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Abstract. With the increase in scientific and engineering literature, extracting useful information from complex text corpora 
has become increasingly difficult. To address this need, an unsupervised method employs graph-based text ranking and deep 
semantic information generated by BERT. This method automatically extracts keywords from technical texts. To some extent, 
some semantic-based methods can handle changes in document structure while addressing the shortcomings of traditional 
methods in identifying context-related terms. Describe the topological structure and meaning of the document, as well as 
the construction of dynamic co-occurrence graphs and the generation of context-sensitive embedding vectors. According to 
the novel graph embedding fusion technique, candidates are ranked based on their structural prominence and contextual 
specificity. Comprehensive experiments conducted on benchmark datasets in computational linguistics, medical literature 
analysis, and engineering patent classification show that this method outperforms traditional models in terms of recall, 
accuracy, and F1-score. Further cross-domain analysis demonstrates its strong generalization ability and continued good 
performance under domain transfer and new terminology. The errors revealed actual issues in multilingual and structurally 
erroneous texts, providing direction for improvement. This paper proposes a feasible method for extracting key terms from 
technical documents. By quickly leveraging changes in the field of science and technology to improve the accuracy of 
information. 
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Introduction 

Currently, scholars, librarians, and experts in fields such as knowledge acquisition, storage, and organization are 
facing the rapid expansion of scientific and technical information sources. Due to the technological 
advancements in publishing systems and open access projects, digital technology papers are rapidly expanding 
on academic platforms and repositories. In order to support the advancement of scientific research and 
technological innovation, it is necessary to quickly identify relevant materials, summarize key points, and 
conveniently organize them [1,2]. Common methods for generating automatic keywords in technical documents 
help users quickly index and retrieve information, perform semantic queries, and build knowledge networks 
[3,4]. The effectiveness of information retrieval and post-retrieval applications, such as recommendation 
systems and document clustering, can be enhanced by correctly selecting a set of representative keywords [5,6]. 

Due to the lack of need for annotated corpora or linguistic knowledge, unsupervised keyword extraction 
methods are more popular [7,8]. These algorithms use word proximity and iterative ranking schemes to create 
graph models to identify core terms. Merely using statistics and structure cannot fully reveal the depth of 
semantics, as it may lack terms that are dependent on specific domains or contexts. On the other hand, deep 
learning models have advantages in capturing deep semantic structures thru context-aware embeddings and 
transfer learning (such as transformers) [9]. Neural methods often experience overfitting when recognizing 
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surface patterns, failing to understand the fundamental connections between different technical terms and not 
fully integrating the global distribution patterns of words. With the continuous advancement of research 
frontiers, information obtained solely thru structural or semantic analysis is becoming increasingly insufficient, 
thus necessitating the adoption of integrated methods [10]. 

This paper proposes a novel method to address these issues by combining the high robustness characteristics of 
graph-based methods with the semantic strength brought by pre-trained language models. By integrating the 
generated TextRank structure and the contextual representations provided by BERT, the accuracy of keyword 
recognition across multiple technical topics is improved in an unsupervised manner. This method can not only 
identify significant overlapping connections but also uncover hidden overlapping connections in complex 
scientific materials. To verify whether the proposed model is effective and applicable on a large number of well-
known datasets across various engineering disciplines. This section will introduce relevant domestic and 
international research, the technical implementation of the entire system, experimental design and results, key 
analysis, and conclusions. Provide new directions to improve unsupervised keyword extraction in the modern 
information environment. 

Related Work 

Unsupervised Keyword Extraction Approaches 

Due to the lack of labeled data and the need for domain adaptation, early automatic keyword extraction 
research was primarily unsupervised. TF-IDF statistics are often used for ranking words and phrases; in broader 
documents, the frequency is higher than in other contexts [11]. When dealing with domain-specific data of 
frequently occurring terms in the context of scientific literature, simple methods are sufficient. 

Text Rank has become one of the foundations for unsupervised document structuring in graph-based methods. 
The Text Rank model treats the main body of a paper as an undirected weighted graph; then, it uses the 
PageRank algorithm to evaluate these nodes to determine the relative importance of different sentences in the 
academic article [12]. By using preprocessing and edge weight strategies, Text Rank can more broadly utilize 
keywords from various fields [13]. Topic Rank is based on this concept, enhancing the diversity and scope of 
keyframe extraction by clustering candidates and ranking topics instead of ranking words individually [14]. On 
the other hand, these statistical and graphical methods overlook the deeper semantic connections that may be 
crucial in term-dense or highly technical texts [15,16]. Due to this balance, research on unsupervised extraction 
methods is still ongoing. 

Semantic Representation in Keyword Extraction 

The progress in natural language processing is related to the improvement of semantic representation and is 
gradually evolving toward deeper context-aware embedding techniques. Early distributed representation 
models, such as Word2Vec and GloVe, used fixed-length, context-independent word embeddings to help 
identify semantic similarity, but they were not sensitive to contextual information [17]. Deep pre-trained 
language models like BERT and transformers, which understand text based on context, have recently sparked 
significant controversy [18]. BERT is relatively effective in preventing ambiguity because it can encode both sides 
of a sentence, thereby distinguishing subtle differences in technical expressions. 

During the keyword extraction process, semantic models are used to enrich and rank candidates. Methods based 
on embeddings can improve the inference of term topicality or thematic relevance. Due to the lack of sufficient 
co-occurrence examples, this may not be very realistic [19]. The application of BERT and its variants in 
unsupervised keyword extraction remains challenging. Embeddings perform well in semantic matching, but they 
cannot identify potentially more important keywords because they are related to specific cases or structural 
positioning [20,21]. The ability of pre-trained models to function in cross-domain applications is limited by high 
computational costs and the risk of overfitting [22]. Due to these drawbacks, more in-depth research was 
conducted to combine semantic depth with other types of document structures. 
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Hybrid Models in Technical Document Processing 

According to recent research, a hybrid model of structural-semantic analysis can be used to extract keywords 
from technical literature, thereby improving the quality of keywords extracted from technical documents. The 
most common method to enhance traditional approaches by adding semantic similarity measures derived from 
current word embeddings is to use TextRank to achieve this. To redefine the edge weights in the co-occurrence 
graph, variants of TextRank incorporate word embeddings [23]. This aligns the importance of the graph with 
semantic similarity and text adjacency. Graph fusion and multi-view ranking methods simultaneously optimize 
many statistics and semantics, achieving satisfactory results in benchmarks [24]. 

Hybrid structures go beyond word-level combinations by integrating topic modeling, semantic clustering, and 
transformer embedding methods, or by constructing post-optimization ranking mechanisms. When using 
technical terms in scientific or engineering papers, the context, meaning, and emphasis structure can provide 
clear information content. Current research often encounters issues such as high parameter requirements, 
insufficient scalability, and domain-specific limitations during application. This study combines the TextRank and 
BERT methods, referred to as "modularization," to achieve good generalization performance under weak 
supervision and broad applicability. Create a new system that leverages the shortcomings of hybrid models to 
provide theoretical support for subsequent unsupervised keyword extraction systems in specialized collections 
[25]. 

Proposed Methodology 

System Architecture Overview 

In order to meet the technical requirements of technical documents, the keyword extraction system is designed 
based on the combination of two specific information sources and some extended automatic semantic 
recognition methods. Figure 1 shows the three main components of the overall structure: document 
preprocessing, semantic graph construction, and adaptive keyword scoring and selection. Unlike traditional 
systems, our approach dynamically combines statistical graph representations with higher-order contextual 
embeddings to ensure that both have global document connectivity and nuanced semantics. 

 
Figure 1. System Architecture Diagram  

 
The input document has undergone strict normalization to ensure the accurate display of high-quality text that 
meets the requirements for precise data collection. A parallel dual-stream encoding pipeline will be used to 
normalize the text. One stream constructs a weighted co-occurrence graph. In Figure 1, the nodes are candidate 
words, and the edges convey statistical significance based on frequency and position. Another part uses deep 
traditional networks to embed all candidate words and output context vectors, increasing complexity; it 
distinguishes phonetically similar words based on their surface forms within this structure. 
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The graph embedding fusion layer is the most innovative feature of this design. Combining the learned semantic 
space with the data from the statistical graph. The adaptive propagation of node relevance scores takes into 
account the edge connectivity and the correlation between neighbor embeddings in the high-dimensional 
language model space. Fusion can help identify more topologically central and context-dependent keywords, 
thereby overcoming the shortcomings of statistical or semantic analysis methods. 

The selection module displayed an adaptive gating function. This function can control scale heterogeneity and 
allocate fusion score uniformity, thereby simultaneously improving recall and precision. The mathematical 
formula for the selected comprehensive scoring function is as follows: 

𝑆𝑆(𝑘𝑘𝑖𝑖) = 𝛾𝛾 ��  
𝑗𝑗≠𝑖𝑖

 𝑤𝑤𝑖𝑖 ,𝑗𝑗 ⋅ 𝑓𝑓 �
𝜙𝜙�𝐞𝐞𝑖𝑖 , 𝐞𝐞𝑗𝑗�
𝜆𝜆 + 𝜓𝜓�𝑑𝑑𝑖𝑖,𝑗𝑗�

�� + (1 − 𝛾𝛾)𝛼𝛼 ⋅ 𝜉𝜉(𝐞𝐞𝑖𝑖 ,𝐄𝐄) + 𝛿𝛿𝛿𝛿(𝜏𝜏𝑖𝑖) Eq.(1) 

where  𝑆𝑆(𝑘𝑘𝑖𝑖) is the fused importance for candidate  𝑘𝑘𝑖𝑖 ,𝑤𝑤𝑖𝑖 ,𝑗𝑗 represents an advanced positionaladaptive edge 
weight between candidates 𝑖𝑖 and 𝑗𝑗 in the graph, 𝐞𝐞𝑖𝑖  denotes the BERT-derived embedding of 𝑘𝑘𝑖𝑖 ,𝜙𝜙(⋅) computes 
a normalized semantic affinity,  𝜓𝜓�𝑑𝑑𝑖𝑖,𝑗𝑗� encodes a positionregularized attenuation for inter-term 
distance, 𝜉𝜉(𝐞𝐞𝑖𝑖 ,𝐄𝐄) measures context-differentiability within the entire set of candidates, and 𝜌𝜌(𝜏𝜏𝑖𝑖) provides a 
prior adjustment for thematic alignment or phrase structure, with adaptive gating via 𝛾𝛾,𝛼𝛼, and 𝛿𝛿. 

This design allows the combination of graph centrality concepts and deep contextual semantic representations 
to provide a reliable foundation for automatic keyword extraction. 

Text Graph Construction and Embedding Integration 

Using semantic graph representation learning and deep feature embedding is the core of the aforementioned 
system, aiming to improve the accuracy and completeness of technical term retrieval. Create a co-occurrence 
graph, where the nodes of the graph correspond to term candidates extracted from the original text data thru 
normalization, and these candidates have statistical significance. In this graph, the weight of the edges is 
determined by the distance between the tokens, as well as the boundaries of the chapters and the structural 
characteristics of the specific domain. The boundaries contain local and overall information within the text. 

The foundation of transition computation is formalized as: 

𝑃𝑃𝑖𝑖→𝑗𝑗 =
𝑤𝑤𝑖𝑖,𝑗𝑗
𝜇𝜇 ⋅ 𝜒𝜒�𝜋𝜋𝑖𝑖,𝑗𝑗�

∑  𝑘𝑘  𝑤𝑤𝑖𝑖,𝑘𝑘
𝜇𝜇 ⋅ 𝜒𝜒�𝜋𝜋𝑖𝑖,𝑘𝑘�

 Eq.(2) 

where 𝑃𝑃𝑖𝑖→𝑗𝑗  is the stochastic transition probability from node 𝑖𝑖 to 𝑗𝑗,𝑤𝑤𝑖𝑖,𝑗𝑗  encapsulates composite adjacency and 
co-occurrence,  𝜇𝜇 is an empirically optimized nonlinearity exponent, and  𝜒𝜒�𝜋𝜋𝑖𝑖,𝑗𝑗� introduces a section-aware 
penalty or reward function based on document partitional distance. 

To reinforce this graph structure with contextual semantics, each candidate 𝑘𝑘𝑖𝑖  is encoded using a BERT-based 
transformer, yielding embeddings 𝐞𝐞𝑖𝑖  that reflect technical specificity. The semantic affinity between any two 
candidates is captured by a scaled cosine similarity function: 

𝜓𝜓𝑖𝑖,𝑗𝑗 =
�𝐞𝐞𝑖𝑖 , 𝐞𝐞𝑗𝑗�

‖𝐞𝐞𝑖𝑖‖�𝐞𝐞𝑗𝑗� + 𝜖𝜖
 Eq.(3) 

This affinity modifies the graph structure through dynamic weight recalibration for each edge, resulting in a 
semantic-augmented adjacency matrix that captures both statistical relatedness and contextual similarity. 

The node scoring paradigm dissolves the separation between topological prominence and semantic salience by 
aggregating graph-based and embedding-based evidence as: 

𝜅𝜅𝑖𝑖 = 𝜎𝜎 �𝛽𝛽1 ⋅ 𝛼𝛼𝑖𝑖 + 𝛽𝛽2 ⋅
1

|𝑁𝑁(𝑖𝑖)|
�  
𝑗𝑗∈𝑁𝑁(𝑖𝑖)

 𝜓𝜓𝑖𝑖,𝑗𝑗� Eq.(4) 

Here, 𝛼𝛼𝑖𝑖  denotes classical TextRank/graph centrality for candidate 𝑖𝑖,𝜓𝜓𝑖𝑖,𝑗𝑗  is the contextual affinity averaged over 
neighbors 𝑁𝑁(𝑖𝑖), and 𝜎𝜎 is a nonlinear gating function, with weights 𝛽𝛽1 and 𝛽𝛽2 tuned under supervised validation. 
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Candidate embeddings themselves are subject to further structuring: the BERT representation 𝐞𝐞𝑖𝑖  is derived as a 
weighted aggregation across the token span of 𝑘𝑘𝑖𝑖  : 

𝐞𝐞𝑖𝑖 = �  
𝑒𝑒𝑖𝑖

𝑡𝑡=𝑠𝑠𝑖𝑖

𝜔𝜔𝑡𝑡 ⋅ 𝐡𝐡𝑡𝑡 Eq.(5) 

With [𝑠𝑠𝑖𝑖 , 𝑒𝑒𝑖𝑖] demarcating the span of candidate 𝑖𝑖 and 𝜔𝜔𝑡𝑡  representing a context-aware weighting for each sub-
token's hidden vector 𝐡𝐡𝑡𝑡. 

The final fusion score for each node synthesizes graph-based and semantic dimensions through an adaptive 
mechanism: 

𝐺𝐺𝑖𝑖 = 𝜏𝜏(𝜅𝜅𝑖𝑖 , 𝐞𝐞𝑖𝑖 ,𝒞𝒞) = 𝜂𝜂 ⋅ 𝜅𝜅𝑖𝑖 + (1 − 𝜂𝜂) ⋅
1

|𝒞𝒞|
� 
𝑗𝑗∈𝒞𝒞

𝜓𝜓𝑖𝑖,𝑗𝑗  Eq.(6) 

where 𝒞𝒞 denotes the set of all candidates, and 𝜂𝜂 is a learned parameter balancing structural and semantic 
contributions. 

Final keyword selection is operationalized through a posterior thresholding function: 

𝒦𝒦� = {𝑘𝑘𝑖𝑖 ∣ 𝐺𝐺𝑖𝑖 > Ω, 𝑟𝑟𝑖𝑖 < 𝜌𝜌} Eq.(7) 
Here, Ω is an adaptive threshold derived from the multimodal score distribution, while 𝑟𝑟𝑖𝑖  captures candidate 
redundancy relative to already selected terms, constrained by the rank parameter 𝜌𝜌. 

Throughout this process, the workflow maintains computational efficiency by pre-filtering invalid spans and 
down-weighting generic or stopword-affiliated candidates at both graph and embedding stages. Figure 2 
illustrates a complete extraction pipeline, including text normalization, graph initialization, word embedding 
extraction, score propagation, and final ensemble selection. 

 
Figure 2. Keyword Extraction Workflow Chart 

Algorithm Implementation Details 

In order to achieve a key value extraction system, special attention needs to be paid to two aspects: the accuracy 
of the algorithm and the speed of the algorithm in handling various structures and terminologies in complex 
technical documents. In this case, the processing workflow optimized extraction accuracy, speed, and durability. 

Normalize the input document, using a combination of vocabulary-structure heuristics to determine whether 
the candidate options are single words or multi-word scientific terms (e.g., formulas), taking into account the 
characteristics of the specific field, such as jargon or abbreviations. Removed general connectors and high-
frequency stop words that lack technical meaning from the candidate range. 

During the graph construction phase, the adjacency matrix is dynamically updated while parsing the text. The 
weight of each edge is determined by the normalized co-occurrence frequency and the penalty distance across 
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time slices. Term relationships are appropriately enhanced based on their relative positions within paragraphs 
and across paragraphs. 

Embedding extraction uses improved BERT or other domain-specific models to convert each candidate word 
into an embedding by aggregating the output values of all constituent tokens. Contextual smoothing layers are 
used in the embeddings to prevent overfitting and promote widespread application in other technical fields. 

The basic characteristic of the normalization function is to use the original importance scores separately. This is 
marked as 

Norm(𝑥⃗𝑥) =
𝑥𝑥𝑖𝑖 − Median(𝑥⃗𝑥)

MAD(𝑥⃗𝑥) + 𝜖𝜖
 Eq.(8) 

where Median(𝑥⃗𝑥) denotes the median of the candidate score vector and MAD ( 𝑥⃗𝑥 ) represents the median 
absolute deviation, is designed to robustly reduce the effect of outliers and heavytailed distributions 
characteristic of technical documents. 

The iterative expression completes the ranking propagation and score update: 

𝐬𝐬(𝑡𝑡+1) = (1 − 𝜉𝜉) ⋅ 𝐌𝐌𝐬𝐬(𝑡𝑡) + 𝜉𝜉 ⋅ 𝐪𝐪 Eq.(9) 
where 𝐬𝐬(𝑡𝑡) is the score vector at iteration 𝑡𝑡,𝐌𝐌 denotes the fused transition matrix incorporating both graph and 
semantic affinities, 𝜉𝜉 is the contextual reset probability which accelerates convergence and alleviates rank sink, 
and  𝐪𝐪 is the personalized preference vector initialized according to section prominence and embedding 
centrality. 

Carefully optimize the sparse matrix computation process to enable batch embedding, support parallel 
computing for graph construction, and candidate evaluation, etc. Select hyperparameter experiments for 
subsequent work, including fusion weights, semantic thresholds, and sliding window sizes, which were 
discovered during the validation of various technical corpora in this study. 

Based on this, conduct a holistic and harmonious adjustment of structural analysis, semantic interpretation, and 
redundancy control; sequentially sort all words to form the best candidate words: 

Score𝑖𝑖 = 𝜔𝜔1 ⋅ Norm(𝑇𝑇𝑅𝑅𝑖𝑖) + 𝜔𝜔2 ⋅ Norm(𝐵𝐵𝐵𝐵𝐵𝐵𝑇𝑇𝑖𝑖) + 𝜔𝜔3 ⋅ SimPenalty𝑖𝑖  Eq.(10) 
where  𝜔𝜔1,𝜔𝜔2,𝜔𝜔3 are feature weights summing to  1, Norm(𝑇𝑇𝑅𝑅𝑖𝑖) and Norm(𝐵𝐵𝐵𝐵𝐵𝐵𝑇𝑇𝑖𝑖) denote the normalized 
TextRank and BERT-based scores, respectively, and SimPenalty  𝑖𝑖 quantifies the negative average embedding 
similarity of 𝑘𝑘𝑖𝑖  to already selected keywords, thereby penalizing excessive redundancy and promoting coverage 
diversity. 

A dynamic suppression mechanism will be introduced to penalize terms that have similar semantics or structure 
to the selected terms, in order to avoid redundancy in the final key list. In order to meet the practical need for 
high reliability in a highly trusted scientific environment, a sufficiently domain-specific and relatively simple set 
of choices can be created by systematically integrating filters, normalization, iterative optimization, and 
redundancy elimination methods. 

Experimental design and analysis 

Datasets and Preprocessing 

Computational linguistics, biomedical sciences, and multi-domain engineering are three rigorously selected 
databases used for empirical validation. The complexity and technical details of document formation must be 
increased to evaluate the method's performance in terms of domain robustness and adaptability, thereby 
enhancing disciplinary diversity. The computer science dataset includes all international review conferences and 
peer-reviewed journals from the AACL proceedings. Biomedical Collection: Gene, drug, and clinical trial 
literature from PubMed abstracts. This engineering collection brings together many important patents, including 
electrical and mechanical innovations. 

Each document set has undergone a series of complex multi-stage preprocessing pipelines. Use XML, LaTeX, or 
plain unstructured formats to construct the logical boundaries of text documents. Rule-based parsing: Before 
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extracting candidate words, custom tokenization adds techniques for handling chemical symbols, formula 
sections, and abbreviations. 

The noise filter group eliminated peripheral references, subtitle artifacts, and metadata, while retaining context 
thru lemmatization and phrase mining, which identified multi-word scientific terms that were missed by simple 
tokenization. Mutual information models and statistical collocations help identify compound expressions with 
terminological significance, especially in engineering narratives. Figure 3 provides an overview of the dataset 
composition, comparing the document volume and lexical richness across these fields. It shows significant 
differences in document density and lexical complexity, which are the basis for the difficulties in subsequent 
extraction. 

 
Figure 3. Dataset Distribution Chart: (a) Document count by domain; (b) Unique vocabulary size for each corpus 

 
Using physical balancing techniques can improve specific biases in the data collection status of each field and 
enhance the fairness of the display. According to the publication year and source type, stratify randomly again 
to ensure that the document lengths in each subject area of these groups are roughly the same. In order to 
enhance the statistical power of comparative analysis and firmly root subsequent extraction results in more 
complex extraction domains. 

Evaluation Metrics and Baselines 

Quantitative evaluation follows the professional standards of information extraction and refers to the author's 
contributions or manually annotated keywords. Use recall, precision, and F1 score to measure the correctness 
of documents at each point. Both of these belong to generalization or selective bias algorithms. As shown in 
Figure 4, the results are as follows: Furthermore, Figure 4(a) shows the accuracy of each domain and extraction 
method, Figure 4(b) shows the recall situation, and Figure 4(c) shows the F1-score distribution curve. 

Precision (𝑃𝑃) is defined as the proportion of correctly extracted keywords relative to the total set of extracted 
candidates.Recall (𝑅𝑅)  is the proportion of ground-truth keywords successfully identified by the system, 
capturing coverage quality.The harmonic mean of precision and recall, F1 score (𝐹𝐹1), provides a single summary 
measure that penalizes imbalanced extraction.These metrics allow consistent benchmarking of the system 
across corpora of differing density and annotation style. Keyword list lengths are fixed for each document 
according to reference conventions described in the dataset overview. 

The experimental benchmark evaluated three representation paradigms: TF-IDF as a statistical standard, 
TextRank showing graph-based reasoning, and KeyBERT, the state-of-the-art deep contextual ranking capture 
method. Each system has the same preprocessed candidate pool. TF-IDF relies on n-gram frequency analysis, 
the TextRank model on co-occurrence centrality, while KeyBERT uses transformer-based similarity scoring. 

Quantify the variability of indicators in 1,000 resamples using the stratified bootstrap method, providing 
confidence intervals for each method to further validate the robustness of the indicators. The paired t-test was 
rigorously applied to all indicators to ensure that performance differences were statistically significant and not 
due to dataset characteristics. Due to this comprehensive statistical control, the rigor of the methodology and 
the reliability of the comparative results have been enhanced. 
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Comparative Results and Ablation Study 

The fusion method outperforms other methods in extract recognition. The visualization results in Figure 5 
supports the above viewpoint.  Figure 5(a) shows the extent to which the F1 score decreases after disabling the 
semantic embedding module, indicating the importance of semantic information. In contrast, Figure 5(b) shows 
that the F1 score decreases after removing high-level edge weights from the graph structure; this factor helps 
distinguish candidates in different domains. 

 
Figure 4. Precision-Recall-F1 Comparison: (a) Precision by domain; (b) Recall across methods and datasets; (c) F1 performance aggregated 

for all algorithm-domain pairs 
 

 
Figure 5. Ablation Study Results: (a) Relative F1 reduction from semantic module omission; (b) Impact of disabling edge weighting, by 

document category 
 

In the ablation experiment, the system is dismantled by separating its multiple subsystems. In ambiguous 
environments, disabling the generation of semantic embedding fusion can lead to performance degradation. 
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Due to the reduction in edge weights, the accuracy has significantly decreased, and the differences between 
candidates are also very small. Provided overall data and also identified the causes of these issues thru in-depth 
investigation. Most of the residual’s stem from highly idiomatic expressions or recently developed technical 
terms, which do not have corresponding entries in the embeddings of the current domain or appear too 
infrequently in the training data for graphs and semantics. Under cross-domain transfer test conditions, when 
retraining on only two domains to evaluate the performance of another domain, the F1 score loss is less than 
15%. Has strong generalization ability. Each ablation experiment is accompanied by a visualization of the ranking 
distribution before and after. The complete model shows improved candidate differentiation under various 
semantic anomaly conditions, such as concept shifts in dynamically changing areas or the addition of new words. 

Performance on Benchmark Datasets 

Each benchmark dataset provides a detailed description, demonstrating the empirical validity of the method. As 
shown in Figure 6, the precision, recall, F1 score, and area under the curve (AUC) for each domain and system 
are reported. The model has made significant progress compared to the established benchmarks, especially in 
corpora with a large number of terms and ambiguities. In Figure 6(a), the average F1 score of the engineering 
dataset exceeds 0.76, surpassing TextRank and BERT-based techniques by at least 7%. This improvement is most 
evident in patents involving multi-layered terms, where joint semantic structure extraction reduces the 
likelihood of under-selection by traditional n-gram models.  Figure 6(b) shows the biomedical results, indicating 
that the system can accurately identify medical terms that the frequency-limiting method overlooked, as the 
recall rate significantly increased without a corresponding drop in precision. 

 
Figure 6. Benchmark Dataset Results: (a) F1 scores across domains and models; (b) Recall performance by dataset; (c) ROC curves for 

computational linguistics subset; (d) Macro-F1 distribution for all benchmark datasets 
 

Figure 6(c) shows the precision-recall curve of the model on the computational linguistics dataset. The high-
density point region on the ROC curve is considered to have sufficient test performance and will not lead to 
overfitting thru extensive expansion. Figure 6(d) extends the above analysis of the macro-average F1 scores 
across different datasets; the smaller variance here indicates reduced variability and domain errors. These 
results provide a comprehensive background for the sensitivity analysis of various datasets and their specific 
words in order. 

The comparison between the baseline and the new method is more pronounced because the document design 
is less formalized or has less annotation noise. For example, in engineering patents with the highest composite 
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entity frequency and context drift, statistical models perform poorly. The proposed system utilizes global context 
and adaptive co-occurrence for robust extraction. In biomedical records, the widespread use of new words and 
abbreviations often reduces baseline accuracy. The structure of the semantic module helps maintain recall rates 
and reduce domain-specific defects. Figure 6(d) shows the reliability of this method in high-density and sparse 
term environments, as it has superior macro F1 scores and minimal interquartile ranges. 

Extracting consistency under different document sizes and candidate pool expansions is another point of analysis. 
Even with a 25% manual increase in false terms, the accuracy still remains above 0.68, demonstrating resistance 
to noise interference and good candidate ranking. Due to the fact that annotations are often incomplete and 
the input is highly heterogeneous, this level of performance is crucial for real-world applications. This ensures 
the value of this method as a universal extraction core in domain-intensive information systems. 

Domain Adaptation and Case Studies 

To rigorously evaluate domain adaptation, we train the model on two domains and then directly test it on a third 
domain to determine whether it has truly generalized across different contexts. Figure 7 shows the quantity and 
quality of the corresponding cross-domain results. As shown in Figure 7(a), the cross-domain F1 score decreases 
by no more than 13% in all cases, with the baseline performance of each domain remaining stable. The 
transferability test from biomedicine to engineering (Figure 7(b)) still maintains a recall rate of over 85%, and 
using some high-frequency bigrams from engineering disciplines is more effective than traditional models. 

Figure 7(c) shows the comparison of each case. For example, the model discovered idiomatic expressions in a 
computational linguistics document, such as "syntactic alignment," which were not present in the source domain 
corpus of the training data. According to the analysis of biomedical patent applications, cross-domain adaptation 
can enhance the ability to effectively extract previously unknown multi-component biochemical terms thru 
advanced semantic similarity. This method can improve domain adaptation issues and be sensitive to vocabulary 
changes over time. 

Figure 7 shows the method of keyword extraction based on deep contextualization and graph attention, which 
effectively addresses the issue of performance degradation under different document groups thru multiple 
experiments across various domains. 

 
Figure 7. Cross-domain Performance: (a) Quantitative F1 adaptation across domains; (b) Recall preservation under cross-domain learning; 

(c) Representative cross-domain extraction cases 



Unsupervised Keyword Extraction from Technical Papers via Integrated Text Rank and BERT for Enhanced Domain Adaptivity 
https://doi.org/10.64972/jiic.2026v4.177p10s:123-135 

133 
 

Error Analysis and Limitations 

The model still exhibits a certain degree of systematic error and lacks accuracy when dealing with rapidly 
changing multi-word phrases that include strongly created abbreviations or industry-specific terms, or when 
there is a lack of annotated corpora and pre-trained language models. In engineering white papers that require 
disambiguation, false negatives are higher in terms of the AUC curve compared to other conditions. 

In some cases, such as recursive noun phrase nesting or overlapping candidate spans, there is structural 
ambiguity. The embeddings of legal and patent documents; sometimes, the semantics and layers cannot be fully 
recovered. Corpora that are very different from standardized standards, including grants and technical articles, 
have poor generalization capabilities for most basic models, but perform particularly poorly in some more 
complex methods. 

Future improvement directions: By mining specific subgraphs or conducting domain-specific training, 
performance differences can be reduced. Domain dependence can be further reduced by adding an active 
learning loop to collect new vocabulary and iterate on user-refined options. The current methods can be well 
applied to basic scientific engineering literature, but semantic disambiguation and adaptive processing of 
creative language texts require more research. 

Conclusion 

This study proposes a comprehensive, domain-specific, unsupervised method for extracting keywords from 
scientific and technical literature, addressing the issue of how the semantics and structure of these keywords 
change over time. A highly integrated architecture that combines advanced contextual embeddings with 
adaptive graph models can overcome the limitations of frequency-based and purely syntactic methods; 
moreover, compared to previous studies, it sets new standards in identifying domain-specific terms across 
various scientific fields. 

By explicitly combining hierarchical semantic similarity and document graph structure to achieve this goal, this 
study brings a new discovery. This goal was achieved without using training datasets or domain-specific rules. 
Under noise and domain shift conditions, the extraction algorithm demonstrates its high generalization 
capability in terms of vocabulary evolution or text variable domain evolution. The algorithm uses dynamic co-
occurrence networks and deep language context to achieve this goal. In the early stages, these two channels will 
jointly ensure that newly emerging discipline-specific concepts with uncertain semantic conflicts or dispersed 
annotation phenomena are accurately identified. 

Thru empirical validation of multiple interdisciplinary tests, it has been demonstrated to be more effective in 
terms of accuracy, recall, and other aspects compared to other leading unsupervised and semi-supervised 
methods. Not limited to journal abstracts; it can also cover areas that are difficult for other methods to handle, 
such as biomedical reports, engineering patents, and interdisciplinary texts. Thru extensive cross-domain 
adaptation experiments and case study analyzes, it has been confirmed that this method has almost no impact 
on performance changes when training and testing data from different subjects. By measuring with specific 
cross-domain adaptation performance metrics, it is demonstrated that the model can reliably adapt to various 
datasets. 

In order to enhance scientific research outcomes, it is also crucial to quickly identify key elements by improving 
the practicality of innovative academic analysis and patent analysis techniques. This system significantly lowers 
the entry barrier for automatic knowledge acquisition, enabling real-time analysis of new domains or under-
resourced languages in a short period, eliminating the need for labeled data and manual feature selection. The 
adaptive weight adjustment mechanism can dynamically adjust based on the norms of new documents or 
language biases to improve usability and applicability. 

In-depth error analysis provides clear direction for future improvements. This is especially applicable to 
documents with code-switching, creative neologisms, and highly non-standard structures. Due to the lack of 
model selection capabilities in the integration of multimodal information processing, it is necessary to enhance 
the ability to construct hierarchical relationship graphs and to use various languages specifically designed for 
mixed languages and informal scientific communication. 
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Based on these frameworks and principles, we will continuously develop language and science-driven artificial 
intelligence in our future work. The improvement of these backend algorithms will provide us with some ideas 
on enhancing autonomy and context-driven information retrieval. This foundation will support collaborative 
advancements in automatic literature summarization and ontology database construction in specific domains. 
As the volume and diversity of scientific literature increase, the importance of scalable, robust, and interpretable 
unsupervised keyword extraction will become even more prominent. This will place the current framework at 
the forefront of this significant evolution in academic knowledge engineering. 
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