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Recent years have seen rapid advancements in the way that personality is measured, resulting in a number of
innovative predictive measures being proposed, including using features extracted from videos and social media
profiles. In the context of selection, game- and image-based assessments of personality are emerging, which can

i:;?:;g;y overcome issues like social desirability bias, lack of engagement and low response rates that are associated with
Machine learning traditional self-report measures. Forced-choice formats, where respondents are asked to rank responses, can also
Psychometrics mitigate issues such as acquiescence and social desirability bias. Previously, we reported on the development of a

gamified forced-choice image-based assessment of the Big Five personality traits created for use in selection,
using Lasso regression for the scoring algorithms. In this study, we compare the machine-learning-based Lasso
approach to ordinary least squares regression, as well as the summative approach that is typical of forced-choice
formats. We find that the Lasso approach performs best in terms of generalisability and convergent validity,
although the other methods have greater discriminate validity. We recommend the use of predictive Lasso
regression models for scoring forced-choice image-based measures of personality over the other approaches.
Potential further studies are suggested.

1. Introduction

In this article, we compare machine-learning-based, ordinary least
squares, and summative approaches to scoring a forced-choice image-
based assessment of personality, which we previously reported on the
creation and validation of (Hilliard et al., 2022). While in recent years
new ways of scoring forced-choice assessments have been developed
that can overcome issues associated with traditional forced-choice
scoring approaches (Brown & Maydeu-Olivares, 2011, 2013), these
are typically for multidimensional measures. Since our measure has a
combination of unidimensional and multidimensional items, these
methods have limited applicability. As such, we previously used
machine-learning-based scoring algorithms to overcome these chal-
lenges. Here we extend this work, examining how the use of different
predictor combinations in different models impacts the validity of the
measure. We begin by examining the significance of personality and
how it is measured, both using traditional and more contemporary ap-
proaches, before narrowing our focus to image-based and forced-choice
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measures. We then describe the development of the models and evaluate
their performance in terms of convergent and discriminant validity with
the IPIP-NEO-120 and generalisability from the training to test data. In
line with prior research (Speer & Delacruz, 2021), we conclude that
machine-learning-based approaches outperform other scoring ap-
proaches and that they are a viable alternative option for scoring forced-
choice assessments.

1.1. Measuring personality

An individual's personality has significant implications for many
aspects of their life, including their wellbeing, social relationships,
health, and career success (Roberts et al., 2007; Soldz & Vaillant, 1999).
Indeed, the Big Five personality traits (openness to experience, consci-
entiousness, extraversion, agreeableness and neuroticism or emotional
stability) are routinely tested in pre-employment screenings due to their
ability to predict future job performance (Barrick & Mount, 1991;
Kuncel et al., 2010; Pletzer et al., 2021; Rothmann & Coetzer, 2003;
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Schmidt & Hunter, 1998; Schmitt, 2014). While self-report methods,
such as the International Personality Item Pool (IPIP; Goldberg, 1992)
scales and the NEO-PI R (Costa & McCrae, 2008), have been the default
method of assessing personality until recently, self-report scales are
associated with poor response quality (Krosnick, 1991) and incomplete
responses due to respondent attrition (Yan et al., 2011), particularly if
scales are lengthy. Self-reported measures of personality are also asso-
ciated with social desirability bias or faking (van de Mortel, 2008),
especially in high-stakes contexts, where respondents inflate their scores
more compared to respondents completing the assessment in low stakes
contexts (Arthur et al., 2010). This has implications for the use of per-
sonality assessments in high stakes contexts like recruitment, where
candidates may attempt to inflate their scores to appear more favourably
(Le et al., 2011).

1.2. Alternative ways of measuring personality

To overcome some of the issues associated with self-report measures,
some have proposed using daily adjective-based measures of specific
personality traits to avoid issues with one-time measurements (Di Sarno
et al., 2020) while others have proposed more contemporary measures
to predict personality from a wide range of sources. For example, per-
sonality has been predicted using the facial expressions of individuals in
YouTube videos (Biel et al., 2012) and video interviews (Suen et al.,
2019) and audio (speaking activity and prosody) and non-verbal cues
(looking activity, pose and body movements) of vloggers in YouTube
videos based on annotations of personality (Biel & Gatica-Perez, 2013).
Others have inferred personality, based on observational ratings, from
video resumes using features such as speaking activity, prosody, head
motion, full face events, and overall motion (Nguyen & Gatica-Perez,
2016). Moving away from video analysis, personality has also been
predicted from mobile phone data including calls and text frequency,
GPS data and text response rate (de Montjoye et al., 2013), as well as
through eye movement while running errands (Hoppe et al., 2018) and
Facebook Likes (Kosinski et al., 2013). Others have used a text-based
approach, using language to predict personality. While this is nothing
new given that the Big Five model of personality was derived from
language analysis (Digman, 1990), contemporary approaches use non-
traditional sources of language such as social media posts instead of
essays or descriptions of people and combine them with natural lan-
guage processing computational techniques. For example, based on the
frequency of word use and clusters of topics mentioned in Facebook
status updates, personality has been predicted using latent Dirichlet
allocation, a natural language processing technique used to cluster
words into related topics (Park et al., 2015). Such approaches, therefore,
move away from the need for self-report, reducing the influence of
faking and allowing personality to be measured automatically (e.g. Park
et al., 2015), although impression management on social media is not
uncommon (Schlosser, 2020) so measures could still be affected by so-
cial desirability bias.

Something that is also gaining traction is image-based assessments of
personality, which ask respondents to select images from a predefined
set and use these choices to predict personality through machine-
learning-based algorithms. Assessments of this format are being
offered by commercial providers (e.g., HireVue and Traitify), and are
also being investigated in the literature. For example, Leutner et al.'
(2017) image-based measure of creativity presented respondents with
sets of images and asked them to indicate which image was most like
them. Using predictive algorithms, they predicted creativity scores on
traditional scales, finding that the assessment could accurately measure
curiosity (r = 0.35), cognitive flexibility (r = 0.50) and openness to
experience (r = 0.50). Although this measure only assessed the openness
to experience personality trait, more recent image-based measures have
explored measuring all five traits through image choices. For example,
Krainikovsky et al. (2019) presented respondents with 300 images tag-
ged with information relating to the behavior, objects, emotions, and
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scenery in a set of images and asked them to select 20 to 100 preferred
images. Based on the percentage of chosen pictures which related to
specific tags, they predicted Big Five scores, with convergence with the
NEO PI ranging from r = 0.06 for neuroticism to r = 0.28 for agree-
ableness. More recently, an image-based assessment of personality
designed for use in selection used image choices from pairs of images
mapped to the Big Five traits to predict personality, with convergence
with the IPIP-NEO-120 ranging from 0.60 for agreeableness to 0.78 for
extraversion (Hilliard et al., 2022).

The advantage of image-based assessments is that they are language
neutral, meaning that they can remove language barriers to make the
assessment more accessible to individuals like those with dyslexia (De
Beer et al., 2014). They can also be taken by people speaking different
languages without having to create language specific items (Paunonen
et al., 1990), like is needed with questionnaire-based measures (Zhang
et al.,, 2017). Images appear to elicit stronger preferences from re-
spondents than questionnaire-based measures (Meissner & Rothermund,
2015), which could potentially contribute towards more rapid mea-
surement if less time is spent deliberating. In addition, if the image-
based measures are gamified (e.g., Hilliard et al., 2022) by adding fea-
tures like sound effects and progress bars (Landers et al., 2021), this can
have additional benefits since game-based assessments elicit less test-
taking anxiety (Mavridis & Tsiatsos, 2017; Smits & Charlier, 2011),
are generally quicker to complete (Georgiou & Nikolaou, 2020; Leutner
et al., 2020), and can be more engaging for respondents (Lieberoth,
2015). Assessments in this format can, therefore, overcome some of the
issues associated with traditional self-report measures. This is particu-
larly beneficial in the domain of recruitment since applicant perceptions
of a selection process can influence how likely they are to accept a job
offer (Hausknecht et al., 2004), which can have implications both for
candidates and hiring managers who could potentially miss out on top
talent if they have an unengaging recruitment process.

1.3. Forced-choice assessments

Forced-choice assessments vary from traditional self-report assess-
ments in that they ask respondents to indicate the responses that are
most and least like them, instead of asking them where they lie along a
scale. Assessments of this type typically have two or four response op-
tions, with the most common format being multidimensional i.e.
showing blocks of response options with statements from multiple
constructs (Hontangas et al., 2015). In the context of personality, a
respondent could be shown statements relating to multiple traits and
asked to identify the statements they identify with most and least. As-
sessments of this format can prevent central tendency and extreme
response styles (Brown & Maydeu-Olivares, 2013) since there is no
midpoint, as well as acquiescence responding, where respondents select
both positive and negative statements, since they are not able to endorse
all of the statements presented to them (Brown & Maydeu-Olivares,
2013). Further, they are more resistant to faking than traditional mea-
sures (Salgado & Tauriz, 2014), which is particularly important in high-
stakes contexts like recruitment.

The most typical way of scoring two-item forced-choice measures is
by allocating a score of 1 when a positive item is selected (e.g., high
extraversion) and a score of 0 when a negative item is selected (e.g., low
extraversion). When the measure is multidimensional, featuring positive
statements about two different traits, the selected statement is given a
score of 1 and the unselected a score of 0. Therefore, the total score for
that trait is calculated by summing the number of positive items selected
relating to that trait (Hontangas et al., 2015). When the blocks have
more than two statements and respondents are asked to indicate the
most and least like them, the item selected for most is given 2 points, the
unselected 1 point, and the least favoured O points. Again, scores for
each construct are calculated by summing the number of points relating
to each trait (Hontangas et al., 2015).

Due to the fact that multidimensional forced-choice measures result
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in ipsative scales, where the score on one dimension is relative to
another dimension and the overall score for each respondent across the
constructs is the same, concerns have been raised about how well in-
dividuals can be compared since it is impossible to score above or below
the mean score for all constructs (Brown & Maydeu-Olivares, 2011).
However, mixed-dimensional forced-choice formats, or those combining
multidimensional and unidimensional items, are not prone to ipsative
scoring in the same way as fully multidimensional measures as they
behave more like a traditional questionnaire-based method. To combat
the issue of ipsative scores with multidimensional measures, alternative
ways of scoring forced-choice measures have been proposed, based on
Item Response Theory (IRT) and Thurstone's framework for comparative
data (Brown & Maydeu-Olivares, 2011, 2013). These models, which are
estimated by structured equation modeling, are more similar to tradi-
tional models that would be seen with Likert-scale-based measures, with
structured factor loadings and uniqueness (Brown & Maydeu-Olivares,
2011), allowing the scores to be better compared between individuals
(see Brown & Maydeu-Olivares, 2011, 2013 for an overview of the
approach). Indeed, comparisons of traditional and IRT-based scoring of
forced-choice measures found the IRT scoring to perform better across
multiple types of forced-choice measures in terms of the correlation
between the true score and that estimated by the traditional and IRT
approaches (Hontangas et al., 2015). However, such approaches are
typically focused on fully multidimensional measures due to their
ipsative nature, with fewer efforts being focused on scoring approaches
for measures that use a combination of unidimensional and multidi-
mensional items.

1.4. Predictive scoring

In contrast to questionnaire-based measures, many contemporary
measures of personality use predictive scoring algorithms, using data
either from alternative assessments or unstructured data from free text
or videos, for example, to predict personality scores on traditional
measures (Biel et al., 2012; Hilliard et al., 2022; Kosinski et al., 2013;
Leutner et al., 2017; Park et al., 2015). Models of this type, that predict a
specified outcome, are said to be supervised (Nasteski, 2017). This is in
contrast to unsupervised learning, where algorithms are used to identify
clusters in the data, with no specified target variable (see Rosenbusch
et al., 2021 for an overview of the types of learning). Since the per-
sonality scores are known, these approaches therefore use supervised
learning.

While it is possible to use ordinary least squares regression (OLS) to
predict scores, predictive measures typically have a large number of
predictors, meaning there is a small n/p ratio (Putka et al., 2018). As a
result of OLS being designed to minimise the sum of the squared dif-
ference between the actual score and predicted score, this can lead to
overfitting of the model to the data it was trained on, particularly at
small n/p ratios (McNeish, 2015). Since the assessment will be taken by
individuals other than those the model was trained on, this can result in
the model performing poorly when applied to other samples, limiting its
usefulness as a scoring algorithm. Machine learning approaches to
prediction can help to overcome this. One approach used in machine
learning is least absolute shrinkage and selection operator (Lasso)
(Tibshirani, 1996), which introduces bias into the model, therefore
reducing the impact of variance between datasets on the performance of
the model due to the bias-variance trade-off (McNeish, 2015). Therefore,
compared to OLS regression, Lasso produces a model that is more gen-
eralisable to datasets other than the one it was trained on, being more
suitable for a scoring algorithm. Another advantage of Lasso regression
is that as a result of the regularisation parameter lambda (1), the coef-
ficient of some predictors is reduced to zero, removing them from the
model (McNeish, 2015). Consequently, only the predictors that are most
powerful are retained in the model, reducing the complexity of the
model and increasing its interpretability (Tibshirani, 1996).

Previously, we reported on the use of Lasso regression to create
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scoring algorithms for a forced-choice image-based assessment of per-
sonality, which presented respondents with pairs of images (items)
mapped to the Big Five personality traits and asked them which image in
the pair is most like them. After refinement, 150 item pairs (300 images)
were retained in the assessment, with these predictors being binarised to
represent whether a respondent selected the image or not (Hilliard et al.,
2022). All 300 predictors, regardless of which trait they were designed
to measure, were entered into the models and used to predict Big Five
scores on the IPIP-NEO-120 (Johnson, 2014). This study aims to
compare the convergent and discriminant validity, as well as general-
isability, of multiple approaches to scoring the image-based assessment:

a) Lasso regression using all 300 predictors,

b) Lasso regression using only the items mapped to each trait (i.e. image
pairs that were mapped onto the Big Five traits by the team of [—0O
psychologists who designed them),

c) OLS regression using all 300 predictors,

d) OLS regression using only the items designed to measure each trait,
and.

e) the summative approach to forced-choice measures (again using
image pairs as mapped by I—O psychologists).

These models are elaborated on below. Convergent validity will be
measured as the correlation between the image-based score and the
score on the traditional personality test and discriminant validity will be
measured as the inter correlations between the five personality traits
and compared to inter correlations on the traditional personality test.
Generalisability will be determined by comparing the correlation for the
training and test sets, as this can be used to establish how well the model
can be applied to unseen data (Jacobucci et al., 2016). It was expected
that the machine-learning-based approaches would perform the best in
terms of convergent validity and generalisability, followed by the OLS
approaches and then the summative approach.

2. Method

Our previously developed image-based measure of personality
(Hilliard et al., 2022) presents respondents with pairs of images and asks
them to indicate which image in their pair is more like them, with the
image pairs, or items, being intended to map on to the statements from
the IPIP scales (Goldberg, 1992). Items are either single trait (unidi-
mensional), featuring high and low levels of a single trait, or mixed-trait
(multi-dimensional), with the images showing high levels of two
different traits (see Hilliard et al., 2022 for an example). The measure,
therefore, contains both unidimensional and multidimensional items.
Previously, we examined the validity of the measure based on scoring
algorithms created using Lasso regression, where all 300 images (150
pairs) were entered as predictors into the model for each trait. This data
driven approach was chosen to maximise the predictive validity of the
measure. In addition, supervised machine learning approaches can
reflect variance from items that contribute to but are not designed to
measure a trait since some facets from different traits can be similar
(Speer & Delacruz, 2021) (e.g. excitement-seeking from extraversion
and adventurousness from openness to experience). This study extends
our previous findings, comparing the performance of multiple scoring
approaches, including our initial scoring algorithms, in terms of
convergent and divergent validity with the IPIP-NEO-120 (Johnson,
2014) and generalisability beyond the training data.

2.1. Participants

For the purpose of this study, we use the same sample as our previous
research, namely 431 compensated respondents recruited using Prolific
Academic (222 female; 356 under 40 years old; 209 White, 73 Black, 66
Asian, 56 Hispanic, 14 Mixed Race). Respondents took the 150-item
image-based assessment along with the IPIP-NEO-120 (Johnson,
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2014). The 150 items described in this study were previously selected
from a larger item pool based on a sample of 300 compensated re-
spondents (Mage = 31.14, SD = 9.26, 69 % female) who took the IPIP-
NEO-120 along with 100 of the image-based items. Based on this sample,
the 150 best-performing items were selected based on Cohen's d values,
which represented the difference in the Big Five scores of respondents
selecting image one versus image two (Hilliard et al., 2022), where items
with higher Cohen's d values performed better and were therefore
selected to be retained. These values also enabled the mapping of items
to the trait they did measure, instead of what they were intended to
measure, by assigning the item to the trait corresponding to the highest
Cohen's d value (see Hilliard et al., 2022).

2.2. Procedure

In our previous study (Hilliard et al., 2022), we created a separate
scoring algorithm for each Big Five trait, with neuroticism being
reversed to emotional stability. Specifically, binarised responses to all
300 images were used as the predictor variables and IPIP-NEO-120
scores for the relevant trait as the outcome variable in Lasso models.
This approach was selected as the regularisation parameter A results in
some predictors being removed from the model, therefore producing a
model with fewer predictors that is more interpretable (McNeish, 2015;
Tibshirani, 1996), allowing it to be examined whether the items
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intended to measure each trait were indeed the most predictive of that
trait.

To extend our previous research, in the current study we compare the
performance of multiple scoring approaches using both different models
(Lasso, OLS and summative) and different combinations of predictors.
Since the models are designed to be used as scoring algorithms and
therefore need to be generalisable beyond the sample they were trained
on, a train-test split was used, with the models being trained on 70 % (n
= 323) of the data and tested on the remaining 30 % of the data. This
approach allows the generalisability of the models to be examined
(Jacobucci et al., 2016) and is common in machine learning since it
offers an opportunity for cross-validation. We describe each of the
models below.

2.2.1. Lasso models

a) Lasso 300 —regression using all 300 binarised predictors in the model
for each trait (Hilliard et al., 2022), with a separate model being
created to predict each Big Five trait. This approach was taken as it
allowed examination of whether the items designed to measure each
trait were predictive of scores for that trait through examining the
items retained by each model.

Table 1

Descriptive statistics for the scores for each model (N = 431).
Trait Mean SD Min Max Range Skewness Kurtosis
IPIP-NEO-120
Openness 82.84 12.02 34.00 114.00 80.00 -0.32 0.59
Conscientiousness 86.31 15.14 16.00 120.00 104.00 —0.54 1.05
Extraversion 75.98 15.12 11.00 114.00 103.00 —0.30 —0.54
Agreeableness 90.32 13.64 13.00 119.00 106.00 -1.11 341
Emotional stability 76.10 18.69 10.00 120.00 110.00 -0.27 -0.15
a) Lasso 300
Openness 82.89 7.19 59.16 102.31 43.16 —-0.05 0.03
Conscientiousness 86.79 10.68 52.17 110.84 58.67 —0.51 —0.12
Extraversion 76.07 11.77 44.2 101.97 57.77 -0.11 —0.65
Agreeableness 90.2 8.46 59.8 110.54 50.74 —0.54 0.51
Emotional stability 75.71 12.67 42.35 100.84 58.49 -0.37 —0.49
b) Lasso intended
Openness 82.89 4.92 68.93 94.72 25.79 —0.31 —0.29
Conscientiousness 86.57 8.89 63.25 105.09 41.84 —0.40 —0.54
Extraversion 75.95 9.77 53.95 97.52 43.57 —0.05 —0.85
Agreeableness 90.41 6.75 68.22 104.88 36.66 —0.58 0.02
Emotional stability 75.33 10.57 50.84 94.71 43.87 —0.42 0.87
c¢) OLS 300
Openness 82.93 11.09 46.75 116.91 70.15 0.01 0.11
Conscientiousness 86.71 14.70 32.97 135.68 102.71 -0.17 0.25
Extraversion 75.84 14.02 33.96 109.69 75.73 —0.27 —0.21
Agreeableness 90.25 11.95 38.71 118.60 79.89 —0.66 0.84
Emotional stability 75.70 16.73 25.67 113.89 88.22 —0.42 -0.17
d) OLS intended
Openness 82.91 8.14 60.41 102.87 42.46 —0.24 —0.29
Conscientiousness 86.59 11.78 52.27 113.69 61.42 —0.31 —0.26
Extraversion 75.98 12.18 45.25 106.45 61.20 -0.16 —0.46
Agreeableness 90.48 9.91 49.80 113.43 63.63 -0.71 0.67
Emotional stability 75.29 13.12 38.00 103.31 65.31 —0.35 —0.67
e) Summative
Openness 20.17 6.63 3.00 37.00 34.00 —0.10 —0.32
Conscientiousness 32.35 7.00 9.00 50.00 41.00 —0.30 —0.05
Extraversion 22.37 9.23 3.00 46.00 43.00 0.05 -0.71
Agreeableness 29.58 6.17 9.00 43.00 34.00 —0.33 0.00
Emotional stability 17.12 4.09 5.00 30.00 25.00 —0.13 —0.05
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b) Lasso intended - regression using only the items designed to measure
each trait (from both the single- and mixed-trait pairs) for each
model.

2.2.2. OLS models

c) OLS 300 — OLS regression using all 300 predictors, using the same
approach as a), resulting in a low n/p ratio as no predictors were
removed from the models.

d) OLS intended — regression using only the items intended to measure
each trait (from both the single- and mixed-trait pairs) for each
model, resulting in a higher n/p ration than c).

2.2.3. Summative approach

e) Summative — Since the measure contains both single- and mixed-trait
pairs (both unidimensional and multidimensional pairs), the tradi-
tional summative approach to forced-choice measures was used as
this approach would not result in ipsative scores and the popular IRT
model (Brown & Maydeu-Olivares, 2011) is only suitable for fully
dimensional measures. For the single trait pairs, the positive (high
levels) image was assigned a score of 1 and the negative a score of 0.
For the mixed-trait pairs, the selected image was assigned a score of 1
and the non-selected 0. Scores were calculated by summing the
number of points for each trait.

2.3. Analysis

Model accuracy was determined by correlating the actual and pre-
dicted scores (Cui & Gong, 2018) for the training set, while convergent
validity with the IPIP-NEO-120 was determined using the correlation for
the test set. Although the summative approach is not trained in the same
way that a predictive approach is, scores were still grouped into training
and test sets to allow for better comparison with the regression models.
Further, generalisablity of the model was determined by examining the
disparity between the correlation for the training and test sets since this
can give insight into how generalisable the models are beyond the
training data (Jacobucci et al., 2016).

3. Results

The descriptive statistics for each model can be seen in Table 1,
where all predictive models result in a similar distribution of scores
regardless of the predictors included in or retained in the model and
have a similar mean value compared to the IPIP-NEO-120 scores. Since
the number of items designed to measure each trait varies (openness: 49,
conscientiousness: 75, extraversion: 67, agreeableness: 62, emotional
stability: 47), the maximum score for each trait differs accordingly for
the summative scoring approach, resulting in lower mean scores and
smaller ranges for the summative models compared to the predictive
models. Further, the total score across all five traits for the summative
approach ranged from 98 to 140 (M = 121.59, SD = 8.50), demon-
strating that the measure is not prone to the issues resulting from ipsa-
tive scores that fully multidimensional scales are.

The performance of each model, for both the training and test set,
can be seen in Table 2. Since the summative model does not use a
regression line, the mean squared error (MSE) and R? statistics cannot be
calculated using this measure. In general, the Lasso models had the
highest convergent validity with scores on the IPIP-NEO-120, with
convergent validity for model a) (Lasso 300) ranging from 0.60 for
agreeableness to 0.78 for extraversion and model b) (Lasso intended)
ranging from 0.58 for agreeableness to 0.77 for extraversion, performing
similarly to the prior model. In contrast, the convergence between
model c¢) (OLS 300) ranged from 0.45 for agreeableness to 0.58 for ex-
traversion and model d) (OLS intended) ranged from 0.52 from agree-
ableness and emotional stability to 0.72 for extraversion. Finally,
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Table 2
Performance of each model (N = 431).

Training (n = 323) Test (n=108)

Trait r R? MSE r R? MSE
a) Lasso 300

Openness 0.77** 0.56 65.63 0.50 64.46
Conscientiousness 0.82%* 0.66 82.62 0.47 97.26
Extraversion 0.86"* 0.74 61.23 0.61 82.28
Agreeableness 0.77%* 0.56 84.97 0.60%* 0.34 103.03
Emotional Stability ~ 0.80**  0.63  131.35  0.70*" 0.47 17529
b) Lasso intended

Openness 0.60** 0.31 102.74 0.42 73.93
Conscientiousness 0.71** 0.49 124.05 0.48 95.81
Extraversion o 0.58 98.44 0.58 89.52
Agreeableness 0.38 121.25 0.34 103.10
Emotional Stability 0.66"* 0.43 201.86 0.44 185.42
c) OLS 300

Openness 0.83** 0.69 45.91 —-0.10 141.01
Conscientiousness 0.88** 0.78 53.45 —0.46 267.97
Extraversion 0.90%* 0.82 42.65 0.16 177.97
Agreeableness 0.82%* 0.67 64.04 -0.18 183.95
Emotional Stability 0.85** 0.73 96.08 0.01 327.20
d) OLS intended

Openness 0.63"* 0.40 89.81 0.30 89.95
Conscientiousness 0.75%* 0.56 106.98 0.37 115.10
Extraversion 0.80** 0.64 84.17 0.50 104.99
Agreeableness 0.67** 0.45 107.98 0.12 137.59
Emotional Stability 0.69** 0.47 187.59 0.40 195.51

e) Summative

Openness 0.34**
Conscientiousness 0.46**
Extraversion 0.66"*
Agreeableness 0.52%*

Emotional Stability 0.43**

" p<.001.

convergence for model e) (summative) ranged from 0.41 for emotional
stability to 0.73 for extraversion. Further, the convergence for the
training and test sets for the Lasso models, while lower for the test set,
were similar for the training and test sets, indicating that the models are
generalisable beyond the data they were trained on. The OLS models,
particularly model c), have greater disparity between the correlations
for the training and test sets, illustrating how OLS can be prone to
overfitting, especially with small n/p ratios. Finally, model e) had no
issues with generalisability since it is not a predictive model, although
the range of correlations was large and the only model that performed
particularly well was the model for extraversion, which has a consid-
erably higher correlation compared to the other traits. Based on these
findings, the Lasso models performed the best in terms of both conver-
gent and generalisability, with the full Lasso models (Lasso 300) per-
forming better than the Lasso intended models, followed by OLS models.
The OLS intended models performed better than the OLS intended
models, likely due to overfitting with the latter model due to the large

Table 3
Predictors retained by each predictive model and completion time estimates for
an assessment with the respective number of (unique) items.

Model (0] C E A ES Total Time (mins)
a) Lasso 300 13 26 32 23 30 102 2.5

b) Lasso intended 5 10 19 16 12 62 1

¢) OLS 300 300 300 300 300 300 300 5

d) OLS intended 49 75 67 62 47 300 5

e) Summative 49 75 67 62 47 300 5
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Table 4
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Mulitrait-multimethod correlation matrix for the test set of all models. Convergent correlations with the IPIP-NEO-120 are in bold and the diagonal shows convergent

correlations for the training set.

1 2 3 4 5 6 7 8 9 10 11 12 13

IPIP-NEO-120
1.0 1.00
2.C 0.10 1.00
3.E 0.29* 0.35%* 1.00
4. A 0.31%* 0.50** 0.12 1.00
5. ES 0.01 0.63"* 0.54"* 0.30%* 1.00
a) Lasso 300
6.0 0.71 0.05 0.39%* 0.31%* (0.77%%)
7.C —0.04 0.70 0.21* 0.32%* 0.00
8. E 0.26%* 0.30** 0.78 0.12 0.48%*
9. A 0.18 0.13 0.60 0.46"*
10. ES 0.08 0.57%* 0.21* 0.19 (0.80%%)
b) Lasso intended
11.0 0.68 -0.17 0.20* 0.03 -0.10 0.77 —0.23* 0.25%* 0.10 —0.05 .(60"%)
12.C —-0.14 0.70 0.20* 0.23* 0.46** -0.11 0.89%* 0.27** 0.38** —0.32%* (0.71%%)
13.E 0.12 0.21* 0.77 0.05 0.41%* 0.33° 0.18 0.89%* 0.12 0.17 0.19* (0.77%%)
14. A 0.18 0.337* 0.05 0.58 0.18 o 0.47%* 0.15 0.93%* 0.06 0.30%* 0.04
15. ES 0.08 0.477* 0.56* 0.15 0.69 0.59* 0.66"* 0.20* —0.06 0.50%* 0.50"*
¢) OLS 300
16. 0 0.55 -0.07 0.21* 0.25%* —0.05 0.36** 0.13 0.69%* -0.15 0.25%*
17.C —-0.05 0.46 0.05 0.29%* 0.40** 0.20* 0.54** -0.12 0.64"* 0.03
18.E 0.21* 0.18 0.58 0.12 0.40* 0.87+* 0.61** 0.25%* 0.15 0.71%*
19. A 0.08 0.22* 0.02 0.45 0.13 0.16 0.30%* 0.12 0.21* 0.08
20. ES 0.16 0.35"* 0.43** 0.21* 0.52 0.59%* 0.86** 0.08 0.30%* 0.43**
d) OLS intended
21.0 0.59 -0.12 0.24* 0.02 —-0.10 0.72%* —0.24* 0.27%* 0.10 —0.05 0.92%* —0.30" 0.23*
22.C —0.05 0.66 0.20* 0.31%* 0.44** 0.01 0.88%* 0.30** 0.48"* o —0.23* 0.94** 0.17
23.E 0.12 0.28** 0.72 0.12 0.46** 0.35%* 0.26%* 0.87** 0.21* 0.15 0.24* 0.94**
24. A 0.14 0.28"* 0.05 0.52 0.18 0.38%* 0.44** 0.16 0.86"* § 0.07 . 0.03
25. ES 0.03 0.467* 0.50%* 0.16 0.66 0.14 0.58%* 0.61** 0.20* 0.84 —0.09 0.50* 0.43**
e) Summative
26. 0 0.53 —0.37"* —0.19* -0.11 —0.30%* 0.47* —0.42%* —0.21* —0.37%* 0.71%*
27.C —0.34"* 0.52 -0.21* 0.00 0.16 —0.45"* 0.60%* 0.05 0.12 —0.51**
28.E 0.06 0.05 0.73 -0.10 0.31%* 0.23* —0.03 —0.07 0.42%* 0.17
29. A 0.12 0.22* 0.06 0.54 0.10 0.37%* 0.33%* 0.84"* 0.25* 0.10
30. ES —-0.15 0.27%* 0.15 0.11 0.41 —0.23* 0.46** 0.05 0.54** —0.34"*

**p < .001.

*p < .05.

number of predictors. The summative approach performed least well, as
only moderate convergent correlations were present for the majority of
the traits.

As a result of the regularisation parameter A, some predictors were
removed from the Lasso models. Table 3 shows the number of predictors
retained by each model. Since the Lasso models used the fewest pre-
dictors but had the highest convergent validity compared to the OLS and
summative approaches and were more generalisable, this demonstrates
the benefits of using machine-learning-based approaches in predictive
measures when measuring personality through alternative formats.
When all 300 images were entered as predictors, as can be seen in
Table S1, some of the predictors were retained by multiple models,
signalling that through using this approach, personality can be rapidly
measured through a small number of items that are relevant to multiple
traits. In contrast, similar (but lower) convergence is achieved through
OLS regression using all 150 items, which would result in a longer
completion time. Further, all models contained a mixture of both

multidimensional and unidimensional images (see Table S1), retaining
the structure of the assessment even when some images were removed
from the models and therefore avoiding ipsative scores.

The correlation matrix for the models is shown in Table 4. Using a
multitrait-multi-method approach, the convergent and discriminate
validity of the measures can be determined (Campbell & Fiske, 1959).
There is greater discriminate validity for model b) (Lasso intended)
compared to model a) (Lasso 300). Models c) and d) (OLS 300 and OLS
intended, respectively) have greater discriminate validity than models
a) and b), although this is at the expense of the convergent validity of the
models, suggesting that the lower discriminate validity is due to weaker
correlations overall. Model e) has the greatest discriminate validity
compared to the other models, but also has much lower convergent
validity for most traits.



A. Hilliard et al.

Acta Psychologica 228 (2022) 103659

14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
IPIP-NEO-120

a) Lasso 300
b) Lasso intended

(0.647%)

0.16  (0.66*%)
¢) OLS 300

0.33**  0.07  (0.83*%)

0.46*  0.40**  0.11  (0.88"%)

0.21*  0.50** 0.33**

0.76*  0.08 0.52+* (0.82%)

0.34%*  0.68** 0.50** 0.44**  (0.85*%)
d) OLS intended

0.04 0.68"* 0.10 (0.63"%)

0.417++ 0.01 0.347* —0.24%  (0.75%%)

0.11 0.31%* 0.17 0.20* . .(80°%)

0.947* 018  0.35%* 0.75** 0.03 .43 0.10  (0.67%%)

0.16  0.97**  0.04 0.07 -0.12  0.52**  0.45%%  0.21*  (0.69*%)
e) Summative

-0.21*  -0.30** 0.41** -0.23* -0.14 -0.12 -0.18 056 -0.40** -031** -0.16 -0.28"* (0.34*%)

0.00 0.11  —0.39** 0.43** -0.22° -0.05 -0.03 —0.46"* 0.61** —0.23*  0.02 0.17

—0.10  0.41**  0.14 -0.15  0.58**  —0.08  0.30%*  0.24* 0.00  0.79**  —0.09  0.34** (0.66"*)

0.92** 010  0.30** 0.22*  0.68** .25* 017  0.82**  0.09 0.01  (0.52%%)

0.03  0.62°*  —0.13 0.15 0.05 0.12 0.04  0.57%* 0.06 —-0.06  (0.43"%)

3.1. Image intention versus image mapping
When refining the measure, we examined whether the item mapped
Table 5 to the trait that it was intended to measure. Based on the Cohen's

Model performance for the Lasso and OLS mapped models.

Training (n = 323)

Test (n=108)

Trait r R? MSE r R? MSE
Lasso mapped

Openness 0.31 103.40 0.40 76.80
Conscientiousness 0.49 123.18 0.46 98.53
Extraversion . 0.55 105.13 0.56 93.78
Agreeableness .64* 0.37 123.12 0.35 101.27
Emotional Stability 0.67* 0.44 198.78 0.41 194.88
OLS mapped

Openness 0.39 91.48 0.27 92.82
Conscientiousness 0.55 110.31 0.32 124.57
Extraversion 0.59 95.86 0.46 114.52
Agreeableness 0.45 108.12 0.25 117.53
Emotional Stability 0.49 181.88 0.35 213.49

" p<.001.

d values calculated in our previous study, 60 % of the items were
mapped to the trait they were intended to measure (see Hilliard et al.,
2022 for procedure). To examine whether the performance of the
models improved when including only the items mapped to the trait,
models b) (Lasso intended) and d) (OLS intended) were redeveloped
using only the items mapped to each trait using the Cohen's d values
(Hilliard et al., 2022), instead of the items intended to measure that
trait, as determined by the I—O psychologists. As can be seen in Table 5,
the convergence of these models is similar to that of models b) and d),
with correlations ranging from 0.59 for agreeableness to 0.76 for ex-
traversion for the Lasso mapped model and 0.56 for openness to 0.68 for
extraversion for the OLS mapped model. The summative approach was
not investigated for the mapped trait as the Cohen's d values only indi-
cated that there was a large difference in scores, not whether the image
that was designed to be positive was in fact positive for the mapped trait.
The coefficients of items for all models can be seen in Table S1.
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4. Discussion

This study aimed to compare the performance of machine-learning-
based, OLS-regression-based and summative approaches to scoring a
forced-choice image-based assessment of the Big Five personality traits.
In this section, we compare the performance of each model in terms of
generalisability and convergent and discriminate validity with the IPIP-
NEO-120. We then provide some potential areas for further research,
such as an examination of the predictive validity of the different models
for predicting job performance.

4.1. Model evaluation

In this study, we compared the performance of a) Lasso regression
using all 300 predictors (150 image pairs), b) Lasso regression using only
the images intended to measure each trait, ¢) OLS regression using all
300 images in each model, d) OLS regression using only the images
mapped to each trait in each model, and e) the summative approach to
forced-choice assessments. In terms of convergent validity, the Lasso
300 model performed best, followed by Lasso intended, then OLS
intended, then OLS 300, and finally the summative model. The two
Lasso models performed similarly, and the use of items mapped to each
trait, instead of the items intended to measure each trait, did not make a
large difference. The OLS intended model performed better than the OLS
300 model, although not as well as the Lasso models. Again, the inclu-
sion of the items mapped to the trait, rather than intended to measure
the trait, did not make a big difference on the performance of the model.
The worse performance of the OLS models compared to the Lasso models
is likely due to the large number of predictors, which would have been a
particular issue for the OLS 300 models since they had a much greater
number of predictors than the models using only the items intended to
measure the trait, likely leading to overfitting (McNeish, 2015). While
the summative approach appears to have a large range of convergence
values, where the upper end is more in line with the convergence for the
other models, this is due to a particularly high correlation for extra-
version (r = 0.73). In contrast, the correlation for emotional stability is
particularly low at r = 0.41 and for the remaining traits, convergent
validity is around 0.51. Not only is the summative approach less
consistent, but the correlations for the remaining traits are also rela-
tively low compared to the correlations for the Lasso and OLS models.

In terms of discriminate validity, the summative approach had
smaller correlations than the other approaches and the Lasso models had
the largest correlations, therefore following the inverse of the pattern for
convergent validity. This suggests that the Lasso models have greater
correlations overall, and the summative models have lower correlations.
Therefore, none of the approaches we tested can both maximise
convergent validity while also maximising discriminate validity. Finally,
in terms of generalisability, since the summative models are not pre-
dictive, there is no issue with generalisability to unseen data. For the
predictive models, generalisability, determined by comparing correla-
tions for the training and test set since the test set acts as an unseen
sample (Jacobucci et al., 2016), was greater for the Lasso models than
OLS models. However, for the Lasso models, model b) (Lasso intended)
had more similar correlations for the training and test sets than model a)
(Lasso 300). Models c¢) (OLS 300) and d) (OLS intended) had lower
generalisability, with model c) having a particularly big disparity be-
tween the training and test sets, likely due to the small n/p ratio and
overfitting of the model.

Due to the generally better performance of the machine-learning-
based scoring models, which confirms our hypothesis, we recommend
that a machine-learning-based approach to scoring forced-choice mea-
sures of personality, particularly those of an image-based format, is a
viable option. This finding is in line with previous findings that the
convergent validity of forced-choice personality measures is stronger
when they are scored using supervised machine learning approaches, as
opposed to typical forced-choice scoring approaches (Speer & Delacruz,
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2021). As well as the better performance of the machine learning models
in our study, Lasso has the additional benefit of removing predictors
from the models, leaving only those with the greatest predictive power
and resulting in a more interpretable model (Tibshirani, 1996), as well
as allowing shorter measures to be derived. This therefore has implica-
tions for personality measurement, where more complex assessments
based on non-traditional formats or data sources that traditional scoring
approaches are not sophisticated enough for can be created and scored
using machine learning techniques increasing opportunities for
innovation.

4.2. Further studies

Since studies investigating forced-choice, image-based assessments
of personality are sparse in the literature, there are a number of di-
rections that future research could take. For example, further studies
could more comprehensively examine how the models perform in terms
of their discriminant validity relating to other traits since only the IPIP-
NEO-120 was used as a point of comparison in this study. Additionally,
since other machine learning approaches have been suggested to be
appropriate for scoring a forced-choice personality measure, including
elastic net regression, deep neural networks, and random forest (Speer &
Delacruz, 2021) future studies could compare different machine
learning approaches to examine if the performance of the models can be
improved further. Alternatively, future research could move away from
machine learning based approaches and instead seek to develop an IRT-
based scoring approach for unidimensional or mixed dimensional
measures since current efforts have focused on IRT approaches for fully
multidimensional measures (e.g. Brown & Maydeu-Olivares, 2011,
2013).

Moreover, since the Lasso models reduce the number of predictors
retained, (Tibshirani, 1996) further research could examine how these
items can be combined to create a measure that rapidly, and accurately,
measures personality in around 1 min. These new measures, along with
the one described in this study and our previous work (Hilliard et al.,
2022), could be examined for predictive validity, using job performance
ratings to examine whether the different scoring approaches and com-
binations of items differ in their ability to predict future job perfor-
mance. Additionally, future research could address one of the major
limitations of the current study, where the measure was only investi-
gated in relation to English-speaking respondents. Although it is claimed
that image-based measures do not need to be redeveloped in the target
language (Paunonen et al., 1990), the interpretation of image meaning
may vary between cultures, meaning that the models may perform
differently in other cultures. This could have a particular implication for
the Lasso models since the images retained in the models for one lan-
guage or culture may be less predictive of personality in another culture.
Consequently, future research could use a cross-cultural approach to
examine the performance of the measure and each model in different
cultures.

5. Conclusion

This study supports the use of machine-learning-based scoring
models for forced-choice personality assessments, particularly those
designed for high-stakes contexts like selection. We found that the
machine-learning-based Lasso models performed the best in terms of
generalisability and convergent validity, although discriminate validity
was weaker than the OLS and summative models. The OLS models had
acceptable performance, but resulted in less interpretable models that
retained all predictors and were less generalisable to unseen data, likely
due to overfitting (McNeish, 2015), particularly with the model using all
300 predictors due to the small n/p ratio. The summative approach
performed least well, although it does not have issues with general-
isability like predictive approaches can. Based on these findings, we
recommend that the best approach to scoring forced-choice personality
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measures, particularly if they have an image-based format, is through
machine-learning-based predictive scoring algorithms. Based on our
findings, we recommend the use of machine learning based predictive
scoring algorithms for forced-choice assessments over OLS or summative
approaches since machine learning algorithms can maximise the accu-
racy of the model and generalisability of models to unseen data.
Through machine learning, shorter measures can be developed, allow-
ing personality to be measures rapidly through forced-choice state-
ments. While we did not examine whether machine learning can
maximise the predictive validity of a measure, our findings show
promise for machine learning as a viable scoring method for forced-
choice assessments of personality and highlight the possibility for
innovative measures of personality to be developed and scored by ma-
chine learning.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.actpsy.2022.103659.
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