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ABSTRACT

In this research, we collect monthly content consumption and
demographic data from YouTube over two years for a large
media publisher. We use automation to generate 15 personas
each month and examine the consistency of the generated
personas over time. We find that there are 35 unique personas
in total for the entire period, reflecting the changes in the
underlying audience population. For each persona, we gener-
ate topics of interest and identify the top three monthly topics
for each of the 35 personas following an identical algorithmic
approach each month. We then compare the sets of topical
interests of the personas month-over-month for the entire
two-year period. Findings show that there is an average
20.2% change in topical interests and that 68% of the per-
sonas experience more topical change than topical consis-
tency. Findings suggest that the topical interests of online
audiences are fluid and changes in the underlying audience
data can occur within a relatively short period, resulting in
the need for constant updating of personas using data-driven
methods. The implications for organizations seeking to
understand their online audience are that they should employ
routine data analysis to detect changes in the audience inter-
ests and investigate ways to automate their persona genera-
tion processes.
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INTRODUCTION

Personas portray segments of audiences, as well as customers
or users, as imaginary people (Cooper, 2004), usually within
the form of a persona profile containing attributes of the seg-
ment that the fictionalized person represents (Nielsen, Han-
sen, Stage, & Billestrup, 2015). Personas are used widely in

a variety of domains for understanding audiences, users,
and customers. In this research, we employ personas to repre-
sent audience segments for a major online media organization
that publishes thousands of news videos yearly.

Personas have been criticized for staling (Chapman & Mil-
ham, 2006), meaning that the underlying data from which
they were created becomes invalid, resulting in outdated per-
sonas. This limitation is especially acute for organizations
distributing online content, especially concerning changes
in topical interests. It is this last concern, the change in topical
interests of personas, that we investigate in this research.
Despite the routinely stated critique of personas changing
over time (Chapman, Love, Milham, Elrif, & Alford, 2008;
Chapman & Milham, 2006; Salminen, Kwak, An, Jung, &
Jansen, 2018), we could locate no specific research investi-
gating whether changes in content interests of audience seg-
ments, as represented by personas, actually do become
outdated. Similarly, there is a lack of research determining
how frequently interests do change, if they change at all.

As such, there are several gaps in the literature. Do topical
interests of personas change over time? If so, how often do
they change? What is the pace of change? How many topics
change? How does one identify when topics change? These
are some of the questions that motivate our research. We
could locate no previous empirical analyses of the change
in personas’ topical interests in any context. We are interested
in examining this aspect for personas in pursuit of a larger
research project to make personas more data-driven and
reflective of audience analytics and segments (Jung, Salmi-
nen, An, Kwak, & Jansen, 2018; Salminen, Jansen, An,
Kwak, & Jung, 2019).

In this research, we collect user data monthly during a more
than two-year period for a large international YouTube
content-producing organization with an audience in the hun-
dreds of thousands. To simplify the representation of this
large audience population, we generate 15 personas from
each monthly dataset following an identical algorithmic
methodology for data-driven persona creation (An, Kwak,
Salminen, Jung, & Jansen, 2018b). Personas are deployed
to represent users or customers in many domains (Friess,
2012). For our research, these generated personas represent
the audience segments of the YouTube channel of a media
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organization that currently employs the system used for creat-
ing the personas for gaining insights into their audience com-
position and content preferences.

Associated with the generation of these personas, we identify
the top three topical interests of each persona for each month,
including the top three interests in the persona profile. We
then compare the changes in the topical interests of the per-
sonas by month over the entire data collection period. Our
findings show that personas’ topical interests do change,
and these interests can change quite rapidly.

In the following sections, we present a brief literature review,
research objectives, methodology, and results. We end with
implications and future research directions. See Table 1 for
key constructs and definitions applicable to this research.

REVIEW OF LITERATURE

The availability of online content enables users to indicate
their preferences for this content via views, likes, comments,
and shares (Lee & Tandoc, 2017). With content being pro-
duced online, there have been efforts in development services
to personalize this content to audiences based on user inter-
ests (Karimi, Jannach, & Jugovac, 2018), which requires a
focus on topical preferences from audience segments (Li,
Bai, Wenjun, & Xihao, 2019; Sánchez & Bellogín, 2019) or
on personalization.

Personas are a common method of presenting audience seg-
ments (Goodwin & Cooper, 2009); however, there are con-
cerns that multiple or periodic rounds of data collection

may be needed to keep the personas updated (Mulder &Yaar,
2007), which can be time consuming and expensive. In fact,
without periodic new data collection, end users of the per-
sonas are uncertain whether the personas are representative
of their current target audience. This criticism, widely pre-
sent in the persona literature (e.g., Chapman & Milham,
2006), is based on the assumption that there can be instability
in the audience populations (Drutsa, Gusev, & Serdyukov,
2017) or, as our premise is for this research, in attributes of
the current audience. This criticism of staling of the segmen-
tation data assumes that there are periods of instability and
change in the underlying populations or data from which
the personas are created.

This is an acute concern for online content producers, such as
news organizations, social media platforms, news services,
and blog sites. The use of online data and metrics allows for
the identification of important content for persona generation
(Jansen, Jung, Salminen, An, & Kwak, 2017). However, we
could find no prior research that would show that the content
interests of personas change over time. When using personas
for decision making, keeping the personas up-to-date in terms
of interests and changes in these interests is of critical impor-
tance when creating online content.

For instance, there have been a variety of efforts toward
personalization for the delivery of online content based
on understanding the interests of audience members. As
an example of these efforts, Watters and Wang (2000)
extract feature phrases from news content. However, it
seems that people prefer a combination of personalization
and serendipitous content (Shepherd, Duffy, Watters, &
Gugle, 2001), indicating, perhaps, that audiences are inter-
ested in new types of content or tire when being exposed to
the same topics over time. Therefore, efforts have also
focused on modeling audience preferences over time,
including efforts based on similarity among audience mem-
bers (Lv, Meng, & Zhang, 2017) or specific aspects of the
content, such as entity identification (Zhang, Boons, &
Batista-Navarro, 2019).

Personalizing the delivery of news and other online content
depends on the ability to predict user interests, with tailored
content being preferred by users, although declared interest
and actual interest may differ (Sela, Lavie, Inbar, Oppen-
heim, & Meyer, 2015). Therefore, developing personalized
content systems requires not only detecting and tracking
current interests but also predicting what content users
would be interested in the future (Mele, Bahrainian, & Cres-
tani, 2019) or at least what related future content
(Toraman & Can, 2017) a person might prefer. Although
content producing organizations naturally attempt to do this,
studies on online news have shown that most news content
focuses on consistent themes (i.e., United States, Western
Europe), although this is undergoing a change with shifts
in news content to Middle Eastern, and Asian countries
(Segev, Sheafer, & Shenhav, 2013).

Persona: An imaginary person created from data that 

represents a user segment for content, system, or product 

(Nielsen et al., 2015) 

Persona set: The collection of one or more personas that 

represent the audience population for an organization. In 

this research, the set of personas is 15, corresponding to the 

relatively small number recommended in the persona 

literature (e.g., Goodman, Kuniavsky, & Moed, 2013) 

Audience segment: Group of individuals that are similar in 

specific ways, such as age, gender, interests or behaviors, 

and usually derived from demographics (e.g., Jenkinson, 

1994)  

Demographics: Statistical data relating to a population or 

particular groups within it 

Topic: Is the subject of one or more pieces of content. The 

topic of online content is determined via general processes 

of topic modeling and text classification (e.g., Xiao, Ji, Li, 

Zhuang, & Shi, 2018) 

Topic modeling: A form of supervised or unsupervised 

learning where the set of possible topics is inferred from the 

data (e.g., Hong & Davison, 2010) 

Table 1. Key terms employed in this research with definitions. 
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Additionally, prior work (Kwak, An, Salminen, Jung, & Jan-
sen, 2018) has shown that media attention and public atten-
tion are both similar and different depending on the
resolution of the analysis, with strong regional similarities
with both media and public attention but also a substantial
number of countries where media attention and public atten-
tion are dissimilar by topical interest. In these cases, the pub-
lic within these countries may be ignored by country-specific
content outlets and seek other online sources to address their
content needs and desires (Kwak et al., 2018). At the individ-
ual level, there has been limited prior work in examining the
changes in and the diversity of news content consumption.
However, previous research has noted a trend for decreasing
content consumption diversity, with the degree of consump-
tion diversity being correlated with the diversity of content
available (Zhang, Zheng, & Peng, 2017). However, there is
a notable gap in the research in determining the drift or
change in the topical interests of an audience for online
content.

This is an important research gap to address, as creating per-
sonas is not a cheap, easy, or quick process, given it has his-
torically involved ethnography studies or focus groups
(Goodwin & Cooper, 2009). When automated methods are
employed (An, Kwak, Salminen, Jung, & Jansen, 2018a),
there is still effort and time involved in the persona creation
process. Therefore, whether or not additional rounds of data
collection are needed has practical implications, notably for
those organizations with large user populations, such as
major online content publishers whose audiences’might fluc-
tuate rapidly.

RESEARCH OBJECTIVES

Our research goals are twofold. First, we investigate whether
the topical interests of personas change over time and, if so,
how much. Secondly, we determine if the change in topical
interest is associated with changes in the set of personas. In
pursuit of these goals, we address the following research
questions, which are:

• Research Question 01 (RQ01): Do the topical interests of
personas change over time? Is so, how?

• Research Question 02 (RQ02): Do the changes in the top-
ical interests of personas vary by the changes in the set of
personal? If so, how?

Our motivation for these questions is to investigate if and
how much topical interests of a set of personas change over
time to provide insights for organizations concerning how
frequently they need to monitor their audiences to keep up-
to-date on the interests of audience segments. As audience
segmentation is a common practice, we are also interested
in whether there are differences in changes in topical interest
specifically based on the stability of the audience segmenta-
tion, which again provides insight for organizations that use
personas or related customer understanding processes.

As such, we define two concepts for this work, which are:

• Topic Consistency – the concept of moving from one set of
topics to another set of topics within a given period. We
address this topic drift by the following two measures,
which are:
○ Consistency – the persistence in a set of topics from one

period to another
○ Change – the difference in a set of topics from one

period to another
• Persona Stability – the concept of the constancy of a set of
personas within a given period. We address personas vari-
ance by the following two measures, which are:
○ Stability – the persistence in a set of personas from one

period to another
○ Instability – the difference in a set of personas from one

period to another

METHODOLOGY

We investigate these questions using data from a major pub-
lisher of YouTube content. With the increased availability of
online user and customer data, there is the opportunity to use
data-driven personas derived directly from a system’s users
or a company’s customer analytics data (Vecchio, Mele,
Ndou, & Secundo, 2018), with each persona representing a
distinct audience segment. Personas developed from this
approach can be created automatically (Jung et al., 2017),
which we did for this research.

Data Collection

This organization had more than 665,404 subscribers and
more than 4,800 of pieces of online content at the time of
the study. As such, the organization is representative of those
publishers that distribute content via major online platforms,
such as other content producers, app developers, software-as-
a-service (SaaS) providers, and other media outlets. These
organizations typically have a large and potentially diverse
audience, varied online content, and the potential for changes
in the underlying audience population.

The YouTube Analytics API provides statistics for each piece
of content and various user profile data, (e.g., gender, age,
country location) at an aggregate level. Individual user data
is not provided to safeguard users’ privacy. Via the YouTube
Analytics API, we collect the detailed record of content inter-
actions by country, gender, and age group for each piece of
content. We collect data for all videos of the channel pub-
lished each month from October 2016 through January
2019. There was 1 month where the data collection failed,
so we have 26 months of data available for this research.

System for Generating Personas

In terms of producing the personas, the applied approach for
generating data-driven personas is discussed in prior work
(An et al., 2018a); therefore, we only briefly present it here.
The approach relies on non-negative matrix factorization
(NMF) (Lee & Seung, 1999) to take the aggregated user data
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and identify unique behavioral patterns (Sánchez & Bellogín,
2019), associating these unique sets of behavioral patterns,
with demographic attributes, and then using other algorith-
mic approaches to generate a complete persona profile.

In our example, we apply NMF to the video content views
retrieved from You Analytics for the organization, resulting
in a set of unique view patterns. Also, using data from You-
Tube Analytics, each unique behavior pattern is associated
with one or more set of demographics. The demographic with
the highest NMF weight is associated with the behavior pat-
tern. These are the base personas that the system then enriches
with name, photo, etc. Each video is automatically topically
classified, providing topics of interests for each persona. An
example of a complete persona profile from the system is
shown in Figure 1. This approach has several advantages,
including that is responsive to interactions with both existing
and new content, which is important as our datasets are cascad-
ing (i.e., existing content will get new user interactions, and
new content is added that has no prior user interactions). The
result of the process is the set of the most distinct personas in
terms of both behavioral and demographic user attributes.

We apply the identical methodological approach to each
monthly dataset, generating 15 personas each iteration.
Although 15 personas are three to five times the standard
number of personas (Pruitt & Grudin, 2003), we deem the
higher number of personas reasonable for organizations with
varied online audiences. The result of monthly data collec-
tion and repeated analysis is a series of monthly sets of orga-
nizational personas over the period. Once we have the
complete series of 26 data sets, we then present the 15 top
personas for each month. We use a system to automate this
process and display the listings of personas, as shown in
Figure 2 (i.e., a listing of multiple personas) and Figure 3
(i.e., one persona listing for readability of the topical
interests).

Again, the topic classification method of automatic per-
sona generation is explained in prior work (An et al.,
2018a). However, as a brief overview, one of the benefits
of using NMF for generating these personas, representing
audience segments, is a clear association between the audi-
ence segments’ interest and non-interest in specific digital
content.

Figure 1. Example of a data-driven persona profile used in this research. The persona is created automatically from audience
demographic and associated behaviors data of the organization’s online content. One component of the persona profile is the Topics of

Interest, which is the focus of this research. Topics of Interest are computed using the Z-score over the persona set.
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Beginning with this association, we can identify content that
a given customer segment might be interested in even before
content publication. For the problem of predicting interest in
new content, the most intuitive solution is to find similar con-
tent that has already been published relative to the new con-
tent and assume that the level of interest in similar content
will remain the same by a given audience segment. To com-
pute the similarity of content in a robust way, we explicitly
express the content features and how we leverage them for
persona creation.

We define a matrix that captures the features of each piece of
content. We then derive another matrix that represents an
association between an audience segment and content fea-
tures. Then, using Latent Dirichlet Allocation (LDA) (Blei,

Ng, & Jordan, 2003), we cluster content into topical catego-
ries to which we assign a human interpretable label.

We quantify the topical interests for the personas by comput-
ing the Z-score for Ft

i. For the topic t and the persona i, as
follows:

Fi
t =

Fi
t−avg Ftð Þ

σ
ð1Þ

where Ft is a set of Ft
i for any existing persona X, and σ is the

standard deviation of the Ft. A higher Z-score means that a
persona is more likely to view content belonging to a topic
than the other personas. The result is a ranking of topics for
each persona, as shown in Figure 4. The bars to the left

Figure 2. Screenshot of a portion of the persona sets. The left lists the specific personas. The top displays the month of the data
collection. Along the right is the listing the top three topics of interest for each persona for each monthly data collection.

Figure 3. Screenshot of one persona with monthly data collection date and specific topics of interest for each period.
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indicate topics of most interest and the bars to the right indi-
cate topics of least interest, relative to the entire set of per-
sonas generated for that monthly data collection.

In summary, we used the identical algorithmic process to
generate both the personas and the topical interests of
these personas for each monthly data collection. As such,
the results from an identical process allowed for the com-
parison of topical interests across all months for each
persona, which is the focus of the research we
report here.

Methodology for Comparing Topical Interest

We compare the top three topical interest of each persona
month-over-month (MoM) (i.e., overlap expressed for the
previous month. We selected the top three topics as this is
what is presented in the persona profiles and most likely to
be used by the organization for audience analysis. We did
not consider the order of the three topics. Specifically, we
define our consistency metric as the following:

MoM= TPMΠ TCMð Þ=TPM ð2Þ

Where TPM is the set of persona’s topics in the prior month,
TCM is the set of persona’s topics in the current month. Once
we have the overlap for this metric, it is trivial to calculate the
MoM change (i.e., the MoM change is one minus the MoM
consistency value). Returning to our research questions, we
now examine the change in topics of personas over time.

RESULTS AND DISCUSSION

Returning to our research questions, we first present overall
findings and then examine RQ01 (Do the topical interests
of personas change over time?) and RQ02 (Do the changes
in the topical interests of personas vary by the changes in
the persona set?).

Exploratory Results

Table 2 shows the aggregate distribution of topics during the
26-months of data collection. As shown in Table 2, the topics
were stratified into three general clusters, a highly popular
cluster (General News, Prison, and Crime, etc.), a mid-
popular cluster (Women Issues, Syria, etc.), and less popular
cluster (Turkey, US Politics, etc.).

Month-over-Month Change in Personas

To examine RQ01, we computed theMoM change, with find-
ings presented in Table 3. As shown in Table 3, the average
MoM change was 29.2% of topics among each set of
15 personas per month (standard deviation of 27.2%). The
minimum MoM change was 0.0%, and the maximum MoM
change was 82.6%. The median was 25.0%.

 % tnuoC cipoT 
1 General news 218 18.7 

2 Prison and crime 154 13.3 

3 Health and wellness 142 12.1 

4 Police and law enforcement 129 11.0 

5 Women issues 104 8.9 

6 Syria and the syrian conflict 67 5.7 

7 Youth issues  64 5.5 

8 Legal issues 59 5.0 

9 Refugee issues, Rohingya 59 5.0 

10 Turkey MENA relations 49 4.2 

11 US politics 49 4.2 

12 International affairs 48 4.1 

13 Elections (world) 12 1.0 

14 US social issues 11 0.9 

15 Political issues 5 0.4 

 001 0711    

Table 2. The distribution of topics over the entire data 
collection period of 26 months for 15 personas in each month. 

Figure 4. Screenshot of the ranking of topics by the interest for
a specific persona. A similar calculation is computed for each
persona for each data collection period. Note that a lower

ranked topic does not imply non-interest, just less interest than a
higher ranked topic.

MoM consistency (%) MoM change (%) 

Average 70.8 29.2 

Std. dev. 72.8 27.2 

 

Max 17.4 82.6 

Min 100.0 0.0 

Median 75.0 25.0 

Table 3. Overall statistics for the topic of interest consistency 
and changes for the entire set of personas over the entire data 

collection period. 
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Table 4 shows the number of personas that experienced pri-
marily higher months of change, higher months of consis-
tency, and with change and consistency the same. As
shown in Table 4, more than 68% of the personas experience
a higher level of MoM change compared to consistency dur-
ing the data collection period, and 5.7% of the personas expe-
rienced an equal amount of change.

So, returning to our RQ01, the topical interests of persona do
change, and these interests can change rather rapidly. The
topical interests by persona varied by approximately 29%
MoM and more than 68% of the personas experienced more
topical change than consistency MoM during the data collec-
tion period.

Change in Personas During the Entire Period

Moving to RQ02, concerning if the change in topical interest
is correlated with the change in personas set, we examine the
persona ordered by stability.

Table 5 shows the persistence of the personas’ appearance
over the period. As shown, a set of personas can be defined
as: core audience, as they are always or nearly always in the
audience, that are loyal customers (stability of 19–
26 months); a set of customers that are generally but not
always in the audience (8–12 months); and then a set of cus-
tomers that stay in the audience for a short time (1–7 months).

We ran a Spearman correlation test to determine the strength
and direction of the monotonic relationship between personas
stability and topical consistency. Results of the test indicate
that there is a significant and positive association between
persona stability and topic consistency (rs(27) = .73,
p < .05). Figure 5 shows the relationship between persona
stability and topical consistency. As shown, there is a positive
relationship but also with outliers and some variance. So, the
topical interests are affected by the stability of the persona set.
The more consistent a persona is with an organization the
more stable is their top interests.

Verification of Organizational Content

One factor that could have impacted the topical analysis is the
content produced by the organization could have changed in
a given month relative to what was published previously. To
investigate this possibility, we compared the aggregated con-
sistency of topics month-over-month for all content. We fur-
ther compute the Jaccard coefficient that measures the

overlap of two sets, which in our case are set 1 = the topics
in the prior month; and set 2 = the topics in the current month.
We use the first month as the starting baseline. Equation 3
shows the calculation for the Jaccard coefficient.

J =
Nc

Na +Nb−Nc
ð3Þ

where:

Na = Number of topics in the prior month.

Nb = Number of topics in the current month.

MoM Number of 
Personas 

% 

Greater change 24 68.6 

 7.5 2  lauqE

Greater consistency 9 25.7 

 0.001 53 

Table 4. MoM change and consistency of number of personas. 

Months 
Percentage 
of period 

(%) 

Number of 
personas % of personas 

26 100 5 13.17 

24 92 3 7.89 

21 81 1 2.64 

20 77 1 2.63 

19 73 1 2.63 

12 46 1 2.63 

11 42 1 2.63 

10 38 1 2.63 

9 35 2 5.26 

8 31 3 7.89 

7 27 4 10.53 

6 23 2 5.26 

3 12 1 2.63 

2 8 1 2.63 

1 4 11 28.95 

    38 100.00 

Table 5. The stability of personas during the data collection 
period. Months is the number of months that a given persona 

appeared in the data set (i.e., the measure of stability).  

Figure 5. Plot with trend line and the equation of persona
stability (x-axis) and topical consistency (y-axis).
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Nc = Number of topics in the intersection of the Prior Month
and the current month.

As shown in Table 6, the average consistency was 97.0%
(3.1% change). The average Jaccard coefficient was 0.93,
indicating a high level of similarity among the topics pub-
lished. These scores indicate further that the changes in inter-
ests noted in the topical drift of the personas were the result of
changes in audience, changes in the audience preferences, or
changes in both and not due to the availability of or changes
in the content from the organization.

DISCUSSION AND IMPLICATIONS

In this research, we show that the topical interests of personas
do change over time, confirming a central thesis in the per-
sona literature. A key implication is that organizations using
personas should engage in continuous data collection to
ensure that potential changes in their audience base and inter-
ests are reflected in the personas they are using.

Regarding online content consumption, our findings confirm
and expand those reported in (Zhang et al., 2017) that noted a
decrease in the consumption of content diversity over time
(i.e., the content people consumed tended toward sameness

over time).The repeated data collection can be done via tradi-
tional means (i.e., surveys, analytics) or using automated
methods, as done here. The advantage of using online data
sources and algorithmic approaches for persona creation is
the effortless comparison of changes over time and the use
of identical methods for persona generation.

Our research also addresses the widely cited criticism of
Chapman and Milham (2006) that argues personas are
beyond the scope of scientific validation because their crea-
tive process cannot be replicated. By quantifying and stan-
dardizing the persona generation process and the attributes
of the generated personas (in this case, their topics of inter-
est), data-driven personas can be brought into the realm of
scientific inquiry. While Chapman and Milham (2006)
attempted this years ago, there has been little considerable
progress since then regarding the longitudinal change of per-
sonas, a predisposition taken for granted in the literature. In
this research, we clearly show how to quantify and measure

this change (consistency), finding results that validate the
need for periodic updating of personas or any other custo-
mer/user profiles that are based on evolving analytics data.
This novel aspect of this research, the concept of analyzing

Month Matching 
topics Missing topics Total topics Consistency with prior 

month (%) 
Jaccard coefficient 
with prior month 

2 14 0 14 100.0 0.93 

3 12 1 13 92.3 0.80 

4 12 0 12 100.0 0.92 

5 11 3 14 78.6 0.73 

6 14 1 15 93.3 0.93 

7 13 0 13 100.0 0.87 

8 13 0 13 100.0 1.00 

9 13 0 13 100.0 1.00 

10 12 0 12 100.0 0.92 

11 11 1 12 91.7 0.85 

12 12 1 13 92.3 0.92 

13 13 0 13 100.0 1.00 

14 12 0 12 100.0 0.92 

15 12 0 12 100.0 1.00 

16 12 0 12 100.0 1.00 

17 12 0 12 100.0 1.00 

18 12 0 12 100.0 1.00 

19 12 0 12 100.0 1.00 

20 12 1 13 92.3 0.92 

21 12 0 12 100.0 0.92 

22 10 0 10 100.0 0.83 

23 10 2 12 83.3 0.83 

24 12 0 12 100.0 1.00 

25 11 0 11 100.0 0.92 

26 11 0 11 100.0 1.00 

    01 003 latoT

Average   12.4 97.0% (3.0% change) 0.93 

Table 6. Comparison of the overall topics published by the organization MoM (with month 1 as the base). Matching topics is the 
number of topics in the current month that was also in the prior month. Total topics are the number of topics that occurred among 
all personas for the current month. Consistency is the MoM percentage of topics in the current month relative to the prior month.  
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the change of audience behaviors as personas over time, is an
innovative approach only made practically possible by the
availability of large-scale online data that can be used for
developing behavioral personas, as noted in prior work
(e.g., Zhang, Brown, & Shankar, 2016).

Although there have been discussions in prior works con-
cerning the possible change in personas (Chapman et al.,
2008; Chapman & Milham, 2006), there is a subtle distinc-
tion in our research reported here, which concerns a change
in content preferences, which we show is due to both (a) an
underlying change in the audience and (b) some of the current
audience undergoing changing preferences. For online con-
tent producing organizations, it highlights the need to moni-
tor both large demographical changes in the audience and
the more fluid fluctuations in audience preferences that have
an impact on content consumption.

Future research could investigate the pace of topic change for
a high-frequency content producer and a low-frequency con-
tent producer. The assumption is that the personas
(i.e., audience composition) remain more stable for low-
frequency content producers because no new audiences are
attracted by the changing topic profile of the content. How-
ever, this assumption needs investigation.

Other future research could entail using the presented com-
parison approach to determine the optimal number of topical
interests over a period of time, which could be the number
where the period of change is minimized. This also highlights
a possible limitation in our research, in that we might overes-
timate topic change by limiting our focus to only the top three
topics. Future research could address this limitation. Finally,
we could also examine the effect of detecting topical shifts on
content automatically (Alkhodair, Ding, Fung, & Liu, 2019)
for integration into an overall data-driven persona system.
This could assist content companies in avoiding content
becoming stale or having audience segments become bored
with the content that is too similar to what they have con-
sumed in the past. Online content companies could anticipate
new content that would excite the audience via new content
for audience segments.

CONCLUSION

We confirm that topical interests of online audiences can
change over time, empirically validating a criticism of per-
sonas that their updating requires continual data collection
and confirming that the underlying audience population can
change. In the data set used here, there were substantial
changes in topics, even within a relatively short period. This
indicates that organizations incorporating personas or seek-
ing to understand their audiences, in whatever manner the
data is collected, should frequently update their audience
insights, as changes are likely. Naturally, some of the answers
to our research questions may vary organization to
organization.
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