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Abstract: Modern prediction methods from machine learning (ML) and artificial intelligence (AI) are becoming increasingly popular, also in the
field of psychological assessment. These methods provide unprecedented flexibility for modeling large numbers of predictor variables and
non-linear associations between predictors and responses. In this paper, we aim to look at what these methods may contribute to the
assessment of criterion validity and their possible drawbacks. We apply a range of modern statistical prediction methods to a dataset for
predicting the university major completed, based on the subscales and items of a scale for vocational preferences. The results indicate that
logistic regression combined with regularization performs strikingly well already in terms of predictive accuracy. More sophisticated
techniques for incorporating non-linearities can further contribute to predictive accuracy and validity, but often marginally.

Keywords: criterion validity, predictive accuracy, cross-validation, machine learning

“When we raise money it’s AI, when we hire it’s
machine learning, and when we do the work it’s logis-
tic regression.”

(Tweet by bio-statistician Daniella Witten;
original author unknown;

https://twitter.com/daniela_witten)

Machine learning (ML) and artificial intelligence (AI) are
familiar buzzwords in many fields of empirical research,
including psychology. In the field of psychological assess-
ment, interest and application of these methods are also
increasing. We believe ML and AI have the potential to con-
tribute to our field, but the buzz around these methods can
be reminiscent of the tale of the emperor’s new clothes. We
believe when it comes to ML and AI, the emperor is, in fact,
wearing clothes, but they are often not so new. Many of the
techniques presented as machine learning (e.g., cross-vali-
dation, regularization, ensembling) have long been known
and fruitfully applied in statistics, psychometrics, and psy-
chological assessment.

In the current paper, we look at how several modern
methods from statistics, ML and AI may contribute to our

field and what their limitations are. Note, we will use the
term statistical learning to refer to both traditional andmore
recent (sometimes referred to as ML or AI) tools for data
analysis. As already suggested by the motto of this paper,
there is no consensus on whether specific methods are
statistical, AI orML, so we avoidmaking the distinction alto-
gether. We focus instead on the aim shared by all these
methods: Learning from data. We focus on methods for
the prediction of a response (dependent, criterion) variable,
often referred to as supervised learning methods. Thus,
unsupervised learningmethods (e.g., factor analysis, cluster-
ing, correlation networks, topic models from natural
language processing) are outside the scope of the current
paper.

Recent Shifts in Statistical Learning

Modern developments in statistical learning methodology
have yielded two main shifts:
(1) Increased focus on prediction.
(2) Increased flexibility: Modern methods allow for cap-

turing non-linear associations and/or modeling large
numbers of predictors.

We believe that the first shift is highly beneficial for our
field because predicting behavior is one of the core tasks of
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psychological assessment. Accurate evaluation of predictive
accuracy is needed to provide evidence for the validity of
test score interpretations and when more complex decision
systems are developed for data-driven decision-making.
Traditionally, the field of psychology at large has been
mostly interested in explanation or developing and testing
theories of human behavior. This has sometimes led
researchers to overlook prediction, perhaps because their
main aim was to explain behavior. A theory, however, can
only explain real-world phenomena to the extent that it
can accurately predict them (Yarkoni & Westfall, 2017).

The traditional focus on explanation may have motivated
researchers to compute effect sizes (e.g., R2, Cohen’s d) on
training data, using observations that were also used to fit
the model. This leads to overly optimistic effect size esti-
mates. More realistic effect sizes can be obtained, for exam-
ple, through cross-validation: By computing effect sizes on a
sample of observations not used for fitting the model (de
Rooij & Weeda, 2020). It is interesting to note that cross-
validation has been discussed in the field of assessment
for almost a century (Larson, 1931; Mosier, 1951), but its
use has become more common only in recent years.

We believe that the second shift toward flexibility brings
both promises and pitfalls for our field. Promises because
few, if any, real-world phenomena behave in a purely linear
and additive fashion. Pitfalls because assumptions of linear-
ity and additivity (i.e., no interactions) are very powerful in
inference and interpretation, even if they are known to be
only partially true. This means that the often one-sided
focus on maximizing predictive accuracy in AI and ML
is of limited value when it comes to understanding and
explaining behavior, and the role of these methods is, at
best, in hypotheses generation.

Of note, unrestricted flexibility leads to overfitting and
poorly generalizable results. In statistical learning, this has
been formalized in the bias-variance trade-off. Informally,
this trade-off states that the more flexible a model is
allowed to approximate any possible shape of association
between predictors and response (i.e., the lower the bias),
the worse the model will generalize to new samples from
the same population (i.e., the higher the variance). To obtain
optimally generalizable results for a given data problem and
sample (size), bias and variance should thus be carefully
balanced by choosing an appropriate model-fitting
procedure.

Bias can be increased, and variance reduced in various
ways, including:
� Limiting the complexity of the functional form (e.g.,

model only linear associations; model only main
effects);

� Limiting the number of potential predictors used (e.g.,
include only few predictors; use sum or factor scores
instead of item scores as predictors);

� Regularized estimation procedures (e.g., lasso, ridge, or
elastic net regression; use of Bayesian priors);

� Ensembling (e.g., in psychometrics, multiple items are
often aggregated into subscale or factor scores; in ML,
predictions of so-called base learners are often aggre-
gated into the predictions of an ensemble).

If the bias is well-chosen and realistic, the generalizability
of the fitted model will be improved. In other words: we can
buy predictive power by making realistic assumptions. If the
bias is not well chosen, predictive accuracy and generaliz-
ability will obviously suffer.

Empirical Example

We aim to illustrate and compare the use of a range of sta-
tistical learning techniques through a data-analytic exam-
ple. We focus on a predictive validity question: To what
extent do the item and subscale scores on a measure of
vocational preferences predict the type of university major
completed? Note, we will not focus on substantive aspects
of this prediction problem, but we will use it to illustrate
more general principles of flexibility, overfitting, and inter-
pretability in predictive modeling in assessment. In test
development, providing evidence for the criterion validity
of the scores is vital as it often is used by practitioners
to choose between existing tests. Thus, establishing test-
criterion-related evidence is a fundamental part of test
construction. Therefore, it seems obvious that the poten-
tial of statistical learning procedures should come to bear
here.

Readers interested in replicating our analyses will find
our annotated code and results in the Electronic Supple-
mentary Material, ESM 4 and 5.

Method

Dataset
We use a dataset from the Open Psychometrics Project
(https://openpsychometrics.org/_rawdata/). Data were col-
lected through their website from 2015 to 2018. Respon-
dents answered items on vocational preferences,
personality, and sociodemographic characteristics. The
sample likely does not represent a random sample from a
well-defined population, which would normally be required
for evaluating a test’s validity.

We investigate the predictive validity of the RIASEC
vocational preferences scales (Liao et al., 2008). The RIA-
SEC uses six occupational categories from Holland’s Occu-
pational Themes (Holland, 1959) theory: Realistic (R),
Investigative (I), Artistic (A), Social (S), Enterprising (E),
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and Conventional (C). There are 8 items for each category,
each describing a task (e.g., R6: “Fix a broken faucet” or I2:
“Study animal behavior”), to which respondents answer on
a 1–5 scale, with 1 = Dislike, 3 =Neutral, 5 = Enjoy. The items
are presented in ESM 1. The research question from an
assessment perspective is whether the RIASEC scores can
be used to predict the university major completed. Such
evidence could support the use of the scale in applied
settings; moreover, the results could inform decision rules.

We selected participants who completed at least a univer-
sity degree from the full dataset, yielding a sample of N =
55,593 observations. As the criterion, we take a binary
variable, indicating whether respondents majored in Psy-
chology (19.42%) or a different topic (80.58%). Further
descriptive statistics of the sample are presented in ESM 2.

Model Fitting and Evaluation
We fitted a range of traditional and more recent (ML/AI)
methods to model the relation between the RIASEC scores
and the criterion. This will show the magnitude of differ-
ences in performance such algorithms typically yield. Also,
it exemplifies the researcher’s degrees of freedom in such
cases, and it is thus important to use separate data to fit
and evaluate the models.

We separated the data into 75% training observations
and 25% test observations. Our training sample thus con-
sists of 41,694 respondents, of which 19.46% majored in
psychology. Our test sample consisted of 13,899 respon-
dents, of which 19.3% majored in psychology. Other train
and test sample sizes may sometimes be preferred, or k-fold
cross validation (CV). However, considering the current
sample size, we do not expect the results to be very sensi-
tive to this choice.

All analyses were performed in R (version 4.1.3; R Core
Team, 2021). We tuned the model-fitting parameters for
all models using resampling and CV on the training obser-
vations. We did not tune the parameters of the generalized
additive models (GAMs) because we expected the defaults
to work well out of the box. The specific packages used, the
code, and the results of tuning and fitting the models are
provided in the ESM 4 and 5.

We evaluated the predictive accuracy of the fitted
models by computing the Brier score on test observations.
The accuracy measures derived from the confusion matrix
of actual and predicted classes, like the misclassification
error, sensitivity (or recall), positive predictive value (or
precision), are pervasive in the machine learning literature.
However, these measures disregard the quality of predicted
probabilities from a fitted model, and we, therefore, recom-
mend against their use for evaluating predictive accuracy.
Methods for predicting a binary outcome should provide
a predicted class and a predicted probability to quantify

the uncertainty of the classification. To evaluate perfor-
mance, the quality of this probability forecast should thus
be evaluated (Gneiting & Raftery, 2007).

The Brier score is the mean squared error of the pre-
dicted probabilities:

1
N

XN

i¼1

ð yi � p̂iÞ2; ð1Þ

where yi is the observed outcome for observation i, taking a
value of 0 or 1; p̂i is the model’s predicted probability.
We computed Brier scores on training as well as on test
observations; thus N can be taken to be the training or
the test sample size. A Brier score equal to the variance
of y indicates performance no better than chance (in the
current dataset, the variance was 0.1568 for training and
0.1557 for test data). To obtain a pseudo-R2 measure, we
take 1 minus the Brier score divided by the variance of y,
which takes values between 0 (indicating performance no
better than chance) and 1 (indicating perfect accuracy).

Results

Considering the two shifts in predictive modeling discussed
in the introduction, we fitted all models twice: Once using
subscale scores and item scores. This allows us to evaluate
whether our conclusions generalize between the two
approaches and gauge the effect of having a larger pool
of predictor variables (likely noisier, but possibly more
informative of the criterion).

(Penalized) Logistic Regression
Our traditional benchmark method is an additive general-
ized linear model (GLM): Logistic regression. If CV results
indicated predictive accuracy could be improved by apply-
ing a lasso or ridge penalty, we applied it. For prediction
with subscale scores, no penalization was found to be opti-
mal. The estimated coefficients for the subscale scores are
presented in Figure 1; as expected with the currently large
sample size, all subscale scores obtained p-values < .001.
The strongest effect was a positive effect from the Social
preferences scale, and the weakest effect was a negative
effect from the Conventional preferences scale.

For prediction with item scores, CV indicated optimal
performance for a small but non-zero value of the lasso
penalty. With an increasing number of predictor variables,
this beneficial effect of penalization (or regularization) is
generally expected. The resulting item-level coefficients
are depicted in ESM 3, Figure C1. The item coefficients
indicate similar relevance of the subscales as the previous
analysis but provide a more fine-grained view of individual
item’s contributions.

�2022 Hogrefe Publishing European Journal of Psychological Assessment (2022), 38(3), 165–175
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Generalized Additive Model
Next, we fitted generalized additive models (GAMs) with
smoothing splines. Smoothing splines allow for flexibly
approximating non-linear shapes of association between
predictor and response. At the same time, overfitting is
prevented by penalizing the wiggliness of the fitted curves.
The splines provide a flexible but smooth approximation to
the observed data points, while the additive structure pro-
vides ease of interpretability because the estimated effects
are conditional (i.e., keeping the values of all remaining
predictors fixed). Bringmann et al. (2017) provide a more
detailed introduction to GAMs aimed at psychologists.

The splines fitted to the subscale scores are presented in
Figure 2. Similar to the GLM, we see positive effects on the
Social and Investigative subscales and negative effects on
the Realistic, Artistic, Enterprising, and Conventional sub-
scales. The Social preferences subscale shows a near-linear
effect, while the other subscales’ effects clearly exhibit
stronger non-linearity. An advantage of GAMs is that they
allow for inference: they provide w2 tests to evaluate the
significance of the effect of each predictor variable. As
expected with the current large sample size, all subscale
scores obtained p-values < .001.

We also applied penalization for the GAM fitted using
item scores, as this was expected to be beneficial for predic-
tion, as similarly observed in the GLM. We do not depict
the fitted curves for space considerations here, but Figure 1
and ESM 3, Figure C1 show the w2 values per subscale and
per item, respectively. The figures indicate very similar
effects of the predictors between the (penalized) GLMs
and GAMs.

We now leave the realm of additive models and set about
fitting models that allow for capturing interaction effects:

Decision Tree
We fit a single decision tree using the conditional inference
tree algorithm (Hothorn et al., 2006). This algorithm elim-
inates the variable selection bias present in many other
decision-tree algorithms. Decision-tree methods and vari-
able selection bias are discussed in more detail by Strobl
et al. (2009), who provide a comprehensive introduction
aimed at psychologists. According to our CV results with
the subscales as predictors, a tree depth of seven was opti-
mal, yielding a tree with 27 = 128 terminal nodes. Thus, for
this data problem, the most accurate tree is surely not the
most interpretable. The predictor variables selected by the
trees are depicted in Figure 1 and ESM 3, Figure C1.

For illustration, Figure 3 shows the decision tree fitted to
the subscale scores, pruned to a depth of three. The Social,
Realistic, and Enterprising preferences subscales were used
in the first splits of the tree. The bars in the terminal nodes
depict the proportion of participants within each node that
majored in psychology. Thus, the Social subscale shows a
positive effect, and the Realistic and Enterprising subscales
show a negative effect. With regards to possible interac-
tions, note that split number 10 suggests that the Enterpris-
ing subscale appears relevant only for higher values of the
Social and lower values of the Realistic subscales. However,
such a split may also reflect additive effects combined with
multicollinearity. Although decision trees can capture inter-
action effects, they cannot be straightforwardly used to
statistically test their significance; a disadvantage shared
by virtually all flexible ML and AI techniques.

Although decision trees are easy to interpret, they suffer
more strongly from instability than GLMs and GAMs. With
instability, we mean that a small change in the training data
can lead to large changes in the resulting model. The cause

Figure 1. Variable contributions for each of the models fitted using RIASEC subscale scores as predictors. Coefficients in the logistic regression
and importance measures of the prediction rule ensemble are on the scale of standard deviations. Importance measures for the other methods
are on the scale of variances; for those methods, the square roots are plotted. Real = Realistic; Inve = Investigative; Arti = Artistic; Soci = Social;
Ente = Enterprising; Conv = Conventional.

European Journal of Psychological Assessment (2022), 38(3), 165–175 �2022 Hogrefe Publishing
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of this instability partly lies in the rather rough cuts made in
the tree. Tree ensembling methods capitalize on this insta-
bility. They derive a large number of learners (e.g., trees),
each fitted on different versions of the training dataset.
The predictions of the final ensemble average over the pre-
dictions of the individual trees, which improves predictive
accuracy. Different versions of the training data can be gen-
erated, for example, by taking bootstrap samples from the
training data, a method is also known as bagging. More
powerful tree ensembling methods are random forests
and boosting. Introductions about tree ensemble methods

aimed at psychologists can be found in Strobl et al.
(2009) and Miller et al. (2016).

Gradient Boosted Tree Ensemble
The first tree ensemble method we apply to the data is a
gradient boosted ensemble. Boosting uses sequential fitting
of so-called weak learners to create a strong learner. Weak
learners are simple models that provide predictive accuracy
(slightly) better than chance. When boosting trees, we use
weak learners in the form of small trees with only a few
splits. Sequential learning means that each consecutive tree

Figure 2. Fitted smoothing spline curves for each of the RIASEC subscales. Values on the y-axis reflect the effect on the log-odds of having
completed a university major in psychology. Real = Realistic; Inve = Investigative; Arti = Artistic; Soci = Social; Ente = Enterprising; Conv =
Conventional.

Figure 3. Conditional inference tree pruned to a depth of three. Soci = Social; Ente = Enterprising; Real = Realistic.

�2022 Hogrefe Publishing European Journal of Psychological Assessment (2022), 38(3), 165–175
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is adjusted for the predictions of previous trees. In effect,
observations that were well (badly) predicted by previous
trees receive less (more) weight when fitting the next tree.

A disadvantage of decision tree ensembles is their black-
box nature: While individual trees are generally easy to
interpret, an ensemble of trees is impossible for humans
to grasp. Therefore, so-called variable importance measures
have been developed for the interpretation of tree ensem-
bles, which aim to quantify the effect of the predictor vari-
able on the predictions of the ensemble. In this paper, we
use permutation importances, proposed by Breiman
(2001). These quantify how much an ensemble’s predictive
accuracy would be reduced if the values of each of the pre-
dictor variables are randomly shuffled. The variable impor-
tances of the fitted gradient boosting ensembles are
depicted in Figure 1 and ESM 3, Figure C1.

Importancemeasures provide a useful ranking of the con-
tributions of each predictor to the ensemble’s predictions
but should be interpreted with care. They should not be used
to judge the significance of the effect of predictors; tree
ensembles can easily include predictors in the model which,
in fact, have no effect on the outcome. Furthermore, there
are many ways to compute variable importance measures,
and each may yield different conclusions, especially when
predictors are correlated (Nicodemus, 2011; Nicodemus
et al., 2010; Strobl et al., 2007, 2008). Especially with corre-
lated predictors, permuting the values of predictor variables
may lead to unrealistic data patterns. These issues illustrate
the interpretability problems that come with complex pre-
diction methods such as tree ensembles, support vector
machines, and (deep) neural networks.

Random Forest
Another popular decision-tree ensembling method is ran-
dom forests (Breiman, 2001). Like boosted tree ensembles,
random forests fit a large number of decision trees. Random
forests do not employ sequential learning: each tree is fitted
without adjusting for predictions of the other trees in the
ensemble. Unlike boosting, random forests employ trees
with many splits: in the original algorithm of Breiman
(2001), trees were grown as large as possible. Later studies,
however, have shown that large trees can lead to unstable
results when there are many correlated predictors that are
at best weakly correlated to the response (Segal, 2004).
It is thus beneficial to grow large but not too large trees.

The most characteristic feature of random forests is how
it selects variables for splitting: A random sample of mtry
candidate predictor variables is considered for every split
in every tree. From this set of predictor variables, the best
splitting variable and value is selected. Without the random
selection of variables, each tree of the ensemble would
likely use the same set of relatively strong predictors and
thus be very similar. Averaging over many very similar trees

is unlikely to improve predictive accuracy. Thus, the
randomization makes the trees more dissimilar, which
likely improves the performance of the ensemble.

The variable importances of the fitted random forests are
depicted in Figure 1 and ESM 3, Figure C1.

Prediction Rule Ensemble
Prediction rule ensembles (PRE) aim to strike a balance
between the high predictive accuracy of decision tree
ensembles and the ease of interpretability of single decision
trees and GLMs (Fokkema, 2020; Fokkema & Strobl,
2020). The method fits a boosted decision tree ensemble
to the training dataset and takes every node from every tree
as a rule. For example, membership of Node 2 in the tree in
Figure 3 can be coded using a single condition: Social � 27.
Membership of Node 14 involves multiple conditions: Social
> 27 & Realistic > 17 & Realistic � 24. Each of these nodes
can be seen as a dummy-coded rule, which takes a value of
1 if the conditions apply, and 0 if not.

PRE applies lasso regression on a dataset consisting of
these rules and the original predictor variables. As such, it
combines the strengths of penalized regression and tree
ensembles. Although the boosted decision tree ensemble
will initially contribute a large number of nodes (rules),
the use of lasso regression will give many of these rules a
weight of zero, which removes them from the final ensem-
ble. As such, PRE provides a sparse and interpretable final
model.

The PRE we fitted using the subscale scores consisted
of 48 rules, providing a great simplification compared to
the > 500 trees of the boosted ensemble and random
forest. Note that the current dataset is exceptionally large,
which tends to result in longer rule lists when only predic-
tive accuracy is optimized because very large samples allow
for capturing highly nuanced effects. In Table 1, the six
most important rules are shown.

Note that each rule has obtained an estimated coefficient,
which is simply logistic regression coefficients: They reflect
the expected increase in log odds if the conditions of the rule
apply. PRE also provides variable importance measures,
which are presented for the fitted ensembles in Figure 1
and ESM 3, Figure C1. An introduction to PRE aimed at
psychologists is provided in Fokkema and Strobl (2020).

k Nearest Neighbors
A prime example of a highly flexible method, perhaps
the most non-parametric method of all, is the method of
k-nearest neighbors (kNN). In fact, kNN does not even fit
a model; it merely remembers the training observations.
To compute predictions for new observations, kNN com-
putes the distance of a new observation to all training obser-
vations in order to find the k nearest ones (the neighbors).
It then takes the mean of the response variable over these

European Journal of Psychological Assessment (2022), 38(3), 165–175 �2022 Hogrefe Publishing
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k neighbors as the predicted value. This provides the great-
est possible flexibility of all prediction methods, as it does
not impose any a priori restriction on the shape of the asso-
ciation between predictors and response. This flexibility is
both the strength and weakness of kNN: with increasing
numbers of predictor variables, the performance of kNN
worsens fast. Only in lower dimensions is the great flexibility
of kNN beneficial.

kNN has only a single tuning parameter: k. With larger
values of k, the predicted value for a new observation aver-
ages over a larger number of observations (neighbors).
Thus, higher values of k yield lower variance but higher
bias. Furthermore, because kNN is a fully distance-based
method, in which all variables obtain the same weight of
1, the method does not provide any measure of the effect
of individual variables, and we thus do not plot variable
contributions for kNN here.

Model Comparisons

Variable contributions
Figure 1 depicts the variable contributions in the models
fitted using RIASEC subscale scores. Note that the coeffi-
cients of the logistic regression reflect both direction and
strength of the effects. For the other models, the variable
contributions only reflect the strength of the variables’
effects. Figure 1 shows similar variable contributions for
all methods: The Social subscale is most important for
predicting university major completed, followed by Realis-
tic, followed by Enterprising, while the Conventional and
Artistic subscales contribute least. The variable contribu-
tions for models fitted using the item scores as predictors
yielded similar conclusions and are provided and discussed
in ESM 3, Figure C1.

In Figure 4, pseudo-R2 values on train and test data are
depicted with confidence intervals. Note that the confi-
dence intervals for test data are systematically wider than
for training data, but this is mostly due to the much larger
number of training observations.

Figure 4A shows that with the subscale scores, the best
test set performance was obtained with the boosted tree

ensemble and closely followed by the random forest,
PRE, GAM, kNN, logistic regression, and finally the deci-
sion tree. This latter result is rather unsurprising: a single
decision tree is generally expected to have somewhat lower
predictive accuracy, but they often “win” in terms of inter-
pretability, which can be observed in Figure C1 in ESM 3,
which shows that the decision tree uses only about half of
the items for prediction. The boosted tree ensemble
performing best is also not very surprising, given its top-
ranking performance in forecasting competitions.

From Figure 4A, we obtain the following takeaways:
(1) On the test data, none of the methods performs signif-

icantly worse or better than any of the other methods.
(2) The difference between training and test performance

increases with increasing flexibility. The methods that
incorporate linear main effects (logistic regression,
GAM, PRE) show the smallest difference in perfor-
mance between training and test data. These methods
thus appear least likely to overfit.

(3) The more flexible methods (single tree, kNN, boosted
ensemble, random forest) show greater susceptibility
to overfitting.

The subscale scores did not provide strong predictive
power, with R2 indicative of a moderate effect. Using item
scores as predictors yielded a substantial (about 50%)
increase in variance explained. Again, the best performance
on the test data was obtained with the boosted tree ensem-
ble. This time, it was followed by PRE, GAM, penalized
logistic regression, random forest, kNN, and finally, the
decision tree.

From Figure 4B, we can add to our earlier takeaways:
(4) With a larger number of predictors, differences in per-

formance between the methods become more pro-
nounced, but none of the more sophisticated
methods significantly (or substantially) outperforms
the GLM with lasso penalty.

(5) With a larger number of predictors, the difference in
performance between training and test data becomes
more pronounced. Higher dimensionality creates
more opportunities for overfitting, even though all
methods feature powerful built-in overfitting control.

Discussion

Our conclusions can be succinctly summarized as: Logistic
regression is hard to beat. Linear main effects models (i.e.,
(penalized) GLMs) tend to capture most of the explainable
variance. This finding corresponds to a range of previous
studies noting a lack of (substantial or significant) benefit

Table 1. Six most important rules in the prediction rule ensemble

Description Coefficient

Soci > 27 & Ente <= 31 & Conv <= 30 0.182

Soci > 23 & Ente <= 29 & Real <= 24 0.181

Real > 10 & Soci <= 35 �0.175

Real <= 22 & Soci > 19 & Inve > 18 0.138

Inve > 10 & Real <= 13 0.120

Conv <= 23 & Arti <= 29 & Soci > 21 0.112

Note. Soci = Social; Ente = Enterprising; Conv = Conventional; Real =
Realistic; Inve = Investigative; Arti = Artistic.
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of sophisticated machine learning methods over (penalized)
regression in prediction problems from psychology and
medicine (e.g., Elleman et al., 2020; Littlefield et al.,
2021; Christodoulou et al., 2019; Gravesteijn et al., 2020;
Nusinovici et al., 2020; Lynam et al., 2020).

Sophisticated methods can only improve upon linear
main-effects models by capturing more nuanced non-line-
arities and interactions. Almost by definition, these effects
are of smaller size. Capturing these smaller, more nuanced
effects comes at the price of an increased tendency to
overfit. To reliably approximate small effects, much larger
sample sizes are needed. Even if sophisticated methods
outperform simpler methods like logistic regression in
terms of predictive accuracy on test data, their tendency
to overfit and their black-box nature may make them less
suited for increasing scientific understanding and/or
making influential decisions about individuals (e.g., clinical
or selection settings).

Perhaps GAMs and PREs may provide the steadiest
improvement on (penalized) GLMs. They are essentially
GLMs with added flexibility for capturing non-linearities
but provide robust overfitting control and also retain inter-
pretability. Especially GAMs may provide the “best of both
worlds”: They provide the flexibility of modern statistical
learning, robust overfitting control, and allow for perform-
ing statistical inference. Most flexible machine-learning
methods especially fall short in terms of the latter, which
limits their use for increasing scientific understanding and
theory development.

Our finding that item scores can provide better predictive
accuracy than subscale scores corresponds to previous
studies (e.g., Seeboth & Mõttus, 2018; Stewart et al.,
2021). As also noted by Yarkoni (2020), a large number
of item scores will outperform any predictive model fitted

on subscale scores, given a large enough sample size. At
the same time, a handful of subscale scores is easier to
interpret and use than hundreds of personality items. Also,
with smaller samples (e.g., N = 300 or 500), including prior
knowledge about the subscale structure through the use of
subscale or factor scores, may likely improve predictive
accuracy (de Rooij et al., 2022).

Big-data applications involving, for example, image-,
video-, and text-based analytics may exhibit stronger pat-
terns of non-linearity and interaction than the analytic
example presented here. More sophisticated methods like
deep neural networks may even be called for in such appli-
cations. However, similar rules of sampling and statistics
apply in such applications: The more nuanced the patterns
that we want to capture, the larger the sample sizes
required. Sample size requirements for artificial neural net-
works exceed the sample sizes common in our field (e.g.,
Alwosheel et al., 2018). There is no doubt that image, text,
audio, video, and sensor-based data (will) provide novel
ways of assessing psychological traits (Gillan & Rutledge,
2021). Their relative unobtrusiveness opens up new
avenues for assessment, but the black-box nature of algo-
rithms that can capture complex non-linear effects also
brings ethical risks (Boyd et al., 2020; Rudin, 2019).

The focus on predictive accuracy brought about by recent
statistical, ML and AI methods is beneficial for the field of
assessment. We should, however, guard against a blind
focus on maximizing predictive accuracy on test observa-
tions, as this disregards two important issues:
� Data points analyzed in, for example, research settings

or forecasting competitions may likely differ from the
data points that the predictive model will be applied
to in practice. These differences may be subtle in
relatively closed, low-stakes systems, like online

(A) (B)

Figure 4. Predictive accuracy on train and test observations for each of the models fitted on subscale scores (A) and items scores (B). (p)GLM =
(penalized) logistic regression; GAM = generalized additive model with smoothing splines; PRE = prediction rule ensemble; GBE = gradient
boosted tree ensemble; RF = random forest; kNN = k nearest neighbors.
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recommender systems. Much psychological assess-
ment is, however, focused on offline, out-of-lab human
behavior, often with high stakes. Generalizing research
findings to the real world remains difficult; external
validity has not become irrelevant suddenly. Gains in
predictive accuracy in controlled research settings
may be swamped by practical aspects of data problems,
like population drift, measurement error, ethics, inter-
pretability, and data-collection costs (Efron, 2020;
Fokkema et al., 2015; Hand, 2006; Luijken et al.,
2019; Rauthmann, 2020).

� From both an ethical and scientific perspective, validity
has become more (not less!) important with newer and
bigger data sources. A blind focus on predictive validity
leads to black-box assessment procedures with limited
content, internal and construct validity. For opening
the black box, there is an important role for the field
of psychological assessment and psychometrics. Not
only by applying our existing theory, evidence, and
methods but also by continually improving, adopting,
and developing them (Alexander et al., 2020; Bleidorn
& Hopwood, 2019; Iliescu & Greiff, 2019; Tay et al.,
2020).

Finally, although modern statistical prediction methods
have improved our ability to predict, attribution and inter-
pretation have not become easier. Attribution (assigning sig-
nificance to individual predictors) requires strong individual
predictors and large sample sizes (Efron, 2020). This task
only becomes more difficult when datasets contain increas-
ing numbers of predictors withmodest effects. The task also
becomes more difficult with methods that can capture
increasingly nuanced non-linear and interaction effects. A
range of interpretation tools for black box-models have been
proposed (e.g., variable importance, LIME, Shapley values,
SHAP). However, the accuracy of their explanations cannot
be quantified (Carvalho et al., 2019; Ross et al., 2017), and
their inner workings pose another black box to most users,
resulting in misinterpretation and misuse (Kaur et al.,
2020; Kumar et al., 2020; Rudin, 2019; van der Waa
et al., 2021). With large numbers of predictors, fitted models
become inherently difficult to interpret, and black-box inter-
pretation tools are unlikely to help with this. Thus, while
flexible models might help inform theory building, their
use for making decisions in assessment procedures aimed
at individuals is currently limited.

Electronic Supplementary Materials

The electronic supplementary material is available with
the online version of the article at https://doi.org/
10.1027/1015-5759/a000714

ESM 1. RIASEC Items
ESM 2. Uni- and bivariate sample descriptives
ESM 3. Variable contributions from the item-level predic-
tive models
ESM 4. Replication scripts: Models fitted in main paper
ESM 5. Replication scripts: Parameter tuning

References

Alexander, L. III, Mulfinger, E., & Oswald, F. L. (2020). Using big
data and machine learning in personality measurement:
Opportunities and challenges. European Journal of Personality,
34(5), 632–648. https://doi.org/10.1002/per.2305

Alwosheel, A., van Cranenburgh, S., & Chorus, C. G. (2018). Is your
dataset big enough? Sample size requirements when using
artificial neural networks for discrete choice analysis. Journal
of Choice Modelling, 28, 167–182. https://doi.org/10.1016/j.
jocm.2018.07.002

Bleidorn, W., & Hopwood, C. J. (2019). Using machine learning to
advance personality assessment and theory. Personality and
Social Psychology Review, 23(2), 190–203. https://doi.org/
10.1177/1088868318772990

Boyd, R. L., Pasca, P., & Lanning, K. (2020). The personality
panorama: Conceptualizing personality through big behavioural
data. European Journal of Personality, 34(5), 599–612. https://
doi.org/10.1002/per.2254

Breiman, L. (2001). Random forests. Machine Learning, 45(1),
5–32. https://doi.org/10.1023/A:1010933404324

Bringmann, L. F., Hamaker, E. L., Vigo, D. E., Aubert, A., Bors-
boom, D., & Tuerlinckx, F. (2017). Changing dynamics: Time-
varying autoregressive models using generalized additive
modeling. Psychological Methods, 22(3), 409–425. https://doi.
org/10.1037/met0000085

Carvalho, D. V., Pereira, E. M., & Cardoso, J. S. (2019). Machine
learning interpretability: A survey on methods and metrics.
Electronics, 8(8), 832. https://doi.org/10.3390/electronics
8080832

Christodoulou, E., Ma, J., Collins, G. S., Steyerberg, E. W.,
Verbakel, J. Y., & Van Calster, B. (2019). A systematic review
shows no performance benefit of machine learning over logistic
regression for clinical prediction models. Journal of Clinical
Epidemiology, 110, 12–22. https://doi.org/10.1016/j.jclinepi.
2019.02.004

de Rooij, M., Karch, J. D., Fokkema, M., Bakk, Z., Pratiwi, B. C., &
Kelderman, H. (in press). SEM-based out-of-sample predictions.
Structural Equation Modeling: A Multidisciplinary Journal.

de Rooij, M., & Weeda, W. (2020). Cross-validation: A method every
psychologist should know. Advances in Methods and Practices
in Psychological Science, 3(2), 248–263. https://doi.org/
10.1177/2515245919898466

Efron, B. (2020). Prediction, estimation, and attribution. Interna-
tional Statistical Review, 88, S28–S59. https://doi.org/10.1111/
insr.12409

Elleman, L. G., McDougald, S. K., Condon, D. M., & Revelle, W.
(2020). That takes the BISCUIT: Predictive accuracy and
parsimony of four statistical learning techniques in personality
data, with data missingness conditions. European Journal of
Psychological Assessment, 36(6), 948–958. https://doi.org/
10.1027/1015-5759/a000590

Fokkema, M. (2020). Fitting prediction rule ensembles with
R package pre. Journal of Statistical Software, 92(1), 1–30.
https://doi.org/10.18637/jss.v092.i12

�2022 Hogrefe Publishing European Journal of Psychological Assessment (2022), 38(3), 165–175

M. Fokkema et al., Machine Learning and Prediction in Psychological Assessment 173

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

27
/1

01
5-

57
59

/a
00

07
14

 -
 F

ri
da

y,
 D

ec
em

be
r 

16
, 2

02
2 

11
:0

0:
01

 A
M

 -
 I

P 
A

dd
re

ss
:1

43
.1

78
.1

59
.5

5 

https://doi.org/10.1027/1015-5759/a000714
https://doi.org/10.1027/1015-5759/a000714
https://doi.org/10.1002/per.2305
https://doi.org/10.1016/j.jocm.2018.07.002
https://doi.org/10.1016/j.jocm.2018.07.002
https://doi.org/10.1177/1088868318772990
https://doi.org/10.1177/1088868318772990
https://doi.org/10.1002/per.2254
https://doi.org/10.1002/per.2254
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1037/met0000085
https://doi.org/10.1037/met0000085
https://doi.org/10.3390/electronics8080832
https://doi.org/10.3390/electronics8080832
https://doi.org/10.1016/j.jclinepi.2019.02.004
https://doi.org/10.1016/j.jclinepi.2019.02.004
https://doi.org/10.1177/2515245919898466
https://doi.org/10.1177/2515245919898466
https://doi.org/10.1111/insr.12409
https://doi.org/10.1111/insr.12409
https://doi.org/10.1027/1015-5759/a000590
https://doi.org/10.1027/1015-5759/a000590
https://doi.org/10.18637/jss.v092.i12


Fokkema, M., Smits, N., Kelderman, H., & Penninx, B. W. (2015).
Connecting clinical and actuarial prediction with rule-based
methods. Psychological Assessment, 27(2), 636–644. https://
doi.org/10.1037/pas0000072

Fokkema, M., & Strobl, C. (2020). Fitting prediction rule ensembles
to psychological research data: An introduction and tutorial.
Psychological Method, 25(5), 636–652. https://doi.org/10.1037/
met0000256

Gillan, C. M., & Rutledge, R. B. (2021). Smartphones and the
neuroscience of mental health. Annual Review of Neuroscience,
44, 129–151. https://doi.org/10.1146/annurev-neuro-101220-
014053

Gneiting, T., & Raftery, A. E. (2007). Strictly proper scoring rules,
prediction, and estimation. Journal of the American Statistical
Association, 102(477), 359–378. https://doi.org/10.1198/
016214506000001437

Gravesteijn, B. Y., Nieboer, D., Ercole, A., Lingsma, H. F., Nelson,
D., van Calster, B., Steyerberg, E. W., & CENTER-TBI collabo-
rators. (2020). Machine learning algorithms performed no
better than regression models for prognostication in traumatic
brain injury. Journal of Clinical Epidemiology, 122, 95–107.
https://doi.org/10.1016/j.jclinepi.2020.03.005

Hand, D. J. (2006). Classifier technology and the illusion of
progress. Statistical Science, 21(1), 1–14. https://doi.org/
10.1214/088342306000000060

Holland, J. L. (1959). A theory of vocational choice. Journal of
Counseling Psychology, 6(1), 35–45. https://doi.org/10.1037/
h0040767

Hothorn, T., Hornik, K., & Zeileis, A. (2006). Unbiased recursive
partitioning: A conditional inference framework. Journal of
Computational and Graphical Statistics, 15(3), 651–674.
https://doi.org/10.1198/106186006X133933

Iliescu, D., & Greiff, S. (2019). The impact of technology on
psychological testing in practice and policy. European Journal
of Psychological Assessment, 35(2), 151–155. https://doi.org/
10.1027/1015-5759/a000532

Kaur, H., Nori, H., Jenkins, S., Caruana, R., Wallach, H., & Wortman
Vaughan, J. (2020). Interpreting interpretability: Understanding
data scientists’ use of interpretability tools for machine
learning. Proceedings of the 2020 CHI Conference on Human
Factors in Computing Systems, 1–14. https://doi.org/10.1145/
3313831.3376219

Kumar, I. E., Venkatasubramanian, S., Scheidegger, C., & Friedler,
S. (2020). Problems with Shapley-value-based explanations
as feature importance measures. Proceedings of the 37th
International Conference on Machine Learning, 5491–5500.
https://proceedings.mlr.press/v119/kumar20e.html

Larson, S. C. (1931). The shrinkage of the coefficient of multiple
correlation. Journal of Educational Psychology, 22(1), 45–55.
https://doi.org/10.1037/h0072400

Liao, H.-Y., Armstrong, P. I., & Rounds, J. (2008). Development and
initial validation of public domain basic interest markers.
Journal of Vocational Behavior, 73(1), 159–183. https://doi.
org/10.1016/j.jvb.2007.12.002

Littlefield, A. K., Cooke, J. T., Bagge, C. L., Glenn, C. R., Kleiman,
E. M., Jacobucci, R., Millner, A. J., & Steinley, D. (2021). Machine
learning to classify suicidal thoughts and behaviors: Implemen-
tation within the common data elements used by the military
suicide research consortium. Clinical Psychological Science, 9(3),
467–481. https://doi.org/10.1177/2167702620961067

Luijken, K., Groenwold, R. H., Van Calster, B., Steyerberg, E. W., &
van Smeden, M. (2019). Impact of predictor measurement
heterogeneity across settings on the performance of prediction
models: A measurement error perspective. Statistics in Medi-
cine, 38(18), 3444–3459. https://doi.org/10.1002/sim.8183

Lynam, A. L., Dennis, J. M., Owen, K. R., Oram, R. A., Jones, A. G.,
Shields, B. M., & Ferrat, L. A. (2020). Logistic regression has
similar performance to optimised machine learning algorithms in
a clinical setting: Application to the discrimination between type
1 and type 2 diabetes in young adults. Diagnostic and Prognostic
Research, 4, 1–10. https://doi.org/10.1186/s41512-020-00075-2

Miller, P. J., Lubke, G. H., McArtor, D. B., & Bergeman, C. (2016).
Finding structure in data using multivariate tree boosting.
Psychological Methods, 21(4), 583–602. https://doi.org/
10.1037/met0000087

Mosier, C. I. (1951). I. Problems and designs of cross-validation 1.
Educational and Psychological Measurement, 11(1), 5–11.
https://doi.org/10.1177/001316445101100101

Nicodemus, K. K. (2011). On the stability and ranking of predictors
from random forest variable importance measures. Briefings in
Bioinformatics, 12(4), 369–373. https://doi.org/10.1093/bib/
bbr016

Nicodemus, K. K., Malley, J. D., Strobl, C., & Ziegler, A. (2010). The
behaviour of random forest permutation-based variable impor-
tance measures under predictor correlation. BMC Bioinformat-
ics, 11(1), 1–13. https://doi.org/10.1186/1471-2105-11-110

Nusinovici, S., Tham, Y. C., Yan, M. Y. C., Ting, D. S. W., Li, J.,
Sabanayagam, C., Wong, T. Y., & Cheng, C.-Y. (2020). Logistic
regression was as good as machine learning for predicting
major chronic diseases. Journal of Clinical Epidemiology, 122,
56–69. https://doi.org/10.1016/j.jclinepi.2020.03.002

R Core Team. (2021). R: A language and environment for statistical
computing. R Foundation for Statistical Computing. https://
www.R-project.org/

Rauthmann, J. F. (2020). A (more) behavioural science of person-
ality in the age of multi–modal sensing, big data, machine
learning, and artificial intelligence. European Journal of Per-
sonality, 34, 593–598. https://doi.org/10.1002/per.2310

Ross, A. S., Hughes, M. C., & Doshi-Velez, F. (2017). Right for the
right reasons: Training differentiable models by constraining
their explanations. Proceedings of the 26th International Joint
Conference on Artificial Intelligence, 2662–2670. https://doi.
org/10.48550/arXiv.1703.03717

Rudin, C. (2019). Stop explaining black box machine learning
models for high stakes decisions and use interpretable models
instead. Nature Machine Intelligence, 1(5), 206–215. https://
doi.org/10.1038/s42256-019-0048-x

Seeboth, A., & Mõttus, R. (2018). Successful explanations start
with accurate descriptions: Questionnaire items as personality
markers for more accurate predictions. European Journal of
Personality, 32(3), 186–201. https://doi.org/10.1002/per.2147

Segal, M. R. (2004). Machine learning benchmarks and random
forest regression. eScholarship Repository, University of Cali-
fornia. http://repositories.cdlib.org/cbmb/bench_rf_regn

Stewart, R. D., Mõttus, R., Seeboth, A., Soto, C. J., & Johnson, W.
(2021). The finer details? The predictability of life outcomes from
big five domains, facets, and nuances. Journal of Personality,
90(2), 167–182. https://doi.org/10.1111/jopy.12660

Strobl, C., Boulesteix, A.-L., Kneib, T., Augustin, T., & Zeileis, A. (2008).
Conditional variable importance for random forests. BMC Bioin-
formatics, 9(1), 1–11. https://doi.org/10.1186/1471-2105-9-307

Strobl, C., Boulesteix, A.-L., Zeileis, A., & Hothorn, T. (2007). Bias in
random forest variable importance measures: Illustrations,
sources and a solution. BMC Bioinformatics, 8(1), 1–21. https://
doi.org/10.1186/1471-2105-8-25

Strobl, C., Malley, J., & Tutz, G. (2009). An introduction to recursive
partitioning: Rationale, application, and characteristics of
classification and regression trees, bagging, and random
forests. Psychological Methods, 14(4), 323. https://doi.org/
10.1037/a0016973

European Journal of Psychological Assessment (2022), 38(3), 165–175 �2022 Hogrefe Publishing

174 M. Fokkema et al., Machine Learning and Prediction in Psychological Assessment

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

27
/1

01
5-

57
59

/a
00

07
14

 -
 F

ri
da

y,
 D

ec
em

be
r 

16
, 2

02
2 

11
:0

0:
01

 A
M

 -
 I

P 
A

dd
re

ss
:1

43
.1

78
.1

59
.5

5 

https://doi.org/10.1037/pas0000072
https://doi.org/10.1037/pas0000072
https://doi.org/10.1037/met0000256
https://doi.org/10.1037/met0000256
https://doi.org/10.1146/annurev-neuro-101220-014053
https://doi.org/10.1146/annurev-neuro-101220-014053
https://doi.org/10.1198/016214506000001437
https://doi.org/10.1198/016214506000001437
https://doi.org/10.1016/j.jclinepi.2020.03.005
https://doi.org/10.1214/088342306000000060
https://doi.org/10.1214/088342306000000060
https://doi.org/10.1037/h0040767
https://doi.org/10.1037/h0040767
https://doi.org/10.1198/106186006X133933
https://doi.org/10.1027/1015-5759/a000532
https://doi.org/10.1027/1015-5759/a000532
https://doi.org/10.1145/3313831.3376219
https://doi.org/10.1145/3313831.3376219
https://proceedings.mlr.press/v119/kumar20e.html
https://doi.org/10.1037/h0072400
https://doi.org/10.1016/j.jvb.2007.12.002
https://doi.org/10.1016/j.jvb.2007.12.002
https://doi.org/10.1177/2167702620961067
https://doi.org/10.1002/sim.8183
https://doi.org/10.1186/s41512-020-00075-2
https://doi.org/10.1037/met0000087
https://doi.org/10.1037/met0000087
https://doi.org/10.1177/001316445101100101
https://doi.org/10.1093/bib/bbr016
https://doi.org/10.1093/bib/bbr016
https://doi.org/10.1186/1471-2105-11-110
https://doi.org/10.1016/j.jclinepi.2020.03.002
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1002/per.2310
https://doi.org/10.48550/arXiv.1703.03717
https://doi.org/10.48550/arXiv.1703.03717
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1002/per.2147
http://repositories.cdlib.org/cbmb/bench_rf_regn
https://doi.org/10.1111/jopy.12660
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1186/1471-2105-8-25
https://doi.org/10.1186/1471-2105-8-25
https://doi.org/10.1037/a0016973
https://doi.org/10.1037/a0016973


Tay, L., Woo, S. E., Hickman, L., & Saef, R. M. (2020). Psychometric
and validity issues in machine learning approaches to person-
ality assessment: A focus on social media text mining.
European Journal of Personality, 34(5), 826–844. https://doi.
org/10.1002/per.2290

van der Waa, J., Nieuwburg, E., Cremers, A., & Neerincx, M. (2021).
Evaluating XAI: A comparison of rule-based and example-based
explanations. Artificial Intelligence, 291, Article 103404. https://
doi.org/10.1016/j.artint.2020.103404

Yarkoni, T. (2020). Implicit realism impedes progress in psychol-
ogy: Comment on fried (2020). Psychological Inquiry, 31(4),
326–333. https://doi.org/10.1080/1047840X.2020.1853478

Yarkoni, T., & Westfall, J. (2017). Choosing prediction over
explanation in psychology: Lessons from machine learning.
Perspectives on Psychological Science, 12(6), 1100–1122.
https://doi.org/10.1177/1745691617693393

History
Received February 7, 2022
Accepted March 17, 2022
Published online May 10, 2022
EJPA Section / Category Methodological Topics in Assessment

Open Science
We report how we determined our sample size, all data exclusions
(if any), all data inclusion/exclusion criteria, whether inclusion/

exclusion criteria were established prior to data analysis, all
measures in the study, and all analyses, including all tested
models. If we use inferential tests, we report exact p values, effect
sizes, and 95% confidence or credible intervals.
Open Data: The data needed to reproduce the analyses is not
owned by the authors, but freely available for download at the
Open Psychometrics Project at https://openpsychometrics.org/
_rawdata/.
Open Materials: The information needed to reproduce all of the
reported methodology, results and figures is available in ESM 4
and ESM 5.
Preregistration of Studies and Analysis Plans: This study was not
preregistered.

ORCID
Marjolein Fokkema

https://orcid.org/0000-0002-9252-8325

Marjolein Fokkema
Institute of Psychology
University Leiden
Wassenaarseweg 52
2333 AK Leiden
The Netherlands
m.fokkema@fsw.leidenuniv.nl

�2022 Hogrefe Publishing European Journal of Psychological Assessment (2022), 38(3), 165–175

M. Fokkema et al., Machine Learning and Prediction in Psychological Assessment 175

 h
ttp

s:
//e

co
nt

en
t.h

og
re

fe
.c

om
/d

oi
/p

df
/1

0.
10

27
/1

01
5-

57
59

/a
00

07
14

 -
 F

ri
da

y,
 D

ec
em

be
r 

16
, 2

02
2 

11
:0

0:
01

 A
M

 -
 I

P 
A

dd
re

ss
:1

43
.1

78
.1

59
.5

5 

https://doi.org/10.1002/per.2290
https://doi.org/10.1002/per.2290
https://doi.org/10.1016/j.artint.2020.103404
https://doi.org/10.1016/j.artint.2020.103404
https://doi.org/10.1080/1047840X.2020.1853478
https://doi.org/10.1177/1745691617693393
https://openpsychometrics.org/_rawdata/
https://openpsychometrics.org/_rawdata/
https://orcid.org/0000-0002-9252-8325


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2540 2540]
  /PageSize [612.000 792.000]
>> setpagedevice


