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ABSTRACT

Advertisers running display advertising campaigns often re-
quest actionable recommendations for booking the most ef-
fective new ad campaigns and improving the performance of
ongoing campaigns. Typically, the recommendations desired
by advertisers fall into two broad categories: improved per-
formance in terms of metrics like CTR, CPC, and CPA; and
increased reach, which is the number of unique users exposed
to the campaign. Account managers provide recommenda-
tions to advertisers based on their personal intuition of the
advertisers’ needs. This approach is not scalable and recom-
mendations are often not consistent across account managers
and advertisers. We developed a data-driven approach that
leverages historical ad campaign information and granular
user data coupled with the advertiser’s current campaign
objectives to make effective recommendations. This paper
presents the following key results:

1. A novel application of the PLSI algorithm for effec-
tively identifying neighbors of ad campaigns.

2. Application of large-scale collaborative filtering meth-
ods for making recommendations to optimize ad cam-
paigns.

3. Design of a complementary user segments algorithm to
significantly increase the reach of ad campaigns, while
maintaining or improving performance.

The key advantages of this method of producing recom-
mendations are scale: even small advertisers who do not
have dedicated account managers can leverage them, and
novelty: mining historical campaign and granular user level
interaction data enables discovery of non-obvious recommen-
dations.

Categories and Subject Descriptors

1.2.6 [Artificial Intelligence]: Learning; 1.2.1 [Artificial
Intelligence|: Applications and Expert Systems
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1. INTRODUCTION

Online display advertising is a popular method of adver-
tising on the internet. Display ads include graphical or ban-
ner ads in the form of images or rich media like flash or
mpeg that are shown to users alongside web content. At
Yahoo! we have developed tools to automatically provide
advertisers with a comprehensive platform to monitor and
optimize their display ad campaigns on the Yahoo! ad net-
work. A key feature of these tools is the ability to provide
actionable recommendations for booking the most effective
new ad campaigns and enhancing ongoing ad campaigns.
Account managers often provide recommendations to ad-
vertisers based on their domain expertise and personal intu-
ition of the advertisers’ needs. This approach is not scalable
and the recommendations are often not consistent across ac-
count managers and advertisers. Furthermore, the domain
expertise remains restricted to individual account managers
instead of getting assimilated by a larger set of managers.
In this paper we present a systematic data-driven approach
for generating actionable recommendations for display ad
campaigns. This approach has been deployed in production
at Yahoo! and is being used by account managers to make
recommendations to advertisers they manage.

Automated recommendation systems have been success-
fully used on e-commerce web sites like Amazon [12] and
Netflix [3, 10] to deliver personalized product recommen-
dations that suit the individual user’s tastes. Associations
Rules Mining [2] and Collaborative Filtering methods [8]
are extremely popular in recommendation systems. These
methods use historical user behavior - such as prior pur-
chases or product ratings - and analyze the relationships
between users and interdependencies between products to
identify new user-product associations. The prospect of us-
ing collaborative filtering to generate recommendations for
display advertising campaigns seemed promising wherein the
individual ad campaigns are analogous to users and the dif-
ferent display advertising products available for purchase are
akin to the products like books or movies. We present a
large-scale collaborative filtering based method for generat-
ing display advertising product recommendations. The al-
gorithms generate recommendations with respect to a neigh-
borhood of a given ad campaign to ensure that the provided



recommendations are relevant to the ad campaign. We use
a machine learning approach - Probabilistic Latent Seman-
tic Indexing (PLSI) [9] - to automatically learn and gener-
ate the neighborhood of each ad campaign. PLSI and its
variants have been used very effectively in the information
retrieval literature to identify similar documents. We use
PLSI to identify similar ad campaigns. Further, the gener-
ated recommendations are filtered by key criteria - perfor-
mance, novelty, popularity, inventory availability, and price
to ensure that the most relevant recommendations capable
of improving ad campaign performance are surfaced to ad-
vertisers.

Whereas PLSI recommendations are optimized for im-
proving performance, advertisers also seek recommendations
to increase the reach of their display ad campaigns while
maintaining or improving performance. The reach of an ad
campaign is the number of unique users that are exposed to
the relevant advertisements. The recommendations gener-
ated by collaborative filtering systems are by design based
completely on advertisements run in the past. As a result,
the recommendations only include display ad products that
were historically purchased by the advertisers. Significantly
increasing the reach of an ad campaign mandates looking be-
yond products that were purchased previously and exploring
new or formerly unexplored products. A challenge in con-
sidering previously unused products is the lack of historic
performance data. This paper describes the complementary
user segments algorithm for effectively exploring these new
products and robustly estimating their performance.

Audience segmentation for more effective ad targeting has
been extensively studied in the market research literature.
The Nielsen Claritas PRIZM provides a broad segmenta-
tion of the US population based on consumer behavior, geo-
graphic, and demographic data [1]. The explosive growth of
the internet in the past decade has opened up tremendous
opportunities for marketers to target their ads online. Tra-
ditional advertising based on geographic and demographic
segmentation and contextual relevance [5] has been effective
in online advertising. Further, recent work has shown how
targeting approaches based on more granular user data like
behavioral targeting [7, 16] and social targeting [14] can be
effectively applied to online display adverising. These meth-
ods focus on building effective models for targeting the dis-
play ads to right users.

A typical display advertising campaign will include a com-
bination of several of the above segmentation and targeting
approaches. For example, a campaign may focus on women
between the ages of 25 and 44 who visit the Yahoo! Shine
property. This campaign combines a demographic segmen-
tation — women between ages 25 and 44 with contextual
segmentation — users visiting Yahoo! Shine. The number
of such combinations of user segments is very large. We
propose approaches for generating recommendations of user
segments that can be targeted by advertisers with specific
performance and reach goals in mind. More importantly,
the recommendations are produced automatically at scale
so that they are available even to small advertisers who do
not have dedicated account managers. To the best of our
knowledge, this is the first published work on automated,
large-scale recommendations for display advertising.

The key contributions of this paper are:

1. A novel application of the PLSI algorithm for effec-
tively identifying neighbors of ad campaigns.

2. Application of large-scale collaborative filtering meth-
ods for making recommendations to optimize ad cam-
paigns.

3. Design of a complementary user segments algorithm to
significantly increase the reach of ad campaigns, while
maintaining or improving performance.

The remainder of the paper is organized as follows: Sec-
tion 2 presents an overview of the terminology and the no-
tation used in the paper. Section 3 motivates the need for a
data-driven approach to producing recommendations. Sec-
tion 4 describes the machine-learning approach to identify
neighbors of an ad campaign. Section 5 presents the statis-
tical hypothesis-based and large-scale collaborative filtering
approaches for making campaign-specific performance rec-
ommendations. These algorithms are applied to the PLSI
neighborhood of the campaign of interest. Section 6 de-
scribes the complementary user segments algorithm for mak-
ing recommendations that increase user reach while main-
taining campaign performance. Section 7 concludes with a
summary and directions for further research.

2. TERMINOLOGY

A display ad campaign is also called an insertion order
(I0). We will use the two terms interchangeably. Let I de-
note an IO. I is a collection of lines denoted by I1, I, . .., I,
where m is the total number of lines in I. A line completely
specifies the positioning and targeting of a single advertise-
ment. Lines are instantiations of line profiles (denoted by
P), where each line profile specifies placement attributes and
user targeting attributes. Placement attributes specify the
property, which is the web page on which the ad is displayed,
and the position, which indicates indicates where on the web
page the ad is shown. For example, an ad at with “property
= autos” and “position=North” indicates that the ad should
be shown on the Yahoo! Autos webpages (with content re-
lated to cars), in the North position, which is the ad dis-
played near the top of the page. Other properties include
Yahoo! Mail, Finance, and News. The property Network is
used to denote the collection of all properties in the network.
User targeting attributes include geographic location (e.g.,
state and country), user interests according to the Yahoo!
behavioral targeting (BT) taxonomy (e.g. users interested
in Automotive) and user-declared demographic attributes
(age and gender). Any single placement or user targeting
attribute is a feature-value pair denoted by FV and is rep-
resented as (f = v) where, f is the type of the feature and
v is its value. For example, F'V = (property = Autos/Ford
Trucks) is a feature-value pair where the feature is the place-
ment attribute property and the value is the list of pages
related to Ford Trucks on the Yahoo! autos pages. A line
profile P is represented as a conjunction of feature-value
pairs. i.e., P=FVi AN FVo A ... A\ FVi, where k is the total
number of feature-values specified in P. In this presenta-
tion, A and B are also used to denote line profiles. A user
segment Up is the set of users that satisfy all attributes of
a line profile P.

Table 1 provides example lines from an IO booked by an
automotive dealership.

Any feature-value pair (F'V') left unspecified in a line pro-
file P implies that all values for the corresponding feature
value pair F'V are admissable. For example, the line I; in
Table 1 does not contain an entry for the feature gender, in-
dicating that the ad can be shown to both men and women.

3. PERFORMANCE AND REACH REC-
OMMENDATIONS: MOTIVATION

The space of attributes defining a line profile is the cross-
product of the placement attributes and user targeting at-



line | line profile

I | (property = Network) A (position = North) A (age = young OR middle age) A (geo = US) A (BT = Automotive)
I | (property = Mail) A (position = Large Rectangle) A (geo = US) A (BT = Life-stage/Parenting and Children)
Is | (property = Autos) A (position = North) A (geo = US)

Table 1: Example IO for an automotive dealership in Northern California.

tributes. Given that each individual attribute in the cross-
product can take on multiple values (a hierarchy of values
in the case of geo locations and BT segments), the space
of possible line profiles is extremely large (greater than 10
billion). Very few nodes (of the order of a few 10’s of thou-
sands) from this large space have actually been explored
by advertisers in the form of historically booked lines. Ad-
vertisers seek recommendations for line profiles that they
should book in order to either improve the performance or
increase the reach of their campaigns. Performance recom-
mendations are geared towards optimizing campaign perfor-
mance (in terms of metrics like CTR, CPC, or CPA). More
specifically, performance recommendations are of two types:
1-D recommendations [4] that comprise of a single feature
value pair (e.g., gender = Female) and full product recom-
mendations [13] that recommend a line profile (e.g., (prop-
erty = Mail) A (position = North) A (geo = US) A (BT =
Sports/Snow)). Reach recommendations [6] are designed to
substantially increase the number of unique users reached
by ad campaigns, and are in the form of new line profile
recommendations. Some example 1-D recommendations are
shown in Table 2, while example full product recommenda-
tions are shown in Table 3.

4. PLSI BASED CAMPAIGN NEIGHBOR-
HOOD GENERATION

Collaborative filtering approaches are popular for gener-
ating recommendations [15] and can be leveraged to making
recommendations of display advertising products to adver-
tisers. The straight-forward approach of generating recom-
mendations based on all advertisers and all the display ad-
vertising products they purchased in the past tends to pro-
duce recommendations that are overly generic and at times
inappropriate for specific advertisers. This is because adver-
tising campaigns have very different objectives and might
need to reach very different audiences to be effective. For
example, recommendations that might be appropriate for
automotive advertisers might not be suitable for consumer
packaged goods advertisers. For recommendations to be rel-
evant, they need to be generated with respect to a neigh-
borhood of a given ad campaign. The neighborhood of an
ad campaign is defined as a set of similar ad campaigns.
Identifying the neighborhood of an ad campaign is challeng-
ing. Manual specification of the neighborhood of each ad
campaign is not scalable. Further, the simple approach of
grouping together ad campaigns from all advertisers belong-
ing to the same product vertical (e.g. consumer electronics)
would be inappropriate because large advertisers run multi-
ple campaigns spanning several different brands or product
lines, each with different objectives. In this paper we pro-
posed using a machine learning approach - Probabilistic La-
tent Semantic Indexing (PLSI) [9] - to automatically learn
and generate the neighborhood of each ad campaign. PLSI
and its variants have been used very effectively in the in-
formation retrieval literature to identify similar documents
by clustering documents based on latent topic distributions.
We use PLSI to identify similar ad campaigns. A campaign
is represented as a collection of the words derived from its

constituent line profiles. For example, the campaign run by
an automotive dealership shown in Table 1 is represented as
a collection of terms: Network, Mail, Autos, North, Large
Rectangle, young, middle age, US, Automotive, Parenting
and Children. We treat I0s I as documents and terms from
the lines as words w and use the PLSI method to represent
each IO as a distribution over latent topics T as follows:

P(T|1) = 3" P(Thw, I)-P(w) = P(leT;(j(;;}) - P(T)

Assuming that the campaigns and words are conditionally
independent given the topic, this reduces to

p(rin = 3 P PO Pl PT)

w

For each campaign, PLSI estimates the probabilities of
latent topics that may have given rise to the specific cam-
paign lines. See [9] for details on estimating the probabil-
ities of the model. The similarity between two campaigns
is then measured using the Jensen-Shannon distance [11],
from information theory, between the topic probability dis-
tributions of the two campaigns. If P and @ are discrete
distributions over terms 7', this is:

1 P(T) Q(T)

= P(T)log ——— T)log —————"———
2 2 P8 1) 1 gy 0 o) + o)
For the purpose of the experiments presented in this paper
the number of topics T was set to 50. We define the neigh-
borhood of a campaign as the K campaigns that are most
similar to the given campaign.

Each topic is a collection of words in the campaign. In an
example from a PLSI model of real campaigns, the words
(and corresponding weights) with the 5 highest weights in
one cluster are finance (0.25), loan (0.24), mortgage (0.17),
US (0.06), and deposit (0.05), which are related to the topic
of finance. In another cluster, the words with the 5 highest
weights are sport (0.43), fantasy (0.10), nfl (0.10), ncaab
(0.03) and mlb (0.03) which are common words related to
the topic sports.

For each IO I, let N' denote the set of neighboring cam-
paigns (I0s) generated by PLSI. We identify the K closest
neighboring campaigns, rank-ordered by their distance from
this campaign and denote them by N{,...,Ni. For the
purpose of our experiments we empirically found K = 150
to give good performance recommendations. Let CTR(I)
denote the CTR of I0 I. CTR(I) is the ratio of the number
of total clicks to the number of total views on all lines of I.
The CTR of an individual line I,,, is denoted by CTR(I,).
Analogously, define CTR(I,FV) as the mean CTR of all
lines in IO I whose line profile contains feature-value F'V;
CTR(N!,FV) as the mean CTR, of all lines among the set
of neighbors of 10 I whose line profile contains feature-value
FV; and CTR(Up) as the mean CTR of the user segment
Up (the set of users whose characteristics satisfy the at-
tributes of the line profile P). The standard deviation of
the CTR of lines in IO I is denoted by o(CTR(I,FV)).
Similarly, o(CTR(N', FV)) is the standard deviation of the



Recommendation Advertiser Cat- | Feature-Values in Campaign Feature-Values Recommended
Type egory
1-D (hypothesis test- | Consumer Elec- | (property = tv), (property = | (property = entertainment)
ing) tronics launch.com), (property = sports)
(BT = Technology/Consumer Elec- | (BT = Entertainment/Music)
tronics/Home Video), (BT = Enter-
tainment/Television), (BT = Enter-
tainment/Movies)
Mortgage (BT = Finance/Real- | (BT = Finance/Loans/Mortgage)
estate/Residential Purchase)
1-D (affinity) Consumer Elec- | (propery = tv), (property = | (property = movies), (property =
tronics launch.com), (property = sports) games)
Mortgage (property = mail), (property = my), | (property = finance), (property =
(property = network) real estate)
(BT = Finance/Real- | (BT = Finance/Loans/Mortgage)
estate/Residential Purchase)

Table 2: Example 1-D performance recommendations

Recommendation Advertiser Cat- | Line Profile in Campaign Line Profile Recommended
Type egory

Full product (hypoth- | Consumer Elec- | (property = games) A (position = | (property = movies) A (position =
esis testing) tronics Sky) A (country = US) Large Rectangle) A (country = US)

Mortgage (property = network) A (position | (property = real estate) A (position
= Large Rectangle) A (BT = Fi- | = North) A (country = US)
nance/Real Estate/Residential Pur-
chase) A (country = US)

Full product (affinity) | Consumer Elec- | (property = mail) A (position | (property = entertainment) A (posi-
tronics = North) A (BT = Entertain- | tion = North) A (country = US)
ment,/movies)

Mortgage (property = network) A (position | (property = network) A (position
= Large Rectangle) A (BT = Fi- | = Large Rectangle) A (BT = Fi-
nance/Real Estate/Residential Pur- | nance/Loans/Mortgage) A (country
chase) A (country = US) = US), (property = real estate)

A (position = Large Rectangle) A
(country = US)

Table 3: Example full product performance recommendations

CTR of all lines among the set of neighbors of 10 I whose
line profile contains the feature-value FV; and o(CTR(Ip))
is the standard deviation of the CTR of the user segment
Up.

S. PERFORMANCE
TIONS

We present two approaches for generating performance
recommendations — a statistical hypothesis testing based
strategy and a large-scale collaborative filtering strategy for
identifying better performing frequent itemsets [2]. Both
approaches generate a candidate list of recommendations.
These recommendations are filtered to ensure that the rec-
ommendations presented to the advertiser are maximally
useful. The filtering criteria implemented are:

RECOMMENDA -

1. performance: the recommended products must have a
certain level of historical performance in terms of click-
through rate (CTR) on displayed banners, or the cost
to advertiser per received click (CPC), or a specified
cost per action (CPA)

2. novelty: the recommended products should not have
been booked by the advertiser in the past in a different
campaign

3. popularity: the recommended product should have
been adopted by a certain minimum number of ad-
vertisers and should have served a certain minimum
number of impressions.

4. availability: the recommended products should have
sufficient amount of inventory available to meet the
advertiser’s desired reach goals.

5. price: the recommended product should be priced in
line with the advertiser’s budgetary constraints.

The above criteria are incorporated as post-filtering rules.
The recommendations after applying the filters are rank-
ordered in descending order of historical performance and
presented to the advertiser.

The following sub-sections describe two types of perfor-
mance recommendations: (i) I-D recommendations that rec-
ommend a single placement or user targeting attribute FV
pair and (ii) full product recommendations that recommend
a complete line profile.

5.1 1-D recommendations

In what follows, we describe two different recommenda-
tion algorithms, based on hypothesis-testing and frequent
itemsets. The overall flow in both these approches is simi-
lar, namely, generating a set of candidate recommendations



through a search in the neighborhood followed by applica-
tions of heuristically derived filters. We use CTR as the ex-
ample performance metric in the discussion below; the steps
are identical for other performance metrics. Note that the
absolute values of the performance metrics are, in general,
sensitive to a number of other parameters including the cate-
gory of the advertiser, how appealing the ad creative is, etc.
In such cases, the performance metrics should be suitably
normalized to be comparable across different campaigns.

5.1.1 Hypothesis-testing based recommendations

Hypothesis-testing based recommendations are generated
by identifying better-performing F'V's in the neighborhood of
the IO I of interest. For each unique F'V in the neighboring
campaigns, the performance of lines containing the FV is
compared against the performance of lines not containing
the same FV.

Performance Normalization: CTR and other perfor-
mance metrics vary widely across different web-sites, cam-
paigns, and even positions on which the ad is displayed,
making it essential to normalize for this intrinsic variation
before comparing across different lines and campaigns. We
normalize the CTR to the CTR of a given line relative to the
overall campaign performance as well as the overall CTR of
the F'V under consideration. For a given Feature-Value F'V,
10 I, and line I,

CTR(I,)
w-OTR() + (1 —w)-CTR(FV)’

CTRno'r'm,FV (Im) =

where CTR(I,) is the CTR of line I, (in IO I) and
CTR(FV) is the average CTR of all lines that contain FV.
The parameter value w = 0.5 is determined empirically.

The intuition behind normalizing by CTR(FV'), which is
the CTR of all lines with F'V in the entire data set, is to
ensure that we do not simply recommend F'Vs that have
high baseline performance, but rather FV's that perform
particularly well in the specific context of the neighborhood.

CTR Z-score Computation: The Z-score measures the
difference between the mean values of two different sets of
observations, normalized by the individual group variances.
Essentially, the Z-score is a measure of confidence that the
two means differ. We utilize this measure to select only
the feature-values that contribute towards improved 1O per-
formance with high statistical significance. Each candidate
Feature-Value recommendation F'V for 10 [ is scored us-
ing a weighted sum of Z-scores of the difference in perfor-
mance of lines with the F'V and lines without the F'V in the
neighborhood (Z(N*, FV,I)) as well as within 10 I itself
(Z(1, FV, 1)):

Z(FV,I) = aZ(N',FV,I)
+ (1 —a)Z(I,FV,I)
where
Z(X,FV,I) =
CTR(X,FV)—CTR(X,FV)
VVAR(X,FV)+VAR(X,FV)

where @ = 0.25 is an empirically tuned parameter. In the
above computation, CTR(NT, FV) denotes the weighted
mean CT Ryorm,rv (Im) of the lines I, in the neighborhood
of IO I that contain the feature value F'V. The weight w NI

is proportional to the reciprocal of the rank k of the neigh-
bor. CTR(N', FV) denotes a similarly computed weighted
CTR of lines in the neighborhood that do not contain F'V.

Variances in CTR of lines with FV, VAR(N', FV), and
without, VAR(N', FV), are computed analogously.

Recommendation Output: The candidate feature-
value pairs F'V are filtered based on the criteria described
above and the surviving recommendations are presented to
the advertiser in descending order of Z(FV,I).

5.1.2  Frequent itemset based recommendations

While the hypothesis testing based strategy recommends
FVs that are popular and successful in the neighboring 1Os,
the frequent itemset based approach brings more context
into the recommendations by recommending items from sets
that contain F'V's that are already used.

Frequent itemset mining usually operates on a set of trans-
actions and items in each transaction. In its prototypical
application, a transaction is a customer purchase of a bas-
ket of individual items; frequent itemset mining typically
identifies frequently co-occuring items in the purchased bas-
kets of several different transactions. In our application,
each neighboring I0 N{ of 10 I is considered a transaction;
the F'Vs in N{ are the items in the basket. Frequently co-
occurring F'V pairs in neighboring campaigns are identified
through the frequent itemset mining algorithm [2]. Since
the frequent itemsets for a campaign I are computed using
only the neighboring IOs, the recommendations tend to be
specific and relevant to I. From each frequent item pair
(FVu, FV,) where FV,, was used within the campaign I but
F'V,, was not, the feature value F'V, is dientified as the can-
didate recommendation.

The candidate recommendations are filtered by the the fil-
tering rules described above and the surviving recommenda-
tions are ranked ordered in descending order of the historical
performance and presented to the advertiser.

5.2 Full Product Recommendations

5.2.1 Hypothesis testing based recommendations

Statistical hypothesis testing based recommendations for
full-products are similar to the 1-D recommendations, in
that we search in the neighborhood for better performing
lines. Instead of selection through Z-scores of differences
in CTR estimates, lines that outperform the mean CTR of
their respective IOs by specified thresholds are selected for
recommendation. The algorithm for producing full product
recommendations is as follows.

e For every line profile P in N{, add P to the recom-
mendation candidate set if lines with this profile in
the neighborhood have a higher performance than the
average performance of all lines

1. in this campaign: CTR(N}, P) >
CTR(I) +~vo(CTR(I))

2. with this profile: CTR(N{, P) >
CTR(P) + 60(CTR(P))

3. v =0.8 and 6 = 0.8 are chosen empirically.

e Filter the candidate line profiles using the post-filtering
rules described above.

5.2.2  Frequent itemset based recommendations

The frequent itemset based full profile recommendation
algorithm is identical to its 1-D counterpart, except that
each item in the transaction sets (i.e., elements in itemset for
each neighboring I0) is a line profile P instead of individual
Feature-Value F'V.



5.3 Experimental Results

Evaluating the quality of recommendations is a challenge.
The ultimate proof of the concept is in monitoring the per-
formance and reach of the recommendations that are used
to book lines in display advertising campaigns. However,
advertisers would first like to see some offline metrics to con-
vince them to use the recommendations in actual campaigns.
We used data from historical campaigns run by advertisers
over a two year period to generate recommendations. The
total number of campaigns used after filtering out test and
internal marketing campaigns was of the order of hundreds
of thousands. Tables 2 and 3 show several actual recom-
mendations produced by the algorithms. We set the values
of the various parameters in the algorithms to provide rec-
ommendations that are intuitively appealing based on our
domain knowledge of these campaigns. We reviewed these
recommendations with several account executives, who pro-
vided several campaign insights that helped to better tune
the heuristics components of the algorithms. However, this
approach is neither scalable nor quantitaive for evaluating
the quality of the recommendations.

We used the following strategy for offline quantitative
evaluation of recommendation quality. The historical cam-
paigns over the two year period were split by time into a
train set and a test set. Capmaign lines that ran in the
first 23 months were part of the training set and the lines
that ran in the last one month were part of the test set.
The neighborhood of each campaign and the correspond-
ing recommendations were generated using only the train-
ing set. The performance of recommendations that actu-
ally appeared in the test set (i.e., the recommendations had
been independently used by the advertiser in the campaigns
during the test period) was evalauted. The following two
quality measures were evaluated — (i) Lift, which is the ratio
of the CTR of the recommendation over the mean CTR for
the campaign and the (ii) percentage of Good Recommenda-
tions, which is the percentage of all recommendations whose
performance was better than the mean CTR for the cam-
paign. Table 4 shows the results for the 1-D and full-product
recommendations. In this table, Lines is the number of lines
in the test set that had used a recommended 1-D FV pair,
10s is the number of campaigns with at least one match-
ing recommendation, Improved I0s denotes the percentage
of matching 10s where the recommendation produced a lift
above 1, and Lift and Good Recommendations are the met-
rics defined above. Note that in Table 4 the number of lines
and IOs have been anonymized for confidentiality. The rela-
tive proportion of lines and IOs for which recommendations
are produced by each of the methods, the lift, and the per-
centage of good recommendations is preserved.

The above offline evaluation approach may appear to be
optimistic since only the recommendations that were inde-
pendently booked and run by the specific advertiser were
used for evaluation. How the other recommendations that
were not booked and run by this advertiser would perform is
not known for the specific advertiser’s campaign. However,
we do know from historical data that these lines had per-
formed well when booked in campaigns that are neighbors
of the specific advertiser’s campaign, and hence we can rea-
sonably expect these recommendations to perform well for
this advertiser as well.

Table 4 shows that the statistical hypothesis testing based
method and the affinity based method produce a signifi-
cantly large number of non-overlapping recommendations.
Thus, taking the union of the sets of recommendations from
both these approaches results in a larger total number of
recommendations that also perform well.

6. COMPLEMENTARY USER SEGMENTS
FOR REACH RECOMMENDATIONS

The algorithms presented in Section 5 are designed to im-
prove campaign CTR performance. These fine-grained tar-
geting recommendations can provide superior performance,
but the available user inventory for such targeting profiles
may be too small to fulfill the advertiser’s demands for the
number of users exposed to the campaign. Furthermore,
the above algorithms generate recommendations based on
what has been successfully tried in the past, but cannot gen-
erate novel recommendations. In this section, we describe
the Complementary Segments algorithm that addresses both
these concerns: it explicitly considers reach by leveraging
user-level clickstream data to consider line profiles that have
not been run in past campaigns.

Ads are manually categorized into one or more of the in-
terest categories in the BT taxonomy, which we refer to as
the ad category. Consider an advertiser who targets a user
segment U4 satisfying a line profile A with an ad of category
C. The number of users who satisfy this profile is the reach
of the profile. The reach may be too small or may even be
booked by other advertisers and be completely unavailable
for new advertisements. A complementary segment is a set
of users Up satisfying a line profile B, such that

1. targeting Us and Up substanially increases the reach
over targeting U alone and

2. the additional unique users garnered by targeting Up
offer similar performance, (as measured by CTR) to
Ua on ads belonging to category C.

Figure 1 illustrates the approach using an example. Suppose
an advertiser is targeting ads with category C = Autos with
line profile A = (Property = Sports). The targeted segment
U is represented by the blue oval. This segment has an av-
erage CTR of 2% on category C' = Autos. The segment Up
comprising of users targeted by the line profile B = (Prop-
erty = Mail) A (Gender = Male) A (BT = Autos/Sports
cars) is represented by the yellow oval. Users in the inter-
section of segments, Ua N Up, have a CTR of 2.652% on
Autos ads on the Sports property. The segment Up \ Ua
has a CTR of 4.652% (i.e., 4.6 times higher CTR) on Autos
ads on the Mail property. Furthermore, [Ug\Ua| > 0.2|U4].
Usg is thus a complementary segment of U4, since it provides
an additional reach of 20% over A and has comparable (in
this case, superior) performance to A on Autos category ads.

Remark This analysis does not require the segments A
and B to have been booked in the past. Typically, sev-
eral ads of category C will be shown to a large set of users
that can be considered “random”. Thus, for any arbitrary
segments A and B that are sufficient large, many of these
random users that view a category C' ad will happen to be
in segments A or B. Therefore, complementary segments
analysis is indeed capable of producing novel recommenda-
tions.

6.1 Algorithm

Define CTRc(U) to be the CTR of users in the set U
on ads of category C'. Our main algorithm requires five
input parameters (X,Y, Z, N, R) that control the quality and
number of recommendations produced by the algorithm.

1. For each ad category C' and user segment A of interest,
identify candidate line profiles B. The candidates B
are chosen through an exhaustive search through pos-
sible segments and pruning those segments that do not
contain a preset minimum number of users.



1-D Recommendations

Recommendation Strategy Lines | I0s | % Improved IOs | Lift | % Good recommendations
Hypothesis-testing based (a) x y 76% 1.70 69%

Frequent itemset-based (b) 0.34z | 0.75y 90% 2.02 74%

Union of (a) and (b) 1.34z | 1.70y 85% 1.91 2%

Full Product Recommendations

Hypothesis-testing based (a) x y 88% 5.7 74%

Frequent itemset-based (b) 0.55z | 0.66y 72% 1.94 69%

Union of (a) and (b) 1.45z | 1.3y 80% 4.5 70%

Table 4: Performance evaluation of performance based recommendations

Property=sports, Gender=Male,

BT=Autmetive/Sports Car

Property = Mail, Gender=Male,
8T=Automotive/Sports Car

Property=sports

CTR: 2.65x% CTR: 4.54x%

CTR:Aand B CTR:B\A

Figure 1: Example complementary segments

2. Large incremental reach: Retain only those B such
that |[Up \ U4 is greater than a pre-specified threshold
R.

3. For each remaining B, compute metrics, CT Rc(Up \
Ua) and CTRc(UaNUg).

4. Recommend all B that satisfy the following criteria as
complementary segments of A.

(a) Good performance in incremental user seg-
ment CTRc(Up\Ua) > X-CTRc(Ua) at signif-
icance level Z (using 1-sided t-test) to ensure that
the recommended complementary segment B will
have performance comparable to A.

(b) Good performance in overlapping user seg-
ment If Us and Up are not mutually exclu-
sive, then we require that CTRc(Ua N Ug) >
Y -CTRc(Ua), to ensure users belonging to both
segments Us and Up have higher performance
than those in U4 alone (with Y > 1). This heuris-
tic provides intuitively appealing rules.

(c) Consistent performance over time Satisfy
the above two filters for at least N weeks worth
of historical data in order to ensure consistency
over time.

For some choices of A and B, Ua and Up are mutually
exclusive, such as the case where A = (gender = male) and
B=(gender = female). We do not require rule 4(b) to hold
in this case.

We make a few remarks about the rules above. Rule 4(a) is
our main performance criterion. CTRc(Up \ Ua) is exactly
the performance of the increased reach of the advertiser, and
X therefore specifies a factor that controls this performance
relative to the originally targeted user segment. Rule 4(b) is
a heuristic, and the value of the parameter Y can be tuned

up to decrease the number of segments. As we see in the
experimental results below, this will simultaneously increase
the quality of the recommendations. Lastly, Rule 4(c) en-
sures that the previous rules hold for longer time horizons;
increasing the value of N will increase the consistency of the
performance of the recommendations.

6.1.1 Correcting for biases in CTRc(Up \ Ua)

As we mentioned before, ads are labeled with one or more
categories in the BT taxonomy. In our canonical recom-
mendation scenario, an ad belongs to category C' and was
originally targeted to a user segment Us. We wish to con-
sider targeting the set of users Up. In the straightforward
algorithm above, we would compute the CTR of every user
in Up \ Ua on ads of category C.

However, suppose an advertisement has been categorized
into two categories C' and D and futher has been shown to
a user in Up who also belongs to the BT category D. This
user has a hidden interest in this ad, based on his interest
in the category D, which is independent of the relation-
ship between ad category C' and user segment B. Therefore
counting the user’s ad view on this particular ad will make
the metric CTRc(Up \ Ua) overly optimistic in evaluating
this recommendation.

To correct for this bias, CTR¢(Ug \ Ua) is computed in
place of CTRc(Ug\Ua), by excluding users who also belong
to the BT category D when the ad is also categorized into
the category D # C.

Example recommendations for ad category Automotive
are shown in Table 5.

Original Line Profile (A) Recommended Line Profile
(B)

(Property = Mail) A (BT | (Property = Autos) A

= Automotive) (Gender = M)

(Property = Frontpage) A | (Property = AT&T) A

(Gender = M) (Age = 45-54)

(Property = Network) [ (Gender = F) A (Age = 45-

A (BT = Automo- | 54)A (BT = Sports/Snow)

tive/Midsize/SUV)

(Gender = M) A (Age = | (Gender =F) A (Age = 35)

21-25)

Table 5: Some example complementary segment rec-
ommendations for ad category Automotive

The complementary segments algorithm is parameterized
by the 5 parameters (X,Y,Z, N, R). Increasing the value
of any one of these parameters increases the quality of the
complementary segments, but decreases the number of rec-
ommended complementary segments, thereby providing sev-



eral dials for trading off quality and quantity of recommen-
dations. The efffect of changing parameter settings is de-
scribed in Table 6. R and Z have been fixed to be 5 - 10°
and 0.975, respectively. These metrics were generated from
running the algorithm on four weeks of historical data.

Parameters lines w/ > 1 | Total recs.
recs.
X=05Y=10,N=3 59% 1,967,615
X=05Y=10,N=4 54% 1,049,120
X=07,Y=10,N=4 | 52% 569,232
X=07,Y=12,N=4 | 50% 506,186

Table 6: Sensitivity of complementary segments rec-
ommendations to parameter settings

6.2 Experimental Results

In order to evaluate our algorithm, we consider the sensi-
tivity of the recommendations to the values of X,Y and N
and the quality of the recommendations produced.

The algorithm was run on three weeks of historical data
with different settings of (X,Y, Z, N, R) in order to produce
different sets of recommendations. Further, the recommen-
dations were evaluated in the week immediately following
the three week window.

Suppose given an ad of category C initially targeted to
segment U, , we recommend targeting user segment Up. We
will call this a good recommendation if, in the week’s worth
of evaluation data, CTRg(Up \ Ua) > X - CTRc(A) (i.e.
a recommendation is considered good if in the evaluation
period its performance satisfies the main performance crite-
rion of our algorithm). We also measure the lift of the rec-
ommendation over the originally targeted segment, which is
CTRe (U \Ua)/CTRc(Ua).

For these experiments, the confidence parameter is fixed
to Z = 0.975 and the minimum reach threshold is set to
R =5-10° users.

6.2.1 Varying the value of N

The effect of varying the value of the parameter N (the
number of weeks for which the candidate segments A and
B must pass all rules) is described in Table 7. The last
column shows the case where all 3 weeks of data are aggre-
gated and the first two rules are applied to this aggregate,
ignoring the last rule. That is, the various CTR metrics
CTRc(Ua),CTRc(Ug), etc. are computed for for all three
weeks in aggregate. For confidentiality, only the relative
CTR is presented with x denoting a reference CTR.

For all values of X, increasing N increases the percentage
of good recommendations, as well as the average CTR and
average lift of the recommendations. The number of recom-
mendations produced decreases substantially as N increases.
Furthermore, we see that the set of recommendations de-
rived from N = 3 improves substantially in all three metrics
against the baseline of considering all weeks of training data
in aggregate.

6.2.2 Varying the value of Y

We consider the effect of varying the value of Y, which
controls the quality of the recommendations by setting a
minimum performance requirement for CTRc(Ua N Ug).
For the case where Y = 0, the rule is effectively ignored and
can be considered as the performance of a baseline system.
For this table, we only evaluated recommendations such that
|[Ua N Ug| > 1, since the rule only applies to such recom-
mendations. The results presented in Table 8 show that for

all values of X, increasing Y generally increases all evalua-
tion metrics while the number of recommendations decreases
substantially.

7. CONCLUSION

We have implemented a scalable, data-driven system for
providing actionable recommendations to advertisers to in-
crease both the performance and reach of their display ad
campaigns. The feedback from account managers regarding
the quality of recommendations is very positive. The follow-
ing areas can be considered for additional research to further
improve the quality of the recommendations. Advertisers of-
ten have explicit guidelines on line profiles they would prefer
to use or avoid. This is based either on marketing intuition
or on experience from the advertiser’s own past campaigns.
A systematic approach of incorporating advertiser feedback
or guidelines and altering the recommendations accordingly
is desired. The current approach of generating recommen-
dations based on the campaign neighborhood suffers from
the cold start problem. The challenge is in generating the
neighborhood for a new campaign or a new advertisers. One
approach is to to use rely on neighborhoods generated from
the prior campaigns for a new campaign or to rely on ex-
pert judgement to identify advertiser(s) that are most simi-
lar (perhaps in the vertical) to the new advertiser. A more
principled way of handling new campaigns and new adver-
tisers would help to alleviate the cold start problem. The
PLSI algorithm is but one approach for generating neigh-
bors of a campaign. Other methods for neighborhood gen-
eration should be studied to analyze the relative strengths
and weaknesses of these approaches compared to PLSI.
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