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Abstract: Online communities are a rapidly growing knowledge repository that provides scholarly 
research, technical discussion, and social interactivity. This abundance of online information increases 
the difficulty of keeping up with new developments difficult for researchers and practitioners. Thus, we 
introduced a novel method that analyses both knowledge and social sentiment within the online 
community to discover the topical coverage of emerging technology and trace technological trends. 
The method utilizes the Weibull distribution and Shannon entropy to measure and link social sentiment 
with technological topics. Based on question-and-answer and social sentiment data from Zhihu, which 
is an online question and answer (Q&A) community with high-profile entrepreneurs and public 
intellectuals, we built an undirected weighting network and measured the centrality of nodes for 
technology identification. An empirical study on artificial intelligence technology trends supported by 
expert knowledge-based evaluation and cognition provides sufficient evidence of the method's ability 
to identify technology. We found that the social sentiment of hot technological topics presents a 
long-tailed distribution statistical pattern. High similarity between the topic popularity and emerging 
technology development trends appears in the online community. Finally, we discuss the findings in 
various professional fields that are widely applied to discover and track hot technological topics. 
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1 Introduction 

Online media, such as communities, forums, microblogs, and social networking platforms, 
contain a wide range of topics that are discussed by the general public and professionals 
(Rotolo et al., 2015; Li, 2019). Such online information about hot events or technological 
topics popularized via online social networks helps people perceive the associated 
development trends (Li, 2019). Professional online communities, such as "Zhihu", have been 
attracting attention as new mobile technologies mature, and the number of topics related to 
hot and emerging technologies discussed in online communities is growing exponentially. 
Most internet users may learn about hot or attractive technological topics from the 
personalized recommendations of online communities. However, such topics are disorganized 
and inefficient due to a large amount of interacting information, and it is incredibly 
challenging to obtain "tailored" technological topics and development trends. Thus, a 
significant research direction in the field of technology management is to construct an 



effective method of mining relevant information on technological topics in online 
communities and accurately identifying and forecasting technology development trends 
(Rotolo et al., 2015; Hong and Han, 2002; Breitzman and Thomas, 2015). 

Moreover, the development stages of hot technology could be identified and tracked to 
provide guidance for policymakers to formulate economic and management policies and 
enterprises to adopt R&D strategies for relevant technologies (Yoon and Park, 2007). 
Academia has investigated methods of identifying and tracking the popularity trend of 
technologies. Traditional methods include subjective experiments, which are still the 
mainstream approach and include subjective scoring based on expert evaluation (Alberto et al., 
2020；Simon et al., 2020) and evaluating processes impacted by subjective factors (Wang et 
al., 2015; Sakti et al., 2017). Subjective methods require expert evaluation results or 
decision-maker opinions and require experts to review many documents. These methods have 
drawbacks. Creating conditions for long-term, large-scale identification and tracking is 
difficult, and the prediction results are influenced by the experts' tendencies, which makes the 
results unreasonable. Therefore, subjective methods based on expert evaluation have 
high-efficiency advantages but are weak in accuracy, consistency, and stability and 
unqualified as systematic methods. 

Another approach includes objective methods, such as the evaluation index method based 
on patent citation data, which builds a patent citation network and identifies the trend of 
technology development by analysing the characteristics of network structure (Liu and Wang, 
2010; Du et al., 2020；Shubbak, 2019; Berg, 2019; Lee et al., 2018；Kyebambe et al., 2017; 
Mejia, Kajikawa, 2020; Li, 2020). The objective methods recognize the possible existence of 
new technologies in the future by analysing the structural characteristics of patent citation 
networks. Thus, the findings correspond to observable reality with rationality and provide a 
theoretical basis for further studies (Kyebambe et al., 2017; Mariani et al., 2019; Li et al., 
2019). Authors have directly analysed the patent development trend through statistical data 
upon patent (Guo et al., 2018; Evangelista et al., 2020). However, this approach ignores the 
phenomenon that new and emergent technology may be breakthrough technology, which only 
slightly depends on previous patent outputs, thus leading to objectivity "failure" when used to 
monitor emerging technologies. 

A third type of methodology is patent/literature-based text mining, such as text clustering 
(Lee et al., 2020; Zhou et al., 2019; Martin and Hüseyin, 2019; Kim et al., 2020; Kwon and 
Park, 2018), co-occurrence analysis (Diego et al., 2019; Dotsika and Watkins, 2017; Jaewoo, 
Woonsun, 2014; Ravikumar et al., 2015), topic modelling (Chen et al., 2017; Erzurumlu and 
Pachamanova, 2020; Jeong et al., 2019; Chen et al., 2020; Qiu and Wang, 2020), machine 
learning (Lee et al., 2018; Kristjanpoller and Minutolo, 2018; Kim and Sohn, 2020; Xu et al., 
2019; Noh and Lee, 2020) and bibliometric analysis (Merino, 1990; Zhao et al., 2020), which 
are performed to identify technological topics and forecast development trends. The 
text-mining method to identify emerging technologies provides insights beyond patent data 
evaluation, reveals the transparency of patent structures, and may enhance the accuracy of 
identifying emerging technologies. 

These three methodologies represent different strategies for identifying technology trends 
and enrich the theoretical potential of technological forecasting. Nevertheless, these methods 
of investigating technology are limited to patents or academic literature and ignore the 



external social and societal needs that will impact technology development in the future. Ena 
et al. (2016) pointed out that an increasing number of data sources address different phases of 
technology development. Some scholars analyse social media data to examine the topical 
change of emerging technologies and identify development trends of emerging technologies 
on Twitter (Li et al., 2019) and monitor new research topics or fields according to Facebook 
mentions and citations (Mohammadi et al., 2020) and other web news (Hong and Han, 2002; 
Li et al.; 2020). Li et al. (2019) and Mohammadi et al. (2020) pinpointed the advantages of 
mining user-generated content in social media for technological forecasting. First, the 
importance of a technology is determined and characterized by engineers and public users' 
shifting attention but not by the relative position of the technology in its scientific and 
technological system. Second, it is more timely and forward-looking to identify emerging 
technologies and trends by social media data than by patents or academic literature. Third, 
recent efforts (Li et al., 2019; Mohammadi et al., 2020; Li et al.; 2020) have expanded the 
technology trend monitoring methodology from the perspective of multisource data utilization. 
In particular, monitoring and identifying emerging technologies' popularity through public 
perception is conducive to discriminating different development stages of emerging 
technologies. 

Nevertheless, the core techniques of current social media analysis methods mainly focus on 
text mining and topic modelling, and they are not differentiated from the traditional 
technology trend identification method based on text mining. The current study considers 
user-generated topics and social activity-derived data, such as Likes, Sharing, and Forwards. 
These minimally socially derived data reflect a topic's degree of popularity based on the 
importance of an emerging technology and social network communication characteristics. 
However, users with a central location of social networks may exaggerate the popularity of 
some topics that do not correspond to reality and a technical topic posted by a professional 
influencer may be forwarded by their followers; therefore, the technical topic's influence may 
exceed that of the related topic posted by many other ordinary professionals, which leads to 
the distortion of information, resulting in the inaccuracy of technology trend prediction. 

In addition, mainstream internet data mining maps a network and determines the 
significance of a node in the network by calculating the centrality or intermediate level of 
nodes (Du et al., 2020; Li et al., 2019). Previous methods considered the networked node 
weight, which is not equivalent to random connections in a social network. Hence, 
determining methods of trimming the "social network attributes" from topic-based social 
sentiment data, measuring the weight of networked nodes, and discovering their real 
popularity represents a critical issue for monitoring technology trends using online data. 

This paper aims to develop a topic network centrality algorithm for identifying hot 
technological topics based on online information measurement. The method's first step is to 
build a technology topic network organized by a question-and-answer tag group obtained 
from crawling from the Zhihu platform. The second step is to calculate the weight of 
connections in the topic network. Here, we apply the Weibull model to fit the random 
distribution characteristics of social sentiment data and then use Shannon entropy theory to 
measure the amount of information. Consequently, we take the average amount of 
information as the weight of connections. The third step is to measure the centrality of each 
node according to complex network theory. Finally, the popularity trend curve of 



technological topics with trimmed "social network attributes" is constructed based on the 
topic network centrality. 

The main contributions of this paper are threefold: 1) to construct a technology topic 
network based on the technology topic and its social sentiment data; 2) to measure the weight 
of the random connections of nodes in a network based on the amount of information; and 3) 
to develop a topic network centrality algorithm based on online information measurement for 
technology identification and forecasting. 

The rest of this paper is organized as follows. Section 2 provides an overview of the Zhihu 
platform and online data processing, including the basic structure of Zhihu and online data 
collection and processing within Zhihu. Section 3 introduces the methodology, including 
network construction of technological topics, centrality degree measurement, connection 
weight calculation, and the method of calculating the amount of information in observed data 
that combines information entropy with Weibull distribution. Section 4 discusses the results 
of an empirical study on the artificial intelligence case. Section 5 presents the conclusions of 
the paper as well as limitations and recommendations. 

2 Data Platform and Processing 

2.1 Data structure – Zhihu social platform 

The Zhihu platform (https://www.zhihu.com/) is used to study the discovery and tracking 
of hot technological topics based on social networks. The following is a brief introduction to 
the essential characteristics of the Zhihu platform. 

First, Zhihu is currently the largest cutting-edge technology exchange and social 
networking community in the Chinese Internet world, and information is organized in a 
tree-like hierarchical topic distribution structure. For example, the top topic of artificial 
intelligence is divided into subtopics, such as pattern recognition, algorithms, 
human-computer fighting, and smart cities, and there are corresponding subtopics under these 
subtopics mentioned above. For example, the subtopic of pattern recognition covers subtopics 
about detailed technology application directions, including character recognition, voiceprint 
recognition, image recognition, face recognition, and speech recognition. In this way, various 
technological topics in artificial intelligence can be covered, as shown in Fig. 1. 

 



 
Fig. 1. Tree-like hierarchical topic distribution structure of artificial intelligence on the Zhihu 

platform 
 

The tree-like topic structure shown in Fig. 1 is generated by the countless refinements 
resulting from the user's collective wisdom in the community. The topic tree accurately and 
comprehensively covers the content of each subtopic of artificial intelligence, and emerging 
and new technological topics will be quickly added to a specific position in the topic tree. The 
collective wisdom of spontaneous organization originates from many community users from 
all walks of life. The submission of new topics is quite timely, and the comprehensiveness and 
correctness of the topic tree are highly guaranteed after refinement by people with different 
professional backgrounds countless times. This Wikipedia-like phenomenon is called the 
power of collective wisdom. 

Second, Zhihu has an effective intelligent recommendation system. When users pose 
questions on a topic, the questions will be pushed to relevant users to answer through two 
channels: the recommended users and the users with excellent answers under the related topic. 
Once the answer is completed, it will be pushed to the timeline of relevant users by the 
intelligent recommendation system. Social interactivities, such as "likes" and "comments", 
will occur as users browse. From the social interactivities, the intelligent recommendation 
system will select better answers and put them at the top for an efficient browsing experience. 
In other words, the better the answers to a question, the more quickly they will be browsed 
and combined via users to form a central hot topic in the community, thus indicating 
breakthrough or significant achievements of relevant technologies in a period. 

Third, each question in the Zhihu community has multiple topic tags, which means that the 



question is cross-correlated with various technologies. An example is shown in Fig. 2: 
 

 
Fig. 2. Basic structure of the "Question" in Zhihu 

 
In Fig. 2, the question "What is your opinion about the problem that face verification 

cannot be cancelled when selected during Alipay real-name authentication?" involves three 
topics, i.e., "Alipay”, "face recognition”, and "information security." "Alipay" is an enterprise, 
"face recognition" is a technology, and "information security" is an application. Thus, this 
problem connects many topics in different fields together, and through these connections, a 
wide variety of topics are organized into a network. Subsequently, hot topics in the network 
will be discussed and identified. In addition, Fig. 2 shows that the two tags "followers" and 
"browsed" are marked on the top right of each question to represent the "strong concerns" and 
"weak concerns" of community users about this topic. 
 

 
Fig. 3. Basic structure of the "Answer" in Zhihu 

 
As shown in Fig. 3, each answer has many elements that show the popularity of the topic, 



such as the number of "likes" and "comments" and the date of the answer. Moreover, the 
number of answers under each topic and each answer's length indicate how much attention the 
topic receives. Thus, the popularity of a topic or topic combination can be monitored 
according to these elements. 

By considering these factors, we found that the Zhihu website is a high-quality and credible 
information source and provides enough information to monitor emerging technologies. 
Compared with patent information or published literature, Zhihu as a data source has the 
following three advantages. 

First, it is forward-looking. Patents and published literature represent outcome documents 
of emerging technologies, and as a result, they usually lag behind the development trend of 
these technologies. In contrast, a knowledge exchange community such as Zhihu aims to 
share or discuss popular expertise issues. After new technical requirements or new technical 
tools have been introduced and discussed on the social media platform, these new 
technologies attract science, technology, and innovation practitioners, which will lead to a 
more significant outcome and breakthrough of these technologies in the future. 

Second, it is sensitive and self-organizing. Analysing outcome documents based on key 
technologies requires modelers to propose a model in advance and use it as a benchmark to 
obtain the corresponding prediction results. However, non-professionals cannot learn about 
emerging technologies in the embryonic stage, thus limiting the sensitivity of the mining 
algorithm. Every expert or professional may contribute and create content on the Zhihu 
platform, which is useful for a technology trend mining algorithm. Consequently, the 
emerging key technologies under a particular topic will always be found and added to the 
topic tree. Such technologies will be connected with other existing key technologies by topic 
tag groups to determine the relative position of these technologies in the whole technology 
network. In this case, the modelers can build the entire technology popularity trend index 
without knowing the potential hot technologies and their names in the future, and the model 
will automatically discover and focus on them from the technology network. 

Third, it provides a perspective of the whole society. Professionals write both patent and 
paper texts. However, professionals' insights in a specific field are relatively narrow and 
cannot reflect attitudes from a wide range of societies corresponding to the development of 
key technologies. Zhihu is a comprehensive knowledge-based Q&A platform widely used by 
experts and professionals from various industries to share high-quality insights. Although 
answering technical questions requires a particular professional background, professional 
knowledge is not necessary for interactivity, such as "likes”, "comments”, "attention”, and 
"browsing." If a critical technology obtains many answers and a large number of page views, 
followers, comments, and likes, then this technology has received the collective attention of 
professionals and non-professionals and will more comprehensively reflect its impact on 
society in a wide range in the future. 

2.2 Dataset preparation 

This paper studies how to monitor the development trend of technology popularity based 
on the Zhihu platform by taking hot technology "artificial intelligence" as the sample. It is 
necessary to collect all questions and answers under the topic of "artificial intelligence" and 
related subtopics. In this paper, more than 700,000 answers were collected through a crawler 
technique, and they cover the following aspects. 



First, subtopics of artificial intelligence in the topic tree and subtopics of subtopics are 
retrieved. 

Second, all the questions under each topic are collected, including the questions' title, tag 
group, content, number of followers, page view number, and number of answers. 

Third, all answers to each question, including the answerer's nickname, answer's content 
and time, and the number of likes and comments are retrieved. 

The final dataset takes an answer as a basic data unit that consists various attributes. 1) The 
tag group. For example, in Fig. 2, the tag group of multiple answers is "Alipay, face 
recognition, information security." 2) Number of likes, which reflects the recognition degree 
of users for an answer. 3) Number of comments, which reflects the attention of users to the 
answer. 4) Text content of an answer. 5) Number of views, which reflects the current overall 
popularity of a question. 6) Number of followers. If readers are interested in a follow-up 
discussion of the question and want to obtain more relevant pushes, they may actively click 
on "Follow”, which reflects the users' continued attention to the question. 7) Submission time 
of the answer. In addition, some auxiliary information are included, such as the ID, user name, 
signature, and title (excellent answerer) of the answerer. 

3 Methodology 

The method is used to measure the information amount of socially derived data related to 
network topics, the connection weight based on the amount of information, and the node 
centrality of the topic network. First, we introduce how to build a topic network based on the 
topic and its socially derived data and introduce the primary method to calculate the node 
centrality in the topic network. Second, due to the randomness of social data, the node 
connection weights in the topic network cannot directly be obtained by the absolute value of 
derived data; thus, the corresponding information amount and Shannon information entropy 
theory are used to convert the socially derived data into an information amount. The 
connection weight is obtained by calculating the average information amount. Third, to 
accurately measure the information amount, it is necessary to investigate the distribution 
characteristics of information propagated by nodes in the topic network so that we can 
introduce the distribution characteristics of the final propagation times of information (such as 
the "number of comments" and "number of thumbs-up") using the Weibull distribution. 
Afterwards, we integrate Shannon information entropy and the Weibull distribution model to 
introduce a complete calculation method for converting socially derived data into an amount 
of information. Finally, by combining the above process and merging the information 
measurement with a weighted topic network, we propose the framework of the topic network 
centrality algorithm based on information measurement for computing the network centrality 
and forecasting technology trends. 

3.1 Network construction and centrality measurement of technological topics 

After collecting all answers in the artificial intelligence field of the Zhihu platform through 
web crawler technology, the topic tag group corresponding to each answer can be used to 
build the technological topic network. We use the standard adjacency list approach (Bonacich, 
1987) to build the topic network. Specifically, topic tag groups attached to each 
question-and-answer are paired and placed into an adjacency list in turn. Complex network 
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p eri o ds. We s u m m ari z e t h e t w o t o pi c n o d es wit h t h e f ast est h e at gr o wt h r at e i n diff er e nt 

p eri o ds i n Ta bl e 4. 

A c c or di n g t o t h e r es ults s h o w n i n Fi g. 9 a n d Ta bl e 4, t h e f oll o wi n g a n al ysis is p erf or m e d. 

F o ur AI t e c h n ol o gi es wit h hi g h s o ci al c o g niti o n, i. e., f a c e r e c o g niti o n, s p e e c h r e c o g niti o n, 

h u m a n- c o m p ut er fi g hti n g, a n d m a c hi n e l e ar ni n g, ar e s el e ct e d t o di s pl a y t h eir p o p ul arit y tr e n d 

c ur v es, as s h o w n i n Fi g. 9. 

 
Fi g. 9.  P o p ul arit y tr e n d c ur v es of f o ur AI t e c h n ol o gi es 

O n e  e x a m pl e i s t h e G o o gl e c o m p ut er pr o gr a m's vi ct or y o v er G o c h a m pi o ns t wi c e i n 2 0 1 6 

a n d 2 0 1 7, w hi c h tri g g er e d t h e p u bli c's att e nti o n t o t h e t e c h ni c al t o pi c of " m a n- m a c hi n e 

c o m p etiti o n ” a n d dr a m ati c all y i n cr e as e d t h e p o p ul arit y of r el at e d t o pi cs. N e v ert h el ess, t hi s 

t e c h n ol o g y a p pli c ati o n o c c urr e d l o n g b ef or e it s c o m m er ci ali z ati o n; t h er ef or e, t h e t o pi c 

p o p ul arit y r a pi dl y dr o p p e d t o a l o w l e v el aft er 2 0 1 7. I n r e alit y, t h er e i s n o ot h er ess e nti al or 

n oti c e a bl e r es e ar c h o ut p ut i n t h e fi el d of " h u m a n- c o m p ut er fi g hti n g " aft er G o o gl e Al p h a G o. 

Ot h er i nt er esti n g p oi nt s t o c o nsi d er ar e "f a c e r e c o g niti o n " a n d " s p e e c h r e c o g niti o n ”, w hi c h 

ar e t h e m ost attr a cti v e a p pli c ati o ns i n t h e fi el d of artifi ci al i nt elli g e n c e i n r e c e nt y e ar s. T h es e 

t e c h n ol o gi es h a d t h e hi g h est p o p ul arit y i n t h e p eri o d of 2 0 1 7- 2 0 1 8 w h e n t h e c o m m er ci al 

a p pli c ati o n of t h e t w o t e c h n ol o gi es w as e x p a n di n g q ui c kl y. H o w e v er, t h e t o pi c p o p ul arit y h as 

b e g u n t o d e cli n e si n c e s e v er al U S citi es b a n n e d f a ci al r e c o g niti o n t e c h n ol o g y d u e t o s e c urit y 

c o n c er ns i n 2 0 1 9. T h e l ast e x a m pl e i s " m a c hi n e l e ar ni n g ", w hi c h h as t h e hi g h est p o p ul arit y 

a n d i s m u c h m or e p o p ul ar t h a n ot h er s o ci al n et w or ks. As t h e m ost s u c c essf ul r es e ar c h 



p ar a di g m a n d t h e l ar g est br a n c h i n artifi ci al i nt elli g e n c e, m a c hi n e l e ar ni n g w as wi d el y 

r e c o g ni z e d i n 2 0 1 4, a n d its p o p ul arit y h as b e e n o n t h e ri s e f or t h e l ast fi v e y e ar s. 

I n a d diti o n, b y e x a mi ni n g t h e risi n g t o pi c p o p ul arit y, it i s p ossi bl e t o di s c o v er e m er gi n g a n d 

h ot t e c h n ol o gi c al t o pi cs i n r e al ti m e. I n t hi s c as e, t h e i nst a nt p o p ul arit y t o a v er a g e p o p ul arit y 

r ati o of t h e pr e vi o us t w o p eri o ds i s us e d as t h e m e as ur e m e nt i n d e x of t h e i nst a nt r el ati v e 

p o p ul arit y of a c ert ai n t o pi c, a n d it s cr e e ns o ut t h e t w o m ost p o p ul ar artifi ci al i nt elli g e n c e 

s u bt o pi cs i n e a c h p eri o d, as s h o w n i n Ta bl e 4.

T a bl e 4  R el ati v e h ot t o pi cs of artifi ci al i nt elli g e n c e at diff er e nt ti m es 

 

Ti m e 
First l e v el of 

r el ati v e h ot t o pi cs 
S e c o n d l e v el of 

r el ati v e h ot t o pi cs 
Ti m e 

First l e v el of 
r el ati v e h ot t o pi cs 

S e c o n d l e v el of 
r el ati v e h ot 

t o pi cs 
2 0 1 3. 7 ~ 
2 0 1 3. 1 2 

m a c hi n e l e ar ni n g 
artifi ci al 

i nt elli g e n c e 
2 0 1 6. 7 ~ 
2 0 1 6. 1 2 

t ar g et d et e cti o n 
c o n v ol uti o n al 
n e ur al n et w or k 

2 0 1 4. 1 ~ 
2 0 1 4. 6 

artifi ci al 
i nt elli g e n c e 

r o b ot 
2 0 1 7. 1 ~ 
2 0 1 7. 6 

h u m a n- c o m p ut er 
fi g hti n g 

c o n v ol uti o n al 
n e ur al n et w or k 

2 0 1 4. 7 ~ 
2 0 1 4. 1 2 

d e e p l e ar ni n g  m a c hi n e l e ar ni n g 
2 0 1 7. 7 ~ 
2 0 1 7. 1 2 

i nt e n si v e l e ar ni n g 
c o n v ol uti o n al 
n e ur al n et w or k 

2 0 1 5. 1 ~ 
2 0 1 5. 6 

d e e p l e ar ni n g  i m a g e r e c o g niti o n 
2 0 1 8. 1 ~ 
2 0 1 8. 6 

i nt elli g e nt 
tr a n s p ort ati o n 

i nt elli g e nt r o b ot 

2 0 1 5. 7 ~ 
2 0 1 5. 1 2 

d e e p l e ar ni n g  c o m p ut er visi o n 
2 0 1 8. 7 ~ 
2 0 1 8. 1 2 

t ar g et d et e cti o n  d o m esti c r o b ot 

2 0 1 6. 1 ~ 
2 0 1 6. 6 

h u m a n- c o m p ut er 
fi g hti n g 

artifi ci al 
i nt elli g e n c e 

2 0 1 9. 1 ~ 
2 0 1 9. 6 

i nt e n si v e l e ar ni n g  t e xt mi ni n g 

 

As s h o w n i n Ta bl e 4, i n t h e e arl y d a ys of t h e artifi ci al i nt elli g e n c e w a v e ( 2 0 1 3- 2 0 1 4), t h e 

r elati v el y p o p ul ar t o pi cs o n s o ci al n et w or k pl atf or ms w er e r el ati v el y br o a d a n d l a c k e d 

s p e cifi c a p pli c ati o n s c e n ari os, a n d t h e u n d er st a n di n g of artifi ci al i nt elli g e n c e w as still 

ass o ci at e d wit h r o b ot s. T h e n, fr o m t h e s e c o n d h alf of 2 0 1 4, d e e p l e ar ni n g e m er g e d r a di c all y, 

a n d it w as a c c o m p a ni e d b y t h e fir st cl e ar- c ut a p pli c ati o n s c e n ari o: c o m p ut er vi si o n. I n 2 0 1 6, 

t h e m a n- v er s us- m a c hi n e Al p h a G o m at c h dr e w p u bli c att e nti o n t o t h e fi el d of 

" h u m a n- c o m p ut er fi g hti n g ”, a n d c o n v ol uti o n al n e ur al n et w or ks, w hi c h i s t h e m ost t y pi c al 

d e e p l e ar ni n g, c o nti n u e d t o b e p o p ul ar. I n t h e s e c o n d h alf of 2 0 1 7, i nt e nsi v e l e ar ni n g, as t h e 

r e pr es e nt ati v e of t h e n e xt st a g e of t h e AI w a v e, r e pr es e nt e d a r el ati v el y h ot t o pi c f or t h e first 

ti m e, a n d AI a p pli c ati o ns cl os e t o s o ci al lif e, s u c h as i nt elli g e nt tr a ns p ort ati o n a n d h o us e h ol d 

r o b ots, e m er g e d i n 2 0 1 8. Fi n all y, i nt e nsi v e l e ar ni n g a n d t e xt mi ni n g, w hi c h s h o w e d t h e 

hi g h est r el ati v e p o p ul arit y i n 2 0 1 9, r e pr es e nt s t h e first w a v e br o u g ht b y d e e p l e ar ni n g a n d 

st art s t h e s e c o n d n e w w a v e. 

Fr o m t h e a b o v e a n al ysi s, t h e f o ur t e c h n ol o g y p o p ul arit y tr e n d c ur v es b as e d o n t h e 

pr o p os e d m et h o d, n a m el y, f a c e r e c o g niti o n, s p e e c h r e c o g niti o n, h u m a n- c o m p ut er fi g hti n g, 

a n d m a c hi n e l e ar ni n g, ar e c o nsi st e nt wit h t h e a ct u al d e v el o p m e nt sit u ati o n a n d p u bli c 

att e nti o n. T hi s fi n di n g a d v o c at es t h at t h e m et h o d pr o p os e d i n t his p a p er eff e cti v el y i d e ntifi es 

a n d m o nit ors h ot t o pi cs i n a n o nli n e f or u m.  

5 Dis c u ssi o n 

T hi s s e cti o n will d e m o nstr at e t h e s u p eri orit y a n d r ati o n alit y of o ur m et h o d t hr o u g h a 

c o m p a r ati v e a n al ysi s of diff er e nt m et h o ds a n d t h e n dis c uss t h e u ni v er s alit y of t h e m et h o d’s 

a p pli c ati o n. 



5. 1 C o m p a ri s o n of p r e di cti o n r es ult s b as e d o n t h e a bs ol ut e v al u e a n d i nf o r m ati o n 

a m o u nt of s o ci al d e ri v ati v e d at a 

T h e e m piri c al r es ult s s h o w t h at t h e t o pi c n et w or k c o nstr u ct e d wit h i nf or m ati o n a m o u nt as 

t h e w ei g ht c a n b ett er r efl e ct e a c h t o pi c n o d e's i m p ort a n c e a n d h as hi g h c o nsist e n c y wit h t h e 

p u bli c p er c e pti o n. H o w e v er, w h at w o ul d b e t h e i m p a ct of usi n g t h e a bs ol ut e v al u e of s o ci al 

d eri v ati v e d at a as t h e t o pi c n et w or k c o n n e cti o n w ei g ht i nst e a d of t h e i nf or m ati o n a m o u nt ? T o 

a ns w er t hi s q u esti o n a n d hi g hli g ht t h e s u p eri orit y of t h e pr o p os e d m et h o d, w e c o m p ar e t h e 

pr e di cti o n r es ult s b as e d o n a bs ol ut e v al u es a n d i nf or m ati o n a m o u nt, as s h o w n i n Fi g. 1 0 a n d 

Ta bl e 5.

Fi g. 1 0.  C o m p ari s o n of t h e t o pi c h e at tr e n d c ur v es b as e d o n i nf or m ati o n a m o u nt a n d a bs ol ut e 

v al u e 

Ta bl e 5. R el ati v e h ot t o pi cs of artifi ci al i nt elli g e n c e at diff er e nt ti m es b as e d o n a bs ol ut e 

v al u es 

 

Ti m e  

 

Fir st l e v el of 
r el ati v e h ot 

t o pi c s 

S e c o n d l e v el of 
r el ati v e h ot 

t o pi c s 
Ti m e  

Fir st l e v el of 
r el ati v e h ot 

t o pi c s 

S e c o n d l e v el of 
r el ati v e h ot 

t o pi c s 
2 0 1 3. 7 ~ 
2 0 1 3. 1 2 

d at a mi ni n g 
m a c hi n e 
l e ar ni n g 

2 0 1 6. 7 ~ 
2 0 1 6. 1 2 

m a c hi n e 
l e ar ni n g 

d e e p l e ar ni n g 

2 0 1 4. 1 ~ 
2 0 1 4. 6 

artifi ci al 
i nt elli g e n c e 

r o b ot 
2 0 1 7. 1 ~ 
2 0 1 7. 6 

artifi ci al 
i nt elli g e n c e 

d at a a n al ysis 

2 0 1 4. 7 ~ 
2 0 1 4. 1 2 

m a c hi n e 
l e ar ni n g 

d at a mi ni n g 
2 0 1 7. 7 ~ 
2 0 1 7. 1 2 

artifi ci al 
i nt elli g e n c e 

m a c hi n e 
l e ar ni n g 

2 0 1 5. 1 ~ 
2 0 1 5. 6 

d e e p l e ar ni n g  f a c e r e c o g niti o n 
2 0 1 8. 1 ~ 
2 0 1 8. 6 

artifi ci al 
i nt elli g e n c e 

r o b ot 

2 0 1 5. 7 ~ 
2 0 1 5. 1 2 

d e e p l e ar ni n g  r o b ot 
2 0 1 8. 7 ~ 
2 0 1 8. 1 2 

r o b ot 
f a c e 

r e c o g niti o n 
2 0 1 6. 1 ~ 
2 0 1 6. 6 

artifi ci al 
i nt elli g e n c e 

a u g m e nt e d 
r e alit y 

2 0 1 9. 1 ~ 
2 0 1 9. 6 

s p e e c h 
r e c o g niti o n 

d at a a n al ysis 



T h e i nf or m ati o n a m o u nt w ei g ht s t h e s oli d bl a c k li n e, a n d t h e a bs ol ut e v al u e w ei g ht s t h e r e d 

d ott e d li n e. T h e fi n di n gs s h o w t h at t h e esti m ati o n r es ult s w ei g ht e d b y a bs ol ut e v al u es e x hi bit 

r a n d o m v ol atilit y a n d c a n n ot b e c orr el at e d wit h t h e a ct u al d e v el o p m e nt tr e n d of artifi ci al 

i nt elli g e n c e-r el at e d t e c h n ol o gi es. Ta bl e 5 li st s h ot t o pi cs w ei g ht e d b y a bs ol ut e v al u es. We fi n d 

t h at t h es e t o pi cs ar e r e p e at e d wit h s o m e c o n c e pt u al a n d br o a d t o pi cs, s u c h as " artifi ci al 

i nt elli g e n c e ”, " m a c hi n e l e ar ni n g ”, " d e e p l e ar ni n g ”, " d at a a n al ysi s ”, a n d "r o b ot. " O nl y "f a c e 

r e c o g niti o n " a n d " s p e e c h r e c o g niti o n " ar e i n v ol v e d i n t h e a p pli c ati o n t e c h n ol o gi es i n Ta bl e 5. 

I n t h e di s c ussi o n of " artifi ci al i nt elli g e n c e " g e n er at e d b y t h e t w o Al p h a G o g a m es i n 2 0 1 6 a n d 

2 0 1 7, t h e criti c al t e c h n ol o g y t o pi c of " h u m a n- c o m p ut er fi g hti n g " w as n ot i d e ntifi e d. H o w e v er, 

t h e h ot t o pi cs i n Ta bl e 4 b as e d o n t h e i nf or m ati o n a m o u nt r efl e ct t h e AI fi el d's c o m pl et e 

d e v el o p m e nt hi st or y st arti n g fr o m t h e p at er n al c o n c e pt of " artifi ci al i nt elli g e n c e ”, " m a c hi n e 

l e ar ni n g ”, a n d "r o b ot ", t h e n gr a d u all y d e v el o pi n g t o "f a c e r e c o g niti o n ”, "t ar g et d et e cti o n " a n d 

ot h er s p e cifi c a p pli c ati o n- ori e nt e d t e c h n ol o gi es, a n d t h e n f urt h er e x p a n di n g t o "i nt e nsi v e 

l e ar ni n g ”, "t e xt mi ni n g " a n d ot h er n e w AI d e v el o p m e nt dir e cti o ns. T h e h ot t o pi cs als o 

m o nit or e d i n r e al ti m e t h e er u pti o n of h ot t o pi cs, s u c h as " h u m a n- c o m p ut er fi g hti n g ". 

C o ns e q u e ntl y, t h e t o pi c n et w or k c e ntr alit y al g orit h m b as e d o n i nf or m ati o n m e as ur e m e nt 

usi n g S h a n n o n i nf or m ati o n e ntr o p y a n d t h e Wei b ull distri b uti o n c a n t ail or t h e l o n g t ail 

i n h er e nt i n t h e s o ci al s e nti m e nt d at a a n d a c c ur at el y c al c ul at e t h e w ei g hts of r a n d o ml y 

g e n er at e d c o n n e cti o ns b et w e e n n o d es i n t h e s o ci al n et w or k. T h er ef or e, t h e pr o p os e d m et h o d 

eff e cti v el y s u p p ort s t h e c al c ul ati o n pr o c ess of t h e c e ntr alit y of t o pi c n o d es i n t o pi c n et w or ks 

a n d pr o vi d es a c c ur at e r es ult s f or f or e c asti n g t e c h n ol o g y tr e n ds. 

5. 2 C o m p a ri s o n a n al ysi s of t e c h n ol o g y p o p ul a rit y t r e n d r es ult s b as e d o n diff e r e nt 

l o n g-t ail e d di st ri b uti o ns 

T o f urt h er d e m o nstr at e t h e s u p eri orit y of t h e m et h o d pr o p os e d i n t hi s p a p er, t h e i nfl u e n c e 

of diff er e nt l o n g-t ail e d di stri b uti o ns o n t h e c al c ul ati o n r es ults of t h e t e c h n ol o g y p o p ul arit y 

tr e n d i n d e x i s c o m p ar e d. T h e cl assi c al P ar et o distri b uti o n a n d l o g n or m al di stri b uti o n ar e 

s el e ct e d as t h e c o m p aris o n o bj e ct s, t h e t hr e e l o n g-t ail e d di stri b uti o ns ar e us e d f or d at as et 

gr o u pi n g, c h ar a ct eri sti c i nf or m ati o n i d e ntifi c ati o n a n d tr a nsf or m ati o n, n et w or k gr a p h m o d el 

c o nstr u cti o n, n o d e c e ntr alit y c al c ul ati o n a n d c e ntr alit y i nf or m ati o n i d e ntifi c ati o n i n s e q u e n c e, 

a n d t h e n a t e c h n ol o g y p o p ul arit y tr e n d i n d e x b as e d o n t h e a m o u nt of i nf or m ati o n i s 

c o nstr u ct e d. Fi g. 1 1 c o m p ar es t h e t e c h n ol o g y p o p ul arit y tr e n d c ur v es b as e d o n t hr e e diff er e nt 

l o n g-t ail e d di stri b uti o ns. 
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According to Table 6, the estimation method of time complexity can be used to calculate 

the tail descent speed. Since logarithmic transformation is needed in the process of 
information identification, if the distribution tail descends at the power function level, then 
the descent speed will be quite small when the observed value x of the random variable is 
large enough, thereby leading to the bottleneck of information growth. Thus, when the Pareto 
distribution and lognormal distribution in Fig. 11 are used as the long-tailed distribution, the 
increase in the amount of information will cause a "ceiling" phenomenon. The tail descent 
speed of the Weibull distribution is close to an exponential function and maintains a constant 
level decline after logarithmic transformation. Therefore, regardless of how large the observed 
value x is, if it is doubled to 2x, the amount of information will increase to the original fixed 
multiple, thus ensuring the global robustness of the information identification algorithm. 

5.3 Generalizability of the proposed method 

The Zhihu forum in the Chinese environment and the Quora forum 
(https://www.quora.com/) in the English environment are basically the same in terms of 
content organization, including the basic structure of questions and answers, with topic tags as 
the linking method between different question and answer groups. That is, in the Quora and 
Zhihu forums, the topic network is organized by using topic tags as links and the same 
weighted topic network can be constructed by using social sentiment data, such as likes and 
comments, as network weights to analyse the method of this article. On other online forums 
that do not use clear hashtags, it is possible to add hashtags to each text material through 
natural semantic analysis technology or keyword query technology. Therefore, with the aid of 
basic natural language processing technology, this method can be widely used in the 
discovery and tracking of hot topics in various online technical forums and even further 
extended to the discovery and tracking of public opinion in other types of websites, such as 
Yahoo, Facebook, Twitter and other online social communities. 

6. Conclusions 

User-generated social sentiment information in online professional communities is 
becoming a vital data resource for identifying technology developments and forecasting 
trends. For practical mining of online information to support technology forecasting, this 
paper has developed the topic network centrality algorithm based on information 
measurement. In addition, as a scientific domain attracting the most attention in recent years, 
artificial intelligence has a relatively clear development path with a higher degree of 
recognition. Therefore, by taking advantage of online community information, this paper 
selected the technology development of artificial intelligence as an application example to 
verify the effectiveness of the proposed method. The empirical analysis indicates that the 
algorithm proposed in the present paper accurately identified hot and trending technological 
topics and was able to construct popularity trend curves of different AI technological topics 
over the timeline. The findings presented here can provide support for state administrators of 
science, technology, and innovation in monitoring and evaluating the development status of 
emerging and frontier technologies, facilitate the preparation of related policies and provide 
guidance for technology research and development for relevant practitioners.  



O v er all, t h e pr o p os e d t e c h n ol o g y tr e n d i d e ntifi c ati o n m et h o d ol o g y h as s e v er al f e at ur es t h at 

di sti n g ui s h it fr o m si mil ar eff ort s. 

Fir st, t h e s o ci al n et w or k it s elf i s s c al e-fr e e a n d all c h ar a ct eri sti cs d eri v e d fr o m t h e n et w or k 

o b e y a l o n g-t ail e d di stri b uti o n. T h e b est m et h o d of b uil di n g a t e c h n ol o g y f or e c asti n g m o d el 

b as e d o n t h e s e c h ar a ct eri sti cs i s t o c o n v ert t h e a bs ol ut e v al u e i nt o t h e i nf or m ati o n a m o u nt b y 

i nf or m ati o n t h e or y, w hi c h si g nifi c a ntl y i m pr o v es t h e m o d el's st a bilit y. 

S e c o n d, w h e n i nf or m ati o n t h e or y i s us e d t o e xtr a ct t h e a m o u nt of i nf or m ati o n fr o m d at a 

s u bj e ct t o a l o n g-t ail e d di stri b uti o n, t h e o pti m al c h oi c e of t h e c orr es p o n di n g l o n g-t ail e d 

di stri b uti o n is t h e Wei b ull di stri b uti o n, w hi c h e ns ur es b ett er st a bilit y a n d s e nsiti vit y of 

i nf or m ati o n aft er c o n v er si o n. 

T hir d, ei g e n v al u e d e c o m p ositi o n- b as e d m et h o ds ar e s uit a bl e f or c al c ul ati n g t h e c e ntr alit y 

of n et w or k e d t e c h n ol o g y n o d es, a n d s u c h m et h o ds c o nf or m t o t h e m ai n c h ar a ct eri sti cs of t h e 

t e c h n ol o g y s yst e m. 

F o urt h, t h e d at a a n d str u ct ur e of t h e Z hi h u c o m m u nit y ar e v er y c o n d u ci v e t o c o nstr u cti n g 

t h e t e c h n ol o g y n et w or k m o d el. T h e t e c h n ol o g y p o p ul arit y tr e n d i n d e x c o nstr u ct e d b as e d o n 

t h es e d at a al s o r efl e ct s t h e a ct u al sit u ati o n of t e c h n ol o gi c al d e v el o p m e nt. I n a d diti o n, b y 

c oll e cti n g m or e c o m pr e h e nsi v e d at a, a r e al-ti m e m o nit ori n g pl atf or m of t h e t e c h n ol o g y 

p o p ul arit y tr e n d i n d e x c a n b e c o nstr u ct e d t o pr o vi d e str o n g s u p p ort f or t h e pr e p ar ati o n of 

n ati o n al i n d ustri al p oli ci es a n d i n d ustri al i n v est m e nt or r el at e d w or k b y s ci e ntifi c r es e ar c h 

i nstit uti o ns. 

N e v ert h el ess, t his p a p er h as t h e f oll o wi n g li mit ati o ns t h at n e e d t o b e c o nsi d er e d i n f ut ur e 

w or k. Fir st, t his arti cl e f o c us e d o n s o ci al- e m oti o n al str u ct ur e d d at a a n d pr of essi o n al us ers' 

s e nti m e nt s e m b e d d e d i n t h e t o pi c t e xt w er e n ot i n v ol v e d i n t h e c urr e nt m e as uri n g pr o c ess. A 

s e m a nti c a n al ysi s n e e ds t o b e c o n d u ct e d i n a f urt h er st u d y t o q u a ntif y a n d m e as ur e t h e 

a ns w er er s' s e nti m e nt s t o w ar ds r el e v a nt t e c h n ol o g y t o pi cs a n d f urt h er i m pr o v e t h e i n d e x 

c o nstr u cti o n m et h o d. S e c o n d, t hi s p a p er o nl y c o nsi d er s t h e Z hi h u o nli n e c o m m u nit y as t h e 

d at a s o ur c e pl atf or m. H o w e v er, s o ci all y d eri v e d d at a c a n b e mi n e d fr o m a v ari et y of diff er e nt 

pl atf or ms t o b uil d a m ulti s o ur c e h et er o g e n e o us d at a- dri v e n t e c h ni c al t o pi c pr e di cti o n m o d el 

t o i m pr o v e t h e pr e di cti o n a c c ur a c y. 

A c k n o wl e d g m e nt: T his r es e ar c h w as s u p p ort e d i n p art b y t h e N at ur al S ci e n c e F o u n d ati o n of 
C hi n a ( N o. 7 1 7 0 4 0 0 7), t h e B eiji n g S o ci al S ci e n c e F o u n d ati o n of C hi n a ( N o. 1 8 G L C 0 8 2), a n d 
S o ci al S ci e n c e Pr o gr a m of B eiji n g M u ni ci p al E d u c ati o n C o m mi ssi o n ( Gr a nt N o.
S M 2 0 2 1 1 0 0 0 5 0 1 2). 

 

C o nfli cts of I nt e r est:  T h e a ut h or s d e cl ar e n o c o nfli ct of i nt er est. 
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