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In recent years, our increasing use of technology has resulted in the production of vast amounts of data.
Consequently, many researchers have analyzed digital data in attempt to understand its relationship with
individuals’ personalities. Such endeavors have inspired efforts from divergent fields, resulting in widely
dispersed findings that are seldom synthesized. In this two-part study, we draw from two distinct areas of
personality prediction across psychology and computer science to explore the convergent validity of self-
reports with human perception and machine learning algorithms, the identifiability of the Big Five traits, and
the predictability of different types of data. In Study 1, five meta-analyses of human perception studies
integrating findings from 24,124 individuals rated across 30 independent samples demonstrated moderate
convergent validity across all traits (ranging from p = 0.38 for Neuroticism, to p = 0.57 for Openness). In
Study 2, a multilevel meta-analysis of computer prediction studies reporting 534 effect sizes across 42
studies also demonstrated moderate convergent validity (p = 0.30). Multivariate analyses of the significant
moderators highlighted that X, Facebook, Sina Weibo, videos, and smartphones had a negative impact on
the variance identified. Finally, in synthesizing the extant literature, we discuss the measures used to assess
personality and the analytical approaches adopted. We identify the strengths and limitations across each
field and explain how interdisciplinary methodologies could advance the testing and development of

A Systematic Review and Meta-Analysis of

psychological theory.

Public Significance Statement

This systematic review demonstrates that personality traits can be predicted using digital data across
both human perception and machine learning algorithms with moderate effects. A further discussion of
the types of platforms, digital data, methods, and analyses removes discipline-specific boundaries and
reveals some novel future directions that seek to capitalize on new methodologies and advance the
development of theory. The implications of these findings are profound across many diverse
applications including education, recruitment, marketing, finance, and public health. As such, these
findings can inform targeted interventions and communication strategies tailored to individual needs.
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Our ability to make successful judgments about others’
personalities can have major consequences in our lives. Deciding
whether someone is trustworthy, reliable, or dangerous, for instance,
can impact who we allow to babysit our children, hire for a job, or
rent a room to. In recent years, technology has revolutionized the
way we communicate and connect with others, and access to such

information can profoundly influence our judgments about them.
Simultaneously, advances in machine learning and big data
analytics have opened new ways to study and derive insights about
people’s personalities. As such, research has proliferated over the
last decade, and work that was traditionally confined to psychology
laboratories has now attracted the interests of computer scientists,
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marketers, and health practitioners (to name but a few), all keen
to predict people’s personalities using digital data (e.g., Gladstone
et al., 2019; Kosinski et al., 2013; Montag & Elhai, 2019).
Consequently, personality research has become highly disparate,
with each discipline adopting different conventions, styles,
methodologies, and motives. Further, cross-disciplinary communi-
cation is rare, meaning that psychologists often lack insight into
advanced machine learning techniques, and computer scientists
typically lack insight into psychometrics and psychological theory.
As our use of devices and generation of digital data continues to
grow, bridging this gap is critical for scientific advancement—and
for the implementation of personality prediction in business, society,
health care, and beyond.

Technological advances also provide access to a broad variety of
data (or cues) from which personality can be assessed. For instance,
research has demonstrated that personality can be predicted from
smartphone logs (Chittaranjan et al., 2013; Stachl, Au, Schoedel,
Gosling, et al., 2020), financial transactions (Gladstone et al., 2019),
music listening patterns (Anderson et al., 2021), and social media data
(e.g., Kosinski et al., 2013; Park et al., 2015; Schwartz et al., 2013).
These data reflect individuals’ thoughts, feelings, attitudes, and
behaviors in real time, and at scale have the potential to provide
insights into personality above and beyond the cues that human
observers typically rely on when making judgments (i.e., body
language, facial expressions, tone of voice, accent, etc.) because they
can capture aspects of individuals’ personalities that humans may not
be able to perceive (e.g., sleeping patterns, physical activity, network
ties). However, we currently know little about the relative value of
different types of data, and how effective different approaches to
assessing personality really are, as most approaches tend to focus
on the “accuracy” of human perceptions or computer algorithms
and whether predictions from different types of cues are possible.
This research therefore seeks to address this gap by answering
the following questions: (a) Convergent validity—how much do
personality assessments based on digital data converge with self-
reports (across both human and computer-based approaches)?
(b) Identifiability—do personality traits differ in their identifiability
(both between the different Big Five traits, and across human- and
computer-based methods) and (c) Predictability—are certain type/s of
data (i.e., cues) more indicative of personality than others?

We answer these questions over a series of meta-analyses and
discussions, that combine statistical methods alongside narrative
syntheses of the findings, methods, and perspectives employed
across research on human perception and computer-based predic-
tion. By integrating insights across these two diverse fields, we
discuss how each can capitalize on the strengths of the other, and
consider the scientific, societal, and ethical implications involved.
Finally, we encourage researchers to embrace diversity in future
personality research and outline key directions that embrace an
interdisciplinary agenda. Over the following sections, we outline
the background and underpinnings of both human perception and
computer-based personality prediction.

Origins of Personality Perception Research and
the Big Five Traits

Personality is frequently considered to be a set of traits that
determine how we think, feel, and behave over time and across
different situations (e.g., Funder, 1995, 2012). Although personality is

a latent construct that cannot be measured directly, assuming that it is
real (Allport, 1937; Funder & West, 1993) and is something that can
be discovered has led psychologists to create mechanisms by which
personality can be assessed. For instance, in the 1990s, the five-
factor model (FFM) of personality (also known as the Big Five,
or Openness, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism model) became a well-established framework that
researchers use to assess individuals’ traits (Digman, 1990; McCrae &
Costa, 1999). The FFM is a hierarchical model comprising five basic
dimensions—Openness, Conscientiousness, Extraversion, Agreeable-
ness, and Neuroticism. Each factor is broad and bipolar (e.g.,
Extraversion vs. Introversion) and encapsulates several more specific
facets (e.g., enthusiasm), that comprise further specific traits (e.g.,
gregariousness, warmth, excitement-seeking). The FFM suggests that
most individual differences can be categorized into these dimensions,
and as such remains the most widely used/dominant measure for
personality assessment today (as demonstrated across multiple meta-
analyses, Connelly & Ones, 2010; Heller et al., 2004; Steel, 2007).

Personality assessments using the FFM have a long history in
human personality perception research that date back to the 1970s
(e.g., Murray, 1975; Scherer, 1978). Traditional human perception
studies involve a target (an individual whose personality is assessed),
and an observer (a person who analyses the target and formulates a
judgment on their personality). Observers use “cues” such as body
language, facial expressions, accents to formulate their impressions.
Such cues help them to gauge what a person is like and will likely
influence them in making some form of decision (e.g., whether
to lend someone money). In face-to-face interactions, making
judgments using these types of cues are relatively straightforward
because they are readily available, and observers can monitor how
targets react to the conversation/environment around them. Likewise,
if individuals are already acquainted, then the observer will be more
attuned to the targets’ underlying feelings and may recognize if they
behave out of character (Biesanz et al., 2007; Colvin & Funder, 1991;
Connelly & Ones, 2010; Funder & Colvin, 1988; Funder & West,
1993). Generally, research shows that the more acquainted people
are, then the better they can intuit information about each other
(Kurtz & Sherker, 2003; Paulhus & Bruce, 1992; Watson et al.,
2000). This is because acquainted individuals have access to more
information, as they have experienced each other’s feelings,
attitudes, and behaviors over time and across different contexts.
In contrast, strangers (or “zero-acquaintances™) lack this privilege;
judgments are typically restricted to single instances (e.g., a job
interview, an introduction at a party), or even very brief interactions
known as “thin slices” (Ambady & Rosenthal, 1992; e.g., a fleeting
interaction with a sales assistant). Although zero-acquaintance
judgments are based on limited information, research has shown that
they can be accurate (Albright et al., 1988; Beer & Watson, 2008;
Borkenau & Liebler, 1992; Kenny, 1994).

Online, zero-acquaintance judgments are particularly pertinent
because the internet connects us with people over vast distances
and provides a mechanism for people to present themselves across
different platforms. These judgments can be challenging because
targets can self-enhance or misrepresent themselves more easily
and frequently than in face-to-face interactions. Online cues
are also more open to interpretation—for example, the absence
of social contextual cues can mean that a jealous congratulatory
expression can be concealed as sincere, or a sarcastic comment can
be interpreted as literal.
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Using digital traces as cues from which to form personality
assessments creates new opportunities to investigate and gain
further understanding of personality. Digital traces capture or
represent many of the cues we use in offline judgments, but in
digitized form (such as language, facial expressions, appearance), as
well as “digital manifestations” of a person’s behavior (e.g., clicks,
number of logins, timestamps). In the context of online environ-
ments, digital traces can be used to form impressions of a person’s
personality in a similar way to how observers use cues in offline
judgments. For instance, on social media, individuals can present
themselves, however they like, and can assert their personality
through identity claims (symbolic statements made to declare
one’s identity, e.g., a framed family photograph, a trophy/certificate,
Gosling et al., 2002) such as photos, tweets, usernames, etc. (Hogan,
2010; Kridmer & Winter, 2008), although this may be challenged by
“friends” who know the person offline as well as online (DeAndrea
& Walther, 2011). Observers can utilize these cues to form
impressions, for example, they may infer that a person is high in
Openness due to their adventurous skydiving photograph.

Individuals also leave behavioral residue (traces of behavior,
typically left unconsciously, e.g., a few bottles of wine may indicate
a party occurred the night before, Gosling et al., 2002) with every
action they make, ranging from behaviors that others can see (e.g., a
timestamp of a tweet), to actions that may be more difficult for
humans to understand or process (e.g., number of text messages sent
per day). While maybe not as obvious (or explicitly suggestive of
personality) as identity claims, observers may still be able to derive
meaning from behavioral residue. A timestamp of a person who
tweets late at night may lead an observer to believe they are
irresponsible (because they start work early in the morning), for
instance. For behavioral residue that is incredibly difficult or near-
impossible for humans to quantify (e.g., a person’s network
structure), computer algorithms can offer a means to interpret
relationships between digital traces and personality. Indeed, much of
the research in computer science has capitalized on this opportunity
by analyzing high-dimensional, fine-grained data aggregated over
time and in different contexts.

Taken together, digital data in the form of identity claims and
behavioral residue provide both humans and computers with new
ways to formulate personality assessments. Still, we know little
about how effectively observers and algorithms converge with target
reports, and how valuable different types of data are in predicting
personality. Before exploring these issues via our meta-analytic
investigations, we outline how theories of personality perception
have guided research to date and how computational approaches
may challenge and extend traditional research practices.

Theories of Personality Perception

Forming an effective personality impression is complex because
personality is a latent construct that cannot be measured directly. As
such, for decades researchers have focused on convergent validity or
“accuracy” to evaluate how effective personality assessments are
and use frameworks such as funder’s realistic accuracy model to
explore the conditions that make accurate personality judgments
possible, including whether cues are relevant, available, detectable,
and utilized (e.g., Funder, 1995, 1999). Other theoretical frame-
works have also focused on other elements that underpin accurate
assessments; these include Kenny’s weighted accuracy model

(Kenny, 1991) and Kenny’s PERSON (personality, error, residual,
stereotype, opinion, and norm) model (Kenny, 2004). These include
the amount of information they are exposed to, whether they view
the same behavior, and whether the target’s behavior is consistent.
Similarly, Brunswik’s lens model (Brunswik, 1956) argues that
good judgments are dependent on the extent that observers can
distinguish between (and utilize) valid and invalid cues. Although
these frameworks were all developed prior to social media, the
internet, and digital devices as we know them today, all have formed
the basis for many investigations of personality perception in both
online and offline environments. As such, research has demon-
strated that observers have successfully formed impressions of
others by surveying their enunciation (Lippa, 1998), appearance
(Naumann et al., 2009), humor (Borkenau et al., 2004), voice quality
(Scherer, 1978) as well as their social media profiles (e.g., Back
et al., 2010; Darbyshire et al., 2016) and personal websites (Marcus
et al., 2006; Vazire & Gosling, 2004).

Although these models readily apply to personality prediction
from digital traces, the affordances of computer-mediated commu-
nication (CMC) and digital environments can introduce numerous
challenges. The absence of social contextual cues, the opportunity
to present oneself more favorably, and the increased likelihood of
performing zero-acquaintance judgments (or at least not knowing
targets well/offline) is likely to make achieving accurate judgments
more laborious. For instance, a well-meaning tweet will not be
considered friendly if the tone is hostile (relevance), a posed
photograph of a couple may not reveal a strained or unhappy
relationship (availability), and a solemn post may be interpreted as
attention-seeking, rather than a cry for help (utilization). Researchers
sometimes attempt to disentangle these concepts by using Brunswik
lens model analyses. According to Brunswik’s lens model
(Brunswik, 1956), observers can use elements in the environment
(i.e., digital traces) as a lens to indirectly perceive underlying
constructs. For example, an observer may infer that a target is an
extravert after seeing how many friends they have (both in comments
in their posts and their photos). For their judgment to be accurate, the
observer must use the cues available (cue utilization), and in turn
these cues must be valid (cue validity), (i.e., they must be associated
with the underlying personality trait). For instance, Back et al. (2008)
found that observers utilized the number of full stops and characters
in targets’ email addresses to infer Conscientiousness, and Hall et al.
(2014) found that observers utilized emoticon use and use of positive
affect in status updates to infer Extraversion. In the former case,
characters and full stops were not found to be valid indicators of
Conscientiousness, whereas in the latter, both were utilized by
observers and were valid indicators of Extraversion.

The possibility of using and analyzing cues in this way creates
some new opportunities for predicting personality with computer
algorithms. For instance, algorithms can “utilize” cues in aggregated
combinations to potentially discover relations between personality
and digital traces that humans could not perceive. Likewise, the
ability to analyze masses of data (at population level) enables
researchers to gain an understanding of personality in ecologically
valid settings. It could also enable them to predict personality from
individuals’ behavior (i.e., patterns of behavior recorded without a
person thinking or actively trying to control how they may appear,
such as their Global Positioning System (GPS) movement patterns,
or smartphone usage data). This may help to overcome some of the
measurement issues relating to self-reports where estimates of
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behavior have often failed to map to real life (e.g., Andrews et al.,
2015; Davidson et al., 2021; Parry et al., 2021). In the following
section, we explore these properties further by discussing key
methodological differences between human perception studies in
psychology and machine learning studies in computer science.

Computer-Based Personality Prediction

Individuals® constant use of the internet, digital devices, and the
internet of things has led to a surge in research using computer-based
prediction (i.e., machine learning) to predict personality using digital
data. Computer-based personality research has become so popular
that numerous computer science conferences have dedicated annual
competitions and workshops that seek to experiment with different
data sets and improve algorithms’ predictive performance (e.g., the
myPersonality data set' and the Plagiarism Analysis, Author
Identification, and Near-Duplicate Detection at the Conference and
Labs of the Evaluation Forum). Together, this work has demonstrated
that a wide variety of data can be used effectively including metadata
(e.g., number of friends, photos, tweets, Bachrach et al., 2012;
Ngatirin et al., 2016; Skowron et al., 2016; network data, Chapsky,
2011; de Oliveira et al., 2011; smartphone logs, Chittaranjan et al.,
2011, 2013; Kambham et al., 2018; Yakoub et al., 2015; and
language, Nowson et al., 2007; Park et al., 2015; Schwartz et al.,
2013; Shen et al., 2013). Computational approaches have also started
to explore whether facets (specific aspects of each trait) and nuances
(item-specific aspects of traits below facets, Mottus et al., 2017; can
be predicted using digital data). For example, Stachl, Au, Schoedel,
Gosling, et al. (2020) predicted facets using behavioral data from
smartphones (e.g., music consumption, app usage, mobility), and
Hall and Matz (2020) found that nuance-based approaches were
better at predicting personality than trait-based approaches.

The process of computer-based personality prediction usually
involves training an algorithm to predict individuals’ personalities
based on a set of cues or variables (known as “features” in machine
learning) and their self-reported personality surveys. Typically, the
cues are partitioned into a “training” set and a “testing” set. The
algorithm learns to predict personality from the training set, and its
performance is evaluated using the testing set (known as “cross
validation”)—see Bleidorn and Hopwood (2019), and Stachl,
Pargent, et al. (2020) for detailed overviews on this process.
Computer-based personality prediction readily applies to many of the
theoretical concepts outlined previously, in terms of how algorithms
work, and with respect to the types of cues/data they can process. For
instance, algorithms can be programmed to predict personality
from digital data in the form of identity claims and behavioral residue
(e.g., photos, status updates, and number of likes, groups, etc.,
respectively). Algorithms can analyze both types of digital traces at
mass scale, to fine granularities, and in aggregate. That is, sample
sizes can comprise thousands or millions of features, digital traces can
be measured in minute quantities (e.g., nanoseconds or milliseconds),
features can be combined to discover patterns that may not be visible
when analyzed independently, and data from one platform (e.g.,
Facebook) can be used to train an algorithm to predict personality
from another platform (e.g., Instagram), a process known as cross
media learning (e.g., Peng et al., 2017).

These capabilities provide researchers with opportunities to test
psychological theories with cues that humans could not mentally
process or even comprehend when making personality predictions.

This is particularly true for behavioral residue, because such cues
represent actions that a target makes (e.g., clicks), or objective
information about their identity (e.g., number of friends) rather than
how a target appears or presents themselves online. The ability to
harvest and analyze behavioral residue also enables researchers to
pair personality measures with behavior (or data gained from
participants’ behavior “in the wild”’), a methodology that is typically
underrepresented yet repeatedly called for in personality research
(Dolinski, 2018; Funder, 1995; Hinds & Joinson, 2019).

Computer scientists tend to focus on optimizing the performance of
algorithms, typically through meticulous rounds of data cleaning,
processing, and testing. This process of refining and optimizing an
algorithm’s performance has some conceptual similarities with
Funder’s RAM as they must be able to utilize information that is
relevant, available, and detectable. To optimize cue utilization,
relevant cues must be detected, and irrelevant cues must be removed
(a process known as “feature selection”). Then redundant cues are
combined (“dimension reduction”), and each cue is weighted to
improve its use in the following prediction (Park et al., 2015).
Likewise, the concepts of cue validity and cue utilization in
Brunswik’s lens model also apply to computer prediction in a similar
way (i.e., digital traces must validly represent the target’s personality,
and the algorithm must be able to utilize them effectively).
Nonetheless, in contrast to human perception, the features used
are predetermined by the researchers when they design the study.”
This means that researchers can experiment with different features
(or combinations of features) without any preconceptions of how
they may link to personality (i.e., their validity). Algorithms can work
“bottom-up” meaning they can potentially discover unusual or
unanticipated patterns in the data—but the extent that these cues are
utilized when doing so are determined by the researchers.

The process of optimizing an algorithm’s performance is
markedly different to the way that human perception studies tend
to be designed and conducted, as psychologists do not tend to train
observers or incentivize them to perform good judgments. Instead,
observers are asked to formulate a judgment based on visible cues
to ascertain whether observers’ ratings converge with targets’
self-reports. Moreover, psychologists tend to be concerned with
explaining the relationship between digital data and personality,
usually through the lens of a theoretical framework (such a Funder’s
RAM or Brunswick’s lens model), whereas computer scientists are
predominantly focused on data-driven predictions of personality
(Hinds & Joinson, 2019; Yarkoni & Westfall, 2017).

! myPersonality was a Facebook application created by David Stillwell and
Michal Kosinski in 2007. It provided users with personality profiles after they
completed a questionnaire and collected their Facebook data including likes,
status updates, demographic information, etc. Over 5 years, the data set grew to
comprise data from over 6 million users and many workshops and reports have
published findings relating to what traits and other demographic attributes
could be inferred from Facebook data, see: https:/mypersonality.org.

% In human perception studies, researchers may predetermine the cues/
features to some extent, that is, they may provide observers with specific cues
to base judgments on (e.g., email addresses, profile pictures, likes, rather than
whole social media profiles). Subsequent Brunswik lens analyses of elements
comprising those cues may be performed to ascertain which elements are
valid and utilized (e.g., number of underscores, or.com in email addresses
Back et al., 2008). Yet, unlike computer prediction studies, such information
is not fed back into the process of training observers or used to improve
observer ratings.
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Although the perspectives, motivations, and methodologies across
both disciplines are vastly different, neither are perfect, and the
strengths of one have the potential to improve the weaknesses of
the other. For example, computational approaches could further
understanding of the relationship between different types of data and
personality by integrating psychological theories into the process
of experimenting with and testing out different types of data.
Psychological approaches could utilize insights gained from data-
driven methods to improve how observers use digital cues and to
inform how personality is conceptualized and assessed. As a first step
toward building a bridge across these two disciplines, we therefore
seek to evaluate how effective current approaches are. We adopt the
stance that different methods have the potential to access different
kinds of valid information about personality (e.g., automated analyses
of a person’s smartphone Bluetooth usage may offer different insights
to an observer perusing an Instagram profile) and assume that
no method is more valid than any other a priori. By assessing the
convergent validity of human perception and computer prediction
with target reports, we compare the effectiveness of both approaches
and explore the relative value of different types of data. Specifically,
we seek to answer the following: (a) Convergent validity—how
much do personality assessments based on digital data converge with
self-reports? (b) Identifiability—do personality traits differ in their
identifiability (both between the different Big Five traits, and across
human- and computer-based methods), and (c) Predictability—are
certain types of data (i.e., cues) more indicative of personality than
others?

In investigating these questions, we reflect on how different types
of digital data and methodological approaches could inform new
interdisciplinary perspectives. As such, we outline key directions for
future research and consider the broader implications of personality
assessments for individuals, organizations, and society. We argue
that such insights will be critical to progressing scientific work over
the coming years, particularly as our interactions with technology,
digital data, and each other become increasingly intertwined.

The Present Study

Our review constitutes a unique “hybrid” systematic review and
meta-analytic approach, whereby a series of meta-analyses (of both
human perception and computer-based personality prediction) are
presented alongside a narrative review of existing methodologies, and
findings. We adopted this methodology so that we could exhaustively
synthesize the diverse approaches across both disciplines and retain
research that may otherwise be excluded through the constraints
imposed in meta-analytic investigations. For instance, many
computer prediction studies do not report effect sizes, or statistics
that are convertible to effect sizes. Instead, studies often focus on
reporting error rates (e.g., mean absolute error, root-mean-square
error) or other metrics related to the performance of algorithms (e.g.,
accuracy, f-score). Such studies would need to be excluded from a
meta-analysis despite meeting the broader inclusion criteria. Thus,
only reporting meta-analytic analyses would bias our evidence base in
favor of effect size reporting, meaning we would lose the many
valuable insights, trends, methodologies, and findings presented in
the other reports. This was also inspired by Slavin’s work on “best
evidence synthesis”, that argues that the “best evidence” may arise
outside of reported effect sizes, and that they should be included in the
review as an adjunct to the literature meeting the inclusion criteria.

Similar recommendations have also been proposed by Jackson and
Waters (2005) and M. Campbell et al. (2020).

Moreover, although there are several related reviews on personality
perception/prediction, existing work tends to be discipline specific
(i.e., it focuses on machine learning or human perception only, e.g.,
Connelly & Ones, 2010; Tskhay & Rule, 2014), adopts a narrower
focus on digital data, for instance, by focusing on social media data
only (e.g., Azucar et al., 2018; Marengo & Montag, 2020) and
dedicates little attention to theoretical insight. As such, our research is
novel in that it removes discipline-specific boundaries, it meta-
analyses effect sizes and reviews the current state-of-the-art across all
types of digital data, platforms, and devices. Accompanying our
narrative discussion of approaches, methodologies, and findings,
we present a taxonomy of digital data used to predict personality in
computer prediction studies (see Table 1). The taxonomy shows
example references from our data set, encompassing reports that were
included in the meta-analysis, as well as those omitted due to their
metric reporting. This approach offers a comprehensive overview of
the research landscape, capturing detail from all studies that predicted
personality using digital data. Further, our Supplemental Materials
present descriptive statistics of the data collected and synthesized, and
all data relating to the human and computer prediction studies
extracted from our searches (see Supplemental Files 1, 2, and 3,
respectively).

Method

To synthesize existing evidence on human- and computer-based
personality predictions, we performed an extensive literature search
that informed the two separate studies. Study 1 reports five meta-
analytic investigations for human perception, and Study 2 reports a
multilevel meta-analysis for computer-based personality prediction.
Across both studies, our extraction of data and subsequent discussion
followed the Preferred Reporting of Items for Systematic Reviews
and Meta-Analysis guidelines (Page et al., 2021) and the APA
Meta-Analysis Reporting Standards (American Psychological
Association, 2010). Further, to capture data in accordance with
the different aims, methodologies, and reporting conventions
across both studies, we created separate inclusion/exclusion
criteria for human perception and computer-based prediction.
Details on the meta-analytic approaches, search procedure, coding
of study variables, and inclusion/exclusion are described below.

Meta-Analytic Approaches

We selected Pearson’s r as our effect size metric because it is the
most comparable measure of convergent validity used across both
human- and computer-based prediction studies. In human percep-
tion studies, self-other agreement is typically measured by
calculating the correlation between observer and target personality
scores. A positive value indicates a direct relationship—meaning as
one score increases, the other also increases—while a negative value
suggests an inverse relationship. For computer-based predictions,
studies report a variety of statistics relating to an algorithm’s
performance (e.g., root-mean-square error, accuracy, precision,
recall) as well as (or instead of) correlations between an algorithm’s
score and target’s personality score. In this context, the algorithm
assumes the role of the “other” in self-other agreement between
computer prediction and a target’s personality rating. Akin to self-
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other agreement in human perception, a positive correlation suggests
that the algorithm’s predictions align closely with the target’s scores,
and a negative correlation implies divergence. Given that many of the
statistics reported in machine learning studies can be converted to
correlations, Pearson’s r therefore seemed the most appropriate effect
size to use in our meta-analyses. For a detailed explanation of
converting these metrics to correlations, refer to Study 2: Calculation
of Effect Sizes—Computer Prediction.

In Study 1, we performed five Schmidt—Hunter meta-analyses (one
for each trait; Schmidt & Hunter, 2015), and in Study 2, we adopted a
multilevel meta-analytic approach. Each of these approaches were
best suited to the corresponding data; the Schmidt and Hunter (2015)
procedure accounts for the effects of study artifacts (e.g., sampling
error, measurement error), enabling analyses to reflect the correlations
more effectively among constructs. Alternatively, a large amount of
the data in the computer prediction studies were nonindependent
(due to researchers reanalyzing the same data sets across many of
the studies), thus a multilevel approach enables better handling
of the data. Further detail on these approaches and the associated
decisions underlying them can be found in the respective sections on
Calculating Effect Sizes, and Multilevel Meta-Analysis.

Literature Search Procedure

To capture the breadth of work in this area, our search included
journal articles, conference articles, and grey literature (including
unpublished dissertations, and theses). To identify relevant reports,
we used five systematic search strategies. First, we performed
searches in the Web of Science, the Institute of Electrical and
Electronics Engineers (IEEE), and the Association of Computing
Machinery (ACM) online libraries for all relevant reports by
searching for personality and topic-related terms. Because this area
of research has proliferated across multiple disciplines and subtopics
(each with different styles and reporting conventions), we used a
broad variety of search terms in attempting to locate reports. Our
search terms were applied to each database as follows: Web of
Science—search by topic (predict or identify or detect™ or Facebook
or Twitter’ or Instagram or YouTube) and (person™ or individual
difference) and (digital or internet or online or computer-mediated)
and (social® or big 5 or dark triad or priva® or web™® or mobile™ or sms
or shop™ or date or dating or query or language or achievement or
affiliation or self-esteem or intelligen® or intelligence quotient
or leader™ or self-affirm™* or influen™ or big data or extraversion or
neuroticism or openness or conscientiousness or agreeableness
or narcissis®* or pychopath® or sociopath® or decept® or deceiv™);
IEEE—predict™ personality (search with all metadata); ACM—
search where title matches all “predict personality”” and where abstract
matches all “predict personality.”

Across each of the databases, we searched for reports published up
until the start of January 2022 (i.e., our search had a cut-off date of
January 5, 2022). The breadth of this search strategy generated 33,193
reports in total (Web of Science = 22,594, IEEE = 538, and ACM =
10,061). The Web of Science search generated a substantial number
of reports that were extraneous to our criteria, that is, they were
situated in different fields (e.g., physics, engineering), or were
exploring subject matter that was obviously redundant (e.g.,
psychiatry). Such reports were excluded from our search by filtering
out reports according to category (i.e., all fields/subject categories that
were off topic) and were removed. This procedure reduced the set of

reports extracted from Web of Science to 13,599. Next, reports
obtained via all three database searches were assessed for potential
eligibility by screening their titles and abstracts. Figure 1 displays a
flowchart with a detailed breakdown of the number of reports
included/excluded at each stage of the systematic search process.

Second, from the 403 set of reports retrieved, we closely
scrutinized abstracts and detailed information in their methods,
procedures, etc. to determine eligibility. Third, from the set of reports
that met our inclusion criteria (detailed in the corresponding sections
below), we examined the references for relevant reports and retrieved
and screened all further reports that also met these criteria. This step
was performed iteratively on each report added to the set until no
further reports were retrieved. In other words, we inspected the
references of each relevant report (to retrieve further reports) and
stopped when no further reports met our criteria. Additionally, we
applied this procedure to all relevant references reported in prior
meta-analyses and reviews (Azucar et al., 2018; Connelly & Ones,
2010; Kedar & Bormane, 2015; Marengo & Montag, 2020; Settanni
etal., 2018; Tskhay & Rule, 2014; Vinciarelli & Mohammadi, 2014).

Fourth, we hand searched Google Scholar pages, ResearchGate
profiles, and academic/personal websites of experts in the area, as
well as all first authors from the set of reports retrieved. Finally, we
contacted all corresponding authors from the reports in our set and
inquired if they had any unpublished data or reports that we had not
yet located. For all additional reports retrieved, we iteratively
examined their references until no further reports were identified
(as per Step 3).

This procedure yielded 237 reports and 341 studies that met our
inclusion criteria. These reports were subsequently partitioned into
human perception (N = 28 reports, k, = 34 studies) and computer
prediction (N = 211 reports, k; = 307 studies). All these studies
formed the basis for our discussion of theoretical applications,
methodologies, and future directions (see the General Discussion).
Then, effect sizes were extracted (and transformed where necessary)
for inclusion in the meta-analyses. This process resulted in a total of
30 effect sizes that were included in the human perception studies
and 534 effect sizes from 42 studies of computer-based personality
prediction.

Coding of Study Variables

We developed a comprehensive codebook for recording study
characteristics, effect sizes, and statistics. Specifically, this included:
reference information (title, authors, publication year), sample sizes
(number of observers/targets in human perception, and number
of targets in computer-based prediction), platform/device (e.g.
Facebook, X, YouTube, smartphone), type of digital footprint studied
(e.g. status updates, number of friends, number of photos uploaded),
type of personality questionnaire used (including name and number
of questions), effect size (e.g., Pearson’s r, Kendall’s ~, R2), and
statistical information relating to the predictive performance of

* The term “Twitter” was included in our search because the social media
site. now known as “X” changed name in 2023 after the search was
performed. As such, all reports retrieved from our searches referred to the
platform as Twitter. That said, throughout this article, we use the term “X”
when discussing the platform to align with current conventions at the time of
writing.
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Figure 1
PRISMA Flowchart Summarizing Database Search and Report Screening

Records identified through database searching
(N=33,193)
Web of Science (N = 22,594)
IEEE (N = 538)
ACM (N=10,061)

!

Records after duplicates and redundant/off-
topic reports removed
(N =15.643)

!

Records screened

Records excluded based on

(N=15,643)

Full-text reports assessed

review of title/abstract
(N =15,240)

Additional reports identified

for eligibility
(N =403)

Y.

through other sources
(N=215)

Full-text reports excluded

Total reports that met inclusion criteria (N = 237)
Total studies that met inclusion criteria (k; = 341)
Human perception reports (N= 28)
Human perception studies (k = 34)
Computer prediction reports (N =211)
Computer prediction studies (k; = 307)

(N=1381)

Reasons for exclusion:
- 78 reports did not predict
the Big Five traits

- 300 reports did not infer
personality from digital
sources using either

/\

human perception or

computer-based prediction

Studies included in the
human perception meta-
analysis
(ks =30)

Studies included in the
computer prediction meta-
analysis
(ks = 42)

Note. PRISMA = Preferred Reporting of Items for Systematic Reviews and Meta-Analysis; IEEE = Institute of
Electrical and Electronics Engineers; ACM = Association for Computing Machinery.

computer algorithms (e.g., Mean Absolute Error, Root-Mean-Square
Error, Precision, Recall, F-Score, Area Under the ROC Curve).
We also coded several variables that were specific to either human
perception or computer-based studies. For human perception studies,
this included the type of questionnaire and number of questions
completed by observers. For computer prediction studies, this
included the type of machine learning algorithm used for prediction
(e.g., Support Vector Machines, Random Forests, Neural Networks).
All studies were coded by the first author (a researcher experienced in
systematic reviews and interested in personality and meta-analysis)
and 50% of randomly selected studies were second coded by a second
coder (a research assistant with experience in systematic reviews and
meta-analysis) to assess reliability of study coding. Cohen’s k was
used to assess interrater agreement, and demonstrated high levels
of consensus, k = 0.97 (95%CI [.94, 1.00]). All discrepancies that
occurred in data extraction were resolved through discussion. An

overview of all studies coded are provided in Supplemental Files 2
and 3. Descriptive statistics providing an overview of the studies
analyses are provided in Appendix B (Supplemental File 1).

Inclusion and Exclusion Criteria
Study 1: Human Perception

Our inclusion criteria for the human perception reports included:
(a) studies had to examine personality perception where observers
formed judgments by viewing some form of digital footprint
(e.g., Facebook profile, tweets, username); (b) studies had to report
findings from at least two samples, that included observers and
targets. The digital footprint had to be created/produced by the target
and the target had to have completed a self-report questionnaire
estimating at least one personality factor. Similarly, the observers


https://doi.org/10.1037/bul0000430.supp
https://doi.org/10.1037/bul0000430.supp
https://doi.org/10.1037/bul0000430.supp
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had to have also completed a personality assessment (either the same
or an alternative version) in order to rate the target’s personality.
Observer questionnaires could be completed by zero-acquaintances
or informants; (c) studies had to have reported a measure of
agreement about targets’ personalities, in the form of self-other
agreement (typically referred to as accuracy). In most cases, this
statistic was denoted by Pearson’s r, that represented the aggregate
ratings between observers and targets.

Study 2: Computer-Based Prediction

Our inclusion criteria for the computer-based reports included: (a)
studies had to include an examination of personality prediction/
detection, where machine learning algorithms were trained to detect
personality traits from a set of training data. The training data had to
be derived from some form of digital footprint; (b) studies had to
report findings where the algorithm was trained on data (derived
from a target’s digital footprints); (c) studies had to report a measure
of the algorithm’s performance. These criteria were used to select
studies that were included in the overall broader review, however,
for inclusion in the meta-analysis, we included one additional
criterion: (d) studies had to report findings where an algorithm’s
performance was correlated with targets’ self-reported personality
scores (or where a measure of the algorithm’s performance could be
converted to Pearson’s 7).

Similar to human perception, we sought out assessments of
convergent validity in the form of Pearson’s r correlations between the
algorithm’s personality prediction and targets’ personality score.
Although psychologists tend to focus on analysis/reporting effect size,
computer scientists usually focus on evaluating an algorithm’s
performance by measuring error rather than convergent validity (i.e.,
root-mean-square error, mean absolute error, F1 score, precision,
recall, and so forth). Often such metrics cannot be converted to effect
sizes, or the detail required to do so is not reported. Thus, the inclusion
of the additional criterion (d) was vital to ensure that insights could be
gained from all studies, irrespective of their inclusion in the meta-
analysis. In turn, encompassing statistical analyses and a narrative
synthesis of existing evidence enables a richer dialogue that considers
key trends, findings, and future directions. As such, insights obtained
from studies reporting effect sizes and other performance metrics
are presented in our taxonomy (see Table 1) and in the General
Discussion.

Calculation of Effect Sizes
Study 1: Human Perception

In total, there were 24 reports that met our inclusion criteria.
Within this set, 30 separate studies reported effect sizes across all of
the Big Five personality traits (or a subset thereof). Specifically, the
breakdown for the number of studies across each trait included: k;, =
29 (Openness); k; = 29 (Conscientiousness); k; = 30 (Extraversion);
ks = 29 (Agreeableness); k, = 28 (Neuroticism). Although there
was variance across reports in terms of the methods, measures, and
reporting of statistics, most studies (k, = 33) reported self-other
agreement (i.e., effect sizes) as Pearson’s r correlations. One study
reported self-other agreement as a Kendall’s W correlation that was
converted to Pearson’s r using Gilpin (1993).

Five meta-analyses were performed (one for each trait) using
the Schmidt—Hunter approach (Schmidt & Hunter, 2015), that
offers numerous advantages over other meta-analytic processes for
this type of research and is commonly used in meta-analyses in
industrial-organizational psychology. The Schmidt-Hunter proce-
dure accounts for the effects of study artifacts (e.g., sampling error,
measurement error) that introduce variability across correlations that
are not attributable to true variability in population correlations.
Therefore, by correcting these statistical artifacts, Schmidt—Hunter
meta-analyses can more accurately reflect the correlations among
constructs. We performed a random effects meta-analysis using
Schmidt and Hunter’s (2015) psychometric approach. Random
effects models (in contrast to fixed-effects models) do not assume
that all studies are from an identical population, or that subjects were
tested under similar conditions (Schmidt et al., 2009). Thus, random
effects models account for study heterogeneity and more accurately
estimate confidence intervals (Cls) around point estimates that helps
to avoid Type I errors when identifying moderators (Hunter &
Schmidt, 2000; Schmidt et al., 2009).

To perform the analyses, we used individual correction methods
to correct for artifacts (where each correlation is corrected
individually, then the meta-analysis is performed on the corrected
correlations). In making adjustments for measurement error, we
primarily needed to account for the different methodological and
reporting approaches employed to ensure that effect sizes were
standardized—this process is outlined as follows. First, across the
set of studies, the number of observers and targets recruited varied
substantially, that is, the number of observers included ranged from
three to 17,662, and the number of targets ranged from 25 to 17,662.
As such, studies employed a variety of approaches to formulate
observer ratings when assessing self-other agreement. These
included: (a) creating groups of observers that rated a subset of
the target pool (k; = 8; e.g., see, Back et al., 2008; Hickman et al.,
2019, Sample 2), (b) instructing each observer to rate one target,
such that one observer rated one target (k; = 4; e.g., see, Darbyshire
etal.,2016; Park et al., 2015), and (c) instructing all observers to rate
all targets (k, = 20; e.g., see, Gosling et al., 2007; Kluemper et al.,
2012; Qiu et al., 2012). Similarly, studies also varied in their
calculations of self-other agreement, with some reports presenting a
measure of a single observer’s rating correlated with targets’ self-
reports (e.g., Darbyshire et al., 2016; Gosling et al., 2007) and others
reporting aggregated multiple observer ratings with targets’ self-
reports (Hall et al., 2014; Hickman et al., 2019; Stopfer et al.,
2014)*. In these instances, the number of observers rating each target
varied considerably across the studies, for example, in Back et al.
(2008) groups of 24-26 observers rated subsets of targets (i.e., there
were 599 targets in total, and each observer rated 150 targets)
whereas in Hickman et al. (2019), three observers rated all 177
targets.

Typically, interrater reliabilities for observer reports are relatively
low, especially when observers are unacquainted with the targets
(e.g., Connelly & Chang, 2016; Norman & Goldberg, 1966).
Aggregating the ratings of multiple observers can therefore have a
substantial impact on self-other agreement, because they generate
higher interrater reliabilities, that in turn increases the self-other

4 Some studies also reported both single and aggregate observer-self
ratings. In these cases, the effect size reported from a single observer was
included in the meta-analysis.
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correlation. For instance, in Back et al.’s (2010) study, self-other
agreement for Openness was r = 0.24 for a single observer, but r =
0.41 when 9 or 10 observer ratings were aggregated.

From a meta-analytic perspective, the heterogeneity in the
number of observers used in each study is problematic because
studies that only report effect sizes from large numbers of
aggregated observers will therefore increase the overall effect
size that could cause issues with subsequent moderator analyses. To
address this, we made several adjustments to the effect sizes, so that
the number of observers were held constant across each study. First,
for studies that only reported aggregated observer ratings, we
estimated the effect size that would have resulted from a single
observer by disattenuating the correlations based on a multiother
composite for interrater unreliability for k observers (Connelly &
Ones, 2010) along with the internal reliabilities (if reported) or test—
retest reliabilities (imputed from the corresponding personality scale
used, when internal reliabilities were not reported) for target reports.
Where studies reported other-rater interrater reliability (i.e.,
consensus in the form of intraclass correlations [ICC]), we used
the ICC to estimate the effect size for a single-other pair. Some
studies reported ICC at the level of a single rater [i.e., ICC(2, 1)],
thus in these instances, the ICC was used to estimate the correlation
of a single-other pair accordingly. For studies that only reported ICC
from multiple observers [i.e., ICC(2, k)], we used the Spearman—
Brown formula to estimate the interrater reliability of k raters. These
results were then used to estimate the single-rater correlations across
the corresponding multiother composites.

In some instances, the studies included did not report enough
information to perform these calculations. We therefore adopted
several approaches, outlined as follows. First, for studies that did not
report ICCs, we selected interrater reliability values from another
study that most closely matched the effect size on the Big Five trait
measured, the number of observers, and the type of data used (similar
to Connelly & Ones, 2010 approach in Study 2). Second, some
studies did not disclose whether self-other agreement was aggregated
or reported at the level of a single observer. In these circumstances,
we adopted a conservative approach and assumed self-other
agreement was aggregated. Then, we followed the above process
for disattenuating the correlations with ICCs. Third, some studies
reported self-other agreement that was calculated by merging
multiple scales (e.g., Back et al., 2010; Park et al., 2015). Here,
we also adopted a conservative approach and disattenuated the
correlations using the lowest corresponding reliability. Fourth, where
groups of observers were used to rate subsets of targets and the size of
the observer groups varied in size (i.e., Hickman et al., 2022, Study 2
used groups that comprised four—seven observers, and no further
detail was reported), we disattenuated the correlations based on the
overall average group size.

There was no range restriction across the set of studies, so no
corrections were made in this respect. Further, effect sizes were
included in the meta-analysis as Pearson’s r correlations and were
not transformed to Fisher’s z scores (as recommended by some
meta-analytic procedures e.g., Borenstein et al., 2009). Schmidt and
Hunter (2015) recommend meta-analyzing untransformed correla-
tions because Fisher’s z transformation yields an upward bias when
estimating the mean correlation that is typically higher than the bias
resulting from untransformed correlations. The meta-analyses were
conducted in R (Version 4.2.1) using the psychmeta package
(Dahlke & Wiernik, 2019).

Sensitivity Analyses and Publication Bias

We performed two types of sensitivity analyses to explore the
effect of outliers on effect sizes estimates that included winsorizing
large and small sample sizes, and a sensitivity analysis where an
outlier was removed. Most studies within our set ranged in sample
size, from approximately 25 to a few hundred. However, two studies
had substantially larger sample sizes, specifically Graham and
Gosling (2012, n = 1,357) and Youyou et al. (2015, n = 17,662). In
the meta-analysis, studies with larger sample sizes are given more
weight than the other studies in the meta-analysis, meaning they can
have a greater influence on the overall findings. We therefore created
a 90% winsorized data set, where sample sizes below and above the
5th and 95th percentiles were transformed to the value at the Sth and
95th percentile, respectively (Aguinis et al., 2013; Lipsey & Wilson,
2001). Here, sample sizes of 25 and 30 were winsorized to 40, while
1,357, and 17,662 were winsorized to 1,112.

Moreover, the study by Youyou et al. (2015) was also the only one
within the set where the observers were friends with the targets, rather
than zero-acquaintances. As such, observers would have had access
to a much broader variety of cues to formulate their judgments. They
would have observed their friend’s Facebook profile over time and
in a more ecologically valid setting, as opposed to a snapshot of a
target’s profile in a laboratory setting, and they would have had access
to a variety of cues from their offline interactions with them. These
differences in study design may also have a substantial impact on
effect size estimates. Thus, we conducted a sensitivity analysis, where
the Youyou et al. (2015) study was removed.

Overall, we reported three sets of meta-analytic results for each
trait, one that included all studies, a second that comprised the
winsorized data set, and a third reporting mean estimates with the
Youyou etal.’s (2015) study removed. Table 1 displays the findings.

We took multiple steps to address publication bias. First, as
outlined in our literature search, we conducted a broad search that
encompassed published, unpublished, and grey literature. We also
contacted all authors that had published reports appearing in our
search, as well as others in the field for unpublished reports and data.
We also examined funnel plot asymmetry and conducted a cumulative
meta-analysis. These analyses were performed using the psychmeta
package in R (Dahlke & Wiernik, 2019).

Study 2: Computer Prediction

In total, there were 38 reports comprising 42 separate studies that
met our inclusion criteria for the meta-analysis. These studies
reported a total of 534 effect sizes. Similar to our approach for
human perception, we extracted an effect size (i.e., Pearson’s r
correlations) for each study for inclusion in the meta-analysis.
However, in contrast to the human perception studies, the computer
prediction studies report much more varied statistics and metrics.
Therefore, in order to convert relevant statistics to correlations, we
applied a number of transformations outlined as follows:

e Area under the receiver operating characteristic curve:
Studies reporting area under curve were first converted to
Cohen’s d using the method described by Ruscio (2008),
and then converted to Pearson’s r using Rosenthal (1994).
This was applicable for four studies (k; = 4), with a total of
47 effect sizes (ks = 47).
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 Coefficient of determination (or R?): Studies reporting
results as R> were converted to correlations by taking the
square root. This conversion was applied to four studies
(ks = 4) comprising a total of 55 effect sizes (kes = 55).

* Diagnostic test indicators: Odds ratios were computed
from studies that reported specificity (true negative rate)
sensitivity (i.e., recall or true positive rate), precision (i.e.,
positive predicted values), and negative predicted values, or
when sufficient information was provided to compute these
statistics (Glas et al., 2003). Odds ratios were then converted
to Cohen’s d effect sizes (Borenstein et al., 2009), that were
subsequently converted into correlations (Rosenthal, 1994).
This process was applied to three studies (k; = 3) comprising
a total of 15 effect sizes (kos = 15).

e Spearman’s rho correlations were converted to Pearson’s
correlation in accordance with Gilpin (1993; k; = 1 study,
kos = 5 effect sizes).

After performing the aforementioned transformations, we cor-
rected artifactual variance across the effect sizes. Wiernik and Dahlke
(2020) and Zhang (2022) found that meta-analyses rarely perform
corrections (outside of industrial-organizational psychology), and
those that do often report vague or limited detail. Moreover, artifacts
can bias meta-analytic results and lead to inaccurate conclusions
(Schmidt & Hunter, 2015; Wiernik & Dahlke, 2020). We therefore
corrected all effect sizes for measurement error and sampling error
artifacts. For measurement error, we used the test—retest reliabilities
for the survey scales completed by the targets to calculate a corrected
correlation. Since no reliabilities were available for computer
predictions, we adopted a conservative approach and only corrected
one variable (rather than both), in accordance with Harrer et al. (2021)
and Schmidt and Hunter (2015)—a similar approach was adopted by
Youyou et al. (2015) when comparing human perceptions and
computer predictions. Sampling error was computed by calculating
and correcting the standard error (SE) for each study following
guidelines provided by Harrer et al. (2021). Effect sizes were also not
transformed to Fisher’s z scores in accordance with Schmidt and
Hunter (2015) recommendations.

Preliminary Analyses and Data Preparation. The computer
prediction reports varied substantially in their methods, experi-
ments, and reporting of data. For instance, machine learning
approaches often involve experimenting with different combina-
tions of data and testing the performance of different types of
algorithms in order to establish an optimal approach. Alternatively,
some studies may test multiple approaches but only report the
performance of a single algorithm and/or data type. Further, the
accessibility of large data sets has led to repeated examination of
publicly available data sets, where experiments are performed on a
data set (or subset of that data) and are disseminated in different
reports, or where workshops/competitions challenge researchers to
compete for the best performing algorithm on a particular set of data
(e.g., the myPersonality data set, Kosinski et al., 2013, and the PAN-
AP-2015 data set, Rangel Pardo et al., 2015).

Traditional meta-analyses assume that effect sizes are indepen-
dent, however the accumulation of these varied approaches created
dependencies among the effect sizes. As such we conducted a
multilevel meta-analysis—this is outlined in more detail in the
Multilevel Meta-analysis section below. Nevertheless, the complex

structure of our data set meant that there were numerous ways that
data could be nested in the analysis. For example, where publicly
available data sets create dependencies, prior meta-analyses have
employed strategies to create single samples in the main analysis
such as including the effect size derived from the largest sample
(Chiang et al., 2022) or selecting the effect size derived from the best
performing computer model (Marengo & Montag, 2020) prior to
performing the multilevel analyses. For Chiang et al. (2022), such
adjustments enabled their main analysis to focus on a three-level
nested structure where individuals were nested within effect size,
that were then nested within studies. For Marengo and Montag
(2020), such adjustments enabled their main analysis to focus on a
four-level nested structure that modeled effect sizes (Level 1), same-
study effect sizes (Level 2), between-study variance (Level 3), and
variance related to data sets (Level 4).

Consultation of these approaches in tandem with the meta-
analytic literature indicated that there is no one-size-fits-all approach
for performing multilevel meta-analyses and that existing guidance/
simulation studies do not directly address the specifics of our data
set. For example, Cheung (2014) argued that complex data sets may
need four (or even more) levels, however (to our knowledge),
research has not yet tested their effectiveness over three-level
models. As such, we performed a preliminary four-level meta-
analysis (with effect sizes at Level 1, within-study variance at Level
2, variance related to data sets at Level 3, and variance between
studies at Level 4), however, the likelihood-ratio tests (LRTSs)
indicated that a four-level model was not better than a three-level
model. Consequently, we made several adjustments to the data in
order to perform a three-level meta-analysis. Following the
guidelines provided by Senn (2009), we applied a rigorous set of
criteria to identify overlapping samples from the meta-analysis. As
such, samples were considered to be overlapping if they: (a) reported
effect sizes that were based on overlapping sample subjects (i.e.,
subjects were part of the same overall data set), and (b) reported the
same (or overlapping) digital traces derived from the same overall
data set. For studies that aligned with these criteria, the study with
the largest sample size was selected for inclusion. Then, studies that
predicted personality using different types of data (again using the
next largest samples available) were included, such that each study
included predicted personality using different types of data. This
resulted in the inclusion of three studies that used the myPersonality
data set: Schwartz et al. (2013) predicted personality with language,
Quercia et al. (2012) used number of friends, and Laleh and
Shahram (2017) used likes. Consequently, 21 studies using the
myPersonality data set were excluded as they included digital traces
that overlapped with these studies. Further, two studies used the
PsychFlickr dataset, both of which analyzed the same sample size
(specifically, Cristani et al., 2013 and Guntuku et al., 2018). In this
instance, Guntuku et al. (2018) was selected for inclusion on the basis
that a wider variety of features were used to predict personality.
Finally, two studies used a data set outlined in Golbeck et al. (2011),
(specifically, Golbeck, 2016, and Golbeck et al.,, 2011). Here,
Golbeck et al. (2011) was selected for inclusion based on the larger
sample size and wider incorporation of features used to predict
personality. These adjustments resulted in a total of 534 effect sizes
(kos = 534) extracted from 42 studies (k, = 42) that were included in
the multilevel meta-analysis.

Multilevel Meta-Analysis. As outlined above, extraction of
effect sizes from the studies created many dependencies among the
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effect sizes. Dependencies can arise within studies when researchers
test different algorithms and compare their performance or test the
predictive validity of different features (or a combination of these
two approaches). They can also arise between studies if effect sizes
are derived from samples that share similarities in some way, for
instance, the same cultural group or geographical region, or if the
same research groups perform multiple studies. To handle such
dependencies, we employed a multilevel modeling approach to
perform the meta-analysis as it is purposely designed to model
dependent effect sizes (in contrast to other meta-analytic
approaches, that tend to assume independence among effect sizes,
Cheung, 2014; Van den Noortgate et al., 2015). Multilevel
approaches allow the inclusion of all available effect sizes, that
maximize statistical power and preserve all information (Assink &
Wibbelink, 2016). We also selected multilevel modeling over other
approaches that handle dependencies among effect sizes such as
robust variance estimation because we were interested in estimating
the variance both within and between studies. Research comparing
different methods for handling effect sizes has demonstrated that
multilevel modeling is the best approach to use when this is the
case—see Moeyaert et al. (2017). As such, the model comprised
three levels, where Level 1 modeled the sampling variance of the
effect sizes (i.e., the sampling attributable to individuals); Level 2
modeled the variance between effect sizes extracted from the same
study (i.e., the variance within studies); and Level 3 modeled the
variance between studies.

To perform the multilevel meta-analysis, we followed the guidelines
and adapted the code provided by Assink and Wibbelink (2016). The
multilevel meta-analysis was conducted in R (Version 4.2.1) with the
metafor package (Viechtbauer, 2010), using a multilevel random
effects model. The restricted maximum likelihood estimate was used
to fit model parameters and the Knapp and Hartung (2003) adjust-
ment was applied so that hypothesis tests were based on ¢ and F
distributions, rather than Z distributions, thus improving Type I error
(e.g., Assink & Wibbelink, 2016; Houben et al., 2015).

In order to ascertain the suitability of a three-level approach
compared to a two-level analysis, two LRT were performed by freely
estimating the variance at Level 3 and fixing the variance at Level 2 to
zero (such that within-study variance is not modeled), and by freely
estimating the variance at Level 2 and fixing the variance at Level 3 to
zero (such that between-study variance is not modeled—see Assink
& Wibbelink, 2016). The findings demonstrated that the fit of the
three-level model was significantly better than the two-level model.
Specifically, in the three-level model, the Akaike’s information
criteria (AIC) was —579.70, and the Bayesian information criteria
(BIC) was —566.86. In contrast, the reduced two-level model where
within-study variance = 0 showed an AIC of 183963.70, a BIC of
183972.26, and a LRT of 184545.40 (p < .0001). Additionally, the
reduced two-level model where between-study variance = 0 had an
AIC of 88.73, a BIC = 97.29, and an LRT = 670.43, (p < .001).
These findings confirm that there is significant variability within-
study variance (Level 2) as well as between-study variance (Level 3)
and that the three-level model is statistically a better fit than the two-
level model. In the Moderator Analyses section, we outline how
moderator analyses were performed in attempt to explain this
variance.

We assessed heterogeneity by examining the Q statistic and the
between- and within-study I°, We also examined the between- and
within-study estimates of ©> because /2, is influenced by the number

of studies and is not an absolute measure of heterogeneity
(Borenstein et al., 2017). All were calculated using the metaphor
package in R (Viechtbauer, 2010) by following the guidelines and
adapting the code by Assink and Wibbelink (2016).

Publication Bias. To assess publication bias, we inspected
funnel plot asymmetry and conducted an Egger’s regression test
(Egger et al., 1997). It is worth noting that conventional tests for
publication bias assume independence among effect sizes, meaning
that such tests can inflate Type 1 error rates. Several simulation
studies have evaluated various methods for examining publication
bias in multilevel meta-analysis and provide approaches for
addressing these issues (see Ferndndez-Castilla et al., 2021 and
Rodgers & Pustejovsky, 2021). As such, we followed the guidelines
of Fernidndez-Castilla et al. (2021) and adapted the Egger’s
regression to the structure of the multilevel meta-analysis. The
funnel plot displays the effect sizes plotted against the inverse of
standard errors (Egger et al., 1997; Sterne & Egger, 2001), where an
asymmetrical plot indicates that publication bias might be present.
The Egger’s regression test provides an estimate of the asymmetry
of the funnel plot. Again, all analyses were performed using the
metafor package in R (Viechtbauer, 2010).

Moderator Analyses. In traditional meta-analyses that inves-
tigate the Big Five personality traits, researchers typically perform
five separate meta-analyses (i.e., one for each trait). Conversely, the
design and structure of the present multilevel analysis involves
analyzing all five traits simultaneously, resulting in one overall
effect size estimate for the effectiveness of digital traces at
predicting personality. To examine the differences in convergent
validity across all five traits, moderator analyses can be performed,
where each trait is treated as a categorical moderator and effect sizes
are grouped by each trait as a fixed effect in the multilevel model.
Pairwise contrasts are then conducted to test for differences between
across each of the traits.

We also extracted information from each study relating to
moderators that may influence any heterogeneity among the effect
sizes. These included a series of categorical moderators relating to
data type, platform, type of publication, machine learning methods
used, and a continuous moderator relating to publication year. These
analyses were only conducted when at least five effect sizes were
available for each category of the categorical moderators (publica-
tion year was the only continuous moderator examined that applied
to all studies/effect sizes).

Data type moderators were coded into five categories including
language, picture, metadata, likes, and multiple data. Both the
language and picture categories included varied types of data that
comprised language or pictures in some form or another. For
example, pictures can be analyzed in various ways by extracting
different features and training a computer model using them. Those
features may include colors, content of the pictures, depth of field,
etc. Because machine learning enables analysis of such fine-grained
detail and features, it would not be possible to include each of these
features separately in a meta-analysis, as it is rare that two studies
would use the same combination of features so that they could be
compared. Thus, these broad categories were used to encompass
features that related to such overarching categories. The metadata
category encompassed studies that used any form of metadata to
predict personality, for instance, number of likes, number of
updates, number of friends, etc. The likes category included studies
that analyzed the different types of likes that could be used to predict



PREDICTING PERSONALITY FROM DIGITAL DATA 739

personality, and the multiple data type included studies that used
combinations of data that could otherwise be classified under
multiple categories, for instance, using likes, status updates, and
number of friends to predict personality.

Platform moderators represented the different types of platforms
(i.e., different types of social media, devices, or applications) that
digital traces were extracted from to predict personality. They were
coded into twelve different categories that included Spotity, X,
Facebook, Flickr, Sina Weibo, XING, smartphones, a money
management application, personal computers, videos, online service
logs, and multiple platforms (i.e., where data traces extracted from
more than one platform were used to predict personality).

We also coded studies in accordance with their “publication type,”
that is, whether the study was published in a journal or as part of
conference proceedings.” Most of the journal-based studies in our set
were published in psychology journals, and most of the conference-
based studies were published in computer science conferences. Both
fields are highly disparate and have different criteria for what
constitutes publishable research, for instance, psychology is often
concerned with explaining psychological phenomena, whereas
computer science is typically concerned with data-driven predictions
(Hinds & Joinson, 2019; Yarkoni & Westfall, 2017). Examining the
different types of publication will therefore show whether publication
type has a moderating effect on personality prediction.

Moderators for the type of machine learning method used were
coded into three categories that covered the type of approach that
researchers used to validate the results of the computer models. The
different approaches include the holdout method (where the data are
randomly split into a larger training set and a smaller testing set,
upon which the models are trained and tested), k-fold validation
(where data are split into training/test sets but where the process is
repeated k times, analyses are performed on each fold and then
combined to form an overall estimate), and no cross validation
(where no steps were taken to validate the data—see Marengo &
Montag, 2020; Marengo & Settanni, 2019, for related work).
Finally, the year of publication was included as a continuous
moderator that was centered around the year of the earliest report
(published in 2011).

Moderator analyses were performed by conducting a series of
meta-regression analyses for multilevel modeling. To do this, we
first tested the potential moderating effect of multiple variables
separately in univariate models (i.e., univariate models for data type,
platform, type of publication, machine learning methods, and
publication year). However, given that variables can be interrelated
(that can lead to substantial multicollinearity, Hox et al., 2017), we
then tested multiple moderators in a single, multivariate model that
analyzed the significant moderators identified in the univariate
analyses simultaneously (following the guidelines by Assink &
Wibbelink, 2016; Hox et al., 2017). Significant omnibus F tests of
coefficients were used to determine differences among coefficients
in the model. These follow an F-distribution where degrees of
freedom are based on the number of coefficients tested (df}) and the
number of effect sizes minus the total number of coefficients in the
model including the intercept (df»), thus significant individual
regression coefficients indicate moderating effects (Assink &
Wibbelink, 2016; Viechtbauer, 2010). Finally, we calculated
95% prediction intervals for each moderator group. These provide
arange from which future true-effect sizes from randomly selected
populations can be expected to fall (IntHout et al., 2016). In contrast

to 95% confidence intervals (that provide insight into the precision
of the mean effect size estimation), prediction intervals provide
information on the heterogeneity in the overall distribution of true-
effect sizes.

Transparency and Openness

We adhered to the Preferred Reporting of Items for Systematic
Reviews and Meta-Analysis 2020 guidelines for systematic reviews
(Page et al., 2021). All meta-analytic data and analysis code are
available at https://osf.io/9cndh/. Data were analyzed using the R
packages psychmeta (Dahlke & Wiernik, 2019) and metafor
(Viechtbauer, 2010), Version 4.2.1. The review was not preregistered.

Results

Over the following sections, we organize our findings in line with
our main research questions. That is, we first analyze the main meta-
analytic findings in terms of convergent validity (Research Question
1) and explore differences in the identifiability of the Big Five
personality traits (Research Question 2). Then, we report our
moderator analyses following Schmidt and Hunter’s (2015) procedure
for the human perception studies, and following guidelines provided
by Assink and Wibbelink (2016) for the computer prediction studies.
These analyses enabled us to disentangle whether certain types of
digital data are more indicative of personality than others (i.e.,
predictability, Research Question 3). Moreover, in synthesizing the
diverse range of evidence that falls outside of effect sizes that can be
included in meta-analyses, we summarize study characteristics, data,
and findings in the Supplemental Materials, and Table 1 presents a
taxonomy of the diverse range of platforms and types of digital data
that have been studied to date.

Study 1: Human Perception
Primary Analyses

First, we performed meta-analyses on each personality trait.
These results are presented in Table 2. Overall, the mean observed
effect sizes were low-to-moderate, ranging from 7 = 0.29 (for
Conscientiousness) to 77 = 0.42 (for Openness). Yet, when corrected
for measurement error, they increased to p = 0.38 (for Neuroticism)

to p = 0.57 (for Openness). The confidence intervals were
overlapping for Openness and Extraversion (the traits with the
highest self-other agreement) and for Conscientiousness,

Agreeableness, and Neuroticism (the traits with the lowest self-
other agreement) and none included zero. Our analyses also
indicated substantial heterogeneity across all traits, as evidenced by
multiple measures displayed in Table 2. Although the credibility
intervals did not include zero (with the exception of the outlier
analysis for Agreeableness), they were generally quite broad. There
was some variability around the SDp values across all traits. The 12
values (that indicate the percentage of variability in effect sizes due
to heterogeneity rather than sampling error; Higgins & Thompson,
2002) were high across all traits (ranging from 75.42 for

3 Although our search included grey literature, including unpublished
reports and dissertations, no such reports were included in these analyses as
they contained nonindependent data. Thus, the “publication type” moderator
comprised only journal and conference proceedings categories.
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Table 2
Meta-Analyses for Human (Self-Other) Perception Across All Studies
Trait and moderator kg n 7 SDr p SDp [95% CI] [80% CR] PV ar Q (df) P
Openness 29 24,052 042 017 057 010 [0.53,0.61] [0.44, 0.70] 11.75  238.26 28)***  88.25
Openness® 20 7282 024 018 046 021 [0.37,0.55] [0.19, 0.74] 19.74  141.89 (28)***  80.26
Openness® 28 6,390 0.18 0.15 039 023 [0.29, 0.49] [0.09, 0.69] 24.07 11217 @7)***  75.93
Social media (Level 1)* 19 4103 033 017 048 021 [0.37,0.59] [0.21, 0.76] 15.07  119.48 (18)***  84.93
Social media (Level 1)° 18 2966 026 014 041 024 [0.27,0.54] [0.08, 0.73] 19.05 89.23 (17)***  80.95
Nonsocial media (Level 1)* 10 3,179 0.12 025 037 021 [0.19, 0.55] [0.08, 0.65] 3338  26.96 (9)** 66.62
Facebook (Level 2)* 10 2,868 035 0.16 050 0.15 [0.3,0.62] [0.29, 0.70] 18.41 48.90 (9)*** 81.59
Facebook (Level 2)° 9 1,731 025 0.11 039 0.5 [0.24,0.53] [0.18, 0.60] 33.89  23.60 (8)* 66.11
Other platforms (Level 2)* 9 1,235 028 0.19 044 036 [0.14,0.73] [-0.07,0.94] 12.09  66.20 (8)***  87.92
Conscientiousness 29 24,040 029 012 039 0.07 [0.36, 0.42] [0.30, 0.48] 2458 11392 (28)*** 7542
Conscientiousness® 29 7,270 0.17 013 031 0.13 [0.24, 0.37] [0.14, 0.47] 38.14 73.42 (28)***  61.86
Conscientiousness” 28 6378 013 012 026 0.13 [0.19, 0.33] [0.08, 0.43] 4480  60.28 (27)*** 5521
Social media (Level 1)* 19 4143 025 0.1 035 0.11 [0.28, 0.42] [0.20, 0.49] 40.03 4496 (18)***  59.97
Social media (Level 1)° 18 3016 021 010 031 0.12 [0.23,0.39] [0.15, 0.47] 4550 3736 (17)* 54.50
Nonsocial media (Level 1)* 10 3,127 0.06 0.07 0.15 0.08 [0.04, 0.26] [0.04, 0.26] 73.00 12.33 (9) 27.00
Facebook (Level 2)* 10 2908 029 009 038 008 [0.30,0.46] [0.27, 0.49] 43.75 20.57 (9)* 56.25
Facebook (Level 2)° 9 1,781 025 009 035 0.11 [0.24, 0.46] [0.20, 0.50] 4571 17.50 (8)* 54.29
Other platforms (Level 2)* 9 1,235 015 0.11 024 0.3 [0.09, 0.38] [0.05, 0.42] 51.33 15.59 (8) 48.67
Extraversion 30 24,124 040 0.4 052 0.08 [0.48, 0.55] [0.41, 0.63] 16.01  181.15 29)***  83.99
Extraversion® 30 7,295 026 017 044 0.17 [0.37,0.51] [0.22, 0.65] 2336 124.14 29)***  76.64
Extraversion” 29 6,462 022 016 040 0.17 [0.33,0.48] [0.18, 0.62] 28.13 99.54 (28)***  71.87
Social media (Level 1)* 19 4093 033 016 048 021 [0.38,0.59] [0.21, 0.76] 1520  118.42 (18)***  84.80
Social media (Level 1) 18 2966 026 0.4 041 024 [0.27,0.54] [0.08, 0.73] 19.05 89.23 (17)***  80.95
Nonsocial media (Level 1) 11 3211 015 0.5 036 0.16 [0.23,0.49] [0.15, 0.57] 3430  29.16 (10)**  65.70
Facebook (Level 2) 10 2908 040 0.2 050 0.13 [0.40, 0.61] [0.32, 0.69] 1829 4920 (9)*** 81.71
Facebook (Level 2)° 9 1,781 036 0.11 048 0.15 [0.35,0.62] [0.27, 0.70] 23.75 33.69 (8)***  76.25
Other platforms (Level 2)* 9 1,235 024 012 033 020 [0.15,0.51] [0.06, 0.61] 27.46 29.14 (8)*** 74.55
Agreeableness 29 24,052 034 013 046 0.11 [0.42,0.51] [0.32, 0.61] 11.83  236.75 28)***  88.17
Agreeableness® 29 7282 021 017 037 023 [0.27,0.46] [0.07, 0.66] 16.61  168.54 (28)***  83.39
Agreeableness® 28 6390 017 016 032 025 [0.21,0.42] [-0.01,0.64] 1831  147.47 @1)***  81.70
Social media (Level 1)* 19 4,143 028 013 040 0.16 [0.31, 0.49] [0.18, 0.62] 22.77 79.05 (18)***  77.23
Social media (Level 1) 18 3,106 024 012 035 0.18 [0.25, 0.46] [0.12, 0.59] 28.41 59.84 (1I7)***  71.59
Nonsocial media (Level 1) 10 3,139 0.11 0.17 025 036 [-0.02,0.53] [-0.25,0.75] 11.30  79.63 (9)*** 88.70
Facebook (Level 2)* 10 2908 032 012 043 0.16 [0.30, 0.55] [0.21, 0.64] 16.69  53.91 (9)*** 83.31
Facebook (Level 2)° 9 1,781 028 0.12 038 0.18 [0.22, 0.54] [0.13, 0.64] 20.75 38.55 (8)*** 79.25
Other platforms (Level 2)* 9 1,35 018 0.1 029 0.7 [0.12,0.47] [0.05, 0.53] 41.08 19.47 (8)* 58.92
Neuroticism 28 23968 029 0.12 038 0.07 [0.35,0.41] [0.28, 0.48] 2125  127.05 27)***  178.75
Neuroticism® 28 7256 017 015 032 0.17 [0.25, 0.40] [0.10, 0.55] 26.90  100.36 27)***  73.10
Neuroticism® 27 6306 0.3 0.14 028 021 [0.19, 0.38] [0.01, 0.55] 28.16 9232 (26)***  71.84
Social media (Level 1)* 19 4143 023 014 033 0.14 [0.25 042] [0.15, 0.52] 29.55 60.91 (18)***  70.45
Social media (Level 1)° 18 3,106 0.8 0.14 029 0.17 [0.19, 0.40] [0.06, 0.52] 3202 53.10 (17)* 67.99
Nonsocial media (Level 1)* 9 3,055 0.08 0.13 026 030 [0.00,0.52] [-0.16,0.69] 20.66  38.73 (8)* 79.35
Facebook (Level 2) 10 2908 028 011 037 011 [0.28, 047] [0.23, 0.52] 3139 28.67 (9)** 68.61
Facebook (Level 2)° 9 1,781 024 012 036 0.16 [0.21,0.50] [0.14, 0.57] 3029 26.41 (8)** 69.71
Other platforms (Level 2)* 9 1,235 010 0.13 018 0.16 [0.01,0.34] [-0.05, 0.40]  45.36 17.64 (8)*** 54.64

Note.

Bold values indicate the main findings for each trait and corrected point estimate for each analysis. k; = number of independent samples; n = number

of targets in a sample; 7 = mean observed correlation; SD7 = standard deviation of the observed correlation; p = corrected point estimate; SDp = standard
deviation of corrected correlation; 95% CI = confidence intervals around p; 80% CR = credibility intervals around p; %Var = percentage of observed
variance accounted for by statistical artifacts; Q (df) = heterogeneity Q statistic; /* = I* heterogeneity.

* Meta-analytic results for winsorized analyses. ° Meta-analytic results for the sensitivity analyses with the Youyou et al. (2015) study removed.

*p< .05 *Fp=.001. **p<.001.

Conscientiousness to 88.25 for Openness), and the Q statistic was
significant across all traits (p < .001). The percentage of variance
explained by artifacts was generally low across all traits (from
Openness = 11.75% to Conscientiousness = 24.58%)—Schmidt
and Hunter (2015) indicated that variance less than 75% suggests the

presence of moderators.

Sensitivity Analyses and Publication Bias

To investigate whether estimates were influenced by outliers, we
performed two sets of sensitivity analyses, one where the dataset was

winsorized, and another where the Youyou et al.’s (2015) study was
removed (to address any influence exerted on the mean effect size due
to the disproportionately large sample size, as well as differences in
study design relating to observers being friends with targets and likely
knowing them both on- and offline). In the first analysis, we
winsorized 90% of the data set where samples of 1,357 (Graham &
Gosling, 2012) and 17,662 (Youyou et al., 2015) were winsorized to
1,112 and samples of 25 (Darbyshire et al., 2016), and 30 were
winsorized to 40 (Waggoner et al., 2009)—the results are displayed in
Table 2. The meta-analyses were repeated and demonstrated lower
mean effect sizes. These ranged from 7 = 0.17 (for Conscientiousness
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and Neuroticism) to 7 = 0.26 (for Extraversion), and p = 0.31 (for
Conscientiousness) to p = 0.46 (for Openness) when corrected for
measurement error. The confidence intervals across all five traits
overlapped, ranging from CI [0.24, 0.37] for Conscientiousness to CI
[0.37, 0.55] for Openness and none included zero. Moreover, the
outlier analysis demonstrated further lowered effect sizes, ranging
from 7 = 0.13 (for Conscientiousness and Neuroticism) to 7 = (.22
(for Extraversion), and p = 0.28 (for Conscientiousness) to p = 0.40
(for Extraversion) when corrected for measurement error. The
confidence intervals across all five traits overlapped, ranging from CI
[0.19, 0.33] for Conscientiousness, to CI [0.23, 0.49] for Openness,
and none included zero.

Across both analyses, the credibility intervals were broader than
the primary meta-analyses and did not include zero (apart from the
outlier analysis for Agreeableness). Further, the outlier analyses
resulted in broader credibility intervals than the winsorized analyses
for all traits apart from Openness, demonstrating that the parameter
values are more widely distributed when the mean rho is not
influenced by Youyou et al.’s (2015) study. Further, across both
analyses, the SDp. for all traits demonstrated higher variability than
the primary analyses, I* were lower (but still indicated substantial
heterogeneity), and all Q statistics were significant (p < .001).
Finally, the percentage of variance explained by artifacts was high
across all traits, but still indicated the presence of moderators.

Together, the primary and sensitivity analyses indicate that
Youyou et al.’s (2015) study inflated the mean effect sizes across all
traits (their reported effect sizes were moderate, ranging from p =
0.39 to p = 0.59). This is also likely due to their use of friends as
observers and the access to both online and offline cues when rating
targets’ personalities. Moreover, the effect sizes reported by Youyou
et al. (2015) align with research demonstrating that acquainted
observers demonstrate higher convergent validity than zero-
acquaintance observers (e.g., Connelly & Ones, 2010). Indeed,
the range of effect sizes reported by Youyou et al. (2015) is similar
to friends’ ratings of targets reported by Connelly and Ones (2010).
For completeness, we repeated these tests in our moderator analyses;
these are also displayed in Table 2.

These findings are broadly consistent with other meta-analyses
comparing zero-acquaintance-target ratings. These studies found
lower self-other agreement for Neuroticism, that is low in visibility,
compared to other traits (Connelly & Ones, 2010; Oh et al., 2011)
and higher self-other agreement for Extraversion, that is high in
visibility (Connelly & Ones, 2010). Our findings for the other traits
were somewhat mixed in comparison to previous work, for instance,

Oh et al. (2011) found that self-other agreement was highest for
Conscientiousness, and Connelly and Ones (2010) found that
observers could not perceive Openness as effectively relative to
other traits. That said, the present research is markedly distinct from
the previous work in that the observers were exposed to and utilized
vastly different types of cues. For instance, although Connelly and
Ones’s (2010) study did include some digital traces in their effect
sizes, most studies were conducted in nondigital contexts, such as
job interviews and group interactions.

Next, we performed tests for publication bias. Inspection of the
funnel plots revealed some asymmetry across all traits indicating
the presence of publication bias (see Figure 2). For Openness,
Conscientiousness, Agreeableness, and Neuroticism, there were a
small number of studies to the left of the mean, whereas for
Extraversion there was a study to the right. The findings for the
former traits run counter to expectations for publication bias tests,
where publication bias would typically be evidenced by a positive
association between standard error and effect size (which would be
displayed to the right of the mean, rather than the left). It is worth
noting that most studies were clustered toward the top of the funnel,
with only a few toward the base. The cumulative meta-analyses
demonstrated a negative shift in effect sizes with the addition of
smaller studies, that would also indicate the presence of publication
bias for each trait. However, given the disproportionately large
effect/sample size, and methodology applied in Youyou et al.’s
(2015) work (that may influence these results), we ran a second set of
cumulative meta-analyses with this study removed. These findings
were mixed; Openness, Conscientiousness, and Agreeableness
displayed some drift but did reach stability, p = 0.40, CI [0.19,
0.62] (positive drift); p = 0.26, CI [0.19, 0.33] (negative drift); and
p=0.32, CI[0.21, 043] (negative drift), respectively. In contrast, the
effect sizes for Extraversion and Neuroticism were generally stable.
Based on these findings, the extent that publication bias may be
present is unclear. As such, we interpret these findings with caution,
recognizing the small k; overall, and the large presence of
heterogeneity. It is therefore likely that more studies would need
to be conducted to unpack these effects further.

Hierarchical Subgroup Analyses

We explored potential moderator effects by applying Schmidt and
Hunter’s (2015) hierarchical subgrouping approach that involves
dividing studies into subgroups, meta-analyzing the subgroups,
and dividing the subgroups into smaller groups recursively until
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acceptable homogeneity of effect sizes is achieved. Subgrouping
is an ideal approach in instances like this when moderators
are categorical or dichotomous. Alternative approaches such as
meta-regression can capitalize on chance, creating inflated Rs
(Raudenbush et al., 2006) and typically rely on low statistical power,
meaning that the weights for most real moderators will be
nonsignificant (Schmidt & Hunter, 2015). That said, hierarchical
subgroup analysis substantially reduces the number of studies
included in each step and increases the sampling error within each
group. Second-order sampling error is therefore likely to be
increased at each level of the analysis.

We were limited in the analyses we could perform because of the
relatively small number of studies included in the overall set, and due
to the diversity of platforms and types of digital data investigated
within those studies. For instance, our data set comprised eleven
different types of platforms (across thirty studies), and in several
cases, platforms were only reported in one study. Moderator analyses
based on a small k; is a common problem in meta-analytic
investigations (Schmidt & Hunter, 2015), and this is pronounced in
this instance as researchers have been investigating diverse ways that
personality can be assessed online. Consequently, our subgrouping
approach was relatively broad and included studies that are likely to
be heterogeneous (e.g., different social media platforms are likely to
vary but were pooled as a “social media” subgroup).

To that end, we examined moderator effects across two hierarchical
levels. First, studies were partitioned into two “data source”
subgroups—social media and nonsocial media (Level 1). Then,
social media was partitioned into two further subgroups—*Facebook”
and “Non-Facebook™ (Level 2). The results for each of the subgroup
analyses are displayed in Table 2 underneath the primary and
sensitivity analyses. Despite the limitations imposed by the number
of subgroups examined, analyzing these groups allows us to attain
some understanding of how different types of data (across social
media or other platforms) may help or hinder self-other agreement.
As such, our analyses should be treated as exploratory, and our
findings should be interpreted with caution. In our broader,
narrative discussion of current work, we reflect on how existing
methods, and the reasons why different platforms/types of data
may contribute toward existing heterogeneity. We then use this
discussion to inform future avenues of research in the General
Discussion.

Level 1 (Data Source) and Level 2 (Social Media)
Analyses. Overall, both subgroup analyses demonstrated higher
self-other agreement for judgments made from social media accounts
than other types of media (Level 1), and from Facebook than other
platforms across all traits® (Level 2). Across both sets of subgroup
analyses and for all traits, confidence intervals overlapped, with the
exception of Conscientiousness in Level 1 (winsorized data). Further,
the confidence intervals generally did not cross zero (with the
exceptions of nonsocial media in Agreeableness and Neuroticism).
The credibility intervals also remained broad across all subgroup
analyses and generally did not include zero (with the exceptions of
nonsocial media in Agreeableness and Neuroticism, Level 1).

The SD values were mixed across both levels. In the Level 1 data
source analyses, SDp values for social media and nonsocial media in
Conscientiousness displayed some reduction. Alternatively, SDp
values for Openness demonstrated no change, and the values
for Extraversion, Agreeableness, and Neuroticism showed some
increases and decreases in variability. In the Level 2 social media

analyses, the SDp values for Facebook and other platforms were
further lowered for Neuroticism and Extraversion. The other SDp
values were mixed. Further reductions were evident for Facebook in
terms of Openness and Conscientiousness, as well as for nonsocial
media and Agreeableness. In contrast, SDp values demonstrated no
change for Facebook and Agreeableness and were higher for other
platforms in both Openness and Conscientiousness. Moreover, with
the exception of the subgroup analysis for nonsocial media at
Level 1 for Conscientiousness, all P values indicated moderate to
substantial heterogeneity. The percentage of variance explained by
artifacts increased but remained low across all traits. Additionally,
the Q statistic was significant across all analyses (p < .05).

As outlined above, the presence of heterogeneity within these
analyses is not surprising, given the diversity of data types explored
in the studies. It is also important to note that these results may be
subject to second-order sampling error, that limits the insights that
can be derived from the analyses. More studies on self-other
agreement across different platforms is therefore needed to further
unpack the extent of moderator effects human personality
perception using digital data.

Discussion

Overall, our meta-analysis highlights that convergent validity
was modest for all five traits. This evidence offers support that
digital traces reflect people’s personalities, and that strangers
can successfully infer others’ personalities based on these cues.
These findings are broadly consistent with the previous personality
research where self-other agreement tends to be lower for
Neuroticism and higher for Extraversion (e.g., Connelly & Ones,
2010; Tskhay & Rule, 2014). Extraversion is high in visibility and
low in evaluativeness, and therefore is likely to be readily
perceivable in targets’ interactions with friends and communications
relating to social activity/socialization (e.g., Bowden-Green et al.,
2020). In contrast, Neuroticism is low in visibility, and our findings
support the idea that it is more difficult to perceive than other traits.
Research has demonstrated that individuals high in Neuroticism
weigh up the risks of disclosing information online because they
may expose information that could be used against them (Loiacono,
2015). Moreover, they are often self-conscious of how they appear
and therefore may present an “ideal” or “false” self-online (e.g.,
Bowden-Green et al., 2021; Michikyan et al., 2015).

Agreeableness and Conscientiousness, that are both moderate in
observability and evaluativeness also had lower self-other agreement.
Similar to individuals high in Neuroticism, conscientious individuals
are also cautious in their self-presentation online (Seidman, 2013),
they tend to spend less time using social media, they infrequently post
photos (Amichai-Hamburger & Vinitzky, 2010; Ryan & Xenos,
2011) and comment on others’ posts (Lee et al., 2014). Agreeable
individuals are often concerned with using social media to seek
acceptance and maintain connection, presenting their actual self
rather than seeking attention (Seidman, 2013). Such behaviors
across individuals high in Neuroticism, Conscientiousness, and
Agreeableness may therefore hinder observers’ abilities to perceive

© The only exception to this was the subgroup analysis for Openness where
the Youyou et al. (2015) study was removed from the Facebook category
(Level 2) where p was lower than other platforms (p = 0.25, and p = 0.28,
respectively).
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these traits effectively (particularly when observers are strangers),
as they are unlikely to be readily observable. These findings support
theoretical accounts that suggest that internalized traits are more
difficult to perceive than externalized traits (Funder, 1995; John &
Robins, 1993) and extend patterns of trait visibility to online
environments.

Alternatively, Openness (which is typically low in visibility and
high in evaluativeness) appears to be more observable from digital
traces. Previous research has argued that individuals high in
Openness refrain from revealing religious or political beliefs,
creative ideas, or emotions to strangers (e.g., Connelly & Ones,
2010)—this makes sense in face-to-face interactions as people try to
adhere to social norms and avoid controversy. Conversely, in online
environments people often reveal such information, through their
profile data, interactions, etc. CMC is often found to make such
disclosures easier because individuals are physically separated from
their audience (e.g., Chan-Olmsted et al., 2013; Kiesler et al.,
1984; Peter & Valkenburg, 2006). Likewise, people are generally
communicating with people they know in a domain where strangers
can witness these interactions (that would not typically occur in
offline interactions to the same degree). These findings therefore
suggest that aspects such as visibility and evaluativeness may
influence how effectively traits can be identified (i.e., whether they
are “good traits”; Funder, 1995, 2012) and that CMC may contribute
toward improving the visibility of Openness.

Although our subgroup analyses were too limited to draw
conclusions about the moderating effects of different platforms and
types of data, we tentatively speculate how these aspects may
influence convergent validity, the identifiability and predictability of
different personality traits in the hope that future research could
unpack these uncertainties. As such, based on our findings, it seems
likely that judgements made from social media may be more
effective from those made from other types of media/platforms.
Social media can provide access to “good information” (Funder,
1995) in that there are more cues generated by targets that are
perceivable to observers; targets can publish different types of
content (e.g., photos, videos, likes, links), and observers can utilize
these cues, as well as draw upon content from the targets’ network
(e.g., comments, photos). Such possibilities are typically not
available in other forms of media (or at least not to the same extent),
reducing the amount of information an observer has access to.

Explorations of other types of media/platforms were limited in
that researchers often focused on one type of cue (e.g., language in
the form of email addresses, emails, chats). Although this enables
researchers to hone in on the predictability of specific digital traces,
observers have less information to formulate judgments. Similarly,
targets have different means and motives for using social media
compared to other media. For instance, emails are private, and the
topic being discussed may not reveal anything personal or directly
related to the target. Alternatively, although targets may use social
media for a variety of purposes, socialization and exchanging
information amongst networks of friends are often central to their
activities (Quan-Haase & Young, 2010; Whiting & Williams, 2013).
Likewise, observers can access information about the target
produced by other people (i.e., their friends, family, colleagues),
that may increase the validity of the cues because targets are unable
to manipulate or control how they are perceived (known as
warranting theory, Walther & Parks, 2002). Thus, it seems
reasonable to infer that having access to a wider range of cues will

contribute toward higher self-other agreement. Other types of
media such as personal websites, blogs, or vlogs may offer similar
advantages, although from existing work we do not know how much
detail was published (or what types of cues were used by observers,
etc.) on these platforms as such information was not studied or
reported.

It also seems likely that convergent validity will vary across social
media platforms, given that individuals often use multiple platforms
simultaneously (Brandtzag, 2012) in order to meet different needs
(Pelletier et al., 2020; Phua et al., 2017) and change the way they
present themselves across various platforms (Davidson & Joinson,
2021). For example, individuals often use Facebook to communi-
cate, socialize with and seek information about others within their
network whom they know offline (e.g., N. B. Ellison et al., 2007;
Krause et al., 2014; Orchard et al., 2014), whereas on X, interactions
can occur with close ties (such as family and friends) as well as weak
ties with individuals whom they have never met or interacted with
before (such as celebrities, politicians, and members of the public,
Jin & Phua, 2014; Phua et al., 2017; Quan-Haase et al., 2015).
Alternatively, on LinkedIn individuals seek to establish professional
connections (e.g., Buettner, 2017; Carmack & Heiss, 2018),
fulfilling both personal and social needs (i.e., maintaining and
strengthening connections, by learning about people they have met,
or plan to meet, Florenthal, 2015; Smith & Watkins, 2020). Thus,
convergent validity may be higher on Facebook than X because
individuals share more (and personal) information amongst their
private networks. Similarly, it may be easier to identify certain traits
on one platform than another. For instance, Conscientiousness may
be much more visible on LinkedIn than on X as individuals work
hard to develop/maintain professional relationships and display
expertise about their field of work. Conscientiousness may therefore
be displayed via informative posts and comments on others’ posts.
Such cues may not be as indicative of Conscientiousness on X if for
instance, individuals are using the platform to keep updated with
news. Future work could therefore seek to investigate this.

The identifiability of different traits may also vary across media,
and this may be compounded by the affordances of different
platforms. For instance, individuals high in Neuroticism may refrain
from conveying their anxieties on social media but may do so freely
within an online community. Online communities are spaces where
individuals seek support and connection with others, and the
opportunity to interact anonymously can increase individuals’ self-
disclosure (e.g., Li et al., 2015; Wright, 2016). It also seems likely
that affordances such as interaction, or whether communications are
public or private could influence self-other agreement. In reality,
strangers will often formulate judgments about others whom they
have never met before via direct communications (e.g., on social
media, online dating). The opportunity to communicate directly may
help observers to develop a clearer impression of the person by
asking direct questions about who they are and their life. Likewise,
the ability to interact publicly versus privately may also influence
self-other agreement for different traits. For instance, in private one-
to-one messaging, introverts may be more communicative, and
individuals high in Neuroticism may feel more secure to disclose
personal information. Finally, the usability and design affordances
of different sites could also influence the predictability of certain
cues. On social media, posts that are highly “liked” may influence
impressions more than posts that are not liked. In online
communities, reputation systems (where individuals acquire certain
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levels of status or scores that indicate their trustworthiness from their
online behaviors, e.g., Hendrikx et al., 2015; Jensen et al., 2002;
Rough et al., 2021) could be highly informative for strangers that
have never interacted with a target before. Future research could
therefore explore these possibilities in further detail.

Study 2: Computer Prediction
Primary Analysis

The estimated overall meta-analytic effect of predicting
personality using digital traces was significant, p = 0.30 (SE =
0.03; 95% CI [0.24, 0.36]). Table 3 displays the results for all
analyses. Figure 3 displays a caterpillar plot of the included effect
sizes, that range from p = —0.39 to p = 1.09. The result of the Q test
indicated significant heterogeneity among the effect sizes, Q(533) =
454858.11, p < .001. There was significant heterogeneity both
within studies (Level 2), 1:% = 0.01, 95% CI [0.01, 0.01], and
between studies (Level 3), 'c% = 0.04, 95% CI [0.03, 0.07]. Further,

Table 3
Meta-Analytic Analyses for the Computer Prediction Studies

HINDS AND JOINSON

the total variance distributed across the three levels (/%) indicated
that 0.09% of the variance was attributed to the sampling variance at
Level 1, 22.21% of the variance was attributed to the within-study
variance at Level 2, and 77.70% of the variance was attributed to
between-study variance at Level 3.

The Identifiability of Different Personality Traits

To explore the identifiability of different traits, we performed a
series of tests. First, we explored whether the convergence of computer
predictions and target ratings differed across the Big Five traits. Our
results demonstrated a significant effect F(4, 529) = 5.71, p < .001.
Then, we examined differences among the estimated effect sizes of the
Big Five traits by including traits as categorical moderators, where
effect sizes are grouped by each trait as a fixed effect in the multilevel
model. Overall, Openness demonstrated the highest self-computer
agreement (p = 0.34, 95% CI [0.28, 0.41]) followed by
Conscientiousness (p = 0.31, 95% CI [0.24, 0.37]), Extraversion
(p = 0.30, 95% CI [0.24, 0.37]), Agreeableness (p = 0.28, 95% CI

Type of analysis ky ke Bp P [95% CI] P [95% PI] w2 3 F Oresidual
Overall effect 42 534 <.001 [0.24, —0.36] 0.30 [-0.15,0.75] 0.01 0.04 454858.11**
Big Five Traits 42 534 0.10 0.20 22.59%*%  435365.79%*

Openness (intercept)® 41 106 0.34 <.001 [0.28, -0.41] 0.34 [-0.11, 0.79]
Conscientiousness 41 106 -0.03 .048 [-0.06, —0.00] 0.31 [-0.14, 0.76]
Extraversion 42 108 -0.04 .023  [-0.07, -0.01] 0.30 [-0.14, 0.75]
Agreeableness 41 106 -0.06 <.001 [-0.10,—-0.03] 0.28 [-0.17,0.72]
Neuroticism 42 108 -0.07 <.001 [-0.10,-0.04] 0.27 [-0.17,0.72]
Platform 42 534 0.011  0.029 2.20* 298236.96™*
Multiple platforms (intercept)® 2 60 0.79 <.001 [0.54, 1.03] [0.32, 1.25]
Spotify 1 5 -043 .047 [-0.86, —0.06] 0.35 [-0.18, 0.88]
X 6 155 -0.58 <.001 [-0.86,-0.30] 0.21 [-0.21, 0.63]
Facebook 13 144 -0.51 <001 [-0.77,-0.24] 0.28 [-0.13, 0.69]
XING 1 5 =043 052 [-0.86, 0.00] 0.36  [-0.18, 0.89]
Flickr 2 10 -0.35 .049  [-0.70, —0.00] 0.43 [-0.04, 0.90]
Sina Weibo 5 60 —0.45 .002 [-0.74, -0.16] 0.34 [-0.09, 0.76]
Money app 1 5 =0.61 .005 [-1.04,-0.18] 0.17 [-0.36, 0.70]
Personal computer 1 5 =033 142 [-0.77, 0.11] 0.46 [-0.08, 1.00]
Video 4 20 —-0.67 <.001 [-0.98,-0.37] 0.11 [-0.32,0.55]
Smartphones 5 45 -0.46 .002 [-0.75, -0.17] 0.32 [-0.10, 0.75]
Servicelogs 1 20 —0.55 011  [-0.97,-0.13] 0.23 [-0.29, 0.76]
Data type 42 534 0.011 0.038 1.44 216327.91**
Multiple data (intercept)” 19 182 0.38 <.001 [0.29, 0.47] [-0.07, 0.82]
Language 9 195 -0.19 .019 [-0.35,-0.03] 0.19 [-0.26, 0.65]
Picture 5 92  —0.15 136 [-0.35, 0.05] 0.23 [-0.24, 0.70]
Metadata 3 15 -0.18 150 [-0.43, 0.07] 0.20 [-0.30, 0.69]
Likes 1 5 -0.04 .848 [-0.44, 0.36] 0.34  [-0.25, 0.93]
Smartphone 5 45  -0.06 567  [-0.25, 0.14] 0.32  [-0.15, 0.79]
ML method 42 534 0.01 0.04 0.32 444352.35™*
No validation (intercept)* 5 22 0.23 018 [0.04, 0.42] [-0.26, 0.72]
k-fold validation 30 420 0.08 423 [-0.12, 0.29] 0.31 [-0.15,0.77]
Holdout 7 92 0.08 533 [-0.17, 0.32] 0.31 [-0.17, 0.78]
Type of publication 42 534 0.01 0.04 3.23 446130.823**
Journal (intercept)® 17 197 0.23 <.001 [0.14, 0.33] [-0.21, 0.68]
Conference 25 337 0.11 .073  [-0.01, 0.24] 0.35 [-0.09, 0.79]
Publication year 42 534 0.0l  0.04 2877  378875.96**
Intercept 040 <.001 [0.27, 0.53] [0.27, 0.53]
Slope -0.02 .090 [-0.04, 0.00] [-0.13, 0.09]
Note. ky = number of studies; k.; = number of effect sizes; pp = regression coefficients; 95% CI = 95% confidence interval; p = corrected point estimate;

95% PI = 95% prediction interval; 2 and 73 = within- and between-study variance, respectively; ML = machine learning.

# Reference group for moderator analyses.

*p < .0l. *p< .00l
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Figure 3
Caterpillar Plot of the 534 Effect Sizes Included in the Meta-
Analysis

Study

Effect Size

[0.21, 0.34]), and Neuroticism (p =0.27,95% CI [0.21, 0.34]). Further,
pairwise contrasts (all of which were Bonferroni corrected) revealed
several significant differences. Specifically, Conscientiousness can be
more effectively identified than Agreeableness (contrast = 0.03, 95%
CI[0.00, 0.06], p = 0.05) and Neuroticism (contrast = —0.03; 95% CI
[-0.07, —0.03], p = 0.03). Openness can be more accurately predicted
than Conscientiousness (contrast = 0.03; 95% CI [0.00, 0.06], p =
0.05), Agreeableness (contrast = 0.06, 95% CI [0.03, 0.10], p < .001),
Extraversion (contrast = 0.04; 95% CI [0.01, 0.07], p = 0.02), and
Neuroticism (contrast = 0.07, 95% CI [0.04, 0.10], p < .001). Finally,
the 95% prediction intervals were wide, indicating a high level of
heterogeneity for each trait (see Table 3).

Publication Bias

Publication bias was first assessed by examining a funnel plot
of effect sizes plotted against the inverse of the standard errors
(see Figure 4). The funnel plot demonstrated an asymmetrical
distribution of effect sizes. Specifically, there were some studies with
smaller sample sizes, that in turn have higher standard errors and
lower precision, that tended to produce smaller or negative effect
sizes compared to those with larger sample sizes and greater
precision. Moreover, the modified Egger’s regression test demon-
strated a significant effect of precision (f =0.97, 95%CI [0.79, 1.14],
p < .001). These findings suggest that studies with small sample
sizes, that in turn may produce small effect sizes, may not have
been published. It is worth noting that these findings do not confirm
that publication bias exists, particularly given the substantial heter-
ogeneity present in the results. As such, these results may be due
to heterogeneity or other study quality effects (Ioannidis, 2005;
Toannidis et al., 1998; Terrin et al., 2003).

Moderator Analyses

To explore sources of heterogeneity, we performed a series of
moderator tests that examined different types of data, study, and
methodological characteristics (see Table 3). Then, all significant
moderators were entered into a multivariate model to determine
sources of heterogeneity when all moderators are examined
simultaneously (see Table 4). In both tables, we report fp denoting
the regression coefficients, 95% confidence intervals, and p values
for Pp, point estimates (p), and their prediction intervals, and

heterogeneity statistics. We note that these analyses are exploratory
due to the vast types of digital data, platforms, and approaches
reported (and that exist but are not, or not yet, reported). As such,
some of the moderators analyzed comprise small samples (e.g., where
k,=1 or 2), and effect sizes (e.g., where k.; = 5 or 10). These analyses
should therefore be interpreted with this in mind and treated with
caution as analyses based on small k; may be less robust. We outline
these findings below.

Platform. Significant moderation for platform and personality
prediction was demonstrated for Spotify, X, Facebook, Flickr, Sina
Weibo, Money App, Video, Smartphones, and Service Logs. There
was no evidence of moderation by Xing, or Personal Computer. All
significant moderators demonstrated a smaller effect size than the
Multiple Platforms reference group. The 95% prediction intervals
indicate heterogeneity across each platform.

Data Type. Our analysis explored whether language, pictures,
metadata, likes, and smartphone data moderated the prediction of
personality from digital data (multiple data types was the reference
category). There was no evidence of moderation across these
categories. The 95% prediction intervals indicate heterogeneity across
each data type.

Machine Learning Method. There was no evidence of
moderation across type of machine learning method used (i.e., k-
fold validation, and holdout with no validation as the reference
category). The 95% prediction intervals indicate heterogeneity
across each method.

Type of Publication. Significant moderation for type of
publication was demonstrated, where conference proceedings were
compared to journal publications (reference category). Journal
publications demonstrated a significant and larger effect size than
conference proceedings: fp =0.23, p <.001 and fp=0.11, p =.073,
respectively. The 95% prediction intervals indicate heterogeneity
across each type of publication.

Publication Year. There was no evidence of moderation for
publication year.

Multivariate Model. Following the aforementioned analyses,
all significant moderators were included in a final model. The
multivariate model demonstrated significant moderation, F(10,
523) = 1.878, p = .046 (see Table 4).

Discussion

Overall, our meta-analysis demonstrates moderate convergent
validity for computer-based personality predictions. Akin to our
findings from the human perception meta-analyses, this evidence
offers further support that digital traces reflect people’s personal-
ities, and that computer algorithms can be trained to predict
personality using digital data. Table 5 provides a summary of the
main effect sizes from each study. Similar to the human perception
meta-analyses, convergent validity was highest for Openness and
lowest for Neuroticism. However, the mean effect sizes overall were
lower for each trait. There are several possible explanations for this
finding.” One is that this is likely due to the methodological

"1t is also worth noting that the Schmidt—Hunter approach uses sample
sizes as weights, whereas the multilevel meta-analysis uses sampling
variances. Such weighting schemes can also produce differences in mean
effect size estimates. The differences between the effect sizes must therefore
be interpreted with caution.
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Figure 4
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approaches and reporting conventions adopted in the computer
prediction studies. For instance, researchers typically experiment
with different algorithms and combinations of data until an optimal
approach is achieved. If researchers are transparent about all of the
approaches they have taken, then their reported findings will
comprise a range of effect sizes, that will lower the mean effect size
in a meta-analysis. Indeed, this is reflected in the within-study
variance (I> = 22.21%) at level two of the multilevel analysis.
Another explanation is that algorithms are not as good at
identifying traits than humans at present. Researchers’ focus on
optimization often occurs without consideration of why certain
types of data are more indicative of personality than others meaning
that researchers do not make decisions or use meaningful insights in
creating algorithms that improve personality predictions. As such,
this could stifle progress as researchers may make similar decisions

or mistakes in pursuit of improving convergent validity over the
underlying relationships between digital data and personality that
may be informative. Indeed, although the Youyou et al.’s (2015)
study demonstrated that algorithms could predict personality better
than humans, no other research has made efforts to compare human
and computer personality prediction or to disentangle the factors that
may make one better than the other (or how these approaches may
provide different information about personality; we discuss this
further in the General Discussion).

Our findings also indicate that computer models are better at
predicting some traits than others. Openness can be more effectively
identified than all other traits, and Conscientiousness can be
more effectively identified than Agreeableness and Neuroticism.
Theoretical accounts of personality would therefore argue that
Openness and Conscientiousness in this context are considered

Table 4
Results of the Multivariate Model for the Computer Prediction Studies
Moderator ks kes Bp t [95% CI] P [95% PI] 2 3 Oresidual P
Multivariate model ~ 42 534 001  0.03  297449.26** 1.878*
Intercept 0.55 5.16%* [0.34, 0.76]
Spotify 1 5 -0.20 —-0.94 [-0.62, 0.22] 0.35 [-0.20, 0.90]
X 6 155 —0.39 —-3.24% [-0.63, —0.15] 0.16 [-0.28, 0.61]
Facebook 13 144 —-0.32 —2.98% [-0.53, —-0.11] 0.23 [-0.20, 0.67]
Flickr 2 10 —0.18 -1.13 [-0.51, 0.14] 0.37 [-0.14, 0.87]
Sina Weibo 5 60 —-0.26 —2.04* [-0.50, —0.01] 0.29 [-0.15, 0.75]
Money App 1 5 —0.38 -1.76 [-0.80, 0.04] 0.17 [-0.38, 0.73]
Videos 4 20 —0.44 -3.09* [-0.72, —-0.16] 0.11 [-0.34, 0.56]
Smartphones 5 45 —-0.27 —-2.14% [-0.79, 0.02] 0.28 [-0.17, 0.73]
Service logs 1 20 —-0.38 -1.85 [-0.79, 0.02] 0.17 [-0.39, 0.73]
Conference 25 337 0.06 0.93 [-0.07, 0.20] 0.62 [0.16, 1.07]
Note. k= number of studies; k., = number of effect sizes; fp = regression coefficients; 95% CI = 95% confidence interval; p = corrected point estimate;

95% PI = 95% prediction interval; 2 and t3 = within- and between-study variance, respectively

*p < .0l. *p< .00l
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“good traits” (e.g., Funder, 1995, 1999), as they manifest more
clearly in digital data than the other traits. For Openness, this may be
due to targets leaving indicators of their varied interests, creativity,
emotions, etc. (e.g., liking different groups on Facebook, creating
and posting artistic photographs). For Conscientiousness, algo-
rithms may be able to detect patterns that reflect reliability and
consistency (e.g., responding to social media posts or text messages
in a timely manner, using language that is polite and friendly). It may
also be the case that Agreeableness and Neuroticism are difficult to
identify because they are internalized and are therefore more
difficult to detect (similar to our findings for human perception).
Alternatively, it could be that the current approaches have simply
not found types of data, aggregations of data, and patterns that relate
to these traits in more apparent ways yet.

Although human perception generally appears to be better than
computer prediction across all traits, variances exist in the ranking of
each trait’s identifiability (see Table 5). Notably, Openness stands
out as the most identifiable trait for both humans and computers, but
the disparity in identifiability between the two is more pronounced
than any other trait. This suggests that the cues humans rely on to
discern Openness may be more revealing than the data computers
utilize. Alternatively, humans appear to be particularly good at
recognizing Extraversion, whereas computers are only middling in
this regard. This suggests that the online cues humans utilize to
detect Extraversion might by highly visible and minimally
evaluative, consistent with theories of human perception offline
(e.g., Beer & Vazire, 2017; John & Robins, 1993). In contrast, the
digital data driving computer predictions might not align with these
explanations. Given that computer predictions are developed from a
bottom-up analysis of digital data, the concepts of high observability
or evaluativeness might not be as applicable. For instance, although
human perception studies often focus on social media profiles,
computer analyses might delve into data that are not a primary
reference for human judgment, such as smartphone logs, or tweet
counts, or data that humans find difficult to interpret, like network
metrics. Therefore, merely having access to a broader spectrum of
data might not necessarily enhance personality inferences beyond
human observations using current methodologies. This reasoning
might also explain the patterns observed with Agreeableness, a trait
typically perceived as moderately observable and evaluative by
humans.

Table 5

The identifiability of Neuroticism and Conscientiousness is low
across both human perception and computer prediction. This aligns
with research suggesting that individuals high in Neuroticism tend
to be discreet about the information they disclose (Loiacono, 2015),
and may portray idealized or false self-images online (e.g.,
Michikyan et al., 2014; Twomey & O’Reilly, 2017). Similarly,
conscientious individuals tend to engage less frequently in online
posts and comments (Lee et al., 2014; Ryan & Xenos, 2011) and
exhibit cautious self-presentation (Seidman, 2013). Consequently,
identifying Neuroticism and Conscientiousness is challenging,
whether assessed by humans or computers. Although it seems
plausible that both traits may be more identifiable from behavioral
residue (i.e., the “hidden” traces of data rather than observable cues),
current approaches have not fully exploited this possibility. Our
current understanding therefore remains constrained when it comes
to contextualizing how various data types relate to each trait across
human perception and computer prediction. Future research should
therefore seek explanations for the relationships that underpin them.
Our meta-analysis reveals that most of the variability among the
included effect sizes is linked to study level differences (> =
77.70%). The presence of substantial heterogeneity is not surprising
given the diversity of media, platforms, devices, types of data, and
methods included in our analysis and is often expected in such
circumstances (Higgins, 2008). Our analyses demonstrated moder-
ating effects among different platforms, specifically X, Facebook,
Sina Weibo, Videos, and Smartphones. Such differences may be
explained by different patterns of usage among individuals, for
instance, using X to follow the news and post public communications
versus sharing information amongst a closed network of friends on
Facebook. Sina Weibo is also likely to reflect cultural differences
between users given that its user base is Chinese and other platforms
are not available in China. Videos offer vastly different types of data
to other types of media/platforms, as individuals can display/edit
aspects of themselves that are not captured by other digital data such
as tone of voice, body language, accent. Further, smartphones offer
diverse forms of behavioral data traces that individuals leave behind
unconsciously (e.g., GPS co-ordinates, number of screen locks, times
of phone calls) that therefore link to different traits. These findings
therefore highlight the need to investigate the underlying reasons for
this heterogeneity in future research. We discuss these ideas in the
General Discussion below.

Summary of the Main Effect Sizes for Each Trait Across Study 1 and Study 2

Human study

Computer study

Trait ks p* [95% CT] ks Kes p? [95% CT]
Openness 29 0.57 [0.53, 0.61] 41 534 0.34 [0.28, 0.41]
Conscientiousness 29 0.39 [0.36, 0.42] 41 534 0.31 [0.21, 0.37]
Extraversion 30 0.52 [0.48, 0.55] 42 534 0.30 [0.24, 0.37]
Agreeableness 29 0.46 [0.42, 0.51] 41 534 0.28 [0.21, 0.34]
Neuroticism 28 0.38 [0.35, 0.41] 42 534 0.27 [0.21, 0.34]

Note. k; = number of studies; k., = number of effect sizes; p = corrected point estimate; 95%

CI = 95% confidence interval.

* Effect sizes must be interpreted with caution; the human perception and computer studies were
performed using different methods (Schmidt—Hunter and multilevel modeling, respectively) data
sets, and analytical approaches that may not be fully comparable.
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General Discussion

Overall, our findings demonstrate that both humans and computer
algorithms can infer personality from digital data with moderate
success. Convergent validity is higher for Openness and lower for
Neuroticism across both. Although these findings broadly align with
theoretical models that posit that certain traits are “good” (i.e., they
are more visible and easily detectable than others, Funder, 1995), our
review demonstrates that we know little about which types of digital
data (and associated platforms/technologies) are indicative of
personality and why such relationships may exist (i.e., their content
validity). These limitations are due to methodological and disciplin-
ary conventions that prevail across psychology and computer science
research. Our synthesis has enabled us to systematically analyze these
approaches, and to identify specific limitations and opportunities that
could help to address these gaps in future research. We encourage
researchers to adopt complementary approaches that incorporate the
strengths of both human perception and computer prediction and
embrace new approaches that seek to improve construct validity as
well as convergent validity. This will enable researchers to gain new
understanding of personality and its theoretical underpinnings that
could inform many practical applications from recruitment to medical
diagnosis. These insights are discussed below.®

Reconsidering Approaches to Sampling and Data
Collection

Sampling

Approaches toward data collection and sampling could be
substantially improved in future research. For instance, human
perception research usually comprises psychology student volun-
teers or research assistants, who donate their digital data for use in
the studies or participate as observers. This process has prevailed,
despite calls for researchers to diversify their recruitment of samples
across psychological science in recent years (Henrich et al., 2010a,
2010b; Johnson, 2021). Researchers’ overreliance on Western,
educated, industrialized, rich, and democratic (Henrich et al.,
2010b) populations is therefore likely to impact convergent validity
as observers may be better at assessing targets possessing similar
demographic attributes, that are from similar cultural backgrounds
and that use similar technologies and social media platforms to
themselves. Observers from different backgrounds or cultures to the
targets they assess may also utilize digital data in different ways to
formulate judgments that may affect the identifiability of traits, and
the predictability of cues.

More broadly, it is possible that these issues may impact
measurement invariance, the extent to which the underlying
constructs are measured in the same way across different groups
(e.g., Meredith, 1993; Putnick & Bornstein, 2016; Vandenberg &
Lance, 2000). Measurement invariance has been shown to be
problematic in personality research, for instance, Dong and Dumas
(2020) found that studies of measurement invariance across cultures
was lower than measurement invariance across age-groups or
gender. However, at present we do not know if, or to what extent,
measurement invariance may be inherent in current research.

Another related problem is that participants are unlikely to be
malicious, fraudulent, or deceptive users—presumably such
individuals are unlikely to donate their profiles to psychological

research. Thus, although there is some evidence to suggest that
people attempt to present themselves honestly (N. Ellison et al.,
2006), or their “real” selves online (Back et al., 2010), such evidence
is also derived from these limited samples. Indeed, although gaining
such data from dishonest or malicious users would be challenging
and pose ethical challenges in terms of collecting and analyzing their
data (see “Privacy, Trust, and Ethics” below), research into such
populations could greatly benefit human perception research and
would open new avenues of theoretical inquiry in gaining
understanding of how cues constitute “good information” online
(Funder, 1995, 1999). Such work could also have significant societal
impact in terms of addressing issues such as identity theft (e.g.,
Alharbi et al., 2021; Tsikerdekis & Zeadally, 2014), grooming
(Whittle et al., 2013), and online dating (e.g., Coluccia et al., 2020;
Whitty, 2018).

In contrast, although computational approaches are able to
overcome some of these sampling challenges by harvesting a
breadth of demographics at scale, and by analyzing individuals from
different cultures, many studies in our set comprised relatively small
samples that ranged from a few hundred to a few thousand, and only
a few analyzed larger data sets comprising tens or hundreds of
thousands of individuals (see Liu, Preot, & Ungar, 2016; Schwartz
etal.,2013; Xue et al., 2018; Zhang et al., 2018). We also know little
about the specific demographics or cultures that comprised those
data sets as minimal detail was described in the reports (and often no
detail was disclosed whatsoever). Thus, although computer
prediction studies may be better placed to investigate and address
issues relating to measurement invariance, akin to human perception
research we do not yet know the extent to which such issues may
prevail.

Further, algorithms are trained and tested within the same sample
meaning that they will be optimized to predict personality using
those demographics. Current findings may therefore be skewed in
favor of particular demographics or populations that can impact the
generalizability of the algorithms’ performance, as the same results
may not be achieved on different samples. Other factors can also
impact the representativeness of a sample—for instance, such data
will not reflect the demographics/populations of users that do not
have/use (or cannot use) social media, smartphones, or other
devices. Likewise, occasional, or low users of technologies leave
different types of data to heavy users, and those who choose not to
use social media or other devices will not be captured whatsoever. If
such issues are not addressed, then subsequent implementations of
personality assessments could exacerbate social inequalities and the
digital divide. Researchers should therefore make efforts to diversity
samples and to reflect on (and communicate) any limitations so that
underrepresented or difficult to access populations are not neglected.

Data Collection

Human perception studies are typically performed in laboratory-
based environments where targets’ information is presented to
observers as a single “snapshot” of the target at a particular moment in

8 We also note that while numerous studies were omitted from the meta-
analysis in Study 2 due to the metrics reported, the platforms, types of data,
and methodological approaches applied did not differ from the studies that
were. Thus, our insights reported below are derived from all studies across
the human perception and computer prediction literature that met our main
inclusion criteria, and that are presented in Supplemental Files 2 and 3.
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time (e.g., forming judgments from a set of tweets, Qiu et al., 2012),
or from browsing their profiles for a few minutes (Back et al.,
2010; Kluemper et al., 2012). While these approaches benefit from
improved ecological validity that early studies of impression
formation (that relied on material constructed by the researchers,
e.g., videos of targets being interviewed Gangestad et al., 1992,
or mock jury sessions, Scherer, 1972), they do not reflect how
individuals use digital sources to form impressions in reality. For
instance, making judgments likely consists of consulting multiple
sources (e.g., browsing a person’s Instagram account, X profile,
workplace staff page) and browsing the content over different periods
of time (i.e., posts made this year, and then 5 years ago) as opposed to
screenshots that do not allow this flexibility and exploration.

In contrast, computer algorithms can gather, process and analyze
data “in the wild” dating back years and can analyze the entire set of
data that are available for a person. Laboratory setups are time
consuming and costly, and although it would be impossible to ask
observers to comprehend the type/volume of data that algorithms
can process, improvements could be made to the way that studies
are conducted. For instance, encouraging observers to spend time
considering different elements of the information presented (e.g.,
photographs, language, network information), could provoke them to
formulate judgments in a more focused and meaningful way, enabling
researchers to explore the content validity of different types of data
and to explore psychological theories/explanations of how and why
observers connect digital data to personality traits. Similarly,
broadening the sources used to formulate judgments (e.g., social
media profiles combined with smartphone usage data, energy
consumption, movement patterns, fitness data, and so forth) could
help observers to build richer, more informed judgments by enabling
them to draw upon cues that reflect targets’ behavior across different
contexts and circumstances. Researchers could use these approaches
to further test and extend personality models and theories. For
instance, in line with Vazire (2010) self-other knowledge asymmetry
(SOKA) model, researchers could explore whether asymmetries exist
in judgments made from different media (e.g., how judgements based
on a target’s smartphone records compare to their X profile), or
whether data from multiple sources reveals new imbalances or
unknown aspects of targets’ personalities.

Although computational approaches have capitalized on the use
of bigger data sets and analysis of data over longer periods of time,
existing work has also predominantly focused on data collected
from one platform or device. Computer algorithms may therefore be
able to gain valuable insights into personality by drawing upon data
from multiple sources (i.e., via cross media- or cross domain-
learning; Joshi et al., 2012; Zhuang et al., 2010). For example, a
computer model could be trained using smartphone usage data and
X data, and the model could then be used to predict personality from
individuals’ fitness tracker data. Thus, training computer models by
combining data from different platforms and devices could improve
the personality predictions or could be used in situations where
representative data are not available. In turn, this could also help to
address the aforementioned issues relating to the generalizability of
findings. Future work could therefore delve deeper into this
opportunity to investigate ways to improve predictions and to
discover new behavioral patterns.

Digital data can also be used as experience sampling methods
(ESM) or as ecological momentary assessments (EMA).
Traditionally, ESM and EMA have relied upon self-reports

completed by subjects who are prompted to report on their
behavior, experiences, thoughts, beliefs or feelings repeatedly over a
period of time (Larson & Csikszentmihalyi, 2014; Shiffman et al.,
2008). Thus, digital data are potentially rich sources of experience
sampling because they can be collected unobtrusively as people
navigate their daily lives (e.g., use their smartphones, cookers,
washing machines, televisions) and generate data across the many
different contexts they occupy or inhabit. Thus, the adoption of what
is known as personality sensing (Harari et al., 2020) methodologies
could broaden investigations to encompass the examination of
personality states in addition to traits, as well as a means to predict
future behavior (Conner et al., 2009; Fleeson & Gallagher, 2009). A
number of recent studies have started to explore this potential in
related areas, such as how experience sampling of mobility patterns
(obtained via GPS tracking) relates to subjective well-being (Miiller
et al., 2020), how people’s movements (obtained via GPS sensors)
relate to personality traits, states, and momentary expressions (Matz
& Harari, 2021), and how personality relates to sleep patterns
(obtained via smartphone sensing data, Schoedel et al., 2020).

Future research could also exploit these opportunities to study the
relationship between individuals’ thoughts, feelings, attitudes and
motivations and digital data—areas that (to our knowledge) have
been largely overlooked in personality research within this context.
New forms of ESM/EMA where data are collected passively (i.e.,
data generated automatically via sensors, GPS, smartphone logs,
and so forth) could be combined with active data collection
(or “active ESM”; Shiffman et al., 2008) where subjects report on
their feelings, mood, etc. could help to provide understanding of
how these cognitive states manifest in digital data, and indeed how
these states could relate to (or help to further develop) existing
psychological theory. Smartphones provide an ideal means of
recording such information, as they are widely used by the majority
of the population (e.g., Ellis, 2020; Wilcockson et al., 2018) and
therefore capture a breadth of a user’s activity, from call logs and
application data, to GPS tracking and sensor data, as well as a means
for individuals to record self-report data periodically. Several
applications have recently been developed that could support future
work. These include, Unforgettable.me (Dennis et al., 2019) that
collects image, GPS, accelerometer, and audio data, SurveySignal
(Hofmann & Patel, 2015) that integrates text messages as signals or
reminders to complete surveys, and PEG LOG (Geyer et al., 2019),
that records users’ location data.

Convergent and Construct Validity

Current approaches in human perception and computer prediction
are entirely focused on convergent validity, or the “accuracy” of
self-other or self-computer personality assessments. In human
perception studies, researchers typically investigate whether
convergent validity between observers and targets (or consensus
amongst observers) exists. As demonstrated by our meta-analyses,
effect sizes vary, and often appear on the lower side. While such
magnitudes may be perceived by some to be weak or to provide little
insight (e.g., see Mischel, 1968), it is important to consider their
substantive significance within the broader context of personality
research. Such effect sizes can be very useful and help to inform
application and theoretical development (see Funder & Ozer, 2019).
Moreover, although it can be argued that such approaches tend to
view targets’ self-reports as “the truth” about their traits, assessing
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the convergent validity of self-other agreements offers a means for
researchers to experiment with different approaches and to test
whether observers’ assessments improve (akin to training computer
algorithms). In a similar vein, researchers sometimes explore which
cues (i.e., types of digital data) are utilized by observers or are valid
indicators of personality (Back et al., 2008; Darbyshire et al., 2016;
Stopfer et al., 2014) to provide additional context to observers’
impression formation. Although such findings align with models
that argue that information must be “good” to make accurate
judgments (Funder, 1995, 2012) and that observers must be able to
utilize valid cues (Brunswik, 1956), no attempts are made to
understand why different types of digital data, or the types of
technologies that generate them, may relate to specific traits.
Researchers may therefore want to consider the impact that
training or incentivizing individuals to complete assessments
truthfully and to the best of their ability may have on the
effectiveness of personality assessments. Likewise, making efforts
to improve individuals’ abilities, and exploring how and why
observers make judgements using specific cues could help to move
research beyond asking whether observers can infer personality
from digital data to instead focus on the practical value that potential
improvements could have. For instance, training individuals to look
out for cues of a fraudulent or deceptive person could help to combat
phishing and online dating scams. Similarly, educating more diverse
and vulnerable populations such as children, the elderly and
neurodiverse individuals will have important implications for their
understanding of online interactions and for their safety online.
In contrast, although computer prediction studies do not tend to be
informed by the aforementioned frameworks, researchers’ motives
are similar in that their primary aim is to achieve some level of
convergent validity, based on whether this is possible using different
types (or combinations) of digital data. Convergent validity is
important for assessing how effectively an algorithm can predict
personality using the data it has been trained with. However,
researchers tend to include all data that are useful in a model when
attempting to find an optimal solution. This can affect the
discriminant validity of the tests because digital data can often be
related to multiple traits, for instance, in an investigation of music
listening behavior on Spotify, Anderson et al. (2021) found that
“acousticness entropy” positively correlated with both Openness
and Agreeableness, and that Brazilian Music correlated with
Openness, Agreeableness, and Emotional Stability. It can also affect
content validity as new relationships can be identified (e.g.,
Anderson et al., 2021, found that “mood entropy,” “mechanism
entropy,” and “organism entropy” were all positively correlated
with Openness), yet can be difficult to make sense of. Thus, without
efforts to explain such findings, it is impossible to ascertain whether
such results are opening new theoretical areas of investigation, or
whether they are spurious and would not replicate in another study.
Such issues have been broadly acknowledged in the field of
psychology for some time (e.g., Bornstein, 2009; D. T. Campbell &
Fiske, 1959) and despite calls for researchers to address these
problems (Bleidorn & Hopwood, 2019), existing work has neglected
to do so. Thus, researchers’ sole focus on convergent validity is
problematic because the resultant findings offer no insight into why
digital data relate to personality, meaning that current work cannot test
or offer insights into psychological theory. That said, computational
approaches are extremely well-placed to discover patterns in data
from the ground up to develop new frameworks, theories, and

models.” These findings could challenge existing measures of
personality and remove the need for individuals to complete self-
report questionnaires. Although their approach did not seek to develop
or contribute toward theory, Gerlach et al. (2018) demonstrated this
possibility by conducting a data-driven analysis of a large data set
comprising 1.5 million individuals. Their findings provided evidence
for four distinct personality types, that contrast with existing approa-
ches that have categorized personality into five or six traits (i.e., the
FFM; McCrae & Costa, 1987 or the Honesty-Humility, Emotionality,
Extraversion, Agreeableness, Conscientiousness, Openness to Experi-
ence model; Ashton et al., 2004). Future research could therefore
adopt these approaches by combining data-driven analytics with
theory development that could result in new definitions and models of
personality altogether. For example, after identifying patterns in data,
researchers could theorize about why such relationships may exist and
perform experiments to test their hypotheses.

Consider Vazire’s SOKA model for instance. Vazire (2010) posits
that an asymmetry exists between what the self knows and what
another person knows about that individual. As such, internalized
traits such as Neuroticism are better known to the self than others
(because individuals typically hide/suppress their anxieties making
them difficult to perceive), whereas traits that are highly desirable or
undesirable can be better perceived by others (e.g., irritability)
because individuals often distort their self-perceptions (i.e., they
would not like to consider themselves as petulant). Alternatively,
externalized traits such as Extraversion are known well by both
individual/observer as they are outwardly displayed and visible (e.g.,
sociability). Similar to a Johari window (Luft & Ingham, 1955),
the SOKA model contains four quadrants, each depicting which
aspects of personality are best known to the self and those that are best
known to others (specifically the “open arena” [where the self and
others know an individual’s traits], the “blind arena” [where only
others know the individual’s traits], the “hidden arena” [where an
individual’s traits are known to themselves but not others’], and the
“unknown arena” [where an individual’s traits are unknown to
themselves and others], Vazire, 2010).

Computational methods could further our understanding of these
asymmetries or even change these imbalances because the extent
to which traits are observable or evaluative are not equivalent to
human/offline personality perception. Digital data, particularly in the
form of behavioral residue, are likely to convey objective information
(that are removed from intentions to present oneself in a particular
way) and if such data are indicative of certain personality traits, then it

° These approaches are notably similar to the development of early
personality scales such as the Minnesota Multiphasic Personality Inventory
(MMPI; Hathaway & McKinley, 1943) in the 1940s, and the subsequent
development of the California Psychological Inventory (CPI; Gough, 2012)
in the 1950s. The MMPI was initially developed to improve poorly
developed and tested assessments of psychopathologies (Loevinger et al.,
1953; Thorndike & Stein, 1937). By employing an empirical criterion keying
approach, items were selected for their ability to distinguish between groups
of people with different psychiatric disorders. Alternatively, the CPI was
designed to assess nonclinical, or everyday “folk-concepts” relating to
people’s behavior. Although both the MMPI and CPI were initially
successful in distinguishing between people with different conditions and
behaviors, problems subsequently arose over the poor content validity and
discriminant validity of the items. As a result, these issues prompted revised
versions of the scales (e.g., the MMPI-2, MMPI-A; Butcher & Williams,
1992), MMPI-A-RF; and the CPIL; Gough & Bradley, 1996), and influenced
the design of psychological assessments over the following years (Bleidorn
& Hopwood, 2019).
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may be possible for an algorithm to “see” a trait that was previously
difficult to detect (i.e., improve detectability). For example, creativity
may be related to a person’s betweenness centrality score (a measure
of how closely people in a network are connected), if for instance,
certain others within someone’s network were highly creative. Such
information may never be visible to a human perceiver yet could
be readily detectable by an algorithm. Researchers could therefore
account for/explore these possibilities to address potential asymme-
tries when creating algorithms. Further, algorithms may be able to
explore the “unknown arena” within Vazire’s SOKA model. By
analyzing patterns of individuals’ data bottom-up, new (previously
unknown) aspects of their behavior may emerge and thus reveal
people’s blind spots in terms of how their self-perceptions (and others
that observe them) are created and distorted.

Incorporating theoretical models such as Funder’s RAM or
Vazire’s SOKA model into the design and implementation of
studies could also help researchers who typically adopt data-driven
approaches to think about the benefits that theory could offer.
For instance, considering what may make particular data relevant,
available or detectable could be a starting point for selecting data
and hypothesizing why they might relate to personality. Testing
these hypotheses could help to explain the resultant findings, and
these findings could then inform future hypotheses or theory
development in subsequent research. Research could also continue
to exploit the benefits of data-driven principles. Selecting data for
which there is no intuitive reasoning for testing could be a way to
discover new patterns and relationships. It may also be the case that
such data, in combination with data that has known relationships
with personality boosts the predictive performance of algorithms
and helps to further develop hypotheses/theory. Testing different
combinations of data (known as feature engineering) is a crucial part
of the modeling process in machine learning and incorporating
theory into this process could bring great advances to the field
moving forward. For some good overviews of this process, see
Stachl, Pargent, et al. (2020) and Bleidorn and Hopwood (2019).

Researchers could also make concerted efforts to develop and test
theory in this way through the reanalysis of existing data sets. Current
approaches miss out on the vast possibilities to test the validity of
various approaches and to determine their reproducibility. Open
Science principles have gained prominence in recent years, and as a
result, researchers are encouraged to transparently report methods,
openly share research, data and code, etc. (e.g., Foster & Deardorff,
2017; McKiernan et al., 2016; Open Science Collaboration, 2015;
Pineau et al., 2021) in order to better support reproducibility and
replicability. These principles also extend to computational repro-
ducibility, that focuses on aspects such as the documentation of code,
the software environment, and version control that may also impact
the replicability and reproducibility of findings (e.g., Criiwell et al.,
2023; Stodden et al., 2018). 19 In the context of personality research,
encouraging researchers to adopt Open Science practices, and to
prioritize the creation, testing, and reporting of reproducible solutions
could therefore revolutionize the way personality is assessed and
understood, irrespective of the discipline it is reported in.

Another consideration is that the different approaches adopted
across human perception and computer prediction could provide
different information about personality. In their discussion of
how machine learning could benefit from adopting the principles
of construct validation, Bleidorn and Hopwood (2019) argued
that research would benefit from treating different tests as

complementary rather than competitive. Thus, rather than trying
to determine “which test works best?” researchers could ask, “what
do different tests tell us about an underlying construct?” (Bleidorn &
Hopwood, 2019, p.198). They argue that poor content validity,
overlapping constructs, and natural co-occurrence could result in
convergence between different traits. Such convergence could
suggest a need for modifications in the tests. Alternatively, it might
indicate that the tests are capturing co-variance in nature, that could
provide interesting information about the trait. Researchers could
also extend these ideas to incorporate findings relating to human
perception. For instance, insights gained from different types of
observers (or observers that have different levels of knowledge,
training, abilities, etc. in rating targets’ personalities) may offer
insights into personality that computer algorithms cannot detect.
Researchers could therefore take insights from different approaches
to inform others (e.g., use human perception ratings to inform the
design of algorithms), or to evaluate human and computer ratings in
tandem to build a more holistic profile of a person.

Facets and Nuances

Big data and machine learning also offer the potential to
explore how different data relate to personality facets, the subset
of characteristics that comprise each trait (e.g., Agreeableness
comprises facets such as sympathy, modesty, cooperation, and
altruism). For instance, it may be the case that a particular type of
data reflects the sympathy facet, but not the altruism facet. Indeed,
building on the ideas mentioned above, researchers may therefore be
able to explore whether and why digital data relate to certain facets
to further understand content validity and to test psychological
theory. To date, research has almost exclusively focused on domain-
level predictions, bar a small number of exceptions (specifically
Park et al., 2015 and Stachl, Pargent, et al., 2020). Presumably, this
has been influenced by researchers’ desires to obtain personality
ratings that require little cost or effort, as reflected in the high
number of studies that have used the shorter form personality scales,
such as the Ten Item Personality Inventory or the Big Five
Inventory, BFI-44. The studies that have examined the predictive
potential of data in relation to facets, have so far demonstrated
similar findings to domain-level predictions. That is, Park et al.
(2015) found that Facebook status updates could predict the
majority of facets, and Stachl, Pargent, et al. (2020) found that
personality could be predicted at both the domain and facet level
using smartphone behavioral data for all traits except Agreeableness.

Further, Hall and Matz (2020) recently expanded analyses
beyond the facet level to encompass personality nuances that reflect
the unique variance attributable to the items in a facet scale (McCrae,
2015; Mattus et al., 2017). They found that nuance-based models
(that used Facebook Likes) made small improvements in personality
prediction when compared to domain-based models. Together, these
studies show the benefits of expanding current methods to focus on
finer grained analyses of personality and nuances. Such analyses

' Open Science practices are also increasingly being required as part of
journals’ submission policies, for example, see Criiwell et al. (2023) and
Brysbaert et al. (2021). Thus, researchers would be well-advised not only to
adopt these practices to improve reproducibility and replicability, but also to
ensure that their work aligns with changes in journal/conference policies
which will likely impact all disciplines and outlets eventually.
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offer the potential to expand theoretical analyses of individuals’
behavior, as well as to improve the external validity of the
predictions. Future research would benefit from continuing to build
on these approaches by integrating these analyses with data obtained
from new technologies and devices (e.g., smartphones, wearables,
IoT devices).

Privacy, Trust, and Ethics

Predicting personality effectively has many practical
implications—it can influence who we invite into our lives,
impacting how effectively we work, the relationships we build, and
how happy and healthy we feel. In a world where digital information
is at our fingertips, it is inevitable that many of us will turn to the
internet to help formulate life decisions involving other people.
Thus, successfully making judgments from strangers’ digital data
and predicting personality computationally increases the potential to
anticipate others’ future behaviors, thoughts, and feelings. In many
circumstances, the applications of computational methods are
widely known and generally accepted, for instance, recommender
systems that suggest films that people may like to watch, or products
they might like to buy. Conversely, in other cases, such techniques
are causing increasing concern about how digital data are accessed
and analyzed, and what the consequences of these activities may
entail. Perhaps the most illustrious example of this is the Facebook-
Cambridge Analytica scandal in 2018, where the data analytics
company Cambridge Analytica were accused of attempting to
influence people’s voting patterns in the 2016 U.S. Presidential
Election, and the Vote Leave campaign in Britain’s European Union
referendum (Cadwalladr, 2018; Kitchgaessner, 2018). By illicitly
harvesting data from an estimated 87 million individuals’ Facebook
accounts, Cambridge Analytica allegedly created a series of
psychographically targeted advertisements that attempted to
influence individuals’ political preferences. Although we do not
know the extent to which these efforts were truly effective in the
case of Cambridge Analytica, the two key issues—the notion of
mass-manipulation, and that of collecting individuals’ data without
their consent, provoked global outrage and calls for users to delete
their accounts (Slawson, 2018; Timms & Heimans, 2018). In turn,
related research on targeted advertising has demonstrated its
potential effectiveness, for instance, Matz et al. (2017) found that
microtargeted advertisements increased clicks and purchases by
around 40% and 50%, respectively, compared to unpersonalized
ads, and Zarouali et al. (2020) found that political ads that were
congruent with individuals’ personalities increased their intentions
to vote.

The Cambridge Analytica scandal also highlighted that people do
not fully understand the risks associated with their online
interactions and are often unaware of how their data might be
used (e.g., Bakir, 2020; Hinds et al., 2020; Larsson et al., 2021). This
is further complicated by the fact that personal information can be
inferred through implicit patterns in individuals’ data, rather than
via explicit expressions of their preferences (e.g., religion from
Facebook likes), as well as from others within their networks
(meaning they may “reveal” no information directly themselves).
Recent research has demonstrated the relative ease by which
information can be gleaned through individuals’ profiles, for
instance, a person’s sexual orientation could be identified from their
network connections (Garcia, 2017), facial images, (Wang &

Kosinski, 2018) and tweets could be used to predict what an
individual may say (or tweet about) in future (Bagrow et al., 2019).
For psychologists, these same techniques raise critical questions
around informed consent, proportionality in research, and the
potential abuse of methods, applications, and findings. Although
digital data may be “public,” that does not necessarily mean that it is
ethical to infer “hidden” characteristics to users who have not
consented to such an action. Thus, the control of what personal
information is disclosed and how data “spreads” through people’s
networks raises questions of where the responsibility for managing
or protecting such information lies. For instance, should individuals
be thinking about others’ privacy when they use digital devices?
And how should researchers and organizations ensure they obtain
proper informed consent when using data that is inherently
networked?

Current estimates predict that around 30 billion devices will be
connected to each other by 2030 (Vailshery, 2022). As our
interconnections continue to grow (with our devices as well as
each other), the need to address these delicate ethical challenges will
become increasingly pertinent. There are increasing demands for
organizations and regulators to make their algorithms “transparent” to
enable individuals to better protect their data (e.g., Buhmann et al.,
2020). Likewise, researchers and organizations alike will need to
consider transparency in terms of how they intend to use people’s
data, and in communicating what can be potentially “leaked” or
inadvertently revealed through digital interactions (see Shaw et al.,
2023, for guidelines on how to use and manage digital data ethically).
The potential to analyze data in these new innovative ways could
offer great insight to human behavior, with prosperous benefits to
domains such as health care, finance, and criminal investigation.
Further research needs to find ways that enable such aspects to
flourish, while mitigating individuals’ concerns, and potential risks to
their private information.

Limitations

There are several limitations that readers must consider when
interpreting our findings. First, although we systematically and
rigorously extracted data from both the human and computer sets of
studies, the vastly different approaches adopted substantially limited
what we could explore in our meta-analytic investigations. That is,
the diversity of types of digital data used and the tendency to focus
analyses on social media platforms such as Facebook, for instance,
limited our moderator analyses, meaning that we could mostly
describe results rather than draw meaningful conclusions from them.
Second, the small number of studies available for each of the
platforms, types of digital data used, etc. (particularly in the human
set of studies) means our results could be subject to second-order
sampling error, and that effect sizes will be more vulnerable to
statistical artifacts. Third, the diversity of approaches and reporting
conventions across the studies (both within and across disciplines)
made it difficult to evaluate all methods, perspectives, analyses, etc.
completely. Moreover, there are no formal mechanisms that readily
support the evaluation of studies beyond the analysis of effect sizes
in meta-analyses. For example, in many reviews and meta-analytic
studies, it is possible to perform quality assessments using a set of
predetermined scales or criteria such as the Newcastle-Ottawa Scale
(Wells et al., 2000) or the JADAD Scale (Jadad et al., 1996).
Although existing assessments cannot be readily applied to the
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reviewed studies, future research could therefore seek to develop
scales or checklists to support such analyses. Fourth, our findings
offer little conceptual or theoretical advancement in relation to
personality in and of themselves, due to the disciplinary norms
discussed earlier (i.e., prioritization of convergent validity, and the
optimization of a computer algorithm’s performance). We hope that
our discussion of these issues, and ideas for moving forward can aid
researchers to address these issues in future research. Finally, the
samples studied were generally limited (either in terms of lacking in
the level of detail reported, or in terms of convenience samples used
in university settings). Taking efforts to diversify such samples and
to improve reporting detail would be highly informative and could
help to better develop moderator analyses in future work.

Conclusions

Understanding people’s personalities is central to many aspects
of our lives, from forming and maintaining relationships, to
predicting how people’s behavior may impact their health, job
performance, even political outcomes. As our interactions become
increasingly digitized, the way in which we can infer information
about people provides opportunities to study human behavior in
new and prosperous ways. Digital traces can be used to challenge
existing psychological theories with computational methods, and
inform data-driven approaches with rich theoretical insights.
Together, these advancements have the potential to revolutionize
our understanding of human behavior. This two-part study has
demonstrated that personality can be predicted from digital traces
and that convergent validity is moderate across both human
perception and computer-based prediction. Humans were particu-
larly good at identifying Openness and Extraversion online,
whereas Neuroticism, Agreeableness, and Conscientiousness
appeared to be more challenging. Although convergent validity
appeared to be lower for computers across all traits, computers
were also good at identifying Openness, but were limited when it
came to identifying Neuroticism and Conscientiousness. These
insights reinforce the theoretical perspective that internalized traits
are more difficult to discern than externalized traits, extending this
understanding to the digital realm. Although research in these areas
has become increasingly popular in recent years, our synthesis has
highlighted that our true understanding of personality (and its
relationship to digital traces) is in its infancy (as evidenced by our
limited explorations of the predictability of different types of data).
As such, we know extremely little about how personality manifests
across different types of digital traces beyond social media, and
across other forms of digital devices. Future research could exploit
these opportunities to develop our understanding of personality
across many areas of society.
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