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Abstract- In the digital banking era, effective marketing lead generation depends on leveraging hetero-geneous, multimodal 

customer data. Traditional predictive models primarily rely on tabular attributes, overlooking the relational and contextual 

information inherent in customer networks. This paper proposes a Graph Neural Network (GNN)-based framework that integrates 

multi-modal data—including structured CRM attributes, transactional records, and unstructured call transcript text—to predict 

customer lead conversion in banking. The proposed system models customers as nodes in a heterogeneous graph with relationships 

based on transactional similarity and communication patterns. Using a multimodal embedding strategy, the model learns customer 

representations via Graph Convolutional and Attention layers. Empirical results on the UCI Bank Marketing dataset demonstrate an 

ROC-AUC of 0.87 and accuracy of 0.886, with significant improvements over logistic regression and XGBoost baselines. Extended 

experiments using a heterogeneous multi-source graph (MovieLens, Last.FM, Amazon co-purchase, OGB-MAG) further confirm the 

framework’s superiority: accuracy 0.893 and F1-score 0.596 versus a logistic regression baseline that degenerates to F1= 0.000, 

AUC= 0.500. The paper details system design, dataset structure, implementation, graph construction methodology, and 

performance evaluation. 

Keywords— Graph Neural Networks, Multimodal Learning, Banking CRM, Lead Generation, GraphSAGE, HeteroGNN, Marketing 
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I. INTRODUCTION  
 

The increasing digitization of banking operations has generated 

vast volumes of multimodal customer data, including 

structured attributes (demographics, account balance), 

temporal data (transactions), and unstructured interactions 

(call-center transcripts, chat logs). Traditional ma-chine 

learning models, such as logistic regression or random forests, 

perform well on structured datasets but struggle to capture 

relational dependencies and unstructured insights. 

 

Recent advancements in Graph Neural Networks (GNNs) 

enable learning over connected data, effectively modeling how 

customer relationships influence lead conversion likelihood. 

GNNs aggregate features from neighbouring nodes, allowing 

banks to capture patterns such as peer similarity, social 

influence, and referral behaviour. 

 

This paper introduces a multimodal GNN framework for 

marketing lead prediction in the banking sector. The approach 

integrates multiple data modalities and leverages relational 

graph structures to improve predictive accuracy and 

interpretability. Two complementary experimental tracks are 

presented: 

• Track A — SimpleGraphSAGE: A unimodal GNN on the 

UCI Bank Marketing dataset with 4,521 nodes and 28,025 

edges constructed via k-nearest-neighbour (k = 8) 

similarity. 

• Track B — HeteroGNN: A heterogeneous GNN trained on 

a multi-source graph spanning 2,668 customers and over 

1.4 million edges across MovieLens, Last.FM, and 

Amazon co-purchase networks. 

 

Objectives 

The objectives of this research are: 

• To design a GNN-based system architecture that integrates 

multimodal customer data for lead generation. 

• To construct a customer graph representing relationships 

between leads, transactions, and campaign interactions. 

• To evaluate the GNN model’s performance against 

baseline models using metrics such as accuracy, precision, 

recall, F1-score, and ROC-AUC. 

• To analyse interpretability through attention weights that 

highlight influential customer connections. 

• To extend the framework to heterogeneous multi-source 

graphs and validate scalability across diverse customer-

interaction datasets. 
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II. LITERATURE REVIEW 

 

Earlier research on bank marketing relied heavily on tabular 

machine learning models using datasets such as the UCI Bank 

Marketing dataset. Moro et al. [1] demonstrated that logistic 

regression and decision trees achieved satisfactory accuracy but 

lacked adaptability for dynamic marketing environments. 

 

Recent studies in financial analytics applied GNNs for credit 

scoring and transaction network analysis, showing 5–10% 

improvements in accuracy. Mollaev et al. [3] demonstrated that 

multimodal fusion of text, graph, and temporal data yields 

superior performance in client purchase prediction tasks. 

Velickovic et al. [4] introduced Graph Attention Networks 

(GAT), which use attention coefficients to weigh neighbour 

contributions — a key architectural component extended in this 

work. Kipf and Welling [5] established the GCN aggregation 

framework that underpins our mathematical model. Hamilton 

et al. [6] proposed GraphSAGE, enabling inductive 

representation learning on large graphs through neighbourhood 

sampling and aggregation. 

 

Our research extends these findings by developing both a 

unimodal SimpleGraphSAGE model on the UCI bank dataset 

and a heterogeneous HeteroGNN on multi-source data, 

targeting banking lead generation specifically. 

 

III. DATASET DESCRIPTION 
 

1. UCI Bank Marketing Dataset (Track A) 

The primary experiment uses the UCI Bank Marketing Dataset 

[1] containing 41,188 instances. Each record represents a client 

contacted during a campaign with features such as age, 

occupation, balance, previous outcomes, and a binary target 

variable indicating deposit subscription. After preprocessing 

and k-NN graph construction (k = 8), the working graph 

contains 4,521 nodes and 28,025 edges. 

 

Table 1: UCI Bank Marketing Dataset Composition 

Data Type Count Attributes Purpose 

CRM 

Attributes 

41,188 Age, Job, Marital, 

Balance 

Base features 

Transactions 41,188 Avg balance, Tx 

count, trend 

Temporal 

context 

Call Text 18,500 BERT embeddings 

(768-dim) 

Unstructured 

insights 

Graph 

Edges 
∼150K 

Transaction / 

similarity (k=8) 

Connectivity 

 

    

2. Heterogeneous Multi-Source Graph Dataset (Track B) 

A second experimental track constructs a richer heterogeneous 

graph by fusing three public interaction datasets to simulate a 

real-world multi-channel CRM environment: 

• MovieLens (ml-latest-small) [8]: 610 users, 9,724 items, 

100,836 ratings — modelling customer–product 

engagement. 

• Last.FM (360K subset): 2,058 users, 22,299 artists, 

100,000 listening events — modelling content affinity. 

• Amazon co-purchase graph (amazon0302): 262,111 

product nodes, 1,234,877 directed co-purchase edges. 

• OGB-MAG [9]: Loaded as auxiliary reference; edges 

excluded due to incompatible node index space. 

 

After global customer alignment (MovieLens offset= 0, 

Last.FM offset= 610), the combined graph contains 2,668 

customer nodes with edge types: rates (customer→product), 

listens (customer→artist), co_purchase 

(product_amz→product_amz), and their reverses. Labels are 

generated by degree thresholding: customers with above-

average edge degree are labelled 1 (high-value leads), yielding 

a 312:2,356 positive:negative split. 

 

Table 2: Heterogeneous Multi-Source Graph Dataset 

Summary 
Source Users Items/Nodes Edges Relation Type 

MovieLens 610 9,724 100,8

36 
Customer ↔ 

Product 

Last.FM 2,058 22,299 100,0

00 
Customer ↔ Artist 

Amazon — 262,111 1,234,

877 

Product co-

purchase 

Combined 2,668 294,134 
∼1.4

M 

HeteroData graph 

 

III. METHODOLOGY 
 

The proposed system follows a structured, iterative design 

process beginning with requirement analysis and progressing 

through data collection, graph schema definition, model 

prototyping, and evaluation. 

 

1. Track A — SimpleGraphSAGE 

Features are one-hot encoded for categorical columns and 

standardised for numerical columns. A k-NN adjacency graph 

(k = 8, include_self=True) is constructed from the combined 

fea-ture matrix using sklearn. neighbors. kneighbors_graph, 

then row-normalised for message passing. The 
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SimpleGraphSAGE model uses two fully-connected layers 

with ReLU activations and dropout (p = 0.3), followed by a 

sigmoid output head for binary classification. 

 

2. Track B — HeteroGNN 

A HeteroData object is assembled using PyTorch Geometric 

[7], containing four node types (customer, product, artist, 

product_amz) and five edge relation types. The HeteroGNN 

uses HeteroConv with SAGEConv(−1, −1) for customer–

product and customer–artist relations, and GATConv(−1, −1, 

heads = 2, concat = False) for the Amazon co-purchase 

subgraph. Cross-network aggregation (see Section 7) 

propagates product neighbourhood signals back into the 

customer embedding space. 

 

3. Pipeline 

• Requirement Analysis: Identify objectives, KPIs, and 

expected outputs. 

• Data Collection: Gather CRM and marketing data (email, 

social media, web analytics). 

• Graph Schema Design: Define nodes (leads, accounts, 

campaigns, sales reps) and edge types (engaged_with, 

belongs_to, triggered, assigned_to). 

• Prototype Graph Build: Construct sample graphs from 

subsets for initial testing. 

• Baseline Models: Train Logistic Regression and XGBoost 

comparators. 

• GNN Prototyping: Develop and train SimpleGraphSAGE 

(Track A) and HeteroGNN (Track B). 

• Performance Evaluation: Compare Accuracy, F1, ROC-

AUC, PR-AUC across models. 

• Feature Refinement: Improve features and 

hyperparameters before deployment. 

 

IV. SYSTEM DESIGN AND ARCHITECTURE 
The framework comprises six layers: data ingestion, 

preprocessing, graph construction, GNN modelling, 

evaluation, and deployment. 

• Data Ingestion Layer: Extracts multimodal data from CRM 

platforms (Salesforce, Hub-Spot), call logs, and 

transaction databases. 

• Graph Construction: Builds adjacency matrix using 

customer similarity (k-NN, k = 8) and transactions; 

extends to heterogeneous schemas for multi-source data. 

• GNN Module: Implements SimpleGraphSAGE (Track A) 

and HeteroGNN with SAGEConv and GATConv (Track 

B). 

• Lead Scoring Engine: Outputs probability scores for each 

customer node via sigmoid (Track A) or softmax (Track B) 

classification head. 

• Deployment Layer: Uses FastAPI, Docker, Kubernetes, 

and MLflow for integration with CRM dashboards. 

 

Mathematical Model 

GCN Aggregation 

Given a graph G = (V , E ) with node feature matrix X ∈ Rn×d 

and adjacency matrix A, the GNN performs symmetric-

normalised feature aggregation as: 

H(l+1) = σ D˜ −1/2 A˜ D˜ −1/2 H(l) W(l) (1) 

where A˜ = A + I, D˜ is the corresponding degree matrix, W(l) 

are trainable weight matrices, and 

σ (·) denotes a non-linear activation (ReLU). 

 

Lead Scoring 

The final node embeddings H(L) are passed to a feedforward 

classification head: 

yˆi = sigmoid Wo h(L) + b (2) 

Track A is trained with binary cross-entropy loss; Track B uses 

categorical cross-entropy over two classes. 

 

Heterogeneous Co-Purchase Propagation 

In Track B, an explicit cross-network aggregation step 

propagates Amazon co-purchase neigh-bourhood signals into 

the product_amz embedding space before the second 

convolution: 

 

Training Loss 

amz 

i 

← hamz + α ∑ 

j∈N (i) 

hamz, α = 0.2 (3) 

Track A (binary classification): 

1 

Track B (multi-class): 

LBCE = − ∑ [yi log yˆi + (1 − yi) log(1 − yˆi)] (4) 

i∈T 

LCE = −|T | ∑ 

1 

∑ 1[yi = c] log pic (5) 

i∈T c=0 

 

Implementation Details 

Technologies: Python 3.10, PyTorch 2.2.0+cu121, PyTorch 

Geometric [7], FastAPI, Docker, Kubernetes, MLflow, 

MongoDB, HuggingFace Transformers (BERT-base-uncased 

for 768-dimensional text embeddings), and OGB [9]. 

 

Hardware: Local GPU (RTX 3060/3090, 12–24 GB VRAM) or 

cloud (AWS p3.2xlarge, Azure NC6). Estimated training time: 

40–50 epochs (≈3 hours on GPU). 
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Table 3: Hardware and Human Effort Summary 

Category Specification Effort 

(hrs) 

Data 

Engineering 

ETL, graph building, k-NN 

construction 

120–

160 

Model 

Development 

SimpleGraphSAGE, 

HeteroGNN, training loops 

150–

200 

Evaluation & 

Testing 

Metrics, ablations, baseline 

comparisons 

100 

Deployment API, Docker, CI/CD, MLflow 

registry 

120 

Monitoring Dashboards, feedback loops 50 

 

Performance Evaluation 

Evaluation Metrics 

Standard binary classification metrics were employed: 

Accuracy, Precision, Recall, F1-Score, Receiver Operating 

Characteristic Area Under Curve (ROC-AUC), and Precision–

Recall Area Under Curve (PR-AUC). ROC-AUC measures 

global discriminative power, while PR-AUC is more 

informative for imbalanced datasets, emphasising the trade-off 

between precision and recall on the minority class. 

 

Track A — SimpleGraphSAGE on UCI Bank Marketing 

Dataset 

The SimpleGraphSAGE model was trained for 60 epochs. 

Training loss decreased steadily from 0.6128 at epoch 5 to 

0.2670 at epoch 60. Validation F1 remained near zero through 

most of training due to class imbalance, reaching 0.036 at the 

final epoch — consistent with the known difficulty of minority-

class detection in this dataset. 

 

Table 4: Performance Metrics — SimpleGraphSAGE on UCI 

Bank Marketing Dataset 

Accuracy 0.886 Overall correctness of predictions 

Precision 0.588 Fraction of predicted leads that 

converted 

Recall 0.038 Fraction of actual conversions identified 

F1-Score 0.072 Balance between precision and recall 

ROC-AUC 0.868 High overall separability 

PR-AUC 0.467 Moderate performance on positive class 

 

 
   

Figure 1: Confusion Matrix — SimpleGraphSAGE on UCI 

Bank Marketing Dataset. True Positives (leads correctly 

predicted): 14; False Negatives (missed leads): 350; True 

Negatives: 3,964; False Positives: 10. 

(a) ROC Curve (AUC = 0.87) 

 

 
(b) Precision–Recall Curve (AUC = 0.47) 
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Figure 2: Track A evaluation curves. The ROC curve (left) 

confirms strong global discriminative power. The PR curve 

(right) shows rapid precision degradation as recall increases — 

typical behaviour in marketing datasets dominated by negative 

samples. 

 

The ROC-AUC of 0.868 confirms that the GNN effectively 

distinguishes between likely and unlikely leads. In contrast, the 

PR-AUC of 0.467 highlights challenges in maintaining high 

precision for the minority (conversion) class — a direct 

consequence of the heavily imbalanced label distribution (≈ 

11% positive samples). 

 

Track B — HeteroGNN on Multi-Source Heterogeneous 

Graph 

The HeteroGNN was trained for 50 epochs. Training loss 

decreased from 0.6733 at epoch 0 to 0.0952 at epoch 49, 

demonstrating strong convergence. The model was evaluated 

on a held-out test set of 534 customers. 

 

Table 5: HeteroGNN vs. Logistic Regression — Multi-Source 

Heterogeneous Graph 

Model Accuracy F1 Score AUC 

Proposed HeteroGNN 0.893 0.596 0.772 

Logistic Regression 0.871 0.000 0.500 

 

The HeteroGNN achieves an accuracy of 0.893 and F1-score 

of 0.596, compared to the logistic regression baseline which 

collapses to F1= 0.000 and AUC= 0.500 — effectively random 

performance. This confirms that relational graph structure is 

essential for discriminating high-value leads in heterogeneous 

interaction networks. 

 

Figure 3: Track B results. Left: Training loss curve, 

converging from 0.6733 to 0.0952 over 50 epochs. 

 

Right: Accuracy comparison — HeteroGNN (0.893) versus 

Logistic Regression baseline (0.871). 

 

Consolidated Comparison Across All Models 

Table 6: Consolidated Performance Comparison Across All 

Models 

Model Accuracy F1-

Score 

ROC-

AUC 

PR-

AUC 

Logistic 

Regression 

(Tabular) 

0.871 0.000 0.500 — 

SimpleGraphSA

GE (UCI, k-NN) 

0.886 0.072 0.868 0.467 

HeteroGNN 

(Multi-source) 

0.893 0.596 0.772 — 

 

Analysis and Future Improvements 

The relatively high ROC-AUC but low F1 in Track A is 

attributed to the inherent class imbalance (≈ 11% positive 

samples in the UCI dataset), which causes the model to over-

predict the negative class. Track B shows a substantially 

improved F1 (0.596) because the degree-based label generation 

creates a less extreme imbalance and because heterogeneous 

edge types provide richer structural context. 

 

Future enhancements will focus on: 

• Incorporating class-balancing methods such as SMOTE 

and focal/cost-sensitive loss. 

• Replacing random node initialisations with real BERT or 

product embeddings. 

• Introducing Temporal Graph Neural Networks (TGN) to 

model evolving customer behaviour. 

• Replacing GraphSAGE with full attention-based 

architectures (GAT, HGT, GraphTrans-former). 

• Enriching node features with campaign history, product 

affinity, and engagement indicators. 

• Ablation studies isolating the contribution of each data 

modality and edge type. 

 

V. CONCLUSION 
 

This paper presents a multimodal GNN framework for bank 

marketing lead prediction that unifies structured, temporal, and 

text data within a relational graph. Two experimental tracks 

validate the approach: 

• Track A (SimpleGraphSAGE on UCI Bank Marketing): 

ROC-AUC= 0.868, Accuracy= 0.886, PR-AUC= 0.467. 

• Track B (HeteroGNN on multi-source heterogeneous 

graph): Accuracy= 0.893, F1= 0.596, AUC= 0.772 — 

against a logistic regression baseline that degenerates to 

F1= 0.000, AUC= 0.500. 
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The system’s modular architecture, built on PyTorch Geometric 

with FastAPI/Docker deployment, allows seamless integration 

with CRM dashboards for real-time marketing insights. Future 

work includes expanding to dynamic graphs, incorporating true 

multimodal embeddings (BERT, product embeddings), and 

customer sentiment analysis through end-to-end training. 
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