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ABSTRACT
We describe LostRank, a project in its formative stage which
aims to produce a way to rank results in re-finding search
engines according to the likelihood of their being lost to the
user. To this end, we have explored a number of ideas, in-
cluding applying users’ temporal document access patterns
to determine the documents that are both important and
have not been recently accessed (indicating greater potential
for loss), understanding users’ topical access patterns to de-
termine the topics that are more unfamiliar and hence more
difficult to re-find documents within, and assessing users’
difficulties in originally finding documents in order to predict
future difficulties in re-finding them. As a position paper,
we use this as an opportunity to describe early work, invite
collaboration with others, and further the case for the use
of temporal access patterns as a source for assisting users’
re-finding of personal documents.

Categories and Subject Descriptors: H.3.3 [Informa-
tion Search and Retrieval]
General Terms: Human Factors
Keywords: Re-finding, ranking, log analysis

1. INTRODUCTION
Personal document collections grow constantly. Each day

we access a significant number of new web pages, many of
which we will probably never access again. One challenge is
that finding a document within a large collection requires a
specific query to distinguish the file from others in the collec-
tion. As time passes, our recollection of document specifics
– with which we would formulate queries – decays. In other
words, as time goes on, not only does our document col-
lection grow larger – and hence harder to search – but our
ability to issue good queries declines.

One area that deserves attention is the ranking function
for search results, as a strong one can allow desktop search
to produce good results for vague queries on large personal
datasets. Additionally, it allows for a more aggressive ex-
pansion of users’ queries to include topical or syntactic syn-
onyms, as users are more likely to forget key terms (or use
wrong terms) when re-finding documents accessed further
into the past. Ranking is an important subject in re-finding
because it addresses a fundamentally different problem than
search for new information, and limits what can be imported
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from mature domains such as web search. For example, on
the web, algorithms like PageRank or HITS are effective
ranking functions because they promote credible or author-
itative pages, and when users seek answers to new ques-
tions, they desire answers that are most likely to be accu-
rate. Credibility is defined by lots of incoming links from
other credible pages, which has the effect of more highly
ranking pages that are considered more important by the
large community of web authors.

We argue that this is the opposite of what is desired for
re-finding tasks. Though hyperlink structure is not present
on users’ filesystems, consider an analog assessment of im-
portance, such as number of shortcuts, or proximity to the
home or desktop directories. These qualities indicate that
a document is quite important, and yet, they provide evi-
dence that the document is unlikely to be lost, as it is readily
accessible. Lost information tends to be that which is hid-
den within a difficult navigation path, such as within deeply
nested directories or large files.

In our work, we have pursued ways to rank documents
according to their likelihood of being “lost”. In this context,
we define lost documents to be those which a user has previ-
ously accessed, desires to access again, and is unable to find
using traditional search methods, such as text-based desk-
top search. Classifying a document as lost is obviously a
difficult and large endeavor. We have developed a few ideas
which we are beginning to explore and evaluate, including
page access patterns, topic access patterns, and difficulties
surrounding the original document discovery. We describe
these below, but first, let us summarize our use of personal
web log data.

2. WEB LOG DATA AND ABSTRACTIONS
Our goal is to break a user’s document activity into higher-

level abstractions that allow us to better reason about it. In
this work, we focus on web history because it is easy to
extract (e.g., via Firefox), and, since it contains queries, it
allows us to better understand information seeking behav-
ior. We believe this approach could be extended to general
document activity recording systems.

A web history is a time-ordered sequence of events, where
an event is either a query, including query text, or a page
click, including the URL and page contents. We process
it using a two-fold approach: First, the history is sepa-
rated into segments, where segments encompass a sequence
of queries and page visits that occur within 5 minutes of each
other. A segment roughly (though imperfectly) approxi-
mates a single task (e.g., searching for housing). Second,



the LDA topic detection algorithm [1] is run on the contents
of the pages within these segments. These two approaches
assign to each page a set of tasks and topics – including the
relative strength of relationship between the page and each
of its topics [2].

For each segment, we assign a difficulty assessment, which
is measurement of the apparent difficulty of the information
seeking task. We have selected a number of qualities, in-
cluding number of queries, number of query reformulations
(modifications of unsuccessful search attempts), length of
session, number of queries for which no results are clicked
(indicating poor queries), and average page view time. Pages
within a segment inherit its difficulty score.

3. RANKING COMPONENTS
In this section we describe a few ranking components we

have explored. After independently evaluating them we
hope to combine them into a comprehensive ranking func-
tion. We envision adding more as this project matures.

3.1 Access patterns
As memory decays with time, the likelihood of a document

being lost increases with the time since its last access. How-
ever, time-of-last-access alone is not sufficient to suitably
rank documents. We use look beyond time-of-last-access to
consider larger access patterns. For example, consider two
pages that were last accessed by a user one month ago. Con-
strained to time-of-last-access, we would rank these pages as
equally lost. Let us assume that one of the pages was first
viewed at this time, while the other page has been accessed
once per month for the last 2 years. We might reason that
the latter page is less likely to be lost because its time-of-
last-access is consistent with a larger pattern of access, and
assign it a weaker rank.

Another case is we consider is when documents’ access
patterns change. For example, a page that was very fre-
quently accessed for a period of several months, but then
not accessed at all for a year, has a pattern that we refer to
as dormant. This pattern fits our definition of lost in that
it indicates that the page was once important to the user
(indicating that they may want to eventually use it again),
and that the user’s familiarity with the page has declined
(as evidenced by not being accessed for a long time).

3.2 Topic patterns
We extend the above notion to include topic, with the ob-

servation that users’ revisitation patterns vary according to
topic. For example, queries for code documentation might
frequently be navigation-style queries for which the user has
little difficulty finding relevant answers (e.g., looking up the
Java Set class). Other topics, such as health, may involve
more complex search processes where the answer to a ques-
tion is more vague.

Our current implementation is to determine, for each page,
the most closely linked LDA topics, and record an event for
the topic at that point. This allows us to build an access
pattern for each topic, and associate topical activity to each
page. Pages with more dormant topics may be those which
are more likely to be lost. The advantage of using topic is
that we can reason about pages that the user has not ac-
cessed enough for a reliable pattern to emerge (e.g., the user
only looks up code for Java class String once, but looks
up code for Java classes routinely; it would therefore be as-

signed a weaker rank as the topic pattern indicates it is likely
easily re-found).

3.3 Difficulty before original access
We consider the path a user takes to originally access a

page, using the difficulty assessment described in Section 2.
Repeated navigational queries – web queries that are in-
tended to find a specific page (e.g., “ebay”) – suggest an
easily re-found page. Pages discovered after long trails of
queries and query reformulations indicate that the overar-
ching task may have been more vague, or that the user lacked
prior knowledge before the research task. We hypothesize
that, as the latter are cases where the user’s understanding
of the topic is weaker, the user’s recollection of terms from
pages from difficult tasks will be worse, especially for the
pages accessed later in the task. For example, a research
path that began on energy-efficient buildings may have re-
sulted in research on passive windows, the latter being a
term less easily remembered if the user continues or restarts
the research weeks or months later. Their query formulation
may tend toward their original terminology rather than the
terminology used in pages accessed after the task evolved.

4. CONCLUDING REMARKS
Most of the ideas described in this work originated from

observations on a small number of very large query logs that
volunteers offered for our use. We would like to evaluate
them directly on a larger pool of user data, and invite the
comments and participation of the community. In particu-
lar, we would like to see more research emphasis on person-
alized ranking in the context of re-finding.

There are a number of related works that have inspired
this work. Several systems aim to improve document re-
finding by tracing users’ desktop activity, for example, by
detecting task relationships [3, 4]; our work would benefit
from these systems’ tracing approaches, and allow us to inte-
grate better task representations. The Re:search engine en-
hances web search by integrating previously accessed pages
into search results for queries with similarity to previously
issued queries [5]; we share a common goal, although we fo-
cus on determining which previously accessed pages to show
to users.
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