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1 Introduction

Understanding the organization of knowledge is important for search and information retrieval
online. Being able to categorize knowledge, and infer a knowledge hierarchy, could help bring
insight on how information is transferred or learned. Wikipedia is an example of a large knowledge
base that is organized into categories, and perhaps has some inherent hierarchical structure of
knowledge.

We consider the problem of finding communities of topics within the Wikipedia knowledge base.
Given articles and their outlinks can we predict how topics cluster together to form communities?
Furthermore, how can we exploit the semantic attributes of Wikipedia to improve performance of
current community detection algorithms? In this paper, we compare current community detection
algorithms, and introduce a new method of augmenting the link clustering community detection
algorithm with natural language features. We will first examine literature covering different ways
of detecting communities, in particular overlapping communities with both dense and non-dense
overlaps. Then, we will go into details on our work: the dataset, our methods and modified
algorithms, and results from our experiments. We demonstrate that our modified community
detection algorithms with natural language features performs better in certain cases.

2 Related Work

2.1 Overlapping Community Detection
2.1.1 Link Communities Reveal Multiscale Complexity (Ahn et al, 2010)

Ahn et al. propose a method of community detection in which communities are viewed as groups of
links (edges) rather than node [1]. Their approach is to use hierarchical clustering with similarity
between links to build a dendrogram, where each leaf is a link and branches represent link com-
munities. Using a partition density threshold, they then cut the dendrogram at various thresholds;
now, nodes belong to the multiple, overlapping communities of their links.

They evaluated this method against other existing node clustering algorithms (InfoMap, clique
percolation, greedy modularity optimization), and found that link communities revealed more about
a network’s metadata and were more relevant. Thus, they concluded that link communities are able
to incorporate overlaps in communities, and reveal the hierarchical organization of the network.



2.1.2 Overlapping Community Detection at Scale (Yang & Leskovec, 2013)

Yang and Leskovec aim to design a model to detect both overlapping and non-overlapping com-
munities in large scale networks in their paper [8]. They discuss the fact that most community
detection algorithms assume networks with sparsely-overlapping communities, while in reality com-
munities tend to have denser connections when they overlap with other communities than when
they don’t overlap.

They propose the BiIGCLAM algorithm which is a variant of nonnegative matrix factorization de-
signed to take a network G(V,E) and generate a bipartite graph between nodes and communities
such that the model works for non-overlapping, overlapping and nested communities. They evalu-
ate their model against six datasets with ground truth community data including Orkut, Youtube
community and the Amazon product co-purchasing network. BIGCLAM outperforms other com-
munity detection algorithms including Link Clustering and Clique Percolation Method in both the
accuracy and runtime performance metrics.

2.1.3 Hierarchical Structure and the Prediction of Missing Links (Clauset et al, 2008)

In their paper [3], Clauset et al. present a technique to infer hierarchical structure from network
data. The technique combines a Monte Carlo sampling algorithm with a maximum likelihood ap-
proach, and builds upon the assumption that networks can be assortative and/or disassortative.
In an assortative network, nodes are more likely to form a connection if the height of their lowest
common ancestor is very low; in this situation, probabilities decrease as you move up. In a disassor-
tative network, nodes are more likely to form a connection if their lowest common ancestor is very
high up probabilities increase as you move up the dendrogram. We leverage the insights gained
from hierarchical structure detection to improve the performance of link clustering and BicCLAM.

2.2 Discussion

To our knowledge, detecting overlapping communities in the Wikipedia dataset with link clustering
or BIGCLAM has not been done yet. In addition, much of the literature on soft clustering, or over-
lapping community detection, seem to conflict on whether edge clustering [1] or node clustering like
BicCraM [8] performs better [4]. While Ahn et al. claim that link clustering is better performing
than node clustering, Yang and Leskovec demonstrate that BIGCLAM performs better than link
clustering. Specifically, BIGCLAM performs an average of 79% higher than link clustering over
six performance metrics including overlap quality, community quality and community coverage [8].
However, it is noted that there still lacks conclusive evidence on whether edge or node clustering
is better, and it’s possible that it is mainly dataset dependent [4]. We evaluated node versus edge
clustering on the Wikipedia dataset, and bring some more insight into this problem.

There are a few weaknesses to note in Ahn et al.’s link clustering paper. First, as discovered by
Yang and Leskovec, the overlaps between communities might actually be a lot denser than expected,
which means that it’s possible for edges to also belong in more than one community. Second,
there lacked conceptual insight into why edge clustering performed better than the existing node
clustering algorithms.

Lastly, none of the work we saw used natural language features to improve their models. We believe



that this will help tremendously in correctly detecting categories for the Wikipedia dataset since
pages which have semantic similarity tend to be grouped together.

3 Dataset

We gathered data from Wikispeedia, which has several compiled datasets made up of page links and
article categories available online [6, 7]. The Wikispeedia datasets have been cleaned and processed
to be structured well for use. For example, article categories specify particular areas of discipline
(e.g. British History, Ancient History, Archaeology), in addition to which major disciplines they
came from (e.g. History, Science). This dataset contains over 4500 articles and over 106,000 links,
with articles labeled with one or more categories from over 130 choices of different categories.

Because Wikipedia articles come from a very diverse range of disciplines, we focused our attention
to detecting communities within a single major discipline, as advised by Austin. This was a
beneficial approach for community detection because when there are a lot of sparse and overlapping
links to other disciplines, it can be difficult to estimate the number of communities, which can
consequentially make it difficult to predict communities.

Thus, we focused on the “History” discipline and created a history sub-graph by randomly sampling
10,000 links from a set of links where at least one end of the link belongs to a History category. After
doing some initial evaluation, we realized that this was a poor sub-graph for community detection
because 10,000 links are distributed among 129 communities, which can lead to our algorithms
predicting too many small communities (2-3 articles) due to sparse links.

Therefore, we obtained our final dataset by create a sub-graph by only including links if both articles
belong to a History category, guaranteeing all articles are within the History sector. This dataset
contains 495 articles and 3180 links. From this subgraph, we performed a preliminary analysis to
see how densely overlapped the communities are in the dataset. There are a total of 138 articles
that belong to multiple communities: the most common overlap was between the categories “British
History - 1500 and before” and “Monarchs of Great Britain” with 16 overlapping articles, followed
by “Classical History and Mythology” and “Historical Figures” with 11 overlapping articles.

3.1 Network Representation
We model Wikipedia articles as nodes, and in/out links between pages as edges in our graph. For

community detection, we aimed to generate a bipartite graph between categories (communities)
and articles (nodes), as seen in the figure below (taken from Yang and Leskovec) [8]
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4 Methods

4.1 Community Detection

After conducting a literature review we thought applying various community detection algorithms
to the Wikipedia dataset would be an way to determine which method is best suited for the data.

We implemented two algorithms other papers have shown to be effective on different networks to
see how they fare on Wikipedia articles:

1. Edge Clustering (Link Communities)

2. Node Clustering (BicCLAM)

For edge clustering, we used the source code provided by Ahn et al.[1], and applied the algorithm
in their paper. For node clustering (BiGCLAM), we used the implementation provided by SNAP to
detect community membership of nodes.

4.1.1 Natural Language Features

After evaluating the existing models on our data-set, we found our poor performance was due to
focusing only on links between pages, rather than the language similarities pages may share. We
decided to supplement the link clustering model with natural language features to see if semantic
similarities improve performance. In the link clustering algorithm, we cluster edges by using the
Jaccard similarity of two edges as described in Ahn’s paper[1] (which we call the link clustering
score). With our new community detection algorithm, we compute a semantic similarity score and
average it with the link clustering score and use this as the scoring value for our modified link
clustering model. We experimented with two ways of computing semantic similarity:

1. TF-IDF cosine similarity: For a given edge, we intersect the words in the texts of the two
nodes that form the edge (after removing stop words and applying NLTK’s Porter stemming
algorithm|[2]), and compute the term frequency - inverted document frequency score (TFIDF)
for each word such that an edge is represented as a vector. Then, for a given pair of edges, x,
y, to compute their semantic similarity score we compute their cosine similarity of their tfidf

vectors as follows:
Ty

cos(Z,yY) = T
[ - Iyl

2. Unigram Jaccard Similarity: For a given edge, we intersect the words in the texts of the
two nodes that form the edge(removing stop words), such that each edge is represented as
a set of words. Then, for a given pair of edges, represented by sets A, B respectively, we
compute their semantic Jaccard similarity as follows:

_|An B|

We evaluate performance based on the entire text of an article, and on just the header text
(as Wikipedia’s articles are structured as Headers with Paragraph text underneath). We also
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evaluate performance of these features in combination with the link clustering score (which
we call Augmented Link Clustering) as described above and also by themselves.

We hypothesize that the natural language features will perform better than the link clustering score,
which does not take semantic similarity into account, which is a key attribute of our Wikipedia
dataset.

4.1.2 K-means and Word2Vec

Another clustering method we used was K-means. We represent each node (article) in our graph
as a set of words made up of its full article text, and apply Word2Vec to each word. By applying
Word2Vec to each word, we transform each word into a vector-space trained on a pre-defined
vocabulary. This transformation is called a word embedding and as a result, every word gets
represented by a vector of length 100. For a given node, we average the vectors for all words to
get its final word embedding. We then apply kmeans clustering too all nodes to find the optimal

cluster assignments:
k
argminz Z ||z — pa |2
S
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where p; is the average vector of cluster S;. This algorithm initializes k random nodes as cluster
centers and with every iteration assigns nodes to each cluster such that their Euclidean distance
to that cluster is minimized as compared to other centers. New cluster centers are picked as the
average of all the nodes assigned to that cluster, and the algorithm repeats until convergence. We
performed kmeans on k = 47, since we have 47 communities in our ground-truth category data for
the history sub-graph. We evaluate k-means by its F1 score, similar to the other models thus far.

4.1.3 BigClam

The next algorithm we use is BIGCLAM, which is based on clustering nodes instead of clustering
edges as we mentioned in the previous methods. BIGCLAM is a tractable and more optimized
version of AGM (Affiliation Graph Model) and relies on estimating parameters specified by the
matrix composed of affinities of individual nodes to each community. It guesses the number of
communities by adding edges with probabilities given by the affiliation matrix. We leverage this
method by running the SNAP implementation using different initializations. For example, in cases
where we have a fixed number of communities to detect, (e.g. history by continent), we can leverage
it to compute specific initialization values and see which can lead to better results.

4.2 Evaluation Metrics

To evaluate the algorithms we implement, we computed node-similarity within a community and
also used the ground truth data provided by Wikispeedia. Specifically, Wikispeedia lists article-
category pairs which we can use to group which articles fall under the same category (where we
allow overlapping categories.) To evaluate the communities formed by our various algorithms, we
used two scoring metrics:



1. Tanimoto Coefficient (Similarity Score): One way to evaluate a community distribution
to see how similar nodes in a given community are and take the average similarity across all
communities. To compute this similarity we use the Tanimoto coefficient between two nodes
A B in a given community, where A and B contain their links to other nodes in the graph:

_|An B|

TO(A,B) = o

We apply this pairwise to all nodes in a given community, average all of them and then
average these averages across all communities.

2. F1 Score: Since we have ground-truth category data of all the nodes in our data-set, we
leverage these to evaluate our communities. Wikipedia categories follow a hierarchical struc-
ture: for example if one node has the category ”British-History” and another has ”British-
History.19th-Century”, it would appear that the two aren’t in the same category, even though
the latter is a subset of the former. Therefore when computing the F1 score we make split
categories so that in this example the first node’s category set is still ” British-History” but the
second’s is [”British-History”,” 19th-Century”|. After doing this, we go through every node in
a predicted community X and label it by all its ground-truth categories. For that community
we then find the most popular category, Y. We calculate precision as the percentage of nodes
in X which were labeled Y by the algorithm:[5]

_ | X nY|

P
X

And recall as the percentage of nodes in Y which are covered by x:

| XnY]

R
Y]

We then calculate the F1 of that community as:

PR

Fl=2
*P+R

We average the F'1-scores of all communities to calculate the overall F1 for the given algorithm.

5 Results and Analysis

As we hypothesized, modifying link clustering with natural language features has better community
detection performance. The similarity score (Tanimoto Coefficient) is higher for all modified link
clustering algorithms, whether it’s augmenting with the TF-IDF cosine similarity of headers/all
article text, or using the Unigram Jaccard Similarity (see Figure 1).

We were also interested in seeing how the link clustering algorithm would perform if we only
used natural language features for the similarity score. Since the link clustering score only has
information about the links, and Wikipedia is largely text-based, it’s possible that using similarity
from Cosine Similarity and Unigram Jaccard Similarity will be sufficient on its own in Ahn’s edge
clustering algorithm.



Augmenting Link Clustering with NLP Features
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Figure 1: Modifying the link clustering algorithm with natural language features produces better
performance. In particular, the Unigram Jaccard Similarity performs the best.

As we can see in Figure 2, link clustering with only natural language features performs better than
when the natural language features are combined with the original link clustering score described
in Ahn’s paper. In particular, edge clustering with the cosine similarity on all text in Wikipedia
articles performs the best, with an F1 score of 0.4385.

Link Clustering with only NLP Features
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Figure 2: Link clustering with just the cosine similarity performs better than link clustering with
the link clustering score. The F1 score for just cosine similarity is 0.4385, while the F1 score for
link clustering on its own is 0.83592.



Below in Figure 3, we can see that BIGCLAM has the best performance for a solely linked based
community detection algorithm. Additionally, since K-means, which is solely based on language
features performs the worst, this indicates that in order to best do community detection for the
Wikipedia data-set we must combine both link and language features.

Comparing Performance of Different Community
Detection Algorithms

0.448 I F1 Score

0.416
<
Q
a 0.384
T

- .

K Means BigClam Link Clustering  Original Link
with Cos Sim. Clustering
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Figure 3: Here we compare the best models for each algorithm. We see that link clustering with
cosine-similarity language features on the article text performs the best.

5.1 Error Analysis

In link clustering, there is no way to specify the number of desired communities, meaning that in
addition to forming communities, the algorithm also determines the optimal number of communities
to properly classify all nodes. Because of this, a lot of errors came from communities that contained
only 2-3 nodes. We believe this is because the algorithm was too specific and grouped nodes together
which might be a subset of a larger community. We now look at examples which had low F1 scores
as compared against the ground truth category data from our best performing model (link clustering
with cosine similarity language features):

Example 1

Community Jorvik, 10th century
Ground-truth Jorvik: British History 1500 and before including Roman Britain
10th century: General History

In this example, we have falsely detected Jorvik and 10th century as a community. Taking a closer
look, we can understand why our modified community detection algorithm with cosine similarity
from all the text makes this error. Below, we see snippets from the text taken from the Jorvik
article and the 10th century article. Theres actually a semantic similarity between the two, as
Scandinavian York occurred during the period of the late 9th century and first half of the 10th
century which overlaps with the idea and text 10th century.



Jorvik Scandinavian York (also referred to as Jorvik) or Danish
Norwegian York is a term used by historians for the south
of Northumbria (modern day Yorkshire) during the period of
the late 9th century and first half of the 10th century, when
it was dominated by Norse warrior-kings; in particular, used
to refer to the city (York) controlled by these kings.

10th century The 10th century is the period from 901 to 1000 in accor-
dance with the Julian calendar, and the last century of the
1st millennium.

In this case, we see how computing cosine similarity from all of the text in the Wikipedia article is
more useful than computing it from the header text. In the 10th century article, the headers are
split geographically, and include words like Africa, Americas and so on. In the Scandinavian York
article, the headers are more sparse and include words like History and Kings of Jorvik.

This error comes from the ground-truth categories, as 10th century isnt a category, and there are
no categories which both nodes share. For future, perhaps we can use another metric that doesnt
rely on ground truth categories. We also see that the metric of similarity score, rather than F1
score, helps determine how good our community detection is, as our modified algorithm had an
extremely high similarity score of 0.934435.

Example 2

Community 1: 1st, 2nd, 3rd, 4th, 5th, 6th, 7th, 8th century
Community 2: 13th century, 14th century

These pages were put in different communities, though since they are all centuries we would assume
they should be put in the same History.General History community. We think the algorithm would
have classified them this way because when we compare the topics talked about in these articles,
they differ pretty widely. In the 1st-8th century the articles focus highly on civilizations in Asia
and the Middle East, while the 13th and 14th century pages discuss the middle ages and Europe.
The NLP features of our model must have picked up these differences and used them to split up
these documents into different communities. This implies that our algorithm couldnt detect the
overarching theme between all these pages, and also that perhaps the ground truth category might
not be the best since the history of these two communities is quite different.

Figure 4: Magnified version of the network visualization (see next page for entire network). Notice
that articles related to each of the World Wars form communities amongst each other.



Haraldak % CI%AGr_Woman Gorstcun
Elagabalus, brow_talendar
Statue_of_Zeds_at_Olympia Wheptmene Eilmer_of_Malmesbury
Giza_pyramid_complex Aksumite’ currency o YSRANG
Cleopatra_Vi_of_Eqypt Benjamin ‘of_Tudela Aoy
Uffington_White_Horse
Battle_of_Lechasum  Great_Pyrarhid_of_Giza ot oo Avbadid Rule_of_St_Benedict
Eqyptian pyramide 4 Philosophise_Naturalis \ Mathematica
Thenat clart Athanasius_Kircher Spanish_conquest_bf_the.Inca_Empire Edwin_of_Northumbria
- Roman, vita o Batuta L Estern Roan_Empire "
Third_Sefvile. War Sino-Romah relations Tre Great_Moravia Harald_Mdddadsson
Corinthian_War si Treaty. 61_Dovol i\
Indo-GreeK_Kingdom - Rohian 3 Roma._ Lo ChIsan_onastciam _ Conatantne_A_of_Scotiand

LOpepel Beck Sspoiban.tioruyhcdt b has. 11oarczs
y Jomsvikings

,"‘" Mercia T Caopenhagen Fies, of_1728

Bee L e of whity

3 NWJ,'LW

LU A meHendt The_Graat:Exhibition
Maicolm_i_of_Scotiand

Rosettd Stone, S 11
=

Code_of_Hammurabi -, z

Pheidippides
LANSA_Cuzco_Crash sy qqiad {_Empire ..u.*m .
NP Nm«y o Wikipedia Second T
(oné_Age i Dynasty. . ‘m-vm. Edward. N-
J._3._Thomson Robert umnm Thucyides. . i X W\m revolt_ot_1381
Wongolinvasion of_Contral Asia e X Willarn 3-01_England
™ Francié_Crick \ 2 Crusade Joculin
Behistun_fnscri Battie_of conquist i "":ZJ" :i land
Battle_of_Vasiul Battle_of_Ales 4 rushde%2C_
Chadian-Suddnase_confict Batie_oL.) poeisg MV o

Soti_o( Wka | Saets_ Copld Home
Ernest_Rutherford uri_Kelarosov

_War
Trinity test
Russian_constitutiénal_crisis_of_ 1993

Chemobyl_disaster Toar_Bomba th War
Tiananmen, W_pmms ol 1oty > o
mu__ _England

Efca-of us_oxplosions o
nuclisr_ m\p—-‘
roject_MKULTRA )

Iraq_and_weapons_&f_mass, anumlm" y-o!_postSoviel §
John_F._Kannedy_sssassination Bete_of_Smolefi i apiasria,
Julive_and_Ethel_Rosenberg

ot ¢
e e e France.in the_ American_Rev
M George I of Great_ Britain v V.ol England
% Gedrge_IV_of_th_ United_Kingdom

w,xw English_Réformation
"5 Wistory_of_Limerick Vﬁmul\lMIl'Y

PR By , DlSraaI2C. ot Eeiof Besconsted
fion_%261911- 1841926 NG, e \_Carolina. Political_integtation_of_india
By U George Vi of. _w_m Order_of_the_Thistle Ibbﬂf Owen
P, e asion o Grensia ] ¢ . on o ¥ Order_of._Canada
S .,.‘._,"_“,.: Par_Harbor Vo108, et Kingidom . Rabart Past """"‘W Geographical_Society
o on._F " Edward_Vil_ot_
‘Hiotory, of Bmaide . ‘Richard O%37Connor., - . Edward_VIL_of_thd_United Kingdom _ Elizabathan_Poor_ Law_%281601%29
Flning_the._Fi_on_two_Jima Supermarbe_Spie inanens Ny Forooes Mahtiogate - Orter oLSLPRAK o, | inguiona
ron Mike ot Honer Ku_Kidx_Kian 2 United_States_Deciartion_of indapendence Honry_Wood_%28conductori2s
KragIXCIBIGansen pore dncagter | FISLIGMNDGT  Fourteanth Asendmant_to_te_Urited_States_Constfion Khudai_Khidmatgar
ente ot il ‘Able_Archer_83 Enalnd_apects_tha_eviy_man ety

Bodjline ‘Battie_of_Layte_Gutr e0NY_0L Mishni%2C_Flork History_of_Cape_Colohy_from_1806_to_1870

- Jaan_ Charlesde_ Menezes
USS_Wisconsinl %2088.64%20. ~ Battle_of,
History_of_the_Austrdlian_ Capital_Terrtory ">~ 3 Gettysburs  Eiizabath_Fry

A et e L S S o
e, o Pamame Cana 1 M ST e ot e i o
Jyllands-Posten_Muhammiad_cartoons_controversy foun_ctae -WWM'M'M'WEW,‘""
Naval_Battle_df_Guadal N
A P i e
Battle_of_the_t IM Cruz_Islands ‘Columbine_High_School_massacre

_Navy_Marine ‘Mammal_Program

Figure 5: Visualization of the communities detected using the BIGCLAM algorithm.
Darker areas of the network indicate a detection of community.

6 Conclusion

Community detection is a difficult problem in Wikipedia, because some articles have more than
one category, and thus form overlapping communities. In this paper, we’ve explored different meth-
ods of categorizing the Wikipedia articles, from BIGCLAM to edge clustering, and also trying out
k-means clustering with word2vec. Taking advantage of the semantic uniqueness of Wikipedia, we
incorporated natural language features by modifying the link clustering algorithm. Our experi-
ments have shown that combining link clustering and semantic understanding improves community
detection for the Wikipedia data-set. After evaluating both densely and sparsely overlapping com-
munity detection algorithms and using word embeddings with kmeans, we have shown that the
performance of all algorithms is boosted when semantic features are added.
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