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Abstract

[Purpose/Significance] Due to the forward-looking nature of emerging technolo-
gies, they often fail to attract considerable attention when first emerging. Cur-
rent research predominantly identifies emerging technologies by following tech-
nological path dependence, thereby overlooking certain R&D efforts that dis-
rupt existing technological trajectories. Analyzing outlier patents with low sim-
ilarity to mainstream technologies within a field can more effectively identify
such R&D activities and predict emerging technologies. [Method/Process] This
study proposes a method for outlier patent identification and emerging tech-
nology prediction based on deep learning. First, a BERT pre-trained model is
employed to construct a similarity network based on patent texts to identify
outlier patents. Then, a DNN model is utilized to establish the relationship
between outlier patent indicators and technological influence, enabling rapid
and accurate prediction of emerging technologies from massive outlier patents.
Finally, an empirical analysis is conducted using the CNC system field as an
example, retrieving all patents in this field from the Derwent patent database
over the past decade. [Results/Conclusion] The empirical analysis results in
the CNC system field validate the effectiveness of the proposed model, while
also providing important guidance for national technology development policy
formulation and enterprise technology layout in related fields.
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Abstract

[Purpose/Significance] Due to their advanced nature, emerging technologies
often receive limited attention in their initial stages. Current research predom-
inantly identifies emerging technologies by following technological development
path dependencies, which may overlook disruptive R&D efforts that deviate
from existing technological trajectories. Analyzing outlier patents—those with
low similarity to mainstream technologies within a field—can more effectively
identify such R&D activities and forecast emerging technologies.

[Method/Process] This paper proposes a deep learning-based method for out-
lier patent identification and emerging technology forecasting. First, the BERT
pre-trained model is employed to construct a similarity network based on patent
texts to identify outlier patents. Then, a Deep Neural Network (DNN) model
establishes the relationship between outlier patent indicators and technological
influence, enabling rapid and accurate prediction of emerging technologies from
massive outlier patent datasets. Finally, the method is empirically validated
using all patents from the numerical control (NC) system field over the past
decade obtained from the Derwent Innovation database.

[Result/Conclusion] The empirical results in the NC system domain confirm
the model’ s effectiveness, offering significant guidance for national technology
policy formulation and corporate technology layout in related fields.

Keywords: emerging technologies; deep learning; outlier patents; numerical
control system

1. Introduction

Emerging technologies represent a new category of “breakthrough” technologies
that serve as critical foundations for strategic emerging industries. These tech-
nologies may disrupt existing technological systems and paradigms, endowing
products, processes, or services with unprecedented performance or substantially
improved performance at reduced costs. Emerging technologies exert decisive
influence on market rules, competitive landscapes, and industrial boundaries,
potentially triggering industrial reshuffling. Consequently, forecasting emerging
technologies holds significant importance for technology planning and strategic
formulation at national and corporate levels.

Emerging technologies develop rapidly in the short term, exhibit high uncer-
tainty, and possess substantial potential to drive technological progress and
societal impact. Most existing research identifies emerging technologies based
on technological path dependency, focusing on hotspots and frontiers within
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mainstream technological trajectories. However, due to their advanced nature,
emerging technologies often diverge from established mainstream paths and re-
quire extended periods for commercialization, despite their future substantial
contributions to industry development. For instance, a decoupled combustion
technology patent awarded to the Institute of Process Engineering, Chinese
Academy of Sciences in 1998—which reduced exhaust emissions—was not widely
recognized at the time due to limited awareness of nitrogen oxide hazards, re-
sulting in large-scale application only in 2017. Similarly, Canon’ s 1982 patent
application for liquid jet recording heads for printers preceded the mainstream
inkjet printer market, with significant citations emerging only after 1990 from
major corporations like HP, Xerox, and Google. Path-dependent methods strug-
gle to identify such trajectory-disrupting innovations in a timely manner.

The most fundamental characteristic of emerging technologies in their early
stages is radical innovation, which typically manifests as low similarity and
weak association with mainstream technological paradigms, creating an “out-
lier” status. Analyzing emerging technologies from an outlier perspective more
accurately captures their formative characteristics.

Current research on emerging technology identification from an outlier perspec-
tive remains limited, with existing studies primarily using patent data to identify
outlier patents for technology forecasting. While valuable, these approaches suf-
fer from limitations: (1) they calculate patent similarity using citation coupling
methods, lacking semantic understanding of patent texts and resulting in inac-
curate similarity measures; (2) prediction methods based on patent indicators
and expert judgment are costly and time-consuming. Data-driven deep learning
methods can ensure prediction effectiveness while substantially improving effi-
ciency and reducing costs, enabling rapid and accurate identification of emerging
technologies from massive patent datasets.

This study constructs an emerging technology forecasting model from the outlier
perspective using word vectors and Deep Neural Networks (DNN). The BERT
pre-trained model first vectorizes patent texts to construct a semantic similar-
ity network, identifying outlier patents as candidate emerging technologies. The
DNN model then learns the relationship between outlier patent indicators and
future technological influence. Finally, this relationship model predicts the fu-
ture influence of current outlier patents, uncovering overlooked patents with
potential for significant future impact. The NC system field serves as an empir-
ical case to validate the method’ s effectiveness.

2. Related Research

2.1 Emerging Technology Forecasting Methods Traditional emerging
technology forecasting relies primarily on expert knowledge, such as the Delphi
method and Analytic Hierarchy Process (AHP), which have generated numer-
ous patent indicators for characterizing emerging technologies. Some indicators
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remain stable over time, including IPC count, inventor count, and non-patent
literature citations, while others evolve, such as forward citations and patent
modification frequency. However, these methods alone cannot predict complex
technological growth and application expansion.

Recent advances in computing power have enabled data-driven approaches, with
machine learning and deep learning methods for emerging technology forecasting
gaining widespread attention. Patent-based emerging technology identification
research defines “technology” in two ways: (1) from a technological perspec-
tive, defining a technology as all patents belonging to the same IPC class or
clustered together; (2) from a patent perspective, treating each patent as a
theoretical focal point to identify high-impact patents for emerging technology
discovery. This study adopts the second definition, representing each patent as
a technological research focus, extracting technical features through bibliomet-
ric methods, and using deep learning to predict its likelihood of becoming an
emerging technology.

2.2 Outlier Patent Identification A crucial characteristic of emerging tech-
nologies is radical innovation, implying strong heterogeneity with existing tech-
nologies. Scholars have emphasized the importance of focusing on “outlier
patents” during identification, as these may trigger paradigm shifts. Outlier
patents are more likely to develop into emerging technologies, and their exclu-
sion from patent analysis causes significant information loss.

Current outlier patent identification relies on two methods: citation coupling
and text similarity. Citation coupling assumes patents sharing more co-citation
relationships are more similar, while text similarity methods calculate seman-
tic vectors based on SAO (Subject-Action-Object) structures. However, SAO
suffers from low computational efficiency and semantic confusion, limiting large-
scale application. Recent studies demonstrate that deep learning methods like
BERT significantly improve semantic representation performance. This study
employs the BERT model to extract patent text information and identify outlier
patents based on text similarity.

In summary, forecasting emerging technologies from an outlier perspective ef-
fectively identifies overlooked technological points early, while deep learning
demonstrates superior performance in text information extraction and predic-
tion tasks. This study builds upon these foundations.

3. Research Method

Figure 1 [Figure 1: see original paper] illustrates the overall methodology, com-
prising five main steps: (1) patent data acquisition; (2) text vectorization using
word embedding models to construct patent similarity networks and screen out-
lier patents as candidate emerging technologies; (3) extraction of early-stage
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characteristic indicators from patents using bibliometric methods and assess-
ment of future technological influence; (4) fitting the relationship between patent
indicators and future influence using deep learning models; (5) model perfor-
mance evaluation.

3.1 Outlier Patent Acquisition After obtaining all patents in the target
field from patent databases, a strategy is needed to identify outlier patents. As
shown in Figure 2 [Figure 2: see original paper], in a patent similarity network,
each patent represents a node, with connections between nodes determined by
similarity scores. Outlier patents are “outlier points” in the network—nodes
without any connections to other patents.

The acquisition process involves four steps: (1) converting each patent into
an n-dimensional vector representation using the BERT pre-trained model; (2)
calculating pairwise patent similarities; (3) constructing a patent similarity net-
work by connecting patents with similarities above threshold ; (4) selecting
nodes without connections as outlier patents.

The vectorization process, or encoding, uses the BERT pre-trained model as
an effective deep learning-based encoder. Unlike traditional frequency-based
methods, BERT considers word associations within texts, enabling more com-
prehensive information extraction. The model’ s input is patent text, which is
decomposed into three components as shown in Equation (1):

Xemb = Temb + Semb + Pemb

The first part is token embedding, carrying word meanings; the second is seg-
ment embedding, representing contextual relationships between sentences in
long texts; the third is position embedding, representing word order. These
three components combine as BERT input.

BERT introduces a multi-head self-attention mechanism to weight keywords
during encoding. The input X,,,, undergoes linear transformation to produce
three matrices: @, K, and V, representing query, key, and value vectors for each
word, obtained through:

Q = XembWQ7 K= XembWK’ V= XembWV

The self-attention mechanism is implemented as:

Jar

where QKT represents the correlation between the current word and other sen-
tence parts, and dj, is the vector dimension. The softmax output provides word

KT
attention(Q, K, V) = softmax (Q ) \%
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weights, which multiply with value matrix V to produce weighted vector repre-
sentations.

Multi-head attention implements multiple attention mechanisms simultaneously,
merging results to complete encoding:

Y., = feed(W, - multihead_attention(Q, K, V) + X_,.5) + Xems

where Y,,,; is the encoding result, feed(z) represents forward propagation, and
W, are fully connected layer weights. This encoding process repeats multiple
times, mapping each word in patent text to an n-dimensional vector and sum-
ming these to obtain the patent text vector.

Patent similarity is calculated using cosine similarity. For two n-dimensional
patent vectors = (21, g, ..., x,) and ¥ = (Y1, Y, -, Yp ):

(0) = ijl(xzyz)
Va2 /S )

COs

3.2 Outlier Patent Indicator Extraction and Technology Impact As-
sessment 3.2.1 Outlier Patent Indicator Extraction

Bibliometric research offers numerous patent indicators for describing emerging
technologies. As shown in Table 1 , this study employs 11 indicators across five
categories to measure outlier patent characteristics:

1. Novelty: Measured by technological originality (TO) and prior knowledge
(PK). TO describes the diversity of referenced technical fields—broader
integration increases invention value. PK describes reference frequency to
other patents—more citations decrease novelty and commercial value.

2. Development Speed: Represented by technology cycle time (TCT), in-
dicating the recency of prior knowledge and development pace.

3. Knowledge Density: Represented by scientific knowledge (SK) in
patents—higher density suggests greater innovative potential.

4. Application Scope: Encompassed by technological scope (TS), commer-
cial scope (CS), independent claims (PCID), and dependent claims (PCD).
Larger patent families indicate higher commercial value, while claim types
reflect protection scope.

5. Development Capability: Represented by collaboration level (COL),
inventor count (INV), and total know-how (TKH). Collaboration and
multi-inventor patents correlate with higher value, while assignee capa-
bility affects future development.
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3.2.2 Technology Impact Classification Labels

Forward citation count is the most widely used impact assessment
method, reflecting a patent’ s contribution to subsequent technological
development. Higher citation frequency indicates greater technologi-
cal influence. This study classifies impact into high and low levels
based on citation distribution, using a threshold where patents with
$ 16 forwardcitationsrepresenthigh — impactsamples(T L{1})andthosewith <
16representlow — impactsamples(T L{0}$).

3.3 Emerging Technology Prediction Based on Outlier Patents The
key to predicting emerging technologies from outlier patents is constructing a
relationship model between patent indicators and future impact. Given the
large volume of outlier patents and numerous indicators, a DNN model fits the
complex nonlinear relationship between indicators and impact.

As shown in Figure 3 [Figure 3: see original paper], the DNN comprises in-
put, hidden, and output layers. Inputs are outlier patent indicator vectors
(12-dimensional: 11 patent indicators plus impact label). Hidden layers use
ReLU activation. The model training process initializes hidden layer parame-
ters with normally distributed random values, compares predictions with actual
labels, and updates parameters using cross-entropy loss until convergence. Test-
ing evaluates performance on unseen data using accuracy, precision, recall, and
F1-score:

J— TP+ TN
T =
WY = TP Y TN+ FP+ FN
TP
Recall = —
T TPLEN
brecision — TP
recision — TP + FP

Precision x Recall

F1- =2 X
Seore Precision + Recall

where P = positive samples, N = negative samples, TP /TN = correctly classified
positives/negatives, and FP/FN = misclassified positives/negatives.

4. Research Results

4.1 Data Collection and Outlier Patent Identification The NC system
technology field validates the method’ s effectiveness. As a critical technology
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for digital transformation in manufacturing and national intelligent manufactur-
ing strategies, forecasting emerging NC technologies holds significant strategic
importance.

The experiment retrieved 58,021 patents from Derwent Innovation with priority
dates between January 1, 2011, and October 30, 2020. The 22,418 patents
from 2011-2015 built the indicator-impact relationship model, while the 35,603
patents from 2016-2020 predicted 2025 emerging technologies.

Outlier identification used Python’ s transformers library BERT module with
two encoder layers, 8 attention heads, mapping each patent to a 128-dimensional
vector. Cosine similarity calculated pairwise relationships. Existing studies
select similarity thresholds experimentally. A threshold of 0.5 produced too few
outliers (risking omission of disruptive technologies), while 0.7 produced too
many (introducing noise). A 0.6 threshold balanced these concerns, yielding
2,747 outliers for 2011-2015 and 15,385 for 2016-2020 as candidate emerging
technologies for 2020 and 2025, respectively.

4.2 Indicator Extraction and Model Training 4.2.1 Indicator Extrac-
tion

The 2020 candidate emerging technology dataset comprised 2,747 samples, each
a 12-dimensional vector (11 indicators plus impact label). Table 2 presents de-
scriptive statistics. Given large value ranges, all indicators were log-transformed
(negative values set to zero). Following Section 3.2.2, patents with $ $16 forward
citations were classified as high-impact.

4.2.2 Model Training

Although numerous patents emerge annually, few achieve high future impact. In
the outlier dataset, the high-to-low impact ratio was only 1:12, creating severe
class imbalance. After splitting data 7:3 for training/testing, positive samples
were oversampled in the training set to achieve balance.

Models were implemented in Python using scikit-learn: DNN;, logistic regression
(LR), random forest (RF), and support vector machine (SVM). DNN hyperpa-
rameters were optimized through multiple experiments: 3 hidden layers with 512
neurons each, ReLU activation, Adam optimizer, and L2 regularization (0.0001).
LR, RF, and SVM parameters were similarly tuned.

Table 3 compares model performance. The DNN significantly outperformed LR,
RF, and SVM across all metrics, demonstrating superior ability to identify po-
tential emerging technologies while minimizing false negatives (avoiding missed
opportunities) and false positives (preventing resource waste). The DNN better
captures complex nonlinear relationships between indicators and impact.

4.3 Emerging Technology Prediction and Analysis 4.3.1 Emerging
Technology Prediction
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The trained DNN predicted 2025 impact for 15,385 outlier patents from 2016-
2020. Among these, 348 (2.26%) were projected as high-impact, representing
predicted emerging technologies.

An LDA model analyzed these patents’ topics. Perplexity analysis indicated 5
optimal topics with good discrimination. Table 4 presents keywords and themes:

1. Autonomous Sensing and Connectivity: Key to intelligent machine
tools, based on “instruction domain oscilloscopes” and connectivity pro-
tocols. Cloud platforms show application potential.

2. Process Parameter Optimization: Critical for machining quality and
efficiency. Big data modeling with neural networks optimizes feed rates
and spindle power beyond traditional stability models.

3. External Sensors: “Internet + sensors” enhances machine tool state
perception, enabling adaptive control through temperature/pressure data
analysis.

4. Error Compensation: Important for quality assurance, including ther-
mal and geometric error compensation using deep learning models with
sensor feedback for closed-loop control.

5. Special Material Processing: Growing demand for hard, brittle, heat-
sensitive materials in aerospace, automotive, and medical fields drives
development of novel processing technologies like laser heating and elec-
trochemical methods, with additive manufacturing showing biomimetic
material synthesis potential.

4.3.2 Prediction Result Analysis

Predicted emerging technologies differ significantly from non-emerging technolo-
gies across six indicators: PK (prior knowledge), TCT (technology cycle time),
TS (technological scope), CS (commercial scope), INV (inventor count), and
TKH (assignee capability). Technology convergence is a key emergence mech-
anism, making patents spanning multiple IPC classes more promising. Collab-
oration among high-capability assignees and multiple institutions enhances in-
novation quality. Higher commercial value increases application likelihood and
technology development. Emerging technologies reference more prior knowl-
edge and older literature, indicating that breakthroughs require deep domain
investigation rather than spontaneous ideas. Emerging technologies also show
slightly higher PCID and PCD values, reflecting stronger protection demands
for innovative technologies.

This empirical case predicts promising emerging technology directions in NC
systems, analyzes key early characteristics, validates the method, and provides
strategic guidance for corporate and government planning.
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5. Research Conclusions

This study identifies and forecasts emerging technologies from an outlier per-
spective using deep learning. Key conclusions include: (1) Identifying emerging
technologies through outlier patents based on early characteristics is timely and
effective, validated in the NC system case; (2) A BERT-based outlier identifica-
tion method effectively captures patents diverging from mainstream trajectories
through text similarity networks; (3) The DNN model outperforms LR, RF, and
SVM in fitting complex relationships between indicators and impact, enabling
more effective emerging technology prediction.

This approach complements existing forecasting methods by leveraging patent
text information for similarity calculation and modeling high-dimensional
indicator-impact relationships. It offers low time costs, broad applicability, and
rapid identification of potential emerging technologies in any field. The NC
system case provides actionable intelligence for strategic development.

Limitations include: (1) Sole reliance on patent data, focusing on technology-
driven forecasting—future work should incorporate social impact and commercial
benefit indicators; (2) Deep learning’ s complexity prevents deep exploration of
indicator impact mechanisms—future research should investigate causal relation-
ships to strengthen theoretical foundations.
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