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Abstract
Web Search is increasingly entity-centric; as a large fraction of common queries target specific entities, search results
get progressively augmented with semi-structured and multimedia information about those entities. However, search
over personal Web browsing history still revolves around keyword-search mostly. In this paper, we present a novel
approach to effectively answer queries over Web browsing logs that takes into account entities appearing in the Web
pages, user activities, as well as temporal information. Our system, B-hist, aims at providing Web users with an
effective tool for searching and accessing information they previously looked up on the Web by supporting multiple
ways of filtering results using clustering and entity-centric search. In the following, we present our system and
motivate our UI design choices by detailing the results of a survey on Web browsing and history search. In addition,
we present an empirical evaluation of our entity-based approach used to cluster Web pages.

c© 2014 Published by Elsevier Ltd.
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1. Introduction1

Searching over one’s own personal browsing his-2

tory is useful to locate information that was previ-3

ously seen and that is once again needed. Often,4

when trying to remember some previously looked-5

up information, people rather search the Web in-6

stead of searching over locally stored files or over7

their Web browsing history. This is mostly due to8

the fact that search tools for the Web are more ef-9

fective than those available for desktop or browsing10

history search.11
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Web Search today is powered by semantic data:12

Search Engine Result Pages (SERPs) are enriched13

with structured content including pictures, maps,14

factual data—in addition to the standard links15

pointing to Web pages. This is possible thanks to16

structured knowledge bases and LOD datasets such17

as Freebase and thanks to semantic annotations of18

Web pages using, for instance, schema.org. Search19

over personal Web browsing logs is a related task,20

though it has in our opinion not yet received the full21

benefits of semantic techniques. Most browsers pro-22

vide a very limited keyword-based search over pre-23

viously visited pages, which has not changed much24

in the last 20 years.25

In this paper, we present a new system that lets26

users search over their personal Web browsing his-27

tory in a more effective way. The goal of our sys-28

tem, called B-hist (standing for ‘Better history’), is29

to bring entity-centric access to personal browsing30

1
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activities thanks to semantic technologies such as31

the ones we developed in our recent pieces of work32

[1, 2] for entity disambiguation and entity type se-33

lection.34

By mining entities in Web pages and leveraging35

their types to cluster pages in meaningful groups,36

we allow the user to access his/her Web history37

from multiple entry points: Users can type queries38

which get autocompleted with the entities men-39

tioned in their history. They also can filter results40

based on the time dimension thanks to a heat map41

calendar showing browsing activity over time, and42

by clicking on entity types or on clusters of coherent43

Web browsing sessions.44

The rest of the paper is structured as follows:45

Section 2 briefly summarizes work from related ar-46

eas and existing software aiming at enhancing the47

Web history search experience. Section 3 presents48

the different components of B-hist. Section 4 de-49

scribes the results of an online survey on Web50

browsing and history search based on more than 20051

participants. It also offers the results of our eval-52

uation of different approaches for clustering Web53

pages. Finally, Section 5 concludes the paper and54

highlights the main novelties of our system.55

2. Related Work56

In [3, 4] Cockburn and McKenzie show that 81%57

of the pages browsed by their sample of Web-users58

were actually re-visits of some page previously vis-59

ited. This provides a good motivation for research60

on Web browsing history. In particular, in [5] Mayer61

and Bederson present a system that allows the user62

to organize his/her browsing history in sessions,63

where a session is defined as a “meaningful unit in64

which somebody uses the Web with a more or less65

specific goal in mind”. The user of the system has66

to manually select the session he/she is working on67

(e.g., “organizing a conference”). The goal of B-hist68

is to automatically detect sessions and create corre-69

sponding clusters of Web-pages. While Mayer and70

Bederson’s system uses graphs representing connec-71

tions among pages to represent a session, in our UI72

we use a more user-friendly representation consist-73

ing of pictures of the main entities appearing in the74

session.75

In [6] the authors describe History-Centric76

Browsing (HCB): A system that displays informa-77

tion from Web browsing history pages which are re-78

lated to the Web page the user is currently watch-79

ing. In HCB, two pages can be related because80

they are visited one directly after the other, be-81

cause their content is similar, or because they are82

two different versions of a page with the same URL.83

We note that HCB does not take into consideration84

entities and their semantic relations in order to or-85

ganize the user’s browsing history.86

A more recent study [7] showed that navigation87

strategies vary drastically based on user habits.88

This is also confirmed by our survey, which shows89

that some features are more useful than others de-90

pending on how often people use Web history search91

functionalities.92

More recently, the Mozilla foundation has been93

working on a related system called Pancake1 whose94

goal is to integrate search results from browsing95

history, social streams, and Web search. While96

its focus is on integrating content from different97

sources, the system we propose rather aims at se-98

mantically enriching the search experience over per-99

sonal browsing history easing the access and recall100

of previously seen information.101

A commercial product related to B-hist is being102

developed by CottonTracks2 and provides a clus-103

tered access to personal browsing history. However,104

B-hist provides a much richer set of information ac-105

cess functionalities thanks to the semantic enrich-106

ment of one’s Web browsing history, which is its107

core competitive advantage.108

3. System Description109

Our system provides a multi-dimensional access110

to one’s personal Web history by letting users se-111

lect the desired pieces of information by means of112

several filters: temporal, entity-centric, and session-113

based. In the following we describe the main com-114

ponents of B-hist and its data processing backend115

architecture.116

3.1. System Components117

3.1.1. Chrome Browser Extension118

The initial data collection is handled by a Web119

browser extension3, which is responsible both to120

gather raw data from the user browsing activities as121

well as to let the user set preferences and to access122

the search dashboard of B-hist. Specifically, the123

1https://wiki.mozilla.org/Pancake
2http://cottontracks.com/
3At this point, we provide an extension for the Chrome

browser.
2
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settings of the extension allow the user to filter-out124

some domains as well as to allow/disallow https do-125

mains from being stored, indexed, and searched by126

the system. The extension also opens a new browser127

tab displaying the welcome screen of B-hist where128

the user can start looking for information in his/her129

browsing history (see Figure 1).130

3.1.2. B-hist Data Processing131

Once the raw HTML data is gathered from an ac-132

cessed page, it goes trough our TRank [2] process-133

ing pipeline (see Figure 2) where the main textual134

content is kept (using approaches from [8]), entities135

are extracted (using a Conditional Random Field136

approach trained on a news corpus [9]), and entity137

types are selected (using approaches from [2]). Such138

metadata on the Web pages is stored and indexed139

in B-hist (see Figure 2).140

To store and index data (e.g., timestamps and141

cluster information) we use both an inverted in-142

dex (i.e., Apache Lucene4) and a lightweight DBMS143

(i.e., SQLite). The raw HTML coming from the144

browser extension is however not stored in B-hist,145

as this would require too much storage on the long146

term.147

In parallel to the TRank pipeline, a batch process148

of session discovery and categorization is accessing149

the data from the browser and creating additional150

metadata grouping pages in coherent sessions with151

a common user intent.152

Clustering of Web Pages. Each Web page p is iden-153

tified by the list τ(p) of the top-n most frequent en-154

tity types associated to the entities it contains. In155

order to do this, B-hist exploits TRank [2] to rec-156

ognize named entities and to assign a unique entity157

type to each of them (e.g., Tom Cruise→ American158

Actor). Candidate entity types are those used by159

DBpedia, Freebase, and YAGO. Thanks to this, we160

can define the distance δ between two Web pages161

as162

δ(p0, p1) =

(∑
(t,t′)∈τ(p0)×τ(p1) dist(t, t′)

)
|τ(p0)× τ(p1)| (1)163

where dist(t, t′) is the distance between two en-164

tity types t and t′ in the TRank type hierarchy, and165

is defined as the sum of the number of steps in the166

hierarchy needed to reach their least common an-167

cestor starting from each one of them. We finally168

4http://lucene.apache.org/

use δ to cluster pages by using a variant of the k-169

means clustering algorithm in which the centroid170

of each cluster is a list composed by the n most171

frequent types identifying its sessions. The main172

property of the variation of k-means we use is that173

there is no need to specify the number k of clusters.174

Rather, we specify a threshold ∆ and, each time a175

page we want to cluster is further than ∆ from ev-176

ery existing cluster, a new cluster is created. With177

such approach we group together pages about sim-178

ilar entities creating thematic clusters for the user179

to browse.180

We analysed different values for ∆ over one181

browsing history of 7 days from one user. The num-182

ber of generated clusters is shown in Figure 3.183
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Figure 3. Number of clusters generated with different values
of the ∆ threshold.

Given the previous result, we select as value for184

Delta 6 which produces a reasonble number of clus-185

ters for B-hist users.186

3.1.3. B-hist Search Dashboard187

After the process described above, the Web188

pages’ contents and generated metadata are avail-189

able for search via the B-hist dashboard (see Figure190

1). The user is first presented with a summary of191

the latest two weeks of browsing activities. Each192

element of the dashboard serves both for filtering193

and for providing information as the information194

displayed in each component is updated dynami-195

cally after each click.196

User interactions are handled by four different197

components:198

• A search box powered by entity suggestion199

• A time-based focus with interval selection200

• An entity-centric filter201

3
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Figure 1. Welcome screen of the B-hist dashboard. The user has access to his/her browsing activities in the previous two weeks
aggregated over time, entities, and sessions.

• Groups of semantic sessions.202

The main entry point to search through one’s per-203

sonal browsing history is the familiar search box.204

The B-hist search box is powered by a query auto-205

completion feature that suggests entities appearing206

in the user’s browsing history based on the query207

he/she is typing in the box. Such a functionality208

can be used by users as a way to self-select the209

sessions they are most interested in. Thus, user-210

initiated session clustering becomes an alternative211

to the algorithmic clustering that B-hist precom-212

putes and proposes on its middle panel.213

A second possibility to filter results is based on214

the time dimension (left panel): the default view is215

on the previous two weeks but the user can change216

it by selecting a different interval in the calendar217

(with a minimum granularity of one day).218

The third option to filter results is to select an219

entity or an entity type in the left panel (below220

the calendar). Thanks to this panel, the user can221

specify which entity (or entity type) he/she is in-222

terested in and see the clusters, time periods, and223

URLs most relevant to it.224

The forth option to interact with the user history225

is the session clusters in the middle panel: first, the226

user is presented with a set of clusters which are227

relevant to the current filters. Then, if the user228

clicks on a cluster, he/she will be presented with229

the set of entities belonging to the pages in that230

cluster.231

The right panel of the dashboard contains a list232

of URLs ordered by access time which reflects the233

currently selected filters.234

Each update to the filters will automatically up-235

date the results in the other components of our user236

interface. We expect the user interaction with B-237

hist to finish either when the intended URL has238

been found and clicked (i.e., re-finding activity) or239

simply when the user identifies an entity or entity240

type he/she was trying to recall using B-hist.241

On-line availability. The system is accessible on-242

line at http://mem0r1es.io where we provide a243

screencast demonstrating the end-user B-hist dash-244

board. Moreover, for the purpose of judging our245

system at the Semantic Web Challenge, we provide246

access to an online deploy of the B-hist dashboard247

which allows to search over a fictitious browsing248

history. GD: decide if we want this249

4. Experimental Validation250

In this section we present the result of an on-251

line survey conducted to support design choices.252

Specifically, we asked more than 200 Web users253

which functionalities they would appreciate in a254

tool like B-hist. We also present an experimen-255

tal comparison of different clustering techniques for256

Web browsing sessions.257

4
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Figure 2. B-hist data processing architecture: First the raw HTML of a Web page visited by the user is provided by the
browser plugin. Next, the page is processed through boilerplate removal, named-entity recognition, entity type selection, and
clustered in an existing or new session. Then, the generated metadata is stored and indexed. Finally, sessions are clustered
together in semantically coherent groups. The user’s access to information happens via the B-hist dashboard.

4.1. On-line Survey about Web History Search258

In order to validate our design choices, we run259

an on-line survey involving more than 200 Web260

browser users5. In terms of demographics, our pop-261

ulation includes 74 female and 175 male users with262

average age of 29.8. The geographical distrubution263

of the population includes India with 144 users and264

USA with 67 users as most represented countries.265

In the survey, after some basic demographic ques-266

tions, we asked users about their Web browsing ex-267

perience (i.e., how much time they spend browsing268

the Web) and about their Web history search ex-269

perience (i.e., how frequently they search in their270

history). Finally, we asked to rate in a scale from 1271

to 5 (where 1 means useless and 5 means very use-272

ful) different new functionalities that could improve273

their Web history search experience. Moreover, we274

let the user provide other desidered functionalities275

as free text.276

5We recruited them on Amazon MTurk.

The majority of users declare to search in their277

browsing history more than once a day and to278

browse the Web more than 3h per day but less than279

8h per day. The different features we asked about280

in our survey are listed in Table 1.281

Figure 4, 5, 6, and 7 show the perceived utility282

of different functionalities to improve Web history283

search.284

We can observe that the most interesting features285

for users are Clusters and Sessions. These are two286

different approaches for grouping visited Web pages287

either on the topical dimension or based on coherent288

user activities. It is evident that users need to be289

supported in some way when searching over their290

browsing history as they access past information291

(also known as re-finding [10, 11]) remembering the292

topic or the activity they were carring on.293

These findings motivate our UI design choices294

where in the central panel we display clustered295

browsing sessions which are a possible starting296

point of the user interaction.297

5
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Sessions: group Web pages by related activities (e.g., buying a digital camera)
Entities: display the persons, locations, and organizations mentioned in the pages you have visited (e.g., Tom Cruise)
Calendar: display the browsing activity intensity over time (e.g., more on Sunday than on Friday)
Clusters: group of Web pages by topic (e.g., all pages about football)

Table 1. List of functionalities included in the on-line survey.

Figure 4. Utility of Sessions in Web History Search

Figure 5. Utility of Entities in Web History Search

Figure 6. Utility of Calendar in Web History Search

Figure 7. Utility of Clusters in Web History Search

6
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Contrary to our hypotesis, entity-centric infor-298

mation access of browsing history was not consid-299

eredy useful by as many users. Figure 8 shows the300

breakout of perceived utility of entities based on301

the user history search activity. We can clearly ob-302

serve that the more often users use browsing history303

search functionalities the more they perceive useful304

the ability to find information based on which en-305

tities are present in the browsed Web pages. More-306

over, entities are a key component of the clustering307

algorithms used by B-hist (see Section 3.1.2).308

In conclusion, the results of the survey we con-309

ducted supports our design choices to provide func-310

tionalities which are missing in current Web brows-311

ing history search as available in standard browsers.312

4.2. Evaluation of Browsing Session Clustering313

Here we compare different clustering strategies314

based on well-known methods against the algo-315

rithm described in Section 3. In order to perform316

such evaluation we built a tool that extracts the317

user browsing history, runs different clustering ap-318

proaches and shows the results to the user, who319

annotates the produced output thus creating rele-320

vance judgments for the clustring output. In this321

way we are able to ask users to evaluate different322

solutions without the need for them to disclose their323

browsing history to anyone.324

In particular, the methods we compare are:325

Tf-idf clustering, that is, the application of the326

k-means clustering algorithm to the term vec-327

tors representing each Web-page contained in328

the Web browsing history. Each term vector329

represents a Web-page and each of its compo-330

nents is the tf-idf weighting of a word appear-331

ing in the page. Stop words are removed and332

the remaining tokens are stemmed by the Lov-333

ing stemming algorithm.334

LDA-based clustering, that is, we use Latent335

Dirichlet Allocation (LDA) [12, 13] to create336

the clusters. In particular, we have as many337

topics as clusters and we assign each document338

to the cluster corresponding to the dominant339

topic in the page.340

B-hist clustering, the entity-centirc clustering341

approach proposed in Section 3.342

Notice that, while tf-idf and LDA clusterings re-343

quire a fixed number of clusters (the k used in k-344

means and the number of topics, respectively), B-345

hist clustering does not require such input. In or-346

der for our evaluation to be fair, we first run B-hist347

clustering and then we use the number of clusters348

it produces both as k in tf-idf as well as the number349

of topics in LDA.350

We applied the compared clustering algorithms351

over the last four days of browsing history for 5352

different people and asked them to judge the qual-353

ity of the generated clusters in a scale from 1 to 5354

(where 1 means vary bad and 5 means very good).355

The experiments was run on the user machine run-356

ning a script that takes the browsing history, runs357

all the clustering algorithms, and produces the jud-358

ing interface. Users then judge the cluster quality359

without knowing which cluster was generated by360

which algorithm. Clusters were displayed as a set361

of URLs with their HTML Title. Once finished,362

users sent back a generated file with cluster id and363

quality judgment pairs. In this way the browsing364

history remains private to the user who provides us365

with an assessment of clustering quality that allows366

us to compare the different clustering strategies.367

Table 2 shows the average rating given by the368

different users to the clusters generated by different369

approaches.370

From the previous experiment we have observed371

that the most appropriate clustering algorithm is372

tf-idf and we are thus using as component of B-hist.373

5. Conclusions374

In this document, we described B-hist: The first375

semantically-enriched Web browsing activity search376

end re-finding tool.377

The current version of B-hist runs on the user378

machine: In order to preserve his/her privacy, no379

data is ever sent to any third party. However,380

we envision a server-side version of the system us-381

ing scalable storage, indexing and processing tech-382

niques (e.g., Apache Solr and Hadoop as described383

in [2]). In such a setting, users would be shar-384

ing their browsing activities (as they already do385

by using any of the commercial Web browsers) and386

would obtain additional functionalities. For exam-387

ple, one could provide personal analytics function-388

alities (e.g., ‘How do I spend my time online?’) and389

recommendations using, for instance, collaborative390

filtering approaches that correlate data across sim-391

ilar B-hist users.392

We also envision a ‘forget’ functionality as not393

all information accessed online stays relevant on the394

7
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Figure 8. Utility of Entities based on Search activity. Utility is expressed on a scale from 1 to 5 where 1 means useless and 5
means very useful.

Algorithm A B C D E Avg
tf-idf 4.78 4.88 2.18 2.55 4.80 3.84
LDA 3.94 3.26 2.83 3.27 2.70 3.20

Entity-centric 4.17 4.33 1.38 2.78 3.95 3.22

Table 2. Average rating given by users to clusters generated by different algorithms (users are denoted by A, B, C, D, E).AT:
Add Michele’s eval?

long term. By analyzing user interaction with B-395

hist, the system would learn which type of infor-396

mation the user is most interested in and would397

consider other types of information as less impor-398

tant (i.e., similarly to the way in which the human399

memory works).400
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