖,𝑗 .

𝑗

GAT [23] and GIN [27] are explained in detail in the previous
section.

4.4

Experiment

We conducted an experiment to evaluate the performance of the
proposed network design and aforementioned baseline models.
For the implementation, we used nltk 3 for preprocessing text
data, gensim 4 for Doc2Vec, PyTorch geometric 5 for implementation of different baseline methods as well as our proposed design of
the network, and scikit-learn 6 for computing evaluation metrics.
For node2vec [8], the bias parameter of the random walk is
𝑝 = 𝑞 = 1; the walk length of the random walk is 15; the context
size is 10. The dimension of embedding is 128, and the window size
is 10.
For graph neural network baseline models and our proposed
network, we adopted the following settings. The dimension of node
features 𝑑 obtained from Doc2Vec is 300. We adopted 128 as the
dimension of the output of the GAT layer and 64 as the output of
the GIN layer. More specifically, for node 𝑢 ∈ 𝑉 , the dimension of
(0)
(1)
(2)
h𝑢 is 300; the dimension of h𝑢 is 128; the dimension of h𝑢 is
64.
3 https://www.nltk.org/
4 https://pypi.org/project/gensim/
5 https://pytorch-geometric.readthedocs.io/en/latest/index.html
6 https://scikit-learn.org/stable/

We adopted cross entropy as loss function, 0.001 as learning rate,
100 as the number of epochs, Adam as an optimizer. We use 70% of
the entire edges as train edges, 10% of the entire edges as validation
edges, and 20% of the entire edges as test edges. Regarding the
train-test split, the split was conducted based on normal random
sampling, not on stratified sampling. We record ROC-AUC score
for test edges when the validation score is the best through running
epochs.
The results of the experiment is shown in Table 4.

5

DISCUSSION

As presented in Table 4, the test ROC-AUC score of the proposed
design is the highest as 0.9497. Comparing baseline methods with
the proposed network, we analyze this is due to the expected effect
of considering textual information, edge weight-enhanced attention
mechanism, and choice of combination of networks to capture
importance of neighbor nodes in the first GAT layer and to increase
representation power in the succeeding GIN layer.
When we compare node2vec with other baseline models, such
as GCN, GAT, and GIN, one of the key differences is whether we
leverage node features, which is account description in this case,
in addition to network topology. Hence, we can confirm the effect
of considering textual information. As explained in the previous
section, GIN has a higher score than GCN and GAT because of its
representation power.
The key difference between the proposed method and standard
graph neural networks such as GCN, GAT, and GIN is the use of
the edge-enhanced attention mechanism. In the proposed network,
information of transaction amount is considered on top of textual
industry information when determining the importance of neighbor
nodes. Hence, we can confirm the efficiency of the novel edge
weight-enhanced attention mechanism.
In future studies, first, we will include more expressive power of
the proposed network by adding more textual information for each
account to make it unique, as discussed in Subsection 3.6. Due to
the limitation of data availability, we tested with the industry or
sector description of each account.
Additionally, we will conduct more experiments to demonstrate
the detailed comparison between different methods, including comparison with SEAL [28] used in previous work [22] and comparison
with the existing edge-enhanced attention mechanism [2]. Also, use
of modern language models such as BERT [4] instead of Doc2Vec
[15] should be tested.
Finally, we will use the obtained embedding for downstream
tasks, such as stock price and macroeconomic indicator predictions. Since banking transactions possessed by large banks cover
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most companies, from listed companies to start-ups in almost all
industries, we can expect it is closely related to stock price and
macroeconomic indicators.

6

CONCLUSIONS

In this paper, we propose a graph neural network-based method
to obtain the representation of banking transaction networks. To
capture information of each banking account, we use Doc2Vec to
obtain an embedded vector of the textual industry or sector description for each account, enabling consideration of similarity among
different nodes and scalable node representation to a more detailed
unique description of accounts. Additionally, we use embedded
descriptions of accounts as node features, transaction occurrence
as edges, and monthly aggregated transaction amount from an
account to its counterparties as edge weight to model banking
transaction networks. Consequently, we achieved a better ROCAUC score for predicting transaction occurrence using the novel
edge weight-enhanced attention mechanism in GAT and GIN. We
can expect to increase expressive power of the proposed network
by adding more textual information for each account to make it
unique as well as to apply obtained embeddings to prediction of
stock price and macroeconomic indicator predictions.
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