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COMPUTATIONAL PERSONALITY

Abstract

Computational methods for the representation and analysis of data have drastically increased the
objectivity, reliability, and the practical implications of research conducted throughout most
scientific pursuits. Our rapidly-emerging potential to transform digital data into objective
measures of human behavior, thoughts, and feelings has perfectly positioned personality science
as a critical discipline that will benefit from today’s ongoing digital revolution. Here, we review
and discuss some of the most promising approaches to computational personality assessment
based on data from experience sampling, natural language, online social media, mobile sensing,
and images. We present a concise overview of key findings, discuss the potential and promise of
computational personality assessment, and highlight important remaining questions in their
development and application. We conclude with an optimistic outlook on how computational

assessment could fuel the transition from personality research to personality science.
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Computational Personality Assessment - An Overview and Perspective

It has been argued that a scientific discipline’s quality can be determined from its tools of
measurement (Tal, 2020). A telescope enables far richer views of the heavens than the naked
eye, and functional magnetic resonance imaging (fMRI) allows us to uncover the inner workings

of a living human brain without ever reaching for a scalpel.

In science, measurement is subject to constant improvement, allowing for more precise
quantification of phenomena which, in turn, lead to progress in both theoretical and practical
realms. One of the most profound changes that has broadly affected many sciences is the
ongoing shift towards computational representations, measurements, and assessments. In this
paper we review and discuss how the computational element has and will continue to affect
assessment in personality science. We define computational personality assessment as a
diagnostic process that involves the use of computational technology for data collection,

processing, and decision-making in personality assessment.

In personality psychology, the phenomena of interest are individuals and how they differ
in characteristic patterns of thinking, feeling, and behaving. To assess personality, psychologists
rely on various forms of assessment, including surveys and diagnostic tests, behavioral
observation, and interviews. Such personality assessments are used to efficiently describe and
evaluate individuals, compare them to others, and make estimations how they might behave, feel,

and think in various situations (Back et al., 2009; Ozer & Benet-Martinez, 2006). For example,
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personality assessments are used in occupational settings to identify suitable candidates for a

vacant position (e.g., conscientiousness; Ziegler, Kemper, & Kruyen, 2014).

For much of its history, personality psychology has relied on reports by the self or others
as the main assessment method (Paulhus & Vazire, 2007). However, subjective reports have
been critiqued for their various shortcomings (e.g., response styles, memory limitations;
Vaerenbergh & Thomas, 2013), and a general consensus has emerged that naturalistic
observation of behavior should be considered the ‘gold standard’ of measurement in personality
science (e.g., Baumeister, Vohs, & Funder, 2007; Boyd, Pasca, & Lanning, 2020; Zeigler-Hill,

Shackelford, Nave, Feeney, & Furr, 2018).

Despite the widespread agreement regarding the value of naturalistic observation,
objective, reliable, and valid measurements of personality-relevant information are inherently
difficult to obtain using traditional methods (e.g., ratings provided by human observers).
Measurement difficulties arise for many reasons (e.g., costs, participant reactivity, privacy
concerns). For example, a typical personality assessment goal might be to determine the extent to
which a person is extraverted across situations in general (trait assessment) or in a given situation
during a short period of time (state assessment), as opposed to simply observing whether a
person is talking (behavioral observation). In Fig. 1 we provide a schematic overview of these
approaches. Here, we intentionally distinguish between personality states and raw digital
indicators (e.g., behavior) for two reasons. First, because it is possible to assess both personality
states and personality traits from digital indicators. Second, because computational personality

trait assessment could either involve an intermediate step of personality state assessment (e.g.,
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recognizing momentary sociable behavior) or could be performed on behavioral indicators
directly (e.g., predicting extraversion trait levels from communication frequencies). The biggest
challenge for personality assessment, however, is that the phenomena of interest to personality
psychologists are considered as latent constructs that are not directly observable and are assumed
to be manifested in patterns of thought, feeling, and behavior over time (Funder, 2009).
Typically, in order to assess people’s personality at the latent trait level, they had to be asked
(Paulhus & Vazire, 2007) or observed in their thinking, feeling and behaving across situations

and over time (Furr, 2009; Sherman et al., 2015).

Observing personality relevant information in the wild is notoriously difficult. However,
over the past decade, advances in areas such as machine learning, sensor technology, and online
computing alongside the rise of digital devices and platforms (e.g., social media platforms,
smartphones) have made behavioral observation studies increasingly viable and have enabled the
possibility to use objective metrics in addition to questionnaire items (Montag et al., 2016;
Yarkoni, 2012). By providing a means of observing personality-relevant information in daily
life, computing technologies introduce new opportunities for the quantification of individual
differences in thoughts, feelings, and behaviors.

For example, consider that many of our everyday thoughts, feelings, and behaviors are
now mediated, reflected, and often recorded by the ubiquitous technologies that we use on a
daily basis (e.g., smartphones, social media). The digital footprint people leave behind can be
collected, aggregated, and analyzed for business applications and research alike. In addition,
these digital traces can be used to describe, understand, and predict individual differences in

people’s tendencies to think, feel, behave in characteristic ways (Kosinski et al., 2013). While it
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remains somewhat more challenging to collect information about people's thoughts and feelings,
the automated collection of objective behavioral information by technological means has become
increasingly feasible. Henceforth, we will primarily focus on personality-relevant behavioral
information in this paper.

Advances in computational technology play a crucial role in the development of
computational personality assessment, because they allow researchers to represent behaviors
digitally and objectively (e.g., a user did or did not “like” a social media post), to collect and
store data (e.g., through web scraping tools, smartphone sensing applications), and to analyze
data efficiently using computational modeling (e.g., machine learning). The use of computational
methods helps us overcome our own human limitations and biases in theory development (e.g.,
memory limitations when providing self-reports, inability to consider the influence of many
factors at the same time, innate tendency to converge to simple theories; Jolly & Chang, 2019).
Hence, a stronger reliance on computational methods will help advance personality science and

to create novel, more holistic forms of personality assessment (Stachl, Pargent, et al., 2020).

Research at the intersection of personality psychology and computer science has already
begun to harness sources of digital data from online repositories and mobile devices to describe,
predict, and better understand individual differences in people’s thoughts, feelings, and behavior
(e.g., Boyd et al., 2020; Harari et al., 2020). Some of this work has even gone a step further to
conceptually explore whether such data can be leveraged for the development of automated
computational approaches to personality assessment through predictive modeling (Bleidorn &
Hopwood, 2018; Stachl, Pargent, et al., 2020). Considering the opportunities to collect, store,

and model personality-relevant information using computational technologies, there has never
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been a better time to work on the improvement of measurement and assessment in personality

psychology, or even in psychology in general.

In this paper, we aim to provide an overview of some of the most promising approaches
to the in-vivo, computational conceptualization and assessment of personality. We focus on five
sources of behavioral data: experience sampling, smartphone sensing, digital footprints, images,
and language data. The data from these sources are not completely independent from each other
but may nevertheless provide a useful way of reviewing the research in this burgeoning area. In
the remainder of this article, we: (1) highlight the unrealized opportunities these sources of data
provide for personality assessment through a computational lens, (2) critically discuss the
limitations and challenges of computational personality assessment, and (3) outline necessary
steps for future research to begin to overcome these challenges. Finally, we conclude with our
perspective on how computational personality assessment could fundamentally change our

understanding of individual differences in thoughts, feelings, and behaviors.
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Figure 1. Schematic illustration of computational personality assessment. Patterns of thoughts, feelings and behaviors across
situations become accessible as digital indicators of personality through various sources of data. These indicators can either be
used to infer personality traits directly or indirectly, via intermediary state prediction. Figure available at https://osf.io/hzrst/,
under at a CC-BY4.0 license.

New Data Sources for Computational Personality Assessment

Experience Sampling Data

Experience sampling methodology (ESM, also known as Ecological Momentary
Assessment, EMA) describes the repeated assessment of a person’s thoughts, feelings, behaviors
through self-reports (Horstmann & Ziegler, 2020). In a sense, it is not a “new method” as it has
been around for about a hundred years (Bevans, 2018; Fliigel, 1925). Early instances of ESM
involved participants actively and repeatedly self-assessing, either by filling out physical, pencil-
and-paper questionnaires manually, by calling an automated phone line, or through the use of

early mobile devices like Palm Pilots. Today, however, smartphone- or mobile sensing (see
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section below) is tailored towards the passive detection and recording of objective, personality-
relevant information without any explicit input from users.

However, there has been a recent surge in experience sampling studies in personality
psychology and in the way that experience sampling is conducted on a technical level (e.g., using
mobile apps; Horstmann & Ziegler, 2020; Wrzus & Mehl, 2015). One reason for this resurgence
is that most current and prominent theories of personality make predictions about dynamic
within-person processes — that is, how a person behaves (or thinks, feels) from moment to
moment in interaction with their current environment (e.g., Whole Trait Theory; Fleeson &
Jayawickreme, 2014).

Dynamic personality theories focus on the importance of momentary changes in
personality states (Horstmann & Ziegler, 2020) as a function of environmental and situational
influences (Matz & Harari, 2020), which may be reflected in biological markers (Roberts &
Jackson, 2008). To test and refine dynamic personality theories, it is necessary to assess atomic,
transient expressions of personality. Compared to classical one-time self-report questionnaires,
ESM greatly reduces the potential impact of memory biases on responses and is therefore
thought to be well-suited to assessing momentary personality states. Strictly speaking, ESM is
not a purely computational method, because it relies on subjective self-reports. However, ESM is
particularly useful to repeatedly collect truly subjective information on qualitative, experiential
aspects of personality traits (i.e., momentary feelings and thoughts) that are more difficult to
collect with more objective, purely computational approaches (e.g., mobile sensing).

Although its application in personality psychology is relatively new as opposed to its
more prevalent use in social psychology, many aspects of ESM as an assessment approach are

well-understood: A great deal of knowledge about item design, test development, and the general
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principles of estimating reliability and validity can be transferred or at least adapted from the
psychometrics literature (Horstmann & Ziegler, 2020). For example, a key question that arises
when using and interpreting ESM data is related to the issue of validity, or as Hektner, Schmidt,
and Csikszentmihalyi, (2007) put it, “whether explanations other than the participants’ natural
experience can account for their ESM responses.” Validity evidence is accumulated over time:
the more a measure is used, the better it is understood. ESM has seen substantial use and can
therefore fulfill two purposes: First, ESM is comparatively easy to implement and thereby
provides a low-investment method for initial tests of a personality theory. For example,
personality traits are expected to manifest as personality states, and both traits and states can be
assessed with self-reports. A correlation between self-reported traits and states therefore provides
initial evidence for the assumption that traits are expressed in daily life — and thus a reason to

further investigate the topic.

Second, ESM provides a relatively well-understood source of self-report data that can be
used as a complementary reference point when evaluating new approaches to the assessment of
personality. For example, Sun & Vazire, (2019) recently showed that self-reported personality
states are related to other-rated personality states based on momentary verbal expressions. Here,
the comparatively well-understood self-reports of personality states provided evidence that the
other-rated state reports capture “the natural experience” of the participant. Another example is a
recent study by Matz & Harari (2020) showing that the current self-reported location of a
participant is related to their self-rated personality states (e.g., feeling more extraverted in bars
than at home). In both examples, knowledge about the validity of state-self reports lends

credibility to the validity of the new method (i.e., other-reports or the coding of places that are

10
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psychologically meaningful). Finally, past research proposed to extend classical self-reported
ESM items to audio recordings, photographic information, and more objective sensing data

(Buschek et al., 2018).

Sensing Data

Consumer electronics that are equipped with sensing technologies (e.g., wearables,
smartphones, smart home appliances) are a pervasive feature of daily life for many people
around the world. While as of 2017, an estimated 5% people in developed nations (11% in
developing) own smartwatches that they wear on their wrists, an estimated median of 91% (80%
developing) of the developed world’s population owns smartphones that they carry around as
they go about their day, and an estimated 3% of people living in developed (6-10% in
developing) countries own smart home devices that reside in their homes (Deloitte., 2017).

These technologies rely on mobile sensors (e.g., accelerometer, microphone, GPS) and
metadata (e.g., system logs) to provide services central to the functioning of the device, such as
activity recognition, voice detection, information retrieval, or location tracking (Miller, 2012;
Raento et al., 2009). Furthermore, these internet-connected devices are designed to exchange
information for a more convenient user experience (e.g., a smartwatch syncing data to a mobile
app). However, the data generated from these technologies can also be harnessed to obtain
insights into their owners’ behavior (e.g., physical activity, social behavior, digital media use;
Harari, Miiller, Aung, & Rentfrow, 2017), surrounding environments (e.g., location, ambience;
Harari et al., 2018), and personality (Harari et al., 2020; Wiernik et al., 2020). As such, data from
sensing technologies present several opportunities for those interested in assessing and

understanding the manifestation of personality in daily life. In contrast to self-reports, sensing

11
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methodologies allow for the collection and quantification of objective data about people’s

thoughts, feelings, and behaviors.

To date, personality sensing research has focused on the description, explanation, or
prediction of personality-relevant information (Harari et al., 2020). In the domains of description
and explanation, studies have focused on individual differences in behavior by providing
estimates of the rates of engagement in various behaviors (e.g., calling, texting, using different
apps; Budimir et al., 2020; Harari et al., 2019; Schoedel et al., 2018; Stachl et al., 2017),
identifying the degree to which such behaviors vary between persons, are stable over time, and
map onto self-reported personality traits. In the domain of prediction, studies have primarily
focused on demonstrating how self-reported personality trait levels can be inferred from sensing
data (e.g., Chittaranjan, Blom, & Gatica-Perez, 2011; Stachl, Au, et al., 2020; Wang et al., 2018),
evaluating machine learning models that classify or predict a person’s self-reported Big Five trait
scores. Cumulatively, personality sensing research provides new insights into people’s
characteristic behavioral patterns (e.g., stable tendencies, dynamic variability) and new
opportunities for automating personality assessment (e.g., self-reported or observed behavioral
dimensions; Harari et al., 2020).

Yet, several open questions remain about the replicability of findings reported in past
sensing research, whether sensing technologies can (or should) replace other forms of personality
assessment (Stachl, Pargent, et al., 2020), and whether sensed behavioral data itself could point

to new ways of representing dimensions of individual differences (Boyd et al., 2020).

Digital Footprint Data

12
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Online social networks (OSNs) have become an integral part of the lives of millions of
people around the world (Kosinski et al., 2015). Facebook alone has more than 2.6 billion active
daily users, and the Chinese equivalent WeChat is quickly catching up with 1.2 billion users in
the first quarter of 2020 and a staggering annual growth rate of 6%. OSNs — such as Facebook,
Twitter, Instagram, Snapchat, or TikTok — allow users to interact with others, broadcast their
thoughts and feelings, mobilize for a common cause, or simply peek into the lives of their friends
and strangers. Compared to its Western counterparts, WeChat touches on even more aspects of
people’s lives: It provides the most popular digital form of payment, connects directly to
people’s bank accounts and offers loans, allows users to book flights and hail taxis, and acts as a
real estate platform.

In short, OSNs facilitate almost every aspect of people’s lives. And in doing so, they
capture enormous amounts of data and information about their users: Their hopes and dreams,
preferences and motivations, social connections, daily routines, and physical whereabouts (Matz

& Netzer, 2017).

Similar to the environments we inhabit offline (Gosling et al., 2002), the information
captured by OSNs includes both carefully curated identity claims as well as inadvertently
generated behavioral residue (Gosling et al., 2011). For example, Facebook users can explicitly
and deliberately communicate their interests and preferences using the “Like” button. In contrast,
information about a user’s current location, or the list of articles and ads they have clicked on
while browsing web sites, reflects their preferences more implicitly.

Early research into the psychological underpinnings of OSNs has shown that these

seemingly innocuous traces can be used by human judges to make accurate inferences about the

13
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psychological traits of strangers, including their personality (Gosling et al., 2011). With the
growing interest among psychologists in Big Data and machine learning, researchers have
increasingly started to investigate the feasibility and validity of automated, computer-based
predictions of personality from online digital footprints (Azucar et al., 2018). For example,
computational modeling has been used to successfully predict self-reported Big Five personality
trait levels from Facebook Likes (Kosinski et al., 2013; Youyou et al., 2015), status updates and
Tweets (Park et al., 2015; Quercia et al., 2011; Schwartz et al., 2013), and transaction data
(Gladstone et al., 2019). Predictions of personality from OSN profiles have not only been shown
to be more accurate that the judgements made by colleagues, friends and family members
(Youyou et al., 2015), but they are also known to predict external criteria equally well or even
better than people’s self-reported responses (Boyd et al., 2015; Park et al., 2015).

Although there is often an inherent tension between the desire to present oneself in a self-
idealized way and the desire to present the “true” version of oneself (Back et al., 2010; Ziegler &
Buehner, 2009), this research supports the proposition that users’ OSN profiles hold accurate and
relevant information about their psychological traits — indeed, even an idealized self-presentation
tells us about what a person would /ike to be, as well as their beliefs about which aspects of the
self are important during self-presentation (e.g., (Tong et al., 2020)). OSN profiles act as a
window into the psychology of billions of people around the world. This unprecedented ability to
automatically retrieve information on peoples’ personality at scale has paved the way for OSNs
and third parties to use insights into people’s personality to shape their experience on the
platforms themselves (Matz & Kosinski, 2019). For example, OSNs and marketers can utilize
predictions of personality traits from digital footprints to cater the content a user is exposed

within a given platform to their specific psychological needs and preferences (Matz et al., 2017).

14
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Image Data

Pictures, including those drawn from social media, personal and professional websites, or
offline settings, are rich sources of information and much of this information may be personality-
relevant. For instance, images can be used to represent behaviors (e.g., capturing someone
surfing or socializing), thoughts (e.g., memes), and/or feelings (e.g., smiling). Moreover, images
can provide information on behavior that has already occurred (i.e., behavioral residue; Gosling
et al., 2002) and information that people deliberately choose to display to themselves and others
(i.e., identity claims; Gosling et al., 2002). For example, the types of objects a person displays in
their office (e.g., books and decorations) has been associated with different personality trait
levels (Gosling et al., 2005). Moreover, cameras are embedded in many everyday devices (e.g.,
smartphones, cars) and are being used in private and public places (e.g., security systems in
homes, CCTV systems in cities), providing further visual information about individuals and their

behavior that may be analyzed (e.g., Philpot, Liebst, Levine, Bernasco, & Lindegaard, 2019).

Though the human brain is carefully attuned to make sense of the vast stream of visual
data our eyes perceive, this has historically proven much harder for computers. It is quite
interesting that computers were able to defeat the world’s best chess player (Pandolfini, 1997)
many years before they were able to complete visual tasks that nearly any toddler would take for

granted (e.g., counting the number of animals in a picture; Szeliski, 2010).

Nonetheless, with the advent of modern computing resources and improved algorithms,
researchers have made great strides in the field of computer vision. For example, in recent years,

scientists have greatly increased our ability to computationally detect objects, track motion,

15
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recognize actions, and estimate poses (Voulodimos et al., 2018). Thus, it is natural to wonder
whether the same technologies that have enabled these breakthroughs may also allow researchers
to analyze images for personality content and even facilitate the automatic assessment of

personality traits and states.

Some early work in this space has shown promising results. In one study, participants
wore a wearable camera, which took pictures of their environment throughout the day. The
objects in these images were automatically classified using computer vision algorithms and were
shown to predict both self-reported personality traits and situational characteristics (Blake et al.,
2020). In related work, by analyzing online images collected from social media, researchers
demonstrated that it is possible to detect personality traits from low-level image features, such as

color diversity (Segalin, Celli, et al., 2017) or filters used (Ferwerda et al., 2015).

Despite these advances, one of the most central aspects of a person's image, the face,
remains relatively underexplored in personality science. Alongside the progress of the big data
revolution, facial images and videos are becoming ever more prevalent, making appearances in
profile pictures, social media videos, and online meetings. Even beyond the digital realm, faces
are both easily accessible and extremely salient stimuli for human beings. In fact, researchers
have argued that most of us will spend more time in our lives looking at faces than we will
gazing at anything else (Haxby et al., 2000). It is known that faces can reflect a person’s
emotional expressions and transient states, but could they offer clues to more enduring

psychological dispositions?

Initial investigations in this area show some evidence that this may be possible. In particular,

researchers have demonstrated that machine learning models can be trained to predict

16
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psychological dispositions, including personality, from facial images, such as those on social
media (Kachur et al., 2020; Y. Wang & Kosinski, 2017). Nonetheless, it is important to note

some limitations present in the current research in this domain.

First, it is unknown whether such predictions rely on natural facial appearance or other low-level
image cues, such as ambient lighting in the photograph. For example, extroverts are more likely
to take pictures in bright environments (Segalin, Perina, et al., 2017), and it may be these

features, rather than those related to faces that a model is using to form its judgments.

Second, no matter how advanced computer vision becomes, as faces themselves may not
perfectly reflect an individual’s personality (Todorov et al., 2015), it would be unlikely for
image-based detection to fully supplant other forms of personality assessment in terms of their

reliability and validity.

Third, important issues need to be resolved regarding privacy and ethics, such as determining
whether images taken on a public CCTV camera should ever be analyzed using such algorithms
and acknowledgement of the highly problematic, pseudoscientific history of physiognomy — both
in science and its gruesome real-world consequences (see Gray, 2004). Importantly, while this
research could provide insights into how personality traits manifest in profile pictures or facial
expressions in the aggregate, it would be both ill-advised and highly unethical to use such
research to judge a particular individual based on how they look in an image. Rather, a far more
effective strategy for discovering a stranger’s personality would be taking the time to get to
know this individual (Letzring et al., 2006) and allowing them agency and control over the
process of self-disclosure. Fourth, while static images may convey significant information, the

richness and temporal qualities found in videos may allow for even more insight into personality.

17
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Researchers have already begun to use videos to generate automatic personality assessments
(Suen et al., 2019). As such technologies further evolve, new insights and new questions into the

manifestation of personality are likely to emerge.

Language & Audio Data

Language data (e.g., from text or audio) is one of the main types of personality-relevant
information available via computing technologies, such as OSNs and smartphone apps.
Moreover, following standardized self-report questionnaires, language data being used as a
source of diagnostic information has perhaps one of the oldest traditions in the field of
personality assessment. Psychologists have privileged verbal behavior — particularly written and
spoken words — as something of a direct pipeline to personality itself. Dating back even to
before Psychology’s formative days, a person’s words were treated as a distillate of their
underlying drives, emotions, and thought patterns: the swirling miasma of the preconscious, or

the very essence of what ultimately makes someone who they are as a person (Allport, 1942).

Early on, language data within personality science often consisted of conspicuous
responding to explicit prompts — such as dream reports, self-description tasks, or projective
tests — or cultural artifacts, such as books, newspaper articles, and so on (e.g., Stone et al.,
1966). For the past several decades, language data has also been captured as part of the broader
stream comprised of one’s environment and their interactions with the environment, such as
intermittent audio recordings in daily life (Mehl et al., 2001), or even one’s social atmosphere

(Goldberg et al., 2016). In all cases, the proliferation of smaller, more affordable, and more

18
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accessible computer technology and OSNs has made the collection and automated analysis of
language data increasingly available to researchers across disciplines. Today, it is possible to
scrape, quantify, and analyze years of an individual’s life through their social media posts in a

matter of seconds.

Today, the theoretical underpinnings of analysis of language data are relatively simple
when compared to those of the early-to-mid 20th century. From a modern psychometric
perspective, language data is most often (though not always) treated as a reflection of one’s
attentional habits, loosely defined (Boyd et al., 2019; Tausczik & Pennebaker, 2010). Extraverts,
for example, tend to pay more attention to their social environments and other people; consistent
with this definition, research finds that extraverts tend to use more “social” words — that is,
words about people (e.g., ‘friend’, ‘sister’, ‘colleague’), generally speaking (see, e.g., Chen et al.,
2020; Mairesse et al., 2007; Tackman et al., 2020); Tackman et al., 2020). Importantly, there
have been recent calls for expansion of theory and assessment of verbal behavior to more

meaningfully align with psychological theory, broadly defined (Boyd & Schwartz, 2021).

Language data has been used extensively for the passive, non-invasive assessment of
personality across a variety of study paradigms. More specifically, personality research with
verbal behavior commonly takes language data in its raw, “unstructured” form; words are coded
as belonging to different domains: emotions (e.g., ‘happy’, ‘sad’, ‘nervous’), sociality (‘friend’,
‘family’, ‘togetherness’), metacognitive (‘think’, ‘understand’, ‘wonder’), and so on (see, e.g.,
Fast et al., 2016; Pennebaker et al., 2015). Social media has become a common starting point for

personality profiling from language data, with most research centering around blogs (e.g.,
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Yarkoni, 2010), Facebook (e.g., Schwartz et al., 2013), and Twitter (Sterling et al., 2020) as data
sources. However, the increased digitization of historical documents has also facilitated

personality analytics of historical figures (e.g., Boyd & Pennebaker, 2015; Dean & Boyd, 2020).

While much of the contemporary language-based research on personality is driven by the
goal of maximizing out-of-sample predictive performance — particularly inferences of the Big
Five (e.g., Hall & Caton, 2017; Mehta et al., in press) — others have used language data as the
material by which personality itself is conceptualized. For example, Kramer & Chung, (2011);
Pennebaker & King, (1999) each used language-based psychological measures to conceptualize
individuals through their trait-like “thinking styles” and self-expression styles, respectively — a
more recent, but conceptually similar, example includes Kulkarni et al.'s (2018) interesting

derivation of an exclusively verbal-behavior Big Five.

Discussion

Having provided an overview of the most promising data types for computational
personality assessment, we next turn to a discussion of the key opportunities, challenges, and
directions for this area of research. In doing so, our aim is to outline how these sources of data
might catalyze new directions of personality research and assessment, while critically discussing
the current limitations of these methods and how they might be addressed moving forward (e.g.,

where they fall short of validated psychometric assessment methods).

20



COMPUTATIONAL PERSONALITY

Opportunities

Computational approaches to personality assessment provide new ways of quantifying
individual differences in thoughts, feelings, and behavior and predicting those differences in an
automated fashion. Perhaps the most promising aspects of computational personality assessment
lie in its increased reliance on more objective sources of data (in comparison with self-reported
personality inventories) and its ability to detect complex patterns in large-scale datasets for
representation and modeling.

For example, in self-report personality questionnaires, people are asked about their
typical behaviors (e.g., their tendency to socialize or be honest in relationships), which can
trigger socially desirable response biases. However, digital footprints and mobile sensing data
allow for the automated, objective quantification of a person’s behaviors (e.g., their tendency to
communicate with others or use dating apps while in a relationship). Behavioral observations
from digital data sources can reflect personality-relevant information, but do not necessarily
represent a person’s standing on personality dimensions (e.g., sociability, honesty) on their own.
However, when these and other indicators are considered in tandem using computational
modeling, they can reveal behavioral patterns that are informative of a person’s standing on
latent personality dimensions (e.g., outgoing phone calls at night and daily use of communication
apps as indicators of Extraversion; Stachl, Au, et al., 2020). It is also known that some aspects of
human personality are better assessable by the self, some are better assessable by others — some
aspects are neither assessable by the self nor others (Vazire & Mehl, 2008). For example, people
appear to be poor estimators of how they spend their time online (e.g., Junco, 2013), and most

people do not have a complete picture of other peoples’ online activities. Hence, to assess these
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blind-spots of personality, objective, computational personality assessments could play a

decisive role.

Objective behavioral data for computational personality assessment could help to
overcome the well-known problems of questionnaire-based assessments (e.g., memory, social
desirability, response-styles, faking) and reduce participant burden by enabling passive and
automated personality assessment. Additionally, objective behavioral data can be combined with
self-reported assessments to provide complementary information on personality traits and states.
Consider, for example, a person who spends little time communicating with others (based on
sensed data) but reports being a talkative person — this discrepancy may itself reveal key
personality information that would not otherwise be available through either source of data by

itself.

Computational approaches to personality assessment will enable the quantification of
personality expressions in a more fine-grained and holistic way that better accounts for the
dynamic components of personality. Specifically, will it allow us to simultaneously model
behavioral, situational, cognitive, and emotional processes in a dynamic fashion over time, as
described in contemporary personality theories (e.g., Whole Trait Theory, Fleeson &
Jayawickreme, 2014; TESSARA, Wrzus & Roberts, 2017). This, in turn, will finally enable
researchers in personality science to better describe, understand, and predict personality.

In more applied settings, computational personality assessments could also be used for
personalizing messages in intervention. For example, personality trait information can be used to

tailor messages in political and marketing campaigns to alter peoples’ behaviors and decisions
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(Hirsh et al., 2012; Matz et al., 2017; Pezzuti et al., 2021) and to personalize products to

individual needs and desires (Tkalcic & Chen, 2015; Volkel et al., 2019).

Limitations & Challenges

Despite these promising opportunities, there are several challenges that currently limit the
ability to use these new technologies for personality assessment. One frequent argument against
using digital footprints, mobile sensing, and other digital sources of data for assessment purposes
is that these new techniques, for the most part, still lack basic evaluations of their psychometric
properties (e.g., reliability, validity). For computational personality assessments to be a viable
complementary approach to more traditional self-report assessments in applied settings, these
new assessments should demonstrate adequate reliability (e.g., over time) and validity (e.g., by
predicting relevant life outcomes). One possible benchmark (though certainly not the only one)
would be to evaluate the extent to which the new assessment’s properties compare to the lowest
thresholds for reliable and valid self-reported personality assessments (e.g., single-item measure

of Self Esteem; Ten-Item Personality Inventory; Gosling et al., 2003; Robins et al., 2001).

Computational personality assessments from digital behavioral data are currently
impaired by the lack of understanding in how reliable obtained personality inferences might be.
Several phenomena that are particularly relevant to these new approaches must be considered.
For example, concept drifts (cf. longitudinal measurement invariance in psychometrics) refer to a
change in the informativeness of digital behavioral indicators that are used as predictors with

regard to a criterion (Lu et al., 2019). This effect can lead to the deterioration of a computational
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model for personality assessment over time. In addition, measurement inaccuracies that are
induced by the methods themselves can lead to differences in observations (e.g., smartphone
sensors across device manufacturers may have different sampling rates). Finally, cultural factors
may introduce unique dependencies that may or may not exist in certain cultures or reflect
different traits (e.g., “liking” Poutine on Facebook in Canada may be differentially indicative of

a person’s openness levels than liking it in India).

Another big challenge in computational personality assessment is to test the validity of
newly developed models (Tay et al., 2020). In particular, questions arise with regard to whether
traditional conceptualizations of validity can be applied “as is” to computational personality
assessments (Bleidorn & Hopwood, 2018; Stachl, Pargent, et al., 2020). For example, traditional
conceptualizations used with self-report data, such as the retainment of maximally linear
convergent items in a factor structure, may not apply to computational methods because those
criterion may not necessarily lead to higher predictive performances, which are the standard by
which the new computational methods are evaluated on (Tay et al., 2020). Moreover, digital
behavioral data may be indicators of multiple personality dimensions simultaneously, which is
inherently different from how self-report measures are developed (e.g., items tend to be used to
derive a personality score for a single dimension).

For example, the item “I am a talkative person” is used solely as an indicator of
Extraversion in personality trait inventories (unidimensional), but the average number of calls a
person makes at night could be an indicator for levels of sociability and self-consciousness (e.g.,
Stachl, Au, et al., 2020). Such unsolved considerations complicate the validation and

development of these new approaches and will need to be overcome to transform computational
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personality assessment research from pure prediction to standardized psychometric tools. One
potential way to evaluate the validity of computational personality assessments is to map out the
nomological network with regard to relevant life outcomes (e.g., health, occupation satisfaction,
and performance; Bleidorn & Hopwood, 2018). For example, the findings from a study using
Facebook Likes to predict Big Five traits showed that the computational assessments were
associated with life outcomes (e.g., substance use), suggesting some evidence of external
predictive validity (Youyou et al., 2015). However, more specific work is needed with regard to

how computational assessments should correlate with life outcomes and at which magnitudes.

Central to the challenge of establishing validity is a more foundational issue regarding the
appropriate “ground truth” criteria for evaluating computational personality assessments.

This ground truth problem is present any time a personality prediction model is being
developed using new sources of data that include objective quantifications of personality (and
self-reports). The ground truth problem can be boiled down to a conceptual question: What is the
most representative and unbiased conceptualization of systematic patterns in human feelings,
thoughts, and behavior (i.e., personality)? Virtually all of the latest computational approaches to
personality assessment rely on self-reported personality trait scores as the ground truth criteria
for evaluating the performance of the newly derived assessment models (e.g., Anderson et al.,
2020; Azucar et al., 2018; Gladstone et al., 2019; Stachl, Au, et al., 2020). This circumstance is
challenging, because it means that computational assessments are also somewhat limited by the
methodological biases and issues that are idiosyncratic to questionnaire-based measures - the
outcome these models aim to predict (Boyd & Pennebaker, 2017). Moreover, the direct reliance

on self-reports during the development and evaluation of computational models makes it hard to
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argue for advantages of computational approaches in comparison to questionnaire-based
methods. For these kinds of models, it is necessary to have “labeled” data for models to be
trained on, but by no means does that mean that self-reports are the ultimate criterion to compare
against or that models should be optimized to predict. On the contrary, we argue that it should be
apparent that aggregated self-reports on peoples’ behavioral tendencies should naturally be
inferior to direct behavioral assessments of those.

Also, it is questionable how useful the concept of ground truth really is in computational
personality assessment in general. It might be rather useful to think of self- and other reported
personality information to be complementary to purely behavioral measures as obtained with
sensing approaches (Vazire & Mehl, 2008). While this is no easy problem to solve, one way
forward could be to explore whether the full breadth of digital footprints can be statistically
combined to allow for the identification of a comprehensive taxonomy of individual differences
in thoughts, feelings, and behaviors that is able to directly predict relevant life outcomes and

future personality states with reasonable accuracy (Funder, 2012).

It will take time for evidence to accumulate that establishes how valid and reliable new
computational personality assessments are. The evaluation of ESM-based assessments could
provide a useful point of comparison and model for bridging older and newer methods (e.g., by
establishing reliability and validity using nested alphas and factor analyses; Nezlek, 2017). It is
likely that hybrid and complementary approaches (e.g., combined assessment via ESM,
questionnaire, and mobile sensing) will help to establish the psychometric properties of more
complex, computational approaches to personality assessment by highlighting how the various

assessments align with another. Initially computational assessments may be used as a supplement

26



COMPUTATIONAL PERSONALITY

to self-reports and only later (if at all) start to widely replace the more traditional assessments in

real-world applications.

Putting issues of validity aside, the question of how to best conceptualize thoughts and
feelings in an objective manner remains unsolved. Related to most extant research, our
description of computational personality assessment in this manuscript has primarily focused on
digital representation of behavior. However, in order to realize a comprehensive assessment of
personality, it is necessary yet much more challenging to objectively observe and quantify what
people think and feel. Some recent studies hint at the possibility of measuring cognitive
(Brouillette et al., 2013; Gordon et al., 2019; Jach et al., 2020; Wilmer et al., 2017) and affective
(Israel & Schonbrodt, 2020) personality-related processes and states using computational
modeling. These approaches are good starting points for further research and highlight the
potential of digital physiological metrics (e.g., muscular and brain activity) for the assessment of
personality traits and states. Computational modeling will likely play a decisive role in
advancing research in this area. One example is the increased use of complex, context-aware
transformer models to process human language data (Brown et al., 2020; Devlin et al., 2019).
These models are able to provide digital representations of human language (e.g., text) while
accounting for at least one level of context (see Boyd & Schwartz, 2021). Considering their
success in natural language processing, it is not far-fetched to imagine the use of these
techniques to create representations of other sequential, personality-relevant types of data (e.g.,
physiological, behavioral, and cognitive signals). Put another way — in the near future, we
anticipate an increasing ability to not only measure behaviors, but to ensure that those

measurements are modeled in a psychologically accurate way that accounts for context (e.g.,
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fidgeting while talking to a romantic interest versus fidgeting while talking to an extremely

annoying coworker).

Ethical Considerations

Computational personality assessments that rely on data related to people’s thoughts,
feelings and behaviors come with inherent ethical challenges. One of the most obvious ethical
implications is how such assessments impact or intrude upon people’s privacy. Researchers
working in this domain have repeatedly raised concerns that computational personality
assessments inevitably threaten individual privacy (Kosinski et al., 2013; Matz et al., 2020), and
have offered suggestions for practical and technical solutions as well as legislative action
(Harari, 2020; Stachl, Au, et al., 2020). Another ethically difficult aspect of computational
personality assessments is the continuous accountability of people for their past actions that is
potentially created by the invasiveness and comprehensiveness of the data collection process
involved. For example, if personality inferences based on these new approaches are used to
decide if a person will get a job, be recommended for promotion, is likely to graduate from
college, or is a suitable partner to recommend on a dating app, this is a problematic outcome. It
could result in a situation in which people must fear the consequences of every single click or
utterance, constraining people’s freedom to express themselves free from judgment in an open
society. Such concerns could lead to intentional and persistent changes in peoples’ behavior
(e.g., behave as if you were extraverted) to maximize positive outcomes. This development in
turn could cause inferences themselves to no longer be accurate (Gergen, 1973). Further, the

issue of accountability is aggravated if combined with a lack of algorithmic fairness (e.g.,
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personality assessments are inaccurate for subgroups of the population) and undetected model
drifts (Kusner & Loftus, 2020; Lu et al., 2019). Further, it is possible that different
conceptualizations of individual privacy and related ethical positions will influence assessments
under cultural and political norms (Andersen, 2020). However, no matter the case, these ethical
issues are important topics that warrant due consideration from researchers, policy makers, and

the general public.

Outlook & Conclusion

Ultimately, we envision two complementary ways of how computational personality
assessments could become a worthy alternative and complement to traditional personality
assessments. First, computational personality assessment will achieve widespread adoption if it
provides additional information or advantages to more traditional forms of personality
assessment (e.g., more convenient, cheaper, more accurate, measures different aspects of
personality). Second, computational personality assessment will be successful if enough
institutions (e.g., academic, corporate, governmental) will engage in it and foster its
development. The possibility that corporate and government organizations might engage in
computational personality assessment is especially relevant if the conceptual scope of what is
considered as personality assessment is broadened. For example, it is possible that computational
models of distinct patterns in thoughts, feelings, and behaviors that are predictive of life
outcomes could be developed that reflect different conceptualizations of individual differences
(e.g., leadership), compared to what personality psychologists are traditionally most concerned

with (e.g., latent trait dimensions that provide universal descriptions of individual differences).

29



COMPUTATIONAL PERSONALITY

Good science is characterized by the continuous improvement of the methods that it uses to
investigate and conceptualize the phenomena of interest. While it is true that sophisticated,
mathematical latent variable models have been developed to more precisely measure presumably
underlying latent traits in responses form personality questionnaires (e.g., Masters, 1982), it is
also a fact that the most promising model in personality psychology (Five Factor Model) is
predominantly based on self-reports. On the path from personality research towards personality
science, remaining issues with regard to the objectivity, reliability, validity, and ethical
considerations of computational personality assessments must be addressed, not only with more
studies examining associations between self-reported personality traits levels and self-reported
behaviors, but with objective, in-vivo measurements of the factors that could represent individual
differences by themselves (Boyd et al., 2020; Mottus et al., 2020). In a sense, psychology is
rapidly expanding the traditional multi-trait-multi-method matrix (Campbell & Fiske, 1959) by a
vast number of new methods and data types. As Roy Amara has famously noted, very often the
immediate impact of new technologies is overestimated while the long-term impact of new
technologies is underestimated (Ratcliffe, 2016). While computational personality assessment is

in its infancy, it could drastically change how personality science is conducted.
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