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Motivation

Previous work is largely survey-based and focuses and group-level
differences in online access

Goel, Hofman & Sirer (Microsoft Research) Who Does What on the Web June 5, 2012 2 / 20



Motivation

“As of January 1997, we estimate that 5.2 million
African Americans and 40.8 million whites have ever used
the Web, and that 1.4 million African Americans and
20.3 million whites used the Web in the past week.”

-Hoffman & Novak (1998)
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Motivation

Focus on activity instead of access

How diverse is the Web?

To what extent do online experiences vary across demographic
groups?
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Data

• Representative sample of 265,000 individuals in the US, paid
via the Nielsen MegaPanel1

• Log of anonymized, complete browsing activity from June
2009 through May 2010 (URLs viewed, timestamps, etc.)

• Detailed individual and household demographic information
(age, education, income, race, sex, etc.)

1Special thanks to Mainak Mazumdar
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Data

# ls -alh nielsen_megapanel.tar

-rw-r--r-- 100G Jul 17 13:00 nielsen_megapanel.tar

• Normalize pageviews to at most three domain levels, sans www
e.g. www.yahoo.com → yahoo.com,
us.mg2.mail.yahoo.com/neo/launch → mail.yahoo.com

• Restrict to top 100k (out of 9M+ total) most popular sites
(by unique visitors)

• Aggregate activity at the page category, demographic group,
and individual user levels
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Aggregate usage patterns

How do users distribute their time across different categories?
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All groups spend the majority of their time in the top five most
popular categories
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Aggregate usage patterns

How do users distribute their time across different categories?

     User Rank by Daily Activity
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Highly active users devote nearly twice as much of their time to
social media relative to typical individuals
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Group-level activity

How does browsing activity vary at the group level?
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Large differences exist even at the aggregate level
(e.g. women on average generate 40% more pageviews than men)
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Group-level activity

How does browsing activity vary at the group level?
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Younger and more educated individuals are both more likely to
access the Web and more active once they do
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Group-level activity

All demographic groups spend the majority of their time in the
same categories

Age
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Group-level activity

Older, more educated, male, wealthier, and Asian Internet users
spend a smaller fraction of their time on social media
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Group-level activity

Lower social media use by these groups is often accompanied by
higher e-mail volume
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Revisiting the digital divide

How does usage of news, health, and reference vary with
demographics?
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Post-graduates spend three times as much time on health sites
than adults with only some high school education
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Asians spend more than 50% more time browsing online news than
do other race groups
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Revisiting the digital divide

How does usage of news, health, and reference vary with
demographics?
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Even when less educated and less wealthy groups gain access to
the Web, they utilize these resources relatively infrequently
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Revisiting the digital divide

How does usage of news, health, and reference vary with
demographics?
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Controlling for other variables, effects of race largely disappear,
while education continues to have large effect
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Revisiting the digital divide

How does usage of news, health, and reference vary with
demographics?
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However, women spend considerably more time on health sites
compared to men
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Revisiting the digital divide

How does usage of news, health, and reference vary with
demographics?

Monthly pageviews on health sites

20 40 60 80 100

Female
Male

However, women spend considerably more time on health sites
compared to men, although means can be misleading
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Individual-level prediction

How well can one predict an individual’s demographics from their
browsing activity?

• Represent each user by the set of sites visited

• Fit linear models2 to predict majority/minority for each
attribute on 80% of users

• Tune model parameters using a 10% validation set

• Evaluate final performance on held-out 10% test set

2http://bit.ly/svmperf
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Individual-level prediction

Reasonable (∼70-85%) accuracy and AUC across all attributes

College/No College
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Individual-level prediction

Highly-weighted sites under the fitted models

Large positive weight Large negative weight

Female
winster.com

lancome-usa.com
sports.yahoo.com

espn.go.com

White
marlboro.com

cmt.com
mediatakeout.com

bet.com

College Educated
news.yahoo.com
linkedin.com

youtube.com
myspace.com

Over 25 Years Old
evite.com

classmates.com
addictinggames.com

youtube.com
Household Income

Under $50,000
eharmony.com
tracfone.com

rownine.com
matrixdirect.com

Table 2: A selection of the most predictive (i.e., most highly weighted) sites for each classification task.

College/No College

Under/Over $50,000
Household Income

White/Non−White

Female/Male

Over/Under 25
Years Old

AUC
!

!

!

!

!

.5 .6 .7 .8 .9 1

Accuracy
!

!

!

!

!

.5 .6 .7 .8 .9 1

Figure 7: Summary of model performance, indicated
by solid circles, for all demographic attributes. Pop-
ulation skew is given by x’s for comparison. Note
that higher AUC closely corresponds to lower Jac-
card similarity, as shown in Figure 6.

ear SVMs generate predictions of the form

ŷ(xi) = w · xi + b

where the predicted class is defined by the sign of ŷ(xi). To
guard against overfitting, SVMs seek the weight vector w
that maximally separates the positive and negative examples
in the training set. Specifically, SVMs optimize the loss
function

L(y, ŷ) = C
X

i

[1− yiŷ(xi)]+ + ||w||2

where [x]+ = (|x|+x)/2 indicates the positive part, and C is
a tunable parameter that balances model fit against gener-
alization. Users are randomly divided into an 80% training
set on which models are fit, a 10% validation set used to
select the optimal parameter C for each demographic at-
tribute, and a 10% held-out test set on which we evaluate
and report final performance.

Figure 7 summarizes our results for all five classification
tasks. The right panel displays the accuracy of predictions,
showing reasonable performance across all demographic di-
mensions, with slightly higher accuracies for age, sex, and
race—80%, 76%, and 82%, respectively—than for education
and income—70% and 68%. To help put these numbers in
perspective, Figure 7 also includes the overall population
skew for each demographic attribute, indicated by x’s (e.g.,
57% of the online population is female, while 76% is com-
prised of adults).

Given the substantial demographic skew, we also present
AUC—or area under the ROC curve—in the left panel of

Figure 7, a measure that effectively re-normalizes the ma-
jority and minority classes to have equal size. Intuitively,
AUC is the probability that a model scores a randomly se-
lected positive example higher than a randomly selected neg-
ative one (e.g., the probability that the model correctly dis-
tinguishes between a randomly selected female and male).
Though an uninformative rule would correctly discriminate
between such pairs 50% of the time, predictions based on
browsing histories are relatively reliable, ranging from 74%
to 85%. Thus, whether we measure performance in terms of
accuracy or AUC, we find that browsing activity provides a
strong signal for inferring individual-level demographic at-
tributes.

A benefit of linear models is the interpretability of the
weight vector w. In Table 2, we report a sample of the most
predictive (i.e., largest positively and negatively weighted)
sites for each attribute. For example, visiting the popu-
lar cosmetics company lancome-usa.com strongly indicates
that a user is female, while visits to the sports sites sports.
yahoo.com or espn.go.com are highly predictive of being
male. Interestingly, and perhaps less apparent, the collab-
orative gaming community site winster.com is also among
the highest weighted female-predicitive sites; closer inspec-
tion reveals that the site was created by a northern Cal-
ifornia housewife as an alternative to gaming destinations
that cater to young males. Analogously, visits to Coun-
try Music Television (cmt.com) are a strong indicator of be-
ing White, while visits to Black Entertainment Television
(bet.com) are a strong non-White indicator. Though visits
to highly weighted sites provide strong cues, we note that
many such sites are frequented by a relatively small frac-
tion of the population. Thus, model performance is likely
enhanced by the many weak signals from visits to popular
but less discriminating sites.

We next examine whether demographic differences in on-
line activity—as measured by predictive quality—persist as
we restrict to increasingly popular sites. As shown in Figure
8, models fit on as few as the top 1,000 sites perform only
marginally worse than those fit on all 114,000 domains (far
right)—in other words, even on these top sites, demographic
differences are relatively large. For example, in predicting
sex using the top 1,000 sites, AUC decreases only four per-
centage points, from 75% to 71%. That visits to popular—
and relatively heterogenous—sites are quite informative is a
testament to the aggregate strength of weak signals.
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Individual-level prediction

Substantially better performance when restricted to “stereotypical”
users (∼80-90%)
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Individual-level prediction

Similar performance even when restricted to top 1k sites

Number of Domains

AU
C

0.5

0.6

0.7

0.8

0.9

●

●

● ●

102 102.5 103 103.5 104 104.5 105

● Age
Sex
Race
Education
Income

Number of Domains

Ac
cu

ra
cy

0.5

0.6

0.7

0.8

0.9

●

●
● ●

102 102.5 103 103.5 104 104.5 105

● Age
Sex
Race
Education
Income

Goel, Hofman & Sirer (Microsoft Research) Who Does What on the Web June 5, 2012 16 / 20



Site-level skew

Proportion Female Visitors
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Many sites have skew close the overall mean, but there also
popular, highly-skewed sites
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Individual-level prediction

Proof of concept browser demo3

http://bit.ly/surfpreds

3Requires Firefox 3.6 or older
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http://bit.ly/surfpreds


Summary

• All demographic groups spend the majority of their time in
the same categories

• Highly active users spend disproportionately more of their
time on social media and less on e-mail relative to the overall
population

• Access to research, news, and healthcare is strongly related to
education, not as closely to ethnicity

• User demographics can be inferred from browsing activity with
reasonable accuracy
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Thanks. Questions?

sharadg@microsoft.com jmh@microsoft.com irmak@northwestern.edu
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