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Abstract: We explore the effects of hyperparameter selections
on the personification accuracy of customer analytics data from
a corporate YouTube channel with an audience in the hundreds
of thousands and customer interactions in the tens of millions.
Using non-negative matrix factorization, we generate personas
sets from 5 to 15 using the customer analytics data, with the
number of personas being the changing hyperparameter. We
then compare the gender, age, nationality, and topical interests
of the personas across each of the 11 persona sets using the
average of the 110 generated personas as the baseline. This
analysis shows that hyperparameter selection significantly
alters the personification of the analytics data, with the effect
most apparent with age representation. The set of 10 personas
provides one of the most accurate representations across all
attributes, indicating that this may be a good default
hyperparameter for personification. Future research can
explore other personification attributes with other customer
analytics datasets.
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I. INTRODUCTION

Many organizations desire to know more about their
customers to make more informed business decisions. In
pursuit of this goal, organizations often turn to customer
analytics [1], [2]. The customer analytics process creates
customer metrics that are proxies for real customers in
customer populations that can now number in the millions to
billions for companies. Businesses employ these customer
analytics metrics for various purposes [3]-[6], such as
marketing, advertising, product development, upselling, and
customer relationship management. These customer analytic
metrics are an example of depersonification, which we define
in this context as “the representation of real people by text,
numerical, or other data creating one or more proxies for
real people”.

With the increasing ease of collecting behaviors,
purchases, the sentiment expressed in reviews and social
media information, customer data volume has dramatically
increased to a size that requires the employment of machine
learning models to process and analyze [7]. Machine learning
(ML) techniques are used with large volumes of data to
identify trends and segments within big customer populations
[8]. Robust persona analytics systems are now using these
ML models to create data-driven personas, which are
“humanized representation of people based on data about
customers, audiences, or users”. These data-driven personas

are an example of personification, defined as “the
representation of numbers, metrics, and measures derived via
analytics from customer data in the form of fictitious humans
possessing attributes determined by the analytics process”.
The motivation for this personification [9] is that cold,
rational numbers often do not generate the connection to and
empathy of customers required [10] in endeavors such as
marketing, advertising, product design, and service
blueprinting. So, we are presented with the fascinating
conundrum of organizations employing depersonification via
customer analytics to make more informed decisions about
these customers. These same organizations are then using
personification via persona analytics to better relate to and
empathize with these customers. This depersonification-
personification concept is illustrated in Fig. 1.
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Fig. 1. Illustration of the on-going depersonification process to generate
customer analytics motivated by a desire to make more informed business
decisions about customers. While this depersonification process is occurring,
a personification process is ongoing where customer analytics data is
transformed into data-driven personas motivated by a desire to make
empathic and understanding decisions about customers. Both
depersonification and personification processes employ similar machine
learning approaches for organizations with large customer populations.
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The depersonification and personification processes
typically employ ML approaches to generate customer
analytics [11] or data-driven personas [12], [13] due to the
large volume of customer data. There are many ML
approaches, including supervised and unsupervised learning.

Nearly all ML models require the configuration of at least
two parameters [14], model parameters and hyperparameters.
A model parameter, usually just referred to as a parameter, is
a configuration variable internal to the model where one can
estimate or calculate the value from data (e.g., average,
variance, maximum, minimum, mean). A hyperparameter,
conversely, is a configuration variable external to the model
where one cannot estimate the value from data (e.g., number
of clusters, number of iterations). Hyperparameters are set
manually, typically using heuristics or results from trial and
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error. This setting procedure is because one usually does not
know beforehand what the best value for a hyperparameter
for a given model for a given problem for a given dataset is.
Therefore, ML models [15] are often tuned to find the best or
at least a reasonable value for a model’s hyperparameters that
result in the best performance.

Traditionally, personas were created manually based on
limited customer data, requiring no ML approaches.
However, persona analytics systems can theoretically create
an arbitrary number of personas [16] from customer analytics
representing thousands to millions to billions of customers.
However, as an emerging field of research, the impact of
hyperparameters on models employed by persona analytics
has seen little research. In creating data-driven personas via
persona analytics, the critical hyperparameter is the number
of personas to create. Therefore, there are several unanswered
questions, including: What is the effect of changing the
number of personas?, Does the accuracy of customer
representation correlate with the increase or decrease in the
number of personas?, Is there a number of personas that is
the ‘best’?, These are some of the questions that motivate our
research.

This research uses a large customer analytics dataset
numbering in the hundreds of thousands of customers and
millions of interactions from a major international
corporation’s YouTube channel. We generate sets of
personas from 5 to 15 from this customer analytics dataset
using an identical ML approach. We then analyze the
resulting 110 personas comparing each of the 11 groups of
personas along four attributes to determine the most
appropriate  hyperparameter for creating data-driven
personas.

We discuss theoretical and practical implications and
present a literature review, research questions, methodology,
and results. We end with a critique of this study and directions
for future research.

II.REVIEW OF LITERATURE

This research is at the intersection of three generally
independent research domains — machine learning, digital
analytics, and personification.

As the literature of these fields is voluminous, we focus on
the hyperparameter aspects of ML, the customer
representation in the digital analytics domain, and data-
driven personas in the personification field. Even with this
narrowing, the prior literature presented here skims the
surface, only presenting what is needed. However, the
literature reviewed serves as a foundation for the research
presented in this article. For deeper dives into each of these
areas’ specifics, we refer the interested reader to specific
literature in each field.

A. Hyperparameters and Their Effect on ML Models

There are various approaches to ML [17], which is the use
of computing algorithms that ‘learn’ (i.e., improve
performance) by iterations using data. The approaches
generally involve how much supervision the models are given
or whether or not the specific ML models use statistical
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techniques [18], [19]. Each ML approach has many
alternative models, which is a particular instance of that
approach. For example, one approach to ML is factorization,
and one particular factorization model is non-negative matrix
factorization [20], which is the ML model used in this
research. As customer data availability, accessibility, and
volume have increased, ML models are increasingly
employed to improve customer data analysis [21].

Most ML models have parameters that define the approach
and the limits of the algorithmic analysis[22]. Parameters are
usually derived by the models from the data that the model
uses. However, these ML models also have hyperparameters
[23], which also define the model’s limits [24] but are not
derived directly from the data. Hyperparameters are outside
the data [25], usually derived from trial and error, estimation,
or rules of thumb. For example, clustering is often used to
segment customer analysis data [26], [27]. However, the
‘right’ number of clusters [26] is a matter of opinion or
related to some data-external business goal. Therefore, most
clustering algorithms require the number of clusters desired
as a hyperparameter. Selecting the appropriate
hyperparameter requires tuning.

This research generates data-driven personas from
customer analytics data using a ML model as an example of
personification. The number of data-driven personas to create
from the data is a hyperparameter. In this research, we
evaluate the effect of the hyperparameter values on the
representation by the underlying customer analytics
personification process.

B. Customer Analytics

Customer analytics data (when we say ‘customer’, we also
mean ‘user’ or ‘audience’) is used for a variety of purposes
[28] for the analysis and reporting concerning the consumers
of a business’s product or service [29]-[31]. Analytics is
generally represented as numbers, even when the focus of the
study is non-numeric (e.g., sentiment analysis of textual
data). These numbers are presented as counts (e.g., number
of products sold) or ratios (e.g., the conversion rate for an ad
which is the number of products sold due to the ad divided by
the number of clicks on the ad). Hopefully, these numbers are
evaluated as key performance indicators (KPIs)[32], and, in
turn, businesses use these KPIs as measurements for progress
toward achieving some business goal.

Companies employ customer analytics for various
purposes [33]-[36], including branding, reputation
management, customer relations management, marketing,
advertising, cross-selling, upselling, and other business-
related activities. If the data is at the individual level, one can
employ it for personalization efforts, such as email
marketing, for example. However, one often wants to
aggregate the data to identify segments for tasks such as look-
alike analysis or recommended products. Segmenting is the
process of identifying groups of customers in the dataset that
have common behaviors or demographic attributes [37].

Although it is beneficial and actionable for many tasks,
customer analytics data is still a proxy for the real customers
— that is, the actual customers have been de-personified to
numbers. The reliance on customer analytics can lead to a
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focus on the numbers at the expense of genuine customer
focus, customer understanding, and customer empathy. Yet,
empathy has been shown to provide beneficial effects for
design and customer-centric decision making [38]. For this
enhanced  customer  understanding,  personification
techniques and artifacts are advantageous.

For this research, we leverage customer analytics data to
create one personification type, namely data-driven
personas.

C.Data-Driven Personas

Personas depict fictional people created to represent real
users, audiences, and/or customers [39]. Personas are an
example of personification. Traditionally created somewhat
ad hoc from limited data sources [40], the availability of large
amounts of online customer data has opened the door for
creating data-driven personas [41]. These data-driven
personas are personas algorithmically created from actual
customer data — usually large amounts of real customer data
[42]. As such, data-driven personas are acknowledged to be
precise and accurate representations via personification of the
data. As data-driven personas are often created via persona
analytics systems [43], these types of personas can be updated
frequently — so they do not stale or become outdated.
Therefore, data-driven personas provide humanized customer
representations to make better decisions about customers and
achieve better business results.

The concept of data-driven personas has been presented in-
depth in groundbreaking books [44], [45] and later articles
[13], [46], [47] on the subject and then extended by numerous
researchers [48]-[50]. Data-driven personas have been
investigated from several angles, including culturally [51]
and as the representation of customer segmentation [13].
Data-driven personas have been shown to be more effective
than straight-up analytics for certain customer-focused tasks
[52]. Data-driven personas have also been shown to be quite
effective in presenting an accurate customer representation
[53] and effective in alternating the incorrect preconceptions
of customers for stakeholders in organizations [54]. As such,
data-driven personas are an excellent instantiation of the
personification process. For more on data-driven personas,
there are several published manuscripts on the topic [41],
[43], [55].

This research leverages a ML model [20] and supporting
algorithms [56]-[58] to generate data-driven personas [55]
from an extensive customer analytics data set for
personification. We specifically investigate the effect of
different hyperparameter values of the number of personas on
the personification process in representing the underlying
data.

I1l. RESEARCH QUESTIONS

Our major research question (RQ) is: “Does the selection
of hyperparameters affect the accuracy of personification of
customer analytics data?”. Specifically, we examine:

e RQa: Does the selection of hyperparameters affect the
accuracy of personification of customer analytics
gender data?
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e RQb: Does the selection of hyperparameters affect the

accuracy of personification of customer analytics age
data?

e RQc: Does the selection of hyperparameters affect the
accuracy of personification of customer analytics
nationality data?

e RQd: Does the selection of hyperparameters affect the
accuracy of personification of customer analytics
interest data?

Our premise is that the hyperparameter values will affect
the personification process, based on prior work in the ML
area, combined with our experience in customer and persona
analytics. Concerning accuracy, we mean the degree to which
the results of the hypermeter selection conform to the values
from the baseline.

We select the range of hyperparameter values from a floor
of 5 to a ceiling of 15, as the choice represents a 3x
increase/decrease in value, is the range of the persona
analytics system that we employ in this research, and is
within the cognitive capabilities of the stakeholders who will
have to employ personas. It is also a range that persona
studies commonly apply. Therefore, the hyperparameter
values are realistic for actual employment. We select gender,
age, and nationality for demographic varieties to investigate
as these are industry standard attributes common in many
industry-standard analytics platforms. We note that the major
analytics platforms use biological sex as a proxy for gender
and IP location for nationality.

Additionally, the demographic variables have different
inherent values ranging from reasonably small with gender,
limited with age (when condensed into age groupings), and
relatively large with nationalities.

We choose topics of interest as it is derived directly from
interaction with the products (i.e., videos), representing a
customer behavioral attribute. In sum, our research questions
represent a span of both demographic and behavioral
characteristics to evaluate the effect of hyperparameter value
selection on the personification process for accurately
personifying customer analytics data.

IV. DATA COLLECTION AND METHODOLOGY

A. Data Collection

We employed the YouTube channel of a major
international multi-billion US dollar aviation company for the
customer analytics data. This company’s YouTube channel
has thousands of posted content pieces, more than 255,000
followers, with more than 84 million customer interactions
(i.e., views) with content access worldwide. Therefore, ours
is a robust, extensive, and heterogeneous customer analytics
dataset.

As such, the company is representative of organizations
with a large and diverse customer population. The customer
data was accessed via YouTube Analytics, an industry-
standard analytics platform. It is similar in design and metrics
offered as other major analytics platforms, such as Google
Analytics, Facebook Insights, Adobe Analytics, and IBM
Analytics. The YouTube Analytics data is aggregated with
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personal identifying attributes or values, so privacy concerns
are minimal. However, the process employed in this research
can be used with proprietary customer relationship
management (CRM) data, which does contain individual
customer information.

Also, the YouTube Analytics data is available only to the
channel account holder and not open to the general public.
The data for this research is employed with the channel
account holder’s permission, who provided access to the data
via an Application Programming Interface (API) to the
analytics platform.

B. Personification Process

We employ an industry-standard persona analytics system
for automatic persona generation (APG) for the
personification process, available online at
https://persona.qcri.org. APG takes large amounts of
customer analytics data and personifies the data via the
creation of data-driven personas that are, reportedly, accurate
and precise representations of the underlying customer data.
As the persona analytics system [42], [59]-[61] has been
described in detail in other research, we briefly present it here
and refer the interested reader to published research.

APG leverages customer analytics data from various
possible sources, including CRM, Facebook, Instagram,
Facebook Ads, Google Ads, Google Analytics, and
YouTube, via accessing the APIs after inclusion in an
organizational account of the particular platform. The
customer analytics data accessed by APG is aggregated
demographics data (e.g., gender, age group, country code)
and behavioral data (e.g., product id, count of customer
interactions). The behavioral data can be any product (e.g.,
webpage, ad, book) associated with one or more behaviors
(e.g., visit, click, purchase). In the specific case for this
research, the product is videos. The behavioral metric is the
viewcount of a given video.

APG uses non-negative matrix factorization (NMF) [20]
algorithm as the initial step in the personification of customer
analytics data. NMF is a factorization approach to identify
sets of products related to customer behaviors (e.g., videos
typically viewed by the same types of customers). Via matrix
decomposition, NMF builds a matrix of these products and
latent features. NMF also makes a matrix of demographic
groups and their association to some latent factor. NMF
associates the demographic groups to the product sets using
the latent factors resulting in textual and numerical user
profiles. APG infers the gender, age, and nationality
attributes from the data in the customer analytics dataset via
the analytics platform.

APG then enriches these user profiles to generate complete
and rich data-driven personas. APG employs an internal
database of thousands of stock photographs of models, with
each image meta tagged with an appropriate gender-age-
nationality. The system also has an internal database of
thousands of names. Each name is also meta-tagged with an
appropriate gender-age-nationality probabilistically to match
the persona’s gender-age-nationality [62]. Leveraging 2" and
3 party data, such as from the Facebook Audience Manager,
APG calculates the probability of various other background
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information, such as occupation, education, and relationship
status. For the topics of interest, APG generates these topics
of interest [63] based on the products interacted with to
generate using a variety of classification algorithms,
including zero-shot classification and supervised ML.

®

Jennifer remale, 40, United states @ we

Job @
Education Level @
Relationship Status @

6431k 5.6k

Fig. 2. Example of an APG data-driven persona profile (not from the
organization used in this study) with the four elements of the persona profile
pertinent to this study annotated. 1 — the persona gender. 2 — the persona age.
3 — the persona country. 4 — the persona topics of interest based on products
or content from the specific organizational account.

C.Outcome of the Personification Process

Using various algorithmic approaches and periodic data
collection, APG determines the sentiment of social media
comments in multiple languages, including English, Arabic,
Turkish, Spanish, Finnish, and French. An example of a data-
driven persona created by the APG persona analytics systems
is shown in Fig. 2, with the key features employed in this
research annotated.

As a persona analytics system, APG has an advantage
relative to manual approaches to persona creation. APG can
generate a different number of personas in given persona sets
or casts. Although theoretically, APG can create any number
of personas, given the users’ cognitive limitation of managing
a large number of personas, the interface affords generation
of persona sets from 5 through 15 inclusive. The sets of
personas are presented as a scrolling window on the left of
the interface. The set’s personas are default ranked by the size
of the customer segment they represent, with an example of
5 personas shown in Fig. 3.
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Fig. 3. Example of the APG interface, with the cast of personas (see 1 — in
this case, a set of 5 personas). The personas in the listing are ranked by the
current reach of the personas (see 2), which is the current customer segment’s
size. Clicking on a result in the persona listing (see 1, the shaded result at
row one) displays the corresponding persona profile (see 3, in this case,
Abhishek). Note: The grayed areas in the persona profile are instances of the
company name or identifying information that has been masked to preserve
the company’s confidentiality.

D.Changing of Hyperpapameter Values

As the number of personas is increased from 5 to 15, the
persona listing increases correspondingly, with the
underlying customer population being personified with
greater granularity (see Table I). As shown in Table I, the
hyperparameter (i.e., the number of personas generated) is
increased from the five personas shown in Fig. 3 to six and
above.

For each hyperparameter selection, APG generates a new
listing of data-driven personas. The default ordering of the
personas is the size of the customer segment that each persona
represents. As the generation of personas from 5 to 15 is
based on the same underlying customer population data, each
of the persona listings are both independent (e.g., any of the
personas in the set of 5 is autonomous from any persona in
the set of 15 for example), regardless of similar demographic
attributes) and related behaviors (i.e., the set of 5 personas is
based on the same customer interaction data as the set of 15
personas, for example). However, the same or similar
personas can appear in multiple persona listings when the
hyperparameter values change.

From reviewing the casts of personas in Fig 3 and Table I,
we see that some portions of the persona listings intersect
(i.e., the identical/similar personas are in multiple listing),
and other personas are unique (i.e., the personas only appear
in one in one persona listing). Also, as the persona analytics
system segments the customer analytics data based on the
hyperparameter values, the ranking of some of the personas
that may represent similar segments across listings changes.

This ranking change results from the changing size and
number of the customer segment represented by each of the
personas in each set. We also note that some personas and
their underlying customer segments are consistent across all
personas listing and constant in ranking across all persona
listings. For example, this applies to the two top-ranked
personas, such as Abhihek (29 years old from India) and
Indra (30 years old from Indonesia). Other personas appear
in multiple listings but at different rankings, such as Chris (29
years old from the United States). In sum, a visual inspection
of the persona listings indicates that the hyperparameters’
change might skew user perceptions of the customer
population.

However, whether five, fifteen, or any number of personas
in between, the total of the personas in the listing represent
the total of the underlying customer analytics dataset.
Therefore, each representation is, in a sense, correct.
However, in order to compare across sets of personas, we
need a baseline. We generate all 11 persona sets for this
baseline and then calculate the proportional representation for
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gender, age, nationality, and topics of interest. This gives us
a ‘gold standard’ baseline that we take the ‘accurate’
representation. We then calculate the expected number of
personas that we would expect in each set with these
percentages. We compared the expected number to the actual
number that was generated in each set. We then determine if
the actual number of personas exceeds (Over), is less than
(Under), or is correct (Same). We can then determine which
persona sets are more accurate, and if not exact, whether they
over or under-represented the customer population for the
given attributes. One can calculate the times a given protected
attribute is over or under, and this way, quantify “algorithmic
bias” in data-driven personas.
We are not arguing that this averaging approach is the best
for determining the accuracy of personification. This is not
the objective of our research, and this determination of the
‘best’, if such a thing exists, we leave for other research.
However, this baseline does suffice for our research to
determine if changing the hyperparameter’ values affects the
personification process. As such, the baseline is sufficient for
investigating our research questions.
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TABLE I. CASTS OF DATA-DRIVEN PERSONAS FROM APG, A PERSONA ANALYTICS SYSTEM EMPLOYING NON-NEGATIVE MATRIX
FACTORIZATION TO CREATE PERSONAS SETS. SHOWN IN THIS TABLE ARE THE CASTS OF PERSONAS FROM 6 TO 15, WITH THE CAST
OF 5 PERSONAS SHOWN IN FIG. 3. THE PERSONAS IN EACH CAST ARE RANKED BY THE SIZE OF THE CUSTOMER SEGMENT EACH
PERSONA REPRESENTS, FROM LARGEST TO SMALLEST SEGMENT. EACH PERSONA RESULT IN THE LISTINGS DISPLAYS NAME, AGE
SELECTED FROM AGE CATEGORY, AND NATIONALITY, ALONG WITH APICTURE. THE PICTURES AND NAMES ARE META-TAGGED

WITH THE APPROPRIATE GENDER, AGE, AND NATIONALITY TO HELP ENSURE THE PERSONAS ARE BELIEVABLE.

Value of the Hyperparameter (i.e., number of data-driven personas generated from customer analytics data by APG) from 6 to 15, with
the corresponding persona listing for each)
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©  Abhishek ©  Abhishek ®  Abhishek ®  Abhishek ©  Abhishek
” 29, India 0 29, India il 29, India " 29, India 4 29, India
Indra 9 Indra ® Indra ® Indra Indra
Mt 30, Indonesia Miw_ 30 Indonesia w30 Indonesiz ain. 30 Indonesia Miw_ 30 Indonesia
; Issam ! Issam
g, 'ssam Issam g 32, Qatar 4 32, Qatar Issam
32, Qatar 32, Qatar ' 32. Qatar
2 Chris v Chris ‘
John R S:hrIS‘ R 39, United States 39, United States Chris
30, United States 39, United States 39 United Stat
) §  Abdulrahman @ Abdulrahman 39, United States
@ Abdulrahman 2 Abdulrahman L, 28, Jordan L 28, Jordan ® Abd
3 s 28, Jordan & ulrahman
S8 28, Jordan R : . )
. F Budi F Budi AR 28 Jordan
F Budi E Budi “mml 23, Indonesia N 43, Indonesia .
< 43, Indonesia 3, Indonesia Rahul Rahul E Budi
! anu 43, Indonesia
Rahul 20, India 20, India
20, India r Jack F Jack Rahul
19, United Kingdom M 19, United Kingdom 20, India
! Amit Jack
.. 37, India 19, United Kingdor
Amit
.. 37, India
John
30, United States
11 12 13 14 15
©  Abhishek ®  Abhishek Abhishek ©  Abhishek ©  Abhishek
29, India 4 29,India #  29,India “ 29, India # 29 India
® Indra ® Indra Indra |
o ndra
Miw_ 30 Indonesia M 30 Indonesia Miw_ 30 Indonesia ‘?‘_ 30, Indonesia aAin I“gdl:gonesia
oV,
Issam w® |ssam Rahul Priya )
) 32, Qatar 32, Qatar t. 20, India » 26, India ™ Priya
il i 26, India
o S Ral) Arm Chris
39, United States < 20, India i <
P a 24, Thailand 39, United States Arm ]
= g\objo(l)ﬂ:?hman o ?)bfiu!rahman _;% o i kil @  Abdulrahman e
m— < - g Jordan B 28, Jordan - )
Budi ; - gl 28 Jordan Abdulrahman
E udi ﬁ Budi = 1 Budi . -i__ 28, Jordan
43, Indonesia 43, Indonesia 43, Indonesia E Budi
43, Indonesia & < Budi
Rahul . Shreya _ Shreya ff 43, Indonesia
20;lfdia Ml 24, India & 24, India Rahul .
| Jack Jack Yok 20, India _ Shreya
13, United Kingdom 19, United Kingdom 19, United Kingdom Arm % 24, India
A7mi’§ Amit Aiiit 24, Thailand Lucas
... 37, India 3 !
A ek b 37, India . 37, India Shreya - 26, Brazil
rm Hazi : % 24, India ~
24, Thailand 32, Mgaysja !.Izaﬂq‘ b Mostafa
i 32, Malaysia Lucas 4 21, Iraq
ggrmwited States . Chris Chris 26, Brazil
o 39, United States OB 39 United States ik Haziq
: ’ 32, Malaysia
John 19, United Kingdom
‘ John Jack
! 30, United States 30, United States John 19, United Kingdom
30, United States
\®®  [ssam John
32, Qatar : Issam 30, United States
32, Qatar
. " Issam
Haziq %
g 32, Malaysia 32, Qatar
Usman
22, Pakistan
; Chris
39, United States




JOURNAL OF ELECTRICAL AND COMPUTER ENGINEERING RESEARCH

V. RESULTS

Here, we present the analysis results of varying the
hyperparameter of the personas analytics system from sets of
5 to 15 personas on the accuracy outcomes of gender,
nationality, and topics of interest. We begin with results from
an exploratory analysis of the personas generated from the
customer population dataset

A. Exploratory Analysis

We analyzed the 110 personas generated from the 11
generations of the persona sets from 5 to 15 personas.

There were 104 male personas (94.5%) and six female
personas (5.5%). All analytics platforms that we are aware of
use biological sex as a proxy for gender identity. However,
we expect this to change in the future as more nuanced
metrics are incorporated into these platforms. So, we reserve
analysis for other gender identities for future research.

Concerning age, the average for the 110 personas was
29.95 years (sd = 6.80, max = 43, min = 19, mdn = 30),
reflecting the younger customer population of the YouTube
platform. For the analysis, we clustered the 110 personas in
age groupings to reflect the age clusters in the underlying
analytics platform, generally mirroring the US Census
categories, resulting in three age groupings for the 110
personas. These three age groupings are: 18-24 age category
(23.6% of the personas), 25-34 age category (54.5%), and 35-
44 age category (21.8%).

The 110 personas are from eleven countries, with India
(27.3%), Indonesia (19.1%), and the United States (15.5%)
being the most common, followed by Jordan (10.0%), Qatar
(10.0%), United Kingdom (7.3%), Malaysia (3.6%), Thailand
(3.6%), Brazil (1.8%), Iraq (0.9%), and Pakistan (0.9%).

Concerning topics of interest, a single persona could have
more than one topic of interest. There were 296 topical
interests in total for the 110 personas, with Sports (26.7%)
being the most popular. Other topics of interests in
descending order are Business (13.2%), News (11.8%),
Togetherness (10.8%), Community (10.1%), Cabin crew
(9.5%), Contests (7.4%), Food (7.4%), and Airports (3.0%).

We now move to the analysis addressing our research
questions concerning gender, age, nationality, and interests.

B. Gender

Concerning RQa (Does the selection of hyperparameters
affect the accuracy of personification of customer analytics
gender data?), as shown in Table Il, most personas sets
accurately represented genders but not all. Only three
(20.0%) of the sets over/underestimate the gender distribution
of the overall customer population, and eight (80.0%) of the
sets presenting accurate representations. This finding is most
likely the result of the heavily biased male representation.
Sets 12 and 13 presented the most accurate representations
that included females and not just male personas. Addressing
our RQa, the number of personas does affect the accuracy of
the personification of customer analytics gender data.
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TABLE II. RESULTS OF GENDER ANALYSIS OF THE 11 PERSONA
SETS OF 110 PERSONAS. BOLDED SETS (SETS 12 AND 13) ARE
THE MOST ACCURATE REPRESENTATION OF THE CUSTOMER
POPULATION. THE SHADED SETS (SETS 11, 14, AND 15) ARE THE
LEAST ACCURATE REPRESENTATION OF THE CUSTOMER
POPULATION. AS SHOWN, MOST PERSONA SETS WERE
ACCURATE REPRESENTING GENDER OF THE CUSTOMER
POPULATION

Gender | 5 6 7 8 9 |10 |11 | 12 | 13 | 14 | 15

Female |S |S |[S |S |S |S |U|S |S O |O

Male S |S|S |S|S|S |O]|S |S

TABLE Ill. RESULTS OF AGE ANALYSIS OF THE 11 PERSONA
SETS OF 110 PERSONAS. BOLDED SETS (SETS 8, 10, AND 12) ARE
THE MOST ACCURATE REPRESENTATION OF THE CUSTOMER
POPULATION. THE SHADED SET (SET 5) IS THE LEAST
ACCURATE REPRESENTATION OF THE CUSTOMER
POPULATION.

Age 5|6 |7 | 8|9 |10 11|12 | 13|14 |15
18-24 U|lu|]uls|s|s|o|ls|o|o|oO
2534 |0 |0 |S [s |uUu|s |uU|s
35-44 U|ls|ofs |o|s s [s|s |u] U

C.Age

Concerning RQb (Does the selection of hyperparameters
affect the accuracy of personification of customer analytics
age data?), as shown in Table Ill, the sets of 8, 10, and 12
personas provided the most accurate overall representation,
with all three age groups accurate represented. The set of 5
personas was the least accurate, with no age groupings
accurately represented. Addressing our RQb, the
hyperparameter of the number of personas does affect the
accuracy of the personification of customer analytics age
data.

D.Country

As shown in Table IV, the sets of 11 and 12 personas
provided the most accuracy for overall representation of the
underlying data, while still including one or more of the
smaller customer segments. Overall, all the persona sets were
okay, with the lowest accuracy being 27.3% from the set of
15 personas. All other personas sets had accuracies of either
81.8% or 100%. One attribute of the underlying customer
population is that nationalities are skewed toward a handful
of countries with large representations in the customer
population and many other nationalities with little
representation. Given that there are eleven countries, one
could perhaps expect the set of 5 personas not accurately to
represent the customer population, but 15 was surprising.
Possibly, due to the eleven countries, the proportional
representation was skewed with this higher persona set over
representing the smaller nationalities and under-representing
the larger countries. This addresses RQc. The selection of
hyperparameters does affect the accuracy of personification
of customer analytics nationality data.
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TABLE IV. RESULTS OF COUNTRY ANALYSIS OF THE 11
PERSONA SETS OF 110 PERSONAS. BOLDED SETS (SETS 12 AND
13) ARE THE MOST ACCURATE REPRESENTATIVE OF THE
CUSTOMER POPULATION, WITH SOME OF THE SMALLER
NATIONALITIES REPRESENTED. THE SHADED SET (SET 15) IS
THE LEAST ACCURATE REPRESENTATION OF THE CUSTOMER
POPULATION.

Country 5|6 |7 |(8|9|10|11 |12 |13 | 14 | 15
India S|IU|S|S|[S|S|S|]O|S|S|U
Indonesia S|O0O|O0O|S|S| S S S| U | U | U
United
States S|S|S|[S|[S|S|S|S|S|Ss S
Jordan S|S|S|S|S|S S S S S U
Qatar S| S S|S|S|S|S|S|S|U
United
Kingdom S|IS|U|S|[S|S|S|S|S|S|S
Malaysia S|S|S|S|S|S|U|S|S S S
Thailand S|S|S|S|S|]S|OfJUJO|s|O
Brazil S|S|S|S|S|S|S|S|S|O]|O
Irag S|S|S|[S|[S|S|S|S|S|s]|O
Pakistan S|S|S|S|S|S|S|[S|S|S]|O
E. Interests

Examining topics of interest for RQd (Does the selection
of hyperparameters affect the accuracy of personification of
customer analytics interest data?), Table V shows that the
presentation of customer population interests does change
based on the hyperparameter setting. The sets of 9 and 13
personas are the least accurate representation, with persona
sets 10 and 11 being the most accurate. Addressing our RQd,
the hyperparameter of the number of personas does affect the
accuracy of the personification of customer analytics for
topics of interest.

TABLE V. RESULTS OF INTEREST ANALYSIS OF THE 11
PERSONA SETS OF 110 PERSONAS. BOLDED SET (SETS10 AND 11)
ARE THE MOST ACCURATE REPRESENTATION OF THE
CUSTOMER POPULATION. THE SHADED SETS (SETS 9 AND 13)
ARE THE LEAST ACCURATE REPRESENTATION OF THE
CUSTOMER POPULATION.

9 110 | 11

Topic
Sports
Business
News
Together

Community

CabinCrew
Contest
Food
Airport

O|o|0o|n|n|n|n|C|C|Hh

n|ln|Clu|n|Cc|C|ln|O|u

nn|lunln|C|cC|C|O|O|~

w|o|n|n|n|n|o|n|c|

w|o|n|C|lun|o|n|n|n|R

n|ClCln|nln|ln|n|O|o
Cln|m|O|Clu|n|n|O|cw
w|o|o|o|wn|c|c|c|n
nnunlolnlnlnln|C
nunun|Cluln|O|n|n
O|0|O|w|O|n|n|C|C|5

V1. DISCUSSION AND IMPLICATIONS

Our investigation examines the effect of changing the
hyperparameter values of a persona analytics system through
11 iterations of values from 5 to 15 personas inclusive.
Results show that changing the number of personas alters the
personification representation of the customer analytics data
along four attributes of gender, age, nationality, and topics of
interest.

A. Personification by Gender

Concerning gender, there was a predominance of males
(94.5%), limiting the hyperparameters’ effect in the
personification process — most of the personas were males
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regardless of the hyperparameters. For 110 personas in the 11
complete personas sets, the sets were correct representations
76.7% of the time and incorrect (either Under/Over-
representation) 27.3% of the time. However, it was not until
the set of 12 personas that a female persona appeared,
indicating that if one wants to represent these smaller
customer segments, one should generate more than a handful
of personas.

B. Personification by Age

Concerning age grouping, the 25-34 age category represented
about half (54.5%) of the baseline population. However, only
three of the hyperparameters (8, 10, and 12 personas) resulted
in accurate  personification  representations.  The
hyperparameter selection effect on age was quite pronounced,
with 72.7% of the persona sets having an accuracy of 33% or
less. The set of 5 personas over or under represented all age
groups for 0.0% accuracy. For each entire 110 personas, age
groups were accurately represented 48.5% of the time and
over-represented 51.5% of the time.

C.Personification by Nationality

Concerning  nationality, the changing of the
hyperparameters  also  altered the  personification
representation of the customer population. However, it was
not as drastic as with age, with most hyperparameter settings
achieving 81.8% or above accurate representations, with
27.3% being the lowest (set 15). Nearly all personas sets were
correct with the most represented countries, India, Indonesia,
the United States, and Jordan. Most personas sets presented
accurate representations of the other primary nationality, such
as Qatar and the United Kingdom. However, the persona sets
were less accurate with Malaysia, Thailand, Brazil, Irag, and
Pakistan, either over or under-representing them. Again, with
skewed populations, one might lean toward a larger number
of personas to personify the smaller segments. Overall, of the
110 personas, the representations were accurate 83.5% of the
time. However, this 16.5% percent inaccuracy is impactful
when considering the goal of depicting the diversity of the
overall audience.

D.Personification by Interests

Moving to topical interests, again, the changing the
hyperparameters of the personification of the customer
analytics data resulted in changing the representation
accuracy of the customer population. The sets of 9 and 13
personas had the least accurate representation (33.3%), with
personas sets of 10 and 11 having the most accurate
representation (77.8%). In general, the persona set
hyperparameters equally over-represented (22.2%) and
under-represented (21.2%) of the topical interests of the
customer populations. However, it was not until the set of
nine personas that all nine topics of interest were represented
at least once. Again, this points to more personas rather than
less for larger customer populations.

E. Verification with Second Customer Analytics Dataset

We were interested if our findings on the effect of
hyperparameters on personification hold across customer
datasets. Therefore, we repeated our analysis on a customer
dataset from the Facebook page of the same organization,
which has hundreds of thousands of followers and tens of
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millions of interactions.

Using the identical methodology as previously, we again
generated and analyzed the 110 personas generated from the
11 generations of the persona sets. There were 108 male
personas (98.2%) and 2 female personas (1.8%). Concerning
age, the average for the 110 personas was 28.48 (sd = 5.27,
max = 42, min = 18, mdn = 30), again clustering the 110
personas in three age groupings of 18-24 age category
(19.1%), 25-34 age category 78.2%, and 35-44 age category
(2.7%). The 110 personas were from nine countries, with
Bangladesh (19.1%) and the Philippines (19.1%) being the
most common, followed by India (12.7%), Qatar (11.8%),
Nepal (10.9%), Iraq (10.0%), Pakistan (10.0%), Cambodia
(3.6%), and Saudi Arabia (2.7%). There were 386 topical
interests for the 110 personas, with Sports (22.0%) being the
most popular concerning topics of interest. Other topics of
interests in descending order are Togetherness (12.7%),
Business (10.9%), Contests (10.9%), Airports (10.1%), Food
(10.1%), News (10.1%), Cabin crew (7.3%), and Community
(6.0%). We again analyzed for gender, age, nationality, and
interests.

The specific outcome of hyperparameter values varied
(i.e., which persona sets were more or less accurate), as
expected, with the second dataset. However, there were
similar trends between the two datasets. The setting of the
hyperparameters had the most notable effect on age again,
with the persona sets in the middle (sets 9 and 10) being the
most representative. The personification in terms of
nationality was not as accurate, on average, as with our
YouTube dataset, but it was still reasonable (55.6%).
Interestingly, persona set 15 was again one of the least
accurate representations of nationality. Again, the persona
sets 10 and 12 were the most accurate in terms of conforming
to the baseline for topics of interest.

Based on the comparison of this additional dataset, it
confirms that tuning the value of hyperparameters for
personification affects the accuracy of the representation of
the customer data. It is also apparent that, for precise
representation during personification, the hyperparameters
should be tuned to the specific dataset, although there are
some general trends, such as one should opt for a higher but
not too high number of personas for both good accuracy and
broader representation, shown in Fig. 4.

25

Same mOver mUnder

20

6 7 8 9 10 11 1z 13 14 15

Hyperparameter Value

Fig. 4. The effect of hyperparameter selection on the total of the 25 data-
driven person attributes, as measured by Same (i.e., identical with baseline),
Over (i.e., over the baseline), and Under (i.e., under the baseline). As shown,
the hyperparameter value of 10 is overall the most accurate. Interestingly, the
15 persona set, which one would expect to be the most granular, has the least
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accuracy. However, if a metric such as diversity was used, the larger
hyperparameters might perform better.

F. Theoretical Implications

Concerning our core RQ (Does the selection of
hyperparameters affect the accuracy of personification of
customer analytics data?), the answer is definitely ‘yes’. Of
the four persona attributes studied, the hyperparameter
selection during the personification process affected the
accuracy of the customer population representation to varying
degrees in all four cases.

This indicates that, as with other ML approaches,
personification approaches employing big data from
customer analytics to create human-like representations, such
as personas, need to expend the effort to tune the ML model
to the appropriate hyperparameters. Through trial and error,
this tuning will enable the optimal hyperparameter for
determining the number of personas that provides the most
accurate representation of the underlying data.

Our findings are also somewhat surprising because our
premise was that a higher number of personas would
categorically be more accurate, providing a better
representation of the customer population [64]. In this
respect, our premise did not entirely hold. Generally,
increasing the size of the personas set did commonly increase
accuracy — up to a point. Then the accuracy of representation
diminished, with the set of 15 personas often being among the
least accurate representations. It has been noted in prior work
[65], [66] that increased attributes decrease the representative
[67]; however, given that the personas are actually created for
the same analytics set, we still found this outcome surprising.

A portion of this could be the small number of categories
for gender and age, along with the selection of the overall
average for the baseline. This “flaw of averages” is
documented in a classic study in 1950 conducted by US Air
Force, finding that, among 4,000 measured pilots, no pilots
matched all the average attributes of height, weight, etc. [68].
However, our findings imply a curvilinear function between
hyperparameters for personalization and representation
accuracy [69]. The determination of this function, we leave to
future research.

G.Practical Implications

Concerning practical implications resulting from this
research, we discuss the following three.

Avoiding the Mystique of Numbers: First, when
employing personification techniques such as data-driven
personas, stakeholders of personas need to be aware that a set
of personas may give a biased view of the customer
segmenting [70], [71] of the population, at least in terms of
gender, age, nationality, and interests, as shown in this
research. Just because the ‘answer’ involves a lot of data and
an algorithm, it does not mean the ‘answer’ is ‘accurate’. This
ideal requires that developers of data-driven personas
adequately execute tuning of the ML models. End users of the
persona analytics systems must investigate whether or not the
model hyperparameters were tuned before making marketing,
advertising, content, or design decisions based on sets of
personas derived from customer analytics data.

Ten is not Perfect, but Ten is Okay: Second, it appears
that for the four attributes explored in this study, that a set of
10 personas may be a reasonable number as a ‘rule of thumb’
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for a generally accurate representation [72], [73] of the
foundational customer populations data. In our analysis, the
set of ten personas was either the or one of the most accurate
personification representations (e.g., age and interests), so in
the absence of tuning or initial hyperparameter selection, ten
may be a good place to start. However, model tuning is still
preferred to determine the hyperparameters in a data-driven
manner.

Personification Needs an ‘X’: Third, this is not to say that
ten is always the best, however. In this research, we were
interested in an accurate representation. Using our baseline of
the entire customer population’s average, ten was generally
accurate in presenting the customer population. However,
they may be other business goals than accuracy, where the
representation of the customer population average is not
appropriate. For example, an organization may want to
emphasize the diversity within a customer population [74] to
highlight small segments for targeting or emerging segments.
Businesses may wish to represent the most impactful
segments [75] or the least costly segments [76]. For cases
such as these, a more extensive set of personas would seem
more appropriate. These numerical outliers are consumed or
hidden within the ‘average’ of the overall customer
population characteristics. However, this premise needs to be
further investigated.

H.Strengths, Limitations, and Future Work

As with most research, there are both strengths and
limitations. For strengths, we employed a large customer
analytics dataset numbering in the tens of millions of
customer actions from a large international corporation. So,
the dataset is representative of those entities with extensive
and diverse customer populations, implying that the overall
approach is generalizable, at least within the frame of online
audiences. The personification process of this customer data
was accomplished using a state-of-the-art persona analytics
system employing a factorization approach for
personification of the analytics data. The process was
validated with a second dataset. So, there are several strengths
of the research.

Concerning limitations, we leveraged only one
personification approach, data-driven personas. Other forms
of personification, such as user profiles, should be examined
to see how ML models in these approaches are affected by
hyperparameter settings. However, given that the models are
standard across personification approaches, one would expect
the trends shown in these research findings to hold with these
other approaches. Future work would need to confirm this,
however.

For other limitations, we employed two data sets, one ML
model, one metric (i.e., accuracy), four attributes (i.e., gender,
age, nationality, interests), and one baseline (i.e., an average
of the personification sets). Future work should explore the
setting of personification hyperparameters on other customer
data sets from other companies, other types (e.g., retail data
or customer relations management data), and other platforms
(e.g., Google Ads, Google Analytics, Facebook Insights).
However, as customer analytics metrics are often common
across platforms, the process presented here can facilitate this
research. Future work concerning the gold standard baseline
also needs to be done. What is the ‘truth’ for personification
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representation is a research problem in itself due to the ‘curse
of dimensionality, (i.e., as more attributes are added, the
representativeness decreases).

There are many other future research directions. The effect
of hyperparameter selection on different attributes [77] than
the ones here and different ML models other than NMF
should also be explored by future work in the context of this
domain. In conjunction, the exploration of metrics other than
accuracy could be explored, such as diversity, novelty,
fairness, or impact. In this research, we examined
hyperparameters from five to fifteen only. Interesting
research would be to push the upper limit to much higher
numbers, as modern personification analytics systems allow
filtering and searching personas and other human-like
representations of data. For all of these lines of investigation,
however, the techniques employed in this research should be
generalizable with these other business goals.

VII. CONCLUSION

This research explores the impact of hyperparameter
selection on the accuracy of personifying customer analytics
data. Using tens of millions of customer interactions from two
social media channels employing a factorization ML model,
we alter the hyperparameter of the number of personas in the
set from five to fifteen. We compare age, nationality, and
topical interests using the average of all of the personas as the
standard baseline from the resulting factorization. Findings
show that hyperparameter selection significantly alters the
personification for all four factors, although the effect is most
apparent with age. The hyperparameter of ten personas
provides an acceptable representation of the customer
population across all the attributes, implying ten might be a
good rule of thumb. These findings offer a foundation for
much future research in investigating the personification of
customer analytics data.
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