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Abstract— Data silo problem refers to related datasets
located in different databases, systems, or files. In the case of
online advertising, performance metrics are fragmented in
different campaigns and ad sets, making it difficult to compare
customer segments. In this research, we present SiloSolver, an
algorithm that (a) retrieves performance metrics for different
customer segments across all campaigns, (b) aggregates the
values for each customer segment in mean values, and (c) runs
a statistical comparison (Student’s t-test) on the performance
differences between the segments. The algorithm is evaluated
using a real Facebook Ads dataset from an e-commerce
company consisting of hundreds of campaigns from over five
years. Using SiloSolver, advertisers using Facebook Ads are
better able to understand their market segments across multiple
seemingly disparate campaigns.
Keywords Facebook Ads, online advertising, digital marketing,
customer segmentation

I. INTRODUCTION
Marketers desire to know the best customer segments to
target with their ads [1]–[3]. However, the information about
the performance of different customer segments [4] can easily
get lost across many campaigns, ad platforms, and time points
[5]. This problem is particularly prominent in online
advertising, where marketers tend to (a) use many different
platforms, such as Google Ads, Facebook Ads, Twitter Ads,
etc., and (b) create many campaigns with different creatives,
target groups, and experimental conditions.
This conundrum results in a scenario where the
information about the same customer segment (e.g., Women,
25-34, Tallinn) is located in different places, repositories, and
databases, making it difficult to get an understanding of a
segment’s cross-campaign marketing performance. This silo
problem is particularly vexing in the case of online advertising
platforms, such as Facebook Ads, where the performance
metrics pertaining to various customer segments are
fragmented across dozens or hundreds of campaigns and ad
sets. This fragmentation is common even for small-medium
size businesses (SMBs) for at least two reasons: because (a)
Facebook’s algorithm can automatically target hundreds of
customer segments, and (b) advertisers often create new
“silos” (i.e., campaigns, ad sets) because this is easy to do in
the platform and due to nature of their ongoing promotional
campaigns.
Over time, these additional campaigns accumulate into a
large number of isolated information sets about different
customer segments’ behavior. Consider, for example, that
Segment 1 would be presented with 1000 ad impressions in
Campaign A and 1000 ad impressions in Campaign B. In
Facebook Ads’ user interface (UI), it is easy to analyze both
campaigns separately, but it is not possible to easily combine
their information in real-time for the analysis. Clearly, doing
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so would be useful because the marketer could double the
statistical power of their analyses (in the above example: 1000
+ 1000 = 2000 impressions).
In the absence of automated solutions, of which we
currently know of none, the segment data must be retrieved,
exported, and analyzed manually. The more campaigns there
are, the more manual work is needed for data integration and
analysis. Considering that Facebook Ads is, at the time of the
study, used by more than five million advertisers [6], the
manual work in combining the segments’ data results in a
large number of work hours in the online ads industry. In
addition, it is commonly stated that data preparation activities
tend to take up to 80% of work time in analysis projects [7],
so it is important to try and reduce this workload to free
marketers’ time for more strategic activities.
As a potential solution for this isolated customer segments
problem, we propose an algorithm dubbed SiloSolver. This
algorithm performs a simple but impactful functionality: it (a)
retrieves various performance metrics for different customer
segments across all campaigns, (b) aggregates the values for
each customer segment in mean values, and (c) performs a
statistical comparison (Student’s t-test) to measure the
differences between the mean values of the segments.
By applying SiloSolver, online advertisers using Facebook
Ads can answer important questions such as:
• Across all campaigns, which target groups perform the
best?
• How are all campaigns perform for target groups?
To demonstrate the applicability of SiloSolver across
different marketing goals, we examine three groups of
advertising goals with their associated metrics: (a) awareness
(metric: reach), (b) engagement (metric: clicks), and (c)
conversion (metric: purchases). These goals are typical and
important marketing goals [8].
We evaluate the approach using a real Facebook Ads
dataset from a Finnish e-commerce company, consisting of
hundreds of campaigns from over five years’ period.
Furthermore, we publish the R source code for SiloSolver for
further
research
and
development
(https://github.com/joolsa/silosolver) .
The main implication of this research is that with
SiloSolver, online marketers using Facebook Ads can better
understand the overall performance of their campaign relative
to different target groups and make adjustments to achieve
business objectives from this understanding. We also provide
empirical insights from the dataset, observing that the most
lucrative target groups frequently change when changing the
performance metric. This suggests that choosing the optimal
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targeting criteria depends on the marketing objective; i.e.,
different segments are optimal for different goals. Moreover,
SiloSolver exemplifies the use of automation for marketing
tasks – while the algorithm in itself includes no notable
“artificial intelligence” (AI) [9], it does compute statistical
functions similar to those in machine learning (ML) and could,
with further development, be deployed as a part of an
intelligent advertising system [10].
II. RELATED LITERATURE
One of the earliest advocates of customer segmentation is
Smith [3], who, in 1956, emphasized the importance of market
segmentation along with product segmentation. Since its
conception, customer segmentation has been an ongoing
research area [1], [11]–[13]. Conceptually, customer segments
involve attributes that unify groups of customers or separate
these groups from others [14]. The segments can be described
by their core demographic or other properties [15], or they can
be personified and enriched into humanlike segment
representations for customer-centric decision making [16].
The availability of online customer data has greatly
increased in digital environments [17], providing potential for
innovative customer segmentation solutions [18], such as
creating data-driven personas [19]. In turn, the high volume of
customer data has increased the difficulty of turning this data
into knowledge and insights that serve online marketers and
other business stakeholders [20]–[22]. This issue of “too much
data in too many places” has particularly been recognized in
online marketing, where decision makers struggle to make
sense of fragmented data on customer behavior [5] and to
identify the segments that matter more than others. Thus, even
though there has been a variety of algorithms and methods to
create customer segments [2], [23], [24], novel solutions to
deal with fragmented customer data in ways that facilitate the
knowledge work of online advertisers are required.
Moreover, despite being the second largest online
advertising platform after Google Ads [25], there is
surprisingly little academic research focusing on Facebook
advertising as a tool of customer segmentation. Nevertheless,
there is a tremendous need for such research, considering that
Facebook Ads is used by more than five million active
advertisers [6] across the globe, and the platform operates
advertising budgets totaling to more than 17 billion dollars at
the time of the study [25]. Therefore, any research that
facilitates the jobs or advertisers using Facebook Ads has the
opportunity to provide economies of scale and scope in the
marketing profession.
This research is among the first practice-oriented studies
to describe the functionalities of Facebook advertising and
particularly address a key shortcoming of the platform from
the advertisers’ point of view. Thus far, academic reports of
applying automation for marketing have been limited, even
though the potential of automation in marketing was discussed
already in the 1960s [26], [27]. Despite the revitalized interest
in AI [9] and ML [28] in the marketing community, academic
studies reporting different tools for facilitating the daily jobs
of online advertisers remain limited. To this end, our study
provides an example of how automation can be used to
facilitate the analysis of customer segments in online
advertising.

III. METHODOLOGY
A. Intuition of the Algorithm
SiloSolver addresses the data siloing problem in Facebook
Ads by retrieving and aggregating performance information
on the customer segments observed in the data.
The algorithm analyzes all observed target group
combinations (age x gender x location), groups the data, sorts
based on performance, and runs statistical calculations (1tailed t-test) to determine if the differences are statistically
valid and not due to chance. Overall, the SiloSolver algorithm
relies on six main steps:
1.
2.

3.

4.
5.
6.

STEP 1: creating unique target group combinations
retrieved from Facebook Ads platform
STEP 2: retrieving the unique campaigns from the data,
along with the performance metrics by each segment in
each campaign
STEP 3: aggregating the mean values of the
performance metrics from each campaign by customer
segments
STEP 4: sorting each customer segment from highest
to lowest mean value by each performance metric
STEP 5: statistically testing the N highest-performing
groups against other (N-1) groups using t-tests, and
STEP 6: printing the results in an output file
The following sections provide details of the process.

B. Defining Customer Segments
Defining the customer segment, we focus on three
demographic criteria available in the Facebook platform (and
in most other online ad platforms): age, gender, and location.
Age is available at a group level, gender includes three
possible levels (male/female/unknown), and locations are the
regions within the target market (e.g., counties in Finland). To
calculate the maximum number of segments, we apply the
following formula:
Segments = agen × gendern × locationn
For example, in the Finnish e-commerce dataset that we
utilize for the evaluation (see Section 8), there are eight age
groups (13-17; 18-24; 25-34; 35-44; 45-54; 55-64; 65+;
Unknown), 3 genders (male, female, unknown—these three
genders are available on Facebook Ads and do not reflect the
researchers’ views on gender politics), and 957 locations,
yielding 8 x 3 x 957 = 22,968 possible combinations. The real
number of combinations is lower, however, because not all
combinations have observations in the data. Note that the
algorithm is generalizable to other Facebook Ads datasets
because the number of unique levels of the three targeting
criteria can be trivially obtained from each dataset at hand.
C. Retrieving Campaign Data
Data can be obtained in two ways from Facebook Ads: (a)
by manually exporting comma-separated values (CSV) files
from the Facebook Ads Manager (see Figure 1), or (b)
programmatically via the Facebook Marketing API
(https://developers.facebook.com/docs/marketing-apis/). To
evaluate the algorithm, we obtained the data by manually
exporting it from Facebook Ads Manager.
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Fig. 1. Facebook Ads export interface.

D. Selecting Performance Metrics
Facebook Ads provides dozens of performance metrics.
Analyzing all of them is not crucial or relevant for an ecommerce company. Therefore, we retrieve only metrics
relevant for a typical e-commerce marketing scenario. The
typical e-commerce marketing scenario involves campaign
objectives relating to generating awareness, interest, and
action from the customers [29]. Table 1 explains the metrics
corresponding to these objectives.
TABLE I.
Variable
Cost-per-click
(CPC)

Click-through
rate (CTR)
Conversion rate
(CVR)

EXPLANATIONS OF THE VARIABLES
Explanation
Cost in currency (dollar, euro…) of a click by
a user on an ad. Calculated by dividing the
cost of the campaign with the number of
clicks.
The number of people who clicked the ad after
having seen it.
The number of people who purchased out of
the ones who clicked the ad’s website link.

Based on the chosen metrics, the SiloSolver computes
three different customer segment groups:
• Cheapest to reach (CPC) = lowest mean value for
avg. CPC
• Most likely to click (CTR) = highest mean value for
avg. CTR
• Most likely to buy (CVR) = highest mean value for
avg. CVR
These groups were chosen because they reflect the
objectives of online advertising—e.g., reach corresponds to
brand awareness, clicks correspond to response or interest,
and purchases correspond to the sales objective [5], [8]. The
UIs of online ad platforms, including that of Facebook Ads,
are increasingly directing advertisers to choose their goals
prior to any other decisions; hence, goal-based segmentation
conforms to this paradigm of doing digital marketing.

We choose relative metrics to account for exposure bias
[30]. In other words, a given group can show higher
performance in absolute numbers (e.g., clicks) because it is
more frequently targeted, but it can perform relatively worse
when compared to another group by CTR.
E. Statistical Testing
The purpose of the testing is to evaluate the reliability of
the differences between the customer segments in the data. We
use a one-tailed Student’s t-test that provides more statistical
power than a two-tailed test. One-tailed testing is appropriate
since we are interested if a segment performs better than
another segment. We test the following hypothesis:
H1a: The mean value of the performance metric tested is
greater for the segment tested (Group 1) than for the other
segments (Group 2).
In other words, the null hypothesis is: H0: The mean
values of the performance metric between the two segments
are equal.
An exception is the CPC metric, which uses ‘less’ for ttest comparison, because lower CPC is more desirable for the
advertiser, all else being equal. Therefore, the formulation for
the CPC metric is: H1b: The mean value of the performance
metric tested is lower for the segment tested (Group 1) than
for the other segments (Group 2).
We compare two groups: the first group is the highest
performing customer segment for a given performance metric.
The second group, against which we compare, consists of
mean values of all the other groups in the top-N set of highest
performing segments. The top-N set is obtained by
aggregating the performance data across the different
campaigns for each demographic group and then sorting from
highest to lowest.
In other words, we compare if the mean of a performance
metric for a given customer segment belonging to the top-N
set is greater than the aggregated mean of all the other
segments belonging to the top-N set.
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In SiloSolver, N is a parameter that can be adjusted—
however, we suggest a relatively low value, such as N = 5, to
limit computational complexity and to avoid the
manageability and information overload problems associated
with showing too many segments to end users [31]. The
algorithm iterates across each customer segment belonging to
the top-N set, as well as iterating for each of the set
performance metrics (see Table 1). In other words, we repeat
the t-test with each segment belonging to the top-N set, where
the other segment always consists of the aggregated mean of
the other segments—i.e., excluding the group whose
performance we are testing against. We filter out groups with
less than ten observations [32], which is the minimum
recommended sample size for statistical calculations.

Due to the large number of campaigns and objectives, this
dataset was appropriate for demonstrating the usefulness of
our approach. Without automation, a marketer would need to
manually choose the 620 campaigns and separately export
data from each, then combine it by copy-pasting, and finally
conduct statistical analyses one by one.
As explained in Section 7, SiloSolver produces Top N
segments for each metric. Here, we set the N = 5, as (a) this
number is enough to demonstrate the capabilities of the
algorithm, (b) retains computational complexity manageable
(i.e., makes the algorithm run in a reasonable time), and (c)
addresses the cognitive capacity issue regarding too many
segments for efficient decision-making [11].

Note that the groups themselves contain several individual
people; one group observation in the data can include several
thousands of ad impressions, but it is only calculated as one
observation in SiloSolver, because Facebook does not provide
access to individual level data. In this sense, the data we utilize
has “hidden” statistical power that cannot be directly accessed
due to limits of aggregation in the ad platform, but that still
can (theoretically) improve the robustness of the results.

Table 2 displays the results from applying SiloSolver to the
evaluation dataset. From Table 2, we can observe that the bestperforming segments are different for each performance
metric. This suggests that the optimal customer segments vary
greatly by the chosen performance metric. However, both
hypotheses are supported in that we can observe differences
between two groups and differences among all segments for a
chosen campaign performance metric.
V. IMPLICATIONS AND FUTURE WORK

IV. EVALUATION ON A REAL DATASET
We evaluate the SiloSolver algorithm with a real dataset
collected from Facebook Ads of a Finnish e-commerce
company that is selling experience gifts and is actively using
Facebook advertising to generate sales revenue. The dataset
contains 620 individual campaigns carried out over the span
of five years. The campaign objectives are varied, including
sales conversions, brand awareness, engagement, and so on.
TABLE II.

There is a need for computational methods that aggregate
the fragmented data on customer segments. Moreover, there is
a need for statistical methods to establish the reliability of the
observed performance differences among the customer
segments. In this research, we have presented SiloSolver, an
algorithmic approach that addresses both problems.

RESULTS OF SILOSOLVER FROM THE EVALUATION DATASET.
Cheapest to reach (CPC)

Age

Gender

Location

N

Avg.Amount.Spent

Avg.Link.Clicks

CPC

Rank

t.test

p.value

13-17

male

Northern Ostrobothnia

28

0.005

0.200

0.023

1

-0.362

0.376

13-17

female

Northern Ostrobothnia

30

0.007

0.168

0.045

2

0.858

0.760

13-17

male

Southwest Finland

32

0.147

0.522

0.281

3

-0.383

0.369

18-24

male

Päijät-Häme

11

0.648

2.264

0.286

4

-3.347

0.003

18-24

male

South Karelia

11

0.183

0.630

0.290

5

-5.674

0.001

Most likely to click (CTR)
Avg.Link.Clicks

Avg.Impressions

CTR

Rank

t.test

p.value

45-54

Age

female

Gender

Päijät-Häme

Location

13

N

11.619

872.505

0.013

1

2.029

0.032

45-54

female

Satakunta

13

9.830

756.862

0.013

2

1.255

0.117

18-24

male

Kymenlaakso

11

1.591

126.303

0.013

3

2.581

0.012

45-54

female

Kymenlaakso

13

8.386

668.730

0.013

4

1.250

0.117

35-44

male

Tavastia Proper

12

9.958

806.034

0.012

5

2.380

0.016

Most likely to buy (CVR)
Avg.Website.Purchases

Avg.Link.Clicks

CVR

Rank

t.test

p.value

45-54

Age

female

Gender

Åland Islands

Location

87

N

0.008

0.020

0.408

1

0.957

0.183

35-44

female

Åland Islands

111

0.006

0.027

0.225

2

0.961

0.181

55-64

female

Åland Islands

69

0.002

0.012

0.168

3

0.990

0.180

55-64

male

Åland Islands

65

0.001

0.008

0.091

4

0.998

0.182

18-24

female

Etelä-Savo

11

0.076

1.100

0.069

5

1.278

0.119
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We used an evaluation dataset of 620 real campaigns
spanning five years of active advertising in Facebook Ads and
found that the highest performing segments vary by
performance metric. SiloSolver automates the analysis that
would a long time if done manually, and even much more
when analyzing Facebook Ads accounts with thousands of
campaigns.
With SiloSolver, online marketers using Facebook Ads
can better understand the performance of their customer
segments. Moreover, the algorithm can help avoid biased
interpretations in the cases where data on smaller segments are
scattered across the campaigns. By grouping the disparate
data, marketers achieve a higher power for statistical analysis
than with using isolated data. By not focusing only on the
largest customer segments, online marketers can reach a more
comprehensive understanding of their diverse customer
segments.
SiloSolver provides a list of the optimal segments for a
given campaign objective. These segments can then be
targeted in future advertising, both in Facebook and beyond.
Based on the chosen customer understanding goal, different
metrics can be deployed to segment the same customer base
in alternative ways; for example:
•

“Cheapest to reach” => based on the lowest
CPC

•

“Most likely to click” => based on the highest
CTR (calculated metric)

•

“Most likely to buy” => based on the highest
CVR (calculated metric)

•

“Highest sales value” => based on the highest
Total conversion value (EUR)

•

“Biggest engagement group” => based on the
highest Clicks (All)

•

“Biggest visitor group” => based on the highest
number of Link clicks

•

“Most buying” => based on the highest number
of Website purchases

For example, the experience gift e-commerce company
applied the algorithm in two ways: to (a) validate their
existing beliefs about the most profitable target groups (young
women in the Uusimaa region in Finland), and (b) diversify
their marketing efforts to other groups for brand awareness
campaigns, because the “cheapest to reach” segments are
different from the most profitable segments.
Future development of SiloSolver could include
programmatic access to Facebook Marketing API or
Facebook Audience Insights (see Fig. 2) in order to automate
the data retrieval process. The automation of SiloSolver is
limited to automatically retrieving the values of the
performance metrics for each target group and aggregating
them for statistical testing.
The key limitation of SiloSolver relates to data quality of
Facebook Ads. As noted in earlier research [11], this data is
aggregated, and marketers are unable to validate its
correctness for individual consumers [33]. Another limitation
is that the current implementation of the algorithm is
applicable only to the Facebook Ads platform, not e.g.,
Google Ads.

Fig. 2. Screenshot of Facebook Audience Insights.
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