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Abstract—A key challenge of web platforms like social net-
working sites and services for news feed aggregation is the
efficient and targeted distribution of new content items to users.
This can be formulated as the problem of retrieving the topk
news items out of thed-degree ego network of each given user,
where the set of all users producing feeds is of size, with
n > d > k and typically k < 20. Existing approaches employ
either expensive join operations on global indices or suffer from
high redundancy through denormalization. This makes retrieval
of different top-k news feeds for thousands of users per second hant
very inefficient in a large social network. In this paper, we SN
propose two graph models QRAPHITY and STOU to address this b
problem. GRAPHITY is optimized for fast retrieval of news feeds
and has a runtime of O(k log(k)). The GRAPHITY index does not
involve data redundancy. An update of the index upon insertion
of a new item to the feed is possible in a runtime linear to the
nodes’ indegreed;,,. New content can be stored in STOU irO(1)
at the cost of slower retrieval speed o (dlog(d)). We verify the ) )
theoretical runtime complexity of GRAPHITY and STOU on two and to flexibly reflect changes in the ego networks or newly
data sets of different characteristics and size. We show that on a created content items. Thus, the task requires an algdadthm
single machine GRAPHITY is able to retrieve more than 10000 sgjytion which is flexible, efficient, and scalable. In this

unique news feeds per second in a network with more than one eyt efficiency means that the most recent news items can
million users. Our evaluation confirms that retrieval of news feeds

with GRAPHITY is independent of the node degred of a users P& computed fast for an individual user. Scalability, inste
ego network and network sizen and does scale to networks of requires that the performance is independent of the network

arbitrary size. size, e.g. the number of users, friendship relations, oterain
Index Terms—social network; graph data base; social news jtems.
feed; graphity; graph index; scalability; top k join

follow

Fig. 1. Social network of users (round nodes) and the newssitthey
produce (squared nodes).

A. Social Network Example
. INTRODUCTION

Providing streams of recent news items is a typical featﬂre]%
today’s social networking platforms like Facebéand news
feed aggregators such as Google ReadEhese streams of

ESéﬁﬁi?iiigﬁgfggo?fs\glfynoer\:vz :iggst;”; Tgi:'g:ﬁ;vgorko% tween two circular nodes represents a directed friepdshi
) ™10 \olation of two users in the social network. Over time, the

users typically are interested only in the most recent NeWs . < create content items, e.g. they post status updpteagu

items, 1.e. the. tope news items. This leads to a scenarig Potos, share links, etc. These content items are repeskent
wherecontent itemsave to be assembled based on the loc

ego network of araggregator nodeand sorted by a global S squared nodes in the graph in Figure 1 and are linked

olevance criterion (6.a. by date of creation). Tvbicat to the user who created them by a dashlmdatedNews
relevance criten (e.g. vy creatl n_). ypicathye relation. The numbers in these squared nodes represent the
aggregator is a user and his ego network is formed by

friends or his personal News interests f&m's creation time, where a higher value indicates a more
s p N recently generated content item.

Depending on the concrete setting, it is necessary to com- ; .

. To retrieve the toge news items feed of a user, we have to

pute topk news item feeds for thousands of users per second . ; .

consider the user’s ego network as well as the content items

Lhttp:/Awww.facebook.com/ crgated in this network. Eor.instance, the ego networ!< oknod
2http:/Awww.google.com/reader/ ais the set{b, c,d, e} as indicated by théllow edges in the

Let us illustrate the task of retrieving the téprews items

ed for a user with a concrete example in the scenario of
a social network. In Figure 1, the circular nodasb, c, d
ande, represent users in a social network. Tokow relation



User Follower createdNews required for the creation of new content items or when adding
I from tt: uid tiz"(‘)e 5 k‘,°"‘e“; = new friendship relations, have constant runtime in STOU. As
a a e akKing a aouble . . .
b P 4 19 [Jjoin over two a second data structure, we introducRABHITY which yields
c a d e | 18 tables is very a still better retrieval performance. The runtime ckR&HITY
d %i g % ?;]Pe”fs've-, depends only ork, the number of retrieved content items. In
e C ererore in a . . . .. .
b | e < 112 [relational db particular the retrieval operation is mdepende_nt of thre gif
¢ | 13 [ design for a the ego network, the overall number of news items, and other
SELECT x.uid. x.time. x content g ﬁ S?C'a' news o characteristics of the social network graph. However, sinde
. » R R stream a e . H i 1
FROM createdNews x b 110 T tables arg%ﬁen maintenance operations are more expensive than in STOU
JOIN Follower f on x.uid=fto | 3 |8 | denormalized. but as in denormalized relational approaches they are at mos
W;gLNELLJJSﬁ; l‘szn,,:;,'Dﬂ'from c é Sraph datab linear in the size of the ego network. Finally, neither for
ORDER BY x.time DESC T oot to omit the STOU nor for RAPHITY it is necessary to store content items
Limit 0, k; d |3 | expensive joins. redundantly. Thus, we present two approaches with varying

strengths and weaknesses, which can be chosen for the top-
Fig. 2. Relational data base scheme for a social news streplication and news feed aggregation depending on the application seenari
query with 2_j0ins to retrieve the most recent content itemsafggregation Further contributions of our work are the foIIowing:
nodea from its ego network . ;
« We show analytically the runtime of STOU and
GRAPHITY as well as of several baseline methods.
graph. In order to retrieve the tdpnews items of noda, all « We conduct an empiric evaluation showing that our graph
nodes in the ego network are visited for collecting the conte ~ models perform very well in realistic scenarios.
items they have created. These content items are ordered by We provide evidence which of the two indices to choose
time and aggregated by cutting off all items after positier . in which setting, depending if update or read operations
i , are more frequent.
B. Solutions to Top- News Feed Aggregation The remainder of the paper is organized as follows: In
The procedure we just described corresponds to the tasks@iction 11, we formalize the problem of retrieving the top-
top-k join queries in relational data bases [1] and is depicted jnpews items feeds for ego networks. Afterwards in 1ll, we
Figure 2. In a relational model, our scenario above traeslal introduce our novel index models STOU anad/&HITY for
a join operation over the users based onfthiew relation and increasing efficiency of retrieving the news feeds for ego
a second join with the news items based ondteatedNews  petworks. In Section IV, we describe different baselined an
relation. The disadvantage of this approach is exactly #&&n conduct a theoretical analysis and comparison of the eseli
to perform two join operations and a consecutive sorting,ith STOU and RAPHITY. Besides the theoretical analysis
which renders retrieval a very expensive operation (see alg,q comparison of our model with the baselines, we have
the examples in [1]). also implemented the algorithms and evaluated them on two
An alternative naive approach is to give up normalizatiofatasets of different size and characteristics. The das se
in the data model and store the history of content ittmge described in more detail in Section V, while the actual
redundantly for each individual user. These redundantertint gy 5juation is presented in Section VI. In our evaluation,
lists entail a much higher need for storage capacity and Gg& nave conducted different experiments to show among
cause anomalies when changing the topology of the netw§iers GRAPHITY'S independence of the node degréend
graph, e.g. when newollow relations between users areyetwork size for retrieving the news feeds and have compared
established or existing ones break up. the performance of STOU in updating and maintaining the
In this paper, we develop two new graph-based models f@fjex when the network changes. As our theoretical analysis
fast an_d flexible retri_eval of the topnews items feeds in SUChpredicted, ®APHITY outperforms the baselines in retrieving
scenarios as described above: STOU amlARHITY. The  the news feeds, while STOU is more efficient in maintenance
STOU approach is an extension of thgein query processing gperations. In Section VII, we discuss related work and
on relational data bases. It involves modeling the proble@@,mpare it to our approaches before discussing the lessons
in a graph data base and taking advantage of the specjfi§rned and concluding the paper in VIII.
strengths of graph data bases, which allow a more flexiblepjease note that the source code of our evaluation frame-
possibility to model chaining relations of items. In thisyi& \york, the implementation of @APHITY and STOU, and the
is possible to easily maintain pre-sorted lists of conte@s preprocessed wikipedia data files can be downloaded under an
which allow a more efficient sorting while retrieving itemsOpen source license at:
In our case, sorted lists are more efficient than a b-trees T'Plittp://www.rene—pickhardt.de/graphity—source—code/
is due to the fact that the sorting is done by the timestamp
of the creation time. Thus, new items are always inserted at !l- FORMALIZATION OF TopP-k NEWSITEM FEED
the head of our sorted list. The retrieval operation of STOU AGGREGATION FROMEGO NETWORKS
depends on the size of the ego network, i.e. the number ofin order to formalize the problem of retrieving the tébp-
follow relations. Index maintenance operations, e.g. as they amest recent content items from a user’s ego network and to



[ Term [ Notation
Nodes V=AUC
Aggregating nodes | A
Content nodes C
Labels L = {follows, createdNews }
Edges ECVXLXV
Ego(a) {b € A|(a,follows,b) € E}
C(a) {c € C|(a, createdNews,c) € A x L x C}
Newga) {c e C|Fbe Egoa) : c € C(b)}
News, (a) Top, (SortNewga)))
Size of the network | n = |V] + |E]|
Node degree d
In / Out degree din, dout
News feed length k

Avg. # content nodes

u=1/A]3 e [C(a)]

Fig. 3. Social network graph. Content items are now stored tashaorally

per aggregating nods ordered linked list improving the runtime of retrieving nevieeams.

TABLE |
NOTATION TO REPRESENT SOCIAL NETWORKS AND NEWS FEED
AGGREGATION NETWORKS

(@ e
: E
discuss several baselines we define some notation. For quick

reference, the same notation is also summarized in Table I. |

d

« LetG(V, L, E) be a graph with a finite set of vertic&s :

a finite set of labeld, and a set of edges Cc V x Lx V. :
« The set of verticed” is a complete partitioning i.6/=

AUC, ANnC = ( into aggregating noded (e.g. users in

a social network) and content nodés(e.g. news items Fig. 4. Ego network of aggregating node Remark that for retrieving the

created by users) most recent content item frofbgo(a) all aggregating nodels € Ego(a) have
» L consists of the seffollow, createdNews}. These two to be visited

labels reflect the partitioning df = AU C and the rela-

tions between the different elements in the graph. Edges |||. Two GRAPH MODELS FORRETRIEVING SOCIAL
between nodes i are labeled withfollow and, for NEWS STREAMS

ms(';anc.(rab,q(iorreséjpon.(:éo th? zoluzl n.(tartcworl:. dEI\(Ijges fromAS described above, we apply methods from graph data
noaes In~ to nodes I are 1abeled WILTTEAledNeWs.  ,4ses to the task of top-news items feed aggregation. This

« The elements: € C' are pairsc = (t,s), wheret is ;. for two key changes in the model. For the STOU

ahtlTestar_\:jp ane: 'Svtlhe cpnterlt Vc\i’h'Cht 0‘3? t:_e a ttext, aapproach, we convert thereatedNews relation to a list
photo, a video, etc. We writdc) to denote the times aMP gtructure in the graph as shown in Figure 3. In this way, we

of a content node. . can store the content items for each aggregating node sorted
» Each content node is created by exactly one aggregatw the time of their creation, which in turn allows a quicker
nodea < A. retrieval and sorting of the top-news items by means of a
« We define the se€'(a) = {c € C|(a, createdNews:) & merge algorithm. A second step introduced faRABHITY is
£} to be the set of all content noggs that belong:to to additionally maintain a pre-sorted list of the nodes in a
(e.g. news items created by a specific user). ego network based on where the most recent content items
- We call the setegd(a) - {be A|(a,f0|l9ws,b) € B} were created. This allows for even quicker compilation & th
the ego networlof an arbitrary aggregating nodec A. top-k items from the sorted lists of content items. We now

« In(a) is defined to be the set of aggregating node& L :
. . - plain first the STOU algorithm and subsequently extend
following a, i.e.In(a) = {b € A|(b,follow,a) € E}. this approach to GAPHITY.

The problem of retrieving the top-news items feed of A. Ego Network Representation and Data Structures for
a usera can now be formalized as computifdews, (a), STOU
which is defined byNews (a) = Top,(Sort{c € C|3b € In Figure 3, we have organized the content nodes generated
Egola) : ¢ € C(b)},t)) where Sort is a generic sorting by each aggregating node in a linked list, the entries of whic
function using the timestamp extraction functiorio extract are ordered according to their timestamps. The ego network
a value from each element that is sorted diog, returns the of nodea is shown in Figure 4. Extending our notation from
first & elements of the list returned t§ort Section II, we introduce this list by simply connecting the



‘g—> e “»d g—>¢9—> c C. Retrieving News Items Feeds STOU and GRAPHITY

Recall that for every aggregating nodethe linked list of
- content itemsC'(a) stores the content items that are created

' : at C(b) for every b € Ego(a) and extract the top- most
recent content items into a joint sorted list. The runtime fo
: i STOU is O(dlog(d)) since for alld nodesb € Ega(a) the
list C'(b) has to be considered when merging the items. In the
case of RAPHITY retrieving a news feed can be achieved
Fig. 5. Ego network of aggregating nodevith it's GRAPHITY index. Please ,by the apphpauon of a top- n-way merge algorithm V\_/hICh
note that the linked listgo:a is implemented as doubly linked list. is attached in Appendix A. Therefore,RGPHITY’S runtime
is only O(klog(k)) due to the fact that at most the lists
with the & most recent updates have to be included in kop-
content nodes with directed edges with a new latesititem. 7"Way merge. This means, we do not have to consider the
This means, we connect two content nodes:; € C(a) CONtent itemsC (b) of users where already their most recent
generated by the same aggregating nedevith an edge itém would not qualify to getinto the topdist. In Figure S one
(ci, nextltem, ¢;) if they are subsequently published conterfian see that fok = 3 only two lists have to be included for
items. Formally, we connedt(c;) andt(c;) if t(c;) > t(c;) Tetrieving News (a) with the help of GRAPHITY. We remark
and if there is naz, € C(a) such thatt(c;) > t(ci) > t(c;). that an additional feature of @PHITY is that the number of
In order to retrieve the news feed for an aggregating node thefan be set individually and flexibly for every aggregation
lists of content nodes in its ego network have to be mergdipde during runtime. Furthermore, it is possible to extend a
Given that we operate on sorted lists, this step can be amhie{®P+ list by fetching additional items at relatively small
efficiently. The remaining drawback of this method is thatrey cOmputational cost (for details see Appendix A).
for obtaining only the first most recent content item (ke= 1)
in News (a) still all follows edges froma to all nodes in D. Incrementally Maintaining the Data Structures
Ego(a) have to be traversed.

by a. When retrieving a news feed far, we have to look

There are several types of events which generate the need
to update the data structures. These events are the creation
B. Ego Network Representation and Data Structures deletion of a new content node, the creation of an aggreagatin
GRAPHITY node and changes in thellow network structure, i.e. the
addition or deletion offollow edges between aggregating

The key _|dea of (E,APH'TY 'S to execute th_|5 EXPENSVE L5 4es. We will now look at the theoretic effort involved in
step of sorting a node’s ego network while retrieving a streq, dating the index for these events

to a step that happens less frequently: the creation of a ne ) Inserting a Content NodeWhen an aggregating node

content item. Thereby, we benefit from the fact that we have to

; . a creates a new content node, both methods STOU and

perform the sorting less often. Furthermore, sorting bexom . .

: . . GRAPHITY need to add it as the top element of the list
easier and computationally less expensive as we do not have : : . ; .

representing”(a). This operation has a runtime complexity

to sort all the n(_)des In an €go netwo_rk, but simply update %?0(1). For GRAPHITY additional effort has to be done. The
already sorted list by moving one of its elements to the head

of list — the one that has just created a new content item. Mdex of each node following has to be updated, i.e. has

. . . o to be moved to the beginning of every list representing the
. In order to achieve th|_s, we define an 'OQ'V'du?MPH'TY . GRAPHITY index of its followers. Since the RAPHITY index
index for each aggregating node. The individual index cxigsi is a doubly linked list and thdollow edges remain in the

of a Iist_of lengthd,,; of aggregating nodes ordered a_ccordin raph this operation can be done (1) for every follower
to the time stamps of the content nodes they contribute. T 8d. thus. in a time linear for all of the followers i@(d).2

lists are doubly linked and each list is distinguished frdin a 2) Inserting a new Aggregating NodeThis operation is
others by using its own edge type (implying as many edggther simple for both STOU andR3PHITY. A new aggra-
types as there are aggregating nodes in the network, erg)use '

Extending our example from Figure 3, we show %
GRAPHITY index for usera in Figure 5. For the aggregating
node a, we introduced edges with the labefjo:a. These

edges build a linked list of all the aggregating nodesa® _ _ . .

. An alternative to updating the ®\PHITY index of all aggregating nodes
€go netvvprk. In our example, the first edge connects the following an aggregating node that has created a conterg i®tb simply
aggregating node, ase has created the most recent conteniark the index as outdated and perform bulk updates at preedeiintervals
node (timestamp 20) ira’s ego network. The ®APHITY ©r on demand when an affected news feed is retrieved. Howasenarking
. . the indices of the aggregating nodes followiagas outdated is 0©(d;, )
mdex. for a further |IS_tS noded (most recgnt content nodethere is no real gain over incrementally updating thea@HITY indices at
has timestamp 19 (timestamp 16) and (timestamp 14). the same cost.

ation node does not have afollow relations, neither has it
reated any content items yet. Accordingly it is sufficiemt t
create the node and, thus, this operation i£¢f).



3) Deleting a Content NodeDeleting a content node isdepend on the average number of content nodes attached to
O(1) for STOU and for the most cases iIrR&PHITY, as itis an aggregating node. We will refer to this valuewas
sufficient to remove an item from the sorted list representin n
C(a). A particular case for @APHITY is, when the most A- Joining Along the Star Topology of NodesT]
recent content node of an aggregating node is deleted, a3he star topology baseline is motivated by the naive mod-
this can affect the sorted list of users in an ego network. Feling of a social network graph of creating an edge between
example, in Figure 5 nodeé wants to delete the content noddwo vertices whenever a connection exists in the network.
with timestamp19. In this case, the 8APHITY index of a This approach can be seen as the direct implementation of the
and the one of all other nodes followitghas to be updated. social network model of Figure 1. This approach enables fast
Each update includes shifting the nadiéo the correct position insertion since all kinds of operations require only a sngl
of the GRAPHITY index. This means that this rare operatiomrite operation. However, retrieval of news feeds is highly
depends on the node degréeand isO(d?) for GRAPHITY. inefficient. This is due to the fact that it involves a breadth
4) Changing the Friendship Graphin the case of STOU first search of deptl2 to reach out first to the aggregating
these operations are obvioudl)(1) as it is sufficient to add nodes in the ego network over tHellow edges and then
or remove dollow edge. Again in the case of @PHITY we to obtain their content nodes over tbesatedNews edges.
have to pay more attention. Afterwards all content nodes have to be sorted by time which
If a new edge(a, follow, b) is added fromu to b, the node is in O((d x ) log(d x w)).
b will have to be inserted inta’s GRAPHITY index. Since ]
the list representing the index needs to be in temporal prdBr Redundant Content ListRCL)
the insertion point ob depends on the timestamp of the last The RCL approach is motivated by the idea of heavy
content node created as well as on the timestamps of thdenormalization of data and a redundant way to store them in
nodes in the linked list. This requires a linear traverseddlgh order to make retrieval as fast as possible. Every aggregati
the linked list to identify the correct insertion point. uhe nodeaq in the graph maintains its own sorted list of content
algorithm for adding dollow edge between aggregating nodetems from the ego network of the entiBgo(a). Furthermore
is linear in the node degree of RCL can easily be distributed. Whenever an aggregating node
Removing an existing edde, follow, b) entails the deletion a creates a content item all lists for every nodeb with
of b from the QRAPHITY index of a. Using the edge that a € Ego(b) have to be updated. This is the same amount
is to be removed, we can directly accdssn O(1). Since of updates as is required iNnRAPHITY. In order to achieve
the GRAPHITY index consists of a doubly linked list, wecomparability, we implemented the RCL in a graph data base
can remove the elementby interlinking its predecessor andwhich limited our ways in scaling. For obvious reasons the
successor iro(1). storage used by this approachGgd x (|V| + |R]))

IV. BASELINES AND THEORETICAL COMPARISON C. Theoretical Analysis and Comparison

After having analyzed our two models RBPHITY and  Table Il summarizes the theoretic analysis of runtime and
STOU in detail, we now introduce alternative approachepace complexity for the baseline approaches ST and RCL
for computingNews, (a) news items feeds. These approacheg well as our approaches STOU andABHITY. From this
are taken from related work in the field and correspongble, it becomes obvious, that STOU clearly dominates the
to a relational model (ST) as well as denormalization bgT approach. It can be seen that STOU is faster in retrieving,
introducing redundancy in the data model (RCL). The SWithout drawbacks in storage or adding and removislgpw
approach is in principle comparable to conducting tojpin  edges as well as inserting new content nodes.
queries [1] in relational databases as introduced in Sedtio  Also when comparing 8APHITY to RCL the advantages
The RCL approach of storing content items redundantly & GraPHITY become obvious. SAPHITY has a far lower
followed by Li et. al [2] in their system for personalizedspace complexity and is capable of dynamically adding and
recommendations in social netwotkésee also Section VII removing edges. Due to the denormalization, it depends®n th
on related work). concrete implementation if and at which cost RCL supports

A list of redundant content items is used in settings similaind reflects changes in the social network when retrieving
to social networks. The UNIX emailing platform sendmail [3the top4 news items. The complexity for adding a content
provides a distinct file in the /var/spool/mail directoryneo node is the same for both approaches. Only for computing a
taining a list of the emails of each individual user. Thusy amews items feed, @APHITY has a complexity 0D (k log(k))
email send to more than one user within the same sendmg@mpared taO(k) for RCL. But, as we can considérto be
installation is stored redundantly on the hard disk. rather small parameter, both fall back to constant runtime i

We will briefly describe the ideas of the approaches angtactice.

analyze their complexity. In this context, we will frequignt
V. USEDDATA SETS

4From the paper it is unclear whether the authors actually liste or | d . he th ical . lexi fth
employ a different data structure. However, this detail dpes affect the n order to verify the theoretical runtime complexity of the

performance in our setting. different approaches in practice, we needed to apply them to



[ Task [ ST [ RCL [ STOU [ GRAPHITY |
[ Storage [ VI+1E] [ dx(VI+[ED [ IVI+IE[ [ [V[+2x]ET |
Retrieve news feed O((d x u) log(d x u)) O(k) O(d x log(d)) | O(klog(k))
Create Content node O(1) O(d) O(1) O(d)
Add follow edge O(1) unclear O(1) O(d)
Remove follow edge O(1) unclear O(1) O(1)

TABLE Il
THEORETICAL AGGREGATED AVERAGE RUNTIME OF THE DIFFERENT APROACHES

Year [A] T [Ag=10] | 1E]A] | IC] . . _ . . . .
Metalcon T 006 T 005 036 03 Editors in Wllklpedla may be interested in obsgr_vmg.changes
5004 517 T 003 09 102 of the content in pages that reference “their” W|}<|ped|a¢£ag
2005 051 | 011 41 |19 as such changes may affect the proper meaning and context
2006 081 | 023 84 |58 of the corresponding page. We can represent this use case
2007 1161 036 129 | 12.3 by modeling each Wikipedia page as an aggregating node and
2008 1.43| 048 165 | 19.1 y g €ac P pag ggregating
5009 165 060 504 | 258 each update action to a page as a content node. Neus;, (a)
2010 186 | 0.72 245 [ 319 models thek most recent changes applied to pages referencing
2011 206 | 084 289 | 385 pagea. A change in the link structure is furthermore modeled
TABLE IIl as a change of the ego networks. We use a data dump of

NETWORK CHARACTERISTICS OF THE DATA SETSIN MILLIONS). Ag~10

the German Wikipedia containing all revisions of all aeil
IS THE SET OF AGGREGATION NODES WITH DEGREE BIGGER THAKNO

since its emergence in 2004 until the August, 13th 2011. The
evolution of the data set over time is represented in Talle I
by showing some characteristics for snapshots at givertgoin

real world data. To our best knowledge there is no estaldishi® time.
dataset to evaluate the runtime behavior of index strustane
dynamic networks. Therefore, we introduce two new datasets VI

which are described in detail in the following sections. The ag proof of concept and to verify the theoretically preditte
Metalcon dataset provides the scenario of a real socialoT&tw r,ntime in a real implementation of a graph database, we have
with different types of aggregating and content nodes. TRgnducted an experimental evaluation. For this purpose, we
Wikipedia dataset serves for the analysis of scalabiléyés. jmplemented the baselines ST and RCL as well as our models
STOU and QRAPHITY on top of the Neo4jgraph data base.
We point out that ST baseline is corresponding to the reiatio

For our first use case, we took data from the social nefata base design. Implementing it also on a graph data base
working site Metalcon. It is a German special purpose soci@lsing the same technology Neo4j) makes the results more
network for fans of heavy metal music and musicians. Thg&mparable. For that reason, RCL was also implemented on
data set consists of 60,158 aggregating nodes, 356,98vfolla graph data base. Using two data scenarios from above, we
edges, and 303,581 content nodes. have evaluated the performance regarding:

It is worthwhile mentioning that only 8 thousand of these Retrieving news feedsWe retrieved the news feeds for
aggregating nodes are users. The other 52 thousand nodes o1 aggregating node and normalized the time to obtain
represent bands, records, and geographical places. Thenton the number of news feeds an approach can generate on
items consist of uploaded pictures, reviews for the recars average per second. We also binned aggregating nodes
discussions of the users which are linked to the bands or some together with their node degree. In this way, we give
general topics of interest. Even though so many differemsy empirical proof of the fact that the retrieval rate of
of aggregating nodes and content nodes are involved the data GRAPHITY is independent of the aggregating node’s

follows a typical power law. o degree and the size of the network.
Furthermore, for Metalcon we do also have statistics about. Index maintenanceWe measure the time needed to add

deletion of content items. OnlY.34% of all content items content nodes to the graph and to update all relevant
have been deleted while running the platform. Given thigver 4oy structures. This was also combined with adding or
small ratio of data being deleted, we did not consider this removing friendship edges. With this measurement, we
operation in our evaluations. want to give evidence that STOU will indeed outperform
GRAPHITY on these operations.

Index build time Starting from an existing network with
ST, we measured how long it takes to build the STOU
and the RAPHITY index.

EVALUATION

A. Usecase 1: Social Networks - Metalcon

B. Usecase 2: Beyond Social Networks - Wikipedia

The retrieval of news feeds from ego networks may be of
high interest even beyond social networks. One exampleeis th
reporting of updates in Wikipedia pages. This will also test

scalability of GRAPHITY to a larger extent than Metalcon. Shttp://neodj.org/



Metric RCL STOU GRAPHITY 35Kk
Retrieval rate 77K 12k 12k GRAPHITY gz
Index built time |5 057s 3.2s 15s sok LB} STV == |
Storage 5.1 GB | 0.057 GB | 0.058 GB g
TABLE IV 3 2ok i 1
EVALUATION OF RCL, STOUAND GRAPHITY ON THE METALCON 5 BB
DATASET. o 20k - f ]
« Storage spacelo understand space complexity in prac- £ 10k § g s § By B
tice, we looked at the size of the graph database. = o Lt g § § § &
All our experiment were run on a 24 core machine with : & § & §

48GB of RAM. To overcome latency of harddisk and OS
caching mechanisms, all data was processed on a RAM
memory disk.

A. Storage Complexity oRCL
From the theoretical analysis, we can clearly expect the
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To underline these findings, we have evaluated the retrieval g
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STOU and ®RAPHITY by a factor of 6. However, already the NENEN ENENSENES

time necessary to compute the RCL index was two to three 0
orders of magnitude slower. Also storage space explodes by a

factor of 100. Note, that this space requirement involveg on

the content nodes of the graph structure and not the acteigl 7. Number of retrieved news feeds per seconds against degree on
content substance; texts, pictures, audio or video datanatas the Wikipedia 2009 snapshot

stored in the graph database.

B. Runtime ofST From Figure 7, we can see that the rate of retrieved news
In a preliminary experiment, we measured the time in ordggeds stays constant withRBPHITY. This is the experimental

to calculate the rate of retrieved news feeds per secondh®r @vidence that GAPHITY is indeed independent of the node

snapshot of Wikipedia for every year as shown in Figure fegree and does therefore scale. The news feed rate of STOU

The ST baseline, which is equivalent to the relational dagh the other side drops as expected with a behavior propor-
base approach with two joins, drops in speed very fast. @Bnal to 1/(dlog(d))

the 2011 Wikipedia data set only 132 newsfeeds per second2
could be retrieved with ST. STOU is already 64 times fast%tur
than ST and @GAPHITY performs even 142 times faster.

K L
10 20 30 40 50 60 70 80 90 100 110

Average node degree

) Dependency o for News Items Feed RetrievaFor
tests, we choosgé = 15 for retrieving the news items
feeds. In this section, we argue for the choice of this vatue f
C. Retrieving News Feeds k and show the influence of selectidgwith respect to the

1) Independence of the Node DegreEhe node degree pe_rf_orm:_’;mce of retrieving the news feeds per se_cond. On the
is the most influential parameter for the runtime of S¥Vikipedia 2009 snapshot, we retrieved the news item feeds fo
and STOU. We used equal sized bins to group articles ®f 299regating nodes with a node degiee 10 and variedk.
similar node degref — 10], [10 — 20], [20 — 30],... together. ~ As can be seen in Figure 8, RBPHITY's retrieval rate
Consecutively, we have randomly selected articles fronh eaglearly depends on the choice bf For a smallk, STOU'’s

bin and we retrieved the news feeds for those articles figlrieval rate is almost constant and sorting of ego netavork
empirica”y evaluate the runtime performance_ (WhICh IS Independent Ok) is the dominant factor. With
larger k, STOU’s speed drops as both mergi@gk log(k))
6As the Met_alcon da}taset represents a snapshot of an onlmmeoity, it  gn(g sortingO(dlog(d)) need to be conducted. The dashed
does not provide any information on the dynamics of the netvetrlcture. l h he i lati f th d f f
Hence, we could not perform a realistic analysis of the indintenance |IN€ ShOWS the Interpolation of the measured frequency o
and updating performance in this case. retrieving the news feeds given the functibf¥ log(k) while
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Fig. 8. Number of retrieved news feeds per seconds for diftetts on the Fig. 10. Time to build the index with respect to network size
Wikipedia 2009 snapshot
YEAR ST RCL | STOU | GRAPHITY
Metalcon | 0.057 | 5.1 | 0.057 | 0.058
the dotted line is the interpolation based on the functigh. 2004 009 | 06 | 009 |01l
As we can see, the dotted line is a better approximation to the 2005 0.35 1 10.7 | 035 10.51
’ 1sab pp , 2006 08 | 59* | 08 |12
actually measured values. This indicates that our theatdeti 2007 15 | 177+ 1.5 1.9
estimation for the retrieval complexity dflog(k) is quite 2008 2.1 | 326* 2.1 2.8
*
high compar he empirically measured value which i 2009 27 | 519" | 27 | 36
gh compared to the empirically measured value ch is 5010 o7 St 1d
close tok. 2011 38 | 998" | 38 |53
D. Index Maintenance TABLE V

STORAGE SPACE OF THE ADDITIONAL INDEXES FOR THBVIKIPEDIA DATA
SET IN GB (VALUES INDICATED WITH * ARE EXTRAPOLATED).

Here, we investigate the runtime of STOU an@APHITY
in maintaining changes of the network &dlow edges are
added and removed as well as content nodes are created. We
have evaluated this for the snapshots of Wikipedia from 2004
to 2008. For Metalcon, this data on social network evolutiofve been computed on a graph with existoitpw relations.
was not available. We simulated the events in the same ordér compute the @ApPHITY and STOU indices, for every
as they actually occurred in the Wikipedia history. aggregating node: all content nodes are inserted to the
We see in Figure 9(a) that the number of updates tligked list representation of’(a). Subsequently, only for the
algorithms are able to handle drops as the data set grof@RAPHITY index for every aggregating nodethe ego net-
However, their relative speed up of STOU oveRAPHITY work is sorted by time in descending order. For both indices,
stays almost constant at a factor betwaénand 20. As the We have measured the rates of processing the aggregating
retrieval rate of ®APHITY for big data sets stays with2k nodes per second as shown in Figure 10.
retrieved news feeds per second, the update rate of thesbigge AS can be seen from the figure, the time needed for com-
data set is only about70 updated ®APHITY indices per puting the indices increases over time. This can be exmlaine
second. by the two steps of creating the indices: For the first step,
Figure 9(b) shows the rates for addifglow edges. This the time needed for inserting content nodes increases as the
relative performance between STOU andABHITY is about average amount of content nodes per aggregating node grows
the same as for adding new content nodes. This makes perf&@r time. For the second step, the time for sorting incease
sense since both operations are linear in the node deyige as the size of the ego networks grows. Overall, we can say
Overall, STOU was expected to outperforrr@HiTy in this that for the largest Wikipedia data set from 2011, still @ raft
case since the complexity class of STOU for these tasksif§lexing 433 nodes per second with @PHITY is possible.
0(1). Creating the ®APHITY index for the entire Wikipedia 2011
As we can see from Figure 9(c) the rates for removin%:a set can be conducted in 77 minutes. The computing of
friendships are comparable, meaning that this task is STOU index required 42 minutes.
GRAPHITY as fast as in STOU. This is also as expected since
the complexity class of this task 3(1) for both algorithms. F. Storage Space

— Except for the update speed, operators of web platforms
E. Index Build Time are also interested in operating costs such as resulting fro

We have analyzed how long it takes to build theAPHITY data base sizes. Table V shows the additional storage space
and STOU index for a given, entire network. Both indicesequired for the indexes.
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Fig. 9. Index update rates for various changes of the network

We see that the data base for ST and STOU is the saofaistributed event-based systems [9] that clusters tlygeag
size. This makes sense since nothing but the topology for th&ting nodes based on similar subscriptions using dis&ibu
content nodes changes. The data bases for the RCL apprdaash tables. Like FeedEX, the goal is to increase efficieficy o
explode as expected. Later numbers are just extrapolated frthe dissemination of content items and establishing the- pee
network statistics. @APHITY is bigger that STOU but doesto-peer network and maintaining it. The problem of clustgri

not grow as fast as RCL. clients based on overlapping news feed subscriptions igasim
to clustering users of similar ego networks. This might be a
VIl. RELATED WORK future extension of our graph models for tbpetrieval.

A user in a social network might be interested in incorporat-

The retrieval of topk items is considered, e.g. in tempora|ng feeds from other users on specific topics like music. &hes
relational databases where a single global index is creatgghrs however, may or may not be members of one’s ego
over all content items [4], [5]. While this index serves fohetwork. This makes the problem of incorporating messages
general purpose, it makes the retrieval of foiems from an i one’s news feed one of reachability and distance between
ego network very expensive. Basically, all items of therentingges in the graph, where the nodes represent the usersa Cohe
index need to be retrieved and joined with the user’s fribifls gt g|. [10] present a data structure based on 2-hop covers tha
relations to select the relevant news items. An overview gfiows for an efficient processing of queries on graphs for
approaches for top-query processing in relational databasegetermining the reachability and distance between two siode
as well as XML-based databases is provided by the extensiygder et al. [11] present an approach considering reakhabi
survey of llyas et al. [1]. The approaches are classified antojty constraints in graphs in the context of publish/suliseri
taxonomy of topk query processing techniques along differendystems. The targeted application areas are web adveetisem
dimensions like the underlying query model. One example d%d news feeds in social networks represented as graphs. The
the query model of top- join processing and is applied, e.gnews are filtered and ranked along different criteria likgical
by Ladwig et al. [6] when conducting keyword search in graphyeference, social network distance, and popular users [2]
databases. In principle, this approach can be applied tdifend novelty [12], or diversity [13], [14]. In contrast, we conteate
top-k content items in social networks. However, in toein  with STOU and RAPHITY on the processing of content
processing one is typically not interested in the tempordo jtems from one’s ego network, i.e. the users that are just
in which the content items appeared. In addition, the searghe hop away. This problem is insofar different, as we are
is conducted over the entire graph and not on a specific Syt concerned with questions of reachability and distance i
graph like one’s ego network. Thus, tépoin processing for graphs [10], [15], [16]. This information is already givey b
keyword search can be considered different to our problem@k ego network, i.e. the fact that all users are connectéd wi
retrieving topk content items from one’s ego network and iyneself.
the temporal order of the content items. Finally, Hexastore [17] and Ned4aim at providing scalable

FeedEx [7] is a distributed archive SyStem for news fee@%neraj_purpose query processing on very |arge graphg The
based on a peer-to-peer infrastructure. It mainly addsesgg not explicitly consider the specific problem of efficigntl
network issues such as a proper communication protoggtrieving the topk content nodes from a social network graph
and dynamic clustering of clients based on the similarity gfs it is the aim here. However, the existing graph databases
subscribed news feeds. Goal is to save communication caogds be used as basis for implementing our graph models. In
for the providers of news feeds by receiving content iterosifr fact, Neo4j has been used to implement STOU amABHITY
one’s neighbors in FeedEx’'s peer-to-peer network ratlenfr gng the RCL baseline (see Section VI).
constantly polling the original news feed providers. Sanil
to FeedEx, Magnet [8] is a peer-to-peer network in the fieldhttp://neo4;j.org/



VIII. CONCLUSION bounds. Filtering a news feed based on the personal preferen

Even though the RCL approach is the fastest in retrievir%?1 user, instead, can be implemented on top of our indices.
news items feeds, the high redundancy of data makes!RiS |mpllesafar h|gher valug fd4:r in order to retrieve more
impractical. In addition to the large storage overheadsit Fontent items as basis for a filtering approach, which also ye
unclear how to handle update anomalies that can occur diR€dS to be evaluated in a real world scenario.
to the denormalization of the data model. Finally creating A Second direction of future work is the scalability beyond
new content items requires the update dfindices. Our & Single machine. Given that the underlying graph data base
novel GRAPHITY approach has the same complexity cladgchnology Neo4j currently does not scale horizontallys th
for its runtime without the need for redundancy in the datgalls for modified and distributed versions ofR&PHITY
Thus, GRAPHITY is preferable to RCL. In further analysis,2hd STOU. The naive approach of distributing the nodes
we showed that APHITY clearly outperforms STOU in equally over several instances and maintaining the relgtiv
retrieving news items feeds on our data sets by a factor $hall index structures for each aggregating node locadynse
3. However, our second contribution STOU performs bett@fOmising. The framework for empirical proof has to be
when adding content items to the network or the netwofl€veloped and tests have to be conducted.
changes its structure. The performance loss BREHITY in
this case depends on the average node degree of the network
and has been shown empirically to be of an order of magni-The research leading to these results has received partial
tude. From these observations we conclude thaa63HiTY is funding from the European Community’s Seventh Frame-
favourable in settings where significantly more retrieesks work Programme (FP7/2007-2013) under grant agreement
are expected compared to the write operations in order no. 257859, ROBUST and grant agreement no. 287975, So-
have a improvement in performance. In our experiments, w&lSensor. Thanks to Metalcon. Special thanks to Mattias
observed a break even in performance betwerArsiITY and Persson and Peter Neubauer from neotechnology.com and to
STOU when the retrieval of news streams happens approttie community on the Neo4j mailinglist for helpful advices o
mately3 times as often as the creation of new content items.tHeir technology and for providing a Neo4j fork that was able
the creation of content items is more frequent or, altevati to store that many different relationship types. Thanks moit<
if node degrees are really small the STOU approach yieldsSghumach for coming up with the name GRAPHITY as well
better performance. as Matthias Thimm and Leon Kastler for helpful discussions.
As for Metalcon, we are in a setting where users retrieve
significantly more content than they produce. After an ad-ho
comparison to the currently used relational database &&chni] 1. F. ilyas, G. Beskales, and M. A. Soliman, “A survey of temuery
0gy?, Metalcon has decided to migrate its data model towards a Processing techniques in relational database systeA@\1 Compuit.
neodj implementation of @APHITY. The code is open source |, Ii.url\_/i,v\?.I.'ﬁ%n?%vfb?pLe]é:L,:]-C;llL:.Sgilgsc,t'zazr?c?SM.-C. Chen, “Ben
and can be found at http://www.rene-pickhardt.de/grgphit =~ alized feed recommendation service for social networks, Social-
source-code/. A demo of APHITY on a small data set can _ Com/PASSAT2010, pp. 96-103. _
be found at hup:igut metalcon.de/GWT-Modelingl. While[§ & G25< Sl e Cain OTouy eCi "o, (008
discussing the decision of migrating Metalcon t@APHITY temporal databasesyLDB, vol. 14, pp. 2-29, March 2005.
with developers of other social networking sites, we caméb] S. Wang and E. A. Rundensteiner, “Scalable stream joicgssing
across specific scenarios where the developers statedhéyat t g:g?n‘z]f,?ﬁ]”sé"éegedfgﬁs:2‘(’)"85""ggf‘ eiribation and st by time-
would rather use STOU since in their network applicationg) G. Ladwig and T. Tran, “Index structures and top-k joirgaithms
the node degrees stay rather small and they could accept the for native keyword search databases, Hroceedings of the 20th ACM

: . international conference on Information and knowledge agmment
slower retrieval rate for a faster writing proc&ss ser. CIKM "11. New York, NY, USA: ACM, 2011, pp. 15051514,

[7] S.Jun and M. Ahamad, “Feedex: collaborative exchangesufsrfeeds,”
IX. FUTURE WORK AND EXTENSIONS in Proceedings of the 15th international conference on Woride/Weh
So far, we only worked on index structures for news items ser. WWW '06. New York, NY, USA: ACM, 2006, pp. 113-122.

feeds based on a temporal ranking Under this aspect tV\[/g S. Girdzijauskas, G. Chockler, Y. Vigfusson, Y. TockdaR. Melamed,
’ ’ “Magnet: practical subscription clustering for interrseale pub-

natural extensions are the incorporation of a content based jish/subscribe inDDEBS ACM, 2010, pp. 172-183.
global relevance ranking or a personalized filtering of eaht [9] A. M. Hinze and A. BuchmannPrinciples and Applications of Dis-

X. ACKNOWLEDGMENTS

REFERENCES

; ; i i ; P tributed Event-Based Systemddea Group Reference, 2010.
Ite.ms in a news feed. Conc;eptually there I.S little dlﬂe@m 510] E. Cohen, E. Halperin, H. Kaplan, and U. Zwick, “Readligband
using global relevance weights over the time of creation fOr~ gistance queries via 2-hop labels,” Proceedings of the thirteenth

sorting the content items. The management of tiRARHITY annual ACM-SIAM symposium on Discrete algorithiser. SODA '02.

or STOU index can still be achieved efficiently However. a Philadelphia, PA, USA: Society for Industrial and Appliecatiematics,
' ! 2002, pp. 937-946.

thorough empiric evaluation still needs to confirm the tleéor [11] A.Broder, S. Das, M. Fontoura, and et al.a, “Efficiergaluating graph
constraints in content-based publish/subscribeYVwWW ACM, 2011,

8http:/www.rene-pickhardt.de/time-lines-and-newsatns-neo4j-is-377- pp. 497-506.
times-faster-than-mysql/ [12] E. Gabrilovich, S. T. Dumais, and E. Horvitz, “Newsjuakiproviding
http://neodj.org/nabble/#nabble-td3477669 and httpoiv.rene- personalized newsfeeds via analysis of information noyetyWwWWwW

pickhardt.de/graphity ACM, 2004, pp. 482—490.



[13] S. A. Munson, D. X. Zhou, and P. Resnick, “Sidelines: Agaaithm At any time, Q) contains at most one content node from each

for increasing diversity in news and opinion aggregatoirs,ICWSM i ) i in li i
The AAAI Pross. 2000, aggregating nodé € Ego(a;). The listR in line 2 is used to

[14] M. De Choudhury, S. Counts, and M. Czerwinski, “Ideyitify relevant stqre the result ”SN?W%(CL).and is initially empty, too. B_y
social media content: leveraging information diversity asérucogni- - Using the RAPHITY index (i.e. theegaa edges), we obtain
tion,” in Proceedings of the 22nd ACM conference on Hypertext anghe first aggregating nodg; of a in line 3. As the aggregating

hypermediaser. HT '11. New York, NY, USA: ACM, 2011, pp. 161- . . .
1¥8_ 2 PP nodes in the GAPHITY index are sorted in temporal order of

[15] _R-dJir_L Y. Xliang, fN Ruaf;], g_rll}ti D. Fuh% “3-th1 a hf'%ﬂﬂg;isgg their most recent content node, the first content nagle of
indexing scheme for reachability query,”Rroceedings of the - . . . . .
MOD international conference on Management of dater. SIGMOD birst (line 4) is also the f|rs_,t entry for our relsu”. ligt (line 5).
'09. New York, NY, USA: ACM, 2009, pp. 813-826. For the further processing, we now add in line 6 the second

(16] R. SCheqkf'v A. tTheC’ba'd-f t’ﬂr‘]”th-_ngkurf"' "EfﬁCiFm C"Taganl;‘ most recent content node o to the priority queue. In
incremental maintenance of the hopi index for complex xml docume - .
collections,” in Proceedings of the 21st International Conference oﬂne 7 and 8 we also determine the next aggregating node

Data Engineering ser. ICDE '05.  Washington, DC, USA: IEEE from the GRAPHITY index and add its first content node@o
. govvputer Ps?fiety, ZOOS,AIOPé 360—3’_71;‘H ‘ dexing | Throughout the loop, we denote withyes: the latest already
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merge the lists of content items of several users connegtedAs (.. is in the queue itself, we can be sure to consider
the GRAPHITY index structure. In this appendix, we provideonly newer content nodes, untikes; itself is retrieved from

the algorithm and proof its runtime complexity. Algorithm lthe queue. Likewise, we can be sure there is no need to look

APPENDIX

shows the top: n-way merge as pseudo code. at further aggregating nodes from theR@HITY index, as
their content nodes are at least not newer than the one of
Algorithm 1 RetrieveFeed(k) biatest 1N €CASE CmostrecentcOINCides With cawest (line 14), this
1: Q<+ 0 // priority queue guarantee does not hold any longer. Hence, we have to look
22 R+ 0 // result list in the GRAPHITY index at the next aggregating node and its
3: bfirst < SUCCESSOR(a, €gda) first content node which then take the roleb@fest and cjatest
4: ciirst < SUCCESSOR (bsirst, update (line 15 to 17). The loop ends as soon as we have considered
5: R.ADD(cyirst) all content nodes of all aggregating nodes:is ego network
6: ().ADD(SUCCESSOR(csirst, Update) (i.e. the queue is empty), or whéews;(a) is complete, i.e.
7: Diatest < SUCCESSOR (byirst, €90a) the result list containg content nodes.
8: Clatest < SUCCESSOR (bjatest, Updatg For a runtime analysis, we point out that for every iteration
9: (Q.ADD(Clatest) of the while loop a content node is added to the result list.
10: while I Q.EMPTY() && SIZE(R) < k do Therefore, the while loop is iterated at méstimes. Next we
11 CmostRecent— @-POPFIRST() note that the queue will at most consist of+ 1 elements.
12:  R.ADD(CmostRecent The most expensive operations within the loop are adding
13:  ().ADD(SUCCESSOR(CmostrecentUpdatg and removing elements from the queue. Both can be done
14:  if CmostRecen= Clatest then in at most logarithmic time(log(k)) (e.g. using a heap data
15: biatest < SUCCESSOR (bjates, €90 a) structure for the priority queue). In conclusion, the ollera
16: Clatest < SUCCESSOR (bjatesi; Update complexity isO(klog(k)). Please note in particular that these
17: Q-ADD(Cjatest) operations neither depend on the network sizaor on the
18: end if node degreé of a.
19: end while Further, by caching the state of the priority queeafter
20: return R retrieval it is even possible to retrieve additioriaklements

for incorporation into the news feed. Thereby, we can extend
The algorithm starts in line 1 with initializing an emptyan existing news feeMews,(a) with top-k content items to a
priority queue@ to manage content nodes which still havé&leWs.(a) news items feed with the to@ + [) items at an
to be considered. The content nodes in this queue are sodéditional cost olO(I x log(k + 1)) instead of restarting from
in temporal order from the most recent to the oldest nod@) empty result list with a runtime @d((k + 1) log(k +1)).



