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ABSTRACT

Apples, porcupines, and the most obscure Bob Dylan song—is every topic a few clicks from Philosophy?
Within Wikipedia, the surprising answer is yes: nearly all paths lead to Philosophy. Wikipedia is the
largest, most meticulously indexed collection of human knowledge ever amassed. More than information
about a topic, Wikipedia is a web of naturally emerging relationships. By following the first link in each
article, we algorithmically construct a directed network of all 4.7 million articles: Wikipedia’s First Link
Network. Here, we study the English edition of Wikipedia’s First Link Network for insight into how the
many articles on inventions, places, people, objects, and events are related and organized.

By traversing every path, we measure the accumulation of first links, path lengths, groups of path-
connected articles, and cycles. We also develop a new method, traversal funnels, to measure the influence
each article exerts in shaping the network. Traversal funnels provide a new measure of influence for
directed networks without spill-over into cycles, in contrast to traditional network centrality measures.
Within Wikipedia's First Link Network, we find scale-free distributions describe path length, accumula-
tion, and influence. Far from dispersed, first links disproportionately accumulate at a few articles—flowing
from specific to general and culminating around fundamental notions such as Community, State, and Sci-
ence. Philosophy directs more paths than any other article by two orders of magnitude. We also observe
a gravitation toward topical articles such as Health Care and Fossil Fuel. These findings enrich our view

of the connections and structure of Wikipedia’s ever growing store of knowledge.

© 2016 Published by Elsevier B.V.

1. Introduction

Wikipedia is a towering achievement of the Internet age. At no
point in history has a larger or more meticulously indexed collec-
tion of human knowledge existed. Wikipedia contains 37 million
articles in 283 languages, with coverage spanning everything from
little known ancient battles to the latest pharmaceutical drugs [1,2].
Demonstrating its relevance to modern inquiry, Wikipedia is the
sixth most visited site in the world, surpassing 18 billion page views
and 10 million edits in January 2013 alone [3,4].

Wikipedia has naturally become the object of many studies.
Researchers have examined the cultural dynamics among editors
[5,6], the accuracy of the content relative to traditional encyclo-
pedias [7,8], the topics covered [9], and bias against portions of
the population [10]. Wikipedia’s content has also proven to be a
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powerful tool. Researchers have used Wikipedia to identify missing
dictionary entries [11], cluster short text [12], compute semantic
relatedness [13], and disambiguate meaning [14].

While these many studies have dissected and fruitfully applied
Wikipedia’s content, here we examine the connections among the
many articles. A hyperlink from one Wikipedia article to another
naturally indicates arelationship between the two articles [15]. The
notion that hyperlinks convey information about the content of a
page has proved enormously successful in multiple domains from
search engine algorithms such as PageRank [16] to topic classifi-
cation [17]. Here, we treat a hyperlink as a mechanism connecting
two topics.

The authors of a Wikipedia article choose where and whether
to include a reference to another Wikipedia article in the HTML
markup. For example, as of November 2014, the authors of the
“Train” article had collectively chosen “Amtrak’s Acela Express,”
“steam,” and “head-end power” among others as relevant articles
to reference in describing “Train” [18].

By focusing our attention on the main body of an article—
excluding elements in side bars and headings—we attempt to
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Fig. 1. First Link Path For “Train.” We follow the first link to another Wikipedia article in the main body of the article—the area inside the green rectangle, which excludes
side bar elements, the navigation bar and title; the first link is circled in red. In this example, the first link to another Wikipedia article is “Rail Transport.” We can again select
the first link on the “Rail Transport” article, repeating the process to form a path of first links. After 11 links, we arrive at “Philosophy.” (For interpretation of the references

to color in this figure legend, the reader is referred to the web version of the article.)

systematically capture the core description of a topic. Within the
body text, the first link marks the earliest moment in a topic’s intro-
duction where the authors choose to directly reference another
article. While many links reference relevant details, the first link is
an association within a topic’s initial description. While “Amtrak’s
Acela Express,” “steam,” and “head-end power” are links detailing
particulars, the first link, “rail transport,” is the topic the authors
associate with “Train” in the introduction (Fig. 1). “Banana” has a
first link to “fruit,” “Bob Dylan” has a first link to “Blowing in the
Wind,” and “Physics” has a first link to “natural science.” Collec-
tively, first links provide a pragmatic and interpretable means to
connect each article to another.

By following the first hyperlink contained in all articles of
the English edition of Wikipedia as of November 2014, we
form a directed network: Wikipedia’s First Link Network (FLN).
Inspired by the claim that the majority of first links lead to
“Philosophy”—popularized by an xkcd comic and subsequently
discussed in blog posts [19-23]|—we holistically study how the
FLN yields a flow of connections. For methodological details, see
Appendix A.

The FLN is a wealth of relations among inventions, places, fig-
ures, objects, and events across space and time. “Train” for example,
links to a parent node, “Rail Transport,” while many child nodes
such as “Steel” and “Horsepower” link to “Train.” As shown in Fig. 1,
the path starting at “Train” contains “Goods,” “Economics,” “Social
Science,” leading ultimately to “Philosophy”. Unlike previous tax-
onomies created by individuals [24-27], the relations in the FLN
emerge without a centralized effort as the aggregate of each arti-
cle’s authors choice of first link.

Our goal is to study the structure of the FLN for insight into how
the information on Wikipedia is organized and related. Informed by
river network metrics, we consider the FLN as a flow. We quantify
the accumulation of first links around articles and develop a new
method, traversal funnels, to measure the influence an article exerts
in shaping the FLN. Together with cycles, in-degree, depth, and the
content of the articles, we build our analysis of the relations among
the ideas in Wikipedia.

2. Traversing the First Link Network

An essential feature of a directed network’s structure is the
degree distribution [28]. The degree distribution has been used to

study many phenomena from disease outbreak [29] to the dynam-
ics of social networks [30]. The in-degree distribution in the FLN
describes how many first links point to a particular article. Articles
with zero in-degree have no references—they are outer leaves in
the FLN or are disconnected entirely.

Starting at each article, we construct a path through the FLN, to
map the flow of connections among articles. The method is order
agnostic with respect to which articles are selected first. As long as
each article is selected eventually, the resulting metrics are equiv-
alent. Previous studies have used flow to characterize the structure
of river networks [31,32] and describe the organization of blood
networks, food systems, and transportation networks [33]. In the
same vein, we use flow to measure accumulation and develop a new
method for isolating influence in a directed network with cycles.

2.1. Traversal visits

The first metric we develop quantifies the accumulation of first
links. The algorithm begins by selecting an article, then traversing
the path formed by following the first links. Each time a first link
references an article, we increment a count associated with the arti-
cle. We continue until a page is revisited or is invalid—defined here
to mean pointing to a page outside of Wikipedia. We select a second
article and repeat the process until we have constructed a path for
each article in the network. We define the number of traversal visits
of an article to be the number of references flowing to the ideas in
the article—equivalent to drainage basin area in geomorphology.

We can characterize the paths in the FLN as a matrix with each
column corresponding to a path. In our sample network (Fig. 2), the
path starting at article A is the first column in the traversal visits
matrix. An entry of 1 indicates the path contains a given article and
0 indicates the path does not. To compute the number of traversal
visits for an article, we sum the corresponding row in our matrix.
The traversal visits matrix for our Wikipedia dataset consists of 121
million entries encoding each path out of the more than googol
possible paths (= 4.7 x 10° x 247x19°) through the FLN.

By measuring the number of first links between two articles,
we obtain an additional piece of information we call path length,
computed by summing columns in the traversal visits matrix. Path
length describes how closely related topics are. Although “Train”
is related to “Economics” for example, there are several articles
bridging the connection: “Train” is more specifically related to
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Fig. 2. Traversal Visit Algorithm on a sample network. The traversal visit vectors are an adjacency matrix for the paths through the network: the first column indicates
the path formed starting with article A. The number of traversal visits for article A is then the number of paths containing A or the sum of the first row in our matrix:

7
Avisici = 7-
i=1 visit,1

transportation, whose object is often goods. Goods are one of the
fundamental objects of study in Economics. Described in links, this
relationship is captured by a relatedness of 4 first links ultimately
connecting “Train” to “Economics.”

One possible path through the FLN is a cycle or a group of articles
linking to one another inside a loop. In our sample network (Fig. 2)
a 3-cycle exists among nodes A, B, and C. We can readily identify
the types of cycle structures within the FLN and rank each by the
number of references directed toward a cycle. We can also identify
and rank groups of path-connected articles, not necessarily forming
a perfect cycle.

2.2. Traversal funnels

While traversal visits measure accumulation, each article’s first
link also influences the shape of the FLN. At a point of accumulation,
a single article’s first link can exert great influence over the shape
of the FLN by directing many references on a particular path. To
distinguish between an article that simply happened to fall within
a cycle from an article funneling many first links, we develop a
second metric called traversal funnels. To measure traversal funnels,
we traverse the FLN in the same manner as we did for traversal
visits, but end a path once we enter a cycle. We are then able to
distinguish between an article related to many other ideas only
by virtue of its place in a cycle, from an article exerting influence
over where the first links flow. In the sample network (see Fig. 3),
article C directs the flow of links toward the 3-cycle, while articles A
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Fig. 3. Traversal Funnel Algorithm on a simple network. The algorithm for traversal
funnels is identical to the previous algorithm for traversal visits with one alteration:
the path ends at the start of a cycle to distinguish articles directing a path into a cycle
from articles that simply happen to be in a highly traversed path. We can construct
similar vectors by considering each path through the network, measuring traversal
funnels for a particular article as the sum of the entries in its corresponding row. For

. . 7
example the number of traversal funnels for article E is ZHEmnneH =2.

and B are recipients of the flow—without exerting direct influence
themselves.

The algorithm increments the traversal funnels count along each
path, up to the start of a cycle. The resulting count is each node’s
number of traversal funnels: the number of paths the node directs
up to the start of a cycle. Below is the pseudo-code.

Traversal Funnels Algorithm

// 1. Determine Cycles
for node in Graph
next_node =node. link
visited={node, next_node}
// advance to potential cycle
while next_node not in visited:
next._node =next._node. link
visited.add (next-node)
// mark cycle
if (node ==next_node) :
node.in_cycle = True
// 2. Compute Traversal Funnels
for node in Graph:
while node.in-cycle==False:
node. funnels +=1
node =node.link

The algorithm’s average runtime is proportional to the product
of the number of nodes, n, and the average path length, L. If the aver-
age path length is fixed (independent of n), the runtime is O(n) with
O(n+1) auxiliary memory for storing cycles and traversing paths.
In the worst case where [ is proportional to n, the runtime is O(n?)
with O(n) auxiliary memory for storing cycles and traversing paths.
In implementation, each iteration step in the algorithm can be par-
allelized since the algorithm is order agnostic, as long as each node
is eventually selected.

As a measure of influence, traversal funnels differ from tradi-
tional centrality measures such as degree centrality, betweenness
centrality, and eigenvector centrality. Degree centrality char-
acterizes how many articles have a first link to a particular
topic, restricting influence to a single link. Betweenness central-
ity and eigenvalue centrality capture flow within the network
more than a single link away. Unlike traversal funnels however,
betweenness centrality and eigenvalue centrality reward nodes
that simply happen to be in a cycle. We compute betweenness
centrality and eigenvalue centrality on the sample network using
NetworkX, a Python package for modeling complex networks (see
the online appendix for details). In our sample network (see Fig. 4),
node A has betweenness centrality of 0.17 and eigenvalue central-
ity of 0.58, although node A is simply the recipient of paths directed
by node C. Eigenvector centrality even assigns the same centrality
to nodes A, B, and C.
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Fig.4. Centrality measures. The table above compares standard centrality measures
on the sample network against traversal funnels. While betweenness centrality and
eigenvector centrality both reward node A for its place in the cycle, traversal funnels
only rewards node C for directing paths into the cycle.

In contrast, traversal funnels define a path without a pre-
determined end node, following the progression of links to its
culmination at the start of a cycle. Furthermore, traversal funnels
provide an interpretable metric: a node’s traversal funnel is the
number of paths the node directs to the start of a cycle. Conse-
quently, traversal funnels allow us to isolate the paths directed by
node C, of which there are 4, without any spill over effect on other
nodes in its cycle: A and B have zero traversal funnels.

In addition, traversal funnels extend to directed networks with
more than one outward edge. In such a network, there may be
multiple paths associated with a single starting node. The same
interpretation for traversal funnels as the number of paths a node
directs to a cycle still holds. In contrast to betweenness centrality,
traversal funnels would not favor the shortest path over any other.
Traversal funnels equally weigh all paths up to a cycle.

By considering the FLN not only as collection of directly linked
pairs of articles, but as a flow using traversal funnels, with accumu-
lated references, cycles, and path-connected groups, we explore
how the many articles in Wikipedia are organized and related.

3. Results
3.1. Degree distribution

We rank all 11 million articles in the FLN by in-degree to
find the “United States” with 80,249 direct first links as the most
referenced Wikipedia article (Fig. 5). Other high-ranking articles
include foundational abstract concepts such as “village,” “species”;
sports associations such as “American Football,” “Association Foot-
ball”; and developed nations such as “France,” “Japan,” “Russia,”
“Australia,” and the “Netherlands.” These high ranking articles
are useful abstractions: nations describe a collection of individ-
uals with a common culture, language, or geographical proximity;
sports teams describe an ever changing collection of players often
associated with a cultural identity or a geographical region. Since
abstractions such as nations and teams are inherently comprised of
many parts, authors often reference the abstraction when describ-
ing a part.

“Philosophy” and other philosophical concepts are not among
the highest-ranking articles by in-degree. “Philosophy” has an in-
degree of only 581, with direct first links from articles about
Philosophers and areas of Philosophy: “Existentialism and Human-
ism,” “Predeterminism,” “Synoptic Philosophy,” “Qualia,” “Dorothy
Emmet,” and “Christopher W. Morris.” So while a great many FLN
paths flow to “Philosophy” (see traversal visits discussion below),
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Fig. 5. Highest Ranking Articles by in-degree. We rank each article by the number
of direct first links to the article (in-degree). The highest-ranking articles tend to
represent geographical and biological abstractions. A full online appendix of the
results and data is available here.

the accumulation is not the result of many articles directly refer-
encing “Philosophy.” Instead, first links flow toward “Philosophy”
as the ultimate anchor, by generalizing from specific to broad.

The FLN’s in-degree exhibits a decaying power law distribution
where a few articles receive most direct first references, while most
articles receive few or none. The average in-degree for all 11 million
articles is 3.6 direct first links with a standard deviation of 89.5. Less
than 1% of articles have more than 100 direct first links and 75%
of articles have fewer than 9. We plot the in-degree distribution
against each article’s rank with a log-log (base 10) and fit the data
to a power law distribution using the Maximum Likelihood Estima-
tor with xmin as the in-degree minimizing Kolmogorov-Smirnov
distance (see Fig. 6) [34,35]. A power law distribution obeys Y=r"%
where ris the rank and « is Zipf’s rank exponent [36]. We can also
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Fig. 6. FLN degree distribution. We plot the in-degree distribution against rank for
all articles with an in-degree of at least 1 on a logio-logio. We then fit the data
to a power law distribution using the Maximum Likelihood Estimator with xmin
as the in-degree minimizing Kolmogorov-Smirnov distance. We find xmin to be 5
links with a corresponding power law rank exponent « ~2.44 and a size exponent
y~1.41.
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Fig. 7. Path length distribution. The network depth appears to have a bimodal dis-
tribution with a median of 29 first links in a path. The 365-cycle for “Orthodox”
liturgics is the outlier to the right, with historical articles describing nations such as
“Scotland” and “UK” also lying outside the third quartile. More than 75% of articles
have path lengths between 0 and 50 links.

examine the size distribution by measuring the number of articles,
size S, above a particular in-degree, which is distributed accord-
ing to: S77 (y is the size exponent). The two exponents obey the
relationship: « = % For in-degree, we find xmin to be 5 links
with a corresponding power law rank exponent « ~ 2.44 and a size
exponent y >~ 1.41. We also compare the fit against alternative dis-
tributions using the log likelikhood ratio of a Kolmogorov-Smirnov
test (see Section A.2).

3.2. Depth of the FLN
How many links does a connection among articles span? We
find the longest path length is 365, corresponding to the yearly

calendar of Orthodox Liturgics. Each day’s Liturgics links to the
next day’s. On the last calendar day, the last article simply links
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Fig. 8. Distribution of Traversal Visits. We plot the number of traversal visits for
each article by rank on alogyo-log1o. We then fit the data to a power law distribution
using the Maximum Likelihood Estimator with xmin as the number of traversal
visits minimizing Kolmogorov-Smirnov distance. We find xmin to be 866 with a
corresponding power law rank exponent o~ 1.72 and a size exponent y ~1.58. The
horizontal flattening around the highest ranking articles is a result of the cyclic
structure (see discussion of Cycles 3.4).
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Fig.9. Highest ranking articles by number of traversal visits. We compute the num-
ber of traversal visits for each article in the FLN (see Section 2). In doing so, we can
rank each article by the accumulation of first links. The highest ranking articles by
traversal visits reveal where the greatest accumulation occurs.

back to January 1, forming a 365-cycle (see discussion of cycles,
Section 3.4). We also find similarly lengthy paths following the evo-
lution of a place or topic through time: “1953 in Scotland” or “1560s
Architecture,” with articles sequentially proceeding by year, decade
or era. In general, the longest paths connect temporally organized
ideas.

Ofthe 11 million articles, 5.5 million had an invalid link or linked
back to the same article, yielding a path length of zero. This roughly
corresponds to the official number of articles on Wikipedia: 4.7
million as of November 2014—approximately half of the 11 mil-
lion articles in the XML dump are redirects or disambiguations, not
full articles. The most common path length is 29, with 75% of path
lengths ranging between 7-30 articles. As a distribution, more than
75% of articles have a path length below 50 first links while a few
temporally organized paths exceed 50 links (see Fig. 7).
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Fig. 10. Highest ranking 2-cycles and 3-cycles. We identify pairs of articles whose first links point to one another, forming a 2-cycle. We then rank each pair of articles by the
total number of traversal visits to gauge the most referenced groups of two articles linked to each other. We find 2-cycles often capture synonyms or articles representing
nearly the same concepts as opposed to distinct concepts. Similarly, we identify and rank 3-cycles to find they appear to capture three closely related ideas or synonyms.

3.3. Traversal visits

Asadistribution, the number of traversal visits by article appears
to follow a decaying power law. The majority of articles have fewer
than 30 traversal visits and first link references accumulate at a
few articles. Specifically, 99.76% of articles have fewer than 100 tra-
versal visits; nearly 80% have none. Meanwhile, the highest ranking
30 articles have an extremely disproportionate number of traversal
visits.

In Fig. 8, we fit traversal visits against a power law distribu-
tion using the Maximum Likelihood Estimator with xmin as the
number of traversal visits minimizing Kolmogorov-Smirnov dis-
tance. We find xmin to be 866 with a corresponding power law
rank exponent o ~ 1.72 and a size exponent y ~ 1.58. We also com-
pared the fit against alternative distributions and found signficiant
likelihood ratios favoring a pow