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Abstract

This work is devoted to the highly topical problem of structuring costs for contextual and targeted 
advertising on the Internet. The choice of the ad campaign financing structure is considered from 
the point of view of violating the principle of symmetry of user interest in ads. The purpose of this 
work is to develop a methodology for structuring advertising campaign costs based on cluster analysis, 
taking into account the asymmetry of user interest in advertising. The key feature of the research is 
the description of the possibility of using the asymmetry of user interest in application solutions, such 
as online advertising. The Gini coefficient is used as an indicator of the degree of imbalance in the 
manifestation of a feature in clustering, and the features of using the lift coefficient and the Lorentz 
curve to evaluate the effectiveness of contextual and targeted advertising for various groups of customers 
are also considered. Using the Gini index and cluster analysis, you can analyze the possibilities of 
increasing ad revenue and compare it with the absence of any policy for structuring advertising costs. 
Identifying such patterns in consumer groups allows you to identify the main directions of product 
development and customer interest in it. The method described here should be used to improve the 
effectiveness of banner advertising and clustering algorithms. This approach does not improve banner 
clickability, but allows you to implement an individual approach to advertising products with the 
current number of clicks and more effectively structure the cost of various types of advertising.
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Introduction

Today, one of the most dynamically 
developing segments of advertising 
activity is advertising on the Internet. 

For example, banner advertising allows you to 
more accurately and effectively deliver an ad 
to an interested customer. However, there are 
quite a few options for monetizing the display 
of ads depending on the purpose and capabili-
ties.

This type of advertising, of course, requires 
certain investments, which are not always justi-
fied, since the distribution of information and 
ad delivery technologies, as well as their cost, 
depend on a large number of factors and are 
complex and random [1]. It is often difficult 
to understand which category of users will be 
interested in an ad, and it is even more diffi-
cult to predict sales growth depending on the 
investment in advertising.

In this regard, there are two fundamentally 
different types of advertising: contextual and 
targeted. Contextual advertising allows you to 
perform automated display of an ad in accord-
ance with the subject area of the customer’s 
search for products. Targeted advertising, on 
the other hand, searches for the audience for 
the offer by features, which is a more complex 
task. Despite the fact that both types of adver-
tising have fine-tuned display settings, the 
effectiveness of contextual advertising is often 
higher due to working with an interested audi-
ence.

However, companies are also interested 
in expanding their target audience. There-
fore, the task arises of determining the struc-
ture of advertising campaign financing by type, 
depending on the types of business and the 
behavioral activity of customers, both inter-
ested and potential.

It is often advisable to use both types of 
advertising, instead of giving preference to 
one type of advertising at the expense of the 
other. Therefore, the purpose of this study is 

to develop a methodology for structuring the 
costs of an advertising campaign that takes into 
account the violation of the principle of sym-
metry of user interest in advertising.

The choice of ad campaign financing struc-
ture is not as obvious as it might seem at first 
glance. It is created by the phenomenon of 
information asymmetry [2, 3] in the market of 
online sales of goods and services. In this case, 
sellers conduct business without having full 
information about the competitive environ-
ment, as well as the intentions of buyers [1, 4]. 
In turn, customers form their opinion about a 
product or service based on a different set of 
factors and sources, constantly listen to the 
opinion of online communities, reading arti-
cles, reviews on the Internet, following opinion 
leaders, etc. Thus, the interaction between the 
advertiser and the product user becomes more 
complicated due to the information asymme-
try of the market. The main hypothesis is that 
the phenomenon of market asymmetry is asso-
ciated with an imbalance in the behavioral 
activity of customer groups [5, 6].

There are various methods for structuring 
and planning advertising campaign costs, tak-
ing into account the preferences of the target 
audience [7]. In this case, various offline and 
online tools are used, such as customer sur-
veys, or selecting one of the types of advertis-
ing (contextual or targeted), depending on the 
organization’s goal (launching a new product 
on the market, increasing the target audience, 
etc.). On the one hand, these approaches can 
significantly simplify the planning process, but 
on the other hand, they do not allow you to 
flexibly configure and effectively manage your 
advertising campaign. The approach proposed 
is one of the modifications of the algorithm for 
structuring advertising campaign costs based 
on the assessment of the economic effect of 
clickability and the use of classification meth-
ods [8]. In particular, we propose using clus-
ter analysis methods to create a more suitable 
model for structuring advertising costs.
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1. The proposed approach  
to structuring advertising costs

The contextual advertising mechanism is an 
automated transaction for the implementation 
of advertising, and the usefulness of display-
ing an advertising banner is measured using 
the clickability indicator CTR (Click Through 
Rate) [1, 9]:

     (1)

When a company knows about the preferences 
of some of its customers, it can contact one of 
the ad providers that implements the contextual 
advertising mechanism for the corresponding 
users. Such ads are less effective in finding and 
expanding the target audience, since they are 
only shown to those customers who are already 
interested in purchasing this product.

In the case of tagged ads, banner owners are 
paid based on the number of clicks and impres-
sions when the user sees the banner but doesn’t 
click on it. The way to monetize banners is to 
sell them at an ad auction, where advertisers 
bid on these banners with different numbers 
of auction participants and placement condi-
tions. Targeted advertising allows you to attract 
more of the target audience, but it is less accu-
rate, although it is a cheaper tool for an Inter-
net marketer.

If the ad campaign budget is limited, these 
funds can be distributed among ad providers, 
for example, as follows: 30% of the funds are 
allocated to the contextual advertising provider, 
and 70% to the targeted advertising providers. 
As a result, the company needs a model that 
will allow you to set the proportions of fund-
ing for these types of advertising in accordance 
with the interests of users.

The effectiveness of advertising policy based 
on the model built can be estimated using the 
lift coefficient [9]:

                       (2)

where P (A) and P (B) – probabilities of inter-
est in contextual and targeted ads, respectively; 

joint probability P (A  B ) – probability of 
interest in both types of ads from users.

The lift coefficient is an indicator of the 
effectiveness of targeted advertising and is used 
when predicting or classifying groups of users 
[10] who show increased interest in advertising.  
The model works well if the response within the 
target audience segment is much better than 
the average for the total number of users who 
were shown the ad.

Note that if we consider only 30% of the pos-
sible distribution for contextual advertising, 
this means that we are only interested in cus-
tomers of deciles 1, 2, and 3. However, there 
may be a situation where the CTR value is also 
higher than the average for decile 4 (Figure 1). 
This approach is based on user classification 
and is similar to the idea of ABC analysis [11].

One approach to calculating the lift coef-
ficient is to divide users into quantiles and 
rank the quantiles by the degree of lift. Next, 
you need to consider each quantile and, after 
weighing the predicted probability of response 

Decile of the number of clients

Fig. 1. The probability of a click  
for each decile of customers
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(and the associated financial benefit) in rela-
tion to advertising costs, make a decision on 
the financing of the advertising campaign. This 
principle is described in one of the examples 
shown in Figure 2. The curve, designated as a 
“random model”, characterizes the situation 
of absolutely uniform distribution of interest in 
advertising among all users. This curve is called 
the absolute symmetry curve and means that 
there is no economic effect from advertising, 
since users show interest in ads in a random 
order, regardless of the seller’s actions, which 
is practically unattainable in real conditions 
[12, 13]. In this regard, it is possible to evaluate 
the economic effect that is received from users 
who have shown interest in advertising. The 
curves shown in Figure 2 as “ideal model” and 
“normal model” characterize the effectiveness 
of advertising for different user segments. This 
model can be considered as a kind of receiver 
performance curve (ROC) [14, 15], which is 
also known as the Lorentz curve [5, 14].

The Lorentz curve for an ideal model 
describes the case when advertising is effec-
tive only for one small segment of users, who 
account for about 90% of the profit from ads, 
and the rest of the users who were shown the ad 
do not show interest in it. In this case, the cost 
of contextual advertising can be structured in a 
smaller proportion in order to find new inter-
ested customers using targeted advertising.

If the maximum economic effect compared 
to the random model is achieved at the fourth 
decile, then the maximum of interested users 
is about 40% of their total number. This case 
characterizes the normal model, which is most 
often found in practice. Thus, the search for 
the maximum economic effect for a different 
number of interested users allows you to pre-
structure advertising costs.

2. Research methods

It is advisable to divide users into deciles 
when there is no additional information about 
users that does not allow us to identify pat-
terns in their behavior. It should be noted that 
in the case of contextual advertising, marketers 
have a fairly extensive array of information that 
characterizes the behavioral activity of prod-
uct users. Therefore, the second approach to 
calculating the lift coefficient is to use cluster 
analysis [16, 17] to construct the Lorentz curve. 
In order to assess the uniformity of user inter-
est in an ad, as well as to compare ads with their 
interests, it is necessary to proceed to cluster 
analysis of user reaction to ads [18].

Existing approaches [19] use the variance of 
differences between the test and training sam-
ples relative to the average level as an indicator 
of asymmetry. However, cluster analysis meth-
ods, being methods of machine learning with-
out a teacher, require the use of other indica-
tors of class symmetry breaking that are used 
in this paper.

The method developed includes the follow-
ing steps:

Cumulative percentage of users by 
decile for contextual advertising 

Fig. 2. Optimization of contextual advertising costs

random model
ideal model
normal model
30% level

Margin for 
improvement

Economic 
effect

1

0.9

0.8 

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0
0     0.1    0.2    0.3    0.4    0.5     0.6    0.7    0.8     0.9    1

Cumulative share of ad revenue

MATHEMATICAL METHODS AND ALGORITHMS OF BUSINESS INFORMATICS



BUSINESS INFORMATICS   Vol. 14  No 4 – 2020

11

Step 1. To assess the quality of customer 
clustering, you need to evaluate the number of 
clusters (groups of splitting) as well as the uni-
formity of clusters in terms of the number of 
customers included in them.

It should be noted that the number of cli-
ent partitioning groups is unknown in advance, 
so it is not possible to use clustering based on 
the k-means method. Clustering using algo-
rithms based on decision trees requires a test 
training sample. However, in the case of an ad 
campaign, this selection may change dynami-
cally. Therefore, hierarchical clustering meth-
ods are used as the most appropriate method 
[17], which do not require a training sample 
and allow for dividing clients into groups based 
on characteristics.

Hierarchical clustering methods allow you to 
choose one of two options for joining:

1) Agglomerative clustering starts with n clus-
ters, where n is the number of observations 
(each of them is assumed to be a separate clus-
ter). The algorithm then tries to find and group 
the most similar data points;

2) Divisional clustering is performed in the 
opposite way: initially, it is assumed that all n 
data points are one large cluster, after which 
the least similar ones are divided into separate 
groups.

At the same time, agglomerative clustering 
is better suited for identifying small clusters, 
while the use of divisional clustering is advis-
able for identifying large clusters. Since the 
assumed characteristics of clients are described 
by categorical variables, the Gower distance is 
used as the cluster separation metric [18].

Step 2. At this stage, building a Lorentz curve 
to assess the imbalance of user interest in ads. 
The Gini coefficient is often used as an indica-
tor of the degree of imbalance in the manifes-
tation of a feature [20, 21]. Figure 3 shows an 
example showing the dependence of the share 
of points in the i-th cluster (on the total num-
ber of points in the sample) on the cumulative 
share of the number of clusters.

For example, for four clusters, the share of the 
first cluster will be 0.25 (25%). This cluster will 
contain 25 points out of 100, so the graph will 
display a point (0.25; 0.25).  If all clusters have 
the same number of points, then there is abso-
lute symmetry in the partition groups and the 
Gini coefficient is zero. Accordingly, the imbal-
ance is described by the area of the bounded 
Lorentz polyline and the absolute symmetry 
curve and is calculated by the formula:

   (3)

where n – number of clusters; 

X
k
 – cumulative percentage of the number of 

clusters; 

Y
k
 – cumulative percentage of the number of 

points in the cluster.

The greater the value of the Gini coefficient 
deviates from zero, the greater the asymme-
try in the characteristics of clusters [21–23]. 

Cumulative fraction  
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Fig. 3. Interpretation of the Gini coefficient  
in clustering problems
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Calculating the Gini coefficient makes it pos-
sible to find the best match between the clus-
tering options for products and customers, 
which helps to increase the customer orienta-
tion of products and increase the effectiveness 
of advertising. As a result, switch from user 
classification methods to clustering, which will 
simultaneously allow you to make more pre-
cise settings for both contextual and targeted 
advertising. However, to do this, it is necessary 
to evaluate the quality of grouping into clusters 
using the Gini coefficient.

Figure 4 shows an example that compares sev-
eral Lorentz curves for four, five, and ten clus-
ters. It is shown that in this case, with five clus-
ters, not only the best quality of splitting users 
into groups is observed, but it is also possible to 
conclude that users of the first cluster provide 
the maximum increase in advertising revenue.

Step 3. At the final stage, it is necessary to 
determine at what value of the cumulative share of 
clusters the maximum lift coefficient is observed, 
which allows us to conclude that the part of users 
for whom contextual advertising is more effective 
is allocated, according to which the share of con-
textual advertising in the total cost is set.

3. Example of application  
of the proposed approach

Using the Gini index and the cluster approach, 
you can calculate how much it is possible to 
improve advertising revenue in the same condi-
tions by using the methodology described in this 
paper and compare it with the results obtained in 
the absence of any policy for structuring adver-
tising costs. It should be noted that this method 
does not allow you to improve CTR in general, 
but it allows you to optimize the cost of advertis-
ing a product with the current number of clicks 
and purchases.

Let’s take a concrete example of how this 
approach to evaluating the effectiveness of adver-
tising works. First of all, the source data was mod-
eled using the R language using the “dunif” and 
“dbinom” batch functions. Modeling was per-
formed on the basis of various distribution func-
tions that characterize the appearance of a par-
ticular trait. The synthesized test sample consisted 
of 10 thousand points, each of which describes 
the user’s action in accordance with the follow-
ing criteria: 

 unique identifier of the action, type  
“string” – sequential numbering;

 date and time, type “object”– discrete uni-
form distribution within the range from the start 
date to the end date;

 user’s operating system, type “string”– dis-
crete uniform distribution across four types of 
operating systems;

 the user’s browser, type “string” – the dis-
crete uniform distribution on the six kinds of 
browsers;

 country, type “string” – discrete uniform dis-
tribution across nine countries;

Fig. 4. Example of structuring advertising costs  
based on cluster analysis
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 referral link type, type “string” – discrete 
uniform distribution across five types of links 
corresponding to different parts of the site where 
banners are placed;

 banner name, type “string” – discrete uni-
form distribution;

 action (interest or lack of interest), type 
“binary int” – binomial distribution with a pur-
chase probability of 0.05;

 buy (or no buy), type “binary int” – binomial 
distribution with a purchase probability of 0.02.

As one of the simplifications, it is assumed 
that the cumulative income from the purchase 
is measured in relative units – the probability of 
making a purchase of one unit of identical goods.

The next step is to select the users who 
responded to the ads. In this case, there were 
453 people (CTR = 4.53%), of whom 50 peo-
ple made purchases. Then you need to evaluate 

the uniformity across clusters of interested cus-
tomers who have made purchases.

The next step is to perform client cluster-
ing using hierarchical methods [22], using two 
algorithms: based on divisional and agglomera-
tive clustering.

Indicators of the sum of squares of distances 
between points within the cluster and the aver-
age width of the silhouette [24, 25] allow us to 
assess the quality of clustering. For the sum of 
squared distances, the “elbow bend” method is 
used [22, 26] to determine the optimal num-
ber of clusters, and the local maximum of the 
silhouette width value allows you to select 
the number of clusters with the best separa-
tion. Thus, the optimal number of partitioning 
groups – clusters is five for the agglomerative 
and eight for the divisional clustering algorithm 
(Figure 5). In addition, it is possible to evaluate 
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searching by needs. Therefore, in this exam-
ple, about 70% of advertising costs should be 
given to contextual advertising, which will 
allow you to target only interested users, while 
the remaining 30% should be given to targeted 
advertising to attract new customers.

However, in the case of five clusters, the area 
under the curve is significantly smaller than in 
the case of eight clusters, when there is a more 
detailed partition. It should be noted that the 
agglomerative clustering algorithm provides 
a large area, which in this case shows the best 
results, despite the increase in the number of 
clusters. The threshold values for the share of 
buyers for both algorithms have not changed 
much, which indicates that the results are bal-
anced and reliable. However, the very value of 
the lift coefficient has grown significantly and 

the intra-cluster variety of user actions regard-
ing purchases. To do this, you need to compare 
how advertising costs can be structured based 
on the Gini coefficient. The indicators that 
characterize cluster diversity for splitting into 5 
and 8 clusters are shown in Table 1.

The threshold value of the buyers share (Fig-
ure 6), which characterizes the maximum eco-
nomic effect (lift coefficient) from advertis-
ing, for five clusters varies from 0.66 to 0.71 for 
agglomerative and divisional clustering algo-
rithms, respectively. This means that for opti-
mal structuring of advertising costs, it should 
be taken into account that the majority of users 
(about 80%) belonging to cluster 2 (Table 1) do 
not have clear intentions and signs of actions 
related to the purchase of a product, i.e. they 
most likely bought it spontaneously [2, 27], 

Table 1. 
Results of hierarchical clustering of interested users

Cluster No 1 2 3 4 5 6 7 8

Divisional clustering

Percentage of the total number  
of interested customers 0.071 0.717 0.082 0.029 0.040 0.035 0.015 0.011

Probability of buying 0.04 0.9 0.04 0 0.02 0 0 0

Percentage of the total number  
of interested customers 0.071 0.717 0.168 0.029 0.015 – – –

Probability of buying 0.04 0.82 0.1 0 0.04 – – –

Agglomerative clustering

Percentage of the total number  
of interested customers 0.2649 0.6225 0.0442 0.0265 0.0155 0.0110 0.0110 0.0044

Probability of buying 0.1 0.86 0.02 0 0 0.02 0 0

Percentage of the total number  
of interested customers 0.265 0.660 0.044 0.026 0.004 – – –

Probability of buying 0.16 0.76 0.04 0.04 0 – – –
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it can be judged that the maximum economic 
effect of advertising is achieved by financing 
contextual advertising in the amount of 62% of 
total costs. This clarifies the characteristics of 
users who are most likely to buy the product, 
and the probability of purchase increases from 
82% to 90%.

4. Discussion  
of the proposed approach

In order to evaluate the possibilities of the 
proposed approach, let’s look at the diagram 
that shows the results of structuring the costs of 
an advertising campaign based on the ranking 
of customers by deciles (Figure 7).

Figure 7 shows that the cost structure for 
contextual and tagged advertising by rank-
ing by decile differs markedly from the clus-
ter approach. In the case of ranking clients 
by deciles, the maximum lift coefficient was 
obtained for 20% of clients, which indicates 
that contextual advertising is financed in the 

Fig. 6. Example of structuring advertising costs  
based on hierarchical clustering for five (a) and eight (b) clusters
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Fig. 7. Results of structuring advertising  
campaign costs by ranking by decile
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amount of only 20% of the total cost. Despite 
the fact that this graph is closer to the ideal case, 
this model has a minimal margin for improve-
ment. In addition, it is impossible to correctly 
compare the obtained Lorentz curves for the 
cumulative fraction of points by deciles and the 
cumulative fraction of clusters, since in the first 
case, ranking was performed, and in the sec-
ond – feature clustering. For the same reason, 
the areas under the Lorentz curves obtained in 
Figures 6 and 7 cannot be compared. However, 
the lift coefficient in both cases can be used to 
determine the proportions of advertising costs. 
The noticeable differences are explained by 
the fact that in the case of ranking by deciles, 
only the facts of the transaction are taken into 
account, but this approach does not take into 
account the characteristics of customers. The 
main advantage of the proposed method is the 
ability to more flexibly configure the struc-
ture of advertising costs depending on the signs 
of customer behavioral activity. The cluster 
approach allows you to build a more appropri-
ate model and configure contextual advertising 
more precisely.

Conclusion

Analysis of the results allows us to draw the 
following conclusions.

1. To expand the capabilities of approaches 
to structuring banner advertising costs, it is 
necessary to use clustering algorithms based 
on categorical characteristics of user actions.

2. Hierarchical clustering methods are well 
suited for estimating the required number of 
clusters, and also make it possible to identify 
hidden patterns in customer behavioral activ-
ity.

3. The Gini coefficient makes it possible to 

evaluate the quality of clustering and deter-
mine the user groups that give the maximum 
purchase probability.

4. Using the cluster approach allows you not 
only to structure advertising costs, but also to 
determine which type of advertising should be 
applied to which users. This gives more oppor-
tunities to optimize costs and increase the 
effectiveness of your advertising campaign.

Identifying hidden patterns in consumer 
groups allows you to identify the main direc-
tions of product development and customer 
interest in the product as well as assess the sta-
bility of the market for products with similar 
characteristics and the stability of its develop-
ment.

The results obtained reveal the applied pos-
sibilities of using the principle of symmetry 
breaking in business tasks, and, in contrast to 
existing works [6, 27], they reflect the possi-
bilities of structuring the costs of an advertis-
ing campaign. This approach allows you not 
only to identify the popularity of products by 
characteristics, but also to determine the most 
effective ways to attract customers for a par-
ticular type of product. This is achieved by 
comparing the results of consumers’ behav-
ioral activity in relation to their performance 
of target actions, as well as the characteris-
tics of the products for which they performed 
these actions. Also, one of the advantages is 
the ability to use the Gini uncertainty and the 
lift coefficient as indicators of user groups for 
which contextual or targeted advertising is 
more effective.
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