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Abstract. Social media channels with audiences in the millions are increasingly 

common. Efforts at segmenting audiences for populations of these sizes can re-

sult in hundreds of audience segments, as the compositions of the overall audi-

ences tend to be complex. Although understanding audience segments is im-

portant for strategic planning, tactical decision making, and content creation, it is 

unrealistic for human decision makers to effectively utilize hundreds of audience 

segments in these tasks. In this research, we present efforts at simplifying the 

segmentation of audience populations to increase their practical utility. Using 

millions of interactions with hundreds of thousands of viewers with an organiza-

tion’s online content collection, we first isolate the maximum number of audience 

segments, based on behavioral profiling, and then demonstrate a computational 

approach of using non-negative matrix factorization to reduce this number to 42 

segments that are both impactful and representative segments of the overall pop-

ulation. Initial results are promising, and we present avenues for future research 

leveraging our approach. 
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1 Introduction 

Understanding the audience is a critical task in many domains, including marketing, 

advertising, system development, online content creation, and website design. In the 

wake of social media proliferation, companies and other organizations now have access 

to much more user data than ever before [1] However, dealing with “big data” has been 

found to be cumbersome [2], so that the cognitive limitations assign much greater con-

straints for utilizing user data than the availability of the data itself [3, 4]. One of the 

means to counter the overload of data is through efficient audience segmentation. 

Although there has been considerable work in many domains focused on segmenting 

audiences by information consumption patterns [5], as this is often critical to successful 

online content creation, identifying audience segments in many situations is difficult 

due to lack of data, too much data, or privacy concerns [6]. It is also problematic to 

determine what a meaningful audience segment is, especially for large, diverse, and 

complex audiences, such as international social media followership. This difficulty 
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motivates our work, as the question of determining the right number of audience seg-

ments for efficient decision making [7] is constrained by finding meaningful segments. 

By meaningful, we mean an audience segment that is behaviorally and demograph-

ically different than one or more other segments from the same overall audience. 

Given the increased interest in micro-targeting [8], i.e., focusing on extremely small 

audience segments, we do not aim at maximizing the size of the segment in our ap-

proach of combining behavioral and demographic information. In contrast, we utilize 

online videos from the content collection of a major news organization, along with as-

sociated behavioral and demographic attributes to identify the maximum possible num-

ber of distinct audience segments within the overall total audience. We then develop an 

approach for reducing this set of audience segments to the smallest number of mean-

ingful audience segments. This reduction permits a narrower focus by organizations on 

the most impactful (i.e., distinct and actionable) audience segments for decision making 

in content creation, marketing, or other uses. 

In this manuscript, we lead off with a short background section, introduce our data, 

and present our methods and results. We conclude with discussion, implications, and 

directions for the next stages of the on-going research effort.  

2 Related Literature 

Audience segmentation [9] is the process of separating a group of people into homog-

enous sub-segments, typically based on behaviors, demographics, or both, with the 

grouping most commonly grounded around some goal, product, system, or content [10]. 

Each audience segment can be defined as a group of people from the overall audience 

who are similar in specific ways but different from the other segments of the population. 

The identification of audience segments has long been central to marketing [11], and it 

is increasingly important in online content publishing. The purpose of segmentation is 

typically to increase understanding of users or customers, often using some key perfor-

mance indicators capturing a strategic goal, such as increasing content views [12].  

However, prior research has identified several challenges related to segmentation. 

Firstly, deriving actionable results from segmentation is not easy. For example, 

Tkaczynski, Rundle-Thiele, and Prebensen [13] analyze more than two thousand cus-

tomers using a clustering, arriving at two segments, neither of which were actionable 

according to the researchers. In examine online news consumption, An and Kwak [14] 

attempt to segment audiences across 129 countries and by topic, and find it challenging 

to summarize the complex audience. Secondly, demographic differences are typically 

used for segmentation, but there is a need for more meaningful segmentation criteria, 

such as behavioral differences [15]. Prior work has shown that social media analytics 

can inform aspect of information behavior, such as information sharing [16]. Social 

media data can thus offer insights into understanding audience information preferences 

driving the online behavior [17]. This is extremely important, as social media actors, 

such as YouTube channels, often have complex audiences [18].  

As an example of behavioral segmentation, online data has been used to segment 

audiences into various purchasing groups [12]. Behavioral segmentation using Hidden 
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Markov Models shows that there are consistent behaviors within searching stages [19]. 

Garcia et al. [20] report on a variety of behavioral attributes of a YouTube audience. 

Zhou and Zhang [21] use data from Weibo, one of the most popular social media plat-

forms in China, to detect patterns of dietary preferences. In the broadcast domain, with 

the increased use of social media sites for news distribution, there is a concern of audi-

ence fragmentation. Fletcher and Nielsen [22] use audience segmentation to show that 

online audiences are no more fragmented than off-line audiences, although they found 

that cross-platform audiences vary by country. Lo, Chiong, and Cornforth [23] leverage 

large-scale social media data to identify the top-k audience members. Araújo et al. [24] 

explore YouTube audiences by country and age in online adolescence channels, finding 

large and diverse segments of audiences.  

Overall, segmentation has been researched in a variety of contexts, including system 

design [25], health care [26], crisis response [27], journalism [28], and marketing [29]. 

However, prior work typically focuses on either demographic or behavioral segmenta-

tion, but they are rarely applied simultaneously. In particular, there is a lack of research 

into complex populations that may contain multiple behavioral audience segments 

within a certain demographic group, such as with popular social media channels that 

provide content ranging over a variety of topics. In these cases, the content preferences 

of individuals belonging to the same demographic group might drastically differ, re-

quiring behavioral segmentation. However, even in these cases decision makers are 

interested in retaining some demographic information in the segments, as having this 

information facilitates audience insights and immersion [30]. Therefore, dealing with 

large and demographically and behaviorally diverse audience populations can be quite 

challenging. One approach is to simplify these complex populations by identifying the 

most impactful audience segments, which is the approach we investigate here.  

3 Research Objectives 

Our goal is to develop a methodology for reducing audience segments from large and 

diverse audience populations to the most meaningful segments that retain both demo-

graphic and behavioral information. In other words, we trim the audience segments to 

achieve a practical number of segments by focusing on reducing the audience segments 

to a minimal but still informative number. In practice, this number is somewhat arbi-

trary and requires further empirical work with decision makers of audience segments. 

Here, we simply measure how much we can reduce the number of segments in order to 

simplify the audience without losing its essential characteristics.  

With this goal in mind, we define B as a behavioral audience segment, which is a 

segment based on interactions (behavior) with a set of content (C). D is a demographic 

audience segment, which is segment based on demographic characteristics. U is an in-

tegrated audience segment composed of both behavioral and demographic attributes.  

In this research, we will: 

1. Identify the number of behavioral segments (B) within a total audience. 
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2. Associate each of these behavioral segments with a set (D1 to X) of weighted demo-

graphic segments (Di), resulting in a set of integrated segments U, defined as (B x 

D1 to X), where X is the maximum number of segments. 

3. Develop an approach for reducing the set (D1 to X) while retaining the most descrip-

tive demographic segments (D1 to i) resulting in a reduced set of U.  

We present our data and methodology in the following sections.  

4 Methodology 

4.1 Data Collection 

For our research, we collect actual audience data from a major online media and mobile 

channel based with millions of audience members with varying interests in the online 

content and geographically distributed worldwide. Our data source is the online news 

channel AJ+1, which was designed from its founding to serve news in the medium of 

the viewer, with no redirect to a website or other platform. AJ+ is based on social plat-

forms, meaning the digital content developed is specifically designed to be viewed by 

audiences on the Facebook, YouTube, Twitter, or Instagram, depending on the audi-

ence members who are most active on each platform. 

For the data collection platform for the research reported in this manuscript, we use 

the AJ+ YouTube Channel, reserving analysis of the Twitter, Facebook, and other plat-

forms for future work. However, the technique presented here is generalizable to any 

social media channel providing aggregated audience statistics [31]. As with many other 

social media platforms, the YouTube channel’s analytics platform provides detailed 

statistics for every video. As an example of an AJ+ YouTube video, see Figure 1. 

 

Fig. 1. Example of YouTube video from the AJ+ YouTube channel, with number of views. 

                                                           
1 Part of the Al Jazeera Media Network. 
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For this research, we collect data on 4,320 videos produced from June 13, 2014 to 

July 27, 2016. Collectively, these videos have had more than 30 million views from 

people in 190 countries at the time of the data collection. The YouTube analytics plat-

form provides, for each piece of the content collection, user attributes (e.g., gender, age, 

country location) at an aggregate level. One can access the data via the YouTube appli-

cation programming interface (API), through which data can be collected automatically 

if permission is granted by the channel owner. We obtained the permission and col-

lected the data. The attributes used for this research are listed in Table 1. 

Table 1. Demographic and behavioral variables in the dataset. 

Type Description 

Demographic at-

tributes 

ageGroup: YouTube viewers are classified into multiple age catego-

ries (13-17, 18-24, 25-34, 35-44, 45-54, 55-64, and 65 years and 

older); 7 possible age categories for a customer. 

gender: YouTube viewers are classified as either male or female, so 

there are 2 possible categories. 

country: YouTube uses the two-letter ISO-3166-1 country code index 

to classify where viewers are from, with 249 current officially as-

signed country codes at the time of this study. 

Behavioral attrib-

ute 

viewCount: YouTube provides the number of views per video for a 

given [country] by [gender, ageGroup]. 

We operationalize a demographic segment as a unique combination of (country, gen-

der, age group). With 2 genders, 7 age groups, and 249 counties, this yields an upper 

limit of 3,486 audience segments. However, our data has 2,214 demographic segments, 

as not all countries and not all age groups for each country are represented. Even so, 

the dataset can be said to describe a large and diverse social media audience. 

4.2 Segmentation Procedure 

To isolate audience behavior patterns, the embedded structures in the aggregated data 

should be discovered. We employ a matrix decomposition technique, specifically non-

negative matrix factorization (NMF), for this purpose. As this process is outlined in 

[32], we only conceptually present it here (see Table 2). 
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Table 2. Matrix decomposition process using Non-negative matrix factorization (NMF). 

The original matrix V is decomposed into two matrices, H and W. 

Step Description 

Step 1 We first develop a matrix representing users’ interaction with online content. 

Step 2 The columns of the matrix are the online content pieces, e.g. videos (e.g., c 

contents (C1, C2, ..., Cc)). 

Step 3 The rows of the matrix are the user groups or customer demographic segments 

(e.g., g user groups (G1, G2, ..., Gg)). 

Step 4 Therefore, the matrix describing the association between user groups and con-

tents is denoted by V the g×c matrix of g user groups or customer demo-

graphic segments and c contents.   

Step 5 The element of the matrix V, Vij, is any statistic that represents the one interac-

tion or set of interactions of the user group Gi for content Cj. 

Using this matrix approach as the basis, we can decompose (i.e., separate into sim-

pler components) the overall matrix V into two matrices: W and H. In other words, one 

complex matrix V can be approximated as the product of smaller matrices W and H. 

The matrix H contains the audience behaviors and matrix W contains the user de-

mographics. The matrix H encodes an association between the behavioral segments and 

the individual pieces of content. The resolution in finding user behavioral segments can 

be adjusted by the number of rows in H. The outcome of this step is the determination 

of B. Although one can present as many behavioral segments as the data contains, cog-

nitive limits of the end users of the system pose a practical upper bound. It is not pur-

poseful to show end users hundreds of customers segments.  

Once we have the matrix H, we discover, via NMF, the underlying latent patterns, 

which describe the user segment interactions with the sets of individual content. These 

latent patterns become the basis of the user demographic segments, D1 to X, in the next 

step. The matrix W encodes an association between user demographic groups and be-

havioral user segments (i.e., latent content interaction patterns) with the set of corre-

sponding user demographic segments each with an associated weight indicating how 

strongly each demographic segment is associated with the given behavioral segment. 

Each row in W represents how each demographic segment can be characterized by 

different behavioral patterns. The columns in W show how each latent behavioral pat-

tern is associated with different demographic segments. 

The resolution in finding demographic segments can be adjusted by the number of 

columns in W. We identify the most impactful demographic segments associated with 

the previously defined behavioral segments. A single behavioral segment can have mul-

tiple associated demographic segments, as shown in Table 3. This reflects the fact that 

users within the same demographic attributes can interact with different content. 
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Table 3. Demographic segments (D1 to D10) associated with behavioral Segment 1 (B1). 

Shaded areas are below the elbow and with negative z-scores.  

User Behavioral Segment #1 (B1) 

Seg. Country Age Gender Weight z-score 

D1 US 25 male 415.73 2.330935 

D2 US 35 male 313.00 1.215947 

D3 US 45 male 221.56 0.223497 

D4 CA 25 male 216.42 0.167709 

D5 CA 35 male 176.54 -0.26513 

D6 US 55 male 165.83 -0.38137 

D7 GB 25 male 147.47 -0.58064 

D8 CA 45 male 124.21 -0.8331 

D9 US 65 male 114.93 -0.93382 

D10 GB 35 male 113.99 -0.94402 

Given our dataset, we define a behavioral audience segment as a pattern of video 

viewing. With 4,320 videos, we have an extremely high number of combinations of 

videos viewed by different segments. However, prior research has shown that individ-

uals struggle to work with large volumes of information [34]. For this research, we use 

15 behavioral segments, each associated with 10 demographic segments. Therefore, we 

have a total of 150 potential segments, which is the number we aim to reduce. 

5 Results of Simplification 

We have four variables to utilize for simplifying our segmentation, which are: (a) 

weight, (b) country, (c) gender, and (d) age. Leveraging first weight, we want to deter-

mine a cut-off beyond which the demographic segments are less meaningful. 

For this, we employ the elbow approach, in which one chooses the number of seg-

ments so that adding another segment does not add much information. For many phe-

nomena, the marginal gain will drop, giving an angle, or elbow, in a graph. The number 

of segments is chosen at this point. The elbow can be verified using the z-score, which 

is a measure of how many standard deviations above or below a population’s mean a 

raw score is. The z-score is calculated with z = (X – μ) / σ where z is the z-score, X is 

the value of the element, μ is the population mean, and σ is the standard deviation. 
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Fig. 2. Segment 2 with elbow at demographic segment 4 (a); segment 10 with no elbow in 

top ten demographic groups (note: elbow at segment 10) (b); segment 15 with elbow at de-

mographic segment 6 (c); segment 1 with elbow at demographic segment 5. 

We utilize both the graphical elbow graph and the z-score for all 15 behavioral seg-

ments (with three sample graphs shown in Figure 2, eliminating the demographic seg-

ments below the elbow (i.e., where the z-score becomes negative). Figure 2 displays 

the graphical display of the demographic weights of behavioral Segment 1 with the 

critical z-score shown as a vertical line. Using elbow and z-score approaches, we reduce 

our entire data set of 150 audience segments to 63 segments (a 58% reduction). 

Table 3 shows the z-score calculations for the set of demographic segments (D1 to 

D10) for behavioral Segment 1 (B1). For each behavioral segment, we group demo-

graphic segments based on country, specifically using the ISO 3166-1 country codes 

utilized by most of the major online platforms. Keeping the demographic segments dis-

tinct by country makes sense, as privacy, marketing, and other legal restrictions often 

vary by country. If two or more demographic segments are from the same country, then 

those audience segments are candidates for consolidation (see Table 4). 

(a) (b) 

(c) (d) 
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Table 4. Segment 10 grouped into 6 possible demographic segments from the original 10 

based on country variable. 

Country Age Gender Weight 

GB 25 male 15.97 

GB 35 male 8.16 

GB 18 male 7.53 

DE 25 male 5.38 

CA 25 male 4.15 

GB 45 male 3.52 

IT 25 male 2.7 

AE 25 male 2.64 

CA 18 male 2.54 

CA 35 male 2.49 

We group demographic segments based on gender, specifically in this research using 

a binary of male and female. If demographic segments are of the same gender from the 

same country, those segments are candidates for consolidation (see Table 5). 

Table 5. Segment 4 grouped into two possible demographic segments of four based on 

gender variable. 

Country Age Gender Weight 

PH 25 male 3.4 

PH 18 male 1.59 

PH 35 male 1.21 

PH 25 female 1.18 

We group demographic segments based on age category. As this is initial research, 

we take a heuristic approach: (a) if the age bracket is bounded by corresponding age 

brackets from the same country and gender, then the age brackets are aggregated, or (b) 

if the age bracket is adjacent to a corresponding age bracket from the same country and 

gender, then the two age brackets are aggregated (see Table 6). 
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Table 6. Segment 11 grouped into one demographic segment based on age variable. 

Country Age Gender Weight 

MY 55 male 9.26 

MY 25 male 7.13 

MY 65 male 6.71 

MY 45 male 6.42 

MY 35 male 5.76 

We then apply the country, then gender, and then age consolidations to each of the 

15 behavioral segments. Table 7 presents an example of the overall simplification ap-

proach for behavioral segment 1, with the original 10 demographic segments reduced 

to 2. The Weight attribute reduced the set to 6. The Country and Gender attributes can 

reduce the segments to 2, which was the result when the Age heuristic was applied. 

Table 7. Segmentation simplification process, reducing 10 demographic segments (D1 to 

D10) into 2 (DUS and DCA) for behavioral segment 1. 

Country Age Gender Weight z-score 

US 25 male 415.73 2.330935 

US 35 male 313.00 1.215947 

US 45 male 221.56 0.223497 

CA 25 male 216.42 0.167709 

CA 35 male 176.54 -0.26513 

US 55 male 165.83 -0.38137 

GB 25 male 147.47 -0.58064 

CA 45 male 124.21 -0.8331 

US 65 male 114.93 -0.93382 

GB 35 male 113.99 -0.94402 

Table 8 shows the results for all 15 behavioral segments after applying the reductions 

discussed above. Our original 150 integrated audience segments were reduced to 42 

segments, a 72% simplification, with each segment distinct in terms of behaviors. The 

average simplification was 2.8 segments, with a maximum of 9 and a minimum of 1. 
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Table 8. Set of 150 segments simplified to 42 by applying first weight and then country-

gender-age reduction. 

Behavioral 

Segment (B) 

No. of Demographic 

 Segments (D) 

Applying 

Weight (D) 

Applying 

Country-Gender-Age (D) 

1 10 4 2 

2 10 4 4 

3 10 3 3 

4 10 4 2 

5 10 3 1 

6 10 3 2 

7 10 5 5 

8 10 3 2 

9 10 3 3 

10 10 10 9 

11 10 5 1 

12 10 3 1 

13 10 4 2 

14 10 4 1 

15 10 5 4 

 150 63 42 

6 Discussion and Conclusion 

The abundance of social media data has been transformative for online content creation. 

However, at the same time it has resulted in an overwhelming number of potential au-

dience segments, especially for channels with large international audience. 

In this research, we show that meaningful audience segmentation that retains both 

demographic and behavioral information is achievable. Our research results show that 

audience segmentation can be accomplished rapidly and dynamically using a large-

scale user data from major online social media platform, reflecting the content con-

sumption behavior of real people forming the channel’s online audience. 

Furthermore, we show that one can employ consistent techniques to reduce the num-

ber of audience segments in complex user populations. With our approach on the ex-

ample dataset, we achieved a 72% simplification of the audience segments, while con-

sidering both demographic and behavioral variation in the output personas. 

Concerning limitations, a known shortcoming of the applied elbow method is that 

the elbow cannot always be unambiguously identified, even when using the z-score. In 

future research, we are investigating ways to solve this issue. 

Moreover, while we limited our focus here to understanding the meaningful audi-

ence segments with social media data, it would be interesting to apply the approach to 

the long tail of audience segments to investigate possible micro-audience segments, 

cultural differences [35], and content topics [36]. 
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From a practical point of view, although this manuscript is specifically focusing on 

digital content on YouTube, our approach can be applied in a wide range of contexts, 

given that the data structure remains similar. Increasingly, audience segmentation pro-

cesses are leveraging aggregated audience data [37], having the advantage of retaining 

the privacy of individual users. Our approach, utilizing aggregated data from the 

YouTube API, has this benefit as the privacy of users is kept safe. 

Overall, the strength of the research is that we use real content and user data from a 

major social media platform to investigate novel ways for audience segmentation, with 

promising areas for future research. We are actively investigating the use of other social 

media and data sources to provide richer audience segments for online content creators. 
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