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ABSTRACT

Powerful search capabilities are fundamentally important for popular micro-blog platforms
such as Twitter. While recently there has been some work aimed at enhancing the scala-
bility of search, very few existing techniques incorporate personalization into their search
and ranking process. However, personalization also raises new scalability challenges because
it adversely impacts the effectiveness of caching and other performance enhancement tech-
niques. We present REPLETE: a scalable, real-time search framework for micro-blogs that
incorporates personalization by analyzing the follower relationships in Twitter. Three unique
aspects characterize the REPLETE framework. First, our technique takes into account both
the search parameters as well as the distances of the follower relationships when ranking the
search results. Second, we design an in-memory temporal index that preserves the temporal
significance of tweets and helps speed up query evaluation. Third, to ensure overall quality

and timeliness of search results, we identify important tweets and prioritize their indexing.
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Chapter 1

Introduction

Recent years have seen a tremendous growth in popularity of micro-blogs. Twitter — a social
networking (SN) and microblogging service — has emerged as a popular medium for users
all around the world to disseminate and receive updates on live events and current issues.
Recently Twitter reported it has more than 500 million active users and processes more than

55 million tweets each day [24][10], which stands as a testimony to its enormous popularity.

Powerful search techniques are indispensable to micro-blogging platforms such as Twit-
ter as they seek to establish themselves within the highly competitive online social media
space [11]. However, searching on SN-based microblog platforms is radically different than
searching content on the World Wide Web, and it poses several unique challenges. First
and foremost, because micro-blogs (henceforth referred to as tweets) are very short pieces
of text (maximum of 140 characters), heavyweight text analytic techniques such as Term
Frequency-Inverse Document Frequency(TF-IDF) algorithms are not very effective. Second,
as Twitter is most commonly used for sharing updates about current events and issues,
freshness and timeliness of search results becomes critically important. In other words, the

results returned to a user should include most recent matching tweets. Third, since Twitter



also incorporates SN features, it is important to take SN-relationships into account during
the search and ranking processes. Fourth, the indexing, retrieval and ranking mechanisms
needs to be extremely scalable considering that Twitter currently has to ingest tweets at a

rate of 4000 tweets per second.

Unfortunately, very few existing works comprehensively address the above challenges.
Twitter recently published its real-time search engine called Earlybird [2]. Earlybird consid-
ers two major factors in producing its search results, namely, syntactic match between the
query and the tweets and the temporal recency of matching tweets. Works such as Tweet
Index (TT) [1] focus mainly on the efficiency of indexing and searching and not on the qual-
ity of search results. To the best of our knowledge, none of the existing works incorporate
personalization into their search and ranking strategies. In other words, the existing search
and ranking techniques do not take into account the relationships between the user issuing
the query and the users posting the tweets. Thus, the social network aspect of Twitter is

completely ignored during the search and ranking processes.

In this thesis, we argue that it is important to personalize search results based on SN
relationships. The follower relationship in Twitter is often an indicator of commonality
of interests and opinions. Thus, it is natural for a user issuing a query to expect higher
rankings to matching tweets from users that she is transitively following even when those
tweets are not the most recent ones. However, personalization also raises new scalability and
performance issues. First, personalization requires additional analytics which are often com-
putationally intensive. Second, personalization reduces reusability of search results thereby

adversely impacting the efficacy of proven efficiency enhancement techniques such as caching.

This thesis presents REPLETE — a scalable, real-time search framework for micro-blogs



that incorporates personalization by analyzing the follower relationships on Twitter. The

REPLETE framework incorporates three novel features.

e First, we combine three major tweet relevance factors, namely, degree of syntactic
match, distance of the follower relationships, and the temporal recency of tweets into
a unique tweet ranking metric. This metric is used for generating personalized search

results for each query.

e Second, we design an in-memory temporal index that preserves the temporal signif-
icance of tweets. This index enhances the performance of query evaluation thereby

effectively ameliorating the scalability challenge posed by personalization.

e Third, we present a priority-based indexing scheme that identifies tweets that are likely
to have significant impact on the overall quality of search results, and accords these

significant tweets higher indexing priorities.

We have performed a number of experiments to study the costs and benefits of the RE-
PLETE framework. The results demonstrate that our techniques incorporate personalization

into the tweet search and ranking processes at very reasonable costs.

The rest of the thesis is organized as follows. Chapter 2 is a literature review, Chapter 3
motivates the problem of personalized search of micro-blogs. Chapter 4 provides an overview
of the architecture of the REPLETE framework. Chapter 5 and 6 describe the personalized
query evaluation engine and scalable indexing respectively. Chapter 7 discusses the experi-
mental evaluation. We discuss related work in Chapter 8, and conclude our work in Chapter

9.



Chapter 2

Literature Review

The popularity of micro-blogging websites such as Twitter continues to grow at an exponen-
tial rate. Users are turning to it for information on current events. Twitter is being used for
keeping up with news [28] [29], finding quick answers for random questions, getting reviews
about new movies, and keeping up with how a sports team is performing in current season,
etc. The list is endless. A user simply issues a query and he will receive the latest tweets on
that query. Recent reports indicate that Twitter has more than 500 million active users and
processes more than 55 million tweets each day [24]. Powerful real-time search capabilities
are fundamentally important for such micro-blog platforms. While recently there has been
some work aimed at enhancing the scalability of micro-blog search, we found that very few
existing techniques that incorporate personalization into their search and ranking processes.
We argue that because Twitter is a social network, it is essential to personalize search re-
sults to each user. However, personalization also raises new challenges because it reduces
the reusability of search results and hence server side caching for search results becomes less
effective. Personalization also raises scalability issues since it requires additional analytics,

which are often computationally intensive.



Before discussing personalization, we first discuss real-time search. For real-time search a
key requirement is the ability to consume new content rapidly and make it searchable imme-
diately, and at the same time to support a query evaluation engine that has low latency and
high throughput. This implies the duration between content creation and its availability
to be searchable should be minimized. Now, looking at this from a database perspective
we can think about creating up-to-date indices for each content and inserting these pieces
of content into the database. We can then measure the search quality by the time gap
between insertion time and availability of index. However we believe it is not feasible to
implement real-time searching over micro-blogs using this approach since it poses too many
new challenges for micro-blogging systems, where large number of users are uploading their
micro-blogs or tweets simultaneously. Such a system would either fail to index this large

number of tweets or fall short of providing scalable indexing service.

Let us look at some salient requirements of real-time search, that are highly desired by

users [2].

e Low-latency, high-throughput query evaluation. For any search engine to be
successful it must be able to cope with large query volumes. Users are generally
impatient when it comes to web search; they want the results to be made available as
quickly as possible. Hence this feature is one of the most important features that a

search engine should provide.

e Data availability with least amount of latency. For a real-time search engine one
of the prime requirements is that the data be available as soon as they are created. This
requirement is not so stringent when it comes to web search engines, where indexing is
considered a batch operation. Typically, web search engines make use of web crawlers to

get new content and index this content in batch cycles. Modern web-crawlers do achieve



high throughput; however, it is not expected that crawled content be available for
search immediately. A delay of a few minutes, hours or a day is acceptable depending
on the content being indexed. However, when it comes to real-time search, content
usually arrives at a very high rate, and often in sudden spikes. One of the example
would be the “passing away of Steve Jobs”. A real-time search engine should be
designed in such a way that it is immune to a sudden increases in the arrival rate of

content and performs efficiently under heavy loads.

e Temporal significance of content. For a web search engine, temporal significance of
content sometimes has very little or no significance when answering a query submitted
by a user. A web search engine like Google [12] typically pays more attention on
the number of times the content was viewed (page hits, in Google terminology) when
ranking a query result. In contrast, in a real-time search engine more significance is
given to the timestamp carried by the content. It is highly desirable that the most
recent content be ranked at a higher position when compared to content that was
submitted several days back. One way to perform ranking would be to arrange the

content in the search result in reverse chronological order.

For a search engine to be successful it should not only be able to answer queries with low
latency but it should have a solid ranking mechanism in order to deliver quality results. A
search engine must take into account as many factors as possible when ranking results. This
could include factors ranging from the reliability of the author submitting the tweet (was
the content published by a reputed resource such as CNN or BBC when it comes to news
reports), relevance of the content with respect to the query, to one of the most important
factors for a real time search engine, temporal significance of the content. This brings up a
new topic of discussion, personalization. We will discuss personalization in a later section of

this chapter. First we present literature reviews that were performed as part of this research.



This includes papers on ranking approaches used for Microblogs, and two search engines tar-

geted towards Twitter, Twitter’s own search engine Earlybird [2] and a search engine called

Tweet Index (TI) [1].

First some terminology. Twitter is a micro-blogging website that allows registered users
to post short (140 character) messages called tweets. Twitter also allows registered users
to follow other users. When user U, follows user Ug all the tweets posted by user Up are
available to user U,. Further, we can visualize this follower relationship as a directed graph,
in which users act as nodes and edges represent the follower relationship. In our example
above the directed graph would have an edge from U, to Ug. Nagmoti et al. [15] mention
that ranking tweets as a search result for queries is a challenging task because of the sheer
number of tweets generated everyday. Further, the short length make this task even more
challenging because it is difficult to use traditional content-based relevance ranking algo-
rithms such as Term Frequency-Inverse Document Frequency (TF-IDF) [30]. Apart from
that authors tend to avoid posting links to articles since that would consume most of the
space, hence we cannot use traditional link based ranking algorithms such as PageRank [7].
Presently Twitter only provides keyword matching based search results, where tweets are
ranked in reverse chronological order. Such a ranking strategy does not guarantee that the
most interesting tweets appear on the top, given the sheer number of tweets that are gener-
ated. Hence in order to over come these drawbacks the authors present a new ranking system
that incorporates social networking properties of the authors of microblogs in addition to

properties of the microblog itself.

Nagmoti et al. use a two stage ranking strategy [8], in which they use the existing Twitter
search engine to get the top-K tweets related to a query ranked in reverse chronological order

and then re-rank this result based on various factors such as TweetRank (TR), FollowerRank



(FR), LengthRank, and URLRank, defined below.

o TweetRank: The tweet rank for an author a is defined as:

TR(a) = N(a) (2.1)

where N(a) the total number of tweets posted by a so far. The authors believe that
tweets from active publishers are more valuable information sources than those from

inactive publishers.

e FollwerRank: The FollowerRank of an author a is defined as:

FR(a) = .& (2.2)

with i(a) being the indegree of a i.e., the number of followers a has and o(a) being the
outdegree. It is believed that an author is more influential if he has more followers, in

which case users are interested in knowing what this particular author has to say.

e LengthRank: The LengthRank of a tweet ¢ with respect to a query ¢ is defined as:

1)

tg)= — 7
fLR( 7q) maxseTéf Z(S)

(2.3)

with qu the set of the top-K tweets returned for query ¢ and [(¢) and [(s) the length of
tweet ¢t and s respectively. Nagmotiet al. believe if the tweet contains more information

then it should be ranked at a higher position.

e URLRank: : Let ¢ be a tweet and ¢ a query, then the URLRank of ¢ with respect to

q is defined as:



¢ if t contains URL
fUR(tv Q) - (24)
0 otherwise

The Final rank for the tweet is computed by summing up the above-mentioned factors.
One of the drawbacks of such a ranking system is that it gives equal weight to each of
the factors, we believe that URLRank should not be given equal emphasis. The idea behind
URLRank is that if a tweet does not have URL embedded in it, then it should be given lower
priority, which is not always the case. We believe instead of just adding these factor the
authors should compute a weighted sum, giving more weight to factors such as TweetRank

and FollowerRank as compared to LengthRank and giving the lowest amount of weight to

the URLRank.

In existing real time search engines such as Earlybird [2] and TT [1], one of the major
drawbacks is that they do not offer any personalization to users. Personalization allows the
result set for a query to be tailored to preferences of individual users. To better explain the
concept of personalization with respect to Twitter, consider the following scenario in which
we have a user U; who is a book enthusiast and follows a number of authors on Twitter, and
we have user U; who is a sports enthusiast who likes watching soccer and follows a num-
ber of soccer players. If both the users issue a query “Stephen King” it is highly possible
that Twitter would return tweets related to Stephen King the author due to his enormous
popularity. This result will not please U who was actually searching for Stephen King the
soccer star. This example illustrates that there is a need to implement personalization on
Twitter. Earlybird, the current real time search engine used by Twitter considers only two
major factors in producing search results: the syntactic match between the query and the

tweets and the temporal significance of the matching tweets.



Scholars from the National University of Singapore proposed a system called Tweet In-
dex (TI) [1], which implements real time search functionality over tweets. TI uses a partial
indexing strategy in which it classifies incoming tweets as Significant or Insignificant based
on different criteria. The core idea behind identifying a Significant tweet is the probabil-
ity of the tweets appearing in future search results. These tweets are indexed immediately
while Insignificant tweets are added into a log file where they are indexed offline, in batch
processing fashion. By performing partial indexing TI is able to save some portion of its
computation power, since it does not have to index each and every incoming tweet immedi-
ately. This saved computation power can be used by the query evaluation engine to provide
high throughput and low latency. However, a drawback of this system is that the use of a
disk based indexing system requires time consuming I1/O operations while indexing as well
as during query evaluation. A more efficient solution to this would be to use an in-memory
index, which would help reduce these I/O operations. Although maintaining an in-memory
index requires a bigger memory, the speed gain should outweigh the cost of extra memory.
The ranking system used by TT is more sophisticated than Earlybird, since it not only takes
into account the temporal significance of a tweet, but it also takes into consideration the
author issuing the tweet and whether the tweet is part of a current trending topic on Twitter.
However TI does not offer any personalization, which as mentioned earlier is a highly de-
sired functionality. Further, this paper does not provide enough details about the evaluation
performed on the system. Although they speak about the query evaluation time they fail to
test the system under heavy loads, so we have little information about the scalability of the

system.
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Chapter 3

Background and Motivation

In this section, we motivate our work by highlighting the need for a personalized real-time
search engine for tweets. We point out the difference between searching over the World Wide
Web (WWW) and searching over a Microblogs, and why we cannot use searching and ranking
methods used for WWW when searching and ranking in a Microblog. We first point out the
peculiarity of a Microblogging system such as Twitter. Twitter is a Microblogging website
which is currently leading the highly competitive online social media race [26]. Twitter has
evolved into a medium where users share information about current events and issues, and
other users can get these updates [27]. Twitter allows registered users to publish microblogs
called tweets. These tweets can be up to 140 characters long. Twitter allows registered
users to follow other users whom they find interesting. This phenomenon leads to formation
of follower relationships in Twitter, which can be represented by a directed graph. Nodes

represent users and edges represent the “follower relationships”.

Searching over Microblogs differs from searching over the WWW in many ways. Infor-
mation retrieval over the web uses Term Frequency-Inverse Document Frequency(TF-IDF)

extensively, even though TF-IDF is a relatively old weighting scheme, being simple and ef-

11



fective has made it a popular beginning point for many sophisticated new algorithms [31].
However, when it comes to the Microblogging domain, the shortness of tweets (140 char-
acters) makes it difficult to use this proven text analytics technique. Another common
technique used for web search and ranking is a family of linked based algorithms, in which
importance is given to content having more direct links to it [36] [37]. It is not possible
to use such techniques for tweets, since inherently tweets are not linked to other tweets.
Further, most tweets do not contain any links in them, due to the shortness of tweets. An-
other important factor for a real-time search is that the arrival rate of content is not fixed
or constant. Most of the time new content arrives in bursts, quite analagous to flash crowds
[32] [33]. A real-time search engine should be able to handle these spikes and make content
searchable by indexing it with minimum delay. The ability to handle flash crowds® is one
of the properties that makes real-time search engines different from traditional web search
engines. In a traditional web search engine the indexing operation is considered a batch op-
eration, done in an offline fashion. New content is discovered using web crawlers [34], which
typically crawl the web for new content after a fixed duration of time. It is not necessary
that this new content be indexed immediately. A delay of a few hours, days or even a week
is generally acceptable depending upon the type of content being indexed. However, this
technique cannot be applied to a real-time search engine over a microblog, where tweets are
generated at a very high rate, and where it is desirable that every tweet be indexed and be

available for searching as soon as possible.

For a traditional web search engine an index used for speeding up query evaluation is
generally a static read-only index. This index is updated in batch operations when web
crawlers discover new content. However, when considering real-time search over microblogs,

the index used should be able to support concurrent reads and writes, in order to handle

!Swarms of users on a computer network that appear, then disappear, in a flash.
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the large number of tweets published by users, and the large number of queries submitted to
Twitter. Finally, traditional web search engines give minimum significance to the temporal
significance of content. Web search engines like Google place more emphasis on the number
of times some content is visited, or the number of links that point to particular content,
instead of the temporal significance of the content (content creation time) [35]. However, for
a real-time search engine over microblogs, significant importance needs to be given to the
content’s timestamp when answering queries. The paragraph below highlights the need for
personalization, another feature that is desired from a real-time search engine over microblog.
To the best of our knowledge, none of the existing work incorporates personalization into

their search and ranking strategy.

Here we highlight the need for personalization of search results by taking into account
the social networking (SN) relationships. The shortness of tweets makes it difficult to come
up with meaningful search and ranking mechanisms. Thus, it is necessary to use additional
contextual information when ranking search results on Twitter. As mentioned in the in-
troduction, follower relationships in Twitter often embody commonalities in interests and
opinions. When a user U; chooses to follow another user Us,, it inherently signifies that U; is
interested in the updates and opinions being posted by Us. Transitively, U; is also likely to
be interested in the tweets from users that Us is following thus, U; will be much more satis-
fied with the search results if matching tweets (tweets containing one or more query words)
from users that she is directly or indirectly following are ranked high. A second benefit of
using SN-relationships is in terms of search query disambiguation. Search queries are often
ambiguous — they can have multiple meanings or they can refer to multiple entities or person-
alities. Consider the search query “Stephen King”. It can either refer to the famous author
or the famous soccer player. It is hard to discern which Stephen King the query is referring

to. Now suppose the user who issued the query is following several authors on Twitter, it is

13



very likely that she is referring to the author Stephen King. On the other hand, if the user
is following sports commentators, it is likely that he is referring to the soccer player. In-

corporating SN-based personalization provides a natural way for query term disambiguation.

While personalization provides significant benefits, it also introduces new performance
bottlenecks. First, the follower relationship graph in Twitter is massive. Running analytics
on such a scale in real-time is extremely challenging. Second, personalization reduces the re-
usability of search results. Thus, server-side caching of search results becomes less effective.
Hence, there is a need for techniques that carefully balance the tradeoff between search result

personalization and system performance.
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Chapter 4

System Architecture

In this chapter we outline the high-level architecture of REPLETE, then provide a detailed
description of major components of the system. In the previous chapters we talked about
the various issues and challenges involved in building a real-time search engine that supports
personalization. In order to overcome these challenges and to build a scalable system we
need to index tweets selectively rather than indexing each and every tweet that is posted. By
doing this the system is able to reduce the overhead of indexing and thus becomes immune
to the ever increasing number of tweets that are generated. This allows us to use the rest of
the computation power to perform other relevant tasks such as personalizing the result for

each user.

As illustrated in Figure 4.1, the REPLETE framework is composed of two major com-
ponents — an index engine (IE) and a personalized query evaluation engine (PQE). The
personalized query evaluation engine is responsible for accepting user queries and returning
personalized results to each user. The query evaluation engine is made up of six components
1) the Personalization engine, 2) Query Engine API, 3) Query Processor, and 4) Query Log

are the dedicated components. The remaining two components, 5) Temporal index and 6)

15
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Figure 4.1: REPLETE System Architecture

Interface to access the database, which are shared with the Index engine. The Query En-
gine API is responsible for accepting user queries and returning personalized result sets of
tweets back to the user. The query processor is responsible for finding important tweets
that match search criteria given by the user. These tweets are then forwarded to the Per-
sonalization engine, which ranks the tweets based on factors such as user preferences, the
temporal significance of the tweet, and the importance of the author posting the tweet. We
also maintain a query log to keep track of queries submitted to the system. This query log is
used to update the Trending query keyword set during each batch cycle, so that the system
is in sync with current trends on Twitter and hence can better identify tweets that need to

be indexed immediately. The Temporal index is an in-memory inverted index that is used
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for retrieving tweets that match keywords in the query. Sometimes the keyword may not
be present in the index, in which case we need to access the database to fetch the relevant
tweet; this is achieved using the Interface to access the database. We explain the PQE in

detail in Chapter 5, Personalized Query Evaluation.

The Index engine is responsible for selectively indexing the incoming tweets. It has six
components: 1) Significant tweet identifier block, 2) Trending query keyword set, 3) Tweet
log, and 4) Batch processor which are its dedicated components, while the remaining two
components 5) Temporal index and 6) Interface to access the database, which are shared
with the query evaluation engine. Our system performs partial indexing in that, it identifies
significant tweets using the Significant tweet identifier block and indexes them immediately,
while the unimportant tweets are forwarded to the Tweet log where they are stored temporar-
ily and indexed in a batch cycle. The Trending query keyword set is used by the significant
tweet identifier block to make a decision of whether to index the tweet immediately or for-
ward it to the tweet log. In order for the system to be in sync with the current trends on
Twitter it is necessary that we periodically update the Trending query keyword set. The
Batch processing block refers to the Query log to perform this task. Apart from this, the
Batch processing block is also responsible for periodically indexing the tweets present in the

Tweet log. We explain the Index engine in detail in Chapter 6, Scalable Indezxing.

Before discussing the novel features of the REPLETE framework, we present some terms

used in the rest of the thesis.
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Author Influence: The influence of an individual author in Twitter is defined as the ratio
of the particular author’s followers to the total number of currently active Twitter users’.

The greater the number of followers, the higher the influence.

Super User: A user whose author influence score exceeds a system-defined threshold (A)

is a super user.

Trending Query Keyword Set ():  This set represents a set of keywords that are
encountered relatively often in recent queries submitted to the query processing engine. The
size of this set is system defined and the set is updated during each batch processing cycle
(using the well-known Least Recently Used (LRU) replacement policy). The query log is used
for updating the set €2 to replace less frequent keywords with more recent queries keywords

from the query log.

1Users who publish tweets regularly

18



Chapter 5

Personalized Query Evaluation

In this section, we explain our personalized query evaluation engine(PQE) which operates
in two phases [8]. First, as with most existing search engines [21], we use a simple keyword-
based filter to retrieve tweets that are relevant to a given query. This phase is intentionally
kept simple so as to filter-out large fractions of obviously-irrelevant tweets. The tweets that
are deemed relevant are processed by the second phase, which generates personalized search

results by using our novel personalized tweet ranking algorithm.

5.1 Personalized Tweet Ranking

One of the main challenges in ranking tweets is that several factors influence the relative
importance of tweets. These factors have to be taken into account when ranking the tweets.
In our work, we have identified three main factors that influence the relative significance of
tweets to a given query. The first is the strength of the Social Networking (SN) relationship
between the tweet’s author and the user issuing the query. We call this the personalization
factor. The second is the temporal significance factor, which capture the temporal relevance

of a tweet to the query. The third is the author influence factor, which measures social
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influence of a tweet’s author. Each of these factors have very distinct significance. We

combine these factors into a personalized tweet ranking function as follows.

CRS(Twy) =wy * PS(Twy) + wa x T'S(Twy) + wsg x ALS(Twy,) 651)
5.1

st. w+ws+ws3=1.0

In this function, C RS(Twy,) indicates the cumulative ranking score for tweet Twy, P.S(Twy,)
denotes the tweet’s personalization score, T'S(T'wy,) denotes its temporal score and ALS(T'wy,)
indicates its author influence score. wi, wy, and w3 are system-defined weight parameters
that determine the relative importance of the different factors, which must sum to 1.0. We
set these values to 0.33 in our system evaluation (i.e., all three factors receive equal im-
portance). Although the weights used while computing the C'RS(Twy) are manually set, it
is possible to optimize these using machine learning algorithms [16]. We now discuss our

mechanisms for quantifying each of these factors.

Personalization Score (PS): This score measures the social affinity of the user issuing the
query to the tweet’s author. To compute the social affinity, we model the follower relationship
as an unweighted directed graph in which vertices correspond to users and edges correspond
to the follower relationship between users. If user U; is currently following Us, there will be
a directed edge from U; to Us,.

There are several meaningful ways to quantify social affinity between users, including;:
e inverse of the length of the shortest path between them
e number of non-overlapping paths between them

For REPLETE, we use the inverse of the length of the shortest path to quantify the per-

sonalization score. Our choice is influenced by (a) computational efficiency and (b) stability
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Personalization score between two user is
the inverse of number of hops between
them in the follower graph (i.e. (number of
hops)*-1)

Score of'a' w.r.t'c' = (1)*-1 =1

Score of 'a' w.r.t 'f' = (2)A-1 =0.5

Score of 'a' w.r.t'e' = (3)*-1=0.34

Score of'a' w.r.t'g' = («)*-1 =0

Users on Users on Twitter who Edge from A to
Twitter recently posted tweets B implies A is
follower of B

Figure 5.1: Personalization using relationship property.

of the parameter over time. Since the graph is unweighted, the personalization score is the
inverse of the shortest number of hops between users in the directed follower graph. Fig-
ure 5.1 illustrates the personalization score computation on a hypothetical follower graph.
Consider a scenario where A issues a particular query Q) 4 and users C, E, F, and G recently
published tweets Twe, Twg, Twr, and T'wg, respectively, containing keywords present in
query Q4. In such a scenario the result set obtained by PQE would contain these tweets and

the personalization scores for each of these tweets would be as follows. The personalization
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score of A with respect to C would be 1 because A is a direct follower of C. The personal-
ization score of A with respect to F would be 0.5 because A is two hops away from F. The
personalization score of A with respect E would be 0.33 since A is three hops away from E,
whereas the personalization score of A with respect to G would be zero because A is neither

a direct nor an indirect follower of G.

Temporal Score (7'S): The temporal score measures the temporal closeness of a tweet
to a query. The rationale is to provide higher preference to more recent tweets. Suppose

a tweet T'w; was posted at time 7,. This tweet’s temporal score with respect to query @),

1

issued at time T, is quantified as T

Author Influence Score (AIS): The author influence score measures the influence of
a tweet’s author on the Twitter user community. The rationale is to give higher ratings to
tweets from more popular Twitter users. The author influence score of a tweet is defined as
the ratio of the number of followers of the tweet’s author to the total number of currently

active Twitter users. The greater the number of followers the higher the influence.

Ranking Algorithm: At a conceptual level, the ranking algorithm is quite simple — the
CRS of each matching tweet is calculated and the tweets are ranked in decreasing order
of their CRS values. However, this naive implementation does not scale well because the
personalization score computation will quickly become a bottleneck. Thus, we need smarter
ways to generate the ranking. The REPLETE system incorporates an approximation strat-
egy to accelerate the ranking process. Our algorithm proceeds as follows. First, we select
only tweets whose temporal score exceeds a certain threshold p. Computing this list is com-
putationally scalable because essentially we are selecting tweets that are more recent than
a certain time-point. Our temporal index (described in the next section) further speeds up

the selection process. We compute the PS and the AIS values only for the tweets whose
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TS value exceeds p. Once these values are available, we generate the ranked list. Since PS

values (which are the most expensive) are computed only for a limited number of tweets.

5.2 Personalized Query Evaluation engine algorithms

The algorithm shown below is used by the Personalized Query Evaluation (PQE) engine to
fetch the personalized result sets corresponding to queries submitted by users. The algo-
rithm performs a two step process in which it fetches the top-K tweets from the temporal
index and/or database, and these result are re-ranked by the Personalization engine. In the
algorithm mentioned below U,g.,1q corresponds to the id of the user submitting the query,

()7 and QQjrg corresponds to the query and its timestamp, respectively.

Data: Uuse'r’]d) Q]a QjTS

Data: Temporal index
Result: top-K personalized tweets
list = fetch_tweets(Qj, QJjrs);

list = personalize_the_result(list, Uyserra, @Jjrs);
Algorithm 1: Query Evaluation
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The algorithm described below is used to fetch the candidate top-K tweets corresponding
to the query. The system fetches these tweets from the temporal index unless the temporal
index is not currently storing tweets or has fewer than K tweets corresponding to the query.
In those cases, the system fetches the remaining tweets from the database. Fetching tweets
from the database is a computationally intensive process, and it is likely that the database
would return an extremely large number of tweets, making it difficult for the system to
perform further computation. To make the system more efficient, REPLETFE incorporates
an approximation strategy to accelerate the ranking process. The system only selects those
tweets from the database whose temporal score (T'S) exceeds a threshold p. Using the value

of this threshold p we can determine the oldest timestamp a tweet can have.

1

= — 5.2
Qirs — TWodestTs (5:2)

Again Qjrs is the timestamp of the query @7, u is the system parameter that was set to %

and T'WygesiTs i the oldest timestamp a tweet can have.

The first step in query evaluation is to fetch all the keywords from the query. Next, the
system finds tweets corresponding to these keywords from the temporal index, and creates
a new list for each keyword. Finally, the system finds the common tweets in all the lists
obtained in the previous step. If the final list contains fewer than K tweets or happens to
be empty, the system then turn to the database to fetch tweets that contain these keywords

and have a temporal score of at least p.
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Data: Uuse'r]d7 Q]a QjTS

Data: Temporal Index, K

S = fetchAllKeywords(Qj);

count = S.length;

Let “list” be an empty linked list;
word = S[count];

count = count — 1;

if index contains word then
| list = getTweetsfromIndex(word)

end
while count > 0 do
word = S[count];
new_list = getTweetsfromIndex(word);
list = list N new _list;
if list 1s empty then
break;

end

count = count — 1;

end

25



if list 1s not empty then

if list.size < K then
new_list = getRemainingTweetsfromDB(S, u);
list = list U new_list;

end

return list;

else

list = getAllTweetsFromDB(S, u);

return list;

end

Algorithm 2: Fetch Tweets

The algorithm described below is used to generate the personalized result set for query
7. The top-K tweets obtained from the Fetch Tweets algorithm are ranked and reordered
before the final result is returned to the user. For each tweet the system computes a cumula-
tive ranking score (CRS) as explained in Chapter 5. This ranking score is a weighted sum of
the personalization score (PS), temporal score (TS), and author influence score (AIS). Once
the CRS for each tweet has been computed the system reorders them in descending order of

their CRS and returns the personalized result back to the user.
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Data: hSt, Uuserld> ij QjTS

Let “personalized results” be an empty map of tweet & its rank;

length = list.length;

while length > 0 do

Twiengen, = list[lengthl;

CRS(Twiengin) = wy * PS(TWiengtn) + wa * T'S(TWiengen) + ws ¥ ALS(TWiengen);
personalized_results.add(T wiengtn, CRS(TWiengtn));

length = length — 1;

end
sorted_result = sortByCRS(personalized_results);

return sorted_result;
Algorithm 3: Personalize the result
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Chapter 6

Scalable Indexing

An effective indexing scheme is extremely important for fast generation of personalized search
results. However, at the same time it is also necessary to ensure that the indexing mechanism
is lightweight to be able to ingest the thousands of tweets generated per second. In order to
reconcile these somewhat contradictory objectives, we have designed an indexing scheme that
temporally indexes selective tweets in real-time while postponing indexing of less important
ones. As mentioned in the Chapter 4, System Architecture, our indexing system has dedicated
blocks for identifying significant tweets, real-time indexer for processing significant tweets
and a batch processor for indexing non-significant tweets. Our indexing scheme itself is in

memory and it is temporal in nature.

6.1 In-Memory Temporal Index

Earlybird, Twitter’s current search engine, uses Lucene [17] for indexing. However, using
Lucene has a significant limitation for the application at hand. First, recall that one of
the early steps in our ranking strategy is to select tweets whose temporal score exceeds the

threshold p. In order to efficiently support this, we need an index that preserves temporal
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order. The only way to implement this using Lucene is to create a wrapper around it. This,
we believe, will add to the complexity of the indexing framework, thereby making it less ef-
ficient. Therefore, we chose to design a highly efficient, low-overhead indexing scheme using

elementary data structures such as hash maps and linked lists.

Our temporal tweet index is a HashMap of configurable size (using the system parameter
I'). Frequently occurring tweet keywords act as the keys to this hash map. Each keyword is
associated with a linked list that includes tweets that contain the respective keyword along
with important meta-data attributes such as tweet Id, timestamp, authorld!, and author’s
influence score. Maintaining this meta-data helps to speed up the query evaluation process
[4][19]. These tweet objects are arranged in descending order of their timestamp (i.e., latest
tweets are at the beginning of the list). The maximum size of each of these linked lists is
dictated by the parameter v. Figure 6.1 illustrates the structure of our temporal tweet index.

The keywords that are selected as the keys of the hash map are determined by the
current popularity trends. We use a sliding time window to determine the most popular
keywords. The least recently occurring keywords are replaced with keywords that exhibit

growing popularity.

6.2 Realtime Indexing of Significant Tweets

The Significant tweet identifier block processes each item in the incoming tweet stream. This
block determines if the tweet is a significant tweet that must be indexed immediately. For
each new tweet that arrives, the system performs several checks to determine if it is a signifi-
cant tweet. First, we determine if the tweet is from a “super user” (recall that a super user is

a user whose influence exceeds the threshold A). This can be done efficiently by periodically

! Author Id is an identifier provided by Twitter to uniquely identify an Author.
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Figure 6.1: Temporal tweet index

computing the author influence scores for various users in the background. The number of
followers of various users are quite stable, which allows for offline influence computation. If
the tweet is indeed from a super user, it is immediately labelled as a significant tweet and
forwarded to the real-time indexer. Second, we parse the tweets and extract keywords from
the tweet. If any of the keywords of a tweet belong to the Trending Query Keyword Set €2,
it is also labelled as a significant tweet and forwarded to the real-time indexer. All other

tweets are put onto the tweet log which will be indexed by the batch processor.

While indexing significant tweets, the first step is to eliminate any stop words present in

the tweet. Then for each remaining word in the tweet, we query the temporal index to check
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if the word is present in the key set. If it is not present, we create a new linked list with
just one tweet object and insert this entry into the temporal index. However, if we find that
the word is already present in the index we add the tweet to the front of the corresponding
list. If the linked list is full (i.e., it already has 7 tweets), we compute the score of the new
tweet as well as for the tweet corresponding to the last element of the list using the formulas
shows below. If the score of the new tweet is greater than the score of the last tweet in the
list, the new tweet gets inserted at the head of the list while the last element gets deleted

from the list.

ORS(Twlasttweet) = A[S(Twlasttweet) + TS(Twlasttweet> (6 1)

CRS(Twnewtweet) = A[S(Twnewtweet) +1 (62)

6.3 Batch Processor

The Batch processor is responsible for periodically performing batch cycles. During each
batch cycles two tasks are performed. The first task is to index the unimportant tweets
stored in the Tweet log. Each tweet from the tweet log is added to the database. The other
task performed during the batch cycle is updating the Trending query keyword set €2 so that
the system is in sync with the current trends on Twitter. In order to perform this task the
batch processor uses the Query log module. The batch processor computes the top 40% of
the queries from the query log and uses them to update € using a least recently used (LRU)

replacement scheme.
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6.4 Scalable Indexing algorithms

The algorithm described below is used for identifying significant tweets. All the incoming
tweets must pass through a series of tests to determine if they are significant and thus should
be indexed immediately. Whenever a new tweet Tw; arrives the system would determine
the author influence score AIS(Twy) for that particular tweet. If that score is greater than
a system defined threshold A, the tweet is labeled significant, and is indexed immediately.
However, if the AIS(Twy) is less that A the system performs further testing. It finds all
the keywords present in Tw;, and checks if any of them are a part of the Trending Query
Keyword Set ’Q2’. If the system finds that the tweet T'w; contains keywords present in €2,
Twy, is then labeled as a significant tweet and indexed immediately. If all these test fail,

the tweet is then added to the Tweet Log to be indexed by the batch processor at a later stage.
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Data: Twy, Tw; ALS(Twy), Twy,g

authorTd)
Data: User Importance Threshold A, Trending Query Keyword Set (2
Result: True: Tweet is Significant or False: Tweet is not Significant
if AIS(Twg) > A then
Index the Tweet;
return True;
else
S = fetchAllKeywords(T'wy);
count = S.length;
while count > 0 do
word = S[count];
if word is in Q) then
Index the Tweet;
return True;

end

count = count -1;

end
Send the tweet to Tweet log to be indexed in batch cycle;

return False;

end
Algorithm 4: Significant tweet identifier
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When a tweet is labeled as significant, it should be indexed immediately. The algorithm
below describes the indexing process. The first step in the algorithm is to fetch keywords
from the tweet Tw;. For each keyword the system checks if the temporal index contains
an entry for that keyword so system fetches the corresponding linked list. If the size of the
linked list is less than v, a new node containing the tweet T'wj along with its meta-data is
added to the head of the list. If the size of the list is v, new scores are computed for the
tweet T'wy, and the last tweet in the list using equations 6.1 and 6.2, respectively. If the rank
of T'wy, is greater than that of the last tweet, Tw,, gets added to the head of the list while the
current last node in the list is removed. On the other hand, if the temporal index does not
contain the keyword, then a new linked list containing just Twy, along with its meta-data is

created and added to temporal index.

Data: Twy, Twy, AIS(Twy), Twy,g

authorld’
Data: temporal index, K
W = fetchAllKeywords(T'wy,);

size = W.length;
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while size > 0 do
word = W(size];
if word present in Index Structure then
Obtain the existing linked list “list” from Index Structure;
if [list.size = K then
CRS(ka) = AIS(TU}k> + 1;
TWiasttweet = list [K],
ORS(Twlasttweet) = AIS(Twlasttweet) + TS(Twlasttweet);
if CRS(ka) > CRS(Twlasttweet) then
Remove lastTweet from list;
Add Twy, to the head of the list;
Add the list back to the index;
end
else
Append the Tw;, to the head of the list along with its meta-data;
Add the list back to the Index Structure;
end

else

Create a new linked list “list” corresponding to word and add Tw; along with
its meta-data into the list;

Add “list” to the index structure;

end

size = size -1;

end

Algorithm 5: Index the Tweet
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Chapter 7

Experimental Evaluation

In this section, we discuss the experiments we performed on our system. We used the tweet
data set containing about 25 million tweets collected from October 2006 to November 2009
[1]. In this dataset, about 465K users were used as seeds and tweets were crawled every
24 hours for each user. In our evaluation, we chose a set of about 2 million tweets in the
increasing order of their timestamps. We created a client-server environment where our sys-
tem acts as a server while the client sends tweets in the increasing order of their timestamps.
We ran our system in two modes warming up mode and testing mode. The first million
tweets sent by the client where used for warming up the system, they were used to build
the temporal index as well as for building the social graph and computing the author influ-
ence score. The next batch of million tweets were used for testing the system, we collected
different parameters for indexing as well as query processing during this mode. The results
we obtained are mentioned below. It is a known fact that in a real-time search queries tend
to have a skewed distribution [13]. For generating queries we used the later million tweets,
by eliminating stop words in them and randomly combining the top 60% of the remaining
keywords to generate queries. We restricted the maximum number of keywords in a query

to five. Out of the total queries generated 80% were single word queries 16% were two word
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queries and the remaining where multi-word queries having keywords between three to five.

During our evaluation we use two version of temporal index, one which stores linked
list of tweet ids and the other which stores the linked list of tweet object. In case of the
foremost version most of the information needed for query evaluation is fetched from the
database, while in case of the later version most of the information needed is already present
in the tweet object and additional information like author influence score is cached. We
refer to the first system as non-cached system while the second as cached system. Figure
7.1 depicts the temporal index used by the non-cached system. Further, in both systems we
set the maximum size of trending query keyword set Q to 200 (i.e., w = 200). We vary the
maximum size of the temporal index I' from 2000, 3000, to 4000. We also vary maximum
tweets per keyword inside temporal index (i.e., 7) from 20, 30, to 40. For each query, we only
fetch top-20 tweets. For every query submitted we measure the query latency. Furthermore,
in order to gain better understanding of the performance, we split the query latency into
time spent personalizing results and time spent fetching tweets from the database. We also
keep track of number of queries answered completely by the temporal index, those answered
partially by it and the ones answered directly from the database. Finally we also measure

the total time spent indexing tweets and collect similar parameter for the same.

Figure 7.2 and 7.3 show the reduction in query latency for the cached system in case of
single keyword queries and all queries respectively. In both the graphs the x-axis represents
the size of linked list () used in the temporal index and the y-axis represent the percentage
decrease in query latency. Each graph contains three line graphs, the blue solid line graph
represents the percentage decrease in query latency when the size of the temporal index is
set to 2000 (i.e., I' = 2000), the red dashed line represents the percentage decrease in query

latency when the size of the temporal index is set to 3000 (i.e., I' = 3000), and finally the
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Figure 7.1: Temporal tweet index for the non-cached system

black dotted line represents the percentage decrease in query latency when the size of the
temporal index is set to 4000 (i.e., I' = 4000). We found that the cached system performed
better while answering queries, since it had additional information with in the temporal in-
dex. The maximum performance gain of 52% was achieved when temporal index was set to
I' = 4000 and ~ = 30 for all queries as seen in Figure 7.3, this gain was amplified to 67% for
single keyword queries as seen in Figure 7.2. This additional gain for single keyword query
was expected since amount of computation needed in terms of database access is significantly
less when compared to multi keyword queries. We also noticed a particular pattern in the
query latency, we found that when we changed + from 20 to 30 there was an additional
gain but it reduced when we further increased v to 40. We believe that the system reached

its saturation point at v=30 when searching for top-20 results. An interesting result that
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we noted for the cached system was 81% of time was spent accessing the database fetching
candidate tweets and the remaining 19% time was spent personalizing the result set. On
an average the queries answered completely by the temporal index took about 6 millisec-
onds while the one partial answered by the index took about 2 seconds, while the slowest
ones were those answered completely by the database taking on an average 8 seconds. This
behavior was predicted as the number of database access is directly proportional to query
latency. Figure 7.4 represents the reduction in the query response time by varying the size
of the temporal index (I'). The x-axis in this graph represents the size of the temporal index,
while, the y-axis represents the Percentage reduction in query latency. The blue solid line
represent this percentage reduction in query latency for all queries, while, the red dashed
line represent the percentage reduction for single keyword queries. Overall we found that the
cached system performed better than the non-cached system and the performance seemed
to get better as we increased temporal index size I' from 2000 to 3000 and seemed to go on
increasing as we further increased it to ['=4000. This behavior is also expected since as the
size of temporal index increases its able to keep track of more keywords and hence the need

to access the database is reduced.

Figure 7.5 and 7.6 represent the reduction in database access for cached system when
answering single keyword queries and all queries respectively. In both the graphs the x-axis
represents the size of the linked list () used in the temporal index and the y-axis represent
the percentage decrease in database access needed to answer queries. Each graph contains
three line graphs, the blue solid line graph represents the percentage decrease in database
access when the size of the temporal index is set to 2000 (i.e., I' = 2000), the red dashed
line represents the decrease in database access when the size of the temporal index is set to
3000 (i.e., I' = 3000), and finally the black dotted line represents the decrease in database

access when the size of the temporal index is set to 4000 (i.e., I' = 4000). There was a
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significant decrease in database access for the cached system while answering queries. A
maximum decrease of 91% for all queries and 94% for single keyword query was achieved
for I' = 3000,4000 at v=30 as seen in Figure 7.6 and 7.5 respectively. This reduction
in database access was expected, since, the cached system maintains meta-data along with
the tweet ids, allowing the query engine to process queries at a faster rate. We noticed a
similar pattern when measuring database access as we noticed with the query latency the
gain increased as we increased ~ from 20 to 30, however on further increasing v = 40 we
found that the gain dropped. We also noticed that the graph for I' 3000, 4000 seemed to

overlap. We believe this happened since the saturation point for the system was reached.

Figure 7.7, 7.8, and 7.9 represent the HIT rate of the temporal index when the size
of the linked list with in the index is set to 20, 30, and 40 respectively (i.e. varying 7).
In these bar graphs the x-axis represents the size of the temporal index, while the y-axis
represents number of queries answered. Each bar in the bar graph is divided into three
section, the bottom most section represents the number of queries answered completely from
the temporal index, the middle portion represent the number of queries answered partially
by the temporal index, while the top most portion of the graph represents the number of
queries answered directly from database. We noticed that the amount of queries answered
completely by the index, and those answered partially by index seemed to go on increasing as
we increased the index size from I'=2000 to 3000 and then from 3000 to 4000. This behavior
was predictable; as we increase the size of the index it is able to store more keywords and
their corresponding tweets. When measuring performance gain for indexing, we found both

the cached and non-cached system performed equally well.

Figure 7.10 represents the reduction in indexing cost due to caching. The x-axis repre-

sents the size of the linked list () used in the temporal index and the y-axis represent the
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percentage decrease in indexing cost. The blue solid line represents the percentage decrease
in indexing cost when the temporal index size is set to 2000 (i.e., I' = 2000). The red dashed
line represents the percentage decrease when I' = 3000 and finally, the black dotted line
represents the percentage decrease when I' = 4000. We found that there is not a significant
decrease in the indexing cost in both the systems. We believe this behavior is acceptable
since we are not targeting to reduce the indexing cost, but, we are reducing the number of
tweets being indexed by identifying the one that are significant and indexing them immedi-
ately. Figure 7.11 represents the reduction in database access required while indexing. The
x-axis represents the size of the linked list () used in the temporal index and the y-axis
represent the percentage decrease in database access needed while indexing. The blue solid
line represents the percentage decrease in database access when the temporal index size is
set to 2000 (i.e., I' = 2000). The red dashed line represents the percentage decrease when
I' = 3000 and finally, the black dotted line represents the percentage decrease when I' =
4000. We found that the amount of database access decreased on an average by 67%. The
maximum decrease was of 70% when I' = 2000 and v = 20. The reason of this decrease in
cached system is due to caching of author influence score (AIS), in main memory. On the
other hand the non-cached system has to fetch this score from the database. Figure 7.12
highlights the cost of personalization in terms of query response time. The y-axis represents
the average query response time, while the x-axis represents the number of keywords present
in the query. For each type of query (single-keyword, multi-keyword) we determine the av-
erage query response time with personalization, as well as without personalization. For each
type of query in the Figure 7.12 the left bar-graph represents the average query response
time with personalization, while the right one represents the average query response time
without personalization. For single keyword queries the query response time increases on
an average by just 1 second when personalization is incorporated, while for multi-keyword

queries it increases by 3 seconds.
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Figure 7.2: Reduction in query response time due to caching for one word queries

52 % .
A When I'=2000 —+—
When I'=3000 ---%---
... WhenTI'=4000 ---:--
50 % |- e |
T 18% ye .
g
[on
£
c
S 46% |
o
p=)
©
o
[0
&
€ 44% |
[0}
o
[0
o
42% |
40 % .
20 30 .

Tweets per keyword

Figure 7.3: Reduction in query response time due to caching for all queries
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Chapter 8

Related Work

Information Retrieval (IR) over the web is a domain which has matured in recent years. It
mainly focuses on the use of web-crawler [22][9] for finding new contents, and indexing them
in batch cycle. Modern day web-crawlers are able to achieve high throughput, by using batch
systems such as MapReduce [6] for running the indexing jobs. The index maintained by IR
engine are mainly static read only and get updated during these batch cycles. They are able
to index content in batch since a delay of minutes, hours or even days may be acceptable

while indexing depending on the type of content [2].

Another interesting topic which has gain attention recently is the Ranking functions used
for tweets. Ranking tweets is not a trivial task [5] '"Ranking approaches for microblog search’
[15] discuss a sophisticated ranking function which not only considers the temporal signif-
icance of tweets (which happens to be of prime importance for real-time search) but takes
into account SN properties of authors of tweets in addition to the properties of tweets. They
use a two stage query evaluation process [8] where they fetch the top-K results [23] using the
existing query engine provided by Twitter and re-rank this result using their own ranking

function. Twitter’s real-time search engine takes into account the syntactic match between
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query and the tweets and the temporal recency of matching tweet. To determine SN proper-
ties of authors they define ranking factors such as AuthorRank which is determined based on
number of tweets the author uploads and couple it with FollowerRank which is determined
by the number of followers the author has and number of users the author follows. To de-
termine the properties of tweet they propose two more ranking factors LengthRank which is
determined using the length of the tweet coupled with URLRank which is determined based

on; if the tweet contains URL.

Many new systems have be proposed for real-time search over tweets. Earlybird [2] is
the search engine used by Twitter, it uses a single writer multiple reader architecture for
implementing real-time search. Earlybird considers two major factors in producing search
results, namely, syntactic match between query and the tweets and the temporal recency of
matching tweet. Another such real-time searching system is TI [1] which performs partial
indexing of incoming tweets and supports an adaptive index. Since TI uses partial indexing
it is able to save some portion of computational power used for indexing which it redirects
towards ranking. TT’s ranking system is far more sophisticated than Earlybird, it considers
many different factors such as importance of author posting tweet, current trend on Twitter

as well as the temporal significance of the tweet.
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Chapter 9

Conclusion

We presented REPLETE — a scalable, real-time search framework for micro-blogs that incor-
porates personalization by analyzing the follower relationships in Twitter. We discussed the
three novel features that our REPLETE framework has to offer. Firstly, we came up with
a unique tweet ranking metric for generating personalized search results. This ranking met-
ric took into consideration three major tweet relevance factors, the syntactical similarities
between the tweet and the query, the distance of follower relationships, and the temporal
significance of the tweet. The distances of the follower relationships helped us incorporate
personalization with in our framework, and to best of our knowledge none of the existing
works incorporate personalization into their search strategies. The second unique feature of
our framework was our in-memory temporal index which helped us speed up query evalua-
tion process by preserving temporal significance of the tweets. This index helped us address
the scalability challenges posed by personalization described previously. Finally the third
feature offered by our framework ensured the overall quality and timeliness of search results,
we performed partial indexing by identifying important tweets, and prioritize their index-
ing. The experimental evaluations that we performed on our framework demonstrated the

scalability and efficiency of our framework.
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Currently the system performs personalization by measuring the social affinity of user is-
suing the query to the tweet’s author. However there are other factors that can be used while
computing personalization score such as geo-preference. We could measure the geographical
distance between the user issuing the query and the author of the tweet, and integrate it
in a ranking function. Higher preference could be given to the tweets that were posted by
authors geographically closer to the user issuing the query. Personalization is an unexplored
area and we believe we have just started exploring it and hope that this work can act as a

motivation to other researcher to pursue this area of research.

There are couple of other enhancement that can be implemented in our system. We
would like to implement this system with a multithreaded architecture. We could have
two groups of worker threads, each containing significant number of threads. One group
would be responsible for handling tweets as and when they enter the system in a concurrent
fashion. The other would be responsible for handling user queries in a concurrent way. We
think these enhancement would definitely help us speed up the entire process of indexing
and query evaluation. We would also like to implement the complete system using Lucene
for indexing purpose. This will allow us to compare the performance of our temporal index
implemented using HashMaps and LinkedList with a modified Lucene library which considers
temporal significant while indexing. In our evaluation of the system we use MySQL[20] as
our primary database, we would like to experiment with different databases to see how the
performance varies in term of time spent reading from or writing into a databases. Finally
we would also like to implement a persistent index which can complement our in-memory
index. We believe having such a persistent index would help reduce the latency when the

query evaluation engine is not able to find a match using the temporal index.
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