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A bit about myself 

  1999-2008: Lecturer (assistant professor) to Professor at Queen 
Mary, University of London 

  2008-2010 Microsoft Research/RAEng Research Professor at the 
University of Glasgow (and lived outside London) 

  2011- Visiting Principal Scientist at Yahoo! Research Barcelona 

  Research topics 
  XML retrieval and evaluation (INEX) 
 Quantum theory to model interactive information retrieval 
  Aggregated search 
  Bridging the digital divide 
 Models and measures of user engagement 
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Outline 

 Motivation and Definition 
 Characteristics of User Engagement 
 Current measurements 

 Three main lines of research 
 Towards a taxonomy of models and metrics of 

user engagement 
 Effect of “stylistics” on user engagement 
 Beyond within-site engagement 

Motivation 

User engagement is a quality of user experience that 
emphasizes the positive aspects of interaction – in 
particular the fact of being captivated by the technology.  

Successful technologies are not just used, they are 
engaged with.  

A web interface that is boring, a multimedia presentation that does not 
captivate users’ attention or an online forum that fails to engender a sense 
of community are quickly dismissed with a simple mouse click.  

(O’Brian and Toms, 2008)   

User engagement is how we nurture and build a community. 
                   (John Byrne, Business Weeks’ online editor 2009) 
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Would a user engage with this page? 

Would a user engage with this page? 
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What is user engagement? 
“The emotional, cognitive and/or behavioural 
connection that exists, at any point in time and 
over time, between a user and a technological 
resource” 

New field of research stemming from the increasing 
interaction between users and web services and 
technologies 

Current work focuses on two aspects 
  What are the characteristics of user engagement? 
  How can we measure user engagement? 

- Subjective measures 
- Objective measures 

Characteristics of user engagement (I) 
• Users must be focused to be engaged  
• Distortions in the subjective perception of time used to 

measure it 
Focused attention 

• Emotions experienced by user are intrinsically motivating 
•  Initial affective hook can induce a desire for exploration, active 

discovery or participation 
Positive Affect 

• Sensory, visual appeal of interface stimulates, promote 
focused attention 

• Linked to design principles (e.g. symmetry, balance, saliency) 
Aesthetics 

• People remember enjoyable, useful, engaging experiences 
and want to repeat them 

• Reflected in e.g. the propensity of users to recommend an 
experience/a site/a product 

Endurability 
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Characteristics of user engagement (II) 

•  Novelty, surprise, unfamiliarity and unexpected 
•  Appeal to user curiosity, encourages inquisitive 

behavior and promotes repeated engagement 
Novelty 

•  Richness captures the growth potential of an activity 
•  Control captures the extent to which a person is able 

to achieve this growth potential 
Richness and control 

•  Trust is a necessary condition for user engagement 
•  Implicit contract among people and entities which is 

more than technological 

Reputation, trust and 
expectation 

•  Motivation, interests, incentives, and benefits 
•  Difficulties in setting up “laboratory” style experiments User context 

Forrester Research – The four I’s 
•  Presence of a user 
• Measured by e.g. number of visitors, time spent Involvement 

•  Action of a user 
• Measured by e.g. CTR, online transaction, 

uploaded photos or videos 
Interaction 

•  Affection or aversion of a user 
• Measured by e.g. sentiment analysis in blogs, 

comments, surveys 
Intimacy 

•  Likelihood a user advocates 
• Measured by satisfaction rating, forwarded 

content, invitation to join 
Influence 

Measuring Engagement, Forrester Research, June 2008 
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Peterson etal  Engagement measure – 8 indices 
 Click Depth Index: page views 
 Duration Index: time spent 
 Recency Index: rate at which users return over time 
 Loyalty Index: level of long-term interaction the user 
has with the site or product (frequency) 
 Brand Index: apparent awareness of the user of the 
brand, site, or product (search terms) 
 Feedback Index: qualitative information including 
propensity to solicit additional information or supply direct 
feedback 
 Interaction Index: user interaction with site or product 
(click, upload, transaction) 

Peterson and Carrabis. Measuring the immeasurable: visitor engagement,  
WebAnalyticsDemystified, September 2008  

Subjective measures 

Exploratory 
and Qualitative 

Studies 

•  Aim at defining the 
important characteristics 

•  Conducted on a small 
number of users 

Post-
Experience 

Questionnaire 

•  Measure engagement 
characteristics given an 
interactive experience 

•  Conducted over a 
representative (“large”)
sample of users 

Record a user’s perception (generally self reported) of the 
technology 

Two-part processes: 

 Increased use of crowd-sourcing based studies 
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Objective measures 
 Necessary  

•  To overcome the subjectivity of post-experience questionnaires 
•  To measure engagement over large populations and over time 

•  Ask a user to make some estimation of the passage of time during an 
activity. 

Subjective 
perception of time 

•  Involuntary body responses 
•  Eye trackers, mouse pressure, biosensors (e.g. temperature, pulse), 

camera 

Physiological 
measures 

• How well somebody performs on a task immediately following a period of 
engaged interaction 

Follow-on task 
performance 

•  An estimate of the degree and depth of visitor interaction against a 
clearly defined set of goals 

•  Based on web analytics (e.g. click-through rate, comments posted) 
Online behaviour 

• Relate system effectiveness and user satisfaction 
• Designing user models is an important and active research area 

Information Retrieval 
(evaluation)  

 Objective measures – Online activities 
   bounce rates, CTR, days since last visit, exit rate, 

entrance rate, frequency, number of new visitors, 
number of returning visitors, number of bookmarks (e.g. 
on Delicious), number of comments posted, number of 
content syndication (RSS), content contribution (adding 
a comment, adding a review, rating, uploading an image 
or video), number of repeated visitors, page views, time 
spent (dwell time), visits per visitors, number of tags (e.g. 
on Flickr), number of emailed and printed stories, 
number of Facebook likes, number of re-tweets, number 
of messages sent (instant, email), number of 
conversions (e.g. subscribing, buying), number of 
Facebook fan pages, number of search queries, 
common paths (e.g. from front page to mail tool then 
exit), external comments and reviews (for products), etc 
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Characteristics and measures 

S. Attfield, G. Kazai, M. Lalmas and B. Piwowarski. Towards a science of user engagement (Position Paper),  
WSDM Workshop on User Modelling for Web Applications, 2011. 

Diagnostic and what we can do 
Diagnostic: work exists, but fragmented. In 
particular: 
   What and how to measure depend on specific scenarios (services 

and goals) 
   Lack of understanding of how to integrate subjective and objective 

measures 

What we can do: 
   Explore mappings between objective and subjective measures 
   Relate small and large scale (user) experiments 

What I (we) have done: 
1.  (Towards) Models of user engagement 
2.  Stylistics and “engagement” 

  Saliency, attention and positive affect 
  Front page styles and downstream engagement 
  Automatic linking and reading experience 
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What I (we) have done … my vision 

Page stylistics 
  - layout 
  - saliency 
  - links 

user engagement  
within and across site 

Measurements 
  online analytics metrics (dwell time, …) 
  biometrics (eye-tracking, mouse tracking, …) 
  questionnaires, surveys 
  crowd-sourcing 

Goals 
  Models of user engagement 
  Metrics of user engagement 

Engagement types 
  attention 
  emotion 
  activity 
  popularity 
  loyalty 
  intent 
  functionality 

Models of user engagement 
 User engagement characteristics depend 

on the web application: 
  e.g. reading mail or browsing a news portal 

results in different types of engagement 
 Diversity of engagement 
 Models of engagement through clustering 

using various criteria 
 e.g. user types, temporal aspects 
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Data and Metrics 
Interaction data, 2M users, July 2011, 73 US sites 

Popularity #Users Number of distinct users 

#Visits Number of visits 

#Clicks Number of clicks 

Activity ClickDepth Average number of page views per visit. 

DwellTimeA Average time per visit 

Loyalty ActiveDays Number of days a user visited the site 

ReturnRate Number of times a user visited the site 

DwellTimeL Average time a user spend on the site. 

Models of Engagement 
•  6 general models 
•  Popularity, activity and loyalty are 

independent from each other 
•  Popularity and loyalty are influenced by 

external and internal factors  
  e.g. frequency of publishing new 

information, events, personal interests 
•  Activity depends on the structure of the site 

Models based on engagement metrics 

interest-
specific 

e-commerce, 
configuration 

periodic 
media 
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Diversity in Engagement 

Users and Loyalty 
  Sites have different user groups 
  Proportion of user groups is site-

dependent 

Time and Popularity 
  Site engagement can be periodic 

or contains peaks 

Engagement of a site depends on users and time 

mail, social 
media 

shopping, 
entertainment 

media 
(special events) 

daily activity, 
navigation 

media, 
entertainment 

Models of Engagement 

User-based [7 models] 
  Models based on engagement per 

user group 

Time-based [5 models] 
  Models based on engagement 

over weekdays and tweekend 

Models based on engagement metrics, user and time 

navigation game, sport hobbies, 
interest-specific 

daily news 

  Sites of the same type (e.g. mainstream media) do not necessarily belong to 
the same model 

  The groups of models describe different aspects of engagement, i.e. they are 
independent from each other 
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Models of user engagement – Recap 

 User engagement is complex and 
standard metrics capture only a part of it 
 Interaction between models 
 Interaction between sites 

 User engagement depends on users and 
time 

 First step towards a taxonomy of models 
of user engagement … and associated metrics 

“Stylistics” and User Engagement 

  Saliency, attention and positive affect 
  Can we influence two main characteristics of user 

engagement (attention and emotion)? 

  Front page styles and downstream 
engagement 
  Can we influence across-site engagement with front 

pages styles? 

  Automatic linking and reading experience 
  Can we help professional editors to entice 

engagement through click-through experience? 
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Saliency, attention and positive affect 
 How the visual catchiness (saliency) of 

“relevant” information impacts user 
engagement metrics such as focused 
attention and emotion (affect) 
 focused attention refers to the exclusion of 

other things 
 affect relates to the emotions experienced 

during the interaction 

 Saliency model of visual attention 
developed by Itti and Koch 

Manipulating saliency 

Task – Web page screenshot 	  Saliency	  maps	  
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Study Design 
  8 tasks = finding latest news or headline on celebrity or 

entertainment topic 
  Affect measured pre- and post- task using the Positive 

e.g. “determined”, “attentive” and Negative e.g. “hostile”, “afraid” 
Affect Schedule (PANAS)  

  Focused attention measured  with 7-item focused 
attention subscale e.g. “I was so involved in my news tasks that I 
lost track of time”, “I blocked things out around me when I was 
completing the news tasks” and perceived time 

  Interest level in topics (pre-task) and questionnaire 
(post-task) e.g. “I was interested in the content of the web pages”, 
“I wanted to find out more about the topics that I encountered on the 
web pages” 

  189 participants from Amazon Mechanical Turk  

Saliency and positive affect 
 When headlines are visually non-salient 

 users are slow at finding them, report more 
distraction due to web page features, and show a 
drop in affect 

 When headlines are visually catchy or salient 
 user find them faster, report that it is easy to focus, 

and maintain positive affect 

 Saliency is helpful in task performance, 
focusing/avoiding distraction and in 
maintaining positive affect 
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Saliency and focused attention 
 Adapted focused attention subscale from the online 

shopping domain to entertainment news domain 

 Users reported “easier to focus in the salient 
condition” BUT no significant improvement in the 
focused attention subscale or differences in 
perceived time spent on tasks 

 User interest in web page content is a good 
predictor of focused attention, which in turn is a 
good predictor of positive affect  

Saliency and engagement - Recap 

 interaction of saliency, focused attention, 
and affect, together with user interest, is 
complex 

 Next:  
 more “realistic” user (interactive) reading 

experience 
 bio-metrics (mouse-tracking, eye-tracking, facial 

expression, etc) 
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Users on a provider network of sites 
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Our data – used to “predict” 
  For each 50 most popular Yahoo! sites: 

  Sampled the front page once every hour during May 2011. 
 Generate two types of attributes for each site at each time and date: 

  Style of a page (location of links in the page, number and types of tags). 
  Site ID, time of day, date, weekday or not 

  Interaction data: 
  19.4M sessions recorded from approximately 265,000 users. 

  User and front page datasets joined by site, date and time 

Page styles provides good information to predict 
downstream engagement for many sites 

• Time of day 

• Number of (non-image/non-video) links to Yahoo! sites in HTML body 
• Average rank of Yahoo! links on page 
• Number of (non-image/non-video) links to non-Yahoo! sites in HTML body 

• Number of span tags (tags that allow adding style to content or manipulating 
content, e.g. JavaScript) 

•  10 sites with the highest correct prediction obtained average AUC of 0.67 (min: 0.60, 
max: 0.80), and average f-measure of 0.41 (min: 0.31, max: 0.54) 

•  Link placements and number of Yahoo! links can influence downstream engagement 
 Not new, but here shown to hold also across sites  

•  Links to non-Yahoo! sites have a positive effect on downstream engagement 
 Possibly because when users are faced with abundance of outside links they decide to 
focus their attention on a central content provider, rather than visiting multitude of 
external sites ???  
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Number of unique Yahoo! links (-) 

Number of (non-image/non-video) 
links to Yahoo sites in HTML body 
(+) 

Number of (non-image/non-video) 
links to non-Yahoo! sites in HTML 
body (+) 

Number of video links within the 
page (+) 

Three case studies 

Time of day (+) 

Weekend (-) 

Number of unique Yahoo!  links (-) 

Average rank of Yahoo! links on 
page (-) 

Number of paragraph tags (+) 

Number of image links to non-Yahoo!  
sites in the body of the HTML (-) 

Number of table elements (-) 

Average rank of Yahoo! links on page 
(-) 

Number of (non-image/non-video) 
links to non-Yahoo! sites in HTML 
body  (+) 

Sites Average 
downstream 
engagement 

Accuracy 
(AUC) 

Precision 

e-commerce 
news 
women-interest 

0.26 (+/- 0.31) 
0.15 (+/- 0.02) 
0.21 (+/- 0.06) 

0.63 
0.65 
0.72 

0.38 
0.37 
0.53 

Influencing engagement through links 

e-
commerce news 

women-
interest 

Downstream engagement 
Same site 
Other Y! site 
Non Y! site 

 0.03 
-0.09 
-0.10 

-0.31 
 0.20 
 0.04 

-0.27 
 0.22 
-0.25 

Dwell time 
Same site 
Other Y! site 
Non Y! site 

 0.51 
-0.61 
-0.51 

 0.78 
 0.38 
 0.52 

 0.82 
-0.68 
 0.80 

Correlations between the number of various links and the values of 
downstream engagement and dwell time 

• e-commerce: 
• Links have little effect on 
downstream engagement, but 
have on dwell time   

• news: 
• More news stories lead to more 
time spent on news  
• External links do not affect 
downstream engagement, but 
affect dwell time 

• women-interest:  
• Links to other Yahoo! sites can 
help increase engagement, but 
they may decrease dwell time 
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Downstream Engagement and Page Style – 
Recap 

 Optimize (Yahoo!) “linked” sites to work as a 
network, rather than separate sites 

 Changes in style can influence downstream 
engagement without hurting site dwell time 

 Each site has unique characteristics, and so it 
should be optimized separately 

 Next: mere correlation or causality?? 

Automatic linking and reading experience 
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LEPA: Linker for Events to Past Articles 
 LEPA is a a fully automated approach to 
constructing hyperlinks in news articles using 
“simple” text processing and understanding 
techniques 

Indexer 

•  Processes articles over 
a time period by 
extracting features from 
each article and storing 
them to facilitate faster 
retrieval 

Linker 

•  Identifies sentences that 
contain newsworthy events 

•  For each such event it 
retrieves from the index all 
the matching articles and 
links the top-ranked with the 
event 

Three-stage  
evaluation 

Pilot study 

Assessing reading 
experience 

Assessing links 

+ 
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Pilot study 
 Rating results: 

 Bad: 35.15% 
 Fair: 33.93% 
 Good: 20% 
 Excellent: 9.09% 
 Not Judged: 1.81% 

 With 63.03% of the links being good: 
 initial evidence that LEPA is not too far from the optimum 

achieved by human editors 

Professional editors 
   A collection of system-embedded 
   links (164 article-link combinations) 

   5-point Likert Scale: (i) bad, (ii) fair, 
   (iii) good, (iv) excellent, and (v) not 
   judged 

Assessing the links 
  664 participants recruited through MTurk; between-groups 

design (two groups) 
  Performance measured with precision, recall and f-measure, 

and as ground-truth participants’ scores 
  Precision = fraction of links (total=164) that received, in 

terms of relatedness, a score equal to, or greater than, 3 on 
a 5-point Likert scale 

System-Embedded Links 
(Group A) 

Manually-curated Links 
(Group B) 

Participant A Participant B Total Participant A Participant B Total 

Related to the main theme 80 69 149 89 84 173 
Related to subtopic 34 39 73 51 56 107 
Tangentially related 21 25 46 15 19 34 
Unrelated 25 27 52 8 2 10 
Other 4 4 8 1 3 4 
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Assessing the Reading Experience 
  120 participants recruited through MTurk; between-groups 

design (three groups) 
  Editors + two opposite “extremes” of LEPA:  

 System@0.0 [best at embedding newsworthy links & articles that 
provide interesting insights] 

 System@0.2 [best in terms of embedding the right number of links] 

good topical 
coverage informativeness broader 

perspective 
interesting 

insights 

good topical 
coverage 

link 
presentation content volume 

positive news 
reading 

experience 

Automatic linking and news reading 
experience – Recap 

 Even under realistic and uncontrolled conditions, 
performance of LEPA comparable to that of editors, 
and in some cases better 

 High precision threshold acts as a trade off for 
recall, and vise versa 

 High precision threshold leads to a better news 
reading experience: less is more 
  “They were too many, being mostly quite long, in some 
cases more than half the length of the main article, and 
sometimes they repeated the same identical information”  
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Recap ………………….… my vision 

Page stylistics 
  - layout 
  - saliency 
  - links 

user engagement  
within and across site 

Measurements 
  online analytics metrics (dwell time, …) 
  biometrics (eye-tracking, mouse tracking, …) 
  questionnaires, surveys 
  crowd-sourcing 

Goals 
  Models of user engagement 
  Metrics of user engagement 

Engagement types 
  attention 
  emotion 
  activity 
  popularity 
  loyalty 
  intent 
  functionality 
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