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Abstract An emerging trend in social media is for users
to create and publish “stories”, or curated lists of Web
resources, with the purpose of creating a particular narrative
of interest to the user.While some stories on theWeb are auto-
matically generated, such as Facebook’s “Year in Review”,
one of the most popular storytelling services is “Storify”,
which provides users with curation tools to select, arrange,
and annotate stories with content from social media and the
Web at large. We would like to use tools, such as Storify, to
present (semi-)automatically created summaries of archival
collections. To support automatic story creation, we need to
better understand as a baseline the structural characteristics
of popular (i.e., receiving the most views) human-generated
stories.We investigated 14,568 stories fromStorify, compris-
ing 1,251,160 individual resources, and found that popular
stories (i.e., top 25 % of views normalized by time available
on the Web) have the following characteristics: 2/28/1950
elements (min/median/max), a median of 12 multimedia
resources (e.g., images, video), 38 % receive continuing
edits, and 11 % of their elements are missing from the live
Web. We also checked the population of Archive-It collec-
tions (3109 collections comprising 305,522 seed URIs) for
better understanding the characteristics of the collections
that we intend to summarize. We found that the resources in
human-generated stories are different from the resources in
Archive-It collections. In summarizing a collection, we can
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only choose from what is archived (e.g., twitter.com is pop-
ular in Storify, but rare in Archive-It). However, some other
characteristics of human-generated storieswill be applicable,
such as the number of resources.
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1 Introduction

Storify is a social networking service launched in 2010 that
allows users to create a “story” of their own choosing, con-
sisting of manually chosen Web resources, arranged with a
visually attractive interface, and clustered together with a
single URI and suitable for sharing. It provides a graphical
interface for selecting uniform resource identifiers (URIs) of
Web resources and arranging the resulting snippets and pre-
views (see Fig. 1), with a special emphasis on social media
(e.g., Twitter, Facebook, YouTube, and Instagram). We call
these previews of Web resources “Web elements”, and we
call the annotations Storify allows on these previews “text
elements”.

We would like to use Storify to present the (semi-)
automatically created summaries of collections of archived
Web pages in a social media interface that is more famil-
iar to users (as opposed to custom interfaces for summaries,
e.g., [26]). Since the stories in Storify are created by humans,
we model the structural characteristics of these stories, with
particular emphasis on “popular” stories (i.e., the top 25 %
of views, normalized by time available on the Web). Based
on this paper’s analysis of the structural characteristics of
“good” stories, we have been able to automatically construct
summarizing stories of Archive-It collections that are indis-
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Fig. 1 Example of creating a story on Storify shows the Storify-defined categories for resources of the stories

tinguishable from those created by human subject domain
experts, while at the same time, both kinds of stories (auto-
matic and human) are easily distinguished from randomly
generated stories [2].

In our previous work [4] and extended in this paper, we
build a baseline for what human-generated stories look like
and specify the characteristics of the popular stories. We
answered the following questions: what is the length of the
human-generated stories? What are the types of resources
used in these stories? What are the most frequently used
domains in the stories?What is the editing time of the stories?
Is there a relationship between the editing time and features
of the story? Is there a relationship between the popularity of
the stories and the number of elements? Is there a relation-
ship between the popularity and the number of subscribers
of the authors? What differentiates the popular stories? How
many of the resources in these stories disappear every year?
Can we find these missing resources in the archives?

To answer these questions, we analyzed 14,568 stories
from Storify comprising 1,251,160 elements. We found that
popular stories have a min/median/max values of 2/28/1950
elements, with the unpopular stories having 2/21/2216 ele-

ments. Popular stories have a median of 12 multimedia
resources (the unpopular stories have a median of 7), 38 %
receiving continuing edits (as opposed to 35 %), and only
11 % of Web elements are missing on the live Web (as
opposed to 13 %). The authors of popular stories have
min/median/maxvalues of 0/16/1,726,143 subscribers,while
the authors of unpopular stories have 0/2/2469 subscribers.
We found that there is a nearly linear relationship between
the editing time of the story and the number ofWeb elements.
We found that twitter.com dominates the Web resources of
Storify stories. We also found that only 11 % of the missing
resources could be found in public Web archives.

Since archived collections will be our source for cre-
ating stories, we want to understand the characteristics of
these collections and what are the most used resources in
these collections. In this paper, we extend our analysis to
build a baseline of what is inside the archived collections
then compare and contrast human-generated stories with
curated archived collections ofWeb resources fromArchive-
It.1 Based on the analysis of 3109 collections with 305,522

1 http://www.archive-it.org/.
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seed URIs, we found that the resources of archived collec-
tions are mostly dissimilar to the resources in Storify stories.
Governmental and educational domains dominate the most
frequent domains in the collections.

2 Background

2.1 Related Work

There have been many studies on how social media are being
used in social curation [9,25,27,36,37]. Seitzinger defined
social curation as “the discovery, selection, collection and
sharing of digital artifacts by an individual for a social pur-
pose such as learning, collaboration, identity expression or
community participation [31].”

Duh et al. [9] studied how Togetter, a popular curation
service in Japan, was being used for the social curation of
microblogs, such as tweets. They studied the motivation of
the curator by defining the topics being curated. They found
that there is a diverse number of topics and a variety of social
purposes for content curation, such as summarizing an event
and discussing TV shows.

Many studies have been conducted to study data curation
using data sets from Pinterest [11,30,37]. Zhong et al. [37]
studied why and how people curate using data sets from Pin-
terest in January 2013 and themonth of December 2012 from
Last.fm. They found that curation tends to focus on items that
may not be highly ranked in popularity and search rankings,
which slightly contradicts our finding in Sect. 4.4. They also
found that curation tends to be a personal activity more than
being social.

Storify has been used in many studies by journalists [32]
and also to explore how curation works in the classroom [17,
21]. Cohen et al. believe that Storify can be used to encourage
students to become empowered storytellers and researchers
[8]. Laire et al. [17] used Storify to study the effect of social
media on teaching practices and writing activities.

Stanoevska-Slabeva et al. [32] sampled 450 stories from
Storify about the Arab Spring from December 2010 to the
end of August 2011. They found that social media curation is
done by professionals as well as amateurs. They also found
that the longer coverage stories use more resources. They
also found that the stories created by both professionals and
amateurs presented the primary gatewatching characteristics.

Kieu et al. [12] proposed a method for predicting the pop-
ularity of social curation content based on a data set from
Storify. They specify the popularity of social curation using
the number of views of the content. They used a machine
learning approach based on curator and curation features (for
example, the number of followers, the number of stories for
the users, and the time that the user started using Storify)
from stories. They found that combining the curator features

(social features) and the curation features (content features)
improves the performance of predicting the popularity.

In this paper, we also investigate if the number of views
affects the features of the story, such as the number of ele-
ments. We consider the popularity of the story as a function
of the number of views normalized by its time of existence
on the liveWeb. Based on the popularity, we differentiate the
characteristics of popular and unpopular stories in Storify.

Resources on theWebare known todisappear quickly [13–
15,29], and the mean lifetime of a page is short (between 44
and 190 days) [7,18,20]. In a previous study, we found that
most people come to the Web archives, because they did not
find the pages on the liveWeb [3]. In this paper, we check the
existence of the URIs in social networks and the seed URIs
from Archive-It collections on the live Web. We also check
the decay rate in Storify stories.

2.2 Memento terminology

In this section, we explain the terminology that we adopt in
the rest of the paper. Memento [35] is an HTTP protocol
extension which enables time travel on the Web by linking
the current resources with their prior state. Memento defines
the following terms:

– URI-R identifies the original resource. It is the resource,
as it used to appear on the live Web. A URI-R may have
0 or more mementos (URI-Ms).

– URI-M identifies an archived snapshot, or a “memento”,
of the URI-R at a specific datetime, which is called
Memento Datetime, e.g., URI-Mi = URI-R@ti .

– URI-T identifies a TimeMap, a resource that provides
a list of mementos (URI-Ms) for a URI-R with their
Memento-Datetimes

3 Constructing the data set of storify stories

We created the data set by querying the Storify Search API2

with the 1000 most frequent English keywords issued to
Yahoo.3 This set of available search keywords allowed us to
gather sets of stories about many different topics. This was
especially useful, since we do not know the ranking algo-
rithm used by Storify search. We retrieved 400 results for
each keyword, resulting in a total of 145,682 stories down-
loaded in the JavaScript Object Notation (JSON) format [33].
We created the data set in February 2015 and only consid-
ered stories authored in 2014 or earlier, resulting in 37,486
stories. We eliminated stories with zero or one elements or

2 http://dev.storify.com/api/.
3 http://webscope.sandbox.yahoo.com/catalog.php?datatype=l.
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Fig. 2 Distribution of the characteristics of the 14,568 Storify stories
analyzed

zero views, resulting in 14,568 unique stories authored by
10,199 unique users and containing a total of 1,251,160Web
and text elements.

4 Characteristics of human-generated stories

Figure 2 contains the distribution of the number of views
of the stories, the number of Web elements, the number of
text elements, and the number of subscribers. We notice that
around 48%of the stories do not have any text elements. This
indicates that only about half of the stories are annotated with
descriptive text.

For a closer look at the features of the stories, we present
the distribution percentiles along with means of story views,
Web and text elements, and number of subscribers for the
story authors in Table 1.We show the distribution percentiles
along with means because the distribution of the data is long-
tailed. The editing time is the time interval (in h), in which
users edit their stories and is calculated by taking the differ-
ence between the story creation date and the last-modified
date. The median for all stories is 23 Web elements and 1
text element, and 44 % of the stories have no text elements
at all. Due to the large range of values, we believe median is
a better indicator of “typical values”.

4.1 What kinds of resources are in stories?

Using the Storify-defined categories reflected in the Storify
user interface (Fig. 1), the 1,251,160 elements consist of
70.8 % links, 18.4 % images, 8.1 % text, 2.0 % videos, and
0.7 % quotes. Text elements are relatively rare, meaning that
few users choose to annotate theWeb elements in their story.

4.2 What domains are used in stories?

The Web elements in Storify stories represent 91.95 %
(1,150,399 out of 1,251,160) of all the resources. To ana-
lyze the distribution of domains in stories, we canonicalized
the domains (e.g., www.cnn.com → cnn.com) and derefer-
enced all shortened URIs (e.g., t.co, bit.ly) to the URIs of the
final locations. This resulted in 25,947 unique domains in the
14,568 unique stories.

Figure 3 shows the relationship between the frequency
of the domains and the number of stories they appeared in.
For example, the rightmost dot at the top of the graph repre-
sents the most frequent domain in the stories (twitter.com),
which also appeared in the largest number of stories. This
domain appears almost 1,000,000 times in over 10,000 dif-
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Fig. 3 Relationship between the frequency of the domains in Storify
stories and the number of stories in which those domains appear

Table 1 Distribution of features
of the stories in the data set

Features Views Web elements Text elements Subscribers Editing Time

25th percentile 14 10 0 0 0.18

50th percentile 51 23 1 4 3

75th percentile 268 69 9 21 120

90th percentile 1949 210 19 85 1747

Maximum 11,284,896 2216 559 1,726,143 36,111

Mean 3790 80 8 286 855

SD 99,226 158 18 20,220 2982

Editing time is measured in hours
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Table 2 Top 25 domains based on the frequency of appearance in Storify stories

Domain Frequency Percentage of
Domains (%)

Story count Alexa global rank
as of 2015–03

Category

twitter.com 943,859 82.05 10,914 8 Social media

instagram.com 45,188 3.93 1841 25 Photos

youtube.com 22,076 1.92 4238 3 Videos

facebook.com 13,930 1.21 1802 2 Social media

flickr.com 7317 0.64 1079 126 Photos

patch.com 5783 0.50 231 2096 News

plus.google.com 3413 0.30 537 1 Social media

tumblr.com 3066 0.27 590 31 Blogs

blogspot.com 1857 0.16 713 18 Blogs

imgur.com 1756 0.15 215 36 Photos

coolpile.com 1706 0.15 8 149,281 Entertainment

wordpress.com 1615 0.14 859 33 Blogs

giphy.com 1055 0.09 365 1604 Photos

bbc.com 966 0.08 288 156 News

lastampa.it 927 0.08 45 2440 News

pinterest.com 892 0.08 170 32 Photos

softandapps.info 861 0.07 2 160,980 News

photobucket.com 768 0.07 348 341 Photos

nytimes.com 744 0.06 383 97 News

soundcloud.com 736 0.06 201 167 Audio

wikipedia.org 736 0.06 376 7 Encyclopedia

repubblica.it 682 0.06 49 439 News

theguardian.com 588 0.05 282 157 News

huffingtonpost.com 572 0.05 329 93 News

punto-informatico.it 570 0.05 29 42,955 News

ferent stories. We conclude from the graph that the most
frequent domains are often used in the majority of stories.

Table 2 contains the top 25 domains of the resources
ordered by their frequency. The list of top 25 domains rep-
resents 92.3 % of all resources. The table also contains
the global rank of the domains according to Alexa4 as of
March 2015. We see from the table that Web elements
from twitter.com appeared 943,859 times in 10,914 sto-
ries, comprising over 82 % of all Web elements. Note that
plus.google.com has rank one, because Alexa does not dif-
ferentiate plus.google.com from google.com. We manually
categorized these domains in a more fine-grained manner
than Storify provides with its “links, images, text, videos,
quotes” descriptions.

Although the top 25 list of domains appearing in the sto-
ries is dominated by globally popularWeb sites (e.g., Twitter,
Instagram, YouTube, and Facebook), the long-tailed distrib-
ution results in the presence of many globally lesser known

4 http://www.alexa.com/.

sites. In Sect. 4.4, we investigate the correlation between
Alexa global rank and rank within Storify.

We also presented the list of top domains based on the
count of stories in which they were used (Table 3). We notice
that the two lists are similar.We also can see fromTable 3 that
storify.com appeared in the highly ranked domains across the
stories, which means that many stories refer to other stories
in Storify.

The embedded resources of twitter.com

Since Twitter is themost popular domain (>82%ofWeb ele-
ments), we investigate if the tweets have embedded resources
of their own. For example, Fig. 4 shows a tweet in a Storify
story that contains an image fromTwitter. Furthermore, other
tweets may contain links or videos. This captures the behav-
ior of users, including tweets in the stories, because the tweets
are surrogates for embedded content. We randomly sampled
5 % of the Twitter resources (47,512 URIs). Of the sam-
pled tweets in the stories, 32 % (15,217) have embedded
resources, of which there are 14,616 uniqueURIs. Of 15,217,
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Table 3 Top 25 domains based on the number of stories that they appear in (Story Count)

Domain Story count Percentage of
stories (%)

Frequency Alexa global rank
as of 2015–03

Category

twitter.com 10,914 74.92 943, 859 8 Social media

youtube.com 4238 29.09 22,076 3 Videos

instagram.com 1, 841 12.64 45,188 25 Photos

facebook.com 1802 12.37 13,930 2 Social media

flickr.com 1079 7.41 7317 126 Photos

wordpress.com 859 5.90 1615 33 Blogs

blogspot.com 713 4.89 1857 18 Blogs

tumblr.com 590 4.05 3066 31 Blogs

plus.google.com 537 3.69 3413 1 Social media

nytimes.com 383 2.63 744 97 News

wikipedia.org 376 2.58 736 7 Encyclopedia

giphy.com 365 2.51 1055 1604 Photos

photobucket.com 348 2.39 768 341 Photos

upload.wikimedia.org 345 2.37 564 200 Encyclopedia

huffingtonpost.com 329 2.26 572 93 News

cnn.com 303 2.08 480 76 News

bbc.com 288 1.98 966 156 News

theguardian.com 282 1.94 588 157 News

google.com 236 1.62 547 1 Search

patch.com 231 1.59 5783 2096 News

washingtonpost.com 225 1.54 432 218 News

imgur.com 215 1.48 1756 36 Photos

foxnews.com 210 1.44 271 215 News

storify.com 209 1.43 509 3237 Social network

forbes.com 207 1.42 304 164 News

The percentage of stories is out of 14,568

46 % are photos from twitter.com (hosted at twimg.com).
Table 4 contains the ten most frequent domains for the
embedded resources, which represent 61.6 % of all the URIs
embedded in tweets. Again, we see that some Storify stories
(0.49 %) point to other stories in Storify.

4.3 Classification of resources based on the TLD

Table 5 presents the distribution of the Top-Level Domains
(TLDs) for the URIs that were used in Storify stories (only
the top ten are shown). The table shows that the most used
TLD is .com by far. Note that .cat is the TLD for a Catalan
site (http://www.aragirona.cat/). The top ten list represents
98.92 % of all resources in Storify stories.

4.4 Correlation of global and storify popularity

We calculate Kendall’s Tau correlation (τs f ) between the top
n domains in Storify stories based on their frequency (for
example, the list of the top 25 domains in Table 2) and their

Alexa global rank.We also checkedKendall’s Tau correlation
(τsc) between the top n domains used in the most number of
stories (for example, the list of top 25 domains in Table 3)
and their Alexa global rank.

The results are shown in Table 6. Statistically significant
(p ≤ 0.05) correlations are bolded. The highest corre-
lation that we found between Alexa global rank and top
domains based on frequencywas 0.45 for the top 15 domains.
The highest correlation between Alexa global rank and top
domains based on the number of stories was 0.46 for the
top 100 domains. From the results, we notice that most of
the time, the highly ranked real-world resources, such as
twitter.com, are correspondingly the most used in human-
generated stories.

This is interestingly in contrast with Zhong et al. [37],
which found that the most frequent sites on Pinterest had
low Alexa global ranks. This is possibly due to the different
natures of the usage of both sites. In Pinterest, users pin pho-
tos or videos of interest to create theme-based image/video
collections, such as hobbies, fashion, and events. The most
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Fig. 4 Tweet in Storify has an
image as an embedded resource.
Note that the text of the tweet
includes the URI of the image

Table 4 Ten most frequent domains in the embedded resources of the
tweets

Domain Percentage Category

twimg.com 46.17 Images

instagram.com 4.28 Images

youtube.com 2.82 Videos

linkis.com 2.04 Media sharing

facebook.com 1.40 Social media

wordpress.com 0.61 Blogs

vine.co 0.53 Videos

blogspot.com 0.52 Blogs

storify.com 0.49 Social network

bbc.com 0.44 News

used subject areas by Pinterest users are food and drinks,
décor and design, and apparel and accessories [10]. Most of
the pins on Pinterest come from blogs or are uploaded by
users. In Storify, people tend to use social media and Web
resources to create their narratives about events or news.

Table 6 Kendall’sTau correlationbetween themost frequentn domains
in the stories and their Alexa global rank (τs f ) and between the top n
domains that have the most number of stories and Alexa global rank
(τsc)

n 10 15 25 50 100

τs f 0.1555 0.4476 0.3372 0.3194 0.2485

τsc 0.1556 0.3524 0.4107 0.4260 0.4639

4.5 What is the mean editing time for stories?

Table 7 shows the percentage of the stories with editing times
in various time intervals. The table also shows the corre-
sponding features of the stories, divided by their editing time.
We normalized the number of views by the age of the story
(dataset collection date − story creation date). The first two
intervals (<1 h) represent stories that were created, modified,
and then published with no continuing edits.

We see that the majority of the stories in the data set were
created and edited in the span of one day. There are 14 %
of stories that have been updated over a long period of time,

Table 5 Top ten TLDs of the
resources

TLD .com .org .it .uk .net .de .es .info .fr .cat

Percentage 96.48 0.64 0.52 0.34 0.32 0.21 0.11 0.11 0.10 0.09
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Table 7 Percentage of the stories based on the editing interval along
with the median of Web elements, text elements, and views

Intervals Percentage Median Web
elements

Median text
elements

Median
views

0–60 sec 14.0 15 0 23

1–60 min 26.7 19 0 53

1–24 h 23.4 25 5 110

1–7 days 13.5 26 7 78

1–4 weeks 8.4 26 9 80

1–12 months 10.9 38 2 129

1–4 years 3.1 56 15 156

The percentage is out of 15,568 stories

with the longest editing time in our data set covering more
than four years and with more than 13,000 views. Curiously,
this story had only 33 Web elements and 51 total elements.
Although the story with the longest editing time did not have
the largest number of elements, from Table 7, we can see
that based on the median number of elements in each inter-
val, there is a nearly linear relation between the editing time
length of the story and the number of elements.

4.6 Decay of Web elements

In this section, we investigate how many resources in the
stories are missing from the live Web and how many are
available in publicWeb archives.We usedMemento to check
the existence in the archives. We checked the live Web and
public Web archives for 265,181 URIs (202,452 URIs from
the Web elements of stories + 47,512 randomly sampled
tweet URIs + 15,217 URIs of embedded resources in those
tweets), in which there are 253,978 unique URIs. Here, we
further examine the results for themost frequent five domains
in the stories: twitter.com, instagram.com, youtube.com,
facebook.com, and flickr.com.

4.6.1 Existence on the live Web

We checked the existence of the 253,978 unique URIs on the
live Web. We also checked the pages that give “soft 404s”,
which return HTTP 200, but do not actually exist [6]. The
left two columns of Table 8 contain the results of checking
the status of theWeb pages on the liveWeb. Of all the unique
URIs, 11.8 % are missing on the live Web. The table also
contains the results of the five most frequent domains and
all other URIs. We also included the results of checking the
existence of Twitter embedded resources at the bottom of
the table. From the table, we conclude that the decay rate
of social media content is lower than the decay rate of the
regular Web content and Web sites.

4.6.2 Existence on the live Web as a function of time

We measured the decay of the resources of Storify stories in
time by measuring the percentage of the missing resources
in the stories over time. For this experiment, we used the
249,964 (all the URIs excluding twitter embedded resources)
resources in 14,513 stories to check the rate of the decay in
the stories.

We found that 40.8 % of the stories contain missing
resources with a mean value of 10.3 % of the elements miss-
ing per story. Figure 5 contains the distribution of the creation
date of stories in our data set in each year and the percentage
of the missing resources in each corresponding year. From
the graph, we can infer a nearly linear decay rate of resources
through time: the resources disappear at the rate of 30 % for
the first year, 20 % for the second year, and then, the rate
decreases steadily for the last three years until it reaches
9.6 % for the last year. This finding is close to the findings
by SalahEldeen and Nelson [28], in which they found that
there is a nearly linear relationship between time of sharing
the resources and the percentage of resources lost from the
live Web, with a rate of 11 % the first year and 7 % for each
following year.

Table 8 Existence of the resources on the live Web (on the left) and in the archives (on the right)

Resources Existence on live Web Found in archives

Available (%) Missing (%) Total Of the available (%) Of the missing (%) Total

Twitter 95.5 4.5 47,385 0.9 3.4 477

Instagram 86.6 13.4 43,396 0.3 0.07 103

Youtube 99.3 0.7 19,809 16.0 0.75 3140

Facebook 95.2 4.8 12,793 0.6 0.49 80

Flickr 95.6 4.4 6859 0.4 0.0 25

others 82.1 17.9 109,120 26.8 15.5 27,033

Twitter resources 90.1 9.9 14,616 8.0 14.1 1257

Available represents the requests which ultimately return HTTP 200, while missing represents the requests that return HTTP 4xx, HTTP 5xx, and
HTTP 3xx to others except 200, timeouts, and soft 404s. Total is the total unique URIs from each domain
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4.6.3 Existence in the archives

We checked the 253,978 resources for existence in general
Web archives in March 2015. The existence in the Web
archives was tested by querying a Memento
Aggregator.5

The right-most columns of Table 8 contain the percentage
of the URIs found in theWeb archives out of the missing and
the available URIs on the live Web. In total, 12.6 % of the
URIs were found in the public Web archives. Of the missing
resources (29,964), 11%were found in publicWeb archives.
In their study, Ainsworth et al. [1] estimated the coverage
of Web resources in Web archives using 4000 URIs from
the Open Directory Project (DMOZ), Delicious, Bitly, and
search engines and measured their coverage in the public
Web archives and the number and frequency of archived ver-
sions. They found that 35–90 % of the Web has at least one
archived copy in theWeb archives.Moreover, they found that
DMOZ and Delicious samples had existence in the archives
more than the samples of the Bitly and search engine. From
Table 8, we notice that social media are not as well-archived
as the regular Web. Facebook uses robots.txt to block Web
archiving by the Internet Archive,6 but the other sites do not
have this restriction.

5 What does a popular story look like?

In this section, we establish structural features for what dif-
ferentiates popular stories from normal stories for building

5 http://timetravel.mementoweb.org/guide/api/, which provided results
from 12 different public web archives.
6 See: https://archive.org/about/faqs.php#14.

a baseline for the stories that we will automatically cre-
ate from the archives. We divided the stories into popular
and unpopular stories based on their number of views, nor-
malized by the amount of time that they were available
on the Web. We consider as popular the top 25 % of sto-
ries (3642 stories) based on the number of views (over 377
views/year).

5.1 Features of the stories

We considered the distributions of several features of the
stories: number of Web elements, the number of text ele-
ments, and the editing time. We also check if there is
a relationship between the popular stories and the rela-
tive number of subscribers. Furthermore, we test if popular
stories are different from the unpopular stories using the
Kruskal–Wallis test [16], which allows comparing two or
more samples that are independent and have different sample
sizes.

We found that at the p ≤ 0.05 significance level, the pop-
ular and the unpopular stories are different in terms of the
following features: number of Web elements, text elements,
editing time, and subscribers. Figure 6a shows that popular
stories tend to have more Web elements (medians of 28 vs.
21) and a longer editing time (5 vs. 2 h) than the unpopu-
lar stories. The number of elements in the popular stories is
between 2 and 1950 Web elements with median = 28 and
mode = 10, and the number of text elements ranges from 0
to 559 withmedian = 1 andmode = 0. The popular stories
tend to have longer editing time intervals than the unpopular
stories. For the popular stories, 38 % have an editing time
of at least one day, while only 35 % of the unpopular stories
have this feature. The maximum editing time in the popu-
lar stories is 4.1 years, while it is 3.5 years for unpopular
stories.

There is a large difference between the number of
subscribers for the authors of popular stories than for
those of unpopular stories. The authors of popular stories
have min/median/max values of 0/16/1,726,143 subscribers,
while the authors of unpopular stories have 0/2/2469 sub-
scribers.

5.2 The type of elements

Figure 6b shows the distributions for the popular and unpop-
ular stories for each element type. The popular stories tend
to have more images than the unpopular stories. The median
number of images in popular stories is 10, while it is 5 in the
unpopular stories. For videos, the median is 2 for both pop-
ular and unpopular. We found that the median number of the
links in popular stories (20 links) is higher than the unpop-
ular stories (16 links). We also test if the types of elements
used in popular stories are different from the unpopular sto-
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Fig. 6 Characteristics of popular and unpopular stories. a Distributions of the number of features per story. b Distributions of the number of
elements per story

ries using the Kruskal–Wallis test and found that p ≤ 0.05
for the distributions of each of the elements (images, videos,
links, and quotes).

5.3 Do popular stories have a lower decay rate?

We checked the decay rate of the popular and the unpop-
ular stories to investigate if there is a relationship between
popularity and lower decay rate. We found that for the pop-
ular stories, 11.0 % of the resources were missing, while
12.8 % of the resources were missing for unpopular stories.
Figure 6 contains the distribution of the percentage of miss-
ing resources per story in popular and unpopular stories. It
shows that the resources of the popular stories have lower
decay than the resources of the unpopular. A reason could be
that the popular stories are edited, and edits could be fixing
broken links. The 75th percentile of the decay rate per pop-
ular story is 10 % of the resources, while it is 15 % in the
unpopular stories.

6 Characteristics of archived collections

As the Web has become an integral part of our lives, shaping
how we get news, shop, and communicate, preserving the
resources of the Web is essential to facilitate research in his-
tory, sociology, political science, media, literature, and other
related disciplines [24].

Web archives are institutions that preserve much of the
cultural discourse by archiving the Web [19], such as the
Internet Archive7 (IA) and the UKWeb Archive.8 The Inter-
net Archive is the most popular Web archive and it aims to
maintain an archive of the entireWebby taking periodic snap-
shots of pages then providing an access to these snapshots
via the Wayback Machine [23,34].

Archive-It is a collection development service operated
by the Internet Archive since 2006. As of November 2015,

7 http://archive.org/.
8 http://www.webarchive.org.uk/.
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Fig. 7 Browsing and searching
services for Archive-It
collections. a Archival metadata
for the collection. b
Alphabetical list of URIs in the
collection. c Archived copies of
the first URI in the collection

123



250 Y. AlNoamany et al.

Table 9 Distribution of features of Archive-It collections

Features Seed URIs Mementos Timespan

25th percentile 1 1 0

50th percentile 5 3 154

75th percentile 21 9 973

90th percentile 73 26 1791

Maximum 123,600 3848 6945

Mean 98 17 628

SD 2260 106 921

Timespan is measured in days

Archive-It was used by over 340 institutions in 48 states, and
featured over 9B archivedWeb pages in nearly 3200 separate
collections.

Archive-It allows users to create, maintain, and view dig-
ital collections of Web resources hosted at Archive-It. This
is done by the user manually specifying a set of seeds URIs
that should be crawled periodically (the frequency is tun-
able by the user), and to what depth (e.g., follow the pages
linked to from the seeds two levels out). The Heritrix [22]
crawler at Archive-It crawls/recrawls that these seeds based
on the predefined frequency and depth to build a collection
of archived Web pages that the curator believes best exem-
plifies the topic of the collection. In a previous work [5],
we presented multiple approaches for assisting the curator in
identifying off-topic mementos in archived collections based
on a data set fromArchive-It as a first step for generating sto-
ries from archived collections. Archive-It provides a listing
of all URIs in the collection along with the number of times
and dates over which each site was archived, as well as a
full-text search of archived sites. Figure 7 shows the current
interfaces for a typical collection.9 Figure 7a shows brief
metadata about the collection. Figure 7b shows the Archive-
It interface, which consists mainly of a list of seed URIs in
alphabetical order in which the crawl information of each
URI is available. Figure 7c shows a list of the times when a
single URI was archived, which is called a TimeMap.

6.1 Archive-It collections

As of November 2015, we obtained the IDs of the whole pop-
ulation of Archive-It collections from the front-end interface
ofArchive-It.We excluded the collections that we knewwere
created automatically (the seed URIs have been extracted
automatically from the Web), and also collections with no
data. We kept collections with one URI, because they have
mementos. The number of remaining collections is 3109,
comprising 305,522 seed URIs. The total number of memen-
tos for all the collections is 2,385,397. We downloaded the

9 https://archive-it.org/collections/1068/.
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Fig. 8 Distribution of the number of seed URIs and the mean number
of mementos per seed in Archive-It collections

metadata of all seed URIs in November 2015. For each seed
URI, we obtained its first crawling date, last crawling date,
and number of mementos.

6.2 General characteristics

Table 9 shows the characteristics of Archive-It collections
in terms of the number of seed URIs, the mean number of
the mementos per seed, and timespan, which is the range of
time period over which the Web pages have been archived.
The mean number of seed URIs in Archive-It collections
is 98 URIs, and the median is 5 URIs. The mean number
of mementos is 17 mementos per seed URI, and the mean
timespan is 21 months. Figure 8 contains the distribution of
the number of seed URIs and the mean number of mementos
per seed in each collection.

The largest collection in terms of the number of seed
URIs is the “Government of Canada Publications”10 collec-
tion that archives Canadian governmental pages, created by
the Canadian Government Information PLNWeb Archive.11

It contains 123,647 URIs with a span of 2 years (2013–2015)
and a mean of 2 mementos for each URI. The largest times-
pan in the collections is 19 years (from 1996 until 2015) for
only 21 seed URIs. The start date of crawling for multiple
collections is before the existence of Archive-It in 2006. This
is possible, because some organizations imported previously
archived pages to initialize their collections.

6.3 What domains are used in collections?

Canonicalizing the domains of 305,522 URIs resulted in
57,640 unique domains in the 3109 collections. Figure 9
shows the relationship between the frequency of domains

10 https://archive-it.org/collections/3572/.
11 https://archive-it.org/organizations/700/.
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Fig. 9 Relationship between the frequency of the domains in Archive-
It collections and the number of collections in which those domains
appear

and the number of collections that they appeared in. For
example, the dot at the top of the graph represents the most
frequent domain, which appears over 100,000 times in only

four different collections. We notice that multiple domains
in Archive-It collections have a high frequency, but appear
in only a few collections. This is because some collections
are devoted to archiving specific domains.

Table 10 contains the top 25 domains of the resources
ordered by their frequency. The list of top 25 domains
represents 66.1 % of all the resources. The table also con-
tains the global rank of the domains according to Alexa as
of March 2015. We also added our manual categorization
for the domains. We notice that the most used domain is
publications.gc.ca from the “Government of Canada Pub-
lications” collection, which contains the largest number of
URI-Rs.We added the collection counts to the table to reflect
the global rank of the domains across the collections. We
notice that the first ranked domain based on the frequency
of the domains appeared in only four collections. The table
also shows that most of domains in the top list are for govern-
ment and educationWeb sites. There are also blogs and social
media Web sites, such as facebook.com and twitter.com.
Table 10 also shows that some collections use archived
URIs in their seed list. The domain wayback.archive-it.org

Table 10 Top 25 domains
based on the frequency of
appearance in Archive-It

Domain Frequency Percentage Collection
count

Alexa global rank
as of 2015–11

Category

publications.gc.ca 123,604 40.46 4 192,814 Government

youtube.com 21,838 7.15 337 3 Videos

mtholyoke.edu 7632 2.50 3 34,718 Education

nsa.gov 7625 2.50 5 49,313 Government

blogspot.com 6072 1.99 305 38 Blogs

nsf.gov 5312 1.74 3 15,613 Government

facebook.com 5268 1.72 480 2 Social media

hem.bredband.net 4582 1.50 1 367,103 Company

wikipedia.org 4405 1.44 93 7 Encyclopedia

twitter.com 3089 1.01 460 9 Social media

nlm.nih.gov 2030 0.66 20 196 Government

wayback.archive-it.org 1791 0.59 4 133,005 Archive

wordpress.com 1471 0.48 276 36 Blogs

vimeo.com 1354 0.44 44 186 Blogs

uwrf.edu 1218 0.40 2 157,000 Education

pubs.pembina.org 1196 0.39 1 709,328 Education

hhs.gov 579 0.19 15 8641 Government

globe.gov 462 0.15 2 559,353 Government

flickr.com 460 0.15 132 159 Education

netfiles.uiuc.edu 429 0.14 2 17,442 Education

orgsync.com 356 0.12 6 12,450 Company

nytimes.com 330 0.11 69 97 News

tumblr.com 328 0.11 102 43 Blogs

baylor.edu 274 0.09 12 17,643 Education

rochester.edu 254 0.08 12 9093 Education

The percentage is the frequency of the domain out of 305,522
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Table 11 Top 25 domains based
on the number of Archive-It
collections that they appear in

Domain Collection
count

Percentage Frequency Alexa global rank
as of 2015–11

Category

facebook.com 480 15.44 5268 2 Social media

twitter.com 460 14.80 3089 9 Social media

youtube.com 337 10.84 21,838 3 Videos

blogspot.com 305 9.81 6072 38 Blogs

wordpress.com 276 8.88 1471 36 Blogs

flickr.com 132 4.25 460 159 Photos

tumblr.com 102 3.28 328 43 Blogs

wikipedia.org 93 2.99 4405 7 Encyclopedia

ok.gov 92 2.96 141 24,315 Government

instagram.com 78 2.51 203 24 Photos

nytimes.com 69 2.22 330 97 News

sites.google.com 69 2.22 194 1 Wikipedia

tn.gov 53 1.70 153 13,494 Government

bbc.com 52 1.67 183 100 News

slco.org 52 1.67 74 100,152 Government

cnn.com 51 1.64 147 75 News

sfgov.org 50 1.61 61 101,777 Government

huffingtonpost.com 47 1.51 149 122 News

tennessee.gov 46 1.48 57 175,859 Government

yahoo.com 45 1.45 85 5 Search

vimeo.com 44 1.42 1354 186 Videos

weebly.com 43 1.38 142 252 Company

typepad.com 39 1.25 70 1126 Blogs

washingtonpost.com 36 1.16 180 198 News

pinterest.com 36 1.16 55 30 Photos

The percentage is the number of collections the domain appeared in out of 3109

is ranked 12th based on its frequency and appeared in four
collections.

Table 11 shows the top 25 domains based on the number
of collections that they appeared in. It is clear from the table
that the top list of domains based on the number of collec-
tions that they appeared in is different from the top domains
based on the frequency. Note that sites.google.com has rank
one, because Alexa does not differentiate sites.google.com
from google.com. In Sect. 6.5, we investigate the correlation
between the rank of the domains within Archive-It collec-
tions and their Alexa global rank.

6.4 Classification of the seed URIs based on the TLD

Table 12 presents the distribution of TLDs for the seed URIs
inArchive-It collections (only the top ten are shown). The top
ten list represents 97.8%of theTLDs in the collections. It can

be noticed that most of the URIs are for the .ca, .com, .edu,
.org, .gov, .net, .us, .uk, and .de domains. The .ca comes from
the publications.gc.ca, which dominates the top 25 most fre-
quent domains. We notice that there are many governmental,
organizational, and educational sites in the collections.

6.5 Correlation of global and Archive-It popularity

Table 13 shows Kendall’s Tau correlation τa f for the most
frequent n domains in Archive-It collections and their Alexa
global rank. It also showsKendall’sTau correlation τac for the
top n domains based on the largest number of collections and
their Alexa global rank. Statistically significant (p ≤ 0.05)
correlations are bolded. The table shows that the correlation
between the most frequent n domains and their Alexa global
rank is very low. The highest correlation between the most
frequent n domains and the Alexa global rank is 0.17 for the

Table 12 Top ten TLDs of the
resources

TLD .ca .com .edu .org .gov .net .us .uk .de .fr

Percentage 41.96 23.73 9.77 8.50 8.21 2.24 0.70 0.61 0.38 0.31
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Table 13 Kendall’s Tau between the most frequent n domains in the
stories and their Alexa global rank (τa f ) and between the top n domains
that have the most number of collections and Alexa global rank (τac)

n 10 15 25 50 100

τa f −0.2000 0.0286 −0.0467 0.0008 0.1741

τac 0.4222 0.4857 0.4174 0.4399 0.3180

list of the 100 domains. This may be due to the nature of
the collections and the purpose for which they are created.
Most of the collections are explicitly centered around top-
ics. Furthermore, some collections archive specific domains
(e.g., publications.gc.ca).Manyof these domains are not high
ranked globally, but the collections that they appeared in have
a large number of seed URIs, which results in high frequency
for these domains.

Although the frequencyof domains does not correlatewith
the globally high-ranked domains, the top list of the domains
based on the number of collections that they appeared in
highly correlates with the global rank of these domains. For
most of the top n domains across Archive-It collections,
τac > 0.4. The highest correlation is 0.49 for the list of
15 domains.

6.6 What is the mean timespan for digital collections?

Table 14 shows the percentage of the collections that have
been crawled in each time interval. The table also shows
the corresponding features of the collection in terms of the
number of seed URIs and the mean number of mementos
per seed. Note that the timespan of the collection is different
from the editing time of Storify stories.

The first row contains collections with 0 mementos as
of November 2015. About 20 % of these collections have
been created recently, and their crawling date started after
we captured the metadata of the collections. Among these
collections, the collection with the largest number of URIs
in this category (“Cal Poly University Web Archive”12) has
412 seed URIs.

We see that the majority of the collections have a long
timespan, meaning that they have been crawled over the span
of years. There are 17%of the collectionswith a span ofmore
than 4 years. The collection with the longest timespan of 19
years has URIs that were crawled before Archive-It existed.

From Table 14, we notice that there is a linear relationship
between the mean number of mementos per seed in the col-
lection and the timespan of the collection. The mean number
of mementos per seed URIs increases with an increase in the
timespan of the collection. The mean number of mementos
in the span of 4 years (or more) is 60 mementos per seed, and

12 https://archive-it.org/collections/6191/.

goes down 70 % to be 17 mementos per seed in the span of
1–4 years.

6.7 The decay rate in Archive-It collections

We extracted 293,883 unique seed URIs fromArchive-It col-
lections and checked their existence on the live Web. We
found that 8.3 % (24,521 out of 293,883) of the seed URIs in
Archive-It collections are missing from the live Web. Miss-
ing represents the requests that return HTTP 4xx, HTTP 5xx,
and HTTP 3xx to others except 200, timeouts, and soft 404s.
Note that 42 % of the seed URIs belong to the “Govern-
ment of Canada Publications” collection, which is devoted
to archiving governmental publication documents that are
well preserved by the Canadian government. We measured
the loss for this collection and found that only 0.1 % (102
URIs out of 122,948 unique URIs) of the documents are
missing. For these kinds of collections, we expect that if the
domain is lost or unavailable for any reason [6,20], all the
122,948 URIs might disappear. Excluding the “Government
of Canada Publications” collection, the decay rate for the rest
of the collections is 14.3 % (24,419 out of 170,935 unique
URIs).

We also found that 58.7 % (1825 out of 3109) of the col-
lections contain seed URIs that had disappeared from the live
Web. Of these, 22.5 % (410 out of 1825) have 100 % loss of
their seed URIs from the live Web.

7 Storify stories versus Archive-It collections

In this section, we contrast the general characteristics of
human-generated stories from Storify and human-curated
collections from Archive-It. For example, the most frequent
domain in Storify (twitter.com), which is represented in Fig.
3 by the right-most dot, appeared almost 1,000,000 times in
the largest number of stories (over 10,000 stories). On the
other hand, the most frequent domain in Archive-It collec-
tions (publications.gc.ca), which is represented by the dot on
the top left of Fig. 9, appeared over 100,000 times in only four
collections. The difference in the nature of the domains could
be due to the difference of who is creating the collection: reg-
ular users (Storify), or librarians employed by government,
museums, etc. (Archive-It).

In addition, the most frequent domains in the stories have
a higher correlation with the Alexa global rank than the most
frequent domains in the archived collection, as shown in
Tables 6 and 13. For most of the n values in Table 6, there
is a high correlation between the most frequent n domains
in the stories and their Alexa global Rank (τs f ). The τs f at
n = 15 is 0.45, while in Archive-It collections, the list of the
most frequent 15 domains and their Alexa global rank (τa f )
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Table 14 The distributions of
the number of collections in
each time interval

Intervals Percentage Seed URIs Mean no. of mementos/seed

Mean Median Maximum Mean Median Maximum

URI with no captures 6.80 7 1 412 0 0 0

<1 day 21.00 24 1 7619 1.1 1 4.8

1–7 days 4.90 101 5 7590 2.6 2 10.1

1–4 weeks 4.60 28 12 495 3.7 2.7 29.8

1–12 months 19.90 66 10 5309 10.9 3.4 277.6

1–4 years 25.40 242 6 123,648 16.6 5 594.5

>4 years 17.30 69 10 2365 59.5 13.7 3848

are statistically independent (Table 13). The largest value of
τa f is 0.17 at n = 100.

In addition, Tables 5 and 12 show that the list of TLDs
in Storify is dominated by .com, which represents 96.5 %
of the resources, while it represents only 23% in Archive-It
collections. The list of TLDs in Archive-It collections con-
tains a significant existence for .gov and .edu domains. That
is because many collections are devoted to archiving govern-
mental pages (e.g., all Web pages published by the state of
California) and memory organizations, such as libraries and
museums, but many of the collections are explicitly centered
around topics in arts and humanities, politics, spontaneous
events, and blogs and social media.

For the decay rate, 11.8% of Storify resources do not exist
on the liveWeb, while 8.3 % of Archive-It URIs are missing.
Although the decay rate in Storify stories is larger than the
decay rate of Archive-It collections, the percentage of the
affected collections (58.7 %) is larger than the percentage of
the affected stories (40.8 %). Furthermore, the mean value of
the missing elements per story is 10.3 %, although the mean
value of the missing seed URIs per collection is 42 %.

To conclude, the resources that are used in Storify stories
are different from the resources in Archive-It collections. In
summarizing a collection, we can only choose from what is
archived. Therefore, if there are no tweets in the collection,
twitter.com will not be the most common domain in the gen-
erated stories. Although some content in Storify stories will
not be applicable (e.g., twitter.com is popular in Storify, but
mostlymissing inArchive-It collections), some other charac-
teristics will be applicable, such as the number of resources.
Accordingly, our choices of what to select from the collec-
tion needs to be informed by what constitutes a “popular”
story.

8 Future work and conclusions

In this paper, we presented the structural characteristics of
human-generated stories on Storify, with particular emphasis
on “popular” stories (i.e., the top 25 % of views, normalized

by time available on the Web). Upon analyzing 14,568 sto-
ries, the popular stories have a median value of 28 elements,
while the unpopular stories have 21. The median value of
multimedia elements in popular stories is 12, with only 7 in
unpopular stories. Of the popular stories, 38 % receive con-
tinuing edits (as opposed to 35 %), and only 11% of Web
elements are missing on the live Web (as opposed to 13 %).
We found that there is nearly a linear relationship between
the timespan of the story and the number of Web elements.
There were 11.8 % of the resources missing from the live
Web, in which 11 % were found in the archives. The per-
centage of the missing resources is proportional with the age
of the stories.

Studying human-generated stories in Storify helped us
to profile different kinds of stories by examining the typi-
cal length (in terms of the number of resources included),
time frames covered, structural metadata (e.g., PageRank,
images and video, social media vs. news), and other features.
We model the structural characteristics of these stories, with
particular emphasis on “popular” stories. For example, we
generate stories (semi-)automatically from archived collec-
tions with a typical length close to 28 (more or less based
on the collection size). Based on the analysis in this paper
of the structural characteristics of “good” stories, we have
been able to automatically construct summarizing stories of
Archive-It collections that are indistinguishable from those
created by human subject domain experts, while at the same
time, both kinds of stories (automatic and human) are easily
distinguished from randomly generated stories [2].

We checked the characteristics of archived collections
using data set from Archive-It for specifying what can be
applied in our intended framework of generating stories
from these collections. We found that some characteristics
of human-generated stories may not be possible to apply,
because the nature of the resources in the stories is different
from what compose the collections. For example, we found
that twitter.com is popular in Storify, but mostly is miss-
ing in Archive-It. Some other structural characteristics of
human-generated stories, such as the number of elements
and the distribution of domains, will provide us with a
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template with which to evaluate our automatically gener-
ated stories. Future work also will include investigating if
the structural characteristics of stories hold for other social
media storytelling services, such as Paper.li, Scoop.it!, and
Pinterest.
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