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Technology is allowing the acquisition of unprecedented
information related to individuals’ mental wellbeing as well
as the provision of novel methods of treatment. The use
of computational devices leverages the opportunities offered
by the new research advancements to provide an improved
diagnosis and a better support to both healthy subjects and
patients but also to extend the theoretical knowledge.

Computational paradigms related to both new tech-
nologies and mathematical models have now many uses
in psychology and cognitive science and can be a great
opportunity for mental health research and clinical practice.

The experience of using computational tools is pro-
foundly affected by the extent to which their use is easy,
accessible, and above all accepted. In the last decades the
use of computer-based assessment has hugely increased and
we are now living the era in which technology is becoming
accepted by both the practitioners and the patients. However
technology needs to be defined within a paradigm and to be
believable and then accepted. In this regard, we are soliciting
high-quality papers able to capture the links between compu-
tational paradigms (related to technological tools, paradigms,
models, simulation, and experiments) andmental healthwith
regard to both wellness and illness.

This Special Issue has two foci, namely, to feature works
that (a) advance scientific knowledge in the area of com-
putational science applied to mental health and (b) explore
deep investigation methods, techniques, and instruments to
foster new ways to assess, assist, modulate, and understand
the mental processes underlying behavioral, cognitive, and
emotional aspects.

This Special Issue received several articles, accepting for
publication five exciting contributions to the field.

E. Pedroli et al. developed a keen psychometric tool
for a virtual reality rehabilitation approach to be used for
dyslexia in children. According to the authors’ results, an
approach using cues in the context of a virtual environment
may represent a promising tool to improve attentional skills.
Virtual reality represents today one of the most interest-
ing computational approaches to gather behavior and to
deploy intervention in clinical and experimental settings.
R. F. Navarro et al. explored the use and adoption of an
assisted cognition system to support therapies for people
with dementia. Evaluation results indicate that intervention
personalization and a touch-based interface encouraged the
adoption of the system, helping reduce challenging behaviors
in patients with dementia and caregiver burden. The use of
personalized ambient-assisted occupational therapies is gath-
ering great interest in mental health field and the extensive
use of low-cost technologies is increasing the stakeholders’
attention. G. Marzinotto et al. explored the original approach
for online handwriting style characterization based on a
two-level clustering scheme exploring in particular age-
related evolution patterns in online handwriting. Unlike
previous works claiming that there is only one pattern of
handwriting change with age, their study reveals three major
aging handwriting styles, one specific to aged people and
the two others shared by other age groups. The analysis of
spatiotemporal handwriting parameters is an intriguing issue
in computational analysis for mental health and became of
huge attention in recent years. C. Romero-Rebollar et al.
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explored the neural modulation in aversive emotion pro-
cessing. Independent Component Analysis (ICA)was carried
out on a fMRI set obtained with a paradigm of face emo-
tional processing. The results showed that an independent
component, mainly cerebellar-medial-frontal, had a positive
modulation associated with fear processing. ICA could serve
as a method to understand complex cognitive processes and
their underlying neural dynamics. In this sense, a computa-
tional approach has a key role in the further understanding of
mental health process. C. Montag et al. provide insight into
an emerging research discipline called psychoinformatics.
In particular the authors provide a paradigm extension
to understand the use of computer science in psychology
under the umbrella of computational science, where mental
health can be strongly investigated with advanced tools and
methods. New challenges await psychologists in light of
the resulting “Big Data” sets, because classic psychological
methods will only in part be able to analyze this data derived
from ubiquitous mobile devices, as well as other everyday
technologies. As a consequence, psychologists must enrich
their scientific methods through the inclusion of methods
from informatics and computational science.

We hope that this Special Issue will foster a wider discus-
sion for these exciting themes in computational paradigms
for mental health.

Pietro Cipresso
Aleksandar Matic
Guillaume Lopez

Silvia Serino
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Dyslexia is a chronic problem that affects the life of subjects and often influences their life choices. The standard rehabilitation
methods all use a classic paper and pencil training format but these exercises are boring and demanding for children whomay have
difficulty in completing the treatments. It is important to develop a new rehabilitation program that would help children in a funny
and engaging way. AWii-based game was developed to demonstrate that a short treatment with an action video game, rather than
phonological or orthographic training, may improve the reading abilities in dyslexic children. According to the results, an approach
using cues in the context of a virtual environment may represent a promising tool to improve attentional skills. On the other hand,
our results do not demonstrate an immediate effect on reading performance, suggesting that a more prolonged protocol may be a
future direction.

1. Introduction

Dyslexia affects the ability to obtain accurate and fluent
reading skills in children without neurological impairment
who have a normal IQ score. Among Italian young people,
the reported prevalence of dyslexia is between 2.5% and
3.5% [1]. A student with some reading problems in the 1st
grade has a 90% probability of showing the same deficit
in the 4th grade and 75% in high school [2]. In dyslexia,
both genetics and environmental factors are important and
strongly related. Twin studies have shown low heritability in
countries with low levels of reading education, while high
heritability has been found in those countries with higher
levels [3]. However, the importance of genetic factors is about
54% to 75%,with 68% for identical twins and 50% for children
having relatives with dyslexia [2]. A combination of many
genetic and environmental factors probably causes dyslexia
[4].

Subjects with dyslexia may show specific patterns of atyp-
ical brain activation during reading or phonological tasks.
For example, one patient presents hypoactivation of the left
temporoparietal cortex, the left prefrontal cortex, and the
left fusiform gyrus. Structural MRI studies show several
abnormalities such as a decrease in grey matter volume,
reduced cerebral white matter gyrification, or a bigger corpus
callosum [5, 6].

Children with dyslexia may exhibit deficits in both
accuracy and speed during reading tasks. Usually, if a child
reads slowly, he can make fewer mistakes. Besides, children
with dyslexia may show poor phonological skills. Initially,
this deficit may involve the pronunciation of words. Dif-
ferent expressions of phonological difficulty depend on dif-
ferent kinds of orthographies (consistent or less consistent
orthographies) [2, 7].

Dyslexia is a chronic problem that affects the life of
subjects and often influences their life choices. Only a few
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dyslexic patients decide to continue studies in higher educa-
tion and those who domay face several difficulties during the
years. From the psychological point of view, some students
do not want to be recognized as dyslexic in order to avoid
discrimination from both professors and other students.This
attitude leads the student to reject the use of themodifications
provided by the school. Other learners may refuse the
modifications to prove that they are able to complete the
tests as easily as all the other students. Generally, dyslexic
students prefer professors who use innovative formats and
provide access to the study material before the lessons and
in several formats. Obviously, these students prefer oral
assessment because it allows them to present their best [8].
Technology offers great tools to support dyslexic children
in their educational careers; Universal Design for Learning
(UDL) can represent the future of schools [9], because it helps
dyslexic students to achieve their educational goals.

Many dyslexic adults may have difficulty in finding an
adequate job. As de Beer et al. [10] showed in their review,
the structured corporate environment is stressful and not
supportive of dyslexic employees. In this kind of work
environment, the positive characteristics of dyslexic peo-
ple (creativity, solving problems, and persistence) may be
overshadowed by the negative ones (problems in reading or
writing, slowness, and negative feelings about dyslexia). It
often happens that dyslexic people become entrepreneurs in
order to open a new business and work for themselves.

Unfortunately, there is no agreement about the gold
standard in the rehabilitation of dyslexia. Regardless of
the method, it is clear that the best treatment includes
intensive sessions, explicit instructions for the exercises,
single person or small group implementation, and start-
ing as soon as possible, even before the diagnosis if pos-
sible. It is also important to give special attention to
the phonological awareness and compensative strategies
[11].

All the standard methods use a classic paper and pencil
format but the exercises are boring and demanding for chil-
dren who may have difficulty in completing the treatments
[12]. It is crucial to develop a new rehabilitation program
that could help children with their problem in a funny
and engaging way. Franceschini and colleagues used a Wii-
based game in order to demonstrate that a short treatment
with an action video game, rather than phonological or
orthographic training, may improve the reading abilities in
dyslexic children.They showed that training attentional skills
improved the reading speed without reducing the accuracy in
reading [12].

Several current rumors about Virtual Reality mean an
explosive mix of several disciplines for those who worked in
the field for several years [13]. There is a natural trade-off
between technological complexity and psychological needs,
particularly when speaking about children. With this study,
we aimed to plan a platform for an experimental task,
complete enough to catch a behavioral parameter and useful
for a psychological analysis of dyslexic children.

In building such a platform, we opted for a contactless
solution, that is, with the sensor posed in front of the
participant instead of an accelerometer or other sensors worn

Table 1: Demographic characteristics of the sample.

ID Gender Age (years) Education (years)
1 M 12 7
2 M 9 4
3 F 12 7
4 M 9 4
5 M 9 4
6 M 11 6
7 M 10 6
8 M 12 6
9 M 12 7
10 F 10 5

by the participants. This allowed us to keep the experimental
setting as unobtrusive and transparent as possible for the
children. The technical solution we adopted was the use of
a Kinect, possible thanks to the use of NeuroVirtual 3D
software, through the VRPN interface [14].The approach and
software already had been used in a clinical setting, for the
Neglect [15], and explained both computational properties
[16] and behavioral aspects [17–20].

The use of NeuroVirtual 3D allowed us to program auto-
matic gesture recognition, involving the children in an active
experimental setting and eliciting the needed psychological
engagement for this kind of population.

Moreover, the automatic classification, recognition, and
recording of participants’ behavioral responses are in line
with the computational psychometric paradigm highlighted
by Cipresso in his seminal paper [21], where he used a Virtual
Classroom to verify the idea.

Adams and colleagues proposed a Virtual Classroom as a
tool to increasemotivation in childrenwith attentional deficit
[22], while some authors proposed VR as a test to identify
the visuospatial strengths in dyslexia [23]. In the present
study, we propose a Virtual Reality training for attention in
order to improve the reading skills in a sample of dyslexic
children.

2. Methods

2.1. Sample. Ten children (2 females and 8 males) were
analyzed at the Ospedale Castelli of Verbania.

The criteria for participation were the following: (1) age
between 9 and 12 years; (2) diagnosis of dyslexia (with/
without dysgraphia and dyscalculia). The exclusion criteria
were the following: (1) comorbidity with other neuropsy-
chiatric disorders (ADHD, etc.); (2) motor impairment that
would not allow the interaction with the system; (3) other
neurological or psychiatric diseases.

These subjects were 10.6 + 1.4 years old (mean + stan-
dard deviation) and had 5.6 + 1.3 years of education. The
demographic characteristics of each participant are reported
in Table 1.

At the time, there was no control group.
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Figure 1: Example of the environment of task 2.

2.2. Materials

2.2.1. Hardware. The VR system consisted of a standard
laptop and a motion sensing input device, Microsoft’s Kinect,
and an audio system. The tracking system consisted of an
infrared tracking system camera, which was placed on the
table near the laptop.

2.2.2. Software. All the virtual environments were developed
with NeuroVR. This new software allows normal users to
customize several virtual environments according to their
needs. Users did not need to have programming skills; all the
objects easily were placed into the preexisting environments
using an icon-based interface. The tasks took place in the
same Virtual Classroom, where patients were sitting at a desk
and looking at the blackboard (Figure 1).

All the visual stimuli were shown on the blackboard and
the tasks were explained by a voice. All the instructions
were presented before the tasks and repeated until the child
understood.

To respond to a target, the children had to raise one
extended arm laterally and stop when the hand reached
shoulder height.

All subjects had to do three different tasks.
In the first one, they had to respond when a target

appeared on the blackboard within a series of objects. All
the stimuli were 3D objects and the target changed in every
session.

During the second task, different letters were presented
on the blackboard and the children had to respond only when
one letter (i.e., the letter “G”) appeared after another letter
(i.e., the letter “A”).

In the last exercise, the patients listened to a story and had
to respond onlywhen one of the four colors on the blackboard
had been named related to a given category (i.e., “clothes”).

2.3. Procedure. In order to assess the reading skills and the
level of attention before and after the training, three tasks
were used:

(i) Reading test of words and not words: patients had to
read several lists of words with different characteris-
tics: words or not words, short or long, and high or
low frequency.

+

M

B

R

E

S

X

P

D

Item 2

Item 1

Fixation

Figure 2: Experimental paradigm of ABT.

(ii) Attentional Blink Task (ABT- [24]): patients had to
see a series of letters and then answer two questions:
“Which letter is white: B, L, S?” “There is the letter
“X”?” (Figure 2)

(iii) Posner’s task [25]: participants had to press a button
when a target (X) appeared on the screen. This could
happen in three different situations. In the first type
of task, the location of the target was identified
by a number (that indicated the location of the
target) before each single target presentation under
the fixation point. In the second type of task, the
probable position of the target was shown before the
presentation of all targets. In the last one, there was
no cue about the position of the target (Figure 3).

In order to assess the usability, the “System Usability
Scale” (SUS, [26]) was submitted at the end of the four weeks
of treatment.

The group received the training for 30–45 minutes a day,
2 days a week, for four weeks.

All the tasks took place in a virtual environment that
reproduced a classroom; the child was sitting at a bench and
could interface with the blackboard to carry out certain tasks
that the teacher’s voice explained.

All the sessions took place in a quiet room in the
hospital and the environment was controlled to try to limit
all potential distractors. Participants were seated 2m in front
of a laptop and Kinect.

2.4. Data Analysis. Data were entered into Microsoft Excel
and analyzed using SPSS for Windows, version 18.0 (Statis-
tical Package for the Social Sciences (SPSS) for Windows,
Chicago, IL, USA). Because of the small sample size, the
Wilcoxon signed rank sum test was used to compare scores
in the above described measures before and after our virtual
training. There was no missing data. The level of significance
was set at 𝛼 = 0.05.
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Time
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× × ×

+

+

+
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Figure 3: Experimental paradigm of Posner’s task.

Table 2: Results of attentional tests.

Index T1 T2
𝑍 𝑝

Mean (SD) Mean (SD)

Posner’s test (milliseconds)

Cued target 379.72 (90.88) 435.78 (83.28) −2.090 0.037
Mean time
Equal target 355.78 (50.48) 389.61 (69.66) −1.274 0.203
Mean time

Unequal target 370.48 (66.23) 416.94 (74.82) −1.988 0.047
Mean time

Attentional Blink Test Accuracy 90.95 (15.94) 87.62 (13.13) −1.770 0.077

3. Results

Table 2 provides a comprehensive overview of the results
obtained from the analysis of the attentional tasks.

As is possible to see in Table 2, all attentional indexes,
except one, have been significantly improved after the admin-
istration of the virtual training.There is a significant decrease
in two of the three indexes in Posner’s tasks: “cued target”
(𝑍 = −2.090; 𝑝 < 0.037) and “unequal target” (𝑍 = −1.988;
𝑝 < 0.047).These results suggest that there is an improvement
only in the conditions in which a suggestion is provided.
Also, there is a trend to significance in the accuracy of the
Attentional Blink Test (𝑍 = −1.770, 𝑝 < 0.077).

Concerning the reading tasks, Table 3 offers a detailed
synthesis of the results.

As is possible to see in Table 3, most of the indexes from
the reading tasks have not been significantly improved after
the administration of our virtual training. Interestingly, an

almost significant decrease was found in the time of reading
low frequency long words (𝑍 = −1.684; 𝑝 < 0.092).

All the subjects finished the VR session tasks.
After four weeks of treatment, all the patients showed a

significant improvement in the attentional domain, as shown
in Table 1.

Specifically, patients improved significantly in the mean
time for two conditions of Posner’s task: “cued target condi-
tion” and “unequal target condition.”

No significant difference emerged in analyzing the read-
ing test before and after treatment.

The “low frequency long word” list showed a “tendency
to significance” that indicated a slight improvement.

4. Discussion

To our knowledge, the present study represents the first use
of VR for rehabilitation of reading deficits in dyslexia, by
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Table 3: Results of “reading test of words and not words.”

Index T1 T2
𝑍 𝑝

Mean (SD) Mean (SD)

Short nonword Errors 5.70 (4.11) 5.30 (3.06) −.526 0.599
Time (seconds) 42.20 (9.31) 39.40 (10.61) −1.228 0.219

Long nonword Errors 8.00 (3.27) 7.40 (2.32) −.307 0.759
Time (seconds) 70.50 (11.32) 65.30 (15.49) −1.612 0.107

High frequency short word Errors 1.20 (1.4) 1.30 (1.42) −.378 0.705
Time (seconds) 27.40 (8.61) 27.60 (9.09) −.356 0.722

High frequency long word Errors 2.60 (1.84) 2.40 (1.9) −.520 0.603
Time (seconds) 40.90 (15.99) 38.40 (13.962) −1.277 0.202

Low frequency short word Errors 3.40 (2.07) 3.60 (2.07) −.299 0.765
Time (seconds) 37.80 (9.52) 35.30 (10.54) −1.555 0.120

Low frequency long word Errors 7.10 (3.7) 5.70 (2.67) −1.427 0.154
Time (seconds) 63.40 (20.91) 57.60 (17.87) −1.684 0.092

potentiating attention abilities. According to our results, the
use of cues in the context of a virtual environment may
represent a promising approach to improve attentional skills.
Attention is a crucial target in the rehabilitative treatment
of these patients and may represent a first step toward a
phonological awareness and an improvement of decoding
skills. However, all the most cited theories about the origin
of dyslexia converge about a functional deficit in the afferent
pathways required for the verbal output.

The “rapid temporal processing theory” hypothesizes a
deficit in auditory temporal processing that compromises the
discrimination of language sounds. This deficit is stronger
when there are very brief differences in the auditory inputs.
Seven percent of preschool children may show a deficit in
phonological awareness and/or morphosyntax and may have
difficulty in identifying the order of rapidly presented tones.
Students who exhibit these problems are those most likely
to develop dyslexia [27, 28]. The “magnocellular hypothesis”
is based on the observation that dyslexic people may have a
problem in distinguishing the letters and their order. Accord-
ing to this theory, this problem is caused by an abnormality
in visualmagnocellular nerve cells.This pathway is important
to control the visual guidance of attention and eye fixations.
Dyslexic childrenmay have problems with processing rapidly
changing visual nonverbal information. The severity of this
deficit is an indicator of the level of future reading deficits
[2, 29].

While our results do not demonstrate an immediate effect
on reading performance, suggesting that a more prolonged
protocol may be a future direction, the presence of a signifi-
cant decrease in the time of reading low frequency longwords
supports the possible validity of the proposed approach.

Indeed, according to Torgesen [30], rehabilitation train-
ing must focus on phonological awareness and decoding
tasks; the program has to be intensive (almost an hour per
day for 2 months) and must involve few students. Dyslexic
and poor reader children may show phonological difficulties
as early as kindergarten. Through an individual screen-
ing, based on the knowledge of letter names and sounds,

phonological awareness, and speed of naming, it is possible to
predict the future reading ability.Thus, it is important that an
intensive phonological rehabilitation program be proposed
for the high-risk students.This kind of exercise is challenging
and could be helpful for many children but not for all.

Our protocol is innovative because it uses Virtual Reality
to improve attentional skills in children with dyslexia. This
technology is able to involve children in nonconventional
tasks and allow them towork in a virtual environment similar
to the real one.

Other studies are needed in order to clarify the effect
of this protocol on the deficits associated with dyslexia, but
the results of our pilot study and the achieved effect above
0.6 (effect size dz calculated with GPower software) are
promising, even if the small sample size highlights the need
of further studies.

Finally, we would like to stress the computational aspects
of our study. First of all, the protocol and platform used are
based on computational aspects of neuropsychological tests,
since the platformwas automatized and structuredwith auto-
matic gesture recognition. On the other hand, the recording
of the gestures and the participants’ behavior open the way
to Cipresso’s paradigm of computational psychometrics to
model behavior through the use of Virtual Reality [21]. Here,
due to the small sample size and the different purpose, we
did not consider the dynamics of the behavior, even if in
the future this could represent a natural evolution of the
protocol. Other computational aspects to be considered at the
moment in a perspective view are to use sophisticated algo-
rithms of machine learning for the best big behavioral data
extraction and information toward an improved platform for
helping the target population based on structured and solid
data.
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Characterizing age fromhandwriting (HW) has important applications, as it is key to distinguishing normalHWevolutionwith age
from abnormal HW change, potentially triggered by neurodegenerative decline. We propose, in this work, an original approach for
online HW style characterization based on a two-level clustering scheme.The first level generates writer-independent word clusters
from raw spatial-dynamic HW information. At the second level, each writer’s words are converted into a Bag of Prototype Words
that is augmented by an interword stability measure. This two-level HW style representation is input to an unsupervised learning
technique, aiming at uncovering HW style categories and their correlation with age. To assess the effectiveness of our approach, we
propose information theoretic measures to quantify the gain on age information from each clustering layer. We have carried out
extensive experiments on a large public online HW database, augmented by HW samples acquired at Broca Hospital in Paris from
people mostly between 60 and 85 years old. Unlike previous works claiming that there is only one pattern of HW change with age,
our study reveals three major aging HW styles, one specific to aged people and the two others shared by other age groups.

1. Introduction

Handwriting (HW) analysis has recently been investigated
for detecting pathologies and cognitive decline [1–3]. In this
context, age characterization from HW [4–6] is fundamental
as it may allow distinguishing normal HW change due to age
from abnormal one, potentially related to a cognitive decline.
In this paper, we address the problem of age characterization
from online HW. The goal is to detect HW styles and study
their correlation with age, by the analysis of spatiotemporal
HW parameters.

Several previous studies have tackled the problem of
age characterization of healthy persons from both offline
and online HW. Sometimes, this characterization is carried
out by visual inspection [2, 3, 7–9] through observable
features as, for example, letter size and width, slant, spacing,
legibility or smoothness of execution, alignment of words
with respect to baseline, and number of pen lifts. On the other
hand, sometimes it is carried out by extracting automatically

features from the offline raw signal [10] or from the raw
temporal functions of online handwriting using a digitizer
[4–6, 11, 12].

HW style characterization has been widely studied for
both online [13] and offline [14] recognition tasks, and it is
used to design writer style-dependent recognition models.
Inference of HW styles, however, is difficult as there are no
rules to define a HW style. A clustering algorithm is thus
usually required (Gaussian Mixture Models [14], 𝐾-means
[15], Self-Organizing Maps [13], Agglomerative Hierarchical
Clustering [16], etc.). Previous works for clustering HW
styles tackled the problem at the stroke level [16], character
level [15], or word level [17]. We believe, however, that style
characterization should rely not only on this raw signal
information but also on high-level information associated
with the variability observed across writer words.

Previous works on the correlation between age and HW
agree that age leads to a different behavior of the features
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extracted from handwriting: change in the distribution of
velocity profiles [5], increase of in-air time [6] and of the
number of pen lifts [2], lower writing speed [4, 7, 18], lower
pen pressure [2, 4, 7], irregular writing rhythm, irregular
shapes of characters and slope [2], and loss of smoothness
in the trajectory [2]. In most of such works, it is implicitly
assumed that there is a unique pattern of handwriting evo-
lution with age. Their analysis is mostly based on descriptive
statistics (e.g., analysis of variance, linear regression).

We propose in this work to infer automatically different
writing profiles and to study their correlation with age using
unsupervised techniques. Our aim is to understand how
handwriting evolves through age in terms of low-level infor-
mation, namely, kinematic and spatial parameters extracted
from handwritten words captured on a digitizer, and in terms
of high-level information, characterized by stabilitymeasures
across words. Since we have no a priori knowledge on how
to define a HW style, we will use unsupervised techniques
to automatically generate the HW styles that will later be
analyzed under the scope of aging. Concretely, our unsuper-
vised approach is based on a 2-layer clustering scheme that
allows uncovering the main styles of online HW acquired on
a digitizing tablet, with a special emphasis on elderHWstyles.
The 1st level separates HW words into writer-independent
clusters according to raw spatial-dynamic HW information,
such as slant, curvature, speed, acceleration, and jerk.The 2nd
level operates at the writer level by converting the set of words
of each writer into a Bag of 1st-Layer Clusters that is aug-
mented by a multidimensional description of his/her writing
stability across words. This 2nd-layer representation is input
to another clustering algorithm that generates categories of
writer styles along with their age distributions.

Wehave carried out extensive experiments on a large pub-
lic online HW database covering all ages from teenagers to
old people, augmented by HW samples of elders acquired at
Broca Hospital in Paris. Thanks to this extended population,
extra patterns of handwriting evolution emerge through age,
with respect to our previous works in [19, 20]. Contrary to
our previous works in [19, 20], an extensive study on such
patterns through unsupervised learning techniques is here
presented and a complete section is devoted to a new analysis
on subjects older than 65 years.

The paper is organized as follows. Section 2 presents
the proposed approach including feature extraction, the
two-level clustering scheme, and visualization techniques.
Section 3 describes the experiments and gives qualitative and
quantitative assessments of our HW-based age characteriza-
tion. Finally, in Section 4, the main conclusions are drawn
and future directions are pointed out.

2. The Proposed Approach

In this section, we describe the feature extraction phase con-
sisting of two stages, and we briefly describe the techniques
we use to visualize HW features and the distribution of our
multidimensional HW data.

2.1. Feature Extraction. Online HW words are described
as a sequence of 3 temporal functions (𝑥(𝑡), 𝑦(𝑡), 𝑝(𝑡))

representing the pen trajectory and pressure on a digitizer
[21]. At the 1st layer, we extract from each word 2 feature
types. The first gathers local dynamic information, such as
speed, acceleration, and jerk [16], while the second describes
the static shape by measures such as stroke angles and
curvatures [22] or intercharacter spaces [17]. As dynamic
parameters, we consider horizontal and vertical speed com-
puted locally at point 𝑛 as 𝑉𝑥 = |Δ𝑥/Δ𝑡| and 𝑉𝑦 = |Δ𝑦/Δ𝑡|
whereΔ𝑥(𝑛) = 𝑥(𝑛+1)−𝑥(𝑛−1),Δ𝑦(𝑛) = 𝑦(𝑛+1)−𝑦(𝑛−1),
and Δ𝑡(𝑛) = 𝑡(𝑛 + 1) − 𝑡(𝑛 − 1). These values are computed
along the word and quantized to build 4-bin histograms over
the x- and 𝑦-axes. We similarly compute local acceleration
and jerk values, associated, respectively, with horizontal and
vertical derivatives of speed and acceleration. In addition,
pen pressure, its variation, and the pen-up duration ratio,
computed as PR = (Pen-up Duration)/(Total Duration) [6],
are considered, thus obtaining 33 global dynamic features. For
spatial parameters, a resampling process is first performed
to ensure that consecutive word points are equidistant, so
that the parameter values at each point become equally repre-
sentative, regardless of speed. Local direction and curvature
angles are then extracted as in [22] and used to build 2
histograms of 8 bins quantized in the 0∘–180∘ range. We
also consider the number of pen-ups, the average horizontal
in-air distance, the number of strokes (defined as writing
movements between 2 local minima of speed), and their
average length, as well as the average length of the stroke
projections on x- and𝑦-axes.This results in 21 spatial features.
When combining dynamic and spatial features, a feature
vector has dimension 54. At the 2nd layer, features are
computed at the writer level.Thewriter’s words are converted
into a Bag of Prototype Words (BPW) [23] by assigning each
word to its closest 1st-layer cluster and then generating the
person’s cluster frequency histogram. We add the histogram
of intrawriter word distances by computing the Euclidean
distance between the feature vectors of each possible pair of
the person’s words and quantizing these distances into a 5-bin
histogram.

2.2. Unsupervised Approach: Clustering. HW style character-
ization is often approached using unsupervised techniques,
such as clustering [13–15]. The reason to do so is that no
a priori knowledge of the styles to characterize is available.
These techniques, therefore, seek to cluster HW patterns
that are similar into groups that appear naturally in the
population and define the latter as styles. However, these
HW styles characterizations are often carried out at the level
of characters, strokes, and words [15–17], leaving aside the
fact that writers may present some sort of variability in their
styles across words. We consider this variability important
to characterize HW styles. Therefore, we propose a 2-level
approach: the 1st layer takes as input the dynamic and spatial
parameters (low-level information extracted from the raw
signal), while the 2nd layer studies the HW style variability
of the writers (high-level information). At the first layer, we
perform clustering of the set of words (using 54 features
from Section 2.1) regardless of the identity of the writer,
generating word clusters that characterize low-level styles.
In the 2nd layer, the clustering is performed at the writer
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level, where each person is represented by his/her cluster
frequency histogram and pairwise word distance histogram,
in order to generate HW style categories that take into
account the spatial and dynamic characteristics along with
the writer’s variability. We present the results carried out
using 𝐾-means clustering on both layers (similar results
are basically obtained with GMM or hierarchical clustering).
To automatically determine the number of HW categories
(clusters), we used the Silhouette criterion [24] as we do not
have any a priori knowledge on the actual number of HW
styles.

2.2.1. Clustering Visualization. To visualize the quality of
clustering, we use two dimensionality reduction techniques:
Principal Component Analysis (PCA) and Stochastic Neigh-
bor Embedding (SNE). PCA allows computing the correla-
tions between features and the relevance of each for style
characterization. SNE [25] is a nonlinearmethod that projects
the points from a high dimensional space onto a new space
preserving distance relations between points as much as
possible.

2.2.2. Clustering Quality Measures (Entropy Efficiency). In
order to objectively analyze the effects of the clustering on
age characterization, we introduce three entropy efficiency
measures [26]. These measures are not used to select the
optimal number of clusters, but to evaluate the quality of the
clustering once it is carried out. The first one quantifies the
predictability of a certain age group (𝐴

𝑖
) distribution across

the clusters and is computed using (1):
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The second quantifies the degree of disorder of a cluster
with respect to the distribution of the ages of the writers
assigned to this cluster and is computed using (2). Finally,
the third one gives a general measure of the quality of the
whole clustering as a sum of the entropy efficiencies of each
cluster, weighted by the size of the clusters as shown in (3).
All the entropy efficiency measures are normalized between
zero (maximum order→ perfect age predictability) and one
(maximumdisorder→no possible distinction of age groups).
In (1), (2), and (3), 𝐶

𝑖
stands for the 𝑖th cluster obtained in

either the 1st or the 2nd layer; 𝐴
𝑖
corresponds to the 𝑖th age

group (defined in Section 3.1);𝑁
𝐴
is the number of age groups

and𝑁
𝐶
is the number of clusters.

3. Experiments

In this section, we describe our experiments including
database description, the results obtained with the two

Table 1: Age groups.

Category Age range Number of writers
Teenagers (𝐴

1

) 11–17 years 68
Young adults (𝐴

2

) 18–35 years 639
Mid-age adults (𝐴

3

) 36–50 years 133
Old adults (𝐴

4

) 51–65 years 43
Seniors (𝐴

5

) 66–75 years 14
Elders (𝐴

6

) 76–86 years 8

clustering stages, the information theoretic measures we use
to assess the effectiveness of our approach, and the results on
the experiments run on the aged population only.

3.1. Database Description. For experiments, we use the
IRONOFF database [27] of online HW word samples in
English and French, acquired using a Wacom Tablet (Ultra-
PadA4) that records a sequence of tuples (𝑥(𝑡), 𝑦(𝑡), 𝑝(𝑡))
sampled at 100Hz with a resolution of 300 ppi. Although this
database consists of 880 writers, only few are more than 60
years old (concretely 11 are between 60 and 77 years old).
For a more reliable study of HW change as people age, we
collected HW samples at Broca Hospital in Paris from a
population of 25 persons with no diagnosed pathology, 23
of which are between 58 and 86 years old with an average
of 72. These samples were also acquired on a Wacom Tablet
(Intuos Pro Large) at the same sampling rate (100Hz) but at a
higher resolution (5080 ppi); we thus decreased the resolution
of the new samples to match the 300 ppi of the IRONOFF
database. Combining both databases, we obtain 27,683 HW
samples from 905 writers from 11 to 86 years old (Y.O.). For
age characterization, we split the obtained database into 6 age
groups as shown in Table 1.

In this dataset seniors and elders are still underrepre-
sented and age groups𝐴

2
and𝐴

3
are overrepresented.There-

fore, to ensure meaningful results we balance the database, at
the 2nd-layer stage, in terms of the age categories. To do so
we proceed as follows: we divide the set of words written by
a given person into groups from 10 to 15 words and assign
each resulting group to a virtual new writer, making sure
that the generated writers do not share words. Finally, to
properly evaluate the clustering and its correlation with age,
we retain the same number of virtual writers for each age
group. This number was set to 26 writers per age group (thus
generating a total of 156writers), whichwere selected through
𝐾-medoids clustering over each𝐴

𝑖
in order to retain themost

representative writers of each age group.

3.2. Unsupervised Characterization of Age-Related Evolution
Patterns in Handwriting

3.2.1. First-Layer Clustering. Using the Silhouette method,
we observe that 9 is the optimal number of clusters for
the 1st layer. Figure 1 shows the 9 word clusters obtained
by the 𝐾-means algorithm run over all the HW word
samples, projected on the PCA plan spanned by the first
two eigenvectors. As these two axes represent only 37% of
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Figure 1: PCA projections of 1st-layer clusters over the first 2 principal components.
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Figure 2: SNE projections of 1st-layer clusters: (a) age distribution; (b) 1st-layer clusters (the same colors in Figure 1 are used as identifiers of
clusters).

the variance, some clusters overlap. Through PCA, we can
represent the variables that have a larger contribution to the
first two axes, also presented in Figure 1, and then attribute
to each cluster particular characteristics with respect to the
dynamic and spatial features. In particular, we observe that
the main source of variability of the HW style is related to the
dynamic features (speed, acceleration, and jerk)which appear
highly correlated. The second main source of variation is the
inclination of the HW, while in the third we find parameters
such as pressure, pen-up time, and curvature.

As the first two principal components of PCA retain only
37% of overall data variance, one should be careful when
interpreting the distribution of data over these two axes. This
is why we considered also a visualization technique, namely,

SNE, which is better at keeping the intrinsic information of
data distribution in the high dimensional space. The SNE
results, shown in Figure 2, were obtained on a subset of HW
samples for better visualization.This subset is selected follow-
ing two criteria: it is balanced in terms of the number of HW
samples belonging to each age group and the representative
samples of each age group are selected through 𝐾-medoid
[28] clustering in order to retain most variability of the data.

In the SNE projections, we clearly observe that there is a
correlation between age and HW, as it shows groups of old
people that emerge automatically using our feature set. As
seen from Figures 2(a) and 2(b), cluster 2 is mostly associated
with aged people. We also note that clusters 3, 6, and 9 are
partially associated with samples produced by aged writers.
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Table 2: Main characteristics of first-layer clusters.

Dynamics Inclination Pressure Curvature Pen-up
Cluster 1 Low speed, accel, jerk Straight Average Round strokes Average
Cluster 2 Very low speed, accel, jerk Straight Low Round strokes Many
Cluster 3 High speed, accel, jerk Inclined right Average Straight strokes Very few
Cluster 4 Average speed, accel, jerk Inclined right High Straight strokes Average
Cluster 5 Average speed, accel, jerk Straight Average Average Many

Cluster 6 Average dyn. on 𝑌,
low dyn. on𝑋 Straight Average Average Average

Cluster 7 Average speed, accel, jerk Straight Average Round strokes Average

Cluster 8 High dyn. on 𝑌,
average dyn. on𝑋 Straight Average Straight strokes Few

Cluster 9 Very high speed, accel, jerk Inclined right Average Straight strokes Average
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Figure 3: HW samples in each cluster in the 1st layer. The color scale quantifies the magnitude of speed (a), jerk (b), and pressure (c).

Figure 3 shows word samples in each cluster representing
speed, jerk, and pressure in a color scale. From these word
samples, we observe the main HW patterns that emerge
from HW data. The characteristics of these patterns are
summarized in Table 2.

If we study the samples corresponding to clusters 2, 3,
6, and 9 where we find HW samples from seniors (𝐴

5
) and

elders (𝐴
6
), we observe that there are two main tendencies

representing the aged population:

(i) Cluster 2 and cluster 6 represent small vertical script
HW, with low speed, low jerk, and average pressure.

(ii) Cluster 3 and cluster 9 represent a larger HW, which
is cursive and inclined to the right, with very fast
dynamics and average to low pressure.

3.2.2. Second-Layer Clustering. At the first layer, we observe
that it is complicated to analyze the cluster features as we
detect the styles automatically, using a large set of parameters,
whichmakesmany combinations of them possible.This gives
a new motivation to our second-layer clustering, looking
forward to simplifying the results. At the second layer, the
Silhouette method reveals 8 optimal categories. Figure 4
shows the SNE projections of the 8 categories obtained by
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Figure 4: SNE projections of 2nd-layer categories: (a) age distribution and (b) 2nd-layer clusters.

Table 3: 2nd-layer categories: size and percentages of seniors (𝐴
5

)
and elders (𝐴

6

).

Cat1 Cat2 Cat3 Cat4 Cat5 Cat6 Cat7 Cat8
Size 18 16 10 29 10 44 16 13
Seniors (𝐴

5

) 11% 0% 0% 21% 0% 39% 0% 6%
Elders (𝐴

6

) 22% 0% 0% 7% 0% 45% 0% 0%

K-means run on the set of writers’ 2nd-layer descriptors. In
Figure 4, we also present the writers’ age distribution. We
remind the reader that in this layer each point represents a
writer, described by 14 features:

(i) 9 features for the histogram of distribution of his
words over the 1st-layer clusters,

(ii) 5 features for his/her histogram of intrawriter word
pairwise distances.

To study the correlation between HW styles and age,
we analyze for each category the size of seniors’ group
(𝐴
5
) and the size of elders’ group (𝐴

6
) with respect to

the whole population within this category. The higher the
percentage is, themore characteristic the category of the aged
people is. As shown in Table 3, only 3 categories contain a
significant amount of aged writers (these are categories 1, 4,
and 6). Figure 5 shows the age distribution for each category.
The displayed histograms show the percentage of each age
group in each category relatively to the initial balanced age
distribution. For example, if age group 𝐴

4
in category 1 takes

value 2, this group is twice more represented in category 1
than in the balanced dataset. Figure 6 shows the distribution
of the center of each category in the 2nd layer over the
1st-layer clusters and the pairwise distance histogram, and
Figure 7 shows some HW words of the most typical writer
in each category (usually the writer whose representation is
closest to the category center), when characterized by speed.

As we can see in Figure 5, category 6 gathers mostly
persons above 65 years old. This category is the most stable,
as writers maintain a relatively constant HW style across
words. This category is also represented by cluster 2 in the 1st
layer (as we can see in Figure 7) characterized by the lowest

velocity, acceleration, and jerk, as well as very roundHWwith
the highest number of strokes and smallest stroke length (as
shown in the first layer’s cluster characterization). As category
6 contains the highest number of persons (44 writers), this
could indicate that the most common evolution pattern of
aged persons is to develop a slow and curved HW with a
medium to high “time on pen-up” (time in air) probably
produced by hesitations when writing.

We also observe that category 1 contains a considerable
quantity of persons aged above 75 years, as well as middle-
aged individuals. This category is the one with the highest
instability and is highly correlated with cluster 9 in the
1st layer, which is characterized by the highest velocity,
acceleration, and jerk along with a low number of larger
strokes. This could indicate the existence of a group of aged
people that share with middle-aged people a more agile and
fast HW, with tendency to produce long and straight strokes
and a large style variation across words. In Figure 7 we can
also observe how the writers in this category have a HW that
is significantly larger.

Category 7 is also interesting since its age distribution
contains all the age groups except the persons above 65 years
old. This category is correlated with cluster 8 in the 1st-layer
clustering stage.This group of people is characterized by high
velocity, acceleration, and jerk in the vertical direction but an
average value of these parameters in the horizontal axis, as
well as high pressure during writing.Thus, this could indicate
that other features that separate teenagers and middle-aged
adults from the persons above 65 years old are a fast vertical
HWwith high 𝑦-axis velocities and jerk due to the upper and
lower loops that represent high vertical stroke variance, but
with an average velocity and jerk in the 𝑥-axis. Therefore,
an average jerk and velocity in the horizontal axis could be
an evidence of careful writing characterized by less variable
strokes as the person writes in the horizontal sense, but at
the same time, with high vertical velocity and acceleration to
rapidly make the upper and lower loops.

Categories 4 and 8 are meaningful since they unveil
differences between the eldest (𝐴

6
) and the rest of the

population. In this sense, category 4 consists of features that
separate all the groups (𝐴

1
–𝐴
5
) from the eldest. On the other
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Figure 5: Age distribution in each category of the 2nd layer.

hand, category 8 contains fewer elders. Such an age distribu-
tion could indicate that the HW style consisting of average
velocity, acceleration, and vertical jerk and low horizontal
jerk is less frequent as age increases, thus characterizing the
HW aging evolution. In other words, category 8 uncovers a
typical, albeit nonfrequent, HW style of elders that consists
of a low horizontal jerk even though speed, acceleration, and
vertical jerk have average values. Categories 4 and 8 have very
high and medium stability, and they are also correlated with
clusters 6 and 7 in the 1st layer, respectively. This means that
both categories have relatively low jerk in 𝑥 with respect to
velocity and acceleration, which is also the case for categories
2, 3, and 7 that do not contain any of the two elder groups
(𝐴
5
-𝐴
6
).We also notice that category 4 has very low pressure

variation and lower jerk on 𝑥 compared to category 8 (which
also has high pressure variation); thus, these elements could
explain a very high stability for category 4 but no for category
8.

We also notice that category 3 in the 2nd layer, which has
average instability, also contains all the age groups but the
persons above 65 years old. This category is correlated with
cluster 4 in the 1st layer, with the highest pressure and low jerk
on the 𝑥-axis, as well as a lot of sharp HW turns. This could

be an indicator, as we saw above in the analysis of category
7, that a low jerk on the horizontal direction and a relatively
highHWpressure could separate the old people from the rest
of the population.

Category 2 is another one that contains only persons
from age groups 𝐴

1
to 𝐴
4
, thus revealing other features that

separate the elder persons from the teenagers and middle-
aged groups. This category is related to clusters 1 and 6 in
the 1st layer. Cluster 1 is characterized by low velocity and
acceleration with average number of small strokes, average
pressure, and average pressure variation. Cluster 6 consists of
average velocities and acceleration and of an average number
of pen-ups with short duration and an average number of
strokes with average size. Both clusters share a very low
horizontal jerk (that proved to be an important feature to
separate elders from the rest of the population), an average
pressure, and an average pressure variation.

Overall, we see that three different types of aged persons
emerge based on their HW styles and stability:

(i) Category 6. This is the most frequent in elders and
seniors (71.2%) and is associated with slow velocity
and acceleration and a stable HW style, high time on
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Figure 6: Representation of the distribution of 1st-layer clusters (a) and of pairwise distances between words (b) within each 2nd-layer
category.
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Table 4: Total entropy efficiency for each Layer.

Layer 1 Layer 2
Entropy efficiency 𝐸 [𝜂] 0.8365 0.7935

air, and a large number of pen-ups. These character-
istics are indicative of a slower and less fluent HW.

(ii) Category 1. It represents 11.5% of old people and it
consists of a HW style closer to that of middle-aged
persons in terms of dynamic features. People in this
group show the highest velocity, acceleration, and
jerk, as well as a very high instability across words,
which is the opposite behavior to category 6.

(iii) Category 4.This is a new category of aged population
emerging with respect to our previous works [19, 20].
It represents 15.4% of old writers and is characterized
by a HW with average velocity, very low horizontal
jerk, average pressure, low pressure variation, and
high instability across words.

3.2.3. Entropy Efficiency Measures. We measure the global
entropy efficiency of the clustering as defined in (3) in
terms of age distribution, on the balanced dataset with the
same number of writers in the 6 age groups as described in
Section 3.1. The reduction of entropy is used as a measure
of how efficient the clustering is across layers in detecting
HW styles that describe age tendencies. The result is shown
in Table 4, where we can observe how the 2-layer approach
reduces the entropy at each layer, which means that our
clustering detects HW styles with different age distributions.
Having a lower entropy efficiency in layer 2 than in layer 1
demonstrates that the stability of each writer HW style across
words gives additional information for characterizing HW
evolution through age.

Table 5: Entropy efficiency for each category in the 2nd layer.

Cat1 Cat2 Cat3 Cat4 Cat5 Cat6 Cat7 Cat8
𝜂(𝐶
𝐾

) 0.92 0.72 0.74 0.97 0.71 0.68 0.76 0.85

Table 6: Entropy efficiency for each age group within each layer.

𝐴
1

𝐴
2

𝐴
3

𝐴
4

𝐴
5

𝐴
6

𝜂(𝐴
𝐾

) layer 1 0.91 0.96 0.96 0.96 0.56 0.42
𝜂(𝐴
𝐾

) layer 2 0.92 0.98 0.92 0.94 0.45 0.33

Table 5 shows the entropy efficiency inside each of the
categories of the 2nd layer as computed by (2). The lower
the entropy efficiency, the more predictive the category of the
writer’s age. We observe that category 6 (mostly composed
of elders) shows the lowest entropy, followed by categories
2, 3, 5, and 7, where no elders appear. This shows that these
are the most interesting categories to analyze, in search for
parameters which allow us to classify the elder population. In
particular, one of themain findings is theHWstyle uncovered
by category 6 which is the one that best predicts if the writer
is an elder person. Likewise, the HW styles uncovered by
categories 2, 3, 5, and 7 have good age prediction capabilities
and in particular they rule out that the writer is an old person.

Finally, we also compute, using (1), the entropy of each age
group with respect to the clusters on both layers. This allows
us to detect which age groups introduce an entropy reduction
for the clustering.The lower the entropy, themore predictable
the age group of the clusters it will fall into, that is, the HW
style or styles it will produce.The results of the cluster entropy
efficiencies are shown in Table 6.We observe that the only age
groups which introduce significant entropy reduction are 𝐴

5

and 𝐴
6
, composed of people above 65 years old.

This entropy reduction validates our approach as it proves
its capacity to characterize the HW of the elder population
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Figure 8: HW samples of the aged population in each cluster of the 1st layer. The color scale quantifies the magnitude of speed (a), jerk (b),
and pressure (c).

Table 7: Main characteristics of first-layer clusters for the aged people.

PCT of people Dynamics Pressure Curvature Pen-up
Cluster 1 75.6% Low speed, accel, jerk Average to high Straight strokes Average
Cluster 2 12.5% High speed, accel, jerk Average to high Straight strokes Few
Cluster 3 11.9% Very low speed, accel, jerk Average to low Sharp breaks Many

Table 8: Age statistics in 1st-layer clusters obtained on the aged population.

Number of samples Average age Standard dev. age Min. age Max. age Width of age interval
Cluster 1 630 (75.6%) 73.61 6.31 67 85 18
Cluster 2 104 (12.5%) 71.00 5.84 65 77 12
Cluster 3 99 (11.9%) 84.43 3.24 69 86 17

through few categories of writers and to discover a very
limited set of different evolution patterns that the HW style
exhibits as people grow old. On the other hand, observing
almost no entropy reduction for age groups 𝐴

1
to 𝐴
4

implies that the HW style for these age groups shows a great
variability across the population. Each person from 11 to 65
Y.O. can develop anyHWpattern with a similar likelihood; in
otherwords, there is no clearway to separate these age groups.

3.3. Clustering on the Aged Population. As observed in
previous experiments [19, 20, 29], there appears to be more
than one category that describes the HW of aged people.
This confirms that there are several HW evolution patterns
for aging, unlike previous findings in the literature which
assume a priori that there is a single aging evolution pattern.
In order to analyze in more detail the difference between
these evolution patterns, we perform the two-layer clustering
exclusively over the aged population (groups 𝐴

5
and 𝐴

6
).

For the 1st layer, 3 clusters emerge when using𝐾-means:

(i) Cluster 1. There are low speed, acceleration, and jerk
(low dynamics), with average to high pressure and
straight HW. This is the most common style of the
aged population (75.6% of the samples); it is equally
distributed over writers from 67 to 85 Y.O.

(ii) Cluster 2. There are high speed, acceleration, and
jerk, pressure above average, cursive, and almost no

pen-ups. This style is less frequent (12.5%) and is
observed in younger elders from 66 to 77 Y.O.

(iii) Cluster 3.There is HWwith very low speed, accelera-
tion, and jerk, small size and long time on air, average
to low pressure, and sharp angle breaks. It is observed
only for few persons (11.9%) and is composed mostly
of samples of people above 80 Y.O., that is, the most
aged population.

The results are presented in Figure 9 using PCA and SNE.
Table 7 summarizes the main characteristics of each group
observed and Table 8 shows the age distribution in each
cluster, in terms of average, standard deviation, minimum
and maximum, and the width of the resulting age interval.
Finally, Figure 8 displays some HW samples for each cluster.

At the 2nd layer, also 3 categories emerge through 𝐾-
means:

(i) Category 1. There are same characteristics observed
in cluster 1 (1st layer) and high stability across
words. This HW style represents most of aged writers
(76.2%), and it contains equally distributed writers
from 67 to 85 Y.O.This category represents an average
healthy aged writer. The low dynamics may indicate
some loss of psychomotor skills, which can start as
early as at 65 Y.O.

(ii) Category 2.There are same characteristics observed in
cluster 2 (1st layer) and low stability across words.This
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Figure 9: 1st-layer clusters on the aged population: (a) PCA projections with age distribution (2 first axes; 43% of inertia); (b) PCA projections
of the 1st-layer clusters, (c) correlation circle, (d) SNE projections with age distribution, and (e) SNE projections of 1st-layer clusters.

HWstyle represents 11.9% of the aged population.The
writers therein are between 65 and 77 Y.O. We may
hypothesize that these writers maintain most of their
motor skills and are capable of executing complex
motor tasks at high speed. That is why they show a
larger instability as their HW changes across words.
This category does not include any people above 80
years old.

(iii) Category 3.There are same characteristics observed in
cluster 3 (1st layer) and average stability across words.

It contains 11.9% of the aged population. The writers
therein are above 84 Y.O. These writers seem to have
major problems to write, possibly due to a loss of
psychomotor skills, vision problems, and so forth.

The results are presented in Figure 10. The statistics of
the age distribution within each category are presented in
Table 9, and someHWsamples for these categories are shown
in Figure 11.

This experiment confirms that aged people above 65 Y.O.
present 3 HW patterns. These patterns vary mostly with
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Table 9: Age statistics in 2nd-layer categories obtained on the aged population.

Number of samples Average age Standard dev. age Min. age Max. age Width of age interval
Category 1 51 (76.2%) 73.45 6.26 67 85 18
Category 2 8 (11.9%) 71.50 6.02 65 77 12
Category 3 8 (11.9%) 85.25 1.04 84 86 2
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Figure 10: 2nd-layer clustering on the aged population: (a) PCA projections with age distribution (2 first axes; 68% of inertia); (b) PCA
projections of the 2nd-layer clusters; (c) correlation circle; (d) SNE projections with age distribution; (e) SNE projections of 2nd-layer clusters.
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Figure 11: HW samples from each category of the 2nd layer showing speed on a color scale.

respect to HW dynamics, pen pressure, and time on air.
However, by observing the ages of the population inside these
categories, we find that, above 80 years of age, people start
sharing a rather unique style, with low dynamics (speed,
acceleration, and jerk). The same thing cannot be said about
HWstability across words: likeHWdynamics, this parameter
is a great source of variability across the aged population
categories, but, above 80 years of age, it still does not show
a particular trend on people’s HW.

4. Conclusions and Perspectives

We have proposed a novel approach for age characteriza-
tion from online handwriting based on a 2-level scheme.
The 1st level characterizes HW styles by raw spatial and
dynamic information extracted from words and generates
writer-independent word clusters. The 2nd level extracts,
by contrast, the writer’s HW style variability across words.
This 2-layer representation is analyzed using unsupervised
learning, for detecting relations between age and HW styles.

Our study has uncovered three different types of aged
persons according to their HW styles and stability:

(i) The most important writing pattern in elders and
seniors (category 6) is associated with slow velocity
and acceleration and a stable HW style, consisting
of high time on air and a large number of pen-
ups, probably due to hesitations between strokes.
This group, which is the most represented among
the aged population (71.2%), has the highest number
of smallest strokes. Overall, these characteristics are
indicative of a slower and less fluent HW.

(ii) Some old people (11.5%) represented by category 1
have a HW style closer to that of a subset of middle-
aged persons in terms of dynamic features. People in
this group show the highest velocity, acceleration, and
jerk, as well as a very high instability across words,

which is the opposite behavior to the previously
described writing pattern of category 6. They also
present few and long strokes, which indicates a high
fluency when writing. It is worth noticing that this
writing pattern is overrepresented among elders (𝐴

6
)

with respect to seniors (𝐴
5
). Indeed, there are some

very aged persons that maintain handwriting skills.

(iii) Finally, a new category of elders emerges compara-
tively to our previous works [19, 20].These are the old
writers (𝐴

5
and 𝐴

6
) represented by category 4 (our

second largest category)which are distinguished from
a large part of the rest of population by a HW with
average velocity, very low horizontal jerk, average
pressure, low pressure variation, and high instability
across words. It seems to be an intermediate writing
pattern compared to the two previous ones and
appears to represent 15.4% of the population.

(iv) There are about 28.8% of elders and seniors whose
HW style cannot be distinguished from the average
adult population.These aged writers are persons who
maintained their skills as they aged, writing in a
similar way to some parts of the adult population.
From this skilled aged population, 60% are senior
writers (𝐴

5
) and 40% are elder writers (𝐴

6
). This

corroborates the tendency that the older the person
gets, the more likely he/she will lose HW skills and
fall into the group represented by category 6.

Another interesting finding by our approach is the fact
that categories 2, 3, 5, and 7 do not contain any old person
(𝐴
5
or 𝐴
6
). These categories disclose different HW styles

of all the population except elders (𝐴
6
) and seniors (𝐴

5
).

Categories 2 and 3 have average and low velocities and low
and high stability, respectively, but they share a very low
horizontal jerk with respect to speed and acceleration that
is not present in the HW of the old population (the latter
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often features low jerk but this is explained by the fact that
speed and acceleration are also low). Category 3 also has
the highest pressure and low pressure variation, which seems
to be other discriminative features between old people and
the rest of the writers. As far as category 7 is concerned, it
has average horizontal velocity, acceleration, and jerk and
high vertical velocity, acceleration, and jerk, as well as a low
number of long strokes (high fluency) and high pressure.This
HW fluency has been shown to be another useful feature
that discriminates part of the elders from the rest of the
population. These results confirm what we obtained in our
previous works [19, 20, 29].

Our additional experiment only based on the aged pop-
ulation confirms that people above 65 Y.O. present 3 HW
patterns. These patterns vary mostly with respect to HW
dynamics, pen pressure, and time on air. Above 80 years of
age, however, people in general start sharing a rather unique
style, with low dynamics (speed, acceleration, and jerk). HW
stability across words, by contrast, does not show a particular
trend on HW of people, even after 80 years of age.

Following this study, we are currently collecting a dataset
of HW samples at Broca Hospital in Paris from elder people
with Alzheimer and MCI cognitive disorders. Adding this
population to the control population that served in this
work, we will generalize our approach in order to assess its
efficiency in automatically detecting HW styles associated
with Alzheimer,MCI, and control persons. To do this, we will
also explore supervised techniques to uncover HW features
that are most characteristic of neurodegenerative decline.
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The cognitive deficits in persons with dementia (PwD) can produce significant functional impairment from early stages. Although
memory decline is most prominent, impairments in attention, orientation, language, reasoning, and executive functioning are also
common. Dementia is also characterized by changes in personality and behavioral functioning that can be very challenging for
caregivers and patients.This paper presents results on the use and adoption of an assisted cognition system to support occupational
therapy to address psychological and behavioral symptoms of dementia. During 16 weeks, we conducted an in situ evaluation with
two caregiver-PwD dyads to assess the adoption and effectiveness of the system to ameliorate challenging behaviors and reducing
caregiver burden. Evaluation results indicate that intervention personalization and a touch-based interface encouraged the adoption
of the system, helping reduce challenging behaviors in PwD and caregiver burden.

1. Introduction

As people age, there are increased risks of functional decay
or developing a disease. For example, after the age of 65,
the chance of developing some form of dementia doubles
approximately every five years. By the year 2010, there were
35.6 million people with dementia worldwide. It is predicted
that by 2030 this number will increase to 65.7 million and to
115.4 million by 2050 [1]. Dementia is characterized by the
loss of intellectual functions to the extent that it interferes
with daily activities [2]. For instance, memory difficulties
in PwD can impact self-confidence, leading to withdrawal
from day-to-day activities, anxiety, and depression. Family
caregivers are also affected due to the practical impact of
memory problems on everyday life and to the strain of
frustration that can result from it [3]. Besides cognitive
decline, PwD presents several noncognitive symptoms, also
known as challenging behaviors [4], which are problematic
not only for the person with dementia but also for their care-
givers. Behavioral and psychological symptoms of dementia
(BPSD) are defined as “symptoms of disturbed perception,

thought content, mood, behavior frequently occurring in
patients with dementia” [5]. Psychological symptoms of
dementia relate to anxiety, depression, and psychosis whereas
behavioral symptoms include aggression, apathy, agitation,
disinhibited behaviors, wandering, nocturnal disruption, and
vocally disruptive behaviors. Such behaviors are typically
identified by observation of the PwD and only considered
challengingwhen they affect other people or cause self-injury.
For instance, apathy commonly perceived as a lack of interest,
emotion, and motivation is a neuropsychiatric syndrome
whose prevalence reaches 93% of people with Alzheimer’s
disease [6]. These challenging behaviors are associated with
high levels of distress in both PwD and their caregivers.

The care for a PwD is a complex and challenging task
since the evolution of dementia involves progressive decline,
gradually deteriorating individuals’ cognitive, physical, and
social functions and requiring increasing degrees of care.
There is a growing agreement that dementia treatment should
initiate with nonpharmacological interventions to ameliorate
challenging behaviors such as those aforementioned because
(1) they address the psychosocial/environmental causes of
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the behavior and (2) they avoid the limitations of pharmaco-
logical interventions, namely, adverse side effects, drug-drug
interactions, and limited efficacy [7]. Nonpharmacological
interventions have been classified as (a) cognitive/emotion-
oriented interventions; (b) sensory stimulation interventions;
(c) behavior management techniques; and (d) other psy-
chosocial interventions such as occupational therapy (OT).
Maximizing the effect of these interventions requires indi-
vidualized intervention planning and execution according
to the unique needs and strengths of the PwD [8]. There is
evidence that OT is effective in dementia treatment [5, 7].The
focus of OT is to improve PwD ability to perform activities
of daily living promoting their independence, encouraging
participation in social activities, and reduce the burden on the
caregiver. Typical OT intervention involves the assessment
of PwD abilities, training family caregivers in skills such as
problem solving and coping strategies, and implementing
environmental and compensatory strategies to assist the PwD
in engaging in meaningful activities. Several studies have
proven that multicomponent psychosocial interventions that
are tailored and focused on the patient-caregiver dyad are
the most effective in dementia [9]. Occupational therapists
can play an important role in the care of the PwD, given
their expertise at understanding the complex relationships
between person, environment, and occupation required for
successful activity execution. Therapists accompany PwD
during the course of the disease, providing education and
skills training and supporting the caregivers.

Ambient intelligence (AmI) has been recognized as a
promising approach for improving home and community-
based care aiming at mitigating dementia effects on indi-
viduals and families [10]. Ambient intelligence is a new
paradigm in information technology aimed at empowering
people’s capabilities by the means of digital environments
that are sensitive, adaptive, and responsive to human needs
[11]. The development of AmI systems to support dementia
treatment should consider that nonpharmacological inter-
ventions not only need to be adapted to the particular PwD
and caregiver needs but also may need to evolve or change
as the dementia progresses and that even new or more
severe BPSDmanifestationsmay appear. An ambient-assisted
intervention system (AaIS) uses AmI to improve PwD’s
quality of life by identifying the presence of BPSD, deciding
on an appropriate intervention and either modifying the
environment or persuading the PwD or the caregiver to act
on the system’s advice [12]. We have implemented an assisted
cognition system that follows the AaIS approach. This paper
extends preliminary work incorporating an additional case
of study for assessing the feasibility to support personalized
occupational therapy interventions to address BPSD [13].
The results show evidence of the system’s acceptance and
effectiveness to ameliorate incidents of BPSD while reducing
the caregivers’ burden.

2. Personalized Ambient-Assisted
Occupational Therapy

Assistive technologies (AT) have the potential to assist occu-
pational therapist in gathering assessment data, executing

interventions, and monitoring responses to therapy. How-
ever, studies have mainly centered in evaluating low-cost and
common AT, such as the use of craft kits, medication dis-
pensers with automatic reminders, and environmental aids
and detectors [14]. There is limited evidence about the use
and impact of computing-based AT to support occupational
therapy. Most research is based on qualitative studies con-
ducted to capture the perception of the stakeholders involved
in the caring of PwD, about the potential and limitations of
computing-basedAT. For instance, results from an interview-
based study conducted with occupational therapists empha-
size the benefits of multimedia-based assistive technology
to support temporal orientation for dementia sufferers, if
and when it is adapted to their needs and abilities, which is
relevant to the acceptance of a technology [15]. Similarly, from
semistructured interviews conducted with family caregivers
and occupational therapists, a set of needs and ideas for
possible solutionswere identified, such as virtual companions
to promote social wellbeing and robots to enable PwD to
complete tasks with which they have difficulties [16]. On
the other side, results from surveys applied to art therapists
who specialize in therapy for persons with dementia were
used to inform the design of the Engaging Platform for Art
Development (ePAD) to enable PwD independent access
to art creation [17]. ePAD is customizable such that an art
therapist can choose themes and tools that they feel reflect
PwD needs and preferences. Usability results suggest that
participants found ePAD engaging but did not perceive the
prompts as being effective.

The AaIS approach consists in a set of autonomous and
collaborative agents that implement the services depicted in
Figure 1. Thus, a behavior analysis agent identifies BPSD
episodes, which can be explicitly observed and reported
by the caregiver, or, alternatively, they can be inferred by
analyzing the information perceived from agents attached to
sensors located in the environment or worn by the PwD.
Agitation, for instance, is manifested via repetitivemovement
and verbal expressions such as shouting or continuous talk.
As depicted in Figure 1, we have used the InCense platform
[18], developed to facilitate the gathering of context data from
the mobile phone’s sensors, such as microphone, accelerom-
eter, and GPS data, that can be used to infer an incident
of BPSD. Finally, once there is evidence that the PwD is
exhibiting a BPSD, a decisionmodel agent selects a behavioral
intervention, which will be enacted through the intervention
enactment agent directing the ambient actuator agents to
execute one of the following actions: (a) intervene directly
to change the configuration of the physical environment; (b)
communicate with the caregiver to recommend an action
to perform; or (c) communicate with the PwD to suggest
an activity or provide him with information that could
change his current behavior. Our model for tailoring the
AaIS services is supported by an ontology used to make the
decision about the intervention to enact, as described in [12].

Following the AaIS approach, we implemented an
assisted cognition system to support occupational therapy
for PwD. The system’s user interface is based on two
components: AnswerBoard and AnswerPad. AnswerBoard
is a public ambient display implemented on a touch screen
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Figure 1: Ambient-assisted intervention system architecture.

Figure 2: AnswerBoard showing a medication reminder.

LCD computer. Located in a common area within the PwD’s
home, it provides information of their activities for the
current day, the current date, and time of day. Reminder
messages are displayed on the AnswerBoard to prompt the
patient on relevant events on his agenda, such as medication
(Figure 2). The caregiver may create reminder notes from
scratch or select one of the predefined templates completing
the required information.

AnswerPad is an application running on an Android
mobile phone with touch screen. It includes different widgets
aiming to offer the PwD time and place awareness, reminder
notes, and cues on his/her current activity and to maintain
the connection with his/her social network. AnswerPad

recollects data from the mobile phone’s sensors to feed
the intervention engine. Additionally, caregivers may use
AnswerPad to manage elder’s daily activities, keep track of
his/her whereabouts, create reminder notes, and keep a diary
of patient’s behavior using an application.

3. Evaluation

This section describes a field study in which the effectiveness
of the assisted cognition system AnswerPad/AnswerBoard
to support occupational therapy interventions was evaluated
with two case studies.

3.1. Study Design. The purpose of the study was to evaluate
quantitatively and qualitatively to what extent the therapy
system (a) promotes a positive response in the behavior of
the PwD and (b) is adopted and found useful by the PwD and
their caregivers. The inclusion criteria for PwD were elderly
diagnosed with AD, showing mild to moderate cognitive
impairment (MMSE score between 14 and 24) and living
in community. It was required that primary caregivers were
family members living with the patient and not exhibiting
physical or mental impairments that limit their role as care-
givers. Two PwD and primary caregiver dyads were selected
to participate in the study. In both cases, a common concern
for the caregivers was the apathetic behavior of PwD. Apathy
is a persistent disorder of motivation whose diagnostic
criteria include (a) decreased motivation; (b) reduction of
behavior, in particular, cognitive activity and goal-oriented
motivation; (c) functional impairment attributable to apathy.
Effective treatment of apathy, and other BPSD, requires a
multifactorial approach, that is, a combination of different
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types of nonpharmacological interventions, as in the case
of apathy, aimed at introducing new sources of satisfaction,
interest, and encouragement. Also, it is recommended that
interventions provide opportunities for socialization [6, 19].

The study involved home visits from a therapist to the
participants’ home during a period of 16 weeks.The therapist
applied nonpharmacological interventions to address BPSD
as suggested in clinical guidelines. Variables observed during
the study were as follows:

(1) The presence and severity of challenging behaviors
estimated by the scores of the Cumming’s Neuropsy-
chiatric Inventory Questionnaire (NPI-Q) to evaluate
the effect of the intervention on the behavior in the
PwD [20].

(2) The occurrence of apathy measured by the apathy
evaluation scale (AES), an instrument developed to
measure apathy resulting from neurological diseases
[21].

(3) Caregiver burden, which is the psychological state
resulting from the combination of physical, emo-
tional, job, and social restrictions associated with
caring for a sick person. In the study, the outcome of
the Zarit Burden Interview (ZBI) was used to observe
variations in the subjective burden reported by the
caregiver [22].

(4) Caregiver self-efficacy, which refers to a subjective
belief that a person has about his or her ability to
successfully carry out certain kinds of caregiving
tasks. This outcome was observed using the Revised
Scale for Caregiving Self-Efficacy (RSCSE) [23].

Additionally, caregivers kept a diary of PwD behavior to
document incidents they considered problematic, unusual
changes in behavior, health status, and mood or memory
problems. Caregivers reported each incident by describing
the incident, the response of relatives to the incident, and
the context in which it occurred (date and time). This
information was reviewed on interviews with caregivers
during follow-up visits, which enabled us to assess the effect
of the intervention on the behavior of the participants. The
study was divided into two stages:

(a) Intervention with Traditional Artifacts (Stage A). In
this first stage, and for a period of 4 weeks, the ther-
apist implemented a combination of strategies using
traditional means, which included the use of exter-
nal memory aids, cognitive training, reminiscence
therapy, and techniques to enhance communication.
Caregivers selected a set of activities that could be
attractive for the person and easy to handle by them.

(b) Intervention Supported with AaIS (Stage B). In the
second stage of the study, the AaIS supported the
intervention. The AaIS services were tailored accord-
ing to the particular needs of the participants. As in
the first stage, the therapist conducted the sessions
alternating the execution of activities supported by
the therapy system with activities using traditional
artifacts.

Visits were performed three times a week. The primary
caregiver was involved in these sessions assisting the thera-
pist. In each visit, the therapist guided the session consisting
in the execution of three activities scheduled for the day.
Each activity lasted a maximum time of 30 minutes to
avoid fatigue on the participants. During the rest periods,
10 minutes between each activity, the therapist promoted
communication between the PwD and their caregiver. The
following sections describe the evaluation case studies.

3.2. Case Study S1. Daniel is an adult over 70 years of
age diagnosed with Alzheimer’s disease (MMSE = 17). His
primary caregivers are his wife Ana (66 years) and their
daughter Sonia (43 years), who reside in the same household.
They expressed particular concern about the lack of interest of
Daniel for any type of activity during the day.They noted that
most of the dayDaniel is asleep in his room. Another concern
for caregivers is the refusal of Daniel to takemedication.They
need to remind himof themedication schedule and supervise
the intake, since repeatedly Daniel hid the pills in his pocket,
or his mouth, for later disposal.

To address Daniel’s apathy in a first stage of the inter-
vention (Stage A), and in agreement with caregivers, the
therapist defined a weekly schedule of activities that could be
attractive for the PwD and easily handled by the caregivers.
For instance, Daniel enjoyed solving crossword and Sudoku
puzzles prior to the dementia onset. So, one of the activities
involved solving crossword puzzles using pencil and paper.
Another concern of the caregivers was of the PwD to take
his medication. They need to remind him of the medication
schedule and monitor the intake. Often Daniel hid the
pills in his pocket or mouth for later disposal. Due to this
situation, an external memory aids based intervention was
implemented through a whiteboard (40 cm × 30 cm) placed
in the kitchen for displaying his medication schedule and the
use of paper cards with written instructions for taking the
medications contained in a labeled pill organizer.

In the second stage of the study (Stage B), the assisted
cognition system supported the intervention. The AaIS ser-
vices were tailored according to the particular needs of the
participants. As in the first stage, the therapist conducted
the sessions alternating the execution of activities supported
by the system with activities using traditional artifacts. As
part of the system deployment, AnswerBoard was installed
on a 20-inch touchscreen computer over a table in the
living room. AnswerBoard displays the agenda of activities
previously defined in Stage A. To complete the deployment
of the AaIS, two mobile phones running AnswerPad were
given toMr. Daniel and his caregivers. Using AnswerPad, the
caregivers created and delivered medication reminders and
other activities prompts, which Mr. Daniel would receive in
his AnswerPad or in theAnswerBoard’s screen. AnswerBoard
included the implementation of two games: (a) Memorama
and (b) Alphabet Soup.

(a) Memorama. It is a card game in which all the cards are
laid face down on the touchscreen display and two cards are
flipped face up over each turn (Figure 3(a)). The purpose of
the game is to turn over pairs of matching cards. The user
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(a) (b)
Figure 3: Mr. Daniel performing the activities implemented on AnswerBoard: (a) Memorama and (b) Alphabet Soup.

chooses two cards touching the screen to turn them face up.
If cards show the same picture, the cards disappear displaying
part of the background image. If they do not show the same
picture, they are turned face down again. The game ends
when the last pair of cards has been picked up.

(b) Alphabet Soup. In this activity, the participant is presented
with a list of words that must be found in a grid of letters
showing in the touchscreen display (Figure 3(b)). Each list
has words of one of the following categories: (a) animals; (b)
objects in the house; (c) months of the year; (d) names of
family members; (e) fruit; and (f) countries. Each list has a
maximum of 20 and a minimum of 10 words. Words have 7
letters on average and 10 as a maximum. Words can appear
horizontally, vertically, or diagonally in the grid. Participants
mark each found word dragging their finger over the word. If
the word matches a word on the list, the word is highlighted
and removed from the list.

Research has proposed matching activities to individual
interests and retained skills to engage persons with dementia
and maintain involvement [8]. The selection of games imple-
mented was stirred by the adoption of similar activities that
Mr. Daniel found enjoyable. During the first week, it was
observed that Mr. Daniel experienced difficulties identifying
and selecting the words in Alphabet Soup.The game interface
was customized increasing the font size and the dimensions
of the grid inwhich the letters are shown. Likewise, caregivers
pointed out that a hear impairment in Mr. Daniel sometimes
prevented him fromhearing the reminders’ audio notification
in AnswerPad, so it was configured to vibrate whenever it
received the reminder. In the following sections, we present
the results obtained from the application of assessment
instruments, interviewswith caregiver, and systemusage data
obtained from the logs generated by the AaIS.

3.2.1. Results on Adoption and Usability. The average daily
running time of AnswerBoard was 11:30 h. On average, the
system started at 8:21 in the morning and was deactivated in
the evening at around 19:56.The average number of days used
in a week was 6.7 days. Figure 4 shows the average hours of
daily use for each week of the Stage B of the study.

Figure 5 shows the number of reminders received by
the participant through AnswerBoard classified into four
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Figure 4: AnswerBoard average daily usage.

categories: (a) medications: reminders for medication; (b)
activities: reminders about the activities on the agenda; (c)
prompting: directions to support an activity; (d) orienta-
tion: reminder for temporal or spatial orientation. All the
reminders were created and delivered through AnswerPad by
the caregivers. As shown in Figure 5, the predominant type
of reminder is for medication, except for the month of May,
when the system was deployed only in the last week of the
month.The decrease in the number of medication reminders
in August is associated with the removal of medications
prescribed to Mr. Daniel by his family physician.

With respect to the activities implemented through
AnswerBoard, the daily use of Memorama averaged 29
minutes (SD = 42 minutes), and on average the activity was
performed 5 times a day (SD = 4). The average time to com-
plete a game was 6 minutes (SD = 16 minutes). The Alphabet
Soup activity average daily use was 37 minutes (SD = 26
minutes). The average daily usage was 6 (SD = 4) times. On
average, each activity required 37min (SD= 42min) to finish.

3.2.2. Results on Challenging Behaviors and Caregiver Burden.
This section presents the results obtained from the appli-
cation of assessment instruments. Table 1 summarizes the
results obtained from assessment instruments in 16 weeks of
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Figure 5: Reminders delivered to the PwD using AnswerPad.

Table 1: Assessment instruments result for case study S1.

Instrument Apr May Jun Jul
C2 C3 C2 C3 C2 C3 C2 C3

Apathy AES 64 54 63 54 60 50 49 51
NPI-Q total 27 19 15 16 14 15 14 13
NPI-Q apathy subscale 4 3 3 3 3 3 3 2
NPI-Q depression subscale 0 4 0 3 2 3 3 2
Caregiver burden ZBI 36 31 34 28 21 16 17 18
Caregiver self-efficacy RSCSE 81 39 83 41 83 45 90 49

the study.The results are shown in ordered pairs in which the
first value corresponds to results reported by PwD’s wife, Ms.
Ana (C2), and the second to results reported by his daughter,
Sonia (C3).

Throughout the study, Ana reported incidents in 7 of the
12 NPI-Q’s subscales (M = 17.5, SD = 5.5). Sonia reported
incidents in 4 of the 12 NPI-Q’s subscales (M = 15.75, SD =
2.17). The results of the apathy evaluation scale (AES) show a
slight variation in the scores reported by both caregivers, Ana
(M = 58.20, SD = 5.56) and Sonia (M = 53.20, SD = 2.48).
The maximum score in the scale is 72 points. In PwD, a score
greater than 41.5 points indicates the presence of pathological
apathy.

The Zarit Burden Interview (ZBI) has a maximum score
of 88 points and questions are grouped into three categories:
(a) consequences of care in the caregiver (11 questions, 0–
44 points), (b) beliefs and expectations of their caregiving
skills (7 questions, 0–28 points), and (c) caregiver-patient
relationship (4 questions, 0–16 points). The average rating of
the ZBI observed for Ana is 24 (SD= 9.44).The average rating
of the ZBI observed for Sonia is 21.2 (SD = 7.03).

The Revised Scale for Caregiving Self-Efficacy (RSCSE)
measures the perceived ability of caregivers to deal with
challenging behaviors of elders with cognitive impairment.
Themean score reported by Ana is 84.13 (SD = 3.05), which is
considerably higher than the average scores reported by Sonia
(M = 47.47, SD = 8.98).

Table 2: Assessment instruments result for case study S2.

Instrument May Jun Jul Aug
Apathy AES 60 57 52 42
NPI-Q total 18 13 9 6
NPI-Q apathy subscale 9 6 2 2
NPI-Q depression subscale 3 2 2 2
Caregiver burden ZBI 38 36 30 32
Caregiver self-efficacy RSCSE 16 16 18 22

3.3. Case Study S2. Julia (44 years) is the primary care-
giver for Maria (73 years), her mother, who suffers from
AD (MMSE = 21). Maria also suffers from diabetes and
hypertension, thus requiring the administration of different
medications throughout the day. She often forgets what
medication to take and at what time. Another concern for
Julia is her mother’s lack of motivation to perform her
activities of daily living, such as eating, bathing, and dressing.
She spends most part of the day sleeping, frequently getting
out of the bed at midday. Maria often refuses to shower and
Julia has to insist and eventually help her. Activities thatMaria
enjoys include caring for her dog and playing board games
(i.e., cards, dominoes). Julia is also in charge of her father Raul
(77 years) and husband of Maria. Raul is under treatment
for cancer requiring attention but being able of performing
activities of daily living independently. For this case, the
intervention addressed the medication problems through
automatic reminders and the apathy through occupational
therapy.

For the first stage (Stage A) of the intervention, activities
for home visits were defined in collaboration with her
caregiver. Visits were held three days a week, which lasted
on average 2 hours and were performed on the dining table.
During the four weeks of Stage A, the activities were con-
ducted with traditional artifacts (Figure 6(a)). In the second
stage of the intervention (Stage B), the systemwas introduced
for carrying out some activities, along with the traditional
methods (Figure 6(b)). In both stages, the therapist kept a
logbook to document the progress of the session.

3.3.1. Results on Adoption and Usability. With regard to the
use of the assisted cognition system by participants, the
average operating time was 13:03 h daily (SD = 3:14 h). On
average, caregiver activated the system in the morning at
4:33 h (SD = 2:52 h) and it was turned off in the evening at
around 19:06 h (SD= 2:39 h).On average, the systemwas used
in 6.5 days a week.

3.3.2. Results on Challenging Behaviors and Caregiver Burden.
Table 2 shows a summary of data collected with the assess-
ment instruments during the 16 weeks of the study.

The assessment of problematic behaviors using the NPI-
Q shows an average score of 11.5 points (SD = 4.5). Incidents
were reported in 7 of the 12 subscales that make up the NPI.
The three subscales with greater contribution to the total
score are apathy (M = 4.75, SD = 2.95), depression (M =
2.25, SD = 0.43), and changes in appetite/food (M = 1.5,
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(a) (b)

Figure 6: Ms. Maria performing activities (a) using traditional artifacts in Stage A and (b) using AnswerBoard in Stage B.

SD = 0.87). The maximum score of the AES is 72 points;
for people with dementia, a score over 41.5 points suggests
the presence of pathological apathy.The average rating of the
AES was 52.75 (SD = 6.83). A Pearson product-moment cor-
relation coefficient was computed to assess the relationship
between AES and the subscale of apathy in the NPI scores. A
high correlation (𝑟 = 0.84) is observed in the scores obtained
by AES against the results of the subscale apathy NPI. In both
scales, a reduction in the scores is observed throughout the
study. The last measurement of the AES, 42, is close to the
cutoff point for pathological apathy. Scores of the NPI apathy
subscale suggest a reduction in both frequency and intensity
of the incidents observed by the caregiver. The average score
of the caregiver burden is 34 (SD = 3.16). The correlation of
the caregiver burden (ZBI) with the scores of apathy (AES) is
high (𝑟 = 0.72). Also a very high correlation (𝑟 = 0.97) of the
caregiver burden is observed with respect to the scores of the
subscale apathy in the NPI.

Although the scores of the RSCE show a positive trend,
the mean score is low (M = 18, SD = 2.45) indicating that
the caregiver has low confidence in his abilities as a caregiver.
Caregiver burden and perceived self-efficacy have a high
negative correlation (𝑟 = −0.73). The correlation of apathy
(AES) with respect to the perceived self-efficacy in care shows
a very high negative correlation (𝑟 = −0.99). The correlation
of the apathy subscale of the NPI and the perceived self-
efficacy in care is high (𝑟 = −0.76).

4. Discussion

This section presents the analysis of the results described
in the previous sections. The analysis focuses on the effects
of the intervention on issues such as medication, apathy,
overload/efficacy of caregivers, and adoption of the system.
The discussion considers the quantitative and qualitative data
obtained from interviews with caregivers, the logs kept by the
therapist, and the logs generated by the system. Study results
must be analyzed considering that the therapist home visits
could have some effect on the behavior of the PwD, affecting
the dynamics between the caregiver and the PwD, and there-
fore the results. However, this is a common trait among non-
pharmacological interventions for dementia treatment [24].

Although older adults generally have a positive opinion
about using technology [25], they are less likely to use the
technology compared to younger individuals [26]. However,
the leading factors that predict technology acceptance for
older adults are usefulness and usability [25, 27, 28]. In both
cases, the system was used consistently throughout the 16
weeks of observation.The usage logs generated by the system
indicate that at least 12 hours a day the system was on.
Also, the system log shows that the participants used the
system almost everyday. These indicators of system adoption
are strengthened by evidence gathered from interviews and
session’s logbooks home visits. The interface learnability is a
key factor for usability. A system that is easy to use improves
the user performance in task completion with the successive
use of the system. One of the basic functions evaluated in the
study was the intervention based on external memory aids
implemented through touchscreen devices. From the analysis
of data in the system log, it can be seen that participants
reduced the response time to medication reminders and
activity prompts. For instance, for case study S1, we observe
that after the first four weeks of the intervention 29% of the
reminders were cleared in less than 2 minutes, an action that
requires the user to tap on the reminder on AnswerBoard
and AnswerPad. After 16 weeks, 49% of the reminders were
cleared in less than 2 minutes. Further evidence of the adop-
tion of the system is derived from qualitative data gathered
from interviews with the caregivers and the therapist’s log:
Ana (caregiver): I feel good because now I know he’s taking his
pills, not like before. He hid the pills and now he doesn’t. . . I feel
safer nowbecause (he is?) already taking the pills. During home
visits, the therapist observed that often when Mr. Daniel
noticed the reminder, he headed to the kitchen for a glass
of water, took the medication, and deactivated the reminder.
Since reminders were shown on both devices, he commonly
deactivated the AnswerBoard reminder first and later the
reminder on AnswerPad, although sometimes he forgot to
turn off the reminder on AnswerPad. For case study S2, we
observe that after the first four weeks of the intervention 36%
of the reminders were cleared in less than 2 minutes, and
after using the system for 16 weeks 78% were cleared in less
than 2 minutes. The home visits offered the opportunity to
observe the response of Maria to medication reminders. The



8 Computational and Mathematical Methods in Medicine

therapist observed that in all occasions Maria noticed the
reminder when it was activated. Also, she answered correctly
when asked about what medication she should take.

A challenge in the study of apathy is the dimensions
involving the concept. Motivation and interest are latent
variables, whose qualities and quantities must be inferred
observing the patient’s behavior [29]. For case study S1, as
noted in the previous section, the quantitative variation in
the results of apathy subscale of the NPI-Q shows a decrease
during the study. Likewise, the assessment of apathy by AES
shows a reduction in the scores reported by the caregivers.
Although scores remain above the cutoff (41.5) suggesting
the presence of apathy in PwD, the results of the interviews
provide evidence of increased motivation in Daniel: Ana:
I usually see him more aware of all. More cheerful too. In
a better mood. Because before he slept most of the day. He
was very quiet; not talking, and now he asks questions; Sonia:
He is more active now. He can last 2 to 3 hours playing. He
is entertained and doesn’t take naps. For instance, yesterday
I asked him to take a nap in the afternoon and he said:
“No, I’ll be here for a while”. The decrease in the scores is
more evident in case study S2. The subscale of apathy in
the NPI indicates that before the intervention Maria showed
severe apathetic manifestations most days of the week. The
latest measurements indicate a reduction to at most one mild
episode in a week. Also, the score of the last measurement
with AES scale (42 points) is just above the cutoff point of the
scale for pathological apathy.

According to the diagnostic criteria for apathy proposed
in [29], the essential characteristic of apathy, diminished
motivation, must be present for at least four weeks; sec-
ond, two of the three dimensions of apathy (reduction of
goal-directed behavior, goal-directed cognitive activity, and
emotions) must also be present; and, thirdly, there must be
identifiable functional impairments attributable to apathy. So
the increase in motivation reported by caregivers suggests
a positive effect of the intervention in reducing apathy. For
instance, in case study S2, the caregiver comments (a) She
[Maria] is more motivated, with better attitude, are more
active. She does not object, doesn’t grumble. Anything I ask
her she shows willingness; (b) When visiting my brother she
is interested in their children. Before, she did not ask for their
grandchildren. Comments from caregiver in case study S1
include (a) Previously, he did not grab a broom or anything.
Today in the morning he grabbed the broom and swept the
garden. He moved the pots and swept. Now he does chores.

Caregivers of PwD require effective behavioral problem
management strategies in order to keep them functional and
reduce their own physical and emotional risks. Caregivers
with high expectations of self-efficacy tend to continue to
provide care even if the patient worsens their condition
and care tasks become more demanding and perform their
caregiver role with relatively lower burden [30].The observed
correlation between burden and self-efficacy in the study
suggests such effect of the intervention on participants.
During the study, caregiver burden levels show a decreasing
trend, while levels of self-efficacy in caregivers increase. At
baseline, the burden levels of caregivers in case study S1
were within the range of mild to moderate burden (20–40

points). After 8 weeks, burden level drops to mild burden
(0–20 points). Throughout the study, the level of self-efficacy
for both caregivers showed a positive trend, especially in
the domain of response to problematic behaviors. In the
case of Ana, an increase of 51.61% was registered in her
confidence to respond adequately to problematic behaviors
going from a baseline score of 62 to 94 after the 16 weeks of
the study. Likewise, Ana’s score increased 90.91% from the
baseline score of 44 points to 84 points at the end of the
intervention, suggesting a positive effect of the intervention
in developing skills to deal with problematic behaviors by
caregivers. Additionally, caregivers perceive a reduction in
the dependence of Mr. Daniel. Some of the comments that
support this are We used to be much more attentive to him.
Not anymore, because now we can be in another place, doing
chores, and he can be alone in the room. We felt calmer and
more relaxed, because before, we always had to be at his side.
The assessment of self-efficacy for the caregiver in case study
S2 indicates a low level of confidence in her abilities to deal
with the challenges posed by its role as primary caregiver.
However, throughout the study, a positive trend can be seen
in her perception of self-efficacy. After 16 weeks, there is
an increase of 35.50% in RSCSE scale score with respect to
the measurement at baseline. The self-efficacy domains that
had a more favorable response were the ability to respond to
problematic behavior (60%) and the ability to obtain respite
(57.14%). With regard to the caregiver burden, even though
the scores are within the range of mild to moderate burden, a
slight reduction in the score along the study is observed.

5. Conclusion

In this paper, we report the results of an intervention with
an assisted cognition system to support occupational therapy
aiming at reducing PwD’ challenging behaviors. Through an
in situ study with two cases of PwD-caregivers dyads, we
collected qualitative and quantitative evidence showing that
our system was effective in helping the participants to be
more independent and motivated to conduct daily activities.
Responses from the caregivers indicated that they appreciated
the potential of the system to make older adults more
independent and responsible for taking medications, which
helped to reduce caregivers’ hassles. The impact of using the
systemwas twofold: PwDs’ incidents of apathymanifestations
were reduced; and caregivers perceived that they improved
their ability to conduct caregiving tasks. Overall experiences
were consistently positive in both cases. It is recognized
that PwD manifest the disease in very different ways [2, 5],
making it difficult to extrapolate intervention outcomes from
one case to the other. If anything, this emphasizes the need
to personalize the intervention [5, 8, 30], and an adaptable
assisted cognition system can be of significant support in this.

Studies on the professional practice of occupational ther-
apy have revealed thatmuchmore time is spent on assessment
of the PwD (e.g., in some cases reaching 75% of the time),
rather than providing intervention [31].This issue emphasizes
the importance of developingmore effective assessment tools.
Future work involves developing a set of applications to
support the occupational therapist in gathering sufficient
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and high-quality information from the PwD for intervention
personalization.
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Emotional processing has an important role in social interaction. We report the findings about the Independent Component
Analysis carried out on a fMRI set obtained with a paradigm of face emotional processing.The results showed that an independent
component,mainly cerebellar-medial-frontal, had a positivemodulation associatedwith fear processing.Also, another independent
component, mainly parahippocampal-prefrontal, showed a negative modulation that could be associated with implicit reappraisal
of emotional stimuli. Independent Component Analysis could serve as a method to understand complex cognitive processes and
their underlying neural dynamics.

1. Introduction

Emotion processing is crucial for social interaction. It has
been suggested that both neuronal and behavioral responses
are facilitated, whenever emotional faces with negative
valence, such as fear or anger, are observed. It has been
reported that the perception of affective scary faces indicates
the presence of indirect stimuli that could potentially threaten
individual integrity [1].

The processing of affective faces of fear has an important
social role, because it triggers emotional information capable
of provoking a visceral response and thus enabling the nec-
essary actions to preserve physical integrity [2]. It also allows
the detection of other persons’ emotional state to modulate
our responses during social interaction, by controlling or
attenuating conduct; this is due to the human ability to
consciously assess emotional stimuli through continuous
reasoning and experience labeling [2–4].

A brain circuit implicated in emotions’ processing has
been described; it is composed mainly of the amygdala, ante-
rior cingulate, insula, prefrontal cortex (mainly ventromedial
and lateral orbitofrontal portions), and anterior portions of
the temporal lobe [5–7].

Several paradigms have been used in fMRI studies to
assess affective faces processing. Experiments have been
reported, going from passive perception of emotional faces to
those including conditions where the subject must produce a
behavioral response involving decision making; in this case,
responses can be either implicit, that is, the selection or
judgment about the identity or gender of stimuli, or explicit,
where emotions are assessed directly. Consistent findings
have been reported in healthy and clinical populations,
describing the increase in the BOLD response when aversive
affective faces are compared to neutral faces, mainly in the
amygdala; frontal regions such as the superior frontal gyrus,
medial frontal gyrus, orbitofrontal cortex, and ventromedial
cortex; temporal regions including the superior and medial
temporal gyrus; other regions such as the fusiform gyrus,
insula, anterior cingulate, among other structures [8–11].

Processing of aversive faces is also considered a biomarker
of negative affectivity, which has been associated with neu-
ropsychiatric pathologies and maladaptive personality traits.
In a recent study, it is reported that an affective-cognitive bias
(or the tendency to respond faster to a stimulus) facilitated
the recognition of fear faces and led to shorter reaction times
(compared to neutral faces), which correlated positively with
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a bilateral increment of ventromedial cortex, left subgenual
cortex, and right caudate nucleus activities. This bias was
also associatedwith personality traits such as harm avoidance
[1]. In another study, carried out in a population of heroin-
dependent subjects, an increase in the left amygdala activity
was observed, when heroin was administered to participants
during the fearful face condition; this increase was positively
correlated with other measures related to stress [12].

Face Matching Task (FMT) [2, 13] is one of the most
commonly used paradigms to study affective processing;
different versions have been adapted, which consider several
conditions, but all of them allow the implicit and explicit
assessment of affective processing, including aversive emo-
tions, such as fear or anger (see Materials and Methods for
the task description). In several studies, mainly based on
region of interest (ROI) analysis and small volume correction
analysis (SVC), the amygdala has been associated with FMT
resolution, especially in aversive conditions [2, 13]; further-
more, other hyperactive regions besides the amygdala have
been observed, such as ventromedial cortex, orbitofrontal
cortex, insula, and anterior cingulate in diverse populations
of patients with affective disorders, for instance, acute stress
[14], depressive episodes [15–17], and first psychotic episode
[18].These findings suggest that the performance during FMT
can be considered a biological marker of emotional reactivity
to aversive stimuli, besides being a consistent endophenotype
of genetic susceptibility to the development of affective
disorders characterized by emotional hypersensibility [19–21]
and of traits such as impulsivity, aggression, and violence [22].

The BOLD signal obtained by fMRI is based on the
general linear model (GLM); its traditional analysis presents
some limitations: on the one hand, it assumes voxels’ inde-
pendency, which limits the BOLD signal study to massive
univariate analysis, which in most cases cannot capture
the principle of biological plausibility, namely, the biologi-
cal mechanism that underlies a process, such as cognitive
functioning; on the other hand, it needs a reference model
based on the hemodynamic response, which makes the
analysis based on GLM less flexible than other approaches
[23].

An alternative to study and to characterize the neural
networks associated with cognitive processing is functional
connectivity; for its study several techniques, generally
expressing the statistical dependency on observed data,
have been proposed. Among them, Independent Component
Analysis (ICA) is a multivariate technique that allows the
observed BOLD signals’ decomposition into neural networks
or independent components (ICs). ICs refer to functionally
independent neural networks that are simultaneously acti-
vated [24]. After elimination of noise-related signals and the
proper selection, these ICs represent the activity modulation
of a set of brain structures that, in the case of fMRI, are
time-related either to stimulus presentation or to a given
condition. This technique does not depend on a reference
model and as a final result allows the analysis of components,
instead of voxels; that is, the brain regions represented by
each component have a similar response associated with the
cognitive process of interest and show temporarily coherent
fluctuations [23].

There are only a few studies, where ICA has been
applied to observe the neural networks modulation during
emotion processing. Escart́ı et al. [25] used an auditory
paradigm, where they manipulated the words’ emotional
tone; for a control group they reported four ICs tempo-
rally correlated with emotional stimuli, located at temporal,
frontoparietotemporal, limbic-subcortical, and occipitocere-
belar regions. The limbic-subcortical IC was then compared
between schizophrenic subjects with and without auditory
hallucinations, and they found a similar behavior between
control and nonhallucinating subjects, while schizophrenic
patients with hallucinations presented a hyperactivation of
this component.

In another ICA-based study a group of women with
borderline personality was compared to a control group.
A paradigm including neutral, masked fear and explicit
fearful faces was used; the responses’ analysis yielded a
bilateral component that included the amygdala as a “seed”
coactivated with the rostral portion of the anterior cingu-
late in the explicit fear condition; this functional connec-
tivity was increased for the borderline personality group
[26].

Broicher et al. [27] reported an amygdala IC, which
showed coactivations with temporal, frontal, anterior cin-
gulate, and hippocampal and cerebellar regions, under the
passive view of intense fear faces videos; the functional con-
nectivity of the amygdala with the aforementioned regions
was reduced in a group of temporal lobe epilepsy patients.

ICA has also helped to describe active networks in
basal or resting state conditions; it has been suggested that
those networks have a strong contribution for the develop-
ment of some pathologies. In a study carried out in raped
female teenagers, compared to a control group, fearful faces
stimuli were used to observe the activity modulation of
three networks associated with resting state: frontal-parietal,
frontal-cingulate, and default mode network (DMN). The
authors reported that the frontal-cingulate network, com-
posed mainly of the anterior insula and anterior cingulate,
showed an increased activity in the fear condition, more
so in women having suffered a rape event [28]. Another
study in the same direction reported that the structures
overlapping DMN (prefrontal medial cortex, ventral anterior
cingulate, and precuneus) showed a negative modulation
or deactivation to emotional stimuli, which suggests that
DMN participates in the monitoring of internal emotional
processing [29].

To our knowledge, only one study of functional connec-
tivity using the FMThas been reported. In that work, the time
courses corresponding to the amygdala were extracted and
correlation maps were computed between these time courses
and those corresponding to all the other voxels, with the
purpose of describing how the amygdala’s activity modulates
the rest of the regions when processing aversive emotions. It
was reported that the right amygdala activation had a negative
modulation on medial and superior frontal regions, anterior
cingulate, inferior parietal, precuneus, and cuneus. On the
other hand, the right amygdala activity modulated positively
the activities of inferior frontal gyrus, insula, and superior
temporal and subcortical regions [30].
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Figure 1: FMT conditions. (a) Fear. (b) Neutral. (c) Control.

In summary, the findings about the brain regions impli-
cated in emotional processing have been consistent in the
literature. However, few studies have been reported using an
approximation of functional connectivity, such as ICA, that
captures the principles of biological plausibility, fundamental
to understand cognitive processing; that is, it assesses the pos-
itive and negative modulations of temporally coherent neural
networks. Furthermore, ICA have not been used to analyze
responses to the widely used FMT paradigm, which has been
suggested as a good biological marker of emotional reactivity
and as a reliable endophenotype of genetic susceptibility
to the development of affective disorders and maladaptive
behaviors. Therefore, the purpose of the present study was
to characterize the neural networks implicated in aversive
emotional processing measured by FMT, using Independent
Component Analysis. We hypothesized that ICs temporally
associated with fearful stimuli processing will correspond
to brain regions implicated in perception and regulation
of aversive emotion stimuli, as well as negative affectivity,
such as prefrontal, ventromedial, orbitofrontal, and anterior
temporal areas.

2. Materials and Methods

2.1. Participants. The sample was composed of ten healthy
adults (5 males, 5 females) with a mean age of 25 ± 5.29 years
and a mean of 15.5 ± 2.32 years of education (see Table S1
of the Supplementary Material for more details about sample
selection available online at http://dx.doi.org/10.1155/2016/
2816567). All subjects signed an informed consent; they

did not receive economical compensation for their partic-
ipation; the project was approved by the ethics committee
of the Centro Nacional de Investigación en Imagenologı́a
e Instrumentación Médica of the Universidad Autónoma
Metropolitana.

2.2. fMRI Paradigm. An adaptation of Face Matching Task
(FMT) [2, 13] was developed; in this perceptual task subjects
saw a trio of faces and they have to select one of the two
faces (top) that was identical to the face in the bottom of
the screen, so it was an implicit emotional task in which the
subject made a judgment about the identity of the stimulus.
Trials were presented in an event-related design. A total
of 48 emotional faces (24 neutral, 24 fear) derived from
a set of affective emotional faces were presented [31]. In
addition, 24 sensory-motor control stimuli, in which the
emotional faceswere replaced by scenes of interiors of houses,
were presented in an interleaved manner with emotional
faces. Each trial was presented sequentially in a pseudoran-
dom order during 2000ms with an interstimulus interval
of 2100ms. In summary, the fMRI paradigm consisted of
three conditions: aversive affect processing (fear), neutral
affective processing (neutral), and sensory-motor control
(control) (Figure 1). The experimental paradigm was pre-
sented by E-Prime 2.0 software (Psychology Software Tools,
Pittsburg, PA, USA); stimuli were projected in a BOLD-
screen (Cambridge Research Systems); reaction times (RT)
were recorded using a two-button response pad (Current
Designs).
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2.3. Image Acquisition. Structural and functional magnetic
resonance images were acquired in a Philips 3T Achieva
scanner (PhilipsMedical Systems) using an 8-channel SENSE
Head coil. Functional imageswere acquired using aGradient-
Echo Planar Imaging (EPI) sequence with the following
parameters: TR = 2000ms; TE = 28ms; acquisition matrix =
80 × 80; voxel size = 1.87mm × 1.87mm × 5mm; slice
thickness = 4mm; gap = 1mm; flip angle = 90∘; FOV = 128 ×
128mm; 24 axial slices, order of acquisition = interleaved. A
3D T1-weighted structural image was acquired for coregistra-
tion with the following parameters: TR = 7.5ms; TE = 3.7ms;
acquisition matrix = 240 × 240; voxel size = 1mm × 1mm ×
1mm; slice thickness = 2mm; no gap; flip angle = 8∘; FOV =
256 × 256mm.

2.4. Image Preprocessing. Images were preprocessed using
Statistical Parametric Mapping software (SPM12, http://www
.fil.ion.ucl.ac.uk/spm/) implemented in Matlab 2014b (Math
Works, Natick, MA, USA). Functional images were realigned
to first volume, slice-timing-corrected, coregistered to struc-
tural image, normalized to MNI space with a voxel size of
2 × 2 × 2mm3, and then smoothed with a Gaussian FWHM
kernel of 8mm.

2.5. GLM Analysis. First level analysis for each subject was
carried out using SPM12; the three experimental conditions
were included as regressors, applying the canonic hemody-
namic response functionwithout derivatives.The sixmotion-
correction parameters of each subject were also included in
themodel. A high-pass filterwith a cutoff point of 128 seconds
was applied to time series. Statistical images of the following
contrasts were obtained with 𝑃 < 0.005 (uncorrected),
𝑘 = 10: face processing activation (neutral + fear > control);
fear activation (fear > neutral); fear activation controlled by
sensory-motor activity (fear > neutral + control).

The second level whole-brain analysis was carried out
through a one-sample 𝑡-test using the contrast images
obtained in first level analysis, with 𝑃 < 0.005 (uncorrected),
𝑘 = 10. The labeling of coordinates was done according
to the stereotactic atlas of Talairach and Tournoux [32], as
implemented in Talairach Client tool [33, 34]. These results
are presented in Table S2 and Figures S1, S2, and S3 of the
Supplementary Material.

2.6. Independent Component Analysis (ICA). ICAwas carried
out using the GIFT software (http://icatb.sourceforge.net/).
The procedure to estimate independent components (ICs)
consists of several steps: first, the optimal number of ICs is
estimated following the minimum description length criteria
(MDL) [35]. Then a two-step data reduction through prin-
cipal component analysis is made [36]. ICs are then decom-
posed to obtain the final number of components previously
estimated through MDL; in the present study this step was
carried out using the Infomax algorithm [37]. An optional
step is to test the stability of the estimated ICs via ICASSO
[38]. Then spatial maps of ICs and the associated time
courses are calculated using a back-reconstruction approach,
considering the results from ICA and data reduction steps
[39]. ICs are normalized to 𝑧-scores.

GIFT determines the brain structures associated with
each time course using a random factor analysis (one-sample
𝑡-test) as implemented in SPM8 with a threshold of 𝑃 <
1 × 10

−12 FDR-corrected; 𝑘 = 30. This procedure allows
obtaining spatial maps of the functionally connected brain
structures in each IC.

In the present study 29 ICs were estimated via MDL; the
Infomax algorithm was used and 20 iterations were carried
out using ICASSOmethod.The number associated with each
IC (IC1, IC2, . . . , IC29) is arbitrary and corresponds to the
output of the GIFT platform.

The ICs of interest are usually selected as follows [40–42]:

(1) ICs with a stability index <0.9 in ICASSO must be
removed; in the present study none of the estimated
ICs were eliminated using this criterion.

(2) ICs are spatially sorted according to the templates
of gray matter (GM), white matter (WM), and cere-
brospinal fluid (CSF) included in SPM8; those ICs
whose values of𝑅2 > 0.02 forWM,𝑅2 > 0.05 for CSF,
and those whose value of𝑅2 for GM is lesser than that
obtained for WM and/or CSF are also discarded. In
this study, after performing this step 6 ICs with values
of 𝑅2 > 0.02 for WM were discarded; no ICs with
𝑅
2

> 0.05 for CSFwere found; and 8 ICswith𝑅2 value
for GM less than that obtained for the other tissues
were discarded.

(3) The remaining 15 ICs were temporally sorted (mul-
tiple regression method) using the model estimation
of the first level analysis, to obtain the beta values
associated with the experimental conditions (control,
neutral, and fear). The beta values represent the
modulation of activity of the ICs temporally associ-
ated with the onset of the event convolved with the
hemodynamic response. The modulation could be
positive or negative, which corresponds, respectively,
to activation or deactivation patterns during the
stimulus processing.

2.7. Statistical Analysis. Reaction times and number of cor-
rect responses were analyzed using SPSS 20 software (SPSS,
Chicago, IL). The number of correct responses was not
normally distributed (𝑃s < 0.05, Shapiro-Wilk) and therefore
it was analyzed using a Friedman test for related samples.
The pairwise comparisons were analyzed using theWilcoxon
signed-rank test for related samples, and a level of 𝑃 <
0.05 was adopted. Reaction times were normally distributed
(𝑃s > 0.05, Shapiro-Wilk) and were analyzed using a
repeated measures ANOVA; “condition” was included as
within-subjects factor with three levels (control, neutral, and
fear); a level of 𝑃 < 0.05 was adopted.

The statistical analysis of ICs was carried out as follows:
because the remaining 15 ICs were normally distributed
(𝑃s > 0.05, Shapiro-Wilk), a repeated-measures ANOVA
for each IC was carried out, to detect those ICs that were
differentially implicated in each condition, as within-subject
factor “condition” was included with three levels (control,
neutral, and fear). Afterwards another repeated-measures
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Table 1: Functionally connected brain regions with a strong negative modulation within IC2 in fear condition.

IC Area BA Volume (cc)
left/right

Random effects: max 𝑡
value (𝑥, 𝑦, 𝑧), left

Random effects: max 𝑡
value (𝑥, 𝑦, 𝑧), right

IC2
parahippocampal-
prefrontal

Parahippocampal gyrus 35, 36 0.1/0.1 6.3 (−36, −32, −20) 3.6 (24, −22, −22)
Inferior frontal gyrus 9 0.2/0.0 5.5 (−48, 5, 29)

Fusiform gyrus 37 0.1/0.1 4.7 (−46, −55, −17) 3.8 (55, −49, −18)
Anterior cingulate 0.0/0.1 4.6 (10, 17, 25)

Subgyral 6 0.1/0.2 4.0 (−10, −44, 11) 4.5 (24, −7, 56)
Middle temporal gyrus 21 0.1/0.1 4.3 (−40, −63, 27) 3.9 (51, −43, −13)

Thalamus 0.0/0.1 4.1 (10, −11, 15)
Uncus 34 0.1/0.0 3.9 (−14, −7, −22)

Extranuclear 0.1/0.0 3.9 (−4, −15, 14)
Inferior parietal lobule 0.0/0.1 3.7 (36, −24, 27)

Precentral gyrus 0.1/0.0 3.6 (−53, 4, 35)
Declive 0.1/0.0 3.6 (−50, −57, −19)

Notes: IC = independent component; BA = Brodmann area.

ANOVA for each IC was carried out, to detect the differences
in the modulation between neutral and fear faces, as within-
subjects factor “condition” was included with two levels.
These analyses were carried out using SPSS 20; a level of
significance of 𝑃 ≤ 0.05 was adopted.

3. Results and Discussion

3.1. Behavioral Performance. The number of correct respons-
es (CR) between conditions was statistically different (𝑃 =
0.001, Friedman) in all cases. In the control condition,
subjects were more accurate (CR = 23.8 ± 0.42), followed by
the fear condition (CR = 22.8 ± 0.63) and finally the neutral
condition (CR = 21.5 ± 1.17). Pairwise comparisons indicated
that all conditions were different (control versus neutral 𝑃 =
0.005; control versus fear 𝑃 = 0.020; neutral versus fear
𝑃 = 0.023, all Wilcoxon).

A principal effect of “condition” on reaction time was
found (𝐹

2,18
= 20,399, 𝑃 < 0.000). The subjects responded

faster in the control condition (reaction time = 967.4 ±
201.35ms), followed by the fear condition (reaction time =
1057.2 ± 215.25ms) and finally the neutral condition (reaction
time = 1207.69 ± 297.92ms). According to the results of
pairwise comparisons, all conditionswere different from each
other.

Increases in accuracy and decreases in reaction times
associated with fearful faces processing concur with previ-
ous reports indicating that the shift of attentional focus is
manipulated during emotional processing in tasks similar to
FMT [43]. The speed to process aversive emotional stimuli
(fear) has been interpreted as a cognitive-affective bias to
categorize fearful stimuli, even in healthy populations. It
has been suggested that this bias is related to personality
traits such as harming avoidance, which has been associated
with no clinical traits of anxiety [1]. In the present study
one of the inclusion criteria was to have normal levels of
anxiety according to the Beck Anxiety Inventory; therefore,
this speed in the categorization of fearful stimuli may be
associated with a more cautious personality of our subjects,

which does not imply a risk factor for the development of
mood disorders [44].

3.2. ICA Results. The comparison of the ICs in the 3 condi-
tions (control, neutral, and fear) allowed detecting that mod-
ulation of IC2 was different between conditions (main effect
of condition: 𝐹

2,18
= 4.5, 𝑃 = 0.025). Pairwise comparisons

indicated that the difference was between control and fear
conditions (𝑃 = 0.003); this component showed a negative
modulation during the fear condition. The “Write Talairach
Table” function implemented in GIFT with the default
options was used to detect regions with a strong negative
modulation within IC2. Due to the functionally connected
brain regions, the IC2 was named as “parahippocampal-
prefrontal” (Table 1, Figures 2 and 3).

This analysis, in which the sensory-motor control con-
dition was included, allowed observing that the negative
modulation of IC2 “parahippocampal-prefrontal” included
structures involved in emotional face processing. It should be
noted that in pairwise comparisons the fear condition was
different from the control condition; however, the neutral
condition also had a negative modulation, without being
different from the other two conditions, suggesting that this
negative modulation could be associated with the processing
of emotional facial stimuli. It is worth noting that it has
been reported that neutral faces processing shares the neural
substrate of nonneutral emotional conditions, with the only
difference thatwhat defines the neuronal differential response
in these brain structures is the sensitivity, depending on the
emotional conditions [3, 4, 45]. It has also been reported
by whole-brain analysis that neutral conditions are not
different from those of fear [46], suggesting that neutral faces
processing involves some emotional contribution.

Since our aim was to characterize functionally connected
brain networks during aversive processing and given that
the only difference between the neutral and fear condition
was the expressed emotion, the neutral condition repre-
sents a more subtle control condition for fear processing;
therefore beta values were obtained by multiple regression
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Figure 2: Spatial activation map and time course of IC2 “parahip-
pocampal-prefrontal,” color bar represents 𝑡 values.
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Figure 3: Modulation of IC2 in the three conditions of Face
Matching Task. ∗𝑃 < 0.05.

of both conditions. The repeated-measures ANOVA showed
a significant component related to the aversive emotional
processing (IC4) (main effect of condition: 𝐹

1,9
= 5.99,

𝑃 = 0.037). This component presented a pattern of posi-
tive modulation during aversive emotional processing; the
corresponding network included frontal, limbic, occipital,
temporal, and cerebellar regions, so it was named “cerebellar-
medial-frontal” (Table 2, Figures 4 and 5).

86 84 82 80 78 76 74 72 70 68

66 64 62 60 58 56 54 52 50 48

46 44 42 40 38 36 34 32 30 28

26 24 22 20 18 16 14 12 10 8

−2 −4 −6 −8 −10 −12

−14 −16 −18 −20 −22 −24 −26 −28 −30 −32

−34 −36 −38 −40 −42 −44 −46 −48 −50 −52

−54 −56 −58 −60 −62 −64 −66 −68 −70

RL

Scans
20 40 60 80 100 120 140

Si
gn

al
 u

ni
ts

0

1

−1

0

7.7

IC4

6 4 2 0

Figure 4: Spatial activationmap and time course of IC4 “cerebellar-
medial-frontal,” color bar represents 𝑡 values.
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Figure 5: Modulation of IC4 in the neutral and fear condition of
Face Matching Task. ∗𝑃 < 0.05.

Results obtained from comparing neutral and fear con-
ditions showed a positive modulation in a network pre-
dominantly cerebellar-medial-frontal, which also included
activations in temporal regions. Activations in regions such as
parahippocampal, frontal, and fusiform gyrus are according
to the findings reported in paradigms of face emotional
processing and recognition in passive view [10], shifting of
the attentional focus [11], and implicit emotional tasks [12].
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Table 2: Functionally connected brain regions with a strong positive modulation within IC4 in fear condition.

IC Area BA Volume (cc)
left/right

Random effects: max 𝑡
value (𝑥, 𝑦, 𝑧), left

Random effects: max 𝑡
value (𝑥, 𝑦, 𝑧), right

IC4 cerebellar-medial-frontal

Declive 3.3/2.0 9.7 (−26, −67, −22) 7.0 (30, −61, −17)
Extranuclear 0.1/0.1 4.4 (−2, −23, 9) 6.7 (2, −23, 9)
Culmen 0.4/0.3 6.4 (−26, −53, −19) 6.0 (8, −68, −8)
Cuneus 17 0.2/0.3 5.8 (−24, −85, 12) 4.8 (16, −91, 3)
Uvula 0.2/0.0 5.6 (−26, −79, −23)

Inferior occipital gyrus 18 0.3/0.0 5.5 (−18, −90, −9)
Lingual gyrus 17, 18 0.5/0.8 4.6 (−8, −86, −14) 5.4 (30, −70, −7)
Fusiform gyrus 19, 37 0.5/0.3 4.8 (−36, −80, −14) 5.2 (26, −68, −7)

Tuber 0.2/0.0 5.1 (−46, −61, −24)
Middle occipital gyrus 0.3/0.6 5.0 (−26, −89, 10) 5.0 (24, −91, 5)
Superior frontal gyrus 6 0.0/0.1 4.8 (6, 19, 60)

Precentral gyrus 4 0.2/0.0 4.2 (−36, −19, 56)
Subgyral 0.0/0.1 4.2 (44, −63, −7)

Culmen of vermis 0.1/0.0 4.0 (−2, −66, −7)
Medial frontal gyrus 6 0.0/0.1 3.9 (2, 47, 42)
Declive of vermis 0.1/0.1 3.7 (−2, −72, −10) 3.7 (4, −69, −12)

Thalamus 0.0/0.1 3.7 (4, −19, 8)
Pyramis 0.1/0.0 3.7 (−4, −75, −23)

Parahippocampal gyrus 0.1/0.0 3.6 (−16, −31, −5)
Superior temporal gyrus 0.0/0.1 3.6 (44, 20, −18)

Notes: IC = independent component; BA = Brodmann area.

Specifically, our results are consistent with those reported
using FMT in aversive emotional conditions (faces of fear
and anger) against a motor control task (geometrical shapes)
[2, 16].

It is noteworthy that studies which have used the FMT
have methodological differences in the contrasts between
conditions. Traditionally, reported results are based on acti-
vations to aversive emotions (fear + anger) compared with
control tasks that involve the pairing of geometric shapes.
One of the advantages of using the FMT is its potential
value as a biomarker of disorders and behavioral traits
associated with negative affectivity [14, 17, 18, 20–22]. It has
been suggested that the processing of faces of fear plays an
important role in social interaction, as it allows modulating
the behavioral response by observing the emotional state of
the other [3]. In this sense the negative affect is more related
to fear: fear stimuli cause states of distress and this is per-
ceived by the observer, facilitating socioemotional adaptive
responses [47]. Therefore, we believe that adapting the FMT
to a condition of fear and making a direct comparison with
the neutral condition allowed us to detect the neural network
that may be more associated with negative affectivity.

On the other hand, previous studies of FMT have
focused on the amygdala activation, using ROIs and SVC
analysis, reaching very consistent results regarding the role
of the amygdala in the aversive emotional processing [14,
17–19]. In this sense, our results were not according to
the differential activation of the amygdala between neu-
tral and fear conditions; this may be due to differences

in the analysis used in previous studies and the present
study.

Seed studies based on ICA and FMT have yielded inter-
esting results. Seed analysis is based on the extraction of
the time course of a ROI, which is associated with the pre-
sentation of a stimulus; correlation maps are then obtained
between the time courses of the remaining voxels and the
time course of the ROI [30]. By using seed analysis amygdala
activation in aversive emotion conditions has been reported;
this activation modulated the functional connectivity in
brain structures, included in the medial-frontal-occipital IC4
reported in this study [26, 30]. Therefore it is probable that
the analysis used in the present study is sensitive enough to
detect the modulation of other regions outside the amygdala
that are involved in the aversive emotional processing. Other
studies of ICA and FMT have focused on the modulation of
resting state such as the DMN and frontocingulate network,
concluding that the modulation reported in these networks
can be a good indicator of emotional reactivity and internal
emotional monitoring [28, 29]. It is interesting that the
stimuli used by Cisler et al. [28] are fearful faces and that
the activity of frontocingulate network has been associated
with the interoceptive sensory integration, suggesting that the
increase in activity in conditions of fear is associated with the
development of adaptive responses.

One of the structures that showed a temporally coherent
modulation during the fear condition within the IC4 was
the superior temporal gyrus. This region in its anterior
portions is anatomically connected with the orbitofrontal
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cortex and the amygdala [5, 48], and it has been reported
that alterations in structural connectivity between these
regions may predispose to behaviors related to alterations
in emotional processing, such as violence [49]. The superior
temporal gyrus, in animal and human models, has been
implicated in socioemotional processing [5, 50] indicating
that the anatomical and functional integrity of this structure
is essential for social interaction, since it allows modulating
acceptable social responses.

In fMRI studies about the processing of abstract concepts
that define social behaviors, activations have been reported
in anterior regions of the right superior temporal gyrus
in healthy subjects [51]; this is relevant as it has been
proposed that the knowledge of these social actions, together
with the emotional recognition and expression, is critical to
establishing and maintaining relationships [51, 52].

Other structures within the IC4, whose modulation in
the fear condition was of interest, were those belonging
to the cerebellum. Through ICA it was possible to detect
that these regions are functionally connected with other
corticosubcortical regions involved in emotional processing.
The regulatory role of the cerebellum in the higher functions
such as emotional processing has been previously described;
in fact it has been described that cerebellar lesions produce
significant clinical alterations in emotional processing and
social skills [53–55]. In a recent study of functional connec-
tivity in resting state, it was suggested that violent behavior,
characterized by abnormalities in emotional processing, is
related to dysfunction in a cerebellum-prefrontal cortex
neural network, which was differentially connected between
control and violent groups [56]. This evidence in resting
state, together with the results of positive modulation and
cerebellar functional connectivity within IC4 of the present
study, suggests that the cerebellum is involved in emotional
processing.

Another interesting finding was the negative modulation
of IC2 which, as mentioned previously, includes regions
involved in emotional processing.

ICA allows decomposing the observed BOLD signal into
independent components; however, a limitation of this tech-
nique is the accuracy to detect which state of the cognitive
process or which feature of the stimulus is associated with
each time course [24]. In order to understand the type of
modulation of the ICs of interest (i.e., IC4 had a positive
modulation in the fear condition while IC2 presented a nega-
tive modulation to facial stimuli), the coefficients of temporal
correlation between the onsets of fear and the time courses of
these two components were reviewed. We observed that the
correlation of the positively modulated IC4 was higher than
the correlation of the negatively modulated IC2 (𝑟IC4 = 0.1;
𝑟IC2 = 0.07), which may indicate that the activity observed in
these components may be associated with different aspects of
the emotional processing. That is, positively modulated IC4
could be associated with the perception and integration of
emotional stimulus, while negativelymodulated IC2, that was
less temporally correlated with the onset of fear stimulus and
included structures associated with emotional processing,
may be associated with regulatory processes of emotion. In
this sense it has been reported that the training of reappraisal

skills decreases the response to stimuli that provoke emo-
tional reactivity in brain regions involved in facial emotional
processing [57]. In behavioral studies it has been suggested
that reappraisal of emotional stimuli is present even in an
implicit way; that is, a high level of emotional awareness is
not necessary to reduce emotional reactivity [58]. It is likely
that the sample of the present study, that was composed of
healthy subjects, has an implicit mechanism of reappraisal
of emotional stimuli that could be expressed as a negative
modulation in active regions during processing of emotional
stimuli.

As a limitation of the present study we refer to the
phenomenon of reappraisal of emotional stimuli as a possible
mechanism that may be related to the negative modulation
of IC2. In future studies it would be interesting to make an
experimental design to evaluate this phenomenon directly.
One of the strengths was the modification of FMT including
fearful stimuli, which are more directly associated with
negative affectivity. As previously mentioned, the FMT has
been considered a good biological marker of this personality
trait.

4. Conclusions

In summary, the results of the present study allowed us to
observe that there are temporally coherent neural networks
whosemodulation, positive or negative, contributes to a com-
plex phenomenon such as emotional processing. Through
different statistical strategies we were able to disentangle
some aspects of the emotional processing and also to detect
differential modulation within brain structures implicated in
both facial and emotional processing.

ICA has advantages in the decomposition of the observed
BOLD signal and has an important clinical value to detect
functionally connected neural networks during cognitive
processing. We believe that, from the perspective of brain
function, ICA captures many of the theoretical principles
about biological plausibility, resulting in more efficient mod-
eling of the neural dynamics.
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The present paper provides insight into an emerging research discipline called Psychoinformatics. In the context of Psychoinfor-
matics, we emphasize the cooperation between the disciplines of psychology and computer science in handling large data sets
derived from heavily used devices, such as smartphones or online social network sites, in order to shed light on a large number
of psychological traits, including personality and mood. New challenges await psychologists in light of the resulting “Big Data”
sets, because classic psychological methods will only in part be able to analyze this data derived from ubiquitous mobile devices, as
well as other everyday technologies. As a consequence, psychologists must enrich their scientific methods through the inclusion of
methods from informatics. The paper provides a brief review of one area of this research field, dealing mainly with social networks
and smartphones. Moreover, we highlight how data derived from Psychoinformatics can be combined in a meaningful way with
data from human neuroscience. We close the paper with some observations of areas for future research and problems that require
consideration within this new discipline.

1. Introduction

(1) Current Research Methods in Psychology. Computer sci-
ence is poised to have a tremendous impact on psychology.
Besides experiments and questionnaires, it establishes a third
fundamental research technique: the observation of human-
device interaction on a very large scale. It allows psychologists
to analyze variables such as personality traits (e.g., extraver-
sion versus introversion), aptitudes (e.g., political), and cog-
nitive functions (e.g., cognitive aging process), as well as
behavior (e.g., hazardous driving behavior or active life style).
Tracking hundreds of thousands of users, the resulting Big
Data requires substantialmodeling and cleaning.However, its
sheer size in combination with machine learning techniques
leverages statistical power (we refer to problems with false
positives later on). Most importantly, it avoids most sources
of bias, because the behavior of interest is directly recorded.
Many biases are inherent to standard psychologicalmeasures,
for example, the tendency to answer self-report measures in

a socially desirable manner (e.g., [1]) or genuine cognitive
problems in answering certain questions such as “Howmany
hours do you typically spend on your smartphone?”, an
assessment which is strongly undermined by time distortions
[2]. Yet, the approach pioneered by Psychoinformatics also
poses significant challenges to the two sciences involved.
Most importantly, the two must learn to cooperate and ulti-
mately shape an entirely new discipline: Psychoinformatics
[3]. Yarkoni [4] describes Psychoinformatics as “. . . an emerg-
ing discipline that uses tools and techniques from the computer
and information sciences to improve the acquisition, organiza-
tion, and synthesis of psychological data.” (p. 391).

Traditionally, the psychological sciences rely on two
fundamental methods of data collection: experiments and
interviews or questionnaires [5]. The former investigate one
very particular aspect in a small and entirely controlled
setting. The latter assess the broader behavior of a person by
means of self-report questionnaire or (potentially structured)
interviews [6]. These methods suffer inherent shortcomings.
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Experiments are usually limited to a single data point (i.e., one
experiment) considering a small number of users (who must
typically be incentivized to participate). Clearly longitudinal
experiments also exist, though these are conducted less
frequently due to the high cost and effort involved. Self-report
questionnaires and interviews also encounter problems, since
humans find it hard to reliably recollect past events, and they
are additionally subject to various sources of bias (e.g., the
aforementioned tendencies toward social desirability; social
desirability refers to the human bias toward presenting one-
self in a manner deemed “appropriate” given certain requests
or societal norms). In contrast, modern computer science
introduces entirely new methods of assessing participants’
behavior longitudinally, on large scale, and in comparison
to self-reports, in a rather objective manner. Computer
science as a discipline is largely concernedwith implementing
algorithms using computers (or similar devices). For the
purpose of this paper, we refer to how algorithms can be
used onmobile devices to analyze “Big Data.”Thus, the main
aim of the present work on Psychoinformatics is to highlight
potential avenues of exploitation of data derived from digital
technologies.

(2) Developments in the Computer Industry Giving Way to
Psychoinformatics. Over the past twenty years, the computer
industry has produced a large range of powerful technologies,
which have become ubiquitous in everyday life. Smartphones
and other mobile devices provide constant connectivity and
in doing so have changed our daily lives [7–9]. Together
with online platforms such as Facebook, they have become
a central venue to communicate, shop, play, or study. As a
consequence, digital technologies are pervasive in everyday
life and data from such devices could be recorded on a
large scale. Finally, cheap hardware allows us to store and
analyze large amounts of data at little cost. These new tech-
nical innovations provide support for classic psychological
methods, such as experiments and questionnaires [10]. First,
they enable psychological experiments to be implemented
through mobile phones [11]. In the latter study by Dufau et
al., the researchers demonstrated the feasibility of conducting
experiments on smartphones by implementing a lexical
decision task on these devices. As discussed below, this new
way of conducting experiments and gathering data needs to
be comparedwith data acquired through classic experimental
setups to ensure that data of equal quality can be achieved
through Psychoinformatic methods. Is it feasible that neu-
ropsychological tests and other classic test batteries may be
implemented on smartphones and be studied not only in
patients but also in the broad population? Psychoinformatic
experiments can be conducted several times per day over an
extended period of time, thus generating a larger number of
data points per user. Second, they allow for questionnaires
to be administered over mobile phones, potentially asking
the participant to contribute data on a daily level, again
collecting more data points per user [12]. Here, an interesting
variable could be the assessment of mood or the inclusion of
experience sampling to assess flow activities in everyday life
(the flow concept is explained a bit later in the paper; [13]).
The basic shortcomings of bothmethodologies will, however,

remain. Only a limited number of users can be incentivized to
regularly conduct an experiment, and questionnaires remain
a source of bias (though, of course, self-report inventories will
always be of importance in psychology, e.g., to highlight dis-
crepancies between actual recorded behavior and self-view).
However, data collection has already benefited from these
technologies, for example, easier data processing enabled
by the switch from paper-pencil questionnaires to ques-
tionnaires administered online, which eliminate errors in
recording participants’ responses [14]. However, as Psychoin-
formatics mainly considers variables derived from human-
machine interaction on an operation system level (in contrast
to filling in “simple” online questionnaires), the data requires
significant preparation and preprocessing by skilled com-
puter scientists before they are available for classic inferential
statistical analyses. This point is discussed in more detail in
the section on data cleaning.

Electric sensors have improved significantly and pose
another powerful technology for assessing the condition and
behavior of humans. They can measure physical movement
(via accelerometers) [15], galvanic skin response [16], or
heart-rate (variability) [17, 18]. Over the past ten years, they
have become very cost-effective and they require little main-
tenance by the participant. First, sensors can send their data
automatically to a server via a smartphone. Second, efficient
processors and powerful batteries have dramatically reduced
the need to charge sensors [19]; current fitness trackers, for
example, run an entire week on a single charge. The rapid
development of technologies gives way to the Internet of
Things (IoT), where everyday things such as coffee machines
or the fridge are connected to the Internet (see also below)
and can serve as data sources.

(3) The Internet of Things and Psychoinformatics. As outlined
above, the main methodological advantage Psychoinformat-
ics offers over classic psychological techniques is the ability to
track human-machine interaction directly on the device. For
example, one can track the interaction between a user and
their smartphone [20] or (smart) car [21]. This approach can
also be extended to online platforms, such as social networks
[22] or shopping sites [23]. Data is captured and transferred
to a central server for further analysis, without requiring any
interaction from the user. Such tracking outperforms tradi-
tional methods in terms of both the scale and quality of the
data collected. First, it allows researchers to track a very large
number of participants, up to hundreds of thousands. Second,
it collects numerous data points per day, without demanding
anything from the participant. As people increasingly move
their lives online, potential data sources become ever richer,
ultimately providing more data points per day. Simultane-
ously, such data sources become ever more plentiful, as our
environments become increasingly digital. Soon, we will be
able to track interaction with smart cars [24] and coffee
machines [25].

This vision of a world, where every device has computa-
tional powers and online connectivity, is commonly referred
to as “ubiquitous computing.” The term dates back to Mark
Weiser’s work at Xerox PARC in the 1990s [26]. Meanwhile,
it has become mainstream and denotes the corresponding
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research area in computer science [27]. In an even broader
vision, the Internet of Things (IoT) or the Internet of Every-
thing refers to a world, where every item is represented and
every process is conducted digitally or at least documented
digitally. Necessitating a globally agreed upon set of stan-
dards, the IoT thus forms something of a semantic infrastruc-
ture. Every device in this world produces data, documenting
its actions. The storage and analysis of this data is commonly
referred to as Big Data. In this vision, there is no causal
relationship between data collection and its analysis; that is,
data is commonly analyzed to answer questions that were
only vaguely known, if at all, at the time of data collection.
Of course, this approach yields the danger of false positive
results, particularly in light of the many variables of interest
to be gathered via recording of human-machine interaction,
resulting in endless opportunities to search for significant
correlations. Therefore, independent replication of results
observed from Psychoinformatics data sets and carefully
designed follow-up experiments (laboratory-based) will be
necessary. There are numerous visions of how digitalization
may shape our world. As an initial point for further reading,
we refer readers to the seminal works by Rifkin [27, 28] and
Brynjolfsson and McAfee [29].

(4) The “Noise” in Big Data. Admittedly, the “Big Data”
collected via Psychoinformatics methods contains a great
amount of noise. However, as the methodology generates so
much data on so many users, the signal should separate from
noise more clearly than ever. For example, take a researcher
interested in the investigation of cognitive functions, who
wishes to assess cognitive function by studying the changing
size of the word pool of a person’s language. If the researcher
only considersword use across one day, the data set is unlikely
to be very representative. Perhaps on this day, the participant
only used WhatsApp with his/her child, writing in simple
(childish) words. However, by analyzing this person’s word
use over a longer time window, the standard error of the
measure decreases, because digital interactions with a larger
number of people can be included in the analysis.

Finally, ubiquitous tracking avoids most sources of
bias inherent to questionnaires. Tracking user interaction
directly—for example, on a smartphone—remains subject to
certain forms of bias (the feeling of being monitored might
change the behavior of a person). Yet, these aremuch less than
that present in experiments or questionnaires. Moreover,
after a short while, participants should no longer think about
the fact that they are being tracked. This clearly needs to be
tested empirically, but we can think about this using a high-
way analogy. If a person moves into an apartment on a noisy
street, he/she will clearly be annoyed by the noise for the first
few days. After a while, however, the noise is filtered out by
the human brain and some peoplewill no longer be aware of it
[30, 31]. Of course, there is a big difference between awareness
of traffic noise compared with being tracked by another per-
son. Nevertheless, the success story of online social networks
such as Facebook demonstrates that a large number of people
are not overly concerned about their digital privacy (at least
after a while); otherwise, they would reconsider their open
profiles, and so forth.

Tracking behavior on the smartphone is likely to lend
the greatest insight into human behavior. It captures various
aspects of life via a wide range of methods (movement pat-
terns via GPS and textmining to infermood, communication
patterns, and size of the social network) [32, 33]. It is loaded
with sensors. It can communicate its data autonomously to a
remote server. It serves as the central device to access the web,
shop online, communicatewith friends, and play games. And,
importantly for research budgets, most people already own
such a device. According to statista.com [34], in 2016, more
than two billion humans will use a smartphone. With this
enormous distribution of smartphones worldwide, they are
predestined to turn into the most prominent data source for
scientists [35].

(5) The Complexity of Data Cleaning Steps. The inher-
ently different data characteristics derived from the human-
machine interaction require an entirely different mentality
from researchers. Big Data, such as that generated by means
of ubiquitous tracking, is commonly characterized by the
three Vs: velocity, variety, and volume [36]. Data arrives at a
very high rate, in various formats and qualities, necessitating
substantial means of storage. This data is inherently flawed
and dirty. Yet, as indicated above, signal should separate from
noise clearly (due to the massive amount of data points col-
lected). While researchers of course need to check up on the
collected data (see data cleaning a bit further down below),
they must also sacrifice the kind of control they traditionally
have in a strict experimental setup. Instead, they need to rely
on the statistical power of a large number of measurements.

Frequently, this form of research will rely on data that has
been collected for entirely different purposes. For example,
a researcher might analyze the logs of a social network. Or
they might utilize the billing information of a telecommu-
nication provider. Any such approach, common to Big Data
applications, shifts research to post hoc analysis.The scientific
question at hand has no influence on the data collection. As a
matter of fact, the question might not have arisen at the time
the data was collected. This raw data, obtained via diverse
applications, requires extensive processing. Initially, it is often
cryptic and eludes analysis. It thus necessitates significant
modeling before it can be analyzed.Thus, there may be many
more processing steps, including various forms of data clean-
ing. Building models for data analysis will in effect replace
a priori experimental design as the “intellectual” challenge
in psychological research. This data cleaning processes will
largely depend on the unique research question under inves-
tigation.

Consider a study on productivity issues in digital work
environments. One could hypothesize that because more
interruptions are observed, less productivity should be
observable, owing to disturbance of the aforementioned
experience of flow in one’s work. Flow represents a state of
high (productive) concentration, in which a person’s skill
is matched with the difficulty of a task. Smartphones can
distract us to a point where reaching a state of flow becomes
impossible. The study would thus focus on interruptions due
to smartphones in everyday life. Therefore, the computer
scientist might model how often a smartphone is flicked on
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and shut down. This modeling process must thus take many
things into consideration. Is it more interesting to assess the
length between phone sessions? Or should we calculate the
general time spent on a smartphone each day? Should we
count time, when the phone is used to listen tomusic, but not
interactively? How should ultrashort smartphone sessions be
handled, for example, where the phone’s screen is flicked
on, but the phone is not unlocked, and there is no further
haptic interaction?The precise research question at hand will
determine data cleaning andmodeling. And any solution will
require close interdisciplinary collaboration.

(6) What Is the Research Agenda of Psychoinformatics? Natu-
rally, there have been previous collaborative efforts between
the areas of psychology and computer science. In particular,
Human-Computer Interfaces (HCI) denote the area of com-
puter science concerned with the interaction between users
and electronic systems, for example, by means of graphic
interfaces or acoustic signals. This research direction thus
comprises usability engineering, e-learning, interaction, and
information design, among others. Immediately addressing
the user, it touchesmany areas commonly studied by psychol-
ogists. In particular, the discipline of affective computing rec-
ognizes, reacts to, or mimics human affect [37]. Notably, the
HUMAINE project investigated emotion-oriented systems
[38]. For an introduction, see http://emotion-research.net/.
More narrowly focused, Human-Robot Interaction focuses
on the interface between users and (humanoid) robots,
thus also touching on aspects of psychology. Both areas are
well established within computer science, as documented
by the IEEE Transactions on Affective Computing and
the ACM/IEEE International Conference on Human-Robot
Interaction. Yet, originating in HCI, these areas of research
commonly focus on individual users and, up to now, have
rarely utilized Big Data technologies. They, too, can thus
benefit from the development of Psychoinformatics.

The collaboration between computer science and psy-
chology will finally allow the latter to more practically
apply many of their scientific results. Up to now, much
quantitative research in psychology could admittedly have
enjoyed more practical impact. By this we mean that
important research in psychology is conducted in carefully
designed laboratory experiments or questionnaire studies,
where it is unclear if results can be generalized to real
life. Now, however, results from psychology can be vali-
dated in everyday life and integrated into the logic of IT
systems. Cars will recognize when drivers are sleepy or
agitated. Learning software will realize when a student’s
attention is slipping. Such “affective computing” will be an
integral part of most of the devices that surround us [37].
These applications will provide immediate practical value,
not only to novel findings but also to many psychological
results from previous decades. Of course, this also raises
the question of whether Psychoinformatics will create its
own unique research agenda. From the literature reviewed
in this paper, it becomes clear that Psychoinformatics allows
for many psychological research questions to be revisited
and tested outside of strict laboratory settings, in everyday
life. As mentioned, many important psychological insights

have been derived in laboratory settings and therefore
testing such results on a wider scale in diverse settings
will pose a great challenge. In addition, as with every new
interdisciplinary research endeavor, we are convinced that
new questions will also arise, extending beyond traditional
research questions in both fields. On this point, we present
an example from our own work on the Menthal app (see
detailed description in the Appendix). When we launched
the Menthal project, we aimed to answer the rather simple
but important question of how the smartphone dominates
our lives. Our custom-made application tracked thousands
of smartphones, recording how long participants used their
phones each day and which applications are most used
(and most distract us from important tasks). Some initial
results arising from this project are presented in more detail
below. When we analyzed the data set, we became aware of
the enormous potential offered by these data; beyond the
initial research question, we could indirectly study the sleep
behavior of thousands of participants (a previous study from
our lab shows that about 36–40% of smartphone users use
their smartphone in the last five minutes before going to
sleep and in the first five minutes after waking, [39]) or
investigate interruptions in everyday life and, therefore, also
loss of productivity, even for large populations. Moreover, by
considering the GPS signal, it would be possible to combine
information from a person’s location and smartphone activity
with sociodemographic information on the region a person
stays in. It is also possible to investigate how the behavior
of a person is influenced by the weather at a given moment.
In principle, the smartphone data, including its time and
location point, could be linked to many external variables.
In short, the enormous volume of data from large samples
allows the possibility of answering many research questions,
which were previously unconsidered. Clearly, this also poses
fundamental challenges for ethics committees in determining
what can and cannot be studied after the data has been
collected. While smartphones and social networks may be
an important source for understanding individual’s psycho-
logical processes, we must also be mindful that these devices
are designed for social interaction. Thus, the question arises,
to what extent individual processes determined from smart-
phones truly represent an individual’s internal processes or
whether this information is influenced by their interactions
with others through the smartphone.

(7) A Short Review of the First Studies in Psychoinformatics.
Currently, the work that falls within the domain of Psychoin-
formatics is quite scattered. First, it is published in two rather
separate scientific communities (psychology and computer
science). Second, these are further fragmented in various sub-
communities (and different journals), which are not neces-
sarily aware of one another’s findings. In general, researchers
employ a range of techniques on a variety of data sets, using
orthogonal methodologies and pursuing a broad set of
research goals.

In recent years, a growing number of studies have been
conducted, which broadly fit in the category of Psychoin-
formatics. The term itself has been independently coined by
several workgroups [3, 4].These studiesmainly deal with data
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sources close to theWorldWideWeb, such as social networks.
We provide a brief review of studies predicting psychological
variables from online social networks, such as Facebook, or
communication channels, such as Twitter.

In their seminal study, Kosinski et al. [22] investigated
over 58,000 Facebook users and demonstrated that it is
possible to predict sexuality, ethnicity, or political attitudes
from Facebook “Likes” in more than 80% of the cases. This
study was also able to predict personality from the Facebook
“Likes” (although this was less successful at making predic-
tions on individual level).The prediction accuracy for the Big
Five of Personality was between .29 and .43 in this study. Indi-
vidual differences in personality were assessed with the Inter-
national Personality Item Pool. A correlation of 𝑟 = .40 sug-
gests that 16% (i.e., 𝑟 = .402) of the variance in Facebook Likes
and the personality test overlap. Of interest, correlations of
a similar magnitude between smartphone call variables and
personality have also been reported [20]. Recently, Kosinski
et al. [22] mentioned that this kind of data analysis may
be helpful for personalizing web content and online com-
mercials. By studying the communication platform Twitter,
Querica et al. [40] observed that influential and popular Twit-
ter users are extraverted and emotionally stable. Extraverted
humans can be described as socially outgoing and reward
sensitive, optimistic, and sometimes impulsive [41–43]. Qiu
et al. [44] reported that personality traits such as neuroticism
and agreeableness could also be predicted from tweets.
Agreeable humans are likeable people and easily adjust to oth-
ers [45]. Bai et al. [46] also successfully predicted personality
from microblogs (in this case, the Chinese platform Sina). In
this study, variables such as number of friends or followers
on the microblog were correlated with personality. In sum,
a growing number of studies present empirical evidence
that data from human-machine-interaction (e.g., Facebook,
Twitter, and Sina) can be investigated to successfully predict
psychological variables.

Aside from exploiting data from these prominent social
media networks, new studies also consider smartphones.
In line with the aforementioned studies on Facebook and
Twitter, Montag et al. [20] investigated call and SMS variables
from smartphones to predict personality traits of smart-
phone users. While it may appear trivial that extraverts
were associated with a range of call variables on the smart-
phone (as extraverts are socially outgoing, one would expect
extraverts to use their phone more), it is noteworthy that
Psychoinformatics helps researchers understand which of
the large number of call variables on a smartphone is most
strongly linked to extraversion. Considering variables such
as duration of calls, number of outgoing calls, number of
incoming calls, and distinct users called, it becomes clear that
this question is not as easy to answer as it initially appears.
In the study by Montag et al. [20], the number of outgoing
calls was the best predictor for extraversion. An earlier study
by Chittaranjan et al. [47] not only linked personality to
smartphone variables but also provided a machine learning
tool to predict personality from the smartphone variables.
Going beyond personality and classic smartphone usage,
another recent study provides some initial insights into the
relationship between WhatsApp behavior and personality

[48]. Again, extraverts reached more out to their social
networks (in terms of longer WhatsApp usage). In addition,
low conscientious persons stayed longer on WhatsApp [48].
Low conscientious people could be characterized as being
less diligent and often not on time. Instead of following their
everyday routines, they procrastinate over work tasks and
spend too much time on their smartphones. A key advantage
of using Psychoinformatics methods to investigate smart-
phone addiction is highlighted by recent work demonstrating
significant time distortion associated with smartphone use,
suggesting that smartphone usersmay be unable to accurately
assess the duration of time they spend using their device
[2, 49].

Dufau et al. [11] suggest that smartphones can also be used
to investigate cognitive variables. Here, it may be possible
to observe fluctuations in cognitive functions via the smart-
phone, which lends itself to the study of cognitive decline in
aging societies such asGermany.The study byDufau et al. [11]
is also of relevance from another perspective. In psychology,
the terms validity and reliability are central concepts to the
quality and generalizability of findings from psychological
studies. Before we can consider results from Psychoinformat-
ics alongside evidence collected from classic psychological
approaches, whether data gathered from questionnaires via
smartphones or similar channels yield the same psychometric
properties as data obtained via paper-pencil questionnaires
must be systematically tested. Although this is likely (as
research has shown that paper-pencil and online question-
naires are comparable with respect to psychometric proper-
ties, e.g., [50]), data collected from experiments conducted on
smartphones need to be compared with carefully conducted
laboratory experiments.

Studies investigating human-machine interaction beyond
smartphones or online social networks are rather scarce.
Interesting first examples show that the extraction of data
from onboard diagnostics (OBD) of cars will be able to iden-
tify reckless driving behavior [51, 52] and connecting your
fridge to the Internet may help you to follow a healthier diet
plan [53].

2. Toward Psycho(neuro)informatics

2.1. Combining Neuroscientific Data with Data from Psychoin-
formatics. We have thus far argued for the enhancement
of “traditional” psychological data collection by introducing
methods from Psychoinformatics.This perspective must also
be extended to neuroscience, due to the increasing number of
psychologists, who alsowork in the field of neuroscience [54–
56]. Such researchers aim to understand the links between
cognition, motivation, and emotion with brain structure and
function (and its underlying biochemistry). In recent years,
much research has sought to establish links between person-
ality and human brain structure, albeit with heterogenous
outcomes [57, 58]. This is also true for molecular genetics
[59]. In both fields, problems in replicating results can be
linked to differences in preprocessing of imaging data (e.g.,
MRI), ethnic differences of the participants (both), varying
sample sizes, and of course different self-report inventories
used to assess individual differences in certain personality
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traits or related phenotypes (both). Clearly, a central chal-
lenge lies in achieving a sufficient sample size (e.g., [60]).

To elucidate these problems, let us consider a number of
examples: Trying to understand how individual differences in
trait anxiety arise from the human brain, researchers need to
choose from the correct neuroscientific tools, as well as from
an arsenal of self-report inventories. Unfortunately, many of
these self-report measures are only modestly correlated and
so the outcome of the research will be highly dependent
on the chosen measure of anxiety [61]. Instead of relying
exclusively on self-report data, it will bemore valid to observe
anxiety from human-machine interaction (see below for an
example) and link this “real” recorded behaviorwith variables
from neuroscience. The problems of self-report invento-
ries could be significantly reduced by combining observed
behavior from Psychoinformatics with neuroscientific data.
By applying these methods, real behavior in one study can
be made comparable with real behavior in another study.
This could lead to better replication of results, as the same
dependent variables are investigated. For example, the study
by Kern et al. [62] reported that people with high scores
on measures of neuroticism tend to use words such as “sick
of,” “depression,” “alone,” or “lonely” more frequently on
social networks. Thus, quantifying the use of such words in
different communications channels by means of text mining
would produce an interesting variable to be combined with
neuroscientific data. Moreover, personality traits should be
reasonably stable across all kinds of different behaviors and
diverse situations in everyday life (please see information
on the personality paradox by Mischel and Shoda [63]; they
describe how stability of personality must be established
across different contexts, e.g., a boy behaves in a stable way,
shy when being around girls but not shy when he is with
a male peer-group), so anxiety may also be reflected in the
way we drive cars or our communication patterns via e-mail.
Clearly, tracking and use of this data (even for scientific pur-
poses) poses great ethical challenges, which we discuss in the
following.

Another example for the importance of the inclusion
of real life behavior in neuroscientific research endeavors
bases on findings from the study by Bickart et al. [64]. They
observed that the size of the amygdala is positively correlated
with the size of participants’ social network. In this study,
the size of the social network was assessed by a self-report
questionnaire called Social Network Index (SNI) [64]. In
times, where humans carry smartphones with them on a 24/7
basis, not only the sheer number of contacts saved in their
smartphone but also the activity of their social network in
terms of incoming/outgoing calls will provide a more precise
picture of their social network size and activities.

Aside from this research on personality and social net-
works, a large number of research topics such as mood or
wellbeing can also benefit from the inclusion of Psychoinfor-
matics methods. The methodology thus continues the tradi-
tion of the experience sampling method (ESM), which has
been used in psychology for many years. In such paradigms,
participants wear a tracker in everyday life and are asked at
random intervals what they are doing and feeling over the
course of the day. The ultimate aim of Psychoinformatics,

however, is that participants will no longer be asked directly,
as these questions can be answered by the data from human-
machine interaction.This would be least invasive for the par-
ticipant. Of course, much neuroscientific research will always
depend on strictly controlled experimental conditions. This
is particularly true for imaging studies, such as those using
MRI. On the other hand, mobile EEG systems are already
in existence and have been used to record brain activity
in environments such as zero-gravity [65] and other more
natural settings [66]. In addition, biological variables such as
cortisol measures or genetic samples can be collected in the
fieldwith relative ease and can be combinedwith data derived
from Psychoinformatics (e.g., [67]). In short, neuroscientific
techniques differ strongly in their applicability to be included
in the field outside the laboratory.

Psychologists may also be wary of sacrificing their long
established methods to rapidly evolving technologies. We
argue that this will not be the case. Again, self-report,
classic lab-based experiments or interviews will not be
eliminated but rather compared and enhanced with what can
be objectively observed. In particular, biases in one’s own
perception and actual recorded behavior will make it possible
to add a new layer to both research and counseling. In this
context, we strongly believe that Psycho(neuro)informatics
will also have an impact on behavioral neuroscience. Figure 1
illustrates this relationship in more detail. This figure shows
that genes and the environment interact and shape hormone
and neurotransmitter levels [68, 69]. In the future, more and
more studies will also investigate how the environment can
influencemethylation patterns andmake genetic information
available. Again, the measure of environmental variables can
be enhanced by incorporating real recorded behavior from
everyday life. Following from this, we are of the opinion
that the growing field of epigenetics can also profit from the
inclusion of methods from Psychoinformatics [70]. All in all,
molecular genetics, epigenetics, hormones, neurotransmitter
systems, neurons, and so forth represent the biochemical
foundations of brain structure and function. Individual
differences in the structure and function of the human
brain might then be able to explain individual differences in
personality traits and other related psychological variables.
Finally, we include a dashed line in the figure. This line refers
to the possibility of applying machine learning algorithms to
neuroscientific data. This is already common practice and so
we will not discuss the point further here but refer readers
to the work of Nouretdinov et al. [71] and Pereira et al. [72].
Thus, we argue that Psychoinformatics must be incorporated
into the assessment of human behavior, as such recorded
behavior may be more closely linked to our biology than self-
report assessments. Future research can establish whether
this assumption is correct.

2.2. Challenges. The core challenge for Psycho(neuro)infor-
matics lies in its interdisciplinarity. Neither psychology nor
computer science can achieve this level of progress indepen-
dently. Psychologists lack the ability to construct large-scale
tracking systems and to manage the resulting data. Thus,
they stand to benefit from methods of data modeling and
mining. Computer scientists, on the other hand, lack the
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Figure 1: The inclusion of tools from Psychoinformatics will add a new interesting layer to neuroscientific psychological work (the depicted
brain has been taken from https://pixabay.com/; Public Domain).

domain expertise, as well as the long tradition of (ethically
sound) research on human subjects. Both sciences have
yet to establish common ground, a canonical approach,
terminology, and methodology.

Accordingly, both sciences need to cultivate a common
research culture. Currently, results in computer science
are largely published at large conferences; journal articles
frequently only extend previous conference publications.
Psychology on the other hand publishes predominantly in
(equally peer-reviewed) journals. Hence, both sciences have
a different speed of publication. Similarly, universities must
adapt to interdisciplinary research undertakings. They need
to support careers that are not particularly advanced inside
computer science but conduct groundbreaking research in
collaboration with psychologists. Or they need to establish
corresponding degree programs and departments. Equally,
funding agencies need to be open to interdisciplinary appli-
cations.

Aswith any technological paradigm shift, there are ethical
challenges to be addressed. Naturally, data privacy is a major
concern. However, psychological research has dealt with
private and intimate data since its inception and has an estab-
lished code of conduct for handling data, which can be readily
adapted to include digital data.More problematic issues arise,
when psychological findings are put to practice in Big Data
applications. One might deduce personality features of a
user from his online behavior and hence have the potential to
deny him/her a particular job. Or one might be able to assess
the emotions of an online shopper and “bait” the individual
accordingly. While these questions must be addressed, they

will become part of a wider discussion regarding the use
of Big Data technologies. Additionally, further ethical issues
must be expected to arise over the coming years. In particular,
different political systemsmight handle data protection issues
in a different way.

Finally, the scientific community has to address data
access as a new factor influencing the work of researchers.
Today, many publications require scientists to disclose indus-
try funding. After all, such a relationship may result in a
conflict of interests and, in the worst case, could influence
research or results. Given the novel methodologies, access to
proprietary data is an equally important factor of large cor-
porations to hand out “favors”: For example, given access to
a large social network, a scientist may be able to discover and
publish an entire range of findings, but this may be impeded
if the company deems these findings controversial. It must,
therefore, become mandatory for scientists to disclose pro-
prietary access to data from any external source that might
trigger a conflict of interests.

While Psychoinformatics is still in its infancy and may
not even be recognized as such, the path ahead is clearly laid
out. Over the next decade, we will see numerous and massive
research undertakings between psychology and computer
science. The sooner the research community realizes that
these efforts are not singular events but part of a paradigm
shift, the sooner the two sciences can establish common
ground, canonical methodologies, and taxonomies, as well
as common ethical standards. And, eventually, this novel
research direction will establish a field of its own.
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Figure 2: Screenshots of our application “Menthal.”

2.3. Conclusions. The next decade will see an increasing
number of research undertakings, residing squarely between
computer science and psychology. Most might not be coined
as Psychoinformatics. Many might not involve traditionally
trained computer scientists or psychologists. Somemight not
even be aware that they are pursuing a psychological ques-
tion. Yet, intentional or not, computer science will, to some
degree, change the basic methodologies in psychology.

Appendix

Menthal as an Example for a Large-Scale
Project in Psychoinformatics

In the following, we would like to give insights into our own
“Menthal” project (Mental Health Diagnostics, https://
menthal.org/). This project illustrates how a study in Psy-
choinformatics develops and can be conducted.

Menthal assesses smartphone usage on a very large scale.
In less than ten years, smartphones have dramatically altered
how we communicate, navigate, date, play, and travel. The
resulting changes in our society are evident, yet they have
not been scientifically studied. We wanted to log how people
actually spend their time on the phone. This behavior was to
be assessed directly via the phone, objectively, without relying
on self-reports. The question remained: how to incentivize
large numbers of users to provide insight into their phone
behavior.

To attract users, we developed an app that tracks users’
smartphone usage (see Figure 2). It informs users how long
they use their phone, how often they flick on their phones,
andwhich apps aremost prominent in one’s own user history,
and so forth. Smartphone users can then decide if their
phone behavior is questionably high and track progress on
reducing it. On a technical level, the app sends raw data (e.g.,
“phone unlocked” and “app started”) to our server.The latter
computes the corresponding aggregate functions (e.g., how
long and how often) and returns this information back to
the users’ phones in a visual manner. This data also remains

on our servers for scientific analysis. In essence, we thus
copy the business model of Google: we provide a free and
useful service; in return, the users contribute their data. We
communicate the approach openly via an informed consent
form completed by the participant during app installation.

This application also offers participants the option of
contributing additional information on their personality or
dailymood. By providing us with this information, they again
receive feedback on their personality scores or see how their
mood changes over time (mood diary) to incentivize partici-
pation.

Competing Interests

The authors declare that there are no competing interests
regarding the publication of this paper.

Acknowledgments

Christian Montag is funded by a Heisenberg Grant (MO
2363/3-1) awarded to him by the German Research Founda-
tion (DFG).

References

[1] A. J. Nederhof, “Methods of coping with social desirability bias:
a review,” European Journal of Social Psychology, vol. 15, no. 3,
pp. 263–280, 1985.

[2] Y.-H. Lin, Y.-C. Lin, Y.-H. Lee et al., “Time distortion associated
with smartphone addiction: identifying smartphone addiction
via a mobile application (App),” Journal of Psychiatric Research,
vol. 65, pp. 139–145, 2015.

[3] A.Markowetz, K. Błaszkiewicz, C.Montag, C. Switala, and T. E.
Schlaepfer, “Psycho-informatics: big data shaping modern psy-
chometrics,” Medical Hypotheses, vol. 82, no. 4, pp. 405–411,
2014.

[4] T. Yarkoni, “Psychoinformatics: new horizons at the interface of
the psychological and computing sciences,” Current Directions
in Psychological Science, vol. 21, no. 6, pp. 391–397, 2012.

[5] H. Coolican, Research Methods and Statistics in Psychology,
Hodder & Stoughton Educational, London, UK, 1990.

[6] M. A.McDaniel, D. L.Whetzel, F. L. Schmidt, and S. D. Maurer,
“The validity of employment interviews: a comprehensive
review andmeta-analysis,” Journal of Applied Psychology, vol. 79,
no. 4, pp. 599–616, 1994.

[7] E. Harmon and M. Mazmanian, “Stories of the smartphone in
everyday discourse: conflict, tension & instability,” in Proceed-
ings of the SIGCHI Conference on Human Factors in Computing
Systems (CHI ’13), pp. 1051–1060, ACM, Paris, France, May 2013.

[8] G. Merchant, “Mobile practices in everyday life: popular digital
technologies and schooling revisited,” British Journal of Educa-
tional Technology, vol. 43, no. 5, pp. 770–782, 2012.

[9] D. Wang, Z. Xiang, and D. R. Fesenmaier, “Smartphone use in
everyday life and travel,” Journal of Travel Research, vol. 55, no.
1, pp. 52–63, 2016.

[10] M. H. Birnbaum, “Human research and data collection via the
internet,” Annual Review of Psychology, vol. 55, pp. 803–832,
2004.
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[65] S. Schneider, V. Brümmer, H. Carnahan, A. Dubrowski, C.
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