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background
The Big Five personality attributes (i.e. openness, consci-
entiousness, extraversion, agreeableness, and neuroticism) 
help to predict health. To predict health, researchers may 
prefer to use a  short version of the Big Five Inventory. 
Although the psychometric properties of the shortened 
scales can be highly satisfactory, their use can lead re-
searchers to substantially underestimate the role of per-
sonality. The aim of this paper is to demonstrate a method 
appropriate for shortening the Big Five Inventory without 
losing predictive performance. 

participants and procedure 
The sample comprised 4,678 panel members. The person-
ality traits were measured in 2017 using the Five Factor 
Model International Personality Item Pool and subjective 
health was measured in 2018 using the item “How would 
you describe your health, generally speaking?” While 
studying the personality-health relationship, the elastic net 
was compared to a more conventional regression method. 

results
While predicting health based on personality, using 14 Big 
Five Inventory items (R2  =  .19) resulted in a  similar pre-
dictive performance as using 50 Big Five Inventory items 
(R2  =  .18). Controlled for gender and age, participants 
experienced lower levels of health when they “often feel 
blue”, are not “relaxed most of the time”, and “worry about 
things.” These aspects of neuroticism relate to the lower-
order facets anxiety and depression. 

conclusions
When the primary goal of personality assessment is pre-
dictive performance, researchers should consider shorten-
ing their questionnaire using the method demonstrated in 
this paper. Shortening of the questionnaire does not have 
to result in a lower predictive performance.
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Background

Decades of research consistently indicate that the 
Big Five personality traits are critical to predicting 
health (Strickhouser et al., 2017). Typically, individ-
uals experience a  higher level of subjective health 
when they score lower on neuroticism and higher 
on conscientiousness and agreeableness (Strick-
houser et al., 2017). Although personality can help 
to estimate how healthy a  population is and will 
be, researchers often have limited time with their 
respondents. Fortunately, various short versions of 
personality trait questionnaires are available (e.g., 
Bernard et  al., 2005; Czerwiński &  Atroszko, 2020; 
Rammstedt & John, 2007; Woods & Hampson, 2005).

The shortened personality scales are highly sat-
isfactory in terms of some psychometric properties. 
For example, shorter-scale outcomes relate strong-
ly to well-established longer-scale outcomes (i.e. 
high convergent validity; Wood et al., 2010; Woods 
& Hampson, 2005) and the test results are relatively 
stable over time (i.e. high test-retest reliability; Gos-
ling et al., 2003). However, the use of shorter scales 
can lead researchers to underestimate the role of 
personality traits (Credé et al., 2012). The hierarchi-
cal structure of the Big Five model is a  main rea-
son that shorter scales can lead to underestimation 
(Credé et al., 2012). The Big Five traits are thought 
to have a hierarchical structure with each trait com-
prising lower-order facets (Roberts et al., 2004; Soto 
& John, 2017). For example, neuroticism is thought 
to comprise the facets anxiety, depression, and emo-
tional volatility. The lower-order facets add value to 
the predictive performance of personality assess-
ments (Credé et  al., 2012). Because smaller sets of 
items (e.g. 5 or 10) are less capable of capturing all 
lower-order facets, shorter scales may miss crucial 
information to predict outcomes.

In this paper, I demonstrate a  method that can 
help balance the needs for predictive performance 
and short administration time. When limited time is 
available for assessing personality traits and predic-
tive performance is key, researchers should consider 
using the regularized regression method the elastic 
net (Zou & Hastie, 2005). The elastic net extends or-
dinary least square (OLS) regression by imposing 
a  penalty on highly correlated predictor variables. 
The penalty constrains the size of the regression 
coefficients that are empirically less important for 
predicting the studied outcome. When the penalty 
of the regularization is set such that coefficients can 
“shrink” to zero, the elastic net results in a subset of 
predictors. The elastic net can thus help to reduce 
the amount of personality trait items needed for pre-
diction.  

The elastic net is widely used throughout the liter-
ature, among others in the fields of genetics (Barret-
ina et al., 2012), biology (Sunagawa et al., 2015), and 

econometrics (Bai & Ng, 2008). The elastic net com-
bines two shrinkage methods: RIDGE and LASSO  
(Hastie et al., 2017; Zou & Hastie, 2005). RIDGE re-
gression shrinks the coefficients of related predic-
tors to each other by averaging them. Empirically 
unimportant predictors are penalized toward (but 
not including) zero. Hence, RIDGE does not result in 
a selection of predictors. LASSO regression shrinks 
the coefficients of empirically unimportant predic-
tors to zero, which results in a selection of predic-
tors. However, a  major disadvantage of LASSO is 
that it randomly selects predictors among highly 
correlated predictors, leading to less generalizable 
findings (Hastie et al., 2017; Zou & Hastie, 2005). The 
elastic net combines the two shrinkage methods of 
RIDGE and LASSO, by averaging the coefficient of 
related variables and shrinking some predictors to 
zero. The elastic net often outperforms the LASSO, 
while still being able to create sparsity by selecting 
predictors (Hastie et al., 2017; Zou & Hastie, 2005).

Simply put, the elastic net can help to select fea-
tures (e.g. questionnaire items) that are most im-
portant in predicting an outcome measure. Zou and 
Hastie, who introduced the elastic net, compare the 
technique with a stretchable fishing net that retains 
“all the big fish” (2005, p. 302). Although the added 
value of the technique is widely proven for selecting 
non-questionnaire predictors (Bai & Ng, 2008; Bar-
retina et al., 2012; Sunagawa et al., 2015), the elastic 
net is also suitable for selecting questionnaire items 
that are most important for predicting outcome 
measures such as subjective health.

Participants and procedure

Participants

To demonstrate the added value of the elastic net 
for personality research, this paper uses data of the 
LISS (Longitudinal Internet Studies for the Social 
sciences) panel, administered by CentERdata (Til-
burg University, the Netherlands). The LISS panel 
is a  representative sample of Dutch individuals 
(Scherpenzeel & Das, 2010). The sample used in this 
study consists of 4,678 participants, 53% of whom 
were women, and the age ranged from 18 to 101 
(M = 54.11, SD = 17.46). 

Procedure

The personality data (n = 6,010) were collected in 2017 
and health data (n = 5,455) were collected in 2018. 
Collecting predictor variables and outcome variables 
through different surveys helps to prevent common 
method bias (Lindell & Whitney, 2001). Participants 
were asked to read and agree to the LISS informed 
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consent (see www.lissdata.nl/faq-page#n5512 for in-
formation about the ethical approval).

Measures

Big Five personality traits. The Big Five personality 
traits were measured with the 50-item Five Factor 
Model International Personality Item Pool (IPIP; 
Goldberg, 1999). The test was administered in Dutch, 
after being translated by professional translators. The 
respondents’ answers were registered on a  7-point 
Likert scale ranging from 1 (totally disagree) to 7 (to-
tally agree). The personality test showed α coeffi-
cients between .77 and .89: openness .77; conscien-
tiousness .77; extraversion .88; agreeableness .82; and 
neuroticism .89.

Subjective health. Subjective health was measured 
using the item “How would you describe your health, 
generally speaking?” The respondents’ answers were 
registered on a  7-point Likert scale ranging from 
1 (poor) to 7 (excellent). 

Analytical procedure

Health was predicted by two models: an ordinary 
least squares regression model and an elastic net 
model. The models were fitted based on a  training 
dataset, comprising 3,120 observations (2/3 of the 
data). Subsequently, the predictive performance of 
the models was tested on a test dataset, the remain-
ing 1,558 observations (1/3 of the data). Splitting data 
into a training and test set is necessary to help avoid 
overfit – that is, when a model performs well because 
it memorizes the data. Repeated 10-fold cross-vali-
dation was used to fit the models. Here, the models 
go through multiple training and test iterations. The 
training set was randomly split in ten approximately 
equal sub-samples. After splitting, nine sub-samples 
were collectively used as the training dataset and the 
remaining sub-sample was used as the test dataset. 
Each of the 10 sub-samples was used as a held back 
test. The cross-validation procedure was repeated 
10 times. The model that performed best was used to 
test the predictive performance.

The ordinary least squares model regressed subjec-
tive health to the predictors openness, conscientious-
ness, extraversion, agreeableness, neuroticism, gender, 
and age. The elastic net regressed subjective health to 
the 50 personality traits items and the control vari-
ables. Both models were fitted on normalized data (the 
normalization took place after splitting the data). The 
hyperparameters of the elastic net (i.e. α and λ) were 
optimized through random search, which is more ef-
ficient than grid search and manual search (Bergstra 
& Bengio, 2012). During the random search, 100 dif-
ferent combinations of α and λ were explored. 

Results

Table 1 presents the correlations among the vari-
ables. Two control variables were added to the mod-
els: gender and age. The results of the ordinary least 
squares regression model reported in Table 2 support 
the relationship between the Big Five personality 
traits and subjective health (R2 = .17). The model ap-
plied to the test set (i.e., the out-of-sample prediction) 
yields a similar relationship (R2 = .18). The elastic net 
model also supports the relationship between the 
Big Five personality traits and subjective health both 
while fitting the model (R2 =  .18) and while testing 
the model (R2 = .19). Thus, the predictive performance 
of the elastic net model is not inferior to the perfor-
mance of the ordinary least square regression model.

As reported in Table 2, the elastic net selects 
15  predictors (α  =  .19, λ  =  0.087), of which 14 are 
personality trait items. The five most important 
predictors are, in descending order of importance: 
age (–0.155), neuroticism item “Often feel blue” 
(–0.093), neuroticism item “Am relaxed most of the 
time” (0.065), neuroticism item “Worry about things” 
(–0.039), extraversion item “Feel comfortable around 
people” (0.025), and openness item “Have difficulty 
understanding abstract ideas” (–0.019).

Discussion

This paper demonstrates that shortening the ques-
tionnaire through the elastic net does not have to re-
sult in a lower predictive performance. The 15 items 
selected through the elastic net did not perform 
worse in predicting subjective health compared to 
the 52-item Big Five Inventory (controlling for gen-
der and age). Therefore, researchers should consider 
the use of the elastic net for the shortening of person-
ality trait questionnaires.

In addition to reducing administration time, using 
the elastic net can help to overcome a main disadvan-
tage of short versions of personality trait question-
naires. The Big Five traits are argued to have a hierar-
chical structure in which traits comprise lower-order 
facets (Roberts et al., 2004; Soto & John, 2017). Short 
versions of personality trait questionnaires have 
smaller sets of items. Smaller sets of items are less ca-
pable of capturing the lower-order facets, which may 
cause a lack of information crucial for prediction. The 
elastic net selects predictors that empirically are im-
portant, even when they are related. Therefore, ap-
plying the elastic net might result in the selection of 
multiple lower-order facets of one personality trait. 
In this paper, for example, the elastic model indicated 
that items belonging to lower-order facets of neuroti-
cism, anxiety (“relaxed most of the time” and “worry 
about things”) and depression (“often feel blue”), 
are most important for the prediction of subjective 
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health. Such data-driven insights can be valuable for 
subsequent theory refinement or new theory build-
ing. Previously, researchers argued that anxiety and 
depression are factors affecting salutogenesis (Schny-
der et al., 2000) – that is, a process of moving towards 
the health end of a  health-ease/disease continuum. 
Possibly, anxiety and depression obstruct people in 
their movement towards feeling healthy.

Fifteen predictor variables were selected in this 
study, but the elastic net can be forced to select fewer 
predictors. During the analysis, the elastic net hyper-
parameters were chosen based on a random search. 
Random search is more efficient than grid search and 
manual search (Bergstra & Bengio, 2012). However, 
when researchers want to force the elastic net to se-
lect fewer predictors, the α value could be set more 
towards one. When α = 0, the elastic net is the same 
as RIDGE (the coefficients of correlated predictors 
are similarly shrunk towards zero), when α = 1, the 
elastic net is the same as LASSO (the coefficient of 
one selected predictor is larger, whilst the others are 
shrunk to zero). In this study α was set to .19, which 
resulted in the selection of 15 predictor variables. 

The elastic net uses a data-driven approach to se-
lect predictors, which warrants important consider-
ations. First, the selected predictors are empirically 
important in the training data, but might be less im-
portant in different datasets. Validating the predictive 
performance across different datasets is thus recom-
mended. In this paper, repeated cross-validation was 
used to estimate the predictive performance. Second, 
because different items might be selected across dif-
ferent samples, the outcomes of the shorter versions 
are likely to be less comparable across studies. The 
Big Five Inventory is consistent in the items used. Ta
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Table 2

The ordinary least squares regression model

Predictor β p

Intercept 3.102*** < .001

Age –0.234*** < .001

Woman –0.009 .531

Openness 0.027 .060

Conscientiousness 0.021 .138

Extraversion 0.034* .018

Agreeableness –0.004 .811

Neuroticism –0.233*** < .001

R2 = .17
Note. N  = 3,120; subjective health as target variable; R2 value 
is unadjusted; woman used as dummy variable for gender;  
*p < .05, ***p < .001.
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This not only allows for better comparison across 
studies, focusing on personality differences, but also 
for estimating characteristics that (theoretically) 
relate to personality traits, such as physical health 
and health behaviours (Strickhouser et al., 2017). To 
ensure comparability, practitioners could opt to use 
a short version of the Big Five Inventory next to the 
items selected by the elastic net.

Limitations

Although this study was conducted to demonstrate 
the added value of the elastic net for personality re-
search, it also yields insights into the relationship 
between personality and subjective health. While 
interpreting these insights, it should be considered 
that the Big Five traits had a  somewhat different 
impact on subjective health than found in previous 
studies. Meta-analyses revealed higher levels of sub-
jective health among individuals who scored lower 
on neuroticism and higher on conscientiousness 
and agreeableness (Strickhouser et al., 2017). In this 
study (see Table 2), neuroticism was found to have 
a negative influence on subjective health, but consci-

entiousness and agreeableness did not have a signif-
icant bearing. The impact of openness and extraver-
sion was similar to that found in previous studies. 
These differences suggest that the elastic net may 
select different items in a different sample. The cur-
rent sample is representative of the general popula-
tion of the Netherlands. Possibly, the items selected 
by the elastic net in this study are of particular im-
portance to the subjective health of Dutch citizens. 
Further studies are needed to examine the stability 
of the results of this study. Applying the elastic net 
across contexts will reveal which personality items 
are important across contexts.  

Conclusions

When predictive performance is the primary goal of 
personality assessment, researchers should consider 
using the elastic net to shorten their questionnaire. 
As demonstrated in this paper, shortening of the 
questionnaire does not have to result in a lower pre-
dictive performance. The 15-item elastic net model 
did not perform worse than the 52-item ordinary 
least squares regression model.

Table 3

The elastic net model

Predictor Coefficient Item

Intercept 3.102

Age –0.155

Neuroticism 1 –0.093 Often feel blue

Neuroticism 2 0.065 Am relaxed most of the time

Neuroticism 3 –0.039 Worry about things

Extraversion 1 0.025 Feel comfortable around people

Openness 1 –0.019 Have difficulty understanding abstract ideas

Neuroticism 4 –0.015 Get upset easily

Neuroticism 5 –0.014 Seldom feel blue

Neuroticism 6 –0.012 Have frequent mood swings

Neuroticism 7 –0.008 Change my mood a lot

Openness 2 –0.005 Do not have a good imagination

Openness 3 0.002 Have a rich vocabulary

Openness 4 0.002 Am quick to understand things

Openness 5 –0.002 Am not interested in abstract ideas

Extraversion 2 0.001 Am the life of the party

R2 = .18
Note. N  = 3,120; α =.19, λ = 0.087; subjective health as target variable; R2 value is unadjusted.
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