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Abstract 

Community question answering (CQA) sites have developed into vast collections of valuable knowledge. 

Questions, as CQA’s central component, go through several phases after they are posted, which are 

often referred to as the questions’ lifecycle or questions’ lifespan. Different questions have different 

lifecycles, which are closely linked to the topics of the questions that can be determined by their attached 

labels. We conduct an empirical analysis based on the dynamic panel data of a Q&A website and 

propose a framework for explaining the time sensitivity of topic labels. By applying a Discrete Fourier 

Transform and a Knee point detection method, we demonstrate the existence of three broad label 

clusters based on their recurring features and four common question lifecycle patterns. We further prove 

that the lifecycles of questions in disparate clusters vary significantly. The findings support our 

hypothesis that questions with more time-sensitive labels are more likely to hit their saturation point 

sooner than questions with less time-sensitive labels. The research results could be applied for better 

CQA interface design and more efficient digital resources management. 

 

Keywords: Question-answering community, question lifecycle, topic classification, topic recurring 

pattern. 

1 Introduction 

After a question is posted on a Q&A site, how many phases will it go through? This is a well-known 

open research question pertaining to Community Question Answering (CQA) and collectively to online 

behaviour (Maity et al., 2015; Yu et al., 2015). CQAs, such as Yahoo! Answers, Stack Overflow, Quora 

and Zhihu, are forums for users to pose and answer questions. They have become a significant source 

of knowledge for online knowledge seekers. CQAs not only provide a platform for experts to share their 

insights and receive recognition, but they also assist new users in successfully solving a specific problem 

or get an answer to a question (DeVaro et al., 2018; Huna et al., 2016; Liu et al., 2011; Pedro and 

Karatzoglou, 2014; Roy et al., 2018; Yao et al., 2015). The information provided in such sharing 

environments goes through several lifecycles over time. According to early CQA research, each question 

has a lifecycle as follows; it begins in an "open" state where it receives responses and users’ attention; 

followed by a "closed" stage where no further responses are received (Agichtein et al., 2008). Anderson 

et al. (2012) defined a two-phased question lifecycle on Stack Overflow that includes a growth phase 

during which most of the responding and voting occurs, followed by a saturation phase where the 

number of responses plateau over a long period of time. It is also claimed that the relatively stable 

plateau can potentially provide a useful public resource for future would-be questioners. The lifecycles 

of individual questions, however, can differ significantly depending on the topic of the question.  

 As an illustration of the different lifecycles of questions in a CQA system, we give an example of the 

short-term question lifecycles of two different questions on Zhihu, the largest CQA platform in China 

(Figure1), which shows the remarkable differences in the pageview trends of questions under different 
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topics. Figure 1 presents two different patterns respectively: a concave increasing curve and a convex 

increasing curve.  

 

(a)                                             (b) 

Figure 1. The lifecycle of different questions on Zhihu: (a) The concave pageview trend of a policy 

changing question (Question ID = 447782565). (b) The convex pageview trend of a premenstrual 

syndrome question (Question ID = 447782641). 

To investigate the lifecycles of questions under various topics, we use the labels attached by the 

questioner to capture and classify the question topics. Topic labels play a pivotal role in CQA sites, 

including but not limited to the following aspects (Nie et al., 2020): (1) Question routing. In addition to 

the unidirectional user-follower relations, in CQA sites, users can also follow the topics of interest. As 

such, CQA sites can put the questions into the feeds of associated topic followers to draw more attention 

from potential answerers, and thus receive quicker and more accurate answers. (2) Topic labels can be 

leveraged to benefit index, search, navigation, and organization. Therefore, question tagging in CQA 

sites deserves researchers’ attention.  

When a user asks a question in a CQA site, the user must normally select a category label from a 

predefined hierarchy of categories. As a result, each question in a CQA archive is assigned one or more 

category labels, and questions in CQA sites are categorised into hierarchies (Cao et al., 2009). For 

example, in Zhihu, topic labels are organised into a directed acyclic graph (DAG) by experienced users 

and hired experts, as shown in Figure 2. The DAG can be converted to a tree structure except that some 

nodes have multiple parents. From the root-to-leaf nodes, topic tags tend to be more specific. A question 

can be annotated by either the leaf or the internal nodes at the same time. 

 

 

Figure 2. Category structure in Zhihu 
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The explanation why questions' lifecycles have different patterns is an intriguing topic that is related to 

users’ engagement. However, very few studies have illustrated the relationship between time sensitivity 

of the label and the lifecycle of questions that are posted under this label. In this paper, we focus on 

studying the effect of one crucial aspect of user behaviour - i.e., the effect of a label on a questions’ 

lifecycle. As has been discovered in Zhihu, the effect of label usage can represent the effect of the topic 

on a question’s lifecycle. By de onstrating the relationship between label usage and the questions’ 

exposure rate (traffic growth rate), we then elaborate on the indirect influence of topic classification on 

the questions' lifecycles. 

This research provides multiple significant theoretical and practical contributions to the study on 

question lifecycle and label clustering. First and foremost, this research addresses the ambiguous 

relationship between label usage and the lifespan of questions. Aside from the two patterns proposed by 

Crane & Scrnette (2008), we propose other recurrent online content lifecycle patterns and extend them 

to CQA to prove and further replenish this model. Furthermore, we propose a broad label clustering 

fra ewor  according to labels’ recurring periods and recurring strengths. We present the time-

sensitivity of labels using the Discrete Fourier Transform (DFT). DFT can be adopted to understand 

different dynamic types of question topics and perform deeper analysis on various research domains 

about online content lifecycles. The findings of this study can also be used to predict the long-term value 

of online content and user behaviour on various social media websites. Specifically, the outcomes of 

this study can assist the CQA platform operators to optimise the user experience by developing an 

immediate feedback feature that suggests the predicted content lifespan based on the labels attached to 

the post. Furthermore, as a critical component of Information Lifecycle Management (ILM), digital 

information classification has a number of difficulties that need to be addressed. This study tackling the 

information classification problem in CQAs by providing specific question classification method 

according to their lifecycles and topic time sensitiveness. The research findings could help platform 

management improve the data retention strategy and better manage the ageing, archival, and disposal of 

information to release more digital resources.  

The remainder of this paper is structured as follows: Section 2 summarises related work and develops 

our key hypotheses. Section 3 provides an overview of our dataset, data collection process, and data 

processing methodology. Section 4 and 5 present our findings and contributions. Section 6 summarises 

the study and addresses its limitations and potential directions for future works. 

2 Related Work & Hypotheses development  

2.1        Information lifecycle management 

The information in organizations including CQA platforms has been rapidly growing as a result of 

increased computerised systems, archiving and privacy rules, and customer support applications (Gantz 

and Reinsel, 2007). This brings upon many undesired consequences, for instance, limited 

digital resources and information overload tend to obscure useful information from users. Therefore, 

conservation of Web resources by archiving data to lower the cost of information storage is becoming a 

critical issue for digital platforms (Pennock, 2007; Waddington et al., 2012). The rising demand for data 

protection and retention, as well as the prevention of data explosion brought by information growth, has 

pushed many digital organizations to deploy sophisticated information management strategies 

(Arutyunov, 2012; Hayes, 2008; Sabah, 2008). 

Recently, Information Lifecycle Management (ILM), which is a cost-effective strategy for preserving 

information assets, has garnered significant attention as a solution to the data overload problem  (Al-

Fedaghi, 2013). The objective of ILM is to achieve digital resource allocation by matching the 

organi ation’s storage capacity with active processing such as access ti es and frequency, which are 

highly related to the page traffic in CQAs.  

The important aspect of ILM is "valuing" information, which refers to evaluating the relative importance 

of information. However, information on websites has varying values; certain information may be more 

valuable than others and decisions have to be made as to which information to preserve and which to 
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discard (Kraemer et al., 2009). For example, if a piece of information is evaluated to be more important 

than it is, platform maintenance expenses may be wasted. On the other hand, it is also important not to 

under-evaluate information, since information designated as an asset should be classified and protected 

according to its value and importance to the organization (Bergström and Åhlfeldt, 2014). Hence, ILM 

has to be implemented with caution.  

To tackle this information classification problem, it is critical to assign time-dependent values to 

different types of contents according to their status in their lifecycles (Al-Fedaghi, 2013). Information 

might be in multiple stages, such as in use or archived, with different values at different times. Because 

information classification can change over time, reclassifying information to maintain an up-to-date 

classification is another issue raised by previous studies (Bunker, 2012; Fibikova and Müller, 2011; 

Virtanen, 2001). Thus, from the ILM standpoint, it is critical to concentrate on dynamic information 

classification tasks that can be implemented in different types of online communities.  

An early study has already pointed out that more real-word ILM examples are needed in this research 

field (Bergström and Åhlfeldt, 2014). Nevertheless, much of the existing literature is focused on 

theoretical work, for instance, the information flow model (Sabah, 2008), information security policies 

(Bergström et al., 2019), and national models (Oscarson and Karlsson, 2009). According to the results 

of a survey on the underlying approaches of information classification practices, information 

classification policies need to be more precise and provide more actionable recommendations on how 

information lifecycle management is implemented in practice (Bergström and Anteryd, 2018). Some 

empirical studies have attempted to address the information classification task from an ILM perspective 

(Bergström et al., 2021; Büsch et al., 2017), but they were limited to intra-organizational information, 

and did not investigate online communities.  

In the context of CQAs, there is no relevant research that addresses the information classification task 

to improve the effectiveness of ILM. An effective method for dynamic information classification in 

CQAs remains unknown. To bridge this research gap, our study aims to incorporate an ILM perspective 

to CQAs-related research and classify different types of content according to their lifecycle status, which 

can be utilised to optimise data retention policies and digital resource management. 

2.2       Question Lifecycle  

Previous research has discussed the value of utilizing a lifecycle strategy to assist managing digital 

information: different content types have varied lifespans, which are best managed by understanding 

their lifespans (or lifecycles) first (Rusbridge et al., 2005; Waddington et al., 2012). The typical social 

media lifecycle is strikingly comparable to the lifecycle in classic product adoption and lifecycle theory. 

The earliest systematic product lifecycle theory can be traced back to the four-stage lifecycle that Levitt 

(1965) put forward. He divided the product lifecycle into four stages: market development, growth, 

maturity and decline, and mentioned that the lifecycle concept can be effectively employed in the 

strategy of both existing and new products. Online content, as a product of websites or platforms, 

undoubtedly has its own lifecycle in today's highly established network media landscape. 

The 90/90 data-use theory (Efraim et al., 2017) states that the vast majority of stored data, up to 90%, 

is rarely accessed after 90 days. In other words, data loses a significant amount of its value after being 

available for more than three months. Social media content (e.g., posts, video, and articles) composed 

of numerous data follows the same principle. Thus, we pose the following hypothesis: 

H1: Posts on Q&A sites adhere to the 90/90 data-use theory, which states that questions receive the 

majority of users’ attention during a brief period after being posted. 

Other social media models that observe online content popularity over time include power-law 

precursory growth and power-law relaxations (Crane and Sornette, 2008). Castillo et al. (2014) proposed 

a si ilar “80:10:10” rule based on the study of News articles that stated that for the first 12 hours, traffic 

to 80% of articles decreases monotonically, traffic to 10% of articles does not decrease, and traffic to 

the remaining 10% of articles decreases initially but then recovers.  

The half-life of articles is shown to be power law spread over a wide range, with a mean of 36 hours 

(Dezsö et al., 2006). Yu et al. (2015) enhanced this model by categorizing various videos into multiple 
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phases of popularity growth or decline over a specific period. Other research about media content 

lifecycle mentions that user activities in a social information network have a highly skewed distribution. 

This is referred to as the 90-9-1 law of participation discrimination (Xie and Sundaram, 2012). In most 

online groups, 90% of users are lurkers who never contribute, 9% of users contribute a bit, and 1% of 

users account for almost all activities (Nielsen, 2006). Proportion distribution varies across social media, 

but the basic principle applies to most. The same principle is explained by long-tail theory in CQA 

studies (Coelho and Mendes, 2019; Gu et al., 2013; Han et al., 2019; Taeuscher, 2019; Tucker and 

Zhang, 2007). These unbalanced user behaviors lead to different traffic stages after content is published.  

A Q&A site's central components are the questions. The actions users perform on the Zhihu platform 

after reading the questions include browsing, posting answers, adding comments and following the 

questions. All of them can be classified as the questions’ digital popularity (Sha et al., 2020). By 

recording the questions’ digital popularity after it is posted  we can trac  the stages that the question is 

going through which is considered as the questions’ lifespan or lifecycle in our study. In this study, 

question lifecycle refers to the process of answering, browsing and subscribing to new questions from 

the point in time when they are first uploaded.  

On Yahoo! Answers, either the asker or other users voted on the "best answer"; until the best answer 

was chosen, the question was considered "resolved" (Agichtein et al., 2008). A general question 

lifecycle is similar to the product lifecycle and consists of four stages: an introduction period, a growth 

period, a maturity period, and a recession period (Liu et al., 2020). Anderson et al. (2012) proposed a 

two-phase question lifecycle in CQAs: a “fast” phase during which the question receives responses and 

votes  and a “slow” phase during which  e bers of the group indicate the question's longer-term value. 

According to their analysis conducted on Stack Overflow, the majority of responses and votes on both 

questions and answers occur during the first day after the question is posted. State-of-the-art studies on 

a questions’ lifespan have been pri arily concerned with a single broad pattern. It is still unknown how 

questions classified under different label clusters drive users' attention differently. Thus, we extend on 

previous research and raise the following hypotheses:  

H2a: There exist multiple common types of question lifecycles in CQA. 

H2b: Questions on Zhihu follow a rule similar to the 80:10:10 rule, with the majority of questions 

following a 2-phase lifecycle, while the remaining questions obey some other lifecycle patterns. 

2.3       Online content topic classification 

Previous research about online user behaviour in CQAs (e.g., visiting, voting, and sharing) has regularly 

established diverse groups of temporal trends. These groups can be broadly classified according to the 

presence or lack of distinct "peaks" of activity and the sum of activity immediately preceding and after 

the peak (Crane and Sornette, 2008; Lehmann et al., 2012). 

Crane & Sornette (2008) apply an epidemic spreading model on YouTube and divide the burst activities 

into 'exogenous' and 'endogenous' groups. They also define groups of online video visitation patterns 

and propose models that are associated with social network dissemination phenomena. Lehmann et al. 

(2012) expand these groups by demonstrating that for Twitter "hashtags" (user-defined topics), the 

distributions of behaviour through time intervals (before/during/after) generate distinct clusters of 

activities that can be understood in terms of a hashtag's semantics. Romero et al. (2011) discuss the 

relationship between manually allocated groups of hashtags and the various shapes of the exposure curve. 

Multiple types of media content may provide a range of different exposure curves. Yang and Leskovec 

(2011) define six distinct types of temporal attention patterns. Attention is quantified in terms of the 

number of times a given expression appears in relation to an occurrence. The trends illustrate how 

traffic is distributed over time, as well as the order in different media content (professional blogs, news, 

etc.). 

In general, prior research has demonstrated that the popularity evolution of various online objects is 

class-dependent (Figueiredo et al., 2011; Yu et al., 2015). The findings of Gharan and Wang (2010) 

indicate that some topics, such as politics and finance, are more time-sensitive than others. Mason (2011) 

extends this study by describing how articles’ lifespans are affected by their different time-sensitive 
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topics. For example, business-related contents have a longer half-life on average, while posts about 

politics/celebrities/entertainment have a shorter half-life. Castillo et al. (2014) adopt a hybrid 

observation method to characterise distinct classes of articles and describe their different visit patterns. 

According to the studies above, the implementation of online content classification is heavily weighted 

toward forecasting potential user behaviour. Thus, we make the following further hypotheses: 

H3a: Questions under different time-sensitive label groups have different lifespans. 

H3b: Questions belonging to more time-sensitive topic categories are likely to reach their saturation 

points sooner than those under less time-sensitive topic categories. 

2.4       Label clustering  

For CQA sites  the  ost co  on way to capture questions’ topics is to focus on tags/hashtags which 

are called labels in our study. There has been a diverse array of academic work that studies tags, most 

of them aiming to find relevant information by using tags to predict the popularity or information flow, 

or to develop clustering methods of online content (Cha et al., 2010; Hong et al., 2011; Naveed et al., 

2011; Romero et al., 2011; Suh et al., 2010). Other researchers investigated tags themselves, trying to 

analyse their dynamics, popularity, semantics and engagement (Cha et al., 2010; Crane and Sornette, 

2008; Lehmann et al., 2012; Lin et al., 2013; Shamma et al., 2011; Yang and Leskovec, 2011). Our 

study emphasises recurring periods and recurring strengths of labels' digital popularity as a critical factor 

in clustering labels. The main findings from Bhat et al. (2015) indicate that tag-related factors in CQA, 

such as their "popularity" (how often the tag is used) and "subscribers" (how many users will answer 

questions containing the tag), provide significantly stronger effects on user engagement than non-tag-

related factors. Thus, by referring tag-related features that were defined by prior studies, topics’ digital 

popularity in Zhihu can be measured by counting the number of questions and views under topic labels. 

Previous research has examined the dynamics of label usage and discovered that there are numerous 

types. According to some research, there are at least three distinct categories of dynamics: continuous 

activity, periodic activity, and activity clustered around a single time domain (Hsu et al., 2010; Lehmann 

et al., 2012). These studies, however, did not provide a systematic structure for demonstrating the 

existence of these classes or for illustrating how to classify and index tags within each class. Several 

other research have concentrated on defining and studying a single type of temporal pattern. “ ea y” 

events, such as news have been analysed and divided into up to six distinct categories (Cha et al., 2010; 

Lin et al., 2013; Shamma et al., 2011). We therefore propose the following hypothesis for labels in CQA:  

H4: Labels can be classified as high-time-sensitive or low-time-sensitive with varying proportions. 

In conclusion, we build upon previous works on the classification of online content by examining the 

lifecycle of questions under different time-sensitive topics on a Q&A platform. 

3 Research Methods  

3.1        Dataset 

Using an API (api.zhihu.com) and the Python zhihu-oauth package (Pypi, 2019), this study randomly 

collects question-related and their tag-related panel data for the period from 7th April, 2021 to 21th May, 

2021. Questions on Zhihu can be retrieved using a Question ID (QID) as a key. Based on our observation, 

we found that the question IDs are always eight to nine digits long and the absolute values of the QIDs 

monotonically increase with time. We hence traced the QID for a set of questions that were just issued, 

then we adopted zhihu-oauth to track the real-ti e digital popularity data which includes the questions’ 

pageviews, followers, answers, and comments every hour. For the recorded question dataset, we 

generated their labels’ ID and plug the label-based dataset into another similar label crawler to track 

labels’ popularity panel data.  

We applied time normalization to all the panel data and calculated the standard deviation of their growth 

rate during each crawling interval. Note that the majority of the traffic arrived within a very short period 

(12 hours) after the questions were posted in CQA (Anderson et al., 2012). Hence, we only focus on the 
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questions' lifecycles from a short-term perspective (within weeks instead of months or years) in this 

study. The dataset contains in total 1,575 labels (approximately 5% of the total number of existing labels 

on this website) and the digital popularity of the labels were traced 1,440 times for one week period. 

The traffic of the labelled questions were traced 2,946 times over a 16-day period.  

3.2        Finding Periodic Labels 

Users employ labels as a form of social annotation, to define a shared context for a specific topic. We 

analyse the record of Zhihu activity and find that different labels can be categorised based on the 

evolution of its popularity over time. Furthermore, it is crucial to detect recurring periods and recurring 

strengths of labels’ popularity in order to  easure a label’s ti e sensitiveness. To achieve this, we 

performed a Discrete Fourier Transform (DFT) on the temporal evolution data of different label 

popularities which are tracked over time on Zhihu. This technique allows us to detect all the possible 

recurring frequencies of a label’s popularity. The significance of the peaks in the frequency domain are 

then evaluated based on their relative intensity with respect to a three-sigma baseline level. Finally, we 

perform a categorization of the labels based on the significant recurring frequencies of their popularity. 

Fourier Transform-based methods are commonly applied to a time-domain signal to identify potential 

periodicity in the signal (Bluestein, 1970). DFT is a variant of Fourier Transform that is used on discrete 

time-domain signal. The DFT technique has been commonly employed for periodicity detection in time-

series panel data (Cook et al., 2013; DeMasi et al., 2016; Vlachos et al., 2005). The DFT technique 

transforms a discrete sequence in time-domain xn, where n = 0, 1, …. N – 1, into another discrete 

sequence in the frequency domain, Xk:  

𝑋𝑘 =
1

√𝑁
∑ 𝑥𝑛𝑒−

𝑗2𝜋𝑘𝑛
𝑁

𝑁−1

𝑛=0

, 𝑘 = 0, 1. . . . . . 𝑁 − 1 

where N is the sequence length, and the frequency captured by each Fourier coefficient is given by k/N. 

In our analysis, we sample the digital popularity of different topic labels on Zhihu as our discrete time-

series xn at a non-uniform sampling time interval Ts of approximately 30 minutes. We define the digital 

popularity of a particular topic label, collected at the nth time-step, xn, as the rate of increase of the 

number of questions tagged with the label over the sampling time interval: 

𝑥𝑛 =
𝑄𝑛 − 𝑄𝑛−1

𝑇𝑠

;  𝑇𝑠 = 𝑡𝑛 − 𝑡𝑛−1 

where Qn denotes the total number of questions tagged with the label and tn represents the real time at 

the nth time-step, respectively.  

The intensity of the entire digital popularity time-series is then normalised to between 0 and 1. Before 

performing a DFT on the time-series data. We also perform an interpolation (SciPy.org, 2021a) between 

the time-series data points to standardise the non-uniform sampling interval to 30 minutes. After 

performing DFT on the digital popularity time-series data (Figure 3a) with a Fast Fourier Transform 

package in Python (SciPy.org, 2021b), we extract the absolute magnitude of the complex Fourier 

coefficients |𝐹| as a function of frequency f, as shown in Figure 3(b). The |𝐹| value at a particular 

frequency ξ indicates the degree of periodicity of the label popularity with a period of 1/ ξ. These signals 

could be recurring hourly, daily, or weekly, which holds important information about the usage pattern 

of a particular label on Zhihu.  
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(a)                                                                     (b)                   

Figure 3: (a) An example of the label’s digital popularity time-series data (label ID = 19698303, 

label’s translated name = “Desktop configuration”). (b) Significant peaks detection in the |𝐹| plot of 

the same label’s digital popularity. The maximum resolvable frequency is limited by the Nyquist 

theorem to 1ℎ−1, which is half of the standardised sampling rate of 2ℎ−1. 

For most of the label popularity data, the corresponding Fourier-transformed signal contains multiple 

frequency components. To differentiate significant signals from noise in our data, we detect all the signal 

peaks on the |𝐹| plot with a peak detection algorithm (SciPy.org, 2021c) and record the outliers (the 

peaks above the baseline 𝑥̅ + 3𝜎). For example, the Fourier coefficient plot for the label popularity, as 

shown in Figure 3(b) (label ID = 19698303), contains three significant peaks, labelled as peak a, b and 

c in the plot. Thus, we identify the most significant recurring signal to be peak b, with a recurring period 

of 1/0.041 ≈ 24.4 hours  which shows that the label can be classified as a daily recurring label and the 

topic tagged by this label can be identified as a daily chatter topic. The valid peaks as the significant 

signals are grouped as different clusters according to their recurring periods and recurring strengths. 

As for the clustering methods, this study employs both K-Means and DBSCAN to classify question 

labels on a Q&A platform based on the repeating periods and strengths of their digital popularity. K-

means clustering as a vector quantization technique that originated in signal processing usually used to 

split n observations into k clusters, with each observation belonging to the cluster with the closest mean 

(cluster centres or cluster centroid), which serves as the cluster prototype (MacQueen, 1967). By 

adopting K- eans  this study ai s to define  ultiple label clusters according to labels’ recurring period. 

Density-based spatial clustering of applications with noise (DBSCAN) is a density-based algorithm; it 

assumes dense areas are clustered. It does not require that each point be assigned to a cluster, and so 

does not divide the data; rather, it extracts the 'dense' clusters and leaves the sparse background as 'noise' 

(Ho et al., 2020; Leland McInnes, John Healy, 2016). DBSCAN is often used in conjunction with 

agglomerative clustering. This study aims to extract strong recurring signals of labels by utilizing 

DBSCAN clustering method. 

3.3        Knee point detection 

Incoming traffic is usually aggregated into flows, where a flow score is the cumulated sum of its 

abnormality level in every subspace. A knee point in the curve indicates a sudden change in flow scores 

and therefore, in flows degree of abnormality (Dromard et al., 2017). We used the "Kneedle" method to 

determine the saturation/knee point of each question's lifecycle under different label clusters. We can 

measure the average reaching time of the second stage in the lifecycle of a question based on the 

coordination location of their knee points. As such, we can determine if questions in various label 

clusters hit the second stage of their lifecycle at different points. 

Satopää et al. (2011) presented “Kneedle”, a general approach to online and offline knee detection that 

is applicable to a wide range of systems. The knee definition comes from Salvador and Chan (2004): 

the knee of a curve is loosely defined as the point of maximum curvature. Kneedle is based on the notion 

that the points of maximum curvature in a data set, i.e., the knees, are approximately the set of points in 
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a curve that are local maxima if the curve is rotated θ degrees cloc wise about (xmin,ymin) through the 

line formed by the points (xmin,ymin) and (xmax,ymax). Put simply, knees occur when a curve becomes more 

“flat ” indicating a decrease in curvature. For a given monotonically increasing function f(x), a knee-

point is a point with maximum curvature. The curvature at each point x of the function f(x) is defined as 

𝐶𝑓(𝑥), hence a knee-point can be formulated as of the equation below (Ghafoori et al., 2016; Satopää et 

al., 2011): 

𝑥𝐶𝑓

𝑚𝑎𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥𝐶𝑓(𝑥), where 𝐶𝑓(𝑥) =
𝑓 ′′(𝑥)

(1 + 𝑓 ′(𝑥)2)0.5 

Figure 4 illustrates examples of a knee point detection. Figure 4(a) exhibits the question pageview curve 

based on the original time series data which shows a concave and increasing pattern (QID = 447782565). 

The intersection of the vertical dotted line and the lifespan trendline is the detected knee point (21.1, 

60). 

4 Results 

4.1        Four types of question lifecycles 

We classified questions' lifecycles into four distinct patterns using the needle approach, which proves 

our hypothesis 2a: there exist multiple common types of question lifecycles in CQA. The most common 

lifecycle is a two-stage lifecycle (Figure 4-a), which consists of a "growth" phase in which the question 

receives most of the traffic and a "saturation" phase where the pageviews plateau over a long period of 

time. Certain questions' lifecycles exhibit a periodic recurring pattern (Figure 4-c), and their traffic 

typically grows in phases. Additionally, some questions can exhibit a consistent linear pattern of traffic 

increase (Figure 4-b); in this instance, we classify them as linear growing questions. Furthermore, not 

all questions can generate a sufficient number of pageviews throughout our observation period; for 

example, Figure 4-d depicts a question that received only three pageviews after being posted for almost 

300 hours. In most circumstances, these questions will remain silent and stay at the bottom of the longtail; 

thus, they are referred to as dead questions.  

 

Figure 4.    Four patterns of question lifecycles 

Our data statistics show that 84.87% of all questions had a two-stage lifecycle, which supports our 

hypothesis 2b: the majority of questions on Zhihu follow the typical two-phase lifecycle. 10.76% of 

questions are linearly growing questions. However, only 2% of the questions are periodically recurring 

questions and 2.37% of the questions are dead at the bottom of the longtail. We thus put forward a 

‘85:11:2:2’ lifecycle rule to summarise the findings above for the questions on Zhihu. 

For periodically recurring questions with multiple saturation (knee) points, we captured the most 

significant ones while determining their saturation phase. We excluded linear and dead questions from 

the calculation of the knee point because they do not have any knees. In aggregate, 2-stage questions 

and periodically recurring questions have an average knee point of 47.3637, indicating the average time 

it takes for the majority of questions to reach their second lifecycle stage after being posted is almost 

two days. This finding supports our hypothesis 1: questions on Zhihu obtain a majority of user attention 

after being posted only for a brief period of time. 

(a  2 stage lifecycle 

(qid 44  825 5  

(b   inearly growing lifecycle 

(qid 44  8215  

(c   eriodically recurring lifecycle

(qid 44  82  4 
(d Dead question s lifecycle 

(qid 44  8 005 
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4.2        Three Label clusters 

The most notable peak and its prominence in DFT are referred to as the most significant repeating period 

and its relative strength for each label. We choose to classify labels using K-means based on their 

recurring periods and strengths. Silhouette analysis examines the separation distance between the 

resulting clusters which can be used to choose an optimal value for cluster numbers in K-means 

clustering (Rousseeuw, 1987). The value of the silhouette ranges between [1, -1], where a high value 

indicates that the object is well matched to its own cluster and poorly matched to neighbouring clusters. 

In order to determine the number of clusters, we calculate the silhouette scores for 2, 3, 4 and 5 clusters. 

The silhouette analysis for K-means clustering on recurring strengths and recurring periods are shown 

in Figure 5. The results reveal that most data points can achieve above-average silhouette coefficient 

values with three clusters, outperforming 2, 4, and 5 clusters, demonstrating that a 3-cluster 

configuration is appropriate for continuing the k-means analysis. 

 
(a)                                                                       (b) 

Figure 5. Silhouette plots of K-means clustering of Labels’ recurring strengths(a) and recurring 

periods(b).  

By using the K-means clustering approach, we can visualise the three primary clusters regardless of the 

standard deviation of the tags. Figure 6ab presents the connected scatter plots for different label clusters. 

 
(a)                                                                               (b) 

Figure 6. K-means clusters of Labels’ recurring strengths(a) and recurring periods(b).  
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Figure 7. DBSCAN clusters of Labels’ recurring period  

The three clusters can be labelled as a 'weak recurring group', 'medium recurring group', and 'strong 

recurring group' based on the recurring strengths of the labels (Figure 6a). The weak group contains 

labels with signal strengths ranging from 0 to 13 (less time-sensitive). Labels in the medium category 

have signals with a prominence of 13-24. The strong group includes more time-sensitive labels 

expressing signals with a prominence greater than 24. The data statistics show that only 14.64% of the 

labels are high-time-sensitive labels, 32.56% of them are medium-time-sensitive labels and 52.8% of 

the labels are low-time-sensitive labels. The presented K-means clustering analysis of signal recurring 

strengths proves our hypothesis 4: Labels can be classified as high-time-sensitive or low-time-sensitive 

with varying proportions.   

Similarly, as shown in Figure 6b, by employing the K-means clustering method, recurrent periods of 

labels can be categorised into three clusters (recurring every 0-73 hours; recurring every 74-220 hours; 

and recurring over every 220 hours), regardless of how their followers or subordinate inquiries change. 

We discover several very strong signals when examining the recurring periods of label clusters. We can 

extract these strong signals by utilizing the Density-based spatial clustering of applications with noise 

(DBSCAN). As seen in Figure 7, outlier points have been shaded grey, while the colourful scatters 

remain inside represent the high-density zones. There are two particularly powerful and frequent 

recurrent periods among those small clusters: every 12 hours and every 24 hours. According to Alexa’s 

Audience Geography statistics, approximately 92.7 % of all visitors of Zhihu came from the same time 

zone (Beijing time zone) from 13th May to 13th June 2021 (Alexa, 2021). Thus, we may infer that they 

are stable half-day/daily recurring labels. Additionally, other bright regions on the image include 438hs 

(18days), 298hs (12days), and 149hs (6days), which are all relatively common signals. 

4.3        Questions’ knee points occurrence under label groups 

We standardise the knee points and conduct bivariate correlation analysis on two-stage and regularly 

recurring questions. The results from our correlation analysis reveal that both the recurring periods and 

strengths of labels have a negative correlation with the knee points of respective questions.  abels’ 

recurring strengths and normalised knee have a significant negative correlation r(N) = -.042*, p = .038 

(N =1945), which proves hypothesis 3a and 3b. 

We adopted questions’ digital popularity data which includes pageview, answer amount and follower 

count to track each question’s lifecycle and the knee point of its lifecycle. The statistical results can also 

be visualised in each label cluster. Figure 8a shows that as time passes, the questions with more time-

sensitive (strong periodically recurring) labels reach the saturation point of their lifecycle earlier than 

the questions with less time-sensitive labels. From a short-term viewpoint, Figure 8b demonstrates that 

questions with longer repeating period labels attain saturation earlier than questions with shorter 

recurring period labels. 
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(a)                                                                           (b) 

Figure 8.    Normalised knee value grouped by label recurring strengths(a) and recurring periods(b) 

We can then take the following conclusion based on the findings above to demonstrate our Hypothesis 

3a and 3b: Questions have different visit patterns under different label groups. Questions with more 

time-sensitive labels or longer recurring periods typically reach saturation sooner. 

5 Discussion 

The findings of the study addressed the hypotheses that have been proposed, which are summarised in 

Table 1. 

Index Hypothesis Description  Result 

H1 Posts on Q&A sites adhere to the 90/90 data-use theory, which states that questions 

receive the  a ority of users’ attention during a brief period after being posted. 

Supported 

H2a There exist multiple common types of question lifecycles in CQA. Supported 

H2b Questions on Zhihu follow a rule similar to the 80:10:10 rule, with the majority of 

questions following a 2-phase lifecycle, while the remaining questions obey some 

other lifecycle patterns. 

Supported 

H3a Questions under different time-sensitive label groups have different lifespans. Supported 

H3b Questions belonging to more time-sensitive topic categories are likely to reach their 

saturation points sooner than those under less time-sensitive topic categories. 

Supported 

H4 Labels can be classified as high-time-sensitive or low-time-sensitive with varying 

proportions 

Supported 

Table1. Summary table of hypotheses 

This research provides some theoretical contributions. Firstly, this study has proven the 90/90 data-use 

rule on CQAs by visualising various question lifecycles. It also addresses the information classification 

problem that exists in existing ILM studies by providing precise topic categorisation methods based on 

the recurring strengths and periods of labels, as well as quantitative real-world examples. This is also 

the first time the concept of ILM has been introduced to knowledge sharing community management. 

Future studies can employ the proposed question lifecycle classification framework and the "85:11:2:2" 

question lifecycle rule as valuable takeaways to develop relevant functionalities in CQAs. 

The practical implications of this study are twofold. The question lifespan exploration can aid in 

improving platform design, which benefits both the users and CQA platform providers. The findings 

and methods of this study can be applied to develop toolsets that allow users to visualise their expected 

question lifecycles by selecting different labels, which can potentially predict the traffic saturation status 

of their posted content more accurately. For instance, based on the selected question labels, the toolset 

can suggest the estimated timeframe to obtain the best answer to the users’ questions. Users who asked 

questions on more time-sensitive topics (e.g., entertainment news) should expect to receive the attention 

of the majority of users in a shorter amount of time than users who asked questions about less time-

sensitive topics (e.g., a city). Furthermore, the findings may benefit CQA platform management in 
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gaining a deeper understanding of the traffic trends behind various types of topics, which may help them 

in creating effective label recommendation systems that are capable of predicting content lifecycles. 

The management of digital resources is another practical contribution of this study. As many systems 

struggle with limited digital resources and high data maintenance costs, data archival, retention, and 

deletion are critical operations in ILM to address the information overload problem for users. As a result, 

knowing when to "retire" data from systems in online communities is becoming increasingly important 

to utilise system resources more efficiently. The results of this research could be utilised to build 

algorithms that help CQAs in developing better performing data retention policies. Questions that have 

already reached saturation points, for example, can be safely archived and not promoted. It might even 

be worth considering deleting "dead" questions. The 2% dead questions in CQAs can be considered 

as noise, therefore, eliminating or relocating them can help reduce costs. Moreover, this study has 

established a relationship between label usage and questions lifecycles, which provides possibilities for 

platforms to apply alterative data preservation rules for questions with varied time-sensitive topics. 

6 Conclusion 

This article examines the relationship between temporal label usage and the lifespan of questions using 

real-world dynamic panel data from one of the largest CQA platforms. We used a Fourier 

Transformation to identify and quantify question labels' prominent recurring signals. We then used a K-

means and DBSCAN method to classify the labels into different clusters and determine the knee values 

of questions within each cluster based on their recurring periods and strengths. We proposed a novel 

representation, saturation point, for describing the lifecycle of questions on Q&A sites. We summarise 

the questions’ lifecycles into four common patterns (2-stage; periodically recurring; linearly growing 

and dead questions) and put forward a ‘85:11:2:2’ question lifecycle rule to further illustrate each 

pattern’s corresponding proportion. We used the 'Needle' method to determine the saturation point of all 

two-stage and periodically recurring questions and then mapped them to the associated label clusters to 

analyse the corresponding effects. 

To summarise, we demonstrate that the majority of questions follow a standard two-stage lifespan, 

where most of users' attention is being received shortly after being posted (around 47.36 hours in our 

study). Label clusters have a significant effect on the lifecycles of questions, as evidenced by the 

following more detailed finding: questions with more time-sensitive (strong periodically recurring) 

labels reach the second stage of their lifespans earlier than questions with less time-sensitive labels. This 

work closes a theoretical research gap by establishing a connection between label usage and the 

lifecycles of questions to address the information classification issue in Information Lifecycle 

Management (ILM). Practically speaking, the research findings can be used by CQA platforms to 

forecast the progression of posted questions from users based on the features of the labels that they 

attach to their post. The lifecycle visualisation feature can help users predict when they will likely 

receive the majority of the traffic for their posted questions. The findings can also assist platform 

provider in optimizing the data retention rules to save system resources. 

This study has certain limitations and elicits several insightful future research possibilities. Firstly, when 

summarizing the DFT data, we chose only the most significant peaks. Given that some of the less 

significant peaks may influence the label clusters, a more accurate peak detection method is required. 

Besides the topics  there  ight exist other features that can influence a question’s lifecycle (e.g., askers’ 

reputation, semantic features, etc.) which is worth further exploring in the future. In this study, we focus 

exclusively on the short-term lifecycle of questions, with the longest observation time being 400 hours 

(about 2 and a half weeks). However, from a long-term perspective, certain two-stage questions may 

become periodically recurring or even linearly expanding, which is another subject we intend to explore 

in the future. While this study utilised data from Zhihu, a domain-general CQA, future research may try 

using a domain-specific platform, such as Stack Overflow, to conduct a comparative analysis and 

determine whether the research findings vary across different types of question-answering communities.  
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