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Abstract. Human navigation in information spaces has increasing importance in
ever-growing data sources we possess. Therefore, an efficient navigation strategy
would give a huge benefit to the satisfaction of human information needs. Often,
the search space can be understood as a network and navigation can be seen as a
walk on this network. Previous studies have shown that despite not knowing the
global network structure people tend to be efficient at finding what they need.
This is usually explained by the fact that people possess some background
knowledge. In this work, we explore an adapted version of the network consisting
of Wikipedia pages and links between them as well as human trails on it. The
goal of our research is to find a procedure to label articles that are similar to a
given one. Among others, this would lay a foundation for a recommender system
for Wikipedia editors, which will suggest links from the given page to the related
articles. Our work is therefore providing a basement for enhancing the Wikipedia
navigation process making it more user-friendly.
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1 Introduction

Over the last five years, the total number of web pages has nearly doubled from 900
million pages in 2014 to more than 1.7 billion pages in 2019 [1]. With this increase in
size, it is obvious that the amount of information has grown as well, making its retrieval
much harder.

The Web itself is a good example of a large information network, where pages play
role of nodes and links between pages are the edges. Furthermore, information networks
can often be divided into smaller pieces, each with narrower specialization. Even then,
the task of finding a particular bit of knowledge is not trivial, since smaller networks
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can have complex structure as well. However, having the goal, humans can search for
it quite efficiently, as shown by West and Leskovec [2]. This fact is explained in a way,
that often the structure of the network preserves real-world properties, in a sense that
two concepts that are related have higher chance to be connected (or to be within the
small range of each other) in the network. Even though humans do not know the global
structure of connections between common concepts, they usually have an idea or vague
understanding of their relatedness and can efficiently exploit this background
knowledge when searching for information [3, 4].

Nevertheless, the notion of the relatedness can be ambiguous and often is context-
dependent. For example, consider concepts Water, Molecule, and Swimming. Clearly,
Water and Molecule are related closely, as well as Water and Swimming. However, if
one is, say, looking for information about the water states, she barely needs anything
related to swimming. Moreover, the structure of the network does not only rely on the
semantic relatedness between the concepts it describes. The structure can be dictated
by the purpose of the web resource and its design. These arguments demonstrate the
need for the tools that would help humans to navigate through the networks efficiently.

In this work, we pursue the goal of developing a procedure that could mark similar
pages based on the topological properties of the network. To this end, we explore the
subset of the Wikipedia network. In this network, articles are represented by nodes and
links between articles are edges in the corresponding graph. Wikipedia is a good ap-
proximation to other information networks as it is a collection of concepts and its struc-
ture partially represents human knowledge. On the one hand, this would allow unveil
the connection between the concepts. On the other hand, one can use this method for
purely applied tasks. One such task is the recommendation of similar pages for the ”See
also” section of an article. This section is either missing or is manually constructed by
the Wikipedia editor.

Implementation of such a procedure would allow enhance the navigation by propos-
ing articles that are relevant for the user. Similarly, editors would be able to use it to
create ”See Also” sections. This would make Wikipedia browsing experience more
pleasant for both the information seekers and the contributors.

The rest of the paper is structured as follows. In Section 2, we give an overview of
the related work. The primary dataset that we are going to use and its structure is de-
scribed in Section 3. Section 4 presents the vision of the approach and our plans for
future work.

2 Related Work

Our research is related to three separate topics. First is the navigation in information
networks. Unlike in Euclidean space, finding the shortest path in a network is not as
trivial as drawing a straight line. Second is the study of patterns in search strategies.
This might allow analyze semantic connections between concepts. Last but not the
least, is the development of recommender systems that are known to provide users with
relevant content. Below we will give short reviews of important papers in each of the
areas separately.
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2.1  Navigation in Networks

Taking into account that the topology of a network possesses neither short nor long
ordering, the structure of the network far away from an element does not allow predict
its position. Thus, developing efficient navigation algorithms for network search is not
a trivial task. In 2000, Kleinberg showed that networks that possess small-world prop-
erty could be efficiently navigable [4]. In particular, he proved that time needed by any
decentralized algorithm is bounded by polynomial in logN, where N is the number of
nodes in the network, provided that network is constructed using a certain model.

This finding was used in [5] to perform searches on social networks. The resulting
search paths were similar to human-like ones, and the efficiency depended on the back-
ground knowledge of the network structure.

Further, Trattner et al. [7] applied decentralized search algorithms with the so-called
hierarchical knowledge of the network to model human searches in information net-
works. They use an algorithm for decentralized search, which is based on previous work
and utilizes given hierarchical knowledge. Evaluation of their models of hierarchies is
done by comparing them to human navigation paths. They conclude that the model
using a hierarchy based on the network topology produces results that are the closest to
human search trails.

In [6], West et al. use data gathered from Wikispeedia [20], an on-line game, where
players are given a source node and a target node, and the goal is to reach the target
using the least number of steps, clicking on the hyperlinks exclusively. The dataset
consists of players’ game paths. Authors use this information to develop a new infor-
mation-theoretic metric, which measures semantic distance between concepts that Wik-
ipedia articles represent. They also develop an approach to filter out concepts that have
a small distance to the goal concept but are, in fact, irrelevant. They use concepts that
are labelled as relevant or irrelevant by humans to teach a neural network to do this
kind of filtering. Proposed method outperforms Latent Semantic Analysis, which is
validated by the psychological community. However, one flaw of their approach is the
inability to calculate the similarity if one of the articles never occurred in any trail. In
order for the method to work well, a huge amount of paths to calculate probabilities is
required.

In light of the previously mentioned studies, Niebler et al. [8] investigate the ability
to extract useful semantic information from various web resources. They argue the us-
ability of game-like navigational data like Wikispeedia in computing semantic related-
ness between concepts that Wikipedia contains. In turn, they study unconstrained data,
where users are allowed to jump to any other article (i.e. use search field) and try to see
whether it is suitable for extracting semantic information. Using adaptation of their pre-
vious work, they show that unconstrained navigation data indeed can be used for se-
mantic extraction.

West and Leskovec [9] further explore human navigation, this time comparing it to
automatic navigation. The main requirement to the agents is to be local, in a sense that
every step in a search can only be based on the local network characteristics and a given
target. They used two types of synthetic agents. First group of agents only calculates
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properties of every possible node before making a step. Second group contains algo-
rithms that learn either from the user paths or from previous steps. The authors show
that agents can perform the task of transition from goal to target more effectively than
humans. They conclude that the background knowledge humans possess in not neces-
sary for successful Wikipedia navigation. However, humans, in contrast to algorithms,
rarely get entirely lost. It is explained by the fact that humans can make longstanding
plans.

In [10] Lamprecht et al. study how the structure of each article influences user nav-
igation. They firstly confirm that lead sections and infoboxes? of articles contain links
to more general concepts. Using data about user click behavior in Wikipedia as well as
Wikispeedia game paths, they explore what influences users’ trajectories. Then, they
compare distributions of the ground truth game clicks and the clicks suggested by the
first-order Markov model with different choices of transition probabilities to examine
the influence of factors like the structure of the page or its generality on human choice.
Next, they analyze only goal-oriented navigation using the same approach but construct
the models for each step of the path of each length and every optimal path length. Over-
all, they confirm that human navigation is biased towards the article structure.

2.2 Patterns in Search Strategies

In [2] West and Leskovec ask why human navigation paths while different from optimal
ones, are still efficient on average. They confirm that both high degree and high simi-
larity are valuable for the choices, but at the early stages of the game people choose
high degree nodes and then the textual similarity of the articles becomes significant
while approaching the end of the game. Furthermore, the similarity of articles is more
significant for successful games. Finally, using the Markov model with two types of
click probability - binomial logistic and learning-to-rank (multinomial) - authors de-
velop a method to predict the target of the game having only the beginning of the path.
This method beats the baseline that predicts the target by choosing an article that has
the highest textual similarity with the last article in a given path.

While successful games contain a considerable amount of useful information, unfin-
ished game paths can provide valuable findings as well. Scaria et al. [11] aim to identify
search abandonment reasons by analyzing unfinished paths of Wikispeedia players and
comparing them to finished ones. They report that properties like PageRank or indegree
of the target are influential on game abandonment since the difference between these
properties in finished and unfinished games is statistically significant. On the other
hand, source properties are not a factor for abandonment, although the difference in the
latter case is statistically significant as well. Another finding is that unsuccessful mis-
sions can be characterized not as "getting lost” in the network, which can be described
as increasing shortest path length (SPL) to target or source, but as orbiting close around
the target and inability to find a required link. Authors also analyze back clicking pat-
terns, reporting that users have a higher probability of backtracking when SPL or tf-idf
distance [22] (calculated as one minus tf-idf similarity) to the target is getting bigger.

Y Infobox is the short summary of an article, usually placed in the top right corner.
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What is more, backtracking is more probable in these situations for better players,
meaning that they not only can better plan their moves but also better understand when
they are getting lost. Authors also develop a model that predicts whether a user will
abandon the mission, whether the next click will be back-click and whether a user will
give up the search after current node, having the first couple of clicks as input.

Contrasting to [2] research conducted in [12] focuses on strategies in a scenario
where no explicit target is specified. Rodi et al. explore Wikipedia user click data and
consider the last article visited as the target. To find patterns of search strategies, au-
thors develop a vector representation of the page where coordinates represent 13 ab-
stract topics. Authors simulate human paths with random walks with transition proba-
bilities based on click fractions available from the dataset and compare them to Wik-
ispeedia real paths. They report that Wikipedia readers tend to start from abstract pages
and narrow down to the specific ones, while Wikispeedia players first head to hubs and
then narrow down. While semantic distance between consecutive pages is changing the
most at the beginning and the end of the path, distance to the target keeps decreasing
monotonically.

2.3  Recommender Systems

Algorithms beneath the recommender systems are traditionally classified into content-
based and collaborative [15, 14]. Drawbacks of each type of algorithms alone can be
overcome by combining them, which results in hybrid recommendation techniques
[15]. However, there are other approaches. For example, in [16] collaborative filtering
algorithm is used. Its central problems - cold start and data sparsity - are attacked by
using Wikipedia for extracting similarity information between items and using it to
compute artificial ratings for items that are not rated by the user. Authors use textual
similarity of the articles, as well as category similarity and degree information. This
differs from our approach, as we aim to extend information used by taking into account
the topological properties of the network and users’ trails.

In [17] a bot that routes tasks for Wikipedia editors is developed. It uses the textual
information and link structure available from Wikipedia to make recommendations
about work that the editor should do based on the history of their previous contributions.

Recommender system described in [13] utilizes a hybrid approach to combine dif-
ferent sources that can be used to produce music recommendations. It uses Wikipedia
to get information that is most relevant to the user’s profile. In this setting, data from
Wikipedia is just a supportive mechanism to the whole system.

Hickcox and Min in [18] analyze Wikispeedia network to develop a recommender
system for similar Wikipedia articles. To this end, they set up a random walker with a
step probability dependent solely on the next node properties. The nodes that are oc-
curring the most number of times in a series of random walks are considered as similar.
As a recommendation quality measure, they used the tf-idf similarity. Five (including
uniform random walk) out of seven probability schemes scored nearly the same value.
Taking into account that for the uniform random walk distance from the source grows
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as apower law R oc tV, where v is so-called Flory exponent (see, e.g. [21])2, this leads
to the conclusion that the methods suggested in [18] perform poorly, and, most proba-
bly, recommend nearest neighbors of a given article. To the best of our knowledge, [18]
is the only work, where tasks similar to ours were put forth. We describe how our ap-
proach differs from one considered by Hickcox and Min in Section 4.

3 Data

In the research, we use the data available from human-computation game Wikispeedia.
The game can be understood as a walk on the network, where articles are represented
by nodes and directed link between nodes exists if there is a hyperlink from one article
to another. For now, we consider two datasets: Wikispeedia graph and collection of
human game paths.

We choose this dataset for two reasons. Firstly, its size allows for easier computa-
tions and faster testing of hypotheses. Secondly, it still represents an information net-
work, since it is a version of Wikipedia for schools from 2007.

Wikispeedia graph contains 4 592 nodes and 119 882 links. We computed the basic
properties of this network to get initial knowledge about its structure. They are summa-
rized in Table 1.

Table 1. Basic properties of Wikispeedia network. (I) denotes average shortest path length, r is
assortativity by degree, max,yd (u, v) is network diameter, {(c) is average local clustering co-

efficient, Cis global clustering coefficient, (Cz(v)) is average betweenness centrality.

Property Value
mingeyydeg v 0
maxyeydeg v 1551
mingeydeg*v 0
maxyendeg*v 294
{(deg~v) 26.11
(deg*v) 26.11
(1) 3.2

r -0.056
maxq,,»d(u, v) 9

GCC size 4051 or 88.0%
{c) 0.11

C 0.1
(Czg(v)) 8915.72

Values in the table reveal some interesting properties of the network. Firstly, this
network is disconnected, though a significant fraction of nodes forms a connected com-
ponent. Secondly, Wikipedia is a typical small-world network. We can observe large

2 This exponent is dependent on the properties of space.
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values of maximum indegree and outdegree, which corresponds to hubs — the pages
that point to or are pointed to by many other pages. Furthermore, the average shortest
path is only 3.2, which means that one needs three clicks on average in order to get to
any page in the network. Empirical evidence of the small world property can be found
in Fig. 1: degree distributions resemble power-law function.
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Fig. 1. Degree distributions of Wikipedia graph: (left) indegree distribution, (right) outdegree
distribution

Game paths data are organized as a file where each row contains a sequence of article
titles, representing a single path. In the game setting, the user is allowed to return to
pages that she visited earlier. Back clicking is denoted by ”<” symbol. There are 51 318
finished and 24 875 unfinished paths in the dataset.

4 Approach

In a number of previous works, human navigation was modelled by Markov chains.
Singer et al. in [19] successfully applied the Markov model without memory to model
human page-level navigation. Thus, our first approach is to run a random walk on a
Wikipedia graph. When modelling human trails on the network, loops need to be dis-
carded from the consideration, because according to the game rules, these can just be
realized by clicking the ”Back” button. Therefore, for this purpose, self-avoiding walks
(walks where each node can be visited only once) have to be considered.

As we have already mentioned in Section 2.3, attempts to mark similar pages of
Wikipedia have already been made, but with questionable success. Since one of our
primary tasks is to develop a recommender system for the ”See also” section of a Wik-
ipedia page, then we are talking about adding "missing” edges to the network. With this
interpretation, limiting ourselves to steps only between the neighboring nodes does not
fully fit the goal, since additional links can only be added between the nodes on the
distance at least 2. Therefore, our walker should be allowed to make jumps of longer



96 Maksym Opirskyi and Petro Sarkanych

distances. If right transition probabilities are selected, we will be able to find out which

regions of the network are the most visited. These regions could serve as a cluster from

which we could obtain recommendations for an initial article. There is a number of

choices of transition probabilities we would like to test:

.o pyj sim(tf lif(l(?)if idf(j)
and j, and a is a positive parameter;

® p;; < 1;;, where r;; is a Pearson similarity of nodes i and j. Taking into account the
definition of r;;, in this case only steps of maximum length of 2 can be made;

e p;j x k;;, where k;; equals to the number of transitions from node i to j through all
the game paths.

, Where sim(i, j) is cosine similarity between vectors i

In all options above, probabilities need to be properly scaled, to sum up to one for
each node. For now, we omit normalizing coefficients for the sake of simplicity. In the
first two cases, only topological properties of the Wikispeedia network are considered,
while in the third scenario, human experience and expectations are indirectly taken into
account.

5 Conclusion

In this work, we presented a vision of a random walk based recommender system for
obtaining Wikipedia articles that are similar to the given one. To this end, we explored
topological properties of Wikispeedia as well as its user navigation history, since we
want our random walkers to incorporate this knowledge. We proposed a number of
walkers with different transition probabilities that should grasp the similarities between
articles. Apart from that, we performed a literature survey on the topics related to our
work, discussed the problems in network navigation and approaches for implementing
recommender systems. We believe that random walk methods can be applied in the
context of recommender systems and that the navigation history can enhance their per-
formance.
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