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information. However, they are ineffective in processing textual components present in nodes and 

edges and thus producing suboptimal performance in downstream tasks such as node classification. 

Additionally, HGNNs lack in their explanatory power and are considered black box. Although, Large 

Language Models (LLMs) are good at processing textual information, however, utilizing them for 

tasks like node classification can be non-trivial since it is difficult to identify the ideal graphical 

context and present it in a form suitable for LLMs to consume effectively. We introduce a framework 

that combines the strength of both models by leveraging the context obtained through meta paths, 

which are generated during training of HGNNs. This approach enables understanding of complex and 

indirect relationships between different types of nodes. Our novel framework enhances the prediction 

accuracy of HGNNs and transparency of their decision-making process through natural language 

explanations provided by LLMs. We demonstrate that our proposed framework outperforms FAST-

GTN, an HGNN tailored for heterogeneous graph data, on two network datasets, with improvements 

in F1 Score from 0.81 and 0.6 of the baselines to 0.9 and 0.91, respectively. Furthermore, the efficacy 

of framework in generating explanations datasets (DBLP citation graph and Goodreads graph 

dataset), with improvements in F1 Score from 0.81 and and 0.66 of the baselines to 0.9 and 0.91, 

respectively. Furthermore, the efficacy of the framework in generating explanations has been 

evaluated through human evaluation, considering metrics such as helpfulness and factual correctness.
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Heterogeneous  Graph  Neural Networks  (HGNNs)  excel  in  capturing  graph  topology  and  structural
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CHAPTER 1

INTRODUCTION

Heterogeneous graphs (HGs) have gained prominence for their ability to model complex
relationships across diverse domains such as natural language processing [1][2], recommen-
dation systems [3][4], community detection [5][6], and biological networks. By representing
real-world data through diverse node and edge types, HGs effectively capture intricate in-
teractions and dependencies [7]. To leverage this capability, Heterogeneous Graph Neural
Networks (HGNNs) have been developed to perform tasks such as node classification and
link prediction. These models rely on meta-paths for aggregating information and generat-
ing meaningful embeddings tailored to downstream tasks.

Despite their utility, HGNNs face significant challenges, including a lack of explainability
and reliance on manually constructed meta-paths. The construction of these meta-paths
demands considerable domain expertise and computational resources, making it a bottleneck
for their widespread adoption. Furthermore, the interpretability of HGNN predictions is
limited due to their complex, non-linear transformations, which diminishes trust in critical
applications like healthcare and finance [8]. Existing techniques for enhancing explainability,
such as gradient-based [9][10][11] and perturbation-based approaches [12][13][14], have yet to
fully address the unique challenges posed by heterogeneous graph data.

Simultaneously, Large Language Models (LLMs) have demonstrated exceptional capa-
bilities in tasks requiring textual reasoning, such as summarization, question answering,
and natural language generation [15][16][17][18]. However, their integration with structured
graph data remains an open research area. LLMs excel in processing and generating text,
while HGNNs specialize in structural representation learning. Aligning these complementary
strengths offers a unique opportunity to enhance both predictive accuracy and interpretabil-
ity.

This work introduces a novel framework that combines the semantic and textual reasoning
capabilities of LLMs with the structural learning strength of HGNNs. By automating the
use of meta-path-based contexts and leveraging LLMs for explainable insights, the framework
addresses limitations in existing approaches. This integration not only improves classification
performance but also provides intuitive, human-readable explanations, thereby advancing the
practical utility of heterogeneous graphs in high-stakes domains.
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1.1 Motivation
The increasing adoption of heterogeneous graphs across various fields highlights their po-
tential to represent diverse and complex relationships. Traditional Graph Neural Networks
(GNNs), while successful for homogeneous graph data, lack the adaptability needed to han-
dle the structural diversity of HGs. To bridge this gap, HGNNs, such as Graph Transformer
Networks (GTNs) [19] and FastGTNs [20], enable the automatic transformation of HGs into
meta-path-based subgraphs for task-specific applications. Despite these advancements, the
reliance on manually designed meta-paths remains a limitation, as it significantly influences
model performance and scalability.

Explainability is another critical challenge for HGNNs. Their ”black-box” nature raises
concerns about trust and accountability, particularly in sensitive domains. Existing explain-
ability frameworks have limited applicability to HGNNs due to the inherent complexity of
heterogeneous graph data [8]. On the other hand, LLMs have shown promise in generating
interpretable outputs but lack the ability to directly utilize structured graph information.

Motivated by these gaps, this research aims to develop a framework that integrates LLMs
and HGNNs, leveraging the strengths of both paradigms. By incorporating meta-path con-
texts alongside semantic and textual information, the proposed approach enhances predictive
performance and generates interpretable results. This effort addresses existing challenges
while opening new possibilities for applying heterogeneous graphs in critical areas such as
healthcare, finance, and scientific discovery.

1.2 Problem Definition
We address the problem of developing an open-source natural language explanation frame-
work for heterogeneous graphs. This framework leverages meta-path-aware contextual un-
derstanding to ensure explanations are factually correct, contextually relevant, and grounded
in the graph’s complex structure and semantic relationships. To achieve this goal, we define
and solve the following sub-problems:

1. Extract and Verbalize Significant Meta-paths: Develop methods to identify and
verbalize the most influential meta-paths extracted from the GTN framework, trans-
forming them into a format interpretable by large language models (LLMs).

2. Enable LLMs to Capture Complex Relationships: Equip LLMs to understand
and leverage the complex relationships encoded by these meta-paths for generating
accurate and meaningful explanations.

3. Enhance Node Classification with Contextual Information: Integrate addi-
tional relevant context, such as semantic similarities and textual attributes, to improve
the accuracy of node classification and the transparency of LLM-driven explanations.

4. Perform Qualitative Evaluation of Explanations: Conduct qualitative evalua-
tions of explanations generated by the framework on heterogeneous graph datasets to
measure their factual correctness, helpfulness, and contextual relevance.

1.3 Challenges
We highlight the challenges involved in solving the problem of building a natural language
explanation framework for heterogeneous graphs.
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The first challenge lies in handling the large and sparse nature of the datasets. Both the
DBLP and Goodreads datasets comprise tens of thousands of nodes and edges, with rela-
tionships that are heterogeneous in nature. For instance, the DBLP dataset includes diverse
node types such as authors, papers, and conferences, connected by multiple types of edges,
while the Goodreads dataset features books, authors, publishers, and more. This sparsity,
coupled with the large-scale data, makes identifying meaningful meta-paths computationally
expensive and complex.

The next challenge pertains to the heterogeneous and textually heavy nature of the
datasets. Nodes such as Papers in DBLP and Books in Goodreads are associated with
extensive textual attributes like abstracts and descriptions. These attributes, while rich in
information, require significant preprocessing and semantic understanding to integrate effec-
tively into the framework. Transforming this unstructured textual data into representations
that can complement graph-based learning models is non-trivial.

Another significant challenge is the extraction and verbalization of meta-paths. Meta-
paths must not only be identified but also transformed into human-readable forms that can
be processed by large language models (LLMs). Ensuring the meta-paths are both accurate
and semantically meaningful for interpretability is essential but requires domain expertise
and computational resources.

A further challenge involves enabling LLMs to capture complex relationships encoded by
the meta-paths. Aligning the structured data of heterogeneous graphs with the unstructured
reasoning capabilities of LLMs requires sophisticated prompt engineering and contextual
enrichment. This alignment is crucial to ensure that the LLM can provide explanations that
are both factually correct and contextually relevant.

Finally, the task of qualitative evaluation of explanations presents its own difficulties.
Evaluating the helpfulness, factual correctness, and relevance of explanations requires human
judgment and is inherently subjective. Creating standardized evaluation criteria and ensuring
consistency across diverse datasets like DBLP and Goodreads is a resource-intensive task that
requires careful design.

1.4 Key Contributions
Our primary contributions could be summarized as follows:

1. Advanced Explanation Framework: Specifically designed for heterogeneous graph-
structured data to address the challenges of explainability. Provides contextually rel-
evant, factually accurate, and easily interpretable explanations rooted in the graph’s
intricate structure and semantic relationships.

2. Enhanced Node Classification Method: Achieves significant improvement in node
classification performance, surpassing the baseline FastGTN model (State-of-the-Art)
on heterogeneous node classification tasks. Demonstrates higher F1 scores, showcasing
the effectiveness of the proposed approach in leveraging meta-path-based context and
semantic information.

3. Dynamic Prompt Generation Library: Automates the creation of natural lan-
guage prompts by extracting and verbalizing meta-path types from heterogeneous
graphs. Enriches prompts with additional context derived from meta-path instances
and semantically similar nodes, significantly enhancing the effectiveness of LLMs in
both prediction and explanation tasks.
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These contributions collectively establish a robust framework for integrating heterogeneous
graph structures with large language models, advancing the state-of-the-art in both predic-
tive performance and interpretability.

The rest of the thesis is organized as follows: in chapter 2, we introduce the various
techniques that we employ towards solving this problem and the evaluation metrics that are
used. Chapter 3 discusses the basic approaches and methods employed to address the different
challenges mentioned earlier. In chapter 4, we explain the experimental setup along with the
dataset description and describe various hyperparameters and experiments performed in this
work. Chapter 5 summarizes the experimental results. Finally in chapter 6, we outline future
work and conclude the thesis.
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CHAPTER 2

TECHNICAL BACKGROUND

2.1 Heterogeneous Graph [21] [20]
A directed graph G = (V, E, Tv, Te) is defined as a heterogeneous graph if each node v ∈ V
and each edge e ∈ E have corresponding type mapping functions τv(v) : V → Tv and
τe(e) : E → Te. This type of graph can be described using a set of adjacency matrices
{At}|Te|

t=1 or a tensor (i.e., A ∈ R|V |×|V |×|Te| ), where At ∈ RN×N represents the adjacency
matrix for the t-th edge type, and |V | = N . In this context, At[i, j] indicates the weight of
the edge of type t from node j to node i. When there is only one type of node and one type
of edge, i.e., |Tv| = 1 and |Te| = 1, the graph is referred to as a homogeneous graph.

2.2 Meta-paths [22] [20]
In the context of heterogeneous graphs, a meta-path refers to a sequence of edges that connect
nodes through multiple types of relations. Formally, a meta-path can be represented as:

P = v1
t1−→ v2

t2−→ · · · tn−1−−→ vn,

where v1, v2, . . . , vn denote the nodes in the sequence, and ti−→ represents an edge of type ti

from node vi to node vi+1. Here, ti specifies the edge type of the edge (vi, vi+1) along the
meta-path.

A meta-path can also be described as a composite relation R = t1 ◦ t2 ◦ . . . ◦ tn between
node v1 and vn+1, where R1 ◦ R2 denotes the composition of relations R1 and R2. Given
the composite relation R or the sequence of edge types (t1, t2, . . . , tn), the adjacency matrix
AP of the meta-path P is derived from the multiplication of adjacency matrices as AP =
Atn · · · At2At1 .

The concept of a meta-path includes multi-hop connections and introduces new graph
structures represented by adjacency matrices. For instance, the meta-path Author-Paper-
Conference (APC),

A
AP−−→ P

P C−−→ C

which can be represented as A
AP−−→ P

P C−−→ C, results in an adjacency matrix AAP C by
multiplying AAP and AP C .
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2.3 Metapath Instance [23]
An instance p of the metapath P is a particular sequence of nodes 〈n1, n2, . . . , nl〉 within the
network that adheres to the pattern specified by P . Multiple instances can correspond to a
single metapath.

For example, in a citation network, consider the metapath ”Author-Paper-Author” (APA).
Various sequences of nodes, such as AiPiAj, can fit this metapath pattern, making them in-
stances of the ”APA” metapath.

2.4 HGNNs and FastGTN [7]
Heterogeneous graph neural networks (HGNNs) are advanced models designed to handle the
complexity of heterogeneous graphs (HGs), which consist of diverse types of nodes and edges.
Unlike traditional graph neural networks, HGNNs account for the semantic and structural
heterogeneity inherent in HGs. They use deep learning techniques to learn embeddings from
node attributes and interactions, effectively capturing the rich, multi-faceted information
within these graphs. This capability makes HGNNs particularly powerful for tasks requiring
a nuanced understanding of complex networks. The training methodology [20] employed
by Graph Transformer Networks (GTN) and FastGTN involves the transformation of orig-
inal graphs into multiple subgraphs referred to as metapaths above. This transformation
is integral to the learning process, where node representations are further derived through
convolution operations conducted on top of these metapaths. Learnt node representations
on top of these metapaths are further used for downstream tasks like node classification. Ad-
ditionally, the methodology used in FastGTN also provides the weighting/attention-score on
how it influences the node prediction. They also demonstrated that meta-paths predefined
by domain knowledge consistently receive top rankings from FastGTNs, further validating
their influence through the use of attention scores.

2.5 Explainability of Supervised Machine Learning [24]
Consider a supervised task T with the aim of learning a mapping from X to Y , and a model
M trained for this task. Given a set of (x, y) pairs ⊆ (X, Y ) and the model M , generate an
explanation e from a given set DE such that e “explains” the prediction ŷ = M(x).

These explanations can be either local to a single test input (x, y) or global when they
explain prediction over a specific dataset D′ ⊆ (X, Y ). Further, the explanation can be
generated either post-hoc (i.e., after the model training) or ante-hoc where the model itself
is self-interpretable, i.e., it explains its predictions.

Local explanations only consider the local neighborhood of the given data instance while
global explanations are concerned about the model’s overall behavior and thus, search for
patterns in the model’s predictions. In this work, we focus on Local explanations.

2.6 GNNs Explainability [25][26][12]
The survey [25] presents a comprehensive overview of GNN explainability techniques. There
exists a research gap for techniques that generate natural language explanations that are
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crucial to the practical application of GNN utilizing metapaths, which are crucial for inter-
preting heterogeneous graph neural networks (HGNNs). Metapaths [27] represent sequences
of node types and edge types in heterogeneous graphs, offering a pathway to understand
complex relationships and interactions within the data.

Most current explainability methods discussed in [25] focus on visual or quantitative inter-
pretations, such as highlighting important nodes and edges or providing importance scores.
These methods, while useful, fall short of offering intuitive, human-readable explanations
that describe the reasoning behind a model’s prediction in natural language. The integration
of metapaths into generative natural language explanations would bridge this gap by trans-
lating the intricate relationships within heterogeneous graphs into comprehensible narratives,
enhancing interpretability for non-expert users.

2.7 Use of LLMs for model interpretability and natural
language explanations [28]

The work presented in [28] proposes the opportunity to rethink LLMs for interpretability
with a more ambitious scope. LLMs can elicit more elaborate explanations than the pre-
vious generation of interpretable ML techniques. While previous methods have often relied
on restricted interfaces such as saliency maps, LLMs can communicate directly in expressive
natural language.

2.8 Evaluation: Node Classification Task
The evaluation of the proposed framework focuses on assessing its performance in the node
classification task for the Goodreads dataset. We compare the Micro-F1 and Macro-F1 scores
of various approaches, ranging from baseline models to the proposed methods that incorpo-
rate meta-path-based contextual information with examples provided to the Large Language
Model (LLM). The evaluation highlights the effectiveness of our framework in enhancing
prediction accuracy by leveraging meta-path-aware contexts and strategically designed ex-
amples.

2.8.1 Micro-F1 Score
The Micro-F1 Score is calculated by aggregating the contributions of all classes to compute
a single metric, treating the classification problem as a binary classification task for each
instance. This metric is particularly useful for datasets with class imbalances as it gives
equal weight to every instance. The formula for the Micro-F1 Score is as follows:

Micro-F1 = 2 · Precisionmicro · Recallmicro

Precisionmicro + Recallmicro
(2.1)

where:

Precisionmicro =
∑

c∈C TPc∑
c∈C(TPc + FPc)

(2.2)

Recallmicro =
∑

c∈C TPc∑
c∈C(TPc + FNc)

(2.3)
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Here, TPc, FPc, and FNc represent the true positives, false positives, and false negatives for
class c, respectively, and C is the set of all classes.

2.8.2 Macro-F1 Score
The Macro-F1 Score is calculated by computing the F1 score for each class individually and
then averaging these scores. Unlike the Micro-F1 Score, the Macro-F1 Score treats all classes
equally, regardless of class imbalance, by weighing each class equally in the final average.
The formula for the Macro-F1 Score is as follows:

Macro-F1 = 1
|C|

∑
c∈C

F1c (2.4)

where:
F1c = 2 · Precisionc · Recallc

Precisionc + Recallc
(2.5)

and:

Precisionc = TPc

TPc + FPc

(2.6)

Recallc = TPc

TPc + FNc

(2.7)
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CHAPTER 3

APPROACH

We formulate the problem of building an open-source natural language explanation frame-
work for heterogeneous graphs, leveraging meta-path-aware contextual understanding to en-
sure explanations are factually correct, helpful, and contextually relevant. This framework
is designed to utilize the intricate structure and semantic relationships within heterogeneous
graphs to improve both node classification accuracy and the interpretability of predictions.
Achieving this involves addressing four major subproblems:

1. Extract and Verbalize Significant Meta-paths: Identify and verbalize the most
influential meta-paths from the FastGTN framework to create human-readable repre-
sentations.

2. Enable LLMs to Capture Complex Relationships: Develop techniques to allow
LLMs to effectively utilize the meta-paths for reasoning and explanation tasks.

3. Enhance Context with Semantic and Textual Information: Incorporate addi-
tional context from semantically similar nodes and textual attributes to enrich predic-
tions and explanations.

4. Perform Qualitative Evaluation of Explanations: Conduct rigorous qualitative
evaluations to assess the factual correctness, helpfulness, and relevance of the explana-
tions generated by the framework.

In the next few sections, we discuss the non-trivial challenges and detailed methodology
for each of these subproblems.

3.1 Meta-path Generation and Selection

3.1.1 Meta-path Computation
The meta-paths are created during the training phase of FastGTN, a model that transforms
heterogeneous graphs into meta-path-based subgraphs for node classification. The detailed
procedure for training FastGTN and computing meta-paths is explained in [reference_to_paper].
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3.1.2 Top-K Meta-path Selection
Meta-paths are ranked based on their importance to node classification, as determined by
the attention weights computed during FastGTN training. The Top-K meta-path types
are selected in descending order of their weights, with further filtering to retain only those
starting with the target node type.

3.2 Meta-path Verbalization using LLM
To make meta-paths accessible to LLMs, they must be translated into natural language
representations. A structured one-shot LLM prompt is designed to generate verbal inter-
pretations of meta-paths. The prompt includes node types, edge types, and the meaning of
relationships, guiding the LLM to produce clear, logical descriptions. Figures 3.2,3.3 and
3.4 illustrate the prompt templates, augmented prompts, and sample outputs of meta-path
verbalization. This process bridges the gap between structured graph data and unstructured
text that LLMs can process effectively.

Example: Sample meta-path instance for P-A-P:

”Attention is All You Need - A. Vasvani - NIPS 2017 - Dekel - Online Learning
with a Hint”

Verbalization: The paper ”Attention is All You Need” is connected to the paper ”Online
Learning with a Hint” through their authors ”A. Vasvani” and ”O. Dekel” and their shared
association with the conference ”NIPS 2017”. This connection indicates that the two papers
may belong to similar fields of study due to the shared context of the conference and the
expertise of their authors.

3.3 Contextual Representation Construction
Contextual information for the target node is constructed using the following steps:

3.3.1 Sampling Meta-path Instances
Multiple instances of each selected meta-path type are sampled based on their normalized
attention weights. This ensures that the most relevant meta-path instances are prioritized
for context construction.

3.3.2 Integrating Verbal Interpretations
The verbalized meta-paths are applied to all sampled instances using regular expressions,
ensuring consistent and meaningful contextual representation.

3.3.3 Incorporating Textual Attributes
Nodes participating in the sampled meta-path instances often contain rich textual attributes
(e.g., abstracts, descriptions). These attributes are integrated alongside the verbalized meta-
paths to provide additional semantic information.
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3.4 Semantic Similarity for Context Enrichment
The meta-path-derived context is further enriched with semantic information:

3.4.1 Semantic Similarity Computation
Top-2 Nodes with highest semantic similarity to the target node are identified using S-Bert
embeddings of 600 dimensions. These nodes provide additional relevant textual content to
complement the meta-path context.

3.4.2 Similarity Enhanced Contextual Representation
By combining meta-path instances, textual attributes, and semantically similar nodes, the
constructed context becomes richer and more informative for LLM reasoning tasks.

3.5 Chain-of-Thought Instructions for LLM
To ensure effective reasoning and explanation generation, the following steps are employed:

3.5.1 Step-by-Step Reasoning with CoT Prompts
Chain-of-Thought (CoT) prompting involves presenting the LLM with step-by-step instruc-
tions to connect the contextual information to the target node.

3.5.2 Prediction and Explanation Generation
The LLM uses the provided context and CoT instructions to generate accurate node classifi-
cations and clear, human-readable explanations. Figure 3.5 provides an example of CoT-style
instructions tailored for these tasks. This approach addresses the outlined subproblems and
provides a robust framework for enhancing the interpretability and predictive power of het-
erogeneous graph-based models.

3.6 Evaluation
To validate the proposed methodology, we evaluate its effectiveness in addressing the outlined
subproblems. The evaluation is conducted on heterogeneous graph datasets, such as DBLP
and Goodreads, focusing on tasks like node classification and explanation generation. Per-
formance metrics, including micro-F1 and macro-F1 scores, are used to assess the accuracy
and class-wise balance of node classification.

For explanation tasks, qualitative evaluation by human annotators measures the factual
correctness, helpfulness, and contextual relevance of the generated explanations. The pro-
posed framework is compared against baseline models, such as FastGTN, and alternative
LLM-based approaches using varying levels of contextual information.
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Figure 3.1: Steps involved in the process

Figure 3.2: Verbalization of metapath: Prompt template
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Figure 3.3: Augmented Prompt in the template mentioned in Figure 3.2
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Figure 3.4: Example generation: Verbalization of metapath
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Figure 3.5: Prompt template for getting prediction and explanation
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CHAPTER 4

EXPERIMENTS

This chapter discusses the experimental setup and methodology used to evaluate the pro-
posed framework for node classification and explanation generation tasks. We describe the
datasets, the choice of LLM, and the progressive series of experiments, highlighting the incre-
mental changes made to refine the model’s performance. The experiments start with baseline
methods and evolve to leverage Meta path-aware contexts and semantic information.

4.1 Dataset Description
We used two publicly available heterogeneous graph datasets:

• DBLP: A citation network comprising papers (P), authors (A), and conferences (C)
as node types, with field of study as labels.

• Goodreads: A books dataset with nodes such as books (B), authors (A), publishers
(P), formats (F), and language codes (L), with genres as labels.

Both datasets were filtered to include three target labels: Machine learning, computer
networking, and theoretical computer science in DBLP Dataset and Fiction, non-fiction, and
romance in GoodReads Dataset.

The statistics of the filtered datasets, including node and edge types, are summarized in
Table 4.1.
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Dataset Node Types Edge Types

DBLP
Author: 17,567 Author-Paper: 18,810
Conference: 1,562 Conference-Paper: 5,687
Paper: 6,000 Paper-Author: 18,810

Paper-Conference: 5,687
Paper-Paper: 261

Goodreads

Author: 4,452 Author-Book: 4,762
Book: 3,600 Book-Author: 4,762
Publisher: 1,790 Book-Language code: 2,040
Format: 26 Language code-Book: 2,040
Language code: 47 Book-Publisher: 2,665

Publisher-Book: 2,665
Book-Book: 32
Book-Format: 2,762
Format-Book: 2,762

Table 4.1: Dataset statistics for DBLP and Goodreads.

4.2 Hyperparameter Configurations
In our experiments, we utilized Claude 2.1 as the LLM, configured with a temperature of
0 (deterministic behavior), top-P of 1 (considering all token probabilities), and a maximum
of 500 tokens to sample. For meta-path context, we employed 10 types of metapaths with
a total of 40 instances. Fast-GTN training was conducted using three layers, a dropout
of 0.3, and hidden dimensions of 128, with learning rates of 0.01 for DBLP and 0.001 for
Goodreads. Homogeneous contexts were incorporated up to three hops, with neighbor dis-
tributions adjusted across 1-hop, 2-hop, and 3-hop levels. The datasets featured target node
types of papers and books, with label distributions equally balanced across categories such
as machine learning and fiction.

Table 4.2: LLM inference Hyperparamters

LLM choice temperature top_P max_tokens_to_sample
Claude 2.1 0 1 500

Table 4.3: Meta-Path Hyperparameters

Number of type of metapaths 10
Total metapath instances 40

Table 4.4: Fast-GTN training hyperparameters

Dataset Num_layers Dropout Num_channels hidden_dim lr
heightDBLP 3 0.3 4 128 0.01

Goodreads 3 0.3 8 128 0.001
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Table 4.5: Hyperparameters in homogeneous context

Count of neighbours 1-hop 2-hop 3-hop
Homogeneous context upto 1 hop 40 0 0
Homogeneous context upto 2 hop 20 20 0
Homogeneous context upto 3 hop 13 13 14

Table 4.6: Dataset: Label Types and Distribution

Dataset type Target node type Labels Label distribution
DBLP paper machine_learning,

theoretical_com-
puter_science, com-
puter_networking

Equally distributed

Goodsreads books fiction, non-fiction, ro-
mance

Equally distributed
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4.3 Progression of Experiments
The experiments are structured in the following manner:

Experiment 1: FastGTN (Baseline)
The baseline experiment used the FastGTN model to generate predictions. FastGTN iden-
tifies influential meta-paths and uses them for node classification. The predictions were
evaluated using micro-F1 and macro-F1 scores, serving as a benchmark for subsequent ex-
periments.

Experiment 2: LLM with 5-shot Examples Per Label
To evaluate the raw capability of the LLM without additional context, we provided 5-shot
examples for each label in the prompt. This experiment helped ensure no information leakage
and served as a control to understand the LLM’s standalone performance on node classifica-
tion.

Experiment 3: LLM with Context up to 1-hop Neighbor
In this experiment, we introduced 1-hop neighbor context, ignoring the heterogeneity aspect
of the graph along with 5-shot random examples per label. For each target node, infor-
mation from its immediate neighbors was incorporated into the prompt. This experiment
demonstrated the impact of local graph topology on prediction accuracy.

Experiment 4: LLM with Context up to 2-hop Neighbor
The context was expanded to include 2-hop neighbors of the target node, representing a
slightly broader view of the graph. Like Experiment 3, 5-shot random examples per label
were used. This step assessed whether increasing the context depth improved predictions or
introduced noise.

Experiment 5: LLM with Context up to 3-hop Neighbor
Further extending the context, this experiment included 3-hop neighbors. While this provided
an even broader context, it also posed challenges in terms of information saturation and noise.
This experiment evaluated the trade-offs of using deeper graph contexts.

Experiment 6: LLM with Meta path as Context
In this experiment, we incorporated Meta path-based contextual information. The Top-
K meta-paths were selected from FastGTN based on their influence on node classification.
Each meta-path was verbalized into natural language, and instances of these meta-paths
were sampled to create a rich, structured context. Alongside this, 5-shot random examples
per label were included in the prompt. This experiment assessed the effectiveness of Meta
path-aware context.
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Experiment 7: LLM with Meta path and Hybrid Examples
Building upon Experiment 6, this setup combined Meta path-based context with a mix of
semantically similar and random examples. Specifically:

• 2-shot semantic examples: Top 2 Nodes with highest semantic similarity to the
target node were included to enhance contextual relevance.

• 3-shot random examples: 3-shot random examples were selected to maintain diver-
sity and robustness in the context.

This hybrid approach aimed to maximize both the quality of predictions and the inter-
pretability of explanations.

4.4 Explanation Generation
Alongside node classification, explanations generated by the LLM were evaluated qualita-
tively:

• Human Evaluation: Human annotators rated explanations on clarity, relevance, and
depth (helpfulness) and factual correctness (accuracy and consistency).

• Ranking Methodology: Explanations from different approaches (homogeneous con-
text, Meta path-aware context, etc.) were compared for the same predictions. Anno-
tators ranked explanations to identify the most preferred approach.

Label definitions for ”helpful” and ”factual correctness” categories were provided to eval-
uators to ensure consistency and reliability in evaluation. These qualitative metrics offered
insights into how effectively the proposed framework enhanced explanation quality.

4.5 Summary
This chapter outlined the experiments conducted to evaluate the proposed methodology,
progressively introducing contextual information and refining the approach. Starting from
baseline methods, the experiments demonstrated the incremental impact of incorporating
graph topology, Meta path-aware contexts, and semantic similarity on both node classification
and explanation generation tasks. The next chapter discusses the results and insights gained
from these experiments.
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CHAPTER 5

RESULTS AND ANALYSIS

This chapter presents the results of our experiments on the DBLP and Goodreads datasets.
We evaluate various approaches for node classification tasks and explanation generation,
comparing their performance based on Micro-F1 and Macro-F1 scores. The results are fol-
lowed by a detailed analysis that highlights key observations and the impact of different
modifications in the methodology.

5.1 Dataset Overview
The DBLP and Goodreads datasets were chosen due to their diverse characteristics and their
relevance to node classification tasks in heterogeneous graphs. The DBLP dataset consists of
research papers and their associated metadata, while the Goodreads dataset contains book
reviews and ratings, representing two distinct domains for evaluating graph-based learning
methods.

5.2 Node Classification Results
The performance of different approaches for node classification on the DBLP and Goodreads
datasets is summarized in Table 5.1. We compare a series of models, ranging from the Fast-
GTN baseline to more sophisticated models that incorporate graph context and example-
based learning.

The node classification performance on the DBLP dataset is summarized as follows:

Fast-GTN Baseline

The Fast-GTN model served as the baseline for both datasets. On DBLP, Fast-GTN achieved
a Micro-F1 score of 0.81 and a Macro-F1 score of 0.82. For Goodreads, the scores were lower,
with a Micro-F1 of 0.667 and a Macro-F1 of 0.672. The differences can be attributed to
the dataset characteristics, with DBLP likely due to heavier Textual attributes and more
complex relationships in Goodreads Dataset .
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Dataset Approach Micro_f1 Macro_f1

DBLP

Fast-GTN 0.81 0.82
Only LLM with 5 shot examples per label 0.767 0.793
LLM with context up to one-hop and 5 shot random examples per label 0.721 0.745
LLM with context up to two-hop and 5 shot random examples per label 0.78 0.81
LLM with context up to three-hop and 5 shot random examples per label 0.799 0.825
LLM with metapath as context and 5 shot random examples per label 0.876 0.882
LLM with metapath as context and 2-shot semantic examples
per label and 3-shot random examples per label

0.90259 0.90533

Goodreads

Fast-GTN 0.667 0.672
Only LLM with 5 shot examples per label 0.771 0.791
LLM with context up to one-hop and 5 shot random examples per label 0.84 0.853
LLM with context up to two-hop and 5 shot random examples per label 0.843 0.856
LLM with context up to three-hop and 5 shot random examples per label 0.855 0.8606
LLM with metapath as context and 5 shot random examples per label 0.877 0.886
LLM with metapath as context and 2-shot semantic examples
per label and 3-shot random examples per label

0.904 0.909

Table 5.1: Comparison of different approaches on DBLP and Goodreads datasets.

LLM with 5-Shot Examples

When we tested the LLM with 5-shot examples per label, the performance on DBLP de-
creased slightly, achieving a Micro-F1 of 0.767 and a Macro-F1 of 0.793. For Goodreads, the
scores were improved, with a Micro-F1 of 0.771 and a Macro-F1 of 0.791. This indicates that
while LLMs can utilize a limited number of examples effectively, more advanced strategies
incorporating graph structure are necessary for further improvements. This also ensures that
there was almost no inherent information leak happening with LLM.

Incorporating Graph Context

Progressively adding graph context improved the performance across both datasets: - 1-hop
context led to a Micro-F1 of 0.721 and Macro-F1 of 0.745 on DBLP, and a Micro-F1 of 0.84
and Macro-F1 of 0.853 on Goodreads. - 2-hop context continued to enhance performance,
achieving 0.78 and 0.81 on DBLP, and 0.843 and 0.856 on Goodreads. - 3-hop context further
boosted performance, reaching a Micro-F1 of 0.799 and a Macro-F1 of 0.825 on DBLP, and
0.855 and 0.8606 on Goodreads. However, the improvements became marginal with deeper
contexts.

Meta-Path Context

The inclusion of meta-path context resulted in the most significant improvements. On DBLP,
the model with meta-path context achieved a Micro-F1 of 0.876 and a Macro-F1 of 0.882,
while on Goodreads, the scores increased to 0.877 (Micro-F1) and 0.886 (Macro-F1).

Best Results with Combined Context and Examples

The highest performance across both datasets was achieved with the model that incorporated
meta-path context, 2-shot semantic examples, and 3-shot random examples. For DBLP, this
resulted in a Micro-F1 of 0.90259 and a Macro-F1 of 0.90533, and for Goodreads, the model
reached a Micro-F1 of 0.904 and a Macro-F1 of 0.909.
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Explanation Generation Results
In addition to node classification, we evaluated the proposed model’s ability to generate
explanations for its decisions. The best-performing model, which combined meta-path con-
text with semantic examples, also excelled in explanation generation. These explanations
were rated as more factual and helpful compared to those generated by other methods. The
model’s ability to generate contextually rich and semantically relevant explanations aligns
with the improvements observed in the classification tasks.

Dataset % of labels
with factual
correctness
rating as 3

% of labels
with Helpful-
ness rating as
3

% of labels
with Helpful-
ness rating as
2

DBLP
LLM with homogeneous context 95.12 10 90
LLM with metapath as well
as semantic examples (proposed
methodology)

97.5 30 70

Goodreads
LLM with homogeneous context 94.23 19.23 76.92
LLM with metapath as well
as semantic examples (proposed
methodology)

96.15 38.46 57.69

Table 5.2: Comparison of Factual Correctness and Helpfulness Ratings between Different
Approaches for DBLP and Goodreads Datasets

5.3 Results Analysis
The results demonstrate that the combination of graph-based context (especially meta-path
context) and semantic examples provides the best performance across both node classification
and explanation generation tasks. Key observations from the analysis include:

• Graph Context: Incorporating hop-based graph context progressively improves the
model’s performance, with diminishing returns at deeper hops.

• Meta-Path Context: The inclusion of meta-path context significantly boosts perfor-
mance, showing that the model benefits from learning the relationships between nodes
through path-based structures.

• Example Variability: Combining context from semantically similar node with n-shot
random examples along with metapath based context enhances the model’s ability to
generalize and classify nodes accurately, as evidenced by the highest performance with
2-shot semantic and 3-shot random examples.

• Explanations: The combination of rich context and varied examples also results in
better explanations, making the model more interpretable and practical for real-world
applications.
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Overall, the results confirm the effectiveness of combining graph context and example-
based learning strategies for node classification in heterogeneous graphs. These methods not
only improve classification accuracy but also enhance the quality of explanations, making
them both more factual and helpful.

5.4 Summary
The experiments on the DBLP and Goodreads datasets have shown that models incorporat-
ing meta-path context and semantic examples perform significantly better than traditional
approaches like Fast-GTN. By leveraging graph-based structures and enriching the exam-
ples with semantically meaningful context, our model achieves superior performance in both
classification tasks and explanation generation. These findings underline the importance of
context and example diversity in improving both accuracy and interpretability in graph-based
machine learning tasks.

29



CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion
In this work, we introduced a novel framework for leveraging meta-path-aware contextual
information to enhance node classification and explanation generation for heterogeneous
graphs. The framework successfully integrates Large Language Models (LLMs) with het-
erogeneous graph neural networks (HGNNs), providing an innovative approach to addressing
challenges in both prediction accuracy and interpretability.

The experimental results on DBLP and Goodreads datasets demonstrated the signifi-
cant advantages of the proposed methodology. By incorporating metapath-based context,
semantic similarity, and hybrid examples, we achieved state-of-the-art performance in node
classification tasks, surpassing Fast-GTN and homogeneous-context LLM approaches. Fur-
thermore, the explanations generated by the framework were rated highly in terms of factual
correctness and helpfulness, showcasing the ability to make HGNN decisions more inter-
pretable and user-friendly.

This study highlights the importance of combining structural and textual information in
heterogeneous graphs and demonstrates the power of LLMs when provided with enriched,
well-constructed prompts.

6.2 Future Work
This study highlights the importance of combining structural and textual information in
heterogeneous graphs and demonstrates the power of LLMs when provided with enriched,
well-constructed prompts.

While the focus of this work has been on node classification, the proposed explainability
framework has the potential to be extended to other graph machine learning tasks. The
following directions outline future research opportunities:

1. Explainability for Link Prediction:
Link prediction tasks aim to predict whether an edge exists between two nodes in a
graph. Incorporating meta-paths and semantic context into LLM prompts can provide
intuitive explanations for predicted links, such as ”These two nodes are likely connected
because they share similar neighbors or belong to related communities.” This could be
especially valuable in applications like social network analysis or recommender systems.
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2. Explainability for Graph Classification:
Graph classification involves predicting labels for entire graphs rather than individual
nodes. By extending the current framework, LLMs can generate explanations about
why a graph belongs to a specific class, leveraging global structural features and meta-
path-based insights. For example, in molecular graph analysis, explanations could
highlight critical substructures responsible for a chemical property.

3. Dynamic Context for Temporal Graphs:
Temporal or dynamic graphs evolve over time, adding complexity to tasks like temporal
node classification or event prediction. The explainability framework can be adapted to
include temporal patterns and sequences, offering time-sensitive insights such as ”This
node’s behavior changed due to interactions with its neighbors in recent time steps.”

4. Improved Scalability for Large Graphs:
As graph sizes increase, sampling techniques could be refined to identify the most
relevant subgraphs or meta-paths for explanation. This would ensure the framework
remains computationally efficient while providing high-quality insights.

5. User-Driven Explanation Customization:
Future work can explore customizable explanations tailored to different audiences. For
instance, technical users might prefer detailed, meta-path-focused explanations, while
non-technical users might benefit from simplified, high-level descriptions.

6. Evaluation Metrics for General Explainability:
Developing domain-specific and task-specific evaluation metrics for explanations is cru-
cial to standardizing the assessment of explainability across graph ML tasks. This
would ensure consistency and provide benchmarks for future advancement.
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