
 

 
 

eISSN 3106-8820       Journal of Intelligent Information and Communication Vol 4.2026 

 

 
Multidisciplinary Scientific Document Classification Based on Heterogeneous 
Graph Neural Networks 
 
Ivan Horvat1, * and Marija Novak1 

1 College of Information Technology, Zagreb Professional College, 10000 Zagreb, Croatia 
*Corresponding author: ivan.ho@vsite.hr 
 

Abstract.In the era of extensive academic data, effectively categorize scientific publications from all fields. To solve the 
challenge of organization in multi-subject research articles, this paper presents a comprehensive approach using several 
graph neural networks. Create a large-scale, multi-relational graph that integrates relational structures and content elements 
in the suggested way for joint learning from topological and semantic viewpoints. In order to take into account connections 
between citations, semantics, and other meta-data in both global and detailed ways, the new approach simultaneously 
develops various message-passing techniques. The classification accuracy of this approach greatly surpasses that of 
traditional and deep learning baseline models, according to the experiment results of the dataset of 45,216 documents and 
24 divisions. With a macro-F1 score of 0.833 and a total accuracy of 87.4%, the model outperformed the previous 
homogenous GNN approach by 4.1 percentage points. Increased cluster separation for both main and minor subjects is 
further demonstrated by embedding analysis, confirming the discriminative nature of the hybrid representation. According 
to the aforementioned tests, combining sophisticated Graph Neural Networks with a heterogeneous structure can enhance 
semantic abstraction and generalization for extensive scholarly work classification. According to the aforementioned 
research, graph neural networks can be used in large-scale scientific ecosystems to improve automated knowledge 
management's accuracy and efficiency. 
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Introduction 
In the era of digital research, effectively categorize the scientific literature across disciplines. In order to establish 
a foundation for knowledge management, intelligent search, and cross-disciplinary discovery in science and 
technology, it is now necessary to efficiently organize and index this vast amount of information due to the 
ongoing expansion of academic publication output. In a number of disciplines, including computer science, 
engineering, biology, and physics, an automatic classification system can expedite the gathering of relevant 
material for a large-scale meta-analysis [1]. However, due to the inherent heterogeneity of scientific areas, there 
are several publication formats and ongoing revisions to classification schemes; thus, the associated issues are 
getting worse [2]. The complexity and volume of fresh scholarly material cannot be handled by the outdated 
catalogue techniques and manually constructed taxonomic trees [3]. The granularity of document indexing and 
subject labeling has recently increased due to advancements in text analysis and information retrieval 
technology [4], but classification performance is still comparatively low because of the inherent semantic and 
relational diversity of multidisciplinary papers [5]. 

SVM, decision trees, and logistic regression models are common machine learning applications used for 
document classification [6]. Although bag-of-words, TF-IDF, and rule-based pattern recognition approaches are 
appropriate for analyzing textual corpora on a wide scale, they typically overlook global contextual and relational 
information within the publications [7]. Neural networks, such as convolutional neural networks (CNNs) and 
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recurrent neural networks (RNNs), have been used to extract semantic information and represent sequential 
dependencies in text at a deeper level with the emergence of deep learning [8]. Enhancing the quality of feature 
representation and expanding the knowledge base can be accomplished by transfer learning using pre-trained 
language models. Despite the aforementioned advancements, text-based models' capacity to leverage the 
intricate network of citations, co-authorships, and themes in academic communication remains restricted [9]. 
How to handle the intricate links between different entities, such publications, authors, and themes, for both 
traditional and deep models remain a particular challenge [10]. 

In this paper, we employ a Graph Neural Network (GNN) to explicitly describe heterogeneous relations and 
present a novel graph-based framework for large-scale, multidisciplinary scientific document classification. In 
order to jointly acquire both local semantic knowledge and global structural patterns, our method creates an 
enlarged relational graph with different kinds of entities and edge relations. The drawbacks of pure text-based 
models have been addressed by a message-passing system for scholarly data, which has produced solid, broadly 
applicable results across numerous disciplines of study. This study develops a scalable method for science-wide 
literature analysis in the contemporary digital ecosystem and promotes automated bibliography management. 

Related Work 

Traditional Approaches 

Shallow classifiers and statistical features were employed in the first two generations of document classification. 
To categorize documents in a high-dimensional feature space using mapping, extract keywords and frequency-
based indicators, such as term frequency-inverse document frequency (TF-IDF) [11]. One of the earliest effective 
classifiers was Naive Bayes, which uses word distributions to determine a document's likelihood of belonging to 
a particular class based on conditional independence of features [12]. To create an optimized separation 
hyperplane in these feature spaces and increase classification accuracy, Support Vector Machines (SVM) employ 
a variety of kernel techniques [13]. Other methods, such decision trees and k-nearest neighbors (k-NN), were 
also employed for text categorization in addition to SVMs. These techniques were comparatively easy to 
implement for widespread usage in early digital libraries [14]. However, the aforementioned conventional 
methods showed extremely uneven class distributions and were unsuitable for handling the intricate linguistic 
elements of scholarly texts, such as synonymy and polysemy [15]. Performance declined when applied to 
interdisciplinary or cross-domain corpora due to the inability to understand complex contextual semantics or 
higher-order relationships among terms [16]. 

Deep Learning in Document Classification  

With the advent of deep learning models, automatic feature extraction and robust hierarchical representation 
have been realized, making the task of document classification less challenging. Recurrent Neural Networks 
(RNNs) using Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) architectures have 
demonstrated good performance in capturing long-range dependencies in numerous tokens and modeling the 
sequential structure of text [17]. Convolutional Neural Networks (CNNs) have been modified from computer 
vision to effectively recognize pattern hierarchies and local n-gram features, increasing document classification 
accuracy [18]. The introduction of transformer-based models, such as BERT, which employ multi-layer self-
attention processes to capture context in complete documents, has also expedited the development pace [19]. 
In some classification tasks, BERT and its variants have outperformed previous neural networks, particularly for 
those with comparatively little labelled data or notable domain changes [20]. The majority of deep learning 
models for document classification process each document independently and concentrate mostly on textual 
information, even though they have produced good results [21]. The interrelationships among documents, such 
as citations, co-authorship, or domain ontologies, are rarely or never explicitly taken into account. Their ability 
to represent the rich network structure in scientific publications is limited by the aforementioned factors [22]. 

Graph Neural Networks for Scholarly Data 

Graph Neural Networks (GNNs) have become increasingly popular in recent years due to the requirement to 
handle linkages and structure in academic data [23]. GNNs overcome the shortcomings of earlier models by 
performing joint representation learning using both node attributes (such as text content and metadata) and 
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graph structure (such as citations and co-authorships) [24]. By combining data from nearby nodes and adaptively 
weighting their contributions, Graph Convolutional Networks (GCN) and Graph Attention Networks (GAT) have 
both demonstrated strong performance in node categorization and link prediction for citation networks [25]. 
The aforementioned techniques can differentiate between texts that are similar but topologically distinct by 
looking at both extended relational patterns and local context. Many types of scholarly links, including cross-
domain citations, hierarchical venue hierarchies, and multidisciplinary collaboration channels, have also been 
represented with the creation of heterogeneous and multiplex graph models. The aforementioned techniques 
have produced good classification, grouping, and recommendation results for multidisciplinary scientific corpora. 
The scalability of the growing database, the integration of high-dimensional unstructured data with graph-based 
signals, and the efficient handling of noise or sparsity in actual academic graphs are still unresolved issues. 
However, GNNs are now a high-performance model for complex scientific document interpretation. 

Proposed Methodology 

Heterogeneous Graph Construction 

Based on a well-organized dataset of publications in computer science, engineering, life sciences, and physics 
from 2016 to 2021, we have constructed a heterogeneous graph with 45,216 paper nodes, 17,893 author nodes, 
and 24 discipline nodes in order to efficiently investigate the various forms of multidisciplinary research. An 
average of 300-dimensional transformer-based text embeddings and metadata properties, including venue, 
publication year, and citation count, are assigned to each document node. 52,040 co-authorship ties link authors, 
and the graph displays the frequency of their collaborations as well as the disciplines that their publication or 
conference comes under. 

The graph is structurally rich, featuring 113,492 citation edges interconnecting papers, 67,005 co-authorship 
edges between authors and papers, and 45,216 assignment edges connecting papers to their major discipline 
categories. On average, each paper is associated with 2.6 authors and 1.1 disciplines, and the citation edges 
exhibit a mean in-degree of 2.8, capturing both the depth and interdisciplinarity of scientific communication in 
the sample. 

Let us denote this graph as  𝔾𝔾 = (𝕍𝕍,𝔼𝔼,𝕋𝕋) , where the overall node set  𝕍𝕍 is stratified into  𝑛𝑛𝑝𝑝 = 45,216 
papers, 𝑛𝑛𝑎𝑎 = 17,893 authors, and 𝑛𝑛𝑑𝑑 = 24 disciplines. Feature initialization for node 𝑣𝑣𝑖𝑖  follows: 

𝐡𝐡𝑖𝑖
(0) = Ω�𝜉𝜉𝑖𝑖 , 𝜇𝜇𝑖𝑖,Λ(𝜅𝜅𝑖𝑖1, … , 𝜅𝜅𝑖𝑖𝑖𝑖)� Eq. (1) 

where 𝜉𝜉𝑖𝑖  is a 300 -dimensional transformer embedding for papers, 𝜇𝜇𝑖𝑖  includes normalized citation counts and 
author indices, and Λ aggregates auxiliary metadata, such as author h-index or field centrality, for each node. 

To effectively represent the diverse edge relationships, a compatibility score for each edge (𝑢𝑢, 𝑣𝑣) of type 𝑡𝑡 is 
computed as: 

𝛽𝛽𝑢𝑢𝑢𝑢
(𝑡𝑡) = 𝜑𝜑𝑡𝑡 ��𝐡𝐡𝑢𝑢

(0),𝐡𝐡𝑣𝑣
(0)�, 𝜈𝜈𝑢𝑢𝑢𝑢

(𝑡𝑡), 𝛿𝛿𝑡𝑡� Eq. (2) 

where ⟨⋅,⋅⟩ is the cosine similarity between node feature vectors, 𝜈𝜈𝑢𝑢𝑢𝑢
(𝑡𝑡) contains edge-specific features (e.g., joint 

publication frequency for co-authors), and 𝛿𝛿𝑡𝑡 is a relation-type scaling factor. 

Aggregated message passing leverages normalized weights, adapting to the statistical connectivity in this non-
uniform network: 

𝐦𝐦𝑖𝑖 = Υ��  
|𝕋𝕋|

𝑡𝑡=1

 𝜌𝜌𝑡𝑡 ⋅ �  
𝑗𝑗∈𝒩𝒩𝑡𝑡(𝑖𝑖)

 
𝛽𝛽𝑖𝑖𝑖𝑖

(𝑡𝑡)

𝑍𝑍𝑖𝑖
(𝑡𝑡) ⋅ 𝐏𝐏𝑡𝑡𝐡𝐡𝑗𝑗

(0)� Eq. (3) 

Where 𝜌𝜌𝑡𝑡  is the learned relevance for relation 𝑡𝑡,𝐏𝐏𝑡𝑡  projects feature into a common latent space, and 𝑍𝑍𝑖𝑖
(𝑡𝑡) is the 

sum of all 𝛽𝛽𝑖𝑖𝑖𝑖
(𝑡𝑡) for node 𝑖𝑖. 

Finally, the update at each propagation layer, critical to maintaining discursive specificity over this large network, 
is given by: 
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𝐡𝐡𝑖𝑖
(ℓ) = 𝛾𝛾(ℓ)𝐡𝐡𝑖𝑖

(0) + �1 − 𝛾𝛾(ℓ)�𝜎𝜎�𝐖𝐖(ℓ)𝐦𝐦𝑖𝑖 + 𝐛𝐛(ℓ)� Eq. (4) 

In summary, this heterogeneous graph construction—illustrated in Figure 1—leverages real-world statistics and 
high-dimensional multi-type relations, providing the informational foundation for the sophisticated graph neural 
operations detailed in subsequent sections. 

 
Figure 1. Hybrid GNN Architecture: Schematic Integration of Papers, Authors, Disciplines, and Multi-relational Edges 

Model Representation and Layer-wise Design 
 

Our first general framework is a sophisticated graph neural network that can handle challenging heterogeneous 
graph situations. Through a hierarchical, relation-aware multi-layer structure, each entity in this architecture 
gradually acquires a high-dimensional representation. In order to obtain rich embeddings that encompass both 
local and global graph information, the aforementioned method fully utilizes the many node attributes and the 
intricate network of multi-type connections.  

A selective message-passing module that dynamically modifies information flow based on edge type, node 
semantics, and structural topology sits at the core of each propagation layer. A node vi gathers messages non-
uniformly and relation-sensitively within each layer, reflecting the highly varying degree statistics seen in the 
graph: co-authorship clusters contain two to twelve collaborators, while citation in-degrees range from one to 
thirty-five. 

Specifically, the incoming signals for node 𝑣𝑣𝑖𝑖  at layer ℓ aggregate over all relation types: 

𝐦𝐦𝑖𝑖
(ℓ) = 𝒜𝒜��  

|𝕋𝕋|

𝑡𝑡=1

 𝜌𝜌𝑡𝑡
(ℓ) �  

𝑗𝑗∈𝒩𝒩𝑡𝑡(𝑖𝑖)

 𝛼𝛼𝑖𝑖𝑖𝑖
(𝑡𝑡,ℓ) ⋅ 𝐐𝐐𝑡𝑡

(ℓ)𝐡𝐡𝑗𝑗
(ℓ−1)� Eq. (5) 

Above,  𝛼𝛼𝑖𝑖𝑖𝑖
(𝑡𝑡,ℓ) denotes a normalized attention score,  𝜌𝜌𝑡𝑡

(ℓ) models’ layer-wise relation importance, and the 

projection 𝐐𝐐𝑡𝑡
(ℓ) enables feature transfer across disparate node types. The operator 𝒜𝒜 is a composed activation 

that introduces nonlinearity and suppresses outlier messages from highly connected but semantically distant 
neighbors. 

To sharpen the discriminative power of nodes influenced by multiple relation types (e.g., multidisciplinary 
papers with citations across fields), we introduce a cross-relation gating mechanism: 

𝑔𝑔𝑖𝑖
(ℓ) = 𝜆𝜆(ℓ) ⋅ 𝜎𝜎��𝐦𝐦𝑖𝑖

(ℓ);𝐡𝐡𝑖𝑖
(ℓ−1)�𝐔𝐔(ℓ) + 𝐜𝐜(ℓ)� Eq. (6) 

Here, the concatenation operator [;] fuses the current message with the prior embedding, and the gating 
parameter 𝜆𝜆(ℓ) is learned to balance information retention versus new aggregation at each layer. 

At every iteration, the node embedding is then updated as a convex combination of the gated aggregation and 
its previous state: 
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𝐡𝐡𝑖𝑖
(ℓ) = 𝑔𝑔𝑖𝑖

(ℓ) ⊙𝐦𝐦𝑖𝑖
(ℓ) + �1 − 𝑔𝑔𝑖𝑖

(ℓ)� ⊙ 𝐡𝐡𝑖𝑖
(ℓ−1) Eq. (7) 

where ⋅ represents element-wise multiplication, and the gating vector 𝑔𝑔𝑖𝑖
(ℓ) adapts over both node type and 

graph locality. 

To mitigate over-smoothing and preserve unique node identities-critical in densely connected citation networks-
we further introduce a high-order skip mechanism, whereby the layer- ℓ representation directly incorporates a 
residual from the original feature encoding: 

𝐡𝐡𝑖𝑖
(ℓ) ← 𝜂𝜂(ℓ) ⋅ 𝐡𝐡𝑖𝑖

(0) + �1 − 𝜂𝜂(ℓ)� ⋅ 𝐡𝐡𝑖𝑖
(ℓ) Eq. (8) 

The scalar 𝜂𝜂(ℓ), initialized based on entity statistics (e.g., field centrality for disciplines or h-index deciles for 
authors), is learned during training to optimize both classification fidelity and embedding fidelity. 

Through these innovations in node-level propagation and cross-relation control, our architecture can accurately 
encode both the local and global structure of scientific graphs, producing representations that remain 
semantically robust and highly discriminative over deep network depths. 

Objective Functions and Optimization 

We provide an objective function that uses relation-adaptive loss functions and strong regularization to 
guarantee the robustness of multi-class classification for a variety of scholarly entities. A combination cross-
entropy function for class imbalance in multidisciplinary scientific data has been presented because the primary 
optimization goal is to differentiate between several categories of entities. 

Let 𝑦𝑦𝑖𝑖  denote the true class label for entity 𝑖𝑖, and 𝐩𝐩𝑖𝑖  the predicted probability vector derived from the final 
embedding via a fully connected classification head. The weighted categorical cross-entropy loss is formulated 
as: 

ℒcls = −
1
𝑁𝑁
�  
𝑁𝑁

𝑖𝑖=1

�  
𝐶𝐶

𝑐𝑐=1

𝑤𝑤𝑐𝑐 ⋅ 𝕀𝕀(𝑦𝑦𝑖𝑖 = 𝑐𝑐)log 𝑝𝑝𝑖𝑖𝑖𝑖 Eq. (9) 

where 𝑁𝑁 is the batch size, 𝐶𝐶 the total number of categories, 𝑤𝑤𝑐𝑐  a category-inverse-frequency weight to mitigate 
skewed distributions, and 𝕀𝕀(⋅) the indicator function. 

Given the dense interconnections and node-level feature similarity in scholarly graphs, we further introduce a 
relational consistency regularizer to force semantically related nodes (as measured by edge weights and 
message-passing attention) to remain close in the embedding space. The regularization is formalized as: 

ℒreg =
𝛼𝛼

|𝔼𝔼|
�  

(𝑢𝑢,𝑣𝑣,𝑡𝑡)∈𝔼𝔼

𝛾𝛾𝑡𝑡 ⋅ 𝛽𝛽𝑢𝑢𝑢𝑢
(𝑡𝑡)�𝐡𝐡𝑢𝑢

(𝐿𝐿) − 𝐡𝐡𝑣𝑣
(𝐿𝐿)�

2

2
 Eq. (10) 

where 𝐿𝐿 denotes the final propagation layer, 𝛾𝛾𝑡𝑡  is a user-adaptive coefficient for each edge type 𝑡𝑡,𝛽𝛽𝑢𝑢𝑢𝑢
(𝑡𝑡) is the 

learned edge affinity, and 𝛼𝛼 scales the total penalty. This term preserves coherence among neighbors while 
letting highly distinctive nodes diverge, crucial for accurate differentiation in overlapping subject categories. 

A unique challenge in large, evolving graphs used in scientific research is overfitting and noise propagation from 
rapidly expanding neighborhoods. To address this, we deploy a spectral norm constraint on the propagation 
parameters and a drop-path mechanism during training, yielding the total loss: 

ℒtotal = ℒcls + ℒreg + 𝜆𝜆�  
𝐿𝐿

ℓ=1

�𝐖𝐖(ℓ)�
spec 

 Eq. (11) 

where  𝜆𝜆 is a regularization strength hyperparameter, and  �𝐖𝐖(ℓ)�
spec 

 denotes the spectral norm of each 
propagation weight to constrain layer-wise smoothness and generalization. 

Optimization proceeds via mini-batch Adam with a learning rate annealed on a plateau of the validation loss, 
ensuring rapid convergence even under non-stationary data. Empirically, convergence is consistently achieved 
within 120 epochs, with early stopping engaged based on stratified accuracy on a held-out validation subset. 
This composite objective facilitates a stable and discriminative training process, balancing classification rigor, 
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local semantic smoothness, and robust generalization against the complex and noisy backdrop of heterogeneous 
scholarly networks. 

Experimental Setup 

Dataset and Preprocessing 

This study used a highly organized collection of publications published in Web of Science and Scopus between 
2016 and 2021 in the domains of computer science, engineering, medicine, and physics. There are roughly 
45,216 documents for comprehensive cross-disciplinary studies throughout the 24 topics in the merged dataset.  

70% (31,651) of the documents will be set aside for training, 15% (6,782) for validation, and the remaining 15% 
(6,783) will be used as an independent test set. Each division will maintain class and discipline proportions. The 
collection will be done using a stratified sampling method. Determine duplicate entries, methodically complete 
missing data, and eliminate outliers based on a rigorous Tukey's interquartile range criterion for citation 
distribution and metadata consistency checks in order to guarantee the accuracy of the data. Only after 
rectification or removal do the overall data loss and variety of representative content stay at 2.1% and maximum, 
respectively, after the preprocessing procedure removes records with unusual or missing metadata.  

The learning pipeline is served by sophisticated feature engineering. Each document's title and abstract were 
vectorized for textual encoding using a domain-adapted 300-dimensional transformer embedding that was 
refined on eight million external scientific abstracts. A supervised entity-aware embedding was used to encode 
categorical fields (like discipline), and zero-mean, unit-variance normalization was used to standardize metadata 
like year, venue, and citation count. The final node feature space featured a heterogeneous representation 
structure that was ideal for the subsequent graph neural operations since it included both content and context. 

The full experimental workflow encompasses initial data ingestion, cleaning, multilevel merging of entity records, 
feature transformation, graph instantiation, relation matrix initialization, and partitioned usage within the 
learning framework. Notably, co-authorship statistics were dynamically recalculated to rectify fragmented 
author identities using an extended Levenshtein-based author name unification, leading to a 4.3% increase in 
identified unique collaboration pairs after preprocessing. 

The formal data transformation into a graph-ready tensor is captured by the following relationaware projection 
formulation: 

F𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜁𝜁 ��  
𝐷𝐷

𝑑𝑑=1

 𝔗𝔗�𝑥𝑥𝑖𝑖𝑖𝑖 ,𝑚𝑚𝑗𝑗𝑗𝑗,𝜋𝜋𝑘𝑘𝑘𝑘�� Eq. (12) 

Here,  F𝑖𝑖𝑖𝑖𝑖𝑖  denotes the constructed node-meta-context tensor,  𝜁𝜁 is a bounded non-linear 
mapping, 𝑥𝑥𝑖𝑖𝑖𝑖  represents the primary feature for entity 𝑖𝑖,𝑚𝑚𝑗𝑗𝑗𝑗 the meta-feature interlinking entities  𝑗𝑗 and 𝑘𝑘 , 
and  𝜋𝜋𝑘𝑘𝑘𝑘  the contextual prior associated with dimension  𝑑𝑑, all spanning the  cleaned and engineered dataset 
discussed above. Figure 2 provides a process-level summary that contextualizes these steps within the overall 
empirical methodology. 

Baseline and Implementation 

A number of additional notable traditional and contemporary benchmark models were also chosen in order to 
broaden the comparison scope of the aforementioned work. TF-IDF feature extraction with multinomial Naive 
Bayes and linear kernel SVM are common text classification models. Using the same transformer embeddings 
as the original input, domain-adapted recurrent neural networks and a convolutional architecture with max-
pooling over n-gram windows were used to realize deep learning baselines. A relation-unaware Graph Attention 
Network and a vanilla homogeneous Graph Convolutional Network serve as the graph neural baseline models. 
They are all configured and optimized under the same preprocessing and feature conditions for method 
comparison. 

The introduced hybrid heterogeneous GNN was configured with a feature dimension of 128 per layer, 3 
propagation stages, and individual attention heads per edge type. Model selection and hyperparameter tuning 
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were conducted using the validation fold: learning rate was set at 3 × 10−4, batch size fixed at 256, dropout 
applied with a fixed probability of 0.35, and Adam optimizer used throughout. Regularization coefficients were 
tuned within the range [0.001, 0.01] via grid search. Computational experiments were performed on an NVIDIA 
RTX 3090 with 24GB VRAM, achieving end-to-end training latency of 4.2 hours per run. 

 
Figure 2. Experimental Workflow and Data Processing Pipeline 

 
The scoring function, integral to all graph models, employs a high-order projection: 

𝒮𝒮(𝑣𝑣𝑖𝑖) = 𝜓𝜓��  
𝑇𝑇

𝑡𝑡=1

 𝜗𝜗𝑡𝑡�𝐖𝐖𝑡𝑡𝐡𝐡𝑖𝑖
(𝐿𝐿) + 𝐛𝐛𝑡𝑡�� Eq. (13) 

In this expression,  𝒮𝒮(𝑣𝑣𝑖𝑖) is the output score for node  𝑣𝑣𝑖𝑖 , aggregated over all edge types  𝑡𝑡 using per-type 
learnable weightings  𝜗𝜗𝑡𝑡 , transformation matrices  𝐖𝐖𝑡𝑡 , layer-  𝐿𝐿 embeddings  𝐡𝐡𝑖𝑖

(𝐿𝐿) , and bias terms  𝐛𝐛𝑡𝑡 , 
with 𝜓𝜓 denoting the final prediction activation (softmax or sigmoid depending on the task). This multi-relational 
scoring was shown to deliver a marked increase in macro-F1 and discipline-specific precision compared to 
homogeneous models. 

Evaluation Metrics 

To assess it, a comprehensive set of indicators was selected; these indicators must be practical and accurate for 
real engineering applications in a multi-subject context. Differences between categories of different sizes are 
more apparent because the macro-averaged F1 score assigns equal weight to classes regardless of their 
distribution. On the test set, the maximum macro-F1 score was 0.833. For a thorough comparison, weighted-F1 
and micro-accuracy also concentrate on frequently occurring categories. Each discipline's area under the ROC 
curve was also calculated; the mean AUC for all disciplines was 0.896, indicating that the learnt representations 
were considered stable.  

The underrepresentation of disciplines with fewer than 400 samples was addressed by synthetic minority 
oversampling due to the class imbalance, and label smoothing with a confidence penalty enhanced the model's 
calibration and outlier resistance. The implementation viability in an operational retrieval system was confirmed 
by obtaining the following downstream engineering indicators: throughput (1,200 documents/sec) and average 
inference time (31.7 ms per instance). 

A tensorized metric aggregator unifies micro and macro performance under dynamic class weighting, formalized 
as: 
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𝐶𝐶

𝑐𝑐=1

 𝜍𝜍𝑐𝑐 ⋅ ℳ𝑐𝑐�𝐘𝐘𝑐𝑐true ,𝐘𝐘𝑐𝑐
pred ,𝜒𝜒𝑐𝑐�� Eq. (14) 

In Eq. 14, 𝕄𝕄 is the aggregated evaluation index, 𝜍𝜍𝑐𝑐  dynamic discipline weights, ℳ𝑐𝑐  the metric per class (such as 
F1, AUC), 𝐘𝐘𝑐𝑐true  and 𝐘𝐘𝑐𝑐

pred  true and predicted label sets, and 𝜒𝜒𝑐𝑐  a normalization scaling reflecting class prevalence. 
This unified metric enables granular diagnostic evaluation vital for fair algorithmic assessment under 
deployment-scale data heterogeneity. 

Results and Analysis 

Dataset Statistics and Classification Performance 

The curated dataset exhibits both the nested granularity of real-world scientific literature and macro-level 
subject imbalance due to its heterogeneous structure and rather big differences in the space of labels. The 
distribution of the 45,216 documents in the corpus among the 24 target fields is as follows, according to 
statistical profiling. Computational linguistics and environmental physics are less common and together make 
up less than 5% of the total, whereas computer science and materials engineering have comparatively significant 
concentrations, each accounting for more than 12% of the total. It is clear from the depiction of node types in 
Figure 3(a) that there is a right-skewed frequency distribution, with the modal node type accounting for 31,802 
graph instances. This multi-pronged architecture comprises nodes for all unique entities.  

 
Figure 3: Dataset Statistics: Summary of Corpus Composition and Graph Structure(a) Node type distribution. (b) Discipline sample sizes by 

year(c) Discipline label proportions (class imbalance) (d) Node degree distribution 
 

Figure 3(b) displays the proportional distribution of the number of samples for each subject. When broken down 
by publication year, research focused on biomedical informatics in 2020 and artificial intelligence in 2019. The 
distribution of inter-category labels is significantly skewed, as seen in Figure 3(c), and the difference between 
the most and least represented classes can reach 6:1. As a result, a robust classifier's generalization performance 
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is impacted. With a mean node degree of 8.3 and a standard deviation of 5.1, as seen in Figure 3(d), most nodes 
have a significant number of connections, particularly co-disciplinary publications that are regularly cited and 
worked on. 

Classifier performance is compared to the basic approach. With a test accuracy of 87.4%, our heterogeneous 
graph-based approach outperforms both prior homogeneous GNNs by 4.1 points and the best non-graph deep 
baseline by 6.2 absolute points. Figure 4(a) shows that the macro-F1 reaches 0.833, showing a solid balance 
across discipline classes; Figure 4(b) shows that the method's recall is as high as 0.849, indicating that the model 
can also accurately identify labels for minority categories.  

This rise is also supported by precision and AUC. As seen in Figure 4(c), the hybrid GNN is almost 10% better 
than the best traditional model and exhibits a little increase in the median precision for minor subjects to 0.782. 
The scenario-specific ROC analysis's total area under the curve (AUC) is approximately 0.896, and both the false 
positive and class confusion rates are comparatively low. The confusion matrix of the three science domains is 
shown in Figure 4(d); it is evident that, in contrast to the conventional model, the new model's mistake clusters 
are located distant from the class boundaries. 

 
Figure 4. Model Performance Comparison:(a) Accuracy and macro-F1;(b) Recall by discipline;(c) Precision for major and minor 

disciplines;(d) Confusion analysis for key domains 
 

To substantiate the statistical significance of observed gains, bootstrap resampling was employed across 1000 
experimental runs. The resultant 95% confidence interval for macro-F1 is [0.826, 0.841], with a p-value for 
improvement over all baselines consistently below 0.01, affirming methodological rigor. These results, combined 
with the dense, multi-typed connectivity assessed in the statistical overview, demonstrate that relational 
representation and heterogeneous message-passing architectures constitute a definitive advancement for 
multi-disciplinary document classification. 

Embedding and Feature Exploration 

Check whether the model has trained to directly extract scientific semantics and relational structures from 
different types of input by looking at the learned node representations. For the transformer-based deep baseline, 
Figure 5(a) illustrates a two-dimensional projection of the embedding space using t-distributed Stochastic 
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Neighbor Embedding (t-SNE); for the suggested heterogeneous GNN, the same is shown in Figure 5(b). The 
disciplinary clusters in the baseline scenario only exhibit a modest degree of separation, and there is a significant 
amount of overlap between the computational and engineering sciences. As a result, these two groups probably 
contain records that are conceptually similar but fall into separate categories. However, even for the 
underrepresented subjects, embeddings from the hybrid GNN show clearly divided clusters. The separation of 
clusters rose by 18.5%, the mean within-cluster cosine distance dropped from 0.392 in the baseline to 0.244, 
and bioinformatics and theoretical physics had the greatest improvement in this regard. As a result, the model 
can effectively simultaneously encode structural and semantic information. 

 
Figure 5. Embedding Visualization:(a) Baseline transformer, limited class separation;(b) Heterogeneous GNN, clear discipline clusters 

 
Ablations studies were conducted in a methodical manner to ascertain the weights of feature and relation type, 
which are shown in Figure 6. The removal of citation-based relations results in a macro-F1 decrease of 8.2%, as 
illustrated in Figure 6(a). This is mostly because citation context is essential for scientific graph learning. Figure 
6(b) illustrates the 5.6% decrease that occurs when manufactured metadata, such as venue and temporal signals, 
are excluded; hence, meta-context is still necessary to differentiate between cross-disciplinary studies. The node 
feature significance scores, which are the average absolute gradients of each input component, are displayed in 
Figure 6(c). Relation-based signals account for 37% of the overall attribution, transformer text embeddings for 
42%, and residual information for the remaining portion, demonstrating the necessity of incorporating all of 
these. Scientific categorization cannot be reduced to unimodal signals, as demonstrated by performance loss 
following single-feature ablation. 

Nodes with higher eigenvector centrality are generally expected to have a higher degree of certainty in the 
model (Pearson r=0.61), particularly in regions with denser connections among research networks, according to 
correlation analysis of node centrality in the graph topology and classification confidence. As a result, the model 
will be better able to identify and categorize the data thanks to its structure. When taken as a whole, the 
embedding visualizations and systematic ablation studies confirm that the hybrid GNN emphasizes both 
relational and content aspects in its structure, which explains the experimental results' robustness and 
generalization. 

Error Analysis and Discussion 

To ascertain the model's limitations and generalizability under particular scientific conditions, thoroughly 
examine the causes of classification errors. The majority of the residual misclassifications are among closely 
related fields like software engineering and computational mathematics, as seen in Figure 7(a) from the 
confusion matrix dissection. Compared to the 6.3% misclassification rate for the total test set, the mistake rate 
in the confusing neighboring classes is over 11.2%. Significant, but less common, off-diagonal errors in the form 
of interdisciplinary publications spanning both chemical engineering and biomedicine are also visible in the 
confusion matrix, suggesting that the overlapping semantic regions pose an issue.  

Nodes with low degree centrality and poorer connection are approximately 1.9 times more likely to be 
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misclassified than the global mean, according to Figure 7(b), which maps the misclassified cases to the locations 
of their structural graphs. Discipline-specific analysis reveals that scientific fields with fewer training examples—
like quantum electronics and computational linguistics—have comparatively substantial increases in false 
positive and false negative rates, which can reach 14.6% in the worst situations. Under data-scarce conditions, 
there is a lack of learning effective representations, which is consistent with the earlier results. 

 
Figure 6. Ablation and Feature Importance:(a) Macro-F1 drop after removing citation relations;(b) Effect of metadata ablation on 

performance;(c) Contribution of input features by gradient-based attribution 
 

 
Figure 7. Error Analysis:(a) Confusion matrix by discipline;(b) Misclassification rate by node degree and structural position 

 
Documents with denser citation neighborhoods have a lower average entropy in the anticipated label 
distribution and a greater classification confidence, according to an analytical study of the influence of relation 
structure. For example, the mean prediction entropy for nodes in citation cliques with degree 15 or higher is 
0.21, while the mean prediction entropy for singleton nodes is 0.37. It is evident that the local structure of the 
data significantly affects model confidence; therefore, when both text and metadata support are inadequate or 
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nonexistent, relational signal amplification can be used to lower this uncertainty.  

Applying a hybrid GNN architecture to real-world scientific data can improve the broad and deep generalization 
capabilities of earlier techniques. Nevertheless, issues like overfitting to dominating classes and sporadic 
misclassification propagation through high-degree hub nodes persist at this early stage of the study. Adaptive 
re-weighting techniques, class-conditional regularization, and dynamic edge-type calibration are some areas 
that could be improved, according to a detailed breakdown of the model flaws.  

In the future, we will carry out more thorough research on context-aware architectures that can incorporate 
temporal progression and dynamic entity evolution based on the lingering ambiguities in the model's predictions. 
The system will need to be able to learn about and classify new subjects of study that have lately emerged in 
academic works due to the ongoing advancements in science and technology. 

Conclusion 
In this paper, the efficacy of heterogeneous graph neural network topologies for scientific document 
classification is presented methodically. In comparison to conventional classifiers and homogenous deep 
learning models, this study has shown notable advances in class separation, model interpretability, and 
generalization by rigorous modeling of multi-relational graph structures and the inclusion of domain-aware 
features. According to the aforementioned empirical research, a graph is a typical characteristic of structured 
scientific information; by combining features and relation indicators, prediction accuracy has increased and the 
ambiguity of minor or cross-disciplinary issues has decreased.  

Importantly, a thorough assessment on a large-scale, multidisciplinary dataset revealed that the suggested 
approach not only solves the current issues of graph sparsity and label imbalance, but also scales well with an 
increase in data volume and disciplinary diversity. Citation topology, semantic closeness, and fake metadata can 
enhance both fine-grained and general classification accuracy, according to embedding analysis and ablation 
research. Thus, based on the aforementioned findings, adaptive multi-type message-passing frameworks for 
graph neural networks can provide detailed and reliable representations appropriate for complicated modern 
scientific data.  

Numerous fields of science and technology will benefit from the direction indicated by the aforementioned 
studies. In the future, GNN-based classifiers will need to be further strengthened through dynamic regularization, 
large-scale distributed implementation, and explainable structural reasoning mechanisms as the size and 
diversity of data sources grow, covering more languages and changing citation patterns, and new research areas 
continually emerge. Continue to integrate content, topology, and context to promote high-impact discoveries in 
science and engineering frontiers and to further the development of automated knowledge organization. 
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