l‘)

Check for
updates

Data-Based User’s Personality
in Personalizing Smart Services

Izabella Krzeminska'»2(=)
! Poznan University of Economics and Business,
al. Niepodlegtosci 10, 61-875 Poznan, Poland
2 R&D Labs, Orange Polska, Obrzezna 7, Warszawa, Poland

Izabella.Krzeminska@orange.com

Abstract. Currently, a lot of attention and commitment are paid to
improving customer experience with services. More and more proposed
solutions are data-based, human-centred services. The purpose of this
article is to present the assumptions and evidence in order to create
a method that will allow for customization of the service functionali-
ties (e.g. a smart home service with a virtual personal assistant) to the
nature of the user (personality in the Big 5 model). The article will
present the results of the preliminary research concerning users’ differ-
entiation of needs, the definition of research problems and the idea for a
research scheme. The aim of the research is creating a model that classi-
fies users based on their personality indicated from mobile phone data.
What distinguishes the proposed solution from others, is that many types
of different data are used (call logs, photos, applications, data from tele-
phone usage history, etc.), which can be beneficial for assessment accu-
racy. Additionally, the proposed method allows for adapting the service
to the user needs from the beginning of usage, without the necessity of
collecting data about user activity.

Keywords: User profiling - Service personalizing - Data based
services + Detecting personality based on digital data - Smart services -
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1 Introduction and Motivation

A continuous digital transformation has been taking place for several years. The
habits and ways of carrying out tasks, as well as the general functioning of people
in the world are gradually enriched by an increasing number of helpful digital
tools. For digital advanced services (e.g. sensitive or smart home) it’s crucial
to reduce the barriers related to anxiety over artificial intelligence, such as vir-
tual robots or assistants. On the other hand, good determinants of diversifying
user needs are always sought. Profiling based on demographic characteristics
(such as gender, age, place of residence, education, economic status) seems to be
insufficient as needs’ predictor. In the context of the ongoing digital transforma-
tion, traces of the digital activity of users are increasingly being used to collect
information about the client, as well as for profiling or classifying [1,2].
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The risk of service rejection and discontinuation of usage seems to be more
important in the case of new, interactive and technologically advanced services
based on artificial intelligence (intelligent services). This is due to individual
differences and general concerns connected with new technologies. In addition,
personalization seems to be beneficial before the service acquires data for profil-
ing from activity history of user. An example to illustrate this problem can be
the Amazon Alexa product, developed to encourage shopping by Amazon. In the
report published in August 2018, we can find the claim “Of the people who did
buy something using Alexa voice shopping, about 90% didn’t try it again” [3].
Rejecting a service after one use completely excludes analytics based on usage
history. Moreover, analyzing the smart speaker usage report (see Fig. 1), it seems
that users limit the use of the service to basic functionalities known from their
own experience. As we can also see, the list of used functionalities is the same
for super users and average users. Based on experience, it’s difficult for a user
to find unknown functionalities available in the service, such as advanced shop-
ping options. In this article [3], we can read that the representative of Amazon,
who believes that the fact that so few people buy things through Alexa is a
big challenge for the company, emphasizes also that the product will be able
to be developed when the distinguishing features of individual customers are
found. Also, recommendations based on analyzing behaviours in similar groups
described by socio-demographic variables, or those based on segmentation will
not allow for mapping any unused functionalities of the service. All these prac-
tices can be applied only if the services are actually used and are useless in
the situation of leaving, discouragement or boredom of the user. One of the
possible solutions is to have a basic usage profile already at the time of the
service installation and to personalise the service from the first use according
to the needs associated with the profile. The research program presented in the
article has been developed simultaneously with the project of creating the ser-
vice itself. Thanks to that the service, including the possibility of managing the

The majority of owners use smart speakers for a small set of functions

super user average user
play music 74% ;_ 48%
ask general questions 66 ‘_ 45
get weather 65 ‘_ 38
set alarms or timers 59 ‘_ 33
hear news 42 ‘- 22

get directions 40 ‘- 26
check time 38 18

Fig. 1. The most popular question to smart speaker in group of super users (min. 3
times a day) and average service users. Source: [4].
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functionalities of the service, is constantly adjusted to the results of the research
on the classification of users. Taking the experience and effects of the work of
other researchers, as well as the motivations resulting from the business need,
presented above into account, the research program was created. In the article
is proposed generic research framework for the detection of personality traits,
which includes: (i) preparing the tool for data collection and creating a dedicated
personality tool; (ii) a data processing stage for creating personality models and
detecting the data required for personality detection; (iii) validation of useful-
ness of data-based automatically detected personality as a classifier of a service’
user’s needs.

2 Related Work

Personality has no singe definition shared by all psychologists. In general, per-
sonality is a set of traits or characteristics, which are organised, relatively stable
and which influence the cognition and behaviour of individuals [5]. Within the
existing personality theories one of the most influential and numerously vali-
dated ones is the Big 5 model. The model has been developed mainly by Costa
and McCrae since 1978 and in the 90s it was confirmed in a large number of
empirical studies [6-9]. There also are number of studies showing strong rela-
tionship between personality and behaviour, life satisfaction and achievements
and preferences e.g. [10,11].

In the past 10 years, many researchers and many companies have attempted
to determine the user’s personality based on different kinds of digital data. Most
of the attempts concerned data from social media (Facebook, Twitter) [12-14]
or other personal data like call logs [15] or mobile applications [16]. There is also
evidence that this kind of data-based personality diagnosis is accurate [17,18].
Concerning methods used, models of indicating data-driven users’ personality
are mainly based on text analysis (e.g. tweets or FB posts) using statistical
regression or simply r-Pearson correlation [13,19].

In 2013 [13] researchers proved that predicting personality based on telephone
call logs data is possible. There is also a proven case of detecting personality
based on Sociometric Badges after collecting for 6 months various kinds of data
reflecting human behaviour [17]. One of the latest research in 2019 [21] concerned
the detection of personality traits based on eye-tracking data as an alternative
to the paper personality assessment tools. What is important, the purpose of
this research was developing the clinical personality tool, which requires much
better accuracy than tools for marketing purposes.

Tracking the digital footprint for detecting the users personality is broadly
investigated by researchers using various kinds of large data sets like text, profile
photo, music, film preferences based on the FB likes or relations (SNA) for
example: [12,13]. Except for the analysis of the profile photo in social media, all
other kinds of research were based on massive data, collected from the history
of social service usage.

In 2017 authors in paper [20] confirm that the use of psychological targeting
allows to influence the behaviour of the social media users by adapting the
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message to the psychological needs of recipients defined by personality (Big 5).
But at the beginning of using a new type of Al services, such as a virtual/voice
assistant, data from the history of usage will not be available. In the context of
even better regulations on the protection of users’ privacy, we are slowly moving
to a situation in which services will be limited to the use of own data, and data
information systems will become more and more hermetic. Therefore, we are
looking for methods that will allow services to detect user’s personality based
on even small amounts of data available at the time of service installation, e.g.
from a mobile phone. In this paradigm, the assumption refers to determining the
personality of each user of the smart home service, so the model should be based
on the data available in each phone. Therefore, we have excluded such types of
data which do not apply to everyone (e.g. social media or other specific services
or applications).

3 Setting and Methods

3.1 Personality as a Classification of the Need

For this research, the “Big Five” model is used to describe the personality of an
individual. Big 5 model basically claims that there are five dimensional factors
of personality.

— Openness to experience which describe tolerance for the new and the
unknown.

— Extraversion describes tolerance for big quantity of stimulus.

— Neuroticism describes intolerance to stress.

— Agreeableness is about concentration on others’ needs and willingness for
co-operation.

— Conscientiousness is about intolerance to chaos and disorder.

The description of the factors as dimensional is very important. This means that
these are not “yes or no” factors but all individuals are described by each factor
to some extent. In other words, the dimensions describe the variability among
people. So you can be a little bit or a lot more (or less) extraverted than average,
but it wouldn’t be accurate to say that you have no extraversion.

Survey conducted in 2018 (own research!), delivered clear evidence that per-
sonality dimensions are good enough for discriminating users needs and expec-
tations (see Table 1). Moreover respondents confirm that the services based on

! The research was carried out in the first half of 2018, on 60 users of mobile phones,
residents of Warsaw. In order to emphasize the diversity between people resulting
from their personality, the study was conducted on a very homogeneous group in
terms of demographics (the aim was to reduce confounding factors). The age has
been limited to 20-29 years, separate groups for both sexes, technologically advanced
group, using many functionalities of mobile devices. The study was a multi-stage:
filling of the personality questionnaire (Big 5), monthly observation of behaviors
in social profiles and in the use of telephone, in-depth structured interviews aimed
at getting as much information as possible about behavior patterns. The results of
these studies were used for creating behavioral metrics for each of Big 5 dimensions.
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Table 1. Different attitudes and expectations connected with virtual assistant (VA)
dependable on personality dimensions (Big 5) (source: own research)

Personality High level Low level

dimension

Extraversion Rejection of VA, but if adapted | Reject based on privacy
to the user expectations (no (need for high protection),
advertisements) can be VA in role of invisible friend
considered

Openness for The repeatability based on They expect to do something

experience usage history is irritating but easier and faster - but still
the idea of smart proactive VA | only when they need it (they
searching all they need is initiate the action) - their
attractive, they would be first to | interests is rather stable
try it, their interest is changing
and evolving

Conscientiousness | The only group which like They are aware of their own
personalization, VA for them problems so they want the
can be useful tool for controlling | functionalities that helps
themselves, keep schedule and them avoid errors due to lack
order of systematic or discretionary

decision-making etc.

Neuroticism They appreciate the convenience | If they will have enough time
of this solution (it limits for adaptation they can go
forgetting, helps), but skeptical | with it (the value for them is
about data transfer and risk of | an effectiveness in real life)
“manipulation”

Agreeableness They are afraid but if it became | Their main motivation is a
popular (recommended by pragmatic needs (usefulness
friends) they will accept it in everyday life)

artificial intelligence are currently not adapted to them and this is the primary
reason for their rejection or dissatisfaction with available services. The short
summary in tabular data set shows (Tablel) how diverse the attitudes and
expectations of mobile phone users towards virtual assistants are. Differences
concern mainly the function of a virtual assistant and are a simple derivative
of diversity of needs. At the same time, it can be seen that attitudes polarize
with respect to personality dimensions. For example, people who are open to
experience expect non-standard content, have a high level of cognitive needs,
and high need to explore (curiosity). In turn, people with low openness expect
only a sense of comfort in a world that is well known to them (they like only
what they know, they are afraid of unknown). For another dimension, individu-
als with a high level of conscientiousness use mainly the functionalities that help
in the implementation of the need for control, which mainly manifests itself in
the control of time and in scrupulous planning. On the other hand people with
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a low level of conscientiousness, who accept life in chaos and disorder, need only
very basic control functionalities and will never be interested in using advanced
calendar or notebook functions.

Due to the specificity of research and linking it with electronic services, the
decision of creating dedicated Big 5 tool was taken. Diagnostic tools for person-
ality measurement are available on the market in the form of licensed commercial
questionnaires (e.g. NEO Personality Inventory Revised) and NEO-FFI (NEO
Five-Factor Inventory), created by Costa and McCrae (1992) [22,23]. These tools
are used primary for individual diagnosis and they are under protection. Psy-
chological diagnostic tools cannot be disseminated, because it weakens their
diagnostic power, nor be modified. The procedure of using them is very strict
and can be conducted only by authorized psychologists. Another reason was the
need for integration of Big 5 tool with electronic applications. The whole psy-
chometric Big 5 tool creation procedure was processed from the beginning. In
this way creation of a dedicated tool became possible and easy. Due to business
needs, personality dimensions (Extraversion, Agreeableness, Conscientiousness,
Neuroticism (Emotional Stability) and Openness to experience, will be treated
independently - as if we were creating 5 separate tools. The issue of orthogonal-
ity of factors will also be examined due to theoretical foundations and due to
the problem of interference between factors in the situation of building a model
based on data.

3.2 Objectives of the Research and Thesis

Having in mind the presented motivation for the research, the following research
questions were defined:

— RQ1. How to create method for determining the user’s personality based on
the available data (from mobile phone)?

— RQ2. How to evaluate the reliability of the method of personality detecting?

— RQ3. How to evaluate the utility of developed method in real service/data?

The main goal of the dissertation is to propose effective and accurate meth-
ods of assessing the user’s needs defined by the dimensions of his personality
(e.g. BIG 5) based on the data available from the moment of service installa-
tion without the delay connected with collecting user’s data log. The specific
objectives of the work are:

— Develop the method for determining user’s personality based on the limited
amount of data

— Develop reliability indicators for the method of personality determination
based on the available amount of user data without having to collect usage
history

— Develop the method for verifying a pre-designated personality based on
dynamic data when using the service

— Assess the applied needs classifier by experiment based on laboratory mea-
surement or measurement on a test group
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— Assess reliability and accuracy of personality measurement (Big 5) based on
user data in comparison to declarative data (personality questionnaire tool)

Hence the thesis was formulated as follows: Automatic personality assess-
ment (Big 5), based on user data of any interactive service, e.g. a vir-
tual assistant, can be used as a classifier of user’s needs for the way
of interaction and the set of service functionalities, which will signifi-
cantly speed up profiling of the service and will increase satisfaction
with using it.

4 Research Scheme

The overall methodology chosen for conducting required research is Design Sci-
ence [24]. The main paradigm of Design Science Research, proposed by Hevner,
is answering research questions by creating innovative artifacts, and in this way
enhancing existing knowledge and science base by new knowledge [25]. In design
science paradigm the main goal is to build and evaluate an artifact. To verify the
defined thesis and to accomplish the research objectives, the following research
scheme is designed (see Fig. 2):

1. Identification of needs 5. Data modeling
and description of
behaviors Data_ based
(interviews and 52;?:"” persona!lty (experts
observations of 4. Data collecting theoretical model)
60 users)
Mobile
data Statistical model
(call/ messages (SEPATH or PLS)
5 . history. Photos,
3. Creating the mobile a;f‘g“oﬂogis_}

application for data
collecting + Big5 survey

BIG 5
profile
6. Model utility validation
Target:5000 (options):
* Validation in service
2. Creating the personality (satisfaction)
assessment tool Big Five * Massive classification of
(traditional questionnaire). > "™ customers into segments with
Collected : 1150 B et different personalities (k-mean)
Confirmatory Factor Analysis & check of customer behavior
(AMOS) ¢ Developing the method of
RsRearsonforextemal accuracy extending the model with new

categories of data
Izabella Krzemiriska , Orange Labs Polska g

Fig. 2. Research scheme & methods

1. Preliminary qualitative tests carried out to identify needs and collect
descriptions of discriminating behaviour.
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2. Creating the personality assessment tool, which can be used for this
specific research (low number of questions (25) and tool tested and created for
online or mobile app usage). Standard psychometric procedures are applied.

3. Developing the mobile application dedicated for collecting data from
mobile phone and Big 5 assessment. So far the data from the following user
activities (sources) have been collected and analyzed on a mobile phone of a
user:

— Telco data — call logs statistics, text messages logs statistics etc. (collected
from mobile phone logs)

— Application data — applications on mobile phone, phone parameters, etc.

— Photos — photos in user photo albums, etc.

— Phone settings and statistics e.g. battery consumption, kind of security
level, etc.

4. Main research fieldwork - data collecting required for creating the model
- planned 5000 participants. This is the current point of the research.

5. Creating the personality model based on the mobile phone data, available
at the moment of service installation (single drop without additional collecting
of the activity logs). There is an idea to create at least 2 different models.
The first will be theoretical model coherent with psychological Big 5 theory.
The second will be pure statistical model based on SEPATH or PLS. From
psychological point of view, it will be a very interesting and unique possibility
of comparing these two differently created models.

6. Validation stage e.g. in interactive service which allows experimental
manipulation based on personality adapted service. Or in laboratory simula-
tion way comparing satisfaction metrics or checking the purchasing behaviour
after a massive classification of the whole data base of mobile customers.

This is the plan of work stages. The presented user-oriented research program
has been developed simultaneously with the project of creating the service itself.
Thanks to that the service, including the possibility of managing the function-
alities of the service, is constantly adjusted to the results of research on the
classification of users. The research is now on stage 4 - collecting data for creat-
ing models. Stages 1, 2 and 3 have already been finished. The mobile application
for data collection with implementing 25 questions tool for Big 5 assessment is
ready.

The future works concern stages 5 and 6. The validation stage (6) is now
rather a list of proposals and is not completely defined. The final shape will
highly depend on the phase of maturity of the created parallel service, as well
as on the availability of data on service platform. Stage 5 and stage 6 will run
cyclically until satisfactory results are achieved. It will also be repeated if the
data-set is expanded or the assumptions changed.

The planned comparison of the result based on behavioral metrics and per-
sonality test results can bring to very interesting conclusions. It can be said, that
personality questionnaires reflect the image of how we see ourselves and not nec-
essarily real behavior. If this image is biased (for various reasons, e.g. high need
for social approval or cognitive defense mechanisms) the diagnosis will not be
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accurate. Moreover, the answers in the personality questionnaires are sometimes
based on subjective perspective, e.g. the assessment of the amount of time spent
with friends and social gathering may not be adequate to the real place in the
distribution for the population. So if we create a model of predicting the person-
ality questionnaire results (declarative), we will repeat this error. Therefore, in
the research scheme, we included the creation of a personality profile based on
theory and actual reference to the results of the whole representation of popu-
lation. So potentially it will be possible to verify the declared behavior with the
actual ones. Of course another issue is the interpretation of this possible gap.

5 Conclusion and Discussion

The preliminary research suggests that personality, as a predictor of user’s needs,
can significantly facilitate profiling of services. The results, based on the obser-
vation of behaviors related to the use of a mobile phone and experience with
services based on Al algorithms, confirm the theory of personality in the Big 5
approach. It seems that extending the range of diagnostic tools measuring users’
natural needs is an obvious step in the development of intelligent and sensitive
services. The most important advantage of the proposed solution is not being
limited to one type of data and basing the model on the data available at the
time installing the service. This perfectly complements the currently used profil-
ing methods (based on data from user activity registers). Fitting the service to
the user’s needs from the moment of installing the service can be crucial in pre-
vention against rejection of innovative, technologically advanced and unknown
services, such as a virtual assistant in a smart/sensitive home.

An additional contribution to the current state of knowledge is that the target
solution will function on different types of data (call history, texts, photos). As
a result, the solution will be more versatile and easier to implement in other
applications. The planned research aims to provide evidence of the effectiveness
of using the user’s personality determined from digital data and significantly
increase the satisfaction of using these services. The validation phase still needs
to be refined and it will be a big challenge to find reliable measures to assess
both user satisfaction and the accuracy of the profile of personality detected.
Moreover comparing the effectiveness of differently created model (theoretical
and statistical) can be interesting evidence for further psychological research.

The research carried out in this scheme will probably make a significant
contribution to the discussion on the reliability of personality diagnostics based
on questionnaires, in which information on behavior is declarative. This has
significant consequences for the subsequent stages of work and for assessment of
reliability and accuracy of profile detecting methods.

The potential of a solution that can be developed towards a faster psycho-
logical diagnosis is also important. Using a similar research program, tools for
diagnose other features such as addiction to the phone, neuroses, depression and
burnout can be created. In turn, the method of implementing knowledge about
the user’s personality in the service is relatively easy to implement in other types
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of activities such as creating applications and interfaces. It can be the first step
for the development of automatically adaptable service interfaces. It is worth
emphasizing that the presented solution is not an alternative to profiling solu-
tions based on logs of activity. If the presented type of profiling proves to be
effective, it can be used as a basis. In the future, IT systems should be designed
in the way that will allow for validation of the initial model based on activity
data. In the case of significant lack of coherence between initial profile and user
choices, they will be able to update it.
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