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Abstract

:

A very common problem in designing caching/prefetching systems, distribution networks, search engines, and web-crawlers is determining how long a given content lasts before being updated, i.e., its update frequency. Indeed, while some content is not frequently updated (e.g., videos), in other cases revisions periodically invalidate contents. In this work, we present an analysis of Wikipedia, currently the 5th most visited website in the world, evaluating the statistics of updates of its pages and their relationship with page view statistics. We discovered that the number of updates of a page follows a lognormal distribution. We provide fitting parameters as well as a goodness of fit analysis, showing the statistical significance of the model to describe the empirical data. We perform an analysis of the views–updates relationship, showing that in a time period of a month, there is a lack of evident correlation between the most updated pages and the most viewed pages. However, observing specific pages, we show that there is a strong correlation between the peaks of views and updates, and we find that in more than 50% of cases, the time difference between the two peaks is less than a week. This reflects the underlying process whereby an event causes both an update and a visit peak that occurs with different time delays. This behavior can pave the way for predictive traffic analysis applications based on content update statistics. Finally, we show how the model can be used to evaluate the performance of an in-network caching scenario.
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1. Introduction


Statistical data of web content, such as content popularity, have always received great attention by researchers, as they allow the proper assessment of the performance of distribution networks, of the many systems relying on caching and prefetching and of web crawlers and search engines.



It is not a surprise then, that early studies on content statistics date back to 1999, when Breslau et al. [1] demonstrated that web requests follow a heavy tailed distribution: the ranking of the access frequency decays as a power law:   ∼  x  − α    . Since then, other studies have been conducted to explore the statistics of webpage changes, showing that content updates could be described quite accurately by a Poisson process and, consequently, the duration between subsequent update events follow an exponential distribution [2]. Today, almost 20 years later, content statistics is still receiving attention. The massive introduction of user-generated content in the web 2.0 revolution changed the content statistics pattern with respect to Breslau’s times, when Internet users were 1/10 of the current total (304 vs. 3732 million).



Content update statistics evolved to become a fundamental component in the design and study of any communication network where caching and prefetching play a central role, such as content delivery networks (CDNs) and Information-centric networks (ICNs) [3,4,5], 5G networks [6,7,8,9], and wireless networks [10]. Indeed, accurate estimation of inter-update distribution is an important issue. The solution not only improves caching, replication, and allocation of download budgets, but also allows a more accurate characterization of complex Internet systems [11], affecting, for instance, freshness of content information [12].



Studies of content prediction are also of interest for web content analysis and design as they improve the understanding of user behavior and habits, enable sophisticated recommending systems, help online social information system engineering, and foster appropriate document-replication strategies [13]. The application domains interested span almost all sectors, from food delivery [14] to academic research [15].



Although there is an abundance of data, the derivation of analytic and statistical insights from real data is a process that requires care and appropriate techniques to avoid incurring common interpretation errors [16] and to accurately fit empirical data with the “right” distribution; this process is indeed a balanced trade-off between mathematical simplicity, good and meaningful data description, and high statistical significance. In this work, we focus on the statistics of page views, updates, and their relationship with regards to the Wikipedia site, currently the 5th most visited website worldwide according to Alexa Rank. Wikipedia data have been extensively used in literature, e.g., [17,18], since they provide a large amount of open-source data and statistics, including actual content update times [19].



In what follows, we use the term “update” when content is changed, i.e., when we have a revision on a page, without considering how much is changed; and the term “view” when a user requests a given content. A power law distribution that has been widely used to model the frequency of views (popularity) is Zipf’s law, which was proposed in [1] to fit Breslau’s empirical data on web requests. Zipf’s law is also used to model other data such as rank versus frequency of the first 10 million words in 30 Wikipedias (en, fr, it, etc.), the rank of the number of people watching the same TV channel, group sizes of social networks [20], media popularity on Youtube [21], and many others. To understand why so much data follow Zipf’s law, one should analyze how they are generated, as Mitzenmacher did, for instance, in 2004 [22]. Some years later, in 2009, Clauset et al. published an article [16] showing how the computation of the slope of a power law distribution can be tricky. Indeed, computing such a slope by performing a simple least-squares linear regression on the logarithm of the histogram of data (as Pareto did in his original work in the 19th century and as repeated in many works of literature) could lead to “significant and systematic errors” since distribution fitting is a necessary but not sufficient condition. In the same work, the authors also provide a methodology to perform such an analysis and evaluate the goodness-of-fit, and also show how there is no statistical significance in the fitting of much real-world data that are supposed to follow the power law.



In the case of Wikipedia data, an accurate analysis of this kind has yet to be performed, to the best of our knowledge, even if, as stated in Wikipedia itself (https://en.wikipedia.org/wiki/Wikipedia:Does_Wikipedia_traffic_obey_Zipf’s_law%3F), the popularity of Wikipedia pages apparently follows a Zipf law. In addition, no studies have been performed on page update statistics or on the correlation between views and updates of the pages.



Contribution and Main Results


The goal of this work is to answer to the following questions:




	
How accurately does the popularity of Wikipedia pages fit a power law distribution?



	
How are update statistics distributed?



	
Are update events related to the popularity distribution? (Are the most updated contents also the most requested?)








To this aim, we analyzed all the traffic related to the 1000 most popular pages of the English Wikipedia, month by month for a year, considering a total of 6613 M page views and 804 K page updates.



The main outcomes of our statistical analysis are summarized as follows:




	
The amount of views received by a page is well described by the Pareto distribution with shape parameter   1.8 < α < 2.1  ; consequently, the rank-frequency behavior can be approximated by a Zipf distribution with parameter   0.48 < s < 0.55  .



	
The number of page updates is distributed according to a lognormal distribution with parameters   σ ≈ 1.42   and   μ ≈ 2.98  .



	
The correlation coefficient between the ranking of page views and the ranking of page updates in a relatively long time period is negligible. In other words, in general, not only is the most viewed page not the most updated, but there is a lack of similarity in the ordering of the pages when ranked by views and updates (Kendall’s Tau∼0). However, in many cases the peaks of views-per-day can be directly associated with corresponding peaks of updates-per-day.








Although understanding user behavior has great importance per se (e.g., for information seeking), we focused more on its impact on content delivery systems as content update statistics play an important role in the performance evaluation of content diffusion/networking and caching systems. Indeed, these findings can be used to provide realistic traffic models and distribution parameters for properly dimensioning and assessing systems that need to cope with data invalidation, such as caching systems (e.g., [23,24,25]). Moreover, the correlation between views and updates can be used for predictive traffic analysis needed for prefetching activities (e.g., [6]) or opportunistic data offloading (e.g., [26]). Some of the addressed research topics have been partially addressed over time by other studies, which sometimes provide contrasting results, as detailed in Section 2.2. We present a new analysis, conducted with a rigorous methodology to evaluate the goodness of fit, on a recent dataset referring to a previously unconsidered time span. Indeed, as demonstrated in several works such as [27], these statistics may change over time.



The paper is organized as follows. Section 2 presents the related work, Section 3 presents the description of the dataset together with a background and methodology description. Empirical models of views, updates, and their relationship are presented in Section 4. The applicability of the proposed models to in-network caching scenarios is reported in Section 5. Finally, conclusions are drawn in Section 6.





2. Related Work


2.1. Content Update Statistics


The first important studies on web content dynamics date back to 1999 [1] and 2003 [2]. In these studies, the authors investigated the frequency of change of a relatively large set of pages (half a million) and devised page update frequency estimators that can be applied in the field of web crawler algorithms to improve the freshness of their results. From these studies, it appears that changes in web pages seem to be well described by a Poisson process. However, since that time, the web has changed considerably, becoming the universal interface of many different types of content whose statistics significantly change according to the application context: social networks, newspapers, sensor data, blogs, live or on-demand videos, etc. [28]. Therefore, as the web expanded, researchers started to analyze the statistics of specific content types such as video, static page, dynamic page, home page, news, etc.



Since a large amount of Internet traffic consists of videos, many research works focus on it, analyzing websites such as Youtube. For example, in [21] authors studied the Youtube video service in order to characterize its traffic. Being a social media, Youtube also presents social network data associated with videos; such data have been used to understand and sometimes predict video traffic patterns and to improve the effectiveness of caching strategies. Other works such as [29] and [30] analyzed Youtube data in order to understand users’ engagement dynamics. Social dynamics and video metadata (title, tag, thumbnail, and description) have been shown to influence, and thus be correlated with, the number of views [29], the number of likes per view, and sentiment feedback in the comments [30].



Videos are usually added and not updated, and thus update statistics are not considered. In contrast, other types of content are periodically invalidated, including news pages, user-generated pages, etc. Wikipedia, the largest knowledge base ever created, includes both cases. Therefore, Wikipedia has been extensively studied under several perspectives. For instance, The authors of [31,32,33] focus on content semantics; in [31], the authors use Wikipedia taxonomy to compute semantic relatedness among words, whereas in [32] and [33], the authors calculate semantic relatedness using hyperlinks among pages. Other studies address page revision processes and have been conducted with different goals in mind. For example, in [34] the authors study page revisions to identify patterns of conflict in Wikipedia articles. The model relies on users’ editing history and the relationships between user edits and content reverts. In [35], the authors analyze editing patterns using a dynamic social network analysis and provide a tool that converts the edit flow into a temporal social network to identify the most creative editors among the few thousand contributors who perform most edits among the many Wikipedia editors. In [36], the authors study how to improve the transparency and accountability of Wikipedia articles with WikiDashboard, a social dynamic analysis tool.



In this work, we analyze page views and updates to infer their model and statistics in order to provide insights and allow the proper dimensioning of caching, prefetching, indexing systems, etc., as well as to build realistic traffic generators. To the best of our knowledge, an accurate analysis of such data does not yet exist in the literature. In particular, view statistics have only been superficially analyzed, while update statistics have not been analyzed yet. However, the number of available studies on empirical data fitting and analysis is impressive, as the topic has received a lot of interest. In Section 3.1 we present a brief technical summary of state-of-the-art models and methodologies that can be applied in our case.




2.2. Wikipedia-Related Studies


Wikipedia has attracted many researchers because of its popularity and the vast amount and availability of data. Studies span from its semantic space structure [37] to user motivation behind its usage [38], to the creation/deletion of articles [27] and to the ability to predict market trends from Wikipedia statistics [39]. In [40], the authors studied reader preferences by analyzing data from biography pages of Wikipedia and reader access data taken, with the user’s consent, with a browser toolbar. They generated a taxonomy of pages (not statistical inference, as this work does) and correlated it with the sum of the number of edits each page received, partially missing time-based correlation. The authors, however, recognized the correlation in what they refer to as “trending pages”, where the attention of both authors/editors and readers focuses on the same items.



The authors of [41] focus on the misalignment between the quality of Wikipedia articles and reader demand. The quality of an article is obtained by the Wikipedia article quality classification (Stub, Start, C, B, Good Article, A, Featured Article). In [42], the authors focus on Wikipedia categories, studying whether they exhibit the same patterns of contributors, edits, and views over time. Despite the fact that they recognize that “categories have different trends with respect to consumers’ points of view”, they recognize two evolutionary phases of production and consumption. In this work, we found a similar pattern but considering a totally different time-scale: in our case “days”, in theirs, years.



The authors of [43] analyze promoted articles for page-view dynamics and develop a model thereof. Then they test popularity predictions. They model time-variant page views, unlike us, because we analyze the top 1000 articles (not promoted articles) and model overall popularity during a time slot (day/month), while instead, they studied hours.



An analysis of traffic bursts due to content popularity is performed in [44]. Its authors confirm a scale-free distribution of popularity and fit both the inbound and outbound traffic with a power law with exponential cutoff. Using the maximum likelihood method, they fit popularity with a power law with parameter  α  from 1.9 to 2.6 (which confirms our findings) and use Kolmogorov–Smirnov statistics to rule out the lognormal model. They left the predictability of the number of revisions to future work. In that study, however, the focus is more on improving, through the adoption of a generalization of the ranking model, the conventional preferential attachment model to explain the observed burst dynamics.



The authors of [45] focus on the dynamics of editing, showing a lognormal behavior motivated by the trend of re-editing the same articles, which is a generative model for the lognormal distribution. Interestingly, they also show how mean and variance increase with article age, together with a correlation between updates and article quality, but unlike us, they use a Chi-square test. Moreover, using a per-month analysis, we provide an easier way (a couple of parameters) to get a first model of editing activities, while they provide a model to capture the evolution of the editing process with page age. Although their considered dataset is more than 10 years older than ours, we confirm the overall lognormal trend of editing as well as the parameters, which are in line with their findings. This is, however, in contrast to results from [46], who propose a Zipf distribution to model editing events.




2.3. In-Network Caching


Caches are memories used to store the results of previous access requests and to serve subsequent requests quicker and more efficiently. Caching is widely used in various application fields, and caching techniques have been investigated in the literature for several decades [47]. In the world of telecommunication networks, caching consists of storing the required content (such as web pages or videos) at strategic points in the network to reduce traffic and serve requests faster. Typical examples in this sense are web caching systems that store web content in user browsers or in dedicated http proxies. Today, caching is proposed to improve the efficiency of novel mobile edge computing solutions [9] or to optimize content dissemination in opportunistic networks where device-to-device connection is time limited and unpredictable [48,49]. In information-centric networking, a recent paradigm that moves the focus of networking from host-to-host communication to content-oriented delivery, caching is an essential element of the network since all nodes can store content objects in an internal memory. A new set of techniques has been devised in order to optimize the throughput of the network, subject to specific traffic models and to caching technology constraints (size, time to retrieval) [3].



To cope with limited memory size, several replacement policies have been proposed in the literature, from simple First Input First Output (FIFO), Least Recently Used (LRU), and Least Frequently Used (LFU) schemes to the recent hyperbolic caching [50], Score-Gated LRU (SG-LRU) cache [51], probabilistic caching [3], and many others [52]. Performance evaluation of caching strategies and replacement policies are deeply tied to the traffic model. Indeed, temporal locality of the requests as well as the duration of the content update dramatically affect the performance of caches and networks of caches [4].



A typical problem of a caching system is how to prevent caching from providing stale data to the user when the original source is updated. A conventional solution is to introduce a content expiry time, after which the cache discards the stored content and can be forced to fetch a new copy of the data [53]. Expiry timeout can be set considering a trade-off between caching efficiency, the specific data/application time sensitivity, and the content update statistics. Intuitively, the more the data is subject to changes over time, the lower the utility of a cache memory. In this work, we model the content view/update statistics of Wikipedia pages in order to derive insight that can also be used to model user content updating processes and perform more accurate performance evaluations of caching systems and replacement policies.





3. Methodology and Background


3.1. Background


Mathematically, a given quantity x is said to obey a power law if it comes from the observation of a random variable X whose complementary cumulative distribution function (CCDF) is


  Pr  [ X ≥ x ]  ∝ c  x  − α   ,  



(1)




where  α  is the scaling parameter, c is a normalization constant, and both are greater than 0.



A very common continuous power law distribution is the Pareto distribution, whose CCDF(x) is


  Pr  [ X ≥ x ]  =    x  x  m i n      − α   if  x >  x  m i n   , 0  otherwise .  



(2)







The Pareto distribution is simple and often used to describe many phenomena, such as page views, and it is not exclusive to the field of computer science. The underlying phenomena that lead to Pareto behaviors, known as Pareto’s generative processes, are described in [22].



A simple (albeit not unique) generative process that leads to a Pareto behavior is the so-called “preferential attachment”: a site exhibits a Pareto-distributed number of views if a new view occurs with probability   γ < 1   on a page chosen uniformly at random among all available pages, and with probability   1 − γ   on a page chosen proportionally to the number of visits the page received up to that point in time [22].



Another common discrete power law distribution is Zipf’s law, which is often used to model the rank-frequency behavior of a random process, i.e., to model the number of occurrences of events in a sample, aka frequency, while ranking them with respect to that frequency. Zipf’s law is


  f  ( r )  = C   r  − s     ∑  k = 1  N   k  − s     ,  



(3)




where r is the rank of a given event out of N possible events,   f ( r )   is its number of occurrences in the sample, and C is a normalization constant equal to the total number of events that took place during the considered sample.



Actually, the Complementary Cumulative Distribution Function (CCDF) and rank-frequency ordering are strictly correlated. Let us assume that   f ( r )   is the average frequency of an event of rank r; the average number of events with a frequency greater than   f ( r )   is   N  P r  [ X ≥ f ( r ) ]  , but this value is also equal to r since no more than r events have greater frequency, owing to the definition of rank. It follows that a rank-frequency plot can be obtained by simply flipping the axis (  x = f  ,   y =  P r  [ X ≥ f ]  ) of the CCDF plot into (  x = N  P r  [ X ≥ f ] , y = f  ) [54]. As a consequence, it is easy to demonstrate that if the CCDF follows a Pareto law, then the related rank-frequency plot follows a Zipf law, and the relationship between the Pareto shape parameters  α  and the Zipf s parameter is simply   s = 1 / α   [55]. Pareto and Zipf models have often been used to model real datasets. Another very common distribution is lognormal, which does not follow a power law: a random variable X is lognormal distributed if   X =  e Y   , where Y is a normally distributed random variable. The Probability Density Function (PDF) of X is:


  Pr  ( X = x )  =  1  x σ   2 π      e  −    ( ln x − μ )  2   2  σ 2      .  



(4)







A common generative model to obtain lognormally distributed data is the so-called “multiplicative process”, in which the evolution of a quantity X in a discrete interval of times   j > 0   is such that   X j   =    M j   X  j − 1    , where M are random variables not necessarily lognormally distributed. Indeed, given that   ln  X j  = ln  X 0  +  ∑  k = 1  j  ln  M k   , if   ln  M k    satisfies the conditions of the central limit theorem, we have that    ∑  k = 1  j  ln  M k    converges to a normal distribution, and   X j   is, therefore, lognormally distributed [22]. In many fields such as biology, hydrology, and the social sciences [56], empirical data have been represented with a lognormal distribution, and the question of whether the related data are better described by a lognormal or a power law distribution dates back to at least 1950 [22].



One issue arose because a lognormal distribution with sufficiently large  σ  tends to have a linear log-density like a power law Pareto distribution, hence it is easy to confuse the two distributions, especially with small datasets. Moreover, it has been shown that multiplicative processes, under slightly different conditions (depending on whether the multiplication is or is not minimum bounded), can lead to either lognormal or power law distributions [22]. Other models such as the “double pareto” distribution have been proposed to better describe behaviors that lie in between lognormal and Pareto distributions [57]. It is also observed that many real-world phenomena obey a power law or lognormal behavior only for values above a threshold, namely   x >  x  m i n    , so that only the tail of the empirical distribution properly fits these analytic distributions.



Accordingly, during a fitting process, special attention should be devoted to the estimation of   x  m i n   . Indeed, in our case, choosing the best   x  m i n    that fits an empirical distribution could lead to a wrong description of the real system. High values of   x  m i n    can cut out too many samples of the empirical distribution and thus are not representative of the whole dataset. At the same time, smaller values of   x  m i n    can result in a poor fit with scarce statistic significance. Thus, the consequence of the choice of a given   x  m i n    should be explicitly assessed and discussed when proposing a fitting model.




3.2. Contribution and Methodology


In this work, we study and statistically explore the content-update statistics of Wikipedia data. More specifically, we provide fitting and related goodness of fit of the above-mentioned distributions when used to model Wikipedia access and update processes. By using the methodology proposed by Clauset et al. [16], we estimate the distribution parameters using specific maximum likelihood estimators. We estimate   x  m i n    by minimizing the Kolmogorov–Smirnov statistics and evaluate the goodness of fit between the real data and the fitting function with a semi-parametric approach, and reject the fitting hypothesis if the p-value is less than 0.1; otherwise, we consider other distributions using likelihood ratios to have a more accurate model selection. Part of the analysis has been conducted using a software library described in [58]. Finally, we conduct an analysis of the view–update events relationship, showing correlation levels of both their average values and of their time-series.




3.3. Approach


We analyzed month-per-month page view and update statistics of the 1000 most popular pages of the English Wikipedia for all of 2016. The dataset consists of 6613M page views and 804k page updates. View data were obtained using the Wikimedia REST API (https://www.mediawiki.org/wiki/REST_API), while update data were collected using the MediaWiki Action API (https://www.mediawiki.org/wiki/API:Main_page).





4. Empirical Models


4.1. Wikipedia Views


Figure 1 shows the empirical CCDF of the 1000 most visited pages of Wikipedia in the month of July 2016 plotted on a log–log scale, corresponding to a total of 516M views. Following the methodology presented before, we verified the goodness of fit with a Pareto distribution.



For the considered month, we obtain    α ^  = 1.9949   and   x  m i n    = 269,624. In this case,   x  m i n    is such that we fitted the whole dataset, comprising the 1000 pages. We calculated the p-value of such a fitting with an accuracy of 2 decimal digits, adopting a Kolmogorov–Smirnov (KS) test and a semi-parametric approach for the values of X below   x  m i n   . The result is   p = 0.9852  , which, being substantially greater than   0.1  , confirms that the Pareto distribution (and Zipf) is currently a plausible hypothesis for page views modeling. Then we extended our analysis to all of 2016 to see how the Pareto fitting varies month by month. Clearly, the 1000 most popular pages change each month.



Figure 2 shows the estimation of the  α  and the related p-value for all months. The fitting has a statistical significance for most of the considered months, with   1.8 <  α ^  < 2.1  . We remark that by varying   x  m i n   , we could fit only a small part of the data that could not represent the whole phenomenon and which only accounts for the tail of the distribution (i.e., the most popular pages). For this reason, in Table 1 we report the percentage of all traffic successfully included in the fitting. The chosen values of   x  m i n    are such that the model represents most of the traffic. Nevertheless, in some cases, such as March 2016, a truncated power law distribution seems more suited to represent the entire dataset. We also tried the fitting with other common distributions (exponential, Weibull, lognormal), but the Pareto model provides the best fitting (p-value).



Figure 3 shows the rank-frequency plot for the same data presented in Figure 1. As expected, the data follows Zipf’s law with parameter   s =  α  − 1    ; in this case,   s = 0.501  .




4.2. Wikipedia Updates


Following the same methodology used above, we analyzed the update statistics of the 1000 most popular pages already considered in the view statistics analysis. Looking at the month of February 2016, with   59,241   revisions, we find evidence that the update frequency follows a lognormal distribution, as represented in Figure 4. The maximum likelihood is obtained with parameters   μ = 2.80   and   σ = 1.41  . The    x  m i n   = 27.0   cuts the data so that 54,032 revisions are considered, from a total of 59,241 (91%). The p-value calculated with KS statistics to the second decimal digit is   0.83  .



In Figure 5, we show the results of the same analysis for all months of the year, while in Table 2, we show the percentage of revisions captured by the analysis. As for the choice of   x  m i n   , we only considered values that allow us to model at least 90% of the data. Even though the chosen   x  m i n    is not the one that minimizes the KS distance in the entire dataset, this constraint allows us to avoid fitting only the tail of the distribution, hence representing only a small portion of all empirical data. This choice impacts the p-value, decreasing its absolute value. Nonetheless, the statistical significance of the fitting presented in Figure 5 shows that the lognormal distribution is a plausible hypothesis to describe the update statistics for most of the considered months.



Figure 6 reports the rank-frequency plot of the updates. For the analytic curve, we inverted the CCDF axis as explained in Section 3.1. We observe that the tail of the plot decreases in a sub-linear fashion, showing that the values of page-update frequencies are not as spread out (long tail) as those of page views.



One of the aims of this paper, mentioned in the introduction, is to check whether there is a correlation between the popularity of a given page and the number of updates (revisions) the same page receives. Figure 7 shows the number of updates for each page in the month of February 2016, sorting the pages by view rank so that the page with most views has the lowest ID. By looking at the Figure, a correlation between views and updates is not apparent.




4.3. Relationship Between Views and Updates


To go further, using a more formal method, we measured the Kendal Tau correlation to quantify the ordinal association, and we report the result in Figure 8. Being very close to 0 for all months of the year, the  τ  shows an evident lack of direct correlation between the ranks of page views and page updates. In other words, not only is the most viewed page not the most updated, in general, but there is a lack of similarity in the orderings of the pages when ranked by views and updates (Kendall’s Tau∼0).



Even though a view/update rank correlation is not manifest, we observed a time correlation between views and updates of the same page, as they are the effect of the same cause. For example, Figure 9 shows the views and updates of the “Gravitational Waves” page versus time. The page received a peak of attention after scientists made the first observation of gravitational waves on 11 February 2016. Observing other pages for the same month, a similar behavior can be found. Figure 10 shows the views and updates of the page corresponding to a movie released in North America on February 12; Figure 11 is relevant to the page of the future president during the US presidential election; Figure 12 refers to a famous music album released in the same month. Analyzing these time series, we find evidence that in many cases, a peak of views is followed or preceded by a peak of updates. This information can be useful to make predictive traffic analysis, for instance, to dimension network caches [24] or to implement proactive/opportunistic data offloading [26] or prefetching activities [6].



To measure the view/update–time correlation, we performed a peak analysis of views and updates, showing the result in Figure 13. To that end, we analyzed 6 months of data, considering, for each month, all of the 1000 most popular pages. For each page, we determined the day with the highest number of views of the considered month (e.g., February 2016) and the day with the highest number of updates in a period of 3 months centered on that month (e.g., from January 2016 to March 2016). Then we considered the difference between these two days and plotted the resulting distributions in Figure 13. To mitigate the effects of statistic fluctuations, we only selected the pages that received at least 10 revisions/day. As we can see in the boxplot, the median of the measurements is very close to 0, showing that peaks of views and revisions are very close to each other, on average. The boxes in the Figure represent 50% of the closest peak–peak occurrences, showing that 50% of times, a revision peak occurs within one week of the related view peak. It is worth noting that, in all of these cases, we can clearly see how the inter-times between subsequent updates is not stationary, as also observed in [2] for generic web pages.



A final analysis is aimed at ascertaining who is responsible for page views and updates. Given that nowadays, a non-negligible part of traffic comes from bots, as pointed out in [59], we measured the quantity of artificial traffic in our dataset. As for the views, Wikipedia differentiates human from spider traffic; the result is that in our dataset, 86% of views are human. As for editing bots, the problem is more complex. Currently, bots represent around 0.1% of Wikipedia editors, but the amount of editing could be a high percentage of total revisions. This varies a lot as a function of language and time [60]. Recent studies show that bots can also interact with each other, generating chain effects [59]. According to statistics presented in these papers, edits performed by bots in the English Wikipedia are around 8% of the total. Thanks to the naming convention (https://en.wikipedia.org/wiki/Wikipedia:Bot_policy), we were able to identify and count artificial revisions in our dataset, which resulted in about 1.41% of all edits. We deliberately kept the bot activity in the considered traces since, from the networking point of view, for instance, they have the same effects as human editing.





5. In-Network Caching Simulation


Content view and update statistics play an important role in performance evaluations of networking infrastructures, including caching system or prefetching strategies, and distribution networks. Indeed, when content is updated, stored copies have to be deleted or updated. In general, view statistics allow the evaluating of the benefit obtained from these systems, while update statistics permit the estimating of the loss of system efficiency and the possible cost of updating. In this section, we show how the models presented in the previous sections can be used to evaluate the performance of in-network caching, which is a key enabling technology for future networks, including 5G [61] and information-centric networking [62].



5.1. Simulation Scenario


The simulated network scenario is depicted in Figure 14. It includes a content producer that generates content requested by users through the Internet. In our case, the producer is Wikipedia and the contents are the different pages that users want to see. As shown in the figure, it can sometimes be convenient to insert a network element that stores the requested content to serve future requests in order to improve access speed and to reduce the load on the central server. However, when stored content is updated, the system must handle this event. The staleness of cached content can be managed in a proactive or reactive manner [4]. In the case of proactive invalidation, the stale item is immediately removed from the cache. Whereas in the case of reactive invalidation, the stale item will be removed only at the next request, and not immediately. Proactive invalidation usually achieves better caching performance but can be more complex from the system point of view.



In the following, we simulate a proactive invalidation scenario. We use view statistics to generate a sequence of content requests according to their popularity. We also use update statistics to generate a sequence of modification events of the contents.




5.2. Caching Replacement Policies


In this work, we consider the following tree caching replacement policies:




	
The least recently used (LRU) replacement strategy uses the time of access to replace items. In a typical implementation, items are stored in a memory stack. When requested, an item is added or moved to the top of the stack, and if necessary, the last item of the stack is removed to comply with the storage limit.



	
The least frequently used (LFU) replacement strategy keeps the most popular items in the cache, i.e., the items that receive most views. A simple implementation of the policy records the number of hits   n i   for each item in the cache and replaces the item with the lowest value. This strategy suffers from problems: (i) a bad estimation of the popularity of newly inserted items and (ii) the persistence of popular items in a dynamic environment, i.e., when the request’s ranking changes over time.



	
Hyperbolic caching (HYP) has been recently proposed to solve some LFU issues [50]. The HYP strategy replaces the item with the lowest ratio between the number of hits   n i   and the amount of time in the cache memory   t i  :    n i  /  t i   .








A cache hit occurs if, when a request arrives, the desired object is contained in the cache, otherwise a cache miss takes place. In the next section, we evaluate the cache hit probability for LRU, LFU, and hyperbolic caching strategies, taking into account the invalidation process.




5.3. Performance Results


In the simulations, we consider a cache size of   C = 100   items and a universe of contents composed of   M =   10,000 ordered items; without loss of generality, we assume that objects with lower IDs are more popular than objects with higher IDs. The item’s request and invalidation frequencies are modeled according to the results of Section 4.1 and Section 4.2, respectively. To remove the correlation between popularity and invalidation frequencies, we scramble the items when calculating the invalidation rate.



An event-based simulation is performed considering the time series of requests and invalidations. The inter-arrival request statistic is generated according to a lognormal distribution with coefficient of variation (CV)   C V = 4  , modeling request streams with a temporal locality [63]. For each item, the average of the inter-arrival distribution is chosen according to the zipf frequency model. The inter-arrival invalidation statistic is assumed to follow an exponential distribution to simulate time-independent events. In this case, the average of such a distribution is chosen according to the lognormal model. We simulated a month of requests (  T = 3600 × 24 × 30   s); in Figure 15, we plot the results: the cache hit probability of the 200 most popular items for the LRU, LFU, and hyperbolic replacement policies. Continuous lines show the performance metrics trend by a moving average over the simulated results. In this case, LFU and hyperbolic have very similar performances, and invalidation does not play a significant role.



To better highlight the effect of invalidation on caching performance, in Figure 16 we plot the cache hit probability for all replacement policies, reducing the number of requests by a factor of   10  − 4    but preserving ranking distribution. As described in [4], this scaling can be used to model a cache that is moved closer to the user. As can be noted, invalidation only affects specific items that experience a lower cache hit probability. This is due to a lack of correlation between request and invalidation statistics.



The simulations show that invalidation has a limited negative impact affecting both simulated caching scenarios, even if a slightly worse impairment is caused by the hyperbolic caching policy. The reason is that the invalidation process reduces the time that an item remains in memory (  t i  ), which is one of the underlying metrics on which the HYP and LFU polices are based. This effect is put in evidence thanks to the analysis of the invalidation effect and because the latter is not correlated with the demand process. To sum up, simulations show that at least in the Wikipedia case, many network caching techniques can be used effectively since their performance is not significantly spoiled by content update events, even when caches are placed very close to requesting users.





6. Conclusions


In this work, we presented an analysis of content-update statistics of Wikipedia data. We found that update frequencies can be quite accurately described by a lognormal distribution, while we confirmed the power law (Pareto) behavior of view frequencies. We provided fitting parameters and statistical significance tests related to the chosen distributions for all of the months of 2016, analyzing a dataset of the 1000 most popular pages for each month. This result is useful for modeling and simulating content updates, deletion, and expiration. Finally, we searched for correlations between views and updates: while rankings appear to be uncorrelated, we found a time correlation between view and update peaks, with their time difference being less than a week in more than 50% of cases. This correlation can be used for predictive traffic analysis applications, which use information about peaks of updates to estimate view traffic peaks or vice versa, and for optimizing prefetching and caching functions. The derived models have been used to simulate an in-network caching scenario, showing that invalidation does not severely impair caching performance.
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Figure 1. Complementary cumulative distribution function (CCDF) of page views computed for the 1000 most popular Wikipedia pages in July 2016. 
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Figure 2. Estimation of the Pareto-shaped parameter   α ^   and the related p-value of the 1000 most popular Wikipedia pages in 2016. 
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Figure 3. Rank-frequency distribution for views of the 1000 most popular Wikipedia pages in July 2016. 
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Figure 4. Revisions of the 1000 most popular Wikipedia pages in February 2016. 






Figure 4. Revisions of the 1000 most popular Wikipedia pages in February 2016.



[image: Information 10 00330 g004]







[image: Information 10 00330 g005 550] 





Figure 5. Estimation of lognormal parameters   σ ^  ,   μ ^  , and the related p-value for the update frequency of the 1000 most popular Wikipedia pages in 2016. 
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Figure 6. Rank-frequency plot of the 1000 most popular Wikipedia pages in February 2016. 
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Figure 7. Revisions of the 1000 most popular Wikipedia pages in February 2016, sorted by view rank. 
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Figure 8. Correlation between updates and views of the 1000 most popular Wikipedia (2016) pages. 
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Figure 9. Views and updates of a popular science page (“Gravitational wave”) in February 2016, from 1 February to 1 March. 
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Figure 10. Views and updates of a popular movie page (“Deadpool”) in February 2016, from 1 February to 1 March. 
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Figure 11. Views and updates of a popular public person page (“Donald Trump”) in February 2016, from 1 February to 1 March. 
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Figure 12. Views and updates of a popular music album page (“The Life of Pablo”) in February 2016, from 1 February to 1 March. 
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Figure 13. Boxplot for the time difference between revision and view peaks. 
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Figure 14. Network reference scenario for caching simulations. 
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Figure 15. Cache hit probability for the 200 most popular items for a cache close to the server. 
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Figure 16. Cache hit probability for the 200 most popular items for a cache on the network edge. 
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Table 1. Total and considered views for the top 1000 Wikipedia pages in 2016.
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	Considered
	Total





	Jan
	97.20%
	627M



	Feb
	100.00%
	596M



	Mar
	43.31%
	545M



	Apr
	91.94%
	499M



	May
	100.00%
	488M



	Jun
	99.12%
	508M



	Jul
	100.00%
	516M



	Aug
	100.00%
	549M



	Sep
	100.00%
	486M



	Oct
	98.14%
	538M



	Nov
	100.00%
	658M



	Dec
	68.30%
	597M
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Table 2. Total and considered updates for the top 1000 Wikipedia pages in 2016.
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	Considered
	Total





	Jan
	93.59%
	69K



	Feb
	91.21%
	59K



	Mar
	90.73%
	66K



	Apr
	91.25%
	66K



	May
	91.40%
	71K



	Jun
	91.45%
	70K



	Jul
	91.23%
	72K



	Aug
	92.13%
	73K



	Sep
	91.26%
	53K



	Oct
	90.87%
	62K



	Nov
	91.18%
	70K



	Dec
	90.90%
	69K
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