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Abstract
[目的/意义] To address the issues of inaccuracy and low efficiency in capturing
new knowledge and emerging requirements in traditional ontology evolution,
this paper proposes an ontology evolution method based on domain new word
discovery, with validation conducted using user product review data as a case
study.[方法/过程] First, natural language processing algorithms are employed
to preprocess user product review text corpora, and Word2vec is utilized for
word vector embedding; then, the Bi-LSTM-Attention-CRF algorithm in deep
learning is adopted to identify and extract candidate domain new words, and K-
means clustering is applied to obtain the final set of domain new words; finally,
the six-stage evolution process of ontology evolution is leveraged to accomplish
domain ontology evolution.[结果/结论] Using smartphone domain product reviews
as experimental data, the study verifies that the domain new word discovery
model achieves higher accuracy and recall rates, thereby evolving a new version
of the product ontology for the smartphone domain. This evolved domain prod-
uct ontology can not only assist product designers in optimizing product design
based on new features and functions identified in the ontology, but also support
consumers in making purchase decisions by leveraging product reviews.

Full Text
Preamble
Integrating Word Semantic Representation and New Word Identi-
fication for Domain Ontology Evolution: A Case Study of Product
Review Data
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Abstract: [Purpose/Significance] To address the problems of inaccuracy and
inefficiency in capturing new knowledge and new requirements in traditional
ontology evolution, this paper proposes an ontology evolution method based on
domain new word identification and validates it using user product review data.
[Method/Process] First, natural language processing algorithms were employed
to preprocess user product review text corpora, and the Word2vec algorithm was
adopted for word vector embedding. Then, a deep learning Bi-LSTM-Attention-
CRF algorithm was utilized to recognize and extract candidate domain new
words, and the K-means algorithm was applied for clustering to obtain final do-
main new words. Finally, the six-stage evolution process of ontology evolution
was implemented to accomplish domain ontology evolution. [Result/Conclusion]
Using smartphone domain product reviews as experimental data, this study
verifies that the adopted domain new word identification model achieves higher
accuracy and recall rates, thereby evolving a new version of the smartphone do-
main product ontology. The evolved domain product ontology can help product
designers optimize product design based on new features and functions identi-
fied in the domain ontology, and also support consumers in making purchase
decisions using product reviews.
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With the rapid development of e-commerce platforms such as Amazon and
Taobao, users can more easily express their opinions on various products. These
user reviews can help potential consumers obtain sentiment orientation regard-
ing certain product features to support their purchasing decisions; merchants
and product designers can also improve services and enhance product quality
based on these reviews [1]. However, user product reviews are unstructured text
data with massive content scale [2], containing diverse entities and complex im-
plicit relationships among them [3].

Ontology, as a tool for knowledge organization, has been widely developed and
used in numerous practical applications. Utilizing domain ontology enables
knowledge organization, storage, and application from user product reviews,
providing support for in-depth mining of review content. Knowledge in the
real world is constantly updated, and user demands for knowledge are also in a
continuous state of change. As products release new features and characteristics,
user reviews change accordingly. For example, Apple’s iPhone 11 series released
in 2019 featured a new“bath-heater”camera design, while the iPhone X released
in 2017 introduced facial recognition functionality. These new features and
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functions of mobile products are hot topics that users focus on in their reviews.

The entity words and feature words appearing in user reviews may not exist
in the existing domain product ontology, requiring evolution of the original do-
main ontology to meet new demands. Ontology Evolution refers to the process of
modifying existing ontologies to adapt to new knowledge and changing require-
ments [4]. This evolution reflects the sustainability of ontologies and facilitates
their long-term value in practical applications. Moreover, the large scale and
continuous development of ontologies make ontology evolution a complex and
time-consuming task [5-6].

In ontology evolution, change capturing is the core step in the entire process.
If cutting-edge algorithms can be used to automatically identify and extract
domain new words from new review text corpora, and these domain new words
are used as the changes to be captured in ontology evolution, it would be of
great significance for constructing domain product ontology evolution from re-
view texts. It would enable product designers to grasp in real-time the popular
functions and components that consumers focus on in product reviews to opti-
mize product design, and also provide support for consumers to make purchase
decisions using novel user product reviews. Therefore, this study introduces
domain new word identification technology into domain ontology evolution.

Domain new word identification differs from traditional new word identification.
Words identified as“new”may have never appeared in a specific domain but not
necessarily in all domains. Discovering domain new words can uncover the latest
development trends in that domain. For instance, identifying domain new words
from user reviews of a certain product category can help people understand the
latest functions, components, and packaging currently emerging for that product
category. Nowadays, deep learning technology in neural networks has attracted
much attention and developed rapidly. Deep learning methods are used to learn
the intrinsic rules and representation levels of sample data and discover hidden
patterns in data [7]; they can effectively improve the processing effect of word
segmentation systems on web text.

Some scholars have also conducted new word identification based on rule-based
methods. For example, Zhou Shuangshuang [20] fused rule-based and statis-
tical methods for microblog new word identification; Wang Xin [21] used as-
sociation rules to rank hot topics in online news; Chen Meijie [22] employed
word boundary screening rules when utilizing bidirectional aggregation degree,
thereby improving patent new word identification performance. Additionally,
some scholars have introduced cutting-edge algorithms and models into new
word identification research. Among them, Zhang Huaping et al. [23] used
conditional random fields to predict new words in large-scale social media cor-
pora, achieving faster speed and higher accuracy; Wang Ting et al. [24] fused
conditional random fields and support vector machines for new word identifica-
tion, achieving higher precision and recall rates when extracting entities from
Chinese encyclopedia classification pages; Chen Xianlai [25] used mutual infor-
mation and logistic regression algorithms when utilizing new word identification
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to improve existing word segmentation models, improving the accuracy of med-
ical text word segmentation; Liu Yutong [26] improved the Apriori algorithm
in research on discovering new words from large-scale classical Chinese corpora
and added long short-term memory networks and conditional random field al-
gorithms, which was verified to identify new words in Song poetry and Song
history datasets; Zhao Zhibin [27] applied syntactic analysis and word vectors to
new word identification research, verifying through real text datasets from skin-
care forums that the method has good performance for new word identification;
Huang Wenming [28] used information volume and Bi-LSTM+CRF algorithms
for domain new word identification, verifying through Lenovo customer service
Q&A system question datasets that the method can improve domain new word
identification accuracy.

In summary, although there have been some studies on ontology evolution and
new word identification both domestically and internationally, research combin-
ing the two is relatively scarce. First, ontology evolution is a series of modifica-
tion processes made to an ontology while ensuring its consistency, which can be
seen as the result of a series of operations in the ontology development process.
Research on ontology evolution can be generally categorized into three types:
manual evolution methods, semi-automated evolution methods, and automated
evolution models or systems.

In manual evolution research, when new knowledge or new requirements emerge,
V.S.K. Nagireddi et al. [9] and X. Chen et al. [10] utilized domain experts for
evolution or merged existing ontologies with other domain ontologies. In semi-
automated evolution research, Liu Ziyu et al. [11] proposed a semi-automated
domain ontology evolution method based on DBpedia; Chen Jing et al. [12]
optimized the calculation of ripple-effect in ontology evolution based on the
SPF algorithm using adjacency lists and evaluated larger-scale ontologies us-
ing the Floyd-Warshall algorithm. In automated evolution research, Liu Yi et
al. [13] proposed an ontology evolution-driven semantic search engine system—
OESSE, which organically combined ontology automatic evolution functionality
with semantic search; Liu Ying [14] integrated the social nature of knowledge
management into application technology, proposing a distributed knowledge
management system based on the linked development of knowledge ontology
evolution and information retrieval; C. Huang et al. [15] proposed an ontol-
ogy generation and evolution system for intelligent manufacturing application
goals, which could automatically extract ontologies from raw production data
and dynamically adjust ontologies according to changes in the manufacturing
data environment.

Second, domain new word identification is the process of recognizing and ex-
tracting words that have never appeared before in a specific domain. In tra-
ditional new word identification research, mutual information and adjacent en-
tropy have been introduced into new word identification studies [16-18]. Du
Liping [19] proposed an improved mutual information algorithm based on the
PMIk algorithm and a small number of basic rules, verifying that new word
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identification can improve existing Chinese word segmentation systems. Some
scholars have conducted new word identification based on rule-based methods,
such as Zhou Shuangshuang [20] who fused rule-based and statistical methods
for microblog new word identification, Wang Xin [21] who used association rules
to rank network news hotspots, and Chen Meijie [22] who employed word bound-
ary screening rules when utilizing bidirectional aggregation degree to improve
patent new word identification performance. Additionally, some scholars have
introduced cutting-edge algorithms and models into new word identification re-
search. Among them, Zhang Huaping et al. [23] used conditional random fields
to predict new words in large-scale corpora in the social media domain, achiev-
ing faster speed and higher precision; Wang Ting et al. [24] fused conditional
random fields and support vector machines for new word identification, achiev-
ing higher precision and recall rates when obtaining entity recognition from
Chinese encyclopedia classification pages; Chen Xianlai [25] used mutual infor-
mation and logistic regression algorithms when utilizing new word identification
to improve existing word segmentation models, improving the accuracy of med-
ical text word segmentation; Liu Yutong [26] improved the Apriori algorithm
in research on discovering new words from large-scale classical Chinese corpora
and added long short-term memory networks and conditional random field al-
gorithms, which was verified to identify new words in Song poetry and Song
history datasets; Zhao Zhibin [27] applied syntactic analysis and word vectors to
new word identification research, verifying through real text datasets from skin-
care forums that the method has good performance for new word identification;
Huang Wenming [28] used information volume and Bi-LSTM+CRF algorithms
for domain new word identification, verifying through Lenovo customer service
Q&A system question datasets that the method can improve domain new word
identification accuracy.

In summary, although there have been some studies on ontology evolution and
new word identification, existing research basically does not combine new word
identification methods when evolving large-scale ontology corpora, resulting in
poor evolution performance. Second, most domain new word identification stud-
ies do not incorporate cutting-edge algorithms and models from deep learning,
making it difficult to accurately and quickly discover domain new words when
processing large-scale, complex data. Additionally, in research on knowledge
organization of unstructured text data, the constructed ontologies often lack
longevity and real-time capability, and with minimal later maintenance by de-
velopers, they basically fail to sustain their value over time. Therefore, this
study will achieve evolution of domain ontologies constructed from user prod-
uct reviews through ontology evolution technology based on domain new word
identification, thereby fully realizing the application value of domain ontolo-
gies and providing support for consumers to use product reviews for purchase
decisions.
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2.2 Current Status of Key Technologies

2.2.1 LSTM Network Long Short-Term Memory (LSTM) network is a type
of Recurrent Neural Network (RNN) that has the ability to memorize data se-
quences. RNN [29] mainly consists of an input layer, hidden layer, and output
layer, with the function of memorizing current input and previous input infor-
mation, and performs better when processing short time series text sequences.
However, when processing long time series information, RNN may encounter
the problem of gradient vanishing or explosion. Therefore, the LSTM neural
network proposed by A. Graves [30] solves the problems existing in RNN and
is widely used in image processing, speech recognition, and other fields.

Compared with RNN, LSTM adds memory units and three types of gate struc-
tures composed of input gates, forget gates, and output gates on its structural
basis [31], as shown in Figure 1 [Figure 1: see original paper]. The gate struc-
ture is a fully connected layer in the neural network, where the input vector is
processed by the gate structure and outputs a real number vector between 0
and 1. This gate structure of LSTM is based on the sigmoid function, enabling
the neural network to have the function of allowing data to pass through (se-
lectively retaining) or discarding state values, facilitating the acquisition of text
sequences in long-term sequence distances.

In addition, when predicting text sequences, some prediction results may be
jointly determined by several preceding inputs and several following inputs, lead-
ing to the emergence of Bidirectional Long Short-Term Memory network (Bi-
LSTM), similar to Bidirectional Recurrent Neural Network (BRNN). Bi-LSTM
mainly includes two processes: forward propagation and backward propagation.
The training sequence is input into the forward LSTM network model, and for-
ward feature information is obtained through forward propagation calculation.
Similarly, the backward LSTM network model is input, and backward feature
information is obtained through backward propagation calculation. Then the
forward feature information and backward feature information are concatenated
to obtain the final hidden state, which aggregates bidirectional semantic features
from both forward and backward directions. Using Bi-LSTM to solve complex
text sequences, such as in user product reviews, since text sequence prediction
depends not only on some preceding input texts in the sequence but also on the
influence of subsequent input texts, Bi-LSTM can be adopted to improve the
prediction accuracy of review texts.

2.2.2 Attention Mechanism The traditional Encoder-Decoder Model is
mainly used for processing text, speech, images, videos, and other data, from
which algorithms such as RNN and LSTM are derived. When processing text se-
quences, the encoder encodes the input text sequence into a fixed-length hidden
vector and assigns the same weight to the hidden vector. The decoder decodes
the output based on these hidden vectors. When the input sequence text con-
tent expands and the corresponding component weights of the text sequence
are the same, the Encoder-Decoder model’s discriminative power for input
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text sequences decreases, causing the model performance to decline accordingly.
Therefore, D. Bahdanau et al. [32] proposed the Attention mechanism that can
well solve this defect.

The Attention mechanism is used to improve the Encoder-Decoder model ef-
fect, quickly screening out high-value information from massive information. Its
essence is to simulate human attention, imitating the brain’s thinking activi-
ties when humans observe objects [33]. Therefore, the Attention mechanism has
important application value in multiple research fields such as sentiment classi-
fication and machine translation. In the optimization of the Encoder-Decoder
model, the Attention mechanism is mainly used in the decoding process. It
changes the traditional Decoder’s disadvantage of assigning the same vector
to each input text sequence, but instead assigns different weights according to
different words. In the Encoder process, the output is no longer a fixed-length
intermediate semantics but a text sequence composed of vectors of different
lengths. The Attention mechanism enables the model to assign corresponding
weights to the hidden vectors of different moments of the input text sequence,
and merges the hidden vectors into new hidden vectors according to their im-
portance, which are finally input to the Decoder. The Decoder process further
screens and processes based on this subset of the sequence. Therefore, the
Encoder-Decoder model introducing the Attention mechanism is shown in Fig-
ure 2 [Figure 2: see original paper].

2.2.3 CRF Sequence Labeling Conditional Random Field (CRF) combines
the characteristics of maximum entropy models and hidden Markov models,
and is an undirected graph model. The CRF model provides a conditional
probability distribution model for another set of output random variables Y
given a set of input random variables X, and has been applied to different
prediction tasks in sequence labeling [34]. The basic flow of the CRF model is
shown in Figure 3 [Figure 3: see original paper].

Before implementing CRF sequence labeling, it is necessary to manually anno-
tate original corpus information and artificially define attributes such as part of
speech, degree, and category of words in the corpus. At present, when perform-
ing some natural language processing tasks, such as named entity recognition,
neural network models are used to learn training data and generate feature vec-
tors to obtain better prediction effects. However, neural network models are
relatively time-consuming, and some output results of the model are incorrect
recognition results. Therefore, the CRF model can be used for named entity
recognition tasks by adding some manually predefined rules to the sequence
labeling process, which can achieve better prediction effects.

In summary, LSTM memory units and gate structures effectively solve the gra-
dient vanishing defect in traditional RNN. The bidirectional LSTM model can
not only identify past text sequence information but also fully consider future
sequence information, making contextual information fully and completely uti-
lized. Introducing the Attention mechanism into the Encoder-Decoder model
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well solves the weight of each sequence part when the text sequence length
expands. CRF sequence labeling focuses on the linear weighted combination
of local features of the entire text sequence, that is, it scans the entire sen-
tence through feature templates and calculates joint probabilities to optimize
the entire sequence. Therefore, when processing large-volume user review text,
Bi-LSTM neural networks, Attention mechanism, and CRF sequence labeling
can be introduced to achieve more accurate text entity recognition effects.

3 Ontology Evolution Based on New Word Identification
This study proposes an ontology evolution framework based on domain new
word identification, as shown in Figure 4 [Figure 4: see original paper]. Its
core lies in adding domain new word identification to ontology evolution to cap-
ture changes in the ontology. Domain new word identification mainly adopts
the deep learning model combining Bidirectional Long Short-Term Memory
neural network with Attention mechanism and Conditional Random Field (Bi-
LSTM+Attention+CRF).

3.1 New Word Identification Based on Deep Learning

As mentioned above, numerous studies have proposed different new word identi-
fication methods, such as fusion of information volume [28], mutual information
[18-19], syntactic analysis [27], and rules [22, 24]. To further improve the accu-
racy of new word identification, this study mainly adopts cutting-edge algorithm
models in deep learning, such as the Word2vec algorithm, Bi-LSTM-Attention-
CRF model, etc. According to the basic flow in Figure 4, new word identification
based on deep learning mainly includes five steps: text preprocessing, syntactic
analysis, word vector embedding, model training and prediction, and feature
clustering. Therefore, this study proposes a new framework for new word iden-
tification for ontology evolution, as shown in Figure 5 [Figure 5: see original
paper].

3.1.1 Text Preprocessing This study uses user product review data from the
Amazon e-commerce platform (Amazon.com) as research data. Before new word
identification, it is necessary to preprocess the original English corpus to remove
abnormal characters and punctuation from the original text corpus. This study
uses Python as the development language and adopts Python’s NLTK toolkit for
sentence segmentation, word tokenization, eliminating punctuation, removing
stop words, POS tagging, etc. Based on POS tagging, words in sentences are
normalized through stemming and lemmatization. Finally, original words with
part-of-speech annotations are obtained.

This study selected two datasets as the training set and test set. The training
set is mainly used to train the Bi-LSTM-Attention-CRF model, while the test
set mainly comes from new text corpora for domain new word identification and
extraction.
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3.1.2 Syntactic Analysis On the basis of preprocessing the original corpus,
introducing syntactic analysis can achieve the first screening and extraction of
domain candidate new words. Syntactic analysis (Syntactic Parsing), as one of
the key low-level technologies in natural language processing, analyzes the gram-
matical functions of words in sentences [3]. Syntactic analysis is divided into
syntactic structure analysis and dependency parsing. To obtain the syntactic
structure or complete phrase structure of the entire sentence, it is called syntac-
tic structure analysis; while to obtain local components, it is called dependency
parsing.

In user product review texts, domain new words are mainly feature words com-
posed of nouns and verbs, as well as relationship words between feature words.
Therefore, to obtain these components in text sentences, this study adopts
dependency parsing. Dependency parsing reveals the syntactic structure by
analyzing the dependency relationships between components within language
units. Intuitively, dependency parsing identifies grammatical components such
as“subject-verb-object”and“attribute-adverbial-complement”in sentences and
analyzes the relationships between these components. For example, in“Wireless
charging damages battery health,”“Wireless charging”is the subject,“damages”
is the predicate, and“battery health”is the object. Both the subject and object
here may become domain new words and can thus serve as candidate domain
new words. Therefore, through syntactic analysis, a candidate set of words that
may become domain new words in text sentences can be obtained, and manu-
ally defined screening rules can be applied to filter out first-stage candidate new
words.

3.1.3 Word Embedding In deep learning, using word embedding for feature
learning is an effective way to extract entities [28]. Before using deep learning
models for data training and prediction, the first task is word embedding, which
is the process of converting preprocessed words into numerical vectors, i.e., word
vectorization.

Word2vec (Word to Vector) is an open-source deep learning tool for calculating
word vectors based on neural network language models and log-bilinear models
[35]. By learning text, it captures semantic information of words in the text
and represents words in the form of word vectors. Word2vec mainly includes
two models: CBOW and Skip-Gram. The CBOW model predicts target word
information based on given context, while the Skip-Gram model predicts words
that appear in its context based on a given word.

Considering that user product reviews may have multiple complex and potential
features and relationships between features—for example, in user review data“It’
s not cool for me that AppStore occupy much storage, and waste battery quickly”
—there are interwoven relationships among feature words“AppStore,”“storage,”
and “battery,”and the association relationships for a feature word can be ob-
tained in the context. Therefore, to improve the accuracy of domain new word
identification, this study adopts the CBOW model in Word2vec for word em-
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bedding and uses Negative Sampling to reduce training complexity, achieving
prediction of word vector representation for a certain vocabulary by training
the context of review texts.

3.1.4 Bi-LSTM-Attention-CRF Model Training Based on word embed-
ding, considering that the research data in this study is large-scale unstructured
review text with complex and diverse feature entities and potential association
relationships, traditional named entity recognition methods have deficiencies
in both efficiency and effectiveness. Moreover, deep learning algorithms, such
as Bi-LSTM+CRF algorithms, are often more accurate in obtaining domain
new words [28]. Therefore, this study introduces the Bi-LSTM-Attention-CRF
model, which combines bidirectional long short-term memory neural network
with attention mechanism and conditional random field model. The framework
of the Bi-LSTM-Attention-CRF model introduced in this study is shown in
Figure 6 [Figure 6: see original paper].

The specific implementation of the Bi-LSTM-Attention-CRF model is as follows:
by preserving the intermediate output of the Encoder encoder of the bidirec-
tional LSTM for the input text sequence, a model is trained to selectively learn
these text inputs and associate the output sequence with them during model
output. Then, the bidirectional LSTM plus Attention mechanism learns the
features of forward and backward information in the input text sequence, and
the CRF model is used to infer the corresponding state sequence based on the
given observation sequence, which can utilize the relationship between adjacent
front and back labels to obtain the current optimal labeling.

In this study, to discover domain new words in input text, the Bi-LSTM-
Attention-CRF model is adopted to process the preprocessed training set and
test set. First, the word vector of each word in the input text sequence and the
automatically annotated dataset are input. Second, the model is trained on do-
main word vectors in the training set. Then, the original training set after word
segmentation is manually annotated for domain new words using annotation la-
bels of five types: BIE-SO (B_{new}, I_{new}, E_{new}, S_{new}, O). Here,
B stands for Begin, indicating the beginning of a new word phrase; I stands for
Intermediate, indicating the middle of a new word phrase; E stands for End,
indicating the end of a new word phrase; S stands for Single, indicating a single
new word character; O stands for Other, used to label irrelevant characters that
are not new words. An example of dataset annotation is shown in Table 1 .

Finally, the Bi-LSTM-CRF network is trained using the training set, where each
iteration requires forward and backward propagation of Bi-LSTM, encoding and
decoding of the Attention layer, and forward and backward propagation of the
CRF layer. The trained model is then used to predict domain new words in the
test set. After predicting domain new words in the test set data through the
Bi-LSTM-Attention-CRF model, second-stage domain candidate new words are
obtained.
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3.1.5 Feature Clustering Since user product reviews have different expres-
sions for the same feature, function, or component of a product—for example,
for the new function of the iPhone X series—facial recognition, some users may
use phrases such as“face recognition,”“facial recognition,”“face scanning,”“facial
scan,”etc. At this point, it is necessary to filter the candidate domain new words
identified in the second stage and screen out the real domain new features for
ontology evolution. This study adopts high-frequency words among synonyms
as the domain new words for that feature.

Additionally, for the domain candidate new words obtained in the second stage,
these new words need to be categorized to determine which position in the prod-
uct ontology they belong to, which facilitates change capture in later ontology
evolution work. This study adopts the K-means clustering method in feature
extraction. The basic idea of the K-means algorithm is to first determine a
constant K, which means the final number of clustering categories. Initially,
random points are selected as centroids, and each sample is assigned to the
most similar class by calculating the similarity between each sample and the
centroid. Then the centroid of each class is recalculated, and this process is
repeated until the centroid no longer changes, finally determining the class to
which each sample belongs and the centroid of each class. Through K-means,
candidate domain new words can be preliminarily clustered, and then domain
expert knowledge is used for category judgment to determine domain new fea-
tures under different categories of a product. Table 2 shows an example of new
feature clustering results for iPhone mobile phone products.

3.2 Ontology Evolution Based on New Word Identification

According to the basic flowchart in Figure 4, the basic framework of ontology
evolution selected in this study is the six-stage division method proposed by
L. Stojanovic et al. [37] in ontology evolution research, which includes change
capturing, representation, semantics of change, implementation, propagation,
and validation.

The ontology evolution framework proposed in this study builds upon the six-
stage division method. First, new word identification technology is added to
the change capturing process, as described in Section 3.1. Since the object of
this study is review text, and text data changes over time and space, many new
features and functions of a certain domain will appear. User product reviews will
contain the latest functions and components of new products, such as wireless
charging and no Home button that appeared in the iPhone X. Therefore, using
new word identification technology can effectively capture changes in concepts,
relationships, and instances in the ontology.

Second, representation is the preparatory work for handling changes, essentially
using formal methods to represent changes in the domain ontology, including
adjustments to the domain ontology structure and concepts, such as using typ-
ical domain feature words in product reviews to represent certain aspects of
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product features and functions. Semantics of change involves semantic control
of domain ontology changes, including changes in concepts, relationships, and
instances. In domain product ontologies, concept changes are mainly reflected
in adjustments to ontology classes. For example, the Jack class in the original
domain ontology contained two subclasses: headphone jack and charging jack,
while new products (such as iPhone 8 series, iPhone X series) merged the charg-
ing jack and headphone jack into one shared jack, requiring adjustment of this
concept to charging and headphone jack.

Relationship changes are mainly reflected in that one-to-one relationships in the
original ontology may be adjusted to one-to-many, many-to-one, or even many-
to-many relationships. For example, the Price class of new products may be
determined by multiple classes, i.e., place of origin, storage, color, screen size, etc.
will determine the price of the mobile phone product. Instance changes mainly
involve the emergence of some new instances, such as the camera_{pixel} class
appearing with single 12-megapixel, rear dual 12-megapixel, etc. Additionally,
the body_{color} of iPhone 11 series products has six color instances: purple,
white, green, yellow, black, and red.

Implementation includes adjustments to ontology structure and instances.
Among them, adjustments to ontology structure include addition, deletion, and
modification of classes, object properties, and data properties. For instance
adjustments, this study mainly adopts the method proposed by C. Huang
et al. [15] for adding and adjusting restrictions on instances. Table 3 shows
examples of adjustments to classes and instances in the domain product
ontology.

Propagation ensures and maintains the consistency of related ontologies after a
domain ontology evolves, to avoid one of the important impacts caused by on-
tology evolution—incompatibility between previous and later ontology versions.
This study uses evolution plugins in protégé, such as the Change-management
plugin and PROMPT plugin [38], to propagate and transfer these changes for
reuse and inheritance of the new version of this domain ontology by other do-
main ontologies.

Finally, the validation stage is the final confirmation of the above domain on-
tology evolution process. After verification through domain experts or machine
identification methods for all these steps, the modifications to the domain on-
tology are confirmed, and some changes can also be deleted according to user
needs mined from the text to complete the final confirmation of changes.

4 Experiments and Results Analysis
4.1 Data Source and Preprocessing

This paper conducts experimental research using user product reviews in the
smartphone domain as an example. Based on the smartphone domain prod-
uct ontology constructed in previous research [2-3], this experiment selected
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Apple’s iPhone smartphone new product reviews from 2019 on the Amazon
e-commerce platform (Amazon.com) as research data to evolve the domain on-
tology constructed in previous research. A total of 10,437 reviews of the 2013
iPhone 5C/5S series and 2,798 reviews of the 2019 new iPhone 11 series were
crawled as experimental data for this study. The 2013 iPhone 5C/5S series
mobile phone review data served as the training set, while the 2019 new iPhone
11 series reviews served as the test set data.

Using the text preprocessing method described in Section 3.1.1, the new cor-
pus was processed with sentence segmentation, word tokenization, punctuation
removal, stop word removal, POS tagging, and normalization. The Word2vec
model was used to generate the word vector space for the new corpus. Before
training the Bi-LSTM-Attention-CRF model, manual sequence labeling was per-
formed on the training set and test set using the method shown in Table 1 in
Section 3.1.4, with a total of 23,672 words labeled.

4.2 Evaluation Metrics

The domain new word identification technique proposed in this paper can iden-
tify new features in the product domain for change capturing in domain ontol-
ogy evolution. Therefore, when evaluating domain new word identification, the
main idea is to compare the smartphone domain new words identified by the
Bi-LSTM-Attention-CRF model used in this study with manually annotated
domain new words to evaluate the performance of the model used in this study.

The evaluation metrics are: Precision, Recall, and F-measure. The formulas are
as follows:

Precision = correct_{{{found}}{{new}}}{words} / found_{{{new}}_{{words}}}

Recall = correct_{{{found}}{{new}}}{words} / correct_{{{new}}_{{words}}}

F-measure = 2 × Precision × Recall / (Precision + Recall)

Where correct_{{{found}}{{new}}}{words} represents the number of domain
new words correctly identified by the model; found_{{{new}}{{words}}} rep-
resents the total number of domain new words identified by the model; cor-
rect{{{new}}_{{words}}} represents the total number of correct domain new
words in the new corpus.

4.3 Experimental Results and Discussion

In the domain new word identification experiment, to verify the effectiveness of
the method, this study manually annotated 654 groups of domain new words
based on Apple’s official documentation, e-commerce platform product details,
and domain expert knowledge, serving as correct domain new words in the
corpus. The method using the CRF model for filtering new words was used as
the baseline, and then compared with the LSTM combined with CRF model,
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bidirectional LSTM combined with CRF model, and the Bi-LSTM-Attention-
CRF model adopted in this study. The comparison results are shown in Figure
7 [Figure 7: see original paper].

The experimental results in Figure 7 show that the domain new words pro-
cessed by the Bi-LSTM-Attention-CRF model achieved the best results, with a
precision rate of 91.75% and an F-measure of 89.15%.

On the other hand, to verify the universality of the domain new word iden-
tification method adopted in this study across different datasets, comparative
experiments were conducted on digital camera product review datasets and lap-
top product review datasets using similar collection and processing methods
as the smartphone dataset. The comparison results of identification effects on
different datasets under the domain new word identification method using the
Bi-LSTM-Attention-CRF model are shown in Figure 8 [Figure 8: see original
paper].

The experimental results in Figure 8 show that the accuracy of the domain
new word identification method adopted in this study is higher than 85% across
different datasets. Due to the relatively fewer new features in digital camera
products and laptop products, the recall rate is relatively lower but remains
above 70%. Therefore, the above two experimental results can verify that using
the model in this study can effectively identify and extract domain new words
from review texts.

In the ontology evolution experiment, taking the evolution of the iPhone smart-
phone domain product ontology as an example, based on the existing domain
product ontology from previous research and the results of domain new word
identification, the domain ontology can be dynamically adjusted using the on-
tology evolution method described in Section 3.2. After ontology evolution
processing, the old and new versions of the smartphone domain product ontol-
ogy are presented in Protégé as shown in Figure 9 [Figure 9: see original paper]
and Figure 10 [Figure 10: see original paper]. Figure 9 shows the display result
of the old version domain product ontology. Figure 10 shows the display result
in the OntoGraf module in Protégé, mainly demonstrating the changes in the
domain ontology structure after ontology evolution, as well as changes in on-
tology classes and structure. In Figure 10, the rectangular boxes marked with
“new”and bold frames are the new classes added in the new version ontology.

The above results of the new version domain ontology show that previous re-
search was mainly based on early user review text data, and the old version
domain ontology constructed accordingly had limited application defects. That
is, with changes in time and space, new features and functions emerge in the do-
main, requiring adjustments to the domain ontology structure. The new version
domain ontology evolved under the background of real-time, latest user product
review data is reliable when processing new texts. It can help product designers
optimize product design based on new features, functions, and components that
users focus on in the domain ontology, and also provide support for consumers
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when using product reviews to make product purchase decisions, thereby con-
tinuing and further exerting the application value of domain product ontologies
under product reviews.
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