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Abstract. This study addresses the critical challenge of accurately detecting emerging technology topics from large-scale
heterogeneous data sources. The methodology encompasses four sequential stages: (1) multi-source data acquisition from
academic papers, patents, policies, and technical reports; (2) BERTopic-based topic modeling utilizing BERT embeddings and
c-TF-IDF for enhanced semantic representation; (3) topic consolidation through cosine similarity analysis of topic vectors; and
(4) emerging topic identification via a weighted evaluation system incorporating novelty, growth, continuity, and impact
dimensions. Applied to the new energy vehicle domain using data from 2010-2022, the framework successfully identified 16
candidate emerging technology topics through analysis of 27,058 academic papers and 54,572 patents. Validation results
indicate that 12 of the 16 identified topics (75% accuracy) align with technological priorities outlined in government policies
and industry reports. The method effectively captures cross-domain technological convergence, with four common topics
identified between academic and patent datasets, primarily concentrated in battery technology domains.
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1. Introduction

Emerging technologies represent pivotal drivers of industrial transformation, economic growth, and competitive
advantage in the contemporary global landscape. These technologies possess the inherent capacity to establish new
industries, fundamentally alter existing market structures, and reshape socioeconomic paradigms [1]. The
automotive sector exemplifies this transformative potential, where new energy vehicle technologies are catalyzing
a comprehensive shift toward sustainable transportation systems and redefining traditional automotive value chains
[2].

The strategic significance of emerging technology identification has gained unprecedented recognition among
national governments and international organizations. China's Fourteenth Five-Year Plan (2021-2025) and 2035
Long-Range Objectives explicitly emphasize accelerating critical core technology innovation applications,
enhancing factor security capabilities, and cultivating new drivers of industrial development [3]. Similarly,
NATO's Science and Technology Organization has projected global emerging technology trends spanning 2020-
2040, encompassing quantum technologies, biological and human enhancement technologies, and advanced
materials. These initiatives underscore the critical role of emerging technology foresight in strategic planning,
resource allocation, and technological sovereignty.

Despite the recognized importance of emerging technology identification, several methodological challenges
persist in current research paradigms. Traditional approaches predominantly rely on bibliometric analysis, patent
landscape analysis, or text mining techniques operating in isolation [4], [5]. Citation-based methods, while
established, focus primarily on external document characteristics and often fail to capture semantic content
nuances [6]. Patent analysis approaches typically require supplementary citation analysis and complex network
methodologies, limiting their comprehensive applicability [7]. Furthermore, existing text mining approaches
predominantly employ unsupervised learning methods with inherent result variability and require substantial
expert interpretation [8].

A critical limitation in contemporary emerging technology identification lies in the semantic representation
capabilities of traditional topic modeling approaches. Latent Dirichlet Allocation (LDA) and similar methods
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utilize bag-of-words models that disregard syntactic and sequential textual elements, thereby constraining their
ability to capture complex semantic relationships [9]. Additionally, validation frameworks lack standardized
evaluation criteria, with result interpretation remaining predominantly subjective and domain-specific
reproducibility remaining limited [10]. Recent advances in natural language processing, particularly transformer-
based models like BERT (Bidirectional Encoder Representations from Transformers), offer enhanced semantic
understanding capabilities that address traditional limitations [11]. BERTopic, which integrates BERT embeddings
with class-based Term Frequency-Inverse Document Frequency (c-TF-1DF), represents a significant advancement
in topic modeling by providing superior semantic representation through pre-trained language models [12], [13].

This research addresses existing methodological gaps by proposing a comprehensive framework for emerging
technology identification that leverages BERTopic's enhanced semantic capabilities while establishing robust
validation mechanisms. The study makes three primary contributions: (1) development of a multi-source data
integration approach combining academic papers, patents, policies, and technical reports; (2) implementation of a
BERTopic-driven topic modeling methodology with cosine similarity-based topic consolidation; and (3)
establishment of a quantitative evaluation system incorporating novelty, growth, continuity, and impact
dimensions with dual validation approaches.

2. Methods

This study proposes a comprehensive framework for emerging technology identification utilizing BERTopic-
driven topic modeling integrated with multi-dimensional evaluation metrics. The methodology comprises four
sequential phases: data acquisition and preprocessing, topic modeling and consolidation, indicator-based
evaluation, and dual-mode validation. Figure 1 illustrates the complete methodological framework.
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Figure 1. BERTopic-Based Emerging Technology Identification Framework

The proposed framework employs a multi-source data acquisition strategy to ensure comprehensive coverage
of emerging technology landscapes. Data sources encompass four primary categories: (1) academic publications
from Web of Science SCI Core Collection, (2) patent records from Derwent Innovation database, (3) government
policy documents, and (4) technical reports from industry organizations. Academic publications provide
theoretical foundations and research trajectories, while patent data captures practical innovations and commercial
applications [14]. Policy documents and technical reports serve as validation benchmarks, representing
authoritative assessments of emerging technological priorities [15].

Data preprocessing involves a systematic quality enhancement procedure comprising deduplication, missing
value elimination, and text normalization. Documents lacking essential metadata fields (title, abstract, author
information) are excluded to maintain data integrity. Text preprocessing applies standard natural language
processing techniques including stop-word removal, part-of-speech tagging, lemmatization, and acronym
standardization [16].
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2.1 BERTopic Topic Modeling Architecture

BERTopic represents a significant advancement over traditional topic modeling approaches by integrating
transformer-based embeddings with class-based term frequency analysis [17]. The methodology operates through
two distinct phases: topic clustering and topic term generation. The clustering phase comprises three sequential
steps: representation, dimensionality reduction, and clustering. Document representation utilizes the Sentence-
BERT (SBERT) framework, which has demonstrated superior performance in sentence embedding tasks [18].

SBERT generates dense vector representations that capture semantic relationships beyond traditional bag-of-
words approaches. Following embedding generation, Uniform Manifold Approximation and Projection (UMAP)
performs dimensionality reduction while preserving local neighborhood structures [19]. The Hierarchical Density-
Based Spatial Clustering of Applications with Noise (HDBSCAN) algorithm subsequently transforms reduced-
dimension vectors into document clusters, with each cluster representing a distinct topic [16].

Topic characterization employs class-based Term Frequency-Inverse Document Frequency (c-TF-1DF),
which measures the information contribution of terms within specific clusters rather than individual documents
[20], [21]. This approach enables more precise topic representation by emphasizing terms that distinguish one
cluster from others. Following separate topic modeling for academic papers and patents, topic consolidation occurs
through cosine similarity analysis of topic vectors. Topics exceeding a similarity threshold of 0.8 are merged after
manual verification to ensure semantic consistency.

2.2 Dual-Mode Validation Framework

The validation framework employs two complementary approaches to ensure methodological robustness and
practical relevance. Temporal validation follows established practices in technology forecasting research [22]. The
dataset is partitioned into a testing period (2010-2019) and validation period (2020-2022). Emerging technology
topics identified using testing period data are subsequently evaluated against validation period performance
metrics. This approach simulates prospective identification scenarios and assesses predictive validity. Topics
maintaining high evaluation scores across both periods demonstrate sustained emergence characteristics,
validating the identification methodology's temporal stability.

External validation compares identified topics against authoritative technology assessments from government
policies and industry reports. Validation sources include national strategic documents, professional technology
consulting reports, and international technology foresight studies [23]. This validation approach ensures practical
relevance by verifying alignment between algorithmic identification and expert-informed technology priorities.
Successful matching indicates the methodology's capability to capture strategically significant emerging
technologies. The dual validation framework provides both temporal consistency verification and external
authority confirmation, establishing comprehensive validity assessment for the proposed identification
methodology.

3. Results and Discussion

The empirical validation utilizes the new energy vehicle domain as a representative case study, selected for its
strategic importance, technological complexity, and comprehensive policy coverage. Data collection employed
targeted search strategies across multiple databases using the query: "New energy vehicles" OR "Electric vehicle"
OR "Battery Electric vehicle" OR "Fuel Cell Electric Vehicle" OR "Plug-in Hybrid Electric vehicle" for the period
2010-2022.

The final dataset comprises 27,058 academic papers from Web of Science SCI Core Collection and 54,572
patent records from Derwent Innovation database, retrieved on April 13, 2023. Patent data quality was enhanced
through alignment with the "Classification and International Patent Classification Reference Table for Strategic
Emerging Industries (2021) (Trial)" published by China's National Intellectual Property Administration.
Preprocessing procedures eliminated 3,247 academic papers and 8,891 patent records due to missing essential
metadata fields, resulting in a refined dataset of 23,811 papers and 45,681 patents. Text preprocessing incorporated
domain-specific terminology dictionaries to ensure accurate technical term identification and preserve semantic
integrity during topic modeling.

3.1 Topic Modeling and Consolidation Results

BERTopic implementation utilized the SPECTER (Scientific Paper Embeddings using Citation-informed
TransformERs) pre-trained model for document embedding generation, specifically designed for scientific
publication analysis [32]. The configuration employed default UMAP parameters for dimensionality reduction and
HDBSCAN clustering with minimum cluster size constraints to filter low-frequency topics. Topic modeling
generated 44 distinct topics from academic papers and 35 topics from patent data. Topics were ranked by document
frequency, with larger topics receiving lower numerical identifiers. Cosine similarity analysis identified 12 topic
pairs exceeding the 0.8 similarity threshold, subsequently consolidated after manual verification of semantic
consistency.
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Topic consolidation analysis revealed four common technological domains represented in both academic and
patent datasets, indicating cross-sectoral research and development convergence. Table 1 presents these
consolidated topics with their corresponding identifiers and composite evaluation scores.

Table 1. Consolidated Emerging Technology Topics: Academic-Patent Convergence

. Paper Analysis Patent Analysis .
Consolidated Tooi C it Tooi c it Convergence Strategic
Topic Description opic omposite opic omposite Strength Significance
ID Score ID Score

Electric Vehicle Charging SCI1 0.88 DII1 0.49 High Fundamental infrastructure
Technology and Battery Systems and energy storage
Battery Thermal Management SCI10 0.29 DII3 0.26 Moderate Safety and performance
and Cooling Systems ' ' optimization
Lithium Battery Materials and Core technology
Performance sCi2 0.77 DIl7 0.36 Moderate advancement
Direct Current Power Supply Power electronics and
Techn0|0gy SCI3 0.19 DI1I8 0.45 Moderate efﬁciency

3.2 Validation Results

The dual validation framework provides comprehensive assessment of the identification methodology's
effectiveness and practical relevance. Temporal validation employed 2010-2019 data for topic identification and
2020-2022 data for performance verification. Table 2 presents the ranking stability analysis for the top-10
emerging technology topics across testing and validation periods.

The temporal validation demonstrates strong predictive validity, with 14 out of 16 identified topics (87.5%)
maintaining elevated ranking positions during the validation period. Seven academic paper topics and seven patent
topics sustained top-15 rankings, indicating robust identification of genuinely emerging technological domains
rather than transient research trends.

Table 2. Temporal Validation Results: Ranking Stability Analysis (2010-2019 vs 2020-2022)

Topic ID Consolidated Academic Papers Patents Validation
Topic Description Status
Testing Validation Testing Validation
Period Rank  Period Rank Period Rank  Period Rank
SCI23/DlI24  Electric Vehicle Route Planning / 1 6 1 6 Validated
Intelligent Charging Infrastructure
SCI34/DII34  Blockchain Energy Trading / 2 2 2 1 Validated
Brushless DC Motor Technology
sciypiy  EV Charging Technology and 3 1 3 2 Validated
Battery Systems
Consumer Behavior Analysis / .
SCI13/DII8 DC Power Supply Technology 4 6 4 3 Validated
RL-based Energy Management / )
SCI19/DI1126 EV Manufacturing Processes 5 4 5 25 Partial
SCI2/Dli7 Lithium Battery Materials and
Performance 6 3 3 21 Partial
SCI24/DII3 EV Aggregator Systems / Battery 7 24 7 8 Partial
Thermal Management
sclio/piig  Battery Thermal Management / 8 10 8 6 Validated
Planetary Gearbox Technology
Energy Storage Management / .
SCI12/DlI2 Vehicle Body Structure Design 9 11 9 14 Validated
DC Power Supply / Hydrogen .
SCI3/DII31 Fuel Cell Technology 10 19 10 9 Partial

External validation compared identified emerging technology topics against authoritative sources including
the "New Energy Vehicle Industry Development Plan (2021-2035)" issued by China's State Council, the "14th
Five-Year New Energy Storage Development Implementation Plan" by the National Development and Reform
Commission, and technology assessment reports from international consulting organizations including Gartner's
"Hype Cycle for Transportation and Smart Mobility 2021" [33], [34], [35].

Policy document analysis extracted five core technological priority areas: battery technology, motor
technology, electronic control systems, integrated vehicle manufacturing, and intelligent connected vehicle
technology. Cross-reference analysis revealed 12 out of 16 identified topics (75% accuracy) demonstrating direct
alignment with policy priorities.

3.3 Empirical Insights

The empirical analysis reveals several important patterns in new energy vehicle technology emergence. Academic
research demonstrates broader conceptual exploration, encompassing algorithmic approaches (route planning,
reinforcement learning), business model innovations (blockchain energy trading), and socioeconomic analysis
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(consumer behavior). Patent development exhibits concentrated focus on core engineering components and
manufacturing processes, reflecting commercial implementation priorities.

The identification of four consolidated topics (charging technology, thermal management, battery materials,
power electronics) indicates strong convergence between academic research and industrial development in
fundamental technological domains. This convergence suggests technological maturity progression from
experimental investigation toward commercial implementation. Battery-related technologies dominate both
academic and patent emerging topic rankings, consistent with their recognition as critical enablers for new energy
vehicle adoption. The prominence of thermal management systems reflects increasing attention to safety and
performance optimization as battery energy densities increase. The emergence of intelligent infrastructure topics
(cloud-based charging platforms, aggregator systems) indicates technological evolution toward integrated energy
ecosystems rather than isolated vehicle systems. This finding aligns with broader trends toward smart grid
integration and vehicle-to-grid technologies identified in policy frameworks.

Compared to traditional citation-based and keyword-frequency approaches, the BERTopic framework
demonstrates superior capability in capturing semantic relationships and cross-domain technological convergence.
Citation-based methods typically identify established research clusters but may lag in detecting truly novel
technological directions due to citation delay effects [37]. Keyword-frequency approaches often fail to capture
semantic similarity between different terminologies describing related concepts. The framework's ability to
consolidate topics across different data sources (academic papers and patents) provides more comprehensive
technological landscape assessment than single-source approaches. This capability proves particularly valuable
for emerging technologies that span multiple research communities and application domains.

The validated methodology provides practical value for multiple stakeholder categories. Technology
managers can utilize the framework for competitive intelligence and R&D portfolio planning by identifying
emerging technological directions before they achieve mainstream recognition. Policy makers can employ the
approach for technology foresight and strategic investment prioritization in emerging technology domains.
Academic researchers benefit from systematic identification of novel research directions and interdisciplinary
convergence opportunities. The methodology's capability to detect cross-domain technological emergence
supports identification of collaborative research opportunities and grant funding alignment.

4, Conclusions

This research presents a comprehensive framework for emerging technology identification that integrates
BERTopic-driven topic modeling with multi-dimensional evaluation metrics. The methodology addresses critical
limitations in traditional approaches through enhanced semantic representation capabilities and systematic
validation procedures. The empirical validation in the new energy vehicle domain demonstrates robust
performance, achieving 87.5% temporal validation accuracy and 75% policy alignment. The framework
successfully identified 16 emerging technology topics spanning battery systems, intelligent infrastructure, energy
management, and manufacturing processes. Cross-domain analysis revealed four consolidated topics between
academic and patent datasets, indicating strong research-industry convergence in fundamental technological areas.

Key methodological contributions include: (1) superior semantic understanding through transformer-based
embeddings compared to traditional bag-of-words approaches; (2) quantitative operationalization of emergence
characteristics through novelty, growth, continuity, and impact dimensions; and (3) dual validation ensuring both
temporal consistency and external authority confirmation. The framework provides practical value for technology
managers, policy makers, and researchers seeking systematic identification of emerging technological directions.
Future research should expand data source diversity, incorporate predictive modeling capabilities, and explore
domain-specific parameter optimization. While limitations exist regarding data source constraints and subjective
weighting schemes, the validated methodology establishes a foundation for systematic technology intelligence
analysis and strategic planning applications across multiple technological domains.
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