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ABSTRACT
Gamification researchers deem adolescents a particularly interest-
ing audience for tailored gamification. However, empirical valid-
ation of popular player typologies and personality trait models
thus far has been limited to adults. As adolescents exhibit com-
plex behaviours that differ from older adults, these models may
need adaptation. To that end, we collected a unique data set of
Big Five Inventory and Hexad questionnaire answers in Dutch
from 402 adolescents. Confirmatory factor analysis showed that the
Dutch forms of the BFI-10, BFI-44 and Hexad scales performed sub-
standard when used with adolescents. Through exploratory factor
analysis, we investigated underlying problems, and provide prelim-
inary suggestions on how to improve measurements. In particular,
we propose to simplify the Hexad model, and to reformulate specific
items. With this study, we hope to contribute to the debate on how
to improve the tailoring of interactive systems for adolescents.

CCS CONCEPTS
• Human-centered computing → HCI theory, concepts and
models; Empirical studies in HCI.
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1 INTRODUCTION
In the past decade, we have witnessed the rise of gamification,
the intentional use of game elements for non-gaming tasks and in
non-gaming contexts, to create a gameful experience [e.g. 24, 39, 88].
Gamification was found an effective strategy for engaging users
and promoting desirable behaviours in a wide range of contexts,
for example business and marketing [39, 45], health and well-being
[51, 77, 85], education [25, 92] and sustainability [52].

As the gamification field matures, researchers are increasingly
questioning the effectiveness of one-size-fits-all approaches [73].
A growing number of studies suggests that gamification strategies
are likely to result in higher engagement, and to improve desired
outcomes, when adapted to end users [1, 55, 69, 77]. In the quest
towards tailored gamification, demographic characteristics such as
age and gender, and models of personality traits (e.g. the Big Five
Inventory [35]) and player styles (e.g. BrainHex [71, 72], Hexad [98])
play a significant role [10, 56, 74]. Many studies have investigated
user typologies and their associated scales to predict preferences
for different gamification elements [3, 38, 46, 95]. Overall, studies
yield mixed to tentatively positive outcomes [38].

In particular, a considerable number of gamification studies ad-
dresses adolescents [e.g. 12, 13, 19, 21, 34, 37, 57, 66, 76, 84, 90, 91]
because this age group is considered especially receptive to gamifi-
cation. As savvy users of interactive and socially connected tech-
nologies, adolescents are formed by today’s media and ludification
of culture [8]. Their potential to shape themselves and society’s
future [32] makes them an interesting target for gamification.

Interestingly, even though gamification researchers deem ad-
olescents a particularly interesting audience, they have not yet
investigated the validity of player typologies, personality trait mod-
els, and associated scales for them; empirical investigations and
validations thus far have been limited to adults. In fact, not only gam-
ification studies have insufficiently considered adolescents: teen-
agers (aged 13–19) present an underexplored space in the whole
of Human-Computer Interaction (HCI) research [33, 83]. While
HCI researchers often treat adolescents as young adults, adoles-
cence is a distinct developmental stage marked by a strong need
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for autonomy, becoming independent from parents, and building 
meaningful relationships with peers instead [61]. Moreover, puberty 
comes with rapid hormonal and neurological changes, which result 
in increased exploration and risk-taking as brains have not yet fully 
matured [6, 60, 75]. Since adolescents typically exhibit complex 
behaviours that differ from older adults [33], current personality 
trait and player models may need adaptation.

Hence, it is important to verify whether widely used models such 
as the Big Five Inventory (BFI) [35, 47, 50] and the Hexad frame-
work [98] are suitable for tailoring gamified systems for adolescents. 
To that end, our study collected responses on Dutch forms of the 
BFI-44 and Hexad questionnaires from 402 teenagers between 13 
and 19 years old, as part of a larger study on personalised gamifi-
cation on an online mathematics platform. Through confirmatory 
and exploratory factor analyses, we investigated the validity of the 
BFI and Hexad models in the adolescent population. The results 
bring forward multiple issues that call for increasing carefulness 
when studies with adolescents rely on user scales that are validated 
for adults.

Our contributions to the HCI research field are threefold. First, 
we collect a unique data set of BFI-44 and Hexad questionnaire 
submissions in Dutch from 402 adolescents, which we publish on-
line together with an expert-approved Dutch translation of the 
Hexad questionnaire1. Second, upon a careful confirmatory factor 
analysis, we show that the current forms of the BFI-10, BFI-44 and 
Hexad scales are inadequate when used with adolescents. Third, 
we execute an exploratory factor analysis to provide preliminary 
suggestions on how to improve the models. In sum, we hope these 
findings contribute to the discussion on how personality trait mod-
els and player typologies can be tailored for adolescents.

2 BACKGROUND
This section briefly reviews approaches towards tailored gamifica-
tion, focusing on the Hexad and Big Five models, and introduces 
the challenges of HCI research with adolescents.

2.1 Tailored Gamification
Gamification strategies aim to motivate and engage people in non-
entertainment contexts [24, 88]. Initially, studies centred around 
whether gamification works as a whole, and did not yet tailor design 
to users [73]. However, researchers quickly found that applying 
gamification techniques leads to mixed results, depending on the 
type of end user and the particular context [e.g. 29, 39, 68, 88]. This 
questioned the legitimacy of one-size-fits-all approaches.

The current wave in gamification research investigates why, how 
and when gamification methods are effective, taking the end user’s 
personal characteristics into account. Gamified applications are, for 
example, personalised based on psychological inventories such as 
Big Five [35] and Minnesota Multiphasic Personality [11], and user 
typologies specifically developed for game(ful) design, e.g. Brain-
Hex [71, 72] and Hexad [98]. Research on how these personality 
traits and player types are associated with gamification strategies 
revealed interesting yet overall weak correlations [46, 76, 94, 96, 98]. 
An increasingly studied topic is the influence of gender and (adult) 
age [7] on the preference for gamification elements: women seem
1https://github.com/JeroenOoge/tailoring-gamification-adolescents

Table 1: Hexad gamification user types and their associated
motivations based on [98].

User type Motivated by

F Free Spirit autonomy as in SDT, i.e. feeling in control
of a situation

Ac Achiever competence as in SDT, i.e. feeling skilled
enough to accomplish tasks

S Socialiser relatedness as in SDT, i.e. being involved
with others, social connections

Ph Philanthropist purpose, i.e. accomplishingmeaningful tasks
P Player extrinsic rewards, i.e. rewards that are inde-

pendent of the activity
D Disruptor change, i.e. disrupting the system and testing

its boundaries

to score slightly higher than men on intrinsic motivation types; and
intrinsic motivations slightly increase with age [69], contrary to
extrinsic motivations [95]. The latter finding suggests that age mat-
ters, hence also adolescents’ motivations to interact with gamified
systems may differ from those of adults.

2.2 Hexad Model
Gamification research commonly types users with the Hexad frame-
work, which draws on Self Determination Theory (SDT) [22] to
define four intrinsically motivated user types (Free Spirit, Achiever,
Socialiser and Philanthropist) and one extrinsically motivated user
type (Player). One extra user type (Disruptor) is empirically derived
from user behaviour in online systems [64]. Hexad comes with a
7-point Likert scale [98], which consists of the 24 items (six times
four) in Table 11. The individual scores on the six different types
can be used to tailor gamified applications since each user type is
associated with preferences towards specific kinds of gamification
elements, as shown in Table 1.

Recently, Hexad was found to outperform BrainHex and the Big
Five in identifying user preferences for gamification elements [38],
and empirical validation of the Hexad framework with adults sup-
ports the scale’s reliability and internal consistency [2, 95, 98]. This
suggests that Hexad is a suitable instrument to tailor gamification
strategies to user characteristics [82]. However, studies validating
Hexad have not yet recruited participants under the age of 18.

2.3 Big Five Model
The Big Five, also known as the Five Factor Model, is a taxonomy
of five personality traits (Openness, Conscientiousness, Extraversion,
Agreeableness and Neuroticism), which each combine many person-
ality characteristics [50], as summarised in Table 2. The descriptive
model arose after decades of research [35, 47, 50, 89] and can be as-
sessed by a wide range of questionnaires, including NEO PI-R [17],
FIPI and TIPI [36], the Big Five Inventory (BFI) with 44 items (BFI-
44) [49, 50], and a shortened version of the latter with ten items
(BFI-10) [81]. Table 12 contains the items of BFI-10 and BFI-44.

HCI researchers interested in personality increasingly incor-
porate the Big Five in their research to allow comparison of their
findings with others [23, 38, 46, 98]. Most HCI studies administer
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Table 2: Big Five personality traits based on [46, 50, 76].

Trait Description

O Openness devise novel ideas; hold unconventional
values; willingly question authority; be
curious, imaginative, creative

C Conscientiousness actively plan, organise and carry out
tasks; be self-disciplined, goal-oriented,
dependable

E Extraversion seek out new opportunities and excite-
ment; be outgoing, expressive, ambitious

A Agreeableness help others and expect help in return; be
considerate, cooperative, tolerant, help-
ful, friendly, caring

N Neuroticism be fearful, sad, embarrassed, distrust-
ful; have difficulty managing stress; be
nervous, sensitive, emotionally unstable

compact scales such as BFI-10 [e.g. 76, 98]. Whereas this choice
is understandable from a pragmatic perspective, BFI-10 leads to
substantial losses in captured variance, retest reliability and conver-
gent validity compared to BFI-44 (especially for Agreeableness) and
should therefore only be used when participant time is extremely
limited [81]. Alternative Big Five personality scales have been de-
veloped specifically for adolescents [48, 63], but these do not seem
popular in current HCI research. Moreover, we are unaware of any
validations of the BFI-10 and BFI-44 scales with adolescents.

2.4 Tailoring for Adolescents
Given their unique developmental stage, adolescents may not fully
comply with personality and player style models for adults. No
longer children, not yet adults [61], teenagers rapidly undergo pro-
found psychological and physical changes [62, 79] at the onset of pu-
berty and sexuality. Their raging hormones trigger emerging adult-
hood, including the need for a personal identity, parental distancing
and closer interaction with peer groups, and increased sensation-
seeking and risk-taking behaviour [5]. It is therefore plausible that
adolescents score higher on factors measuring autonomy or related-
ness, and factors associated with exploratory or risky behaviour.

Moreover, adolescents do not necessarily interpret or process
questionnaires in the same way as adults. As they extensively ex-
plore their selves (teenagers are often perceived as self-obsessed [5]),
surveys that poll for personality or type may sharpen their self-
consciousness and bias their self-reporting. Additionally, adoles-
cents are typically preoccupied with peer relationships and highly
susceptible to peer influence, which may stimulate answering that
is desirable in the eyes of peers. This socially desirable answer-
ing can be further reinforced when questionnaires are filled out
in the presence of others, for example in a school context. Finally,
while adolescents already think in a more logical, abstract way than
children, and have a more elaborate vocabulary, their cognitive
abilities are still different from those of adults. This may complicate
cognitive processing and understanding of scale items that were
validated with adults only.

In sum, models and instruments developed for adults may not be
appropriate for adolescents [33]. There is a need for incorporating
TeenCI [83] in HCI to better understand teenagers and develop suit-
able methods for them. We believe this need is particularly urgent
in the gamification domain because adolescents are a popular target
for gamified services and apps. Yet, we are unaware of studies that
address the validity of models currently used to tailor for teenagers.
Our study tries to fill this gap by investigating the widely used Big
Five Inventory and Hexad models.

3 STUDY DESIGN AND METHODS
We empirically studied the internal reliability and validity of the
Big Five Inventory and Hexad scales with adolescents (aged 13–19).

3.1 Instruments
For the Big Five Inventory, we used a validated Dutch transla-
tion [23] of the BFI-44 questionnaire. For Hexad, lacking such a
validated version, we translated the original scale [98] to Dutch
ourselves. Three fluent English language experts independently
back-translated the items and reported no meaningful differences
with the original ones, thereby confirming the adequacy of our
translation in Table 11. For both questionnaires, the items were
randomly ordered, as instructed in the original scales, and a control
question was inserted halfway.

Before administering the questionnaires, two think-aloud stud-
ies, each involving five adolescents, verified the study procedure.
Some participants did not understand ‘status quo’ and ‘provoke’
in Hexad’s items D1 and D2. To mitigate confusion, yet respect
the validated items, we added tooltips to the online questionnaire,
explaining ‘status quo’ as ‘the state of affairs; the things as they are’
and ‘to provoke’ as ‘to challenge’. The questionnaires’ implementa-
tion is available online.

3.2 Data Collection
We contacted the board of eleven secondary schools in Belgium
(Flanders) via email. Six schools expressed interest, and thirteen
teachers invited their students from years 3–6 (equivalent to US
high school) to fill out the BFI-44 and Hexad questionnaires online
before accessing a gamified mathematics platform.

An information leaflet describing the research objectives was
handed out to all students beforehand. Students had the opportun-
ity to refuse cooperation, and all teachers declared in an informed
consent not to coerce anyone in participating. Additional measure-
ments protected the privacy of all underage participants: parents
agreed in an informed consent with the processing of their teenage
children’s data, and the ethical committee of KU Leuven approved
the study (reference number G-2019 04 1618).

3.3 Data Analysis
Internal reliability was examined with Cronbach’s α . Data validity
was assessed through factor analysis [15], which aims to describe
indicators (observed variables) in terms of fewer latent factors (un-
observed variables). Exploratory factor analysis (EFA) is suitable
for exploring observed data when little or no theoretical know-
ledge is available about potential latent factors. When such prior
knowledge does exist, confirmatory factor analysis (CFA) is used



Table 3: Fit indices and their cut-off levels as used for CFA model evaluation in this study.

Index family Index Description Cut-off Cut-off

Absolute fit χ2/df Chi-squared test statistic divided by the degrees of freedom < 3 < 5
SRMR Standardised root mean square residual, values ∈ [0, 1] where 0 is perfect fit ≤ 0.08 ≤ 0.10
RMSEA Root mean square error of approximation, values ∈ [0,∞) where 0 is perfect fit ≤ 0.08* ≤ 0.10*
GFI Goodness of fit index, values ∈ [0, 1] where 1 is perfect fit ≥ 0.95 ≥ 0.90
AGFI Adjusted goodness of fit index, interpretation similar to GFI ≥ 0.95 ≥ 0.90

Comparative fit CFI Comparative fit index, values ∈ [0, 1] where 1 is perfect fit ≥ 0.95 ≥ 0.90
TLI Tucker-Lewis index, interpretation similar to CFI but values < [0, 1] are possible ≥ 0.95 ≥ 0.90

Note: Green cut-offs indicate good fit, yellow cut-offs fair fit. *Additional support for good fit if the upper limit of the 90%-confidence interval is below the cut-off.

for theory-testing, whereby one (or a small number of) plausible
model(s) is fitted to the data. CFA is typically used in later phases
of scale development, after the underlying structure has been estab-
lished by theory and verified through EFAs [9]. Our CFA and EFA
for the BFI-10, BFI-44 and Hexad models followed the procedural
steps recommended in [9, 58] and were executed with the open
source software R (3.6.2), using the packages lavaan (0.6-5) and
psych (1.9.12.31). All R scripts are available online.

3.4 Confirmatory Factor Analysis
The CFA used maximum likelihood (ML) estimation, the most com-
mon approach in the literature [9, 16, 20, 27]. ML estimation as-
sumes continuous indicators with a multivariate normal distribu-
tion, a sufficiently large sample, and independence between indicat-
ors and corresponding errors. These assumptions must be checked
before running ML estimations because severe violations distort
parameter estimates [9]. We verified that |skewness(i)| ≤ 2 and
|kurtosis(i)| ≤ 2 for all scale items i because ordinal Likert-type data
such as our BFI and Hexad data can then be treated as continuous
[28, 30, 70, 99]. To detect extremely non-normal items, we visually
inspected QQ-plots and histograms [100]. Finally, we checked that
the mean absolute value of the skewnesses was smaller than 1,
and that items had absolute skewness and kurtosis below 1 (more
stringent bound than for continuity) because then ML estimation
is not dissuaded and little distortion is to be expected [70].

In CFA, models are evaluated in terms of various fit indices,
which reflect howwell the proposed model reproduces the observed
correlation matrix. While these indices and their corresponding
acceptable cut-off values are still hotly debated in the CFA literature,
consensus has grown that researchers should take into account fit
indices from different families, which each reflect a specific model
aspect [9, 58, 67]. Specifically, absolute fit indices indicate the degree
of discrepancy between the observed correlation matrix and the
one predicted by the model, thus assessing model fit on a global
level, whereas comparative fit indices compare the specified solution
to a simple baseline model. Table 3 summarises the fit indices and
cut-off values used in this study, recommended by [42, 44, 58, 65].

3.5 Exploratory Factor Analysis
As a preliminary step for EFA, the Kaiser-Meyer-Oblin (KMO)
test [54] and Barlett’s test of sphericity ensured the factorability [4]

of the BFI and Hexad data. The EFA used ML estimation for factor
extraction, requiring multivariate normality as in the CFA.

Determining the number of factors is critical in EFA [40]. First,
in accordance with existing theory on the Big Five and Hexad
models, we investigated solutions with five and six factors for the
BFI and Hexad data respectively. Next, departing from existing
theory, multiple criteria were consulted to empirically decide on a
number of factors more suitable to explain the data’s underlying
structure [31, 40]: the Kaiser-Guttman criterion [53], Cattell’s scree
test [14] and parallel analysis [43] with 100 simulations.

Factor rotation [78] in EFA leads to more interpretive models and
encompasses orthogonal rotation methods, which yield uncorrel-
ated factors, and oblique rotation methods, which allow inter-factor
correlation. As the latter lead to more accurate and realistic re-
sults [31, 67, 87], our EFA used oblique promax rotation, unless
stated otherwise. Rotated EFA solutions were interpreted in terms
of meaningfulness, communalities, total explained variance, and
factor loadings and cross-loadings in the pattern matrix. In general,
|factor loading| ≥ 0.70 is ideal because the corresponding factor
then accounts for nearly 50% of the item’s variance. An item’s com-
munality is the sum of its squared loadings, which measures the
amount of variance explained by the common factors. Hence, items
with communality under 0.40 fail to load significantly on any factor
and are candidates for removal when optimising the model [18].

4 RESULTS
This section first presents the steps taken to screen the collected
data, and provides descriptive statistics. Next, the results of the CFA
show how the empirical data fitted to the theoretical BFI-10, BFI-44
and Hexad models, comparing different fit metrics to commonly
accepted standards. As these results will prove to be substandard,
the last part of this section presents the results of an EFA in which
we tried to understand the underlying issues, and to identify latent
factors that reconstruct the complexity of the observed data better
than the existing BFI and Hexad models.

4.1 Data Screening and Descriptives
In total, 402 adolescents (aged 13–19) from years 3–6 of second-
ary school participated in the study between September 2018 and
May 2019. Only 38 of them belonged to years 5–6 (US junior–senior,
aged 17–19). To obtain a more focused sample, these were removed.
Hence, the data screening solely considered 363 adolescents from



Figure 1: Diverging stacked bar charts for 297 BFI-44 (left) and 293 Hexad (right) questionnaire submissions.

Table 4: Descriptive statistics for the screened BFI-44 and Hexad data.

O C E A N F Ac S Ph P D

mean 2.80 3.09 3.28 3.44 2.76 22.68 21.36 22.12 22.32 20.30 16.45
variance 0.29 0.36 0.44 0.28 0.38 8.71 11.42 14.20 10.05 16.37 18.21
skewness -0.19 0.18 -0.33 -0.39 -0.04 -0.68 -0.24 -0.96 -0.74 -0.27 0.30
kurtosis -0.01 -0.30 -0.04 0.54 -0.37 1.04 -0.19 1.45 1.70 0.10 -0.08

Cronbach’s α 0.74 0.80 0.83 0.68 0.74 0.56 0.61 0.81 0.74 0.66 0.64

Note: Values α < 0.7 are in red.

years 3–4 (US freshman–sophomore, aged 13–17, average = 14.96,
SD = 0.75; excluding one participant who declared an age of five).

Data screening was performed on the raw data, reverse-scored
whenever necessary. We considered participants attentive if they
correctly answered the control question in the questionnaires, did
not provide identical answers for all other items, and completed all
items. These inclusion criteria were met by 297 BFI-44 submissions
(66 removed) and 293 Hexad submissions (70 removed).

Next, we inspected data descriptives and internal consistency of
the factors. Figure 1 visualises the Likert-type answers with diver-
ging stacked bar charts [41]. The violin plots in Figure 2 show the
mutual distribution of the Big Five personality traits and the Hexad
gamification user types, and Table 4 reports descriptive statistics
and the internal reliability (Cronbach’s α ). The Cronbach’s α levels
show low internal consistency for the gamification user types: four

out of six types score below 0.70, which is considered the threshold
for acceptable internal consistency [86], with Free Spirit scoring
particularly low.

4.2 Confirmatory Factor Analysis
Before testing the hypothesised Big Five and Hexad models in a
CFA, we checked the requirements for ML estimation. None of the
items had |skewness| > 2, and only Ph1 and A2 had |kurtosis| > 2.
In fact, only six Hexad items had |skewness| > 1; five BFI-44 and
seven Hexad items had |kurtosis| > 1. In all QQ-plots, the observed
quantiles approximated the theoretical ones fairly well. Moreover,
the mean absolute skewnesses were 0.38 and 0.68 for BFI-44 and
Hexad respectively. Hence, our data were appropriate for CFA with
ML estimation.



Figure 2: Violin plots for 297 BFI-44 (left) and 293 Hexad (right) questionnaire submissions.

O1 O2 O3 O4 O5 O6 O7 O8 O9 O10

Openness

0.622
0.444

0.380

0.612
0.527 0

.5
0
3

0.
01
2

0.
66
5
0.5

03
0.4

85

ε1 ε2 ε3 ε4 ε5 ε6 ε7 ε8 ε9 ε10

C1 C2 C3 C4 C5 C6 C7 C8 C9

Consciensciousness

0.666
0.368

0.514
0.617 0

.5
7
4

0.
71
1

0.
49
3

0.5
76
0.5

24

ε11 ε12 ε13 ε14 ε15 ε16 ε17 ε18 ε19

A1 A2 A3 A4 A5 A6 A7 A8 A9

Agreeableness

0.5
20
0.4

31

0.
57
2

0.
43
8

0
.2
3
1

0.273
0.651

0.608
0.222

ε28 ε29 ε30 ε31 ε32 ε33 ε34 ε35 ε36

E1 E2 E3 E4 E5 E6 E7 E8

Extraversion

0.6
77
0.
66
8

0.
59
1

0
.5
9
3

0
.7
6
1

0.492

0.652
0.441

ε20 ε21 ε22 ε23 ε24 ε25 ε26 ε27

N1 N2 N3 N4 N5 N6 N7 N8

Neuroticism

0.1
87
0.
75
6

0.
60
3

0.
61
4

0.499
0.129

0.582
0.727

ε37 ε38 ε39 ε40 ε41 ε42 ε43 ε44

Figure 3: Path diagram for the BFI-44 model. Circles and rectangles represent factors and indicators respectively; arrows
indicate direct effects. Factor covariations and error terms εi are suppressed for clarity.

Ph1 Ph2 Ph3 Ph4

Philanthropist

0.
71
7

0.
71
0 0.533

0.636

ε13 ε14 ε15 ε16

D1 D2 D3 D4

Disruptor

0.
53
4

0.
22
3 0.811

0.666

ε17 ε18 ε19 ε20

F1 F2 F3 F4

Free Spirit

0.484
0
.5
2
5

0
.5
4
6

0.
42
6

ε1 ε2 ε3 ε4

Ac1 Ac2 Ac3 Ac4

Achiever

0.630

0.418 0.
42
2

0.
57
3

ε5 ε6 ε7 ε8

P1 P2 P3 P4

Player

0.411
0
.7
1
0

0
.5
5
5

0.
69
4

ε9 ε10 ε11 ε12

S1 S2 S3 S4

Socialiser

0.
67
8

0
.8
0
4

0
.6
0
7

0.789

ε21 ε22 ε23 ε24

Figure 4: Path diagram for the Hexadmodel, with encodings
similar to Figure 3.

A CFA with freely estimated factor loadings and error terms
yielded low factor loadings: only four BFI-44 loadings and six Hexad
loadings were larger than the desirable 0.7, as depicted in Figures 3
and 4. Table 5 contains the fit indices for the BFI-10, BFI-44 and
Hexad models, and is color coded along the recommended cut-
offs in Table 3. Only the BFI-10 model has an acceptable absolute
fit: the GFI and AGFI indices for BFI-44 and Hexad are far below
the required cut-offs. Moreover, the low comparative CFI and TLI
indices show that none of the models fit remarkably better to the
data than a baseline model where all covariances are set to zero.

4.3 Exploratory Factor Analysis
Since the models proved to poorly fit the data in the CFA, we
executed an additional EFA to identify problematic items, and to
analyse the factor structure underlying the data.

We initially verified the data factorability. Bartlett’s sphericity
test was significant (p < 0.001) for the BFI-10 (χ245 = 324.50),
BFI-44 (χ2946 = 4636.76) and Hexad (χ2276 = 2143.23) data. The



Table 5: Fit indices for BFI-10, BFI-44 and Hexad.

Index BFI-10 BFI-44 Hexad

χ2 df, p 60.59 25, 0.00 2412.74 892, 0.00 679.12 237, 0.00
χ2/df 2.42 2.70 2.87
SRMR 0.06 0.10 0.09
RMSEA 90%-CI 0.07 [0.05, 0.09] 0.08 [0.07, 0.08] 0.08 [0.07, 0.09]
GFI 0.96 0.68 0.84
AGFI 0.91 0.65 0.80

CFI 0.88 0.62 0.77
TLI 0.78 0.59 0.73

Note: Green, yellow and red cells respectively indicate good, fair and bad fit, according
to the recommended cut-offs. χ 2 is only included for reference as relying on it is
discouraged [e.g. 9, 30, 42]. CI = confidence interval

KMO scores for BFI-44 and Hexad were also ‘meritorious’ [54]
(0.80 and 0.79 respectively) so we considered the data suitable for
factorisation. Although the BFI-10 data had a ‘miserable’ [54] KMO
index (0.60), we pursued the EFA for this scale too to compare our
results with [81].

4.3.1 EFA with existing factor structures. First, we performed EFA
in line with existing theories, i.e. five factors for the BFI data and
six factors for the Hexad data. Table 6 presents the rotated factor
loadings of the BFI-44 items. Even though most items had loadings
under 0.70 and communality under 0.40, some items loaded on mul-
tiple or no factors, and the total explained variance was only 0.36,
the expected Big Five factor structure was clearly visible. Moreover,
factors were barely correlated (at most 0.23).

Table 7 shows the loading results of the Hexad items. Most com-
munalities were at least 0.40, but eight items loaded most heavily on
an unexpected factor. The latter was particularly notable for items
F1 to F4, whose largest absolute loadings were not in column F. In
addition, five items had strong cross-loadings, i.e. the two largest
absolute loadings differed less than 0.20. Due to these issues, the
Hexad factor structure was only vaguely recognisable. In addition,
the total explained variance was only 0.45, and three factor pairs
had correlations over 0.30: Ph–Ac (0.50), Ph–S (0.54) and P–D (0.49).

The EFA for BFI-10 used oblique geomin rotation since promax
rotation led to a Heywood case [9, 58]: N2 had a loading > 1. Table 8
shows cross-loading or low communality for at least one item in
each personality trait. The factor pair A–E had the largest absolute
correlation (0.37), and the total explained variance was 0.43.

4.3.2 EFA with alternative factor structures. Second, we departed
from existing theories, and iteratively modified the items included
in the scales to better reconstruct the observed data’s complexity.
We only explored models for the BFI-44 and Hexad data because
BFI-10 had too few items for pruning. In each iteration, starting
from Tables 6 and 7, we removed one problematic item and re-
computed loadings. In decreasing order of severity, removal criteria
were: no significant loading on any factor, strong cross-loading,
loading on an unexpected factor, and communality under 0.4. The
Kaiser-Guttman criterion, Cattell’s scree test and parallel analysis
gave inconclusive suggestions for the number of factors: between
six and seven for BFI-44 and between three and seven for Hexad.

Table 6: Rotated factor loadings and communalities based
on the correlation matrix of the BFI-44 data.

Item 1 (O) 2 (C) 3 (E) 4 (A) 5 (N) Com.

O1 0.460 0.34
O2 0.470 0.29
O3 0.489 0.36
O4 0.506 0.33
O5 0.457 0.37
O6 0.486 0.24
O7 0.05
O8 0.597 0.39
O9 0.376 0.17
O10 0.458 0.21
C1 0.677 0.46
C2 -0.331 0.403 0.28
C3 0.481 0.34
C4 0.650 0.45
C5 0.561 0.40
C6 0.659 0.52
C7 0.471 0.35
C8 0.566 0.42
C9 0.575 0.40
E1 0.598 -0.310 0.46
E2 0.677 0.51
E3 0.595 0.47
E4 0.566 0.47
E5 0.757 -0.362 0.61
E6 0.328 -0.302 -0.205 0.31
E7 0.637 0.48
E8 0.498 0.46
A1 0.598 0.41
A2 0.237 0.327 0.22
A3 0.567 0.36
A4 0.414 0.20
A5 0.259 0.248 0.20
A6 0.484 0.32
A7 0.521 0.41
A8 0.609 0.40
A9 0.372 0.245 0.27
N1 -0.477 0.30
N2 0.771 0.58
N3 0.614 0.39
N4 0.639 0.48
N5 0.541 0.30
N6 -0.386 0.16
N7 0.616 0.40
N8 0.691 0.50

Note: |Loadings | ≤ 0.30 are suppressed unless the absolute difference with the max-
imal loading (bold) ≤ 0.20. Maximal loadings belonging to an unexpected factor and
communalities < 0.40 are in red.

Tables 9 and 10 contain the pattern matrices resulting from our
pruning procedure. For Hexad, all Free Spirit items were removed
due to persistent cross-loadings, and the number of factors was
further reduced to four because all Philanthropist and Socialiser
items strongly cross-loaded. The adapted BFI-44 and Hexad models
had no factor pairs with a |correlation| > 0.40, except P–D (0.48)
and PhS–Ac (0.41).



Table 7: Rotated factor loadings and communalities based 
on the correlation matrix of the Hexad data.

Item 1 (F) 2 (Ac) 3 (S) 4 (Ph) 5 (P) 6 (D) Com.

F1 0.546 0.26
F2 0.218 0.345 0.29
F3 0.370 0.396 0.40
F4 0.357 0.279 0.30
Ac1 0.463 0.37
Ac2 0.575 0.47
Ac3 0.689 0.43
Ac4 0.497 0.42
S1 0.590 0.48
S2 0.898 0.72
S3 0.351 0.637 0.50
S4 0.760 0.63
Ph1 0.330 0.530 0.51
Ph2 0.528 0.45
Ph3 0.669 0.40
Ph4 -0.233 0.420 0.397 0.47
P1 0.544 0.44
P2 0.604 0.47
P3 0.516 0.34
P4 0.969 0.76
D1 0.506 0.32
D2 0.16
D3 0.889 0.65
D4 0.719 0.46

Note: |Loadings | ≤ 0.30 are suppressed unless the absolute difference with the max-
imal loading (bold) ≤ 0.20. Maximal loadings belonging to an unexpected factor and
communalities < 0.40 are in red.

Table 8: Rotated factor loadings and communalities based
on the correlation matrix of the BFI-10 data.

Item 1 (O) 2 (C) 3 (E) 4 (A) 5 (N) Com.

O4 0.518 0.41
O9 0.546 0.32
C1 0.486 0.24
C5 0.718 0.52
E2 0.757 0.62
E8 0.648 0.53
A1 0.326 -0.182 0.14
A5 0.331 0.12
N2 0.998 1.00
N8 -0.358 0.506 0.44

Note: |Loadings | ≤ 0.30 are suppressed unless the absolute difference with the max-
imal loading (bold) ≤ 0.20. Maximal loadings belonging to an unexpected factor and
communalities < 0.40 are in red.

5 DISCUSSION
This study set out to empirically investigate whether the Big Five
model of personality traits and the Hexad model of gamification
user types are suitable instruments when tailoring gamified sys-
tems for adolescents. To that end, we collected, carefully screened
and consequently analysed a unique data set of BFI-44 and Hexad
questionnaire submissions from 402 adolescents.

Table 9: Rotated factor loadings and communalities based
on the correlation matrix of the adapted BFI-44 data.

Item 1 (O) 2 (C) 3 (E) 4 (A) 5 (N) Com.

O1 0.494 0.38
O4 0.576 0.41
O5 0.360 0.202 -0.223 0.36
O6 0.670 0.40
O8 0.524 0.35
O9 0.628 0.37
O10 0.633 0.35
C1 0.674 0.45
C3 0.606 0.37
C4 0.511 0.35
C5 0.454 0.274 0.35
C6 0.747 0.56
C7 0.545 0.35
C8 0.632 0.43
C9 0.522 0.33
E1 0.642 0.47
E2 0.747 0.53
E3 0.594 0.42
E4 0.587 0.46
E5 0.813 0.62
E6 0.350 -0.222 0.29
E7 0.661 0.46
E8 0.490 0.40
A1 0.653 0.47
A3 0.612 0.42
A4 0.343 0.12
A7 0.395 0.28
A8 0.644 0.45
N2 0.774 0.59
N3 0.603 0.38
N4 0.614 0.49
N5 0.528 0.29
N7 0.611 0.40
N8 0.689 0.50

Note: |Loadings | ≤ 0.30 are suppressed unless the absolute difference with the max-
imal loading (bold) ≤ 0.20. Communalities < 0.40 are in red.

5.1 BFI-10, BFI-44 and Hexad: Unfit for
Adolescents

A rigorous CFA yielded fit indices below recommended thresholds:
absolute indices were only found acceptable for BFI-10; comparative
fit indices were problematic for all scales. Hence, we could not
confirm the validity of the BFI-10, BFI-44 and Hexad scales for
adolescents.

Therefore, we subsequently performed an EFA to empirically
examine the factor structures of the BFI-10, BFI-44 and Hexad data.
Tables 6 to 8 revealed multiple issues for all scales: items majorly
cross-loaded on several factors, loaded on factors diverging from
the ones prescribed by the models, or had low communality. We
attempted to optimise the models by iteratively pruning the most
problematic items. However, even the most acceptable resulting
models in Tables 9 and 10 were not fully satisfying due to low com-
munalities, low average loadings per factor, and low total explained
variance. Even though the pruned models slightly improved the fit



Table 10: Rotated factor loadings and communalities based 
on the correlation matrix of the adapted Hexad data.

Item 1 (Ac) 2 (PhS) 3 (P) 4 (D) Com.

Ac2 0.534 0.37
Ac3 0.737 0.48
Ac4 0.488 0.36
S1 0.624 0.48
S2 0.846 0.64
S3 0.520 0.45
S4 0.786 0.60
Ph1 0.613 0.38
Ph2 0.543 0.34
Ph4 0.580 0.34
P2 0.623 0.42
P3 0.526 0.33
P4 0.948 0.74
D1 0.518 0.32
D3 0.892 0.70
D4 0.670 0.46

Note: |Loadings | ≤ 0.30 are suppressed and all absolute differences with the maximal
loading (bold) are > 0.20. Communalities < 0.40 are in red.

indices, we decided not to report these as they were still far from
acceptable and such a confirmatory validation actually requires
testing with a new sample [30].

Our findings suggest that HCI researchers should be cautious
when including the BFI and Hexad scales in their current form as
they may be unsuitable for adolescents. However, we acknowledge
that we cannot blindly rely on the thresholds for fit indices in
Table 3 as if they were golden rules for objectively deciding whether
a model has good fit [58, 65]. Bearing in mind the complexities of
research with adolescents, one could even argue that it is neither
feasible nor fair to expect to meet the recommended cut-off values
with data from a population as complex as adolescents. What then
are acceptable fit indices and cut-off values deserves further debate.

5.2 Theoretical Model or Instrument?
Given their unique developmental stage, it was expected that ad-
olescents would not fully comply with instruments for adults when
examining personality and gamification user type. However, fur-
ther investigation is required to assess whether the lack of valid
measurements is to be attributed to issues with the underlying
theoretical models (i.e. non-existence or partial absence of the pro-
posed types in an adolescent population) or to the instruments
themselves (i.e. error and bias in answering the items).

5.2.1 Big Five Personality Traits and Adolescents. The internal con-
sistency scores suggested that all Big Five traits were measured
reliably; only Agreeableness was borderline acceptable (α = 0.68).
However, a CFA could not confirm good fit. The EFA for BFI-10
and BFI-44 revealed strong cross-loadings in the pattern matrix,
particularly for Agreeableness. As this trait has also been found
to be the most problematic for adults [81], our findings are in line
with other researchers using BFI-10.

Yet, several studies before us have investigated and confirmed the
existence of the five-factor nomology for adolescents [48] and even

younger children [26]. Moreover, personality scales specifically
designed for adolescents do exist. For example, the scale in [63]
has shown good psychometric qualities and may be considered by
HCI researchers instead of BFI-10 or BFI-44. However, this scale
contains 91 items and may not be feasible in situations where a
parsimonious scale is needed. Surprisingly, if a short scale is needed,
we found that BFI-10 outperformed BFI-44 in terms of goodness of
fit. Still, given the problems observed in our analysis and in [81],
caution remains needed when using this shortened version.

5.2.2 Hexad Gamification User Types and Adolescents. As Hexad is
a relatively recent instrument, no prior studies with adolescents are
known to us. Our internal consistency analysis revealed that four
out of six factors could not be measured reliably and that Free Spirit
was particularly problematic. The EFA revealed that all its items
loaded higher on a different factor. During the iterative scale prun-
ing, we could only achieve a somewhat acceptable factor structure
by entirely removing Free Spirit, and by merging Philanthropist
with Socialiser, which suggests a need to simplify the theoretical
model for gamification user types for adolescents.

Interestingly, while validating their scale in English with adults,
Tondello et al. [97] also found that Free Spirit has low internal
consistency (α = 0.628), and that Socialiser and Philanthropist
strongly correlate. Moreover, we found that the Disruptor type had
the lowest overall score, which has been reported for adults too [e.g.
98]. In fact, scores on all types were similar to those reported for
adults. Overall, our study found patterns in the gamification user
types resembling those in [97, 98], which is somewhat surprising as
literature on the characteristics of adolescence highlights a stronger
need for autonomy, more sensation-seeking and risk-taking, and
higher susceptibility to peers [5]. This suggests that we would find
different or more articulated user types, especially for Disruptor,
Free Spirit and Socialiser. Instead, it seems that our study stumbled
upon issues similar to those unveiled by earlier studies, yet that
these issues were more pronounced with adolescents and thus
rendered problematic.

5.3 Limitations and Future Work
Our study investigated the BFI-10, BFI-44 and Hexad questionnaires
with adolescents, revealing both similarities and differences with
existing results for adults. However, our study comes with limita-
tions: the lack of valid measurements may partly be attributed to
difficulties with the instruments and the study context.

First, we relied on back-translation to verify the Dutch vari-
ant of Hexad. Even though three language experts independently
confirmed the adequacy of our translation, we did not conduct a
full validity study with adults. To remain as close as possible to
the original Hexad questionnaire, we chose to not alter wordings
that showed difficult in the pilot studies, particularly ‘to provoke’
and ‘status quo’. Instead, the online Hexad questionnaire provided
tooltips to clarify this uncommon terminology. Unfortunately, we
cannot verify whether participants used or understood them, as we
did not track interaction with tooltips. Our findings underscore that
further efforts are needed to reformulate items in language that is
closer to the understanding of adolescents. Aligning ourselves with
TeenCI [62], HCI for adolescents, we deem it imperative that this
happens in close collaboration with adolescents [83]. Moreover, it



is warranted that future researchers first validate our Dutch version 
for Hexad with adults, and compare the results with validations 
in English and Spanish [95]. Future studies with adolescents may 
also further investigate how understanding and factor structure are 
impacted when replacing the Free Spirit and Achiever items with 
alternative items that improved Hexad’s reliability in English in 
[95, Table 29]

Second, we acknowledge that contextual bias may have impacted 
our measurements. Even though adolescents filled out the Big Five 
and Hexad questionnaires before interacting with our mathematics 
platform, participants might still have framed them in a context of 
mathematical education. This may restrict the conclusions of our 
validation to this particular context. At the same time, our study 
meets the rising demand for testing Hexad in different contexts, 
which allows to better understand how gamification user types 
vary over different application domains, tasks, expertise, etc. [93] 
Moreover, we raise the question whether studies involving self-
reported personality scales can avoid contextual bias altogether 
because they are highly susceptible to contextual cues [59]. This 
seems particularly pertinent for adolescents, who are typically 
peer-influenced and may be more self-conscious when answering 
personality-related questionnaires. Therefore, future studies with 
adolescents on gamification user types and personality traits need 
to further investigate the influence of context.

Finally, we investigated BFI-10 based on a subset of the BFI-44 
data. Data directly stemming from the short survey might be more 
reliable as adolescents may be more considerate about their answers. 
Hence, our BFI-10 results should be handled with caution.

6 CONCLUSION
No longer children, not yet adults, adolescents are often overlooked 
in HCI studies in general [62, 80] and specifically in studies on 
tailoring gamification. Our results, based on Dutch translations of 
the BFI-10, BFI-44 and Hexad scales, revealed that the current forms 
of these scales are inadequate when used with adolescents. We sug-
gested improvements both in terms of item legibility (instrument 
level) and factor structure (model level). In particular, we proposed a 
simplified model structure for Hexad that may better fit adolescent 
data. Future research could verify whether this novel theoretical 
model outperforms the current Hexad model when studying adoles-
cents’ gamification user types. An additional contribution to the 
HCI field is a unique data set of BFI-44 and Hexad questionnaire 
submissions in Dutch from 402 adolescents, publicly available in 
the spirit of open science and to allow further exploration. This data 
set can be a benchmark in future model fit tests, and the translation 
of the Hexad questionnaire could guide Dutch studies concerning 
the Hexad framework. In conclusion, our study aimed to advance 
theory on the Big Five and Hexad models; turning these models into 
reliable instruments for adolescents will help to better tailor gami-
fied applications. Ultimately, with our validation study, we hope to 
contribute to the debate in HCI research on how to tailor interactive 
systems for the complex yet fascinating adolescent population.
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Table 11: Dutch translation of the Hexad questionnaire [98], found adequate through a back-translation procedure. The ques-
tionnaire is a 7-point Likert scale (Completely disagree, Disagree, Rather disagree, Neutral, Rather agree, Agree, Completely
agree).

No. English original Dutch translation

Ph1 It makes me happy if I am able to help others. Het maakt me gelukkig als ik anderen kan helpen.
Ph2 I like helping others to orient themselves in new situations. Ik hou ervan anderen te helpen met zich oriënteren in nieuwe situaties.
Ph3 I like sharing my knowledge. Ik hou ervan om mijn kennis te delen.
Ph4 The wellbeing of others is important to me. Ik vind het welzijn van anderen belangrijk.
S1 Interacting with others is important to me. Ik vind interactie met anderen belangrijk.
S2 I like being part of a team. Ik vind het leuk om deel te zijn van een team.
S3 It is important to me to feel like I am part of a community. Ik vind het belangrijk om me een deel van een gemeenschap te voelen.
S4 I enjoy group activities. Ik geniet van groepsactiviteiten.
F1 It is important to me to follow my own path. Ik vind het belangrijk om mijn eigen weg te volgen.
F2 I often let my curiosity guide me. Ik laat me vaak leiden door mijn nieuwsgierigheid.
F3 I like to try new things. Ik vind het leuk om nieuwe dingen uit te proberen.
F4 Being independent is important to me. Ik vind onafhankelijk zijn belangrijk.
Ac1 I like defeating obstacles. Ik vind het leuk om obstakels te overwinnen.
Ac2 It is important to me to always carry out my tasks completely. Ik vind het belangrijk om taken altijd volledig uit te voeren.
Ac3 It is difficult for me to let go of a problem before I have found a solution. Ik vind het moeilijk om een probleem los te laten voordat ik een oplossing heb

gevonden.
Ac4 I like mastering difficult tasks. Ik vind het leuk om moeilijke taken de baas te kunnen.
P1 I like competitions where a prize can be won. Ik hou van competities waarbij een prijs gewonnen kan worden.
P2 Rewards are a great way to motivate me. Beloningen zijn een goede manier om me te motiveren.
P3 Return of investment is important to me. Ik vind het belangrijk om iets terug te krijgen voor mijn inspanningen.
P4 If the reward is sufficient I will put in the effort. Als de beloning voldoende is, dan zal ik de inspanningen leveren.
D1 I like to provoke. Ik vind het leuk om te provoceren.
D2 I like to question the status quo. Ik vind het leuk om de status quo in vraag te stellen.
D3 I see myself as a rebel. Ik zie mezelf als een rebel.
D4 I dislike following rules. Ik hou niet van het volgen van regels.

Table 12: The BFI-44 questionnaire, which is a 5-point Likert scale (Completely disagree, Disagree, Agree nor disagree, Agree,
Completely agree). Items whose number ends with an “r” are reverse-scored. The BFI-10 item numbers are in bold.

No. English original No. English original

O1 Is original, comes up with new ideas E4 Generates a lot of enthusiasm
O2 Is curious about many different things E5r Tends to be quiet
O3 Is ingenious, a deep thinker E6 Has an assertive personality
O4 Has an active imagination E7r Is sometimes shy, inhibited
O5 Is inventive E8 Is outgoing, sociable
O6 Values artistic, aesthetic experiences A1r Tends to find fault with others
O7r Prefers work that is routine A2 Is helpful and unselfish with others
O8 Likes to reflect, play with ideas A3r Starts quarrels with others
O9r Has few artistic interests A4 Has a forgiving nature
O10 Is sophisticated in art, music, or literature A5 Is generally trusting
C1 Does a thorough job A6r Can be cold and aloof
C2r Can be somewhat careless A7 Is considerate and kind to almost everyone
C3 Is a reliable worker A8r Is sometimes rude to others
C4r Tends to be disorganized A9 Likes to cooperate with others
C5r Tends to be lazy N1 Is depressed, blue
C6 Perseveres until the task is finished N2r Is relaxed, handles stress well
C7 Does things efficiently N3 Can be tense
C8 Makes plans and follows through with them N4 Worries a lot
C9r Is easily distracted N5r Is emotionally stable, not easily upset
E1 Is talkative N6 Can be moody
E2r Is reserved N7r Remains calm in tense situations
E3 Is full of energy N8 Gets nervous easily
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