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Abstract

Background: This paper presents the design, development and first evaluation of an algorithm, named Intelligent
Therapy Assistant (ITA), which automatically selects, configures and schedules rehabilitation tasks for patients with
cognitive impairments after an episode of Acquired Brain Injury. The ITA is integrated in “Guttmann, Neuro Personal
Trainer” (GNPT), a cognitive tele-rehabilitation platform that provides neuropsychological services.

Methods: The ITA selects those tasks that are more suitable for the specific needs of each patient, considering
previous experiences, and improving the personalization of the treatment. The system applies data mining
techniques to cluster the patients according their cognitive impairment profile. Then, the algorithm rates every
rehabilitation task, based on its cognitive structure and the clinical impact of executions done by similar patients.
Finally, it configures the most suitable degree of difficulty, depending on the impairment of the patient and his/her
evolution during the treatment.

Results: The ITA has been evaluated during 18 months by 582 patients. In order to evaluate the effectiveness of
the ITA, a comparison between the traditional manual planning procedure and the one presented in this paper has
been done, taking into account: a) the selected tasks assigned to rehabilitation sessions; b) the difficulty level
configured for the sessions; c) and the improvement of their cognitive capacities after completing treatment.

Conclusions: The obtained results reveal that the rehabilitation treatment proposed by the ITA is as effective as the
one performed manually by therapists, arising as a new powerful support tool for therapists. The obtained results
make us conclude that the proposal done by the ITA is very close to the one done by therapists, so it is suitable for
real treatments.
Background
Acquired Brain Injury (ABI) is defined as brain damage
that suddenly and unexpectedly appears in people's life,
being the main cause of disability in developed countries
[1]. The World Health Organization (WHO) [2] predicts
that by the year 2020 Traumatic Brain Injury (TBI) and
stroke, the two main causes of ABI, will be within the
top five etiologies considering not only the economic
cost, but also costs related to Disability-Adjusted Life
Year (DALY), that can be thought of as the number of
years of normal life lost by the disability.
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Globally, cerebrovascular disease is the second leading
cause of death and the eighth cause of severe disability
in the elderly. The WHO estimated that in 2005, stroke
accounted for 5.7 million deaths worldwide, and was the
predominant cause of disability, afflicting 30.7 million
people. Statistical data shows that after a stroke, one
third of patients die during the first month, and 40% of
people who recover from the acute phase exhibit a high
degree of impairment that decreases their independence
and quality of life. Only one third of patients recovers
their basic functions and can resume a normal life [3].
The incidence of TBI over industrialized countries is

in a range of 200 to 300 per 100,000 habitants, with an
average age between 16 to 35 and mostly male [4].
Consequences of an ABI vary between cases and can

cause motor, cognitive and behavioral deficits to the pa-
tient, disrupting their daily life activities at personal,
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social and professional levels. The most important cog-
nitive deficits after suffering an ABI are those related to
attention, decrease of memory and learning capacity,
worsening of scheduling and solving problems capacity,
reduction of abstract thinking, communication prob-
lems, and also a lack of conscience of their own limita-
tions. These cognitive impairments hamper the path to
functional independence and a productive lifestyle for
the person with ABI [1].
New techniques of early intervention and the develop-

ment of intensive ABI care have noticeably improved the
survival rate. However, despite these advances, brain injur-
ies still have no surgical or pharmacological treatment to
re-establish lost functions [5]. In this context, cognitive re-
habilitation is defined as a process whereby people with
brain injury work together with health service professionals
and others to remedy or alleviate cognitive deficits arising
from a neurological insult [6]. The provision of cognitive
rehabilitation thus becomes an essential part of the services
to manage the complex disablement provoked by ABI,
allowing recovery of the altered functionalities and prevent-
ing the aging-related deterioration. This is achieved by tak-
ing advantage of the plastic nature of the nervous system
[7], optimizing its capability of functional reorganization
and stimulating the creation of new activation patterns.
Despite the existence of empiric knowledge about the

benefits of neuropsychological rehabilitation [8], extend-
ing it to most potential users becomes difficult due to
important limitations. First, the traditional on-site inter-
vention model requires a neuropsychologist supervising
the procedure, to administer exercises and cues, based
on patient performance. The cost of this process limits
the intensity and length of the treatments, compromising
sustainability, accessibility and scalability. Besides, the pa-
tient is forced to move to the clinical center, making the
duration of the treatment conditional to the patient's avail-
ability. Finally, in the neuropsychological rehabilitation field
there is an absence of clinical practice guidelines to allow a
rational extension of these services. Nevertheless, there is
sufficient information to support evidence-based protocols
and implement empirically-supported treatments for cogni-
tive disability [9].
Neuropsychological rehabilitation and cognitive stimula-

tion aim to minimize or compensate those cognitive defi-
cits for patients who suffer ABI. Traditionally, treatments
consist of exercises with different basis (e.g. cards, puzzles,
blocks, images or objects), which are specifically selected
from detected deficits after a previous neuropsychological
assessment. The use of Information and Communication
Technologies (ICTs) to develop tele-rehabilitation and
tele-assistance systems allows improving the quality and
access to clinical services, helping to break geographical
barriers. The main objective of tele-assistance is centered
on the patient, facilitating communication at different
clinical levels. Moreover, one of the main advantages of
using ICTs is the possibility to extend the therapeutic
processes beyond the hospital (e.g. patient's home). Finally,
a reduction of unnecessary costs and a better costs/benefits
ratio are achieved, making possible a more efficient use of
the available resources [10-12].
“Guttmann, Neuro Personal Trainer®” (GNPT) [13] is a

cognitive tele-rehabilitation platform aiming to provide
neuropsychological services by optimizing dedicated time
with an asynchronous model, increasing personalization
and intensity of treatments. The rehabilitation process is
also extended beyond clinical centers, breaking geograph-
ical barriers. Besides, it automatically monitors treatments
based on established therapeutic criteria, reporting real
time results and offering the most suitable therapeutic
options, based on the patient's characteristics and evo-
lution. Finally, it allows knowledge extraction for the
establishment of clinical practice.
The aim of this work is to design, develop and evalu-

ate an automatic therapy planning functionality, called
Intelligent Therapy Assistant (ITA), to help therapists
to configure the patients’ treatments in the GNPT platform.
In this first study, we have focused on the evaluation of
the technical viability and the efficiency of the ITA, trying
to demonstrate if the clinical outcomes remain, at least, as
good as when using the traditional manual planning in
GNPT. Besides, a higher variety in the selection of the re-
habilitation tasks is expected, what helps to increase the
adherence of the treatment. Decision support systems in
medicine have been widely used for the last decades [14],
like for example in diabetes care [15], in the prevention of
cardiovascular disease [16] or, in general, to improve the
quality of medical care [17]. However, there is no evidence
in the scientific literature on such systems applied to cog-
nitive rehabilitation processes, neither any algorithm to
automatically plan rehabilitation sessions to patients based
on the information stored in databases. The decision sup-
port system presented in this paper classifies and selects
the most suitable tasks for each patient, configuring the
optimal input parameters to adjust the difficulty level to
each patient's specific needs. Data mining techniques are
used to classify similar patients, extracting knowledge
from the stored results in the system's database.

Cognitive rehabilitation using GNPT
Rehabilitation process
Figure 1 shows the rehabilitation process followed in
Institut Guttmann hospital for the cognitive rehabilita-
tion using GNPT.
The process starts by assigning a patient to a therapist

responsible for the treatment. Then, the therapist has
to perform the initial neuropsychological assessment, con-
sisting of a set of validated tests used to evaluate cognitive
functions (attention, memory or executive functions). The



Figure 1 Rehabilitation process followed using GNPT. Diagram illustrating the rehabilitation process followed at the Institut Guttmann using
Neuro Personal Trainer.
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results of these tests are stored in the system as the PRE
neuropsychological assessment (prior to the treatment),
and provide the therapists with information to support
their treatment decision. The normalization process and
the assignment to a cognitive profile are described in
section Clustering of ABI patients.
Usually, treatments consist of 2 or 3 sessions per week,

with a total of 60 sessions that last one hour each. The
therapist defines these rehabilitation sessions by assigning
a set of computerized tasks to a certain day, configuring
the input parameters of each task in order to personalize
treatments. Once a rehabilitation session is defined, the
patient executes the assigned tasks, sending the results
back to the server, so therapists can asynchronously see
the performance. These results help therapists to select
the difficulty level for the next sessions, adjusting treat-
ment to patient evolution.
The system defines three different ranges of performance

according to each task’s execution score:

� Therapeutic range, when the score is between 65%
and 85% of correct answers. The patient executes
the task with an appropriate difficulty configuration
in order to get the best treatment effectiveness.

� Infra-therapeutic, when the score is below 65%. The
difficulty level of the task is too high for the patient's
capacity and could also lead to frustration.

� Supra-therapeutic, when the score is above 85%. The
difficulty level is too low for the patient's capacity
and the neurological activation is not being high
enough. Could also lead to boredom.

These ranges are used by the system to improve the
effectiveness of the rehabilitation, by automatically re-
launching a task when the score of the patient on that
task is out of the therapeutic range, re-adjusting the dif-
ficulty level. The objective is to have the patient most of
the time executing tasks in therapeutic range, trying to
avoid the too easy (supra) or too difficult (infra) ranges
during the treatment.
After a patient completes the treatment, the therapist

performs the final neuropsychological assessment (POST),
which is compared to the PRE one. An improvement of
the patient’s cognitive capacities is considered when he or
she improves, at least, one of the three main cognitive
capacities, and does not get worse in any of the others.

Cognitive neuro-rehabilitation platform: “Guttmann,
Neuro Personal Trainer®”
The “Guttmann, Neuro Personal Trainer®” (GNPT) is a
tele-rehabilitation platform developed by a multidiscip-
linary research team leaded by the Neuropsychosocial
rehabilitation area and the research office from the Institut
Guttmann, together with the Biomedical Engineering
and Telemedicine Centre of the Universidad Politécnica
de Madrid. The platform constitutes the second gener-
ation of the PREVIRNEC tele-rehabilitation platform [18],
which started providing cognitive rehabilitation services
in 2008.
GNPT incorporates multiple technological solutions,

from telemedicine services to artificial intelligence applied
to knowledge extraction (data mining, collaborative
environments, and real-time system adaptation for every
single patient). The system is conceived as a tool to en-
hance cognitive rehabilitation, strengthening the rela-
tionship between neuropsychologists and patients, and
offering treatment personalization, results monitoring,
and computerized rehabilitation tasks performance.
This neuro-rehabilitation platform consists of two main

different components: on one hand, a web application for
therapies management (see Figure 2), where the therapists
configure and schedule rehabilitation sessions that consist
of a set of computerized tasks; and on the other hand, the
client application that patients use to execute the sched-
uled computerized tasks and send the results to the server.
The ITA algorithm has been developed as an innovative
functionality for GNPT, helping therapists on their treat-
ment selection and configuration in order to schedule a
personalized therapy to each patient.

Rehabilitation tasks
The rehabilitation content used in GNPT consists of a
set of computerized tasks [19], grouped in categories
(like ABI), which covers different cognitive functions and
subfunctions, as shown in Table 1. Therefore, every task
has been specifically designed by neuropsychologists to



Figure 2 Main menu of the user interface for therapists, with all the functionalities implemented. The figure shows an example of the
user interface that the therapists see when accessing the system for managing treatments. Each hexagon gives access to a main functionality, like
the reports module, or the communication one.
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address a cognitive subfunction, in order to obtain a
better personalization of the treatment according to the
patient's specific needs. In total, GNPT has 95 tasks
designed for ABI.
Additionally, neuropsychologists have defined a set of

input parameters for every task (e.g. number of images,
presentation speed, or latency time), allowing to configure
different difficulty levels. Therefore, the treatments can be
adjusted to the patient’s specific needs. Besides, they have
also defined how the execution result is calculated, based
on several performance parameters (e.g. correct and wrong
answers, omissions, execution time, etc.) depending on
each task. Thus, when a patient performs a task, a score
between 0 and 100 is always calculated and assigned to
that execution.
Examples of two computerized neuro-rehabilitation tasks

for ABI patients are shown in Figure 3.
Table 1 Cognitive functions and subfunctions
classification for ABI category

Cognitive function Subfunction

Attention

Sustained

Selective

Divided

Memory

Visual

Verbal

Working

Executive functions

Scheduling

Inhibition

Flexibility

Sequencing

Categorization
In order to help the reader to understand how the ITA
algorithm works, the Bingo task is going to be used as
an example through the paper. In this task the patient is
required to click on the numbers appearing on the screen
(see example on the right of Figure 3) and it belongs to the
cognitive subfunction “sustained attention”. It has three in-
put parameters, with the following values:

� Dimension of the matrix: “4 × 4”, “5 × 5” or “6 × 6”,
representing the number of rows and columns of
the bingo card.

� Presentation time: 4, 3.5, 3, 2.5 or 2, meaning the
seconds that each number remains on the screen.

� Level: “ordered” or “in disorder”, related to how
numbers are spread along the bingo card.

The results defined for this task are the number of cor-
rect, incorrect and omitted answers. Thus, the execution
score is calculated as the correct answers divided by the
total answers, including the numbers omitted.
Figure 4 shows the interface used by therapists to manu-

ally adjust the values of the different input parameters.

Methods
Clustering of ABI patients
GNPT implements a data analysis module able to filter,
analyze and extract knowledge from the information stored
in the database, in order to aid neuropsychologists in
decision-making processes. The use of data mining
techniques to predict the outcomes of cognitive re-
habilitation in patients with ABI [20] has been revealed
as a powerful tool for obtaining new knowledge to
evaluate and improve the effectiveness of the cognitive
rehabilitation process. Applying data mining techniques



Figure 3 Neuro-rehabilitation tasks examples. The figure shows two examples of rehabilitation tasks used in GNPT, for treating working
memory (left), and sustained attention (right).
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to group patients allows us to determine the most suitable
therapies for each case, depending on the results and evo-
lution of other similar patients in previous treatments.
In particular, a clustering algorithm has been used to

group patients with similar characteristics in order to
compare treatments and the evolution of similar pa-
tients [21]. The data mining and clustering algorithm
has been programmed using the Weka tool (University of
Waikato, New Zealand), by implementing the Expectation
Maximization (EM) clustering technique. This probabilistic
clustering technique is based on a statistical model called
Mixture that provides the probability for each patient to
belong to a certain cluster.
The clustering module assigns a patient to a cluster,

depending on his or her cognitive profile. This profile is
calculated using the PRE neuropsychological assessment
of the cognitive functions, after a normalization process
that takes into account the patient's age and study level.
Each test’s item has been semantically translated onto the
International Classification of Functioning, Disability and
Health of the WHO [22], as a common taxonomy to de-
scribe patient’s cognitive and functional impairment. As a
result, the process rates the 11 defined cognitive subfunc-
tions between 0 (normality) and 4 (very severe impairment)
for each patient, resulting on a cognitive profile. The
process flow is shown in Figure 5.
Figure 4 Input parameters configuration. Example of interface used to
configure the difficulty level when scheduling rehabilitation tasks.
Every time a new patient starts treatment using GNPT
the clusters are calculated, considering all the informa-
tion of patients who have already followed a therapy. So,
this approach tries to use all the available knowledge in
the system related to the PRE tests and the previous
therapies and results.
In the end, this clustering process allows the system

to group patients with similar characteristics, in order
to automatically determine which rehabilitation tasks
work better for each cognitive profile, taking into ac-
count all previous results and improvements done by
similar patients in the past. Moreover, this knowledge
can be used to learn about the neuro-rehabilitation
processes and to improve the designed tasks, modify-
ing the ones that appear not to be appropriate for certain
kind of patients.

Intelligent Therapy Assistant (ITA)
The Intelligent Therapy Assistant (ITA) algorithm automat-
ically schedules rehabilitation sessions to patients, consider-
ing the assigned cognitive profile to determine which tasks
are more suitable for their specific needs. The execution re-
sults from previous rehabilitation sessions processed by the
ITA help the therapist to efficiently personalize treatments
according to the patient's characteristics. Naturally, the
suggestions provided by the ITA can always be modified
configuring the input parameters of a task, used by therapists to



Figure 5 Clustering process diagram. Diagram illustrating the different phases of the process followed by the system to assign a patient to a
certain cluster, depending on the patient’s neuropsychological assessment and the normalization process that takes into account both the age
and study level.
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by therapists according to their own clinical criterion
and experience.
In order to determine the suitability grade for each of the

95 different tasks defined in the system for ABI, the ITA
rates every task based on the following scoring criteria:

� usage score (U), considering the number of times
that the task has been used in other treatments.

� improvement score (I), considering the results
obtained by similar patients who executed the task.

� clinical score (IL&CC), as a combination of two
different criteria: the impairment level score (IL),
considering the patient's initial neuropsychological
exploration (PRE) results; and a clinical criterion
(CC), considering subjective neuropsychologists’
experience to determine how good a task is to
rehabilitate each cognitive function.

This scoring process is defined together with a set of
variables and coefficients, shown in the equation in Figure 6,
allowing the neuropsychologists to adjust the results calcu-
lated by the ITA in order to get more realistic configuration
results based on their own clinical experience.
Once the scoring process is finished, the system rates

all tasks according to their Global Suitability Score (GSS).
Then, the system splits these ordered tasks into Suitability
Quartiles, from most suitable (SQ1) to less suitable (SQ4).
Finally, the automatic therapy planning is done by selecting
Figure 6 ITA algorithm diagram. Diagram illustrating the different scorin
patient’s specific needs. Then, both the impairment level and the previous
tasks from the Suitability Quartiles, configuring the appro-
priate difficulty depending on the rehabilitation needs of
each patient.
Figure 6 summarizes the process of assigning the score to

every task, rating them into suitability quartiles, and how
the difficulty level is selected to personalize treatments.
A complete description of the algorithm and its scoring

criteria is described next.

Usage score (U)
This first criterion gives a score to the task considering
the number of executions done by patients with the same
cognitive profile. Thus, the used tasks are ordered and
divided into quartiles. The algorithm then assigns a
score to each task, giving a 4 to the tasks that belongs to
the most used quartile, and 1 to the less used quartile,
while a 0 is given to the not used tasks.
Consequently, those tasks that have been used more

times for similar patients, receive a higher score, re-
warding the previously scheduled tasks in GNPT by all
the therapists.

Improvement score (I)
This second rule rates tasks taking into account the
improvement of similar patients who executed the task
on the subfunction that particular task was designed for
(e.g. sustained attention for the task Bingo). Besides, this
rule also considers the improvements that similar patients
g criteria and phases used to determine the most suitable tasks to the
tasks results are used to configure the tasks’ difficulty level.



Table 2 Clinical Score example for the Bingo tasks and a
patient’s impairment level

Cognitive
function

Subfunction Patient’s
impairment
level (IL)

Clinical criteria
for bingo (CC)

Clinical
score

Attention

Sustained 3 4 12

Selective 2 2 4

Divided 3 1 3

Memory

Visual 2 0 0

Verbal 1 0 0

Working 3 0 0

Executive
functions

Scheduling 1 0 0

Inhibition 0 0 0

Flexibility 1 0 0

Sequencing 2 0 0

Categorization 0 0 0

Final clinical
score (IL&CC)

19
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who executed the task had on the other cognitive functions
apart of the one it was designed for (e.g. in the case of the
Bingo task, that would be memory and executive functions).
Additionally, thanks to the coefficients defined in the

algorithm, neuropsychologists can adjust this rating to
promote those tasks that help patients not only to im-
prove the subfunction they were defined for but also
the other cognitive functions.

Impairment level score (IL)
This score takes into account the patient's previous im-
pairment level (PRE) for every subfunction and function,
taking the normalized value of the neuropsychological
assessment (from 0 meaning normality to 4 meaning
very severe impairment).
The algorithm gives a higher score to those tasks de-

signed for the patient's most impaired functions. On
the other hand, if the scoring task is defined for a cognitive
function that has less affectation, it receives a lower score.
Using this rule the ITA tries to reward those tasks that

belong to the patient's more damaged cognitive functions,
because patients need to rehabilitate these impaired func-
tions more than the less impaired ones.

Clinical criteria score (CC)
This score determines, from 0 to 4, the suitability of
every task to each defined subfunction in ABI. This
fourth rule is based on the clinical experience of the
neuropsychologists of the Institut Guttmann, who have
determined how good is every neuro-rehabilitation
task defined in GNPT for the treatment of all the de-
fined 11 subfunctions.
Therefore, a task that has been classified for a certain

subfunction can also have a high score for the treatment
of other subfunctions, due to their suitability to re-
habilitate cognitive capacities in other subfunctions
and functions. For example, the Bingo task receives a 4
for sustained attention, 2 for selective attention and 1
for divided attention, while receiving a 0 for all the
remaining subfunctions.

Clinical score (IL&CC)
This score combines the two previous ones, since they are
the most subjective criteria of the algorithm. It also has a
coefficient that allows the algorithm to give more or less
importance to this combined rule compared to the usage
and improvement scores, which are more objective rules.
Table 2 shows an example of the clinical score for

the Bingo task, with a particular patient's impairment
level and the clinical criteria defined for that task. The
Clinical Score is calculated multiplying both subfunc-
tion values, obtaining the final score adding them up.
So, the Bingo task would receive 19 points according
this combined rule.
Global suitability score
Once we have all tasks rated according to the previous
three scores, we get the Global Suitability Score (GSS)
as a weighted sum of those values. As we can see, thanks to
the different coefficients (kx) the algorithm's punctuation
result can be adjusted to give more or less weight to each
of the defined criteria.

GSS ¼ U � kuð Þ þ I � kið Þ þ IL & CC � kcð Þ

Finally, the system splits all the tasks into suitability quar-
tiles (SQ1, SQ2, SQ3, and SQ4). Then the ITA is ready to
automatically create rehabilitation sessions, by randomly
assigning tasks from the different four suitability quartiles,
until the maximum duration of the session is reached
(by default, a rehabilitation session lasts one hour). To
do this, the following order is followed: 3 tasks from SQ1,
2 tasks from SQ2, 2 tasks from SQ3 and 1 task from SQ4,
and so sequentially. As a result, the algorithm is rewarding
tasks from SQ1, but without looking down on the rest of
tasks that belong to the other quartiles.

Difficulty quartiles
Due to the fact that every computerized task used in
GNPT has a set of input parameters to configure the
difficulty level, the system assigns a weight to each par-
ameter value, from 0 to n, where 0 means less diffi-
culty. So, each possible parameter values configuration
is classified into the Difficulty Quartiles (DQ). The goal
is to generate combinations of values to schedule ei-
ther easy or difficult tasks, adjusting the sessions to the
patient’s specific needs. The ITA determines which DQ
has to be selected when a task is assigned to a certain
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rehabilitation session, based on the patient's PRE im-
pairment level.
The ITA schedules sessions in blocks of ten, so for the

next ten sessions both the PRE neuropsychological assess-
ment and the results that the patient has already obtained
during the treatment are taken into account. This second
adjustment criterion parameter is based on the Mean
Execution Result for a certain Subfunction (MERS) of
the task, which calculates the average result of every
already executed task for each subfunction. Thus, the
ITA adjusts the difficulty level of the scheduled tasks
considering the evolution of the patient, as follows:

� If MERS is in infra therapeutic range (MERS < 65%)
the algorithm adds one to the PRE normalized value
for that subfunction, considering that the patient
needs easier tasks to rehabilitate that function.

� If MERS is in the therapeutic range
(65% < MERS < 85%) the ITA subtracts one to the
PRE value for that subfunction, considering that
the patient is positively evolving and so can do
more difficult tasks.

� If MERS is in the supra therapeutic range
(MERS > 85%) the ITA subtracts two to the PRE
value for that subfunction, considering that the
patient can do even more difficult tasks.

This modification considering the MERS comes after
an evaluation of the first ITA version, where these patient's
execution results were not taken into account. In that
previous version, the algorithm scheduled a complete
treatment set (normally 60 sessions) instead of blocks
of ten. Clinicians saw that the ITA's proposal did not
adjust to the patient's evolution during the treatment.
As a result, the previous ITA version scheduled tasks
at the end of the treatment with a difficulty level lower
than the suitable one, so the MERS modification was
introduced in the second version.

Evaluation
GNPT system is running at the Institut Guttmann
Hospital in clinical routine, so specific ethical approval
is not required to carry out this study. Nevertheless,
clinical data usage is aligned with the Declaration of
Helsinki, and every treated patient signs the informed
consent to participate in the program.
The aim of this evaluation is to evaluate the technical

viability and to measure the impact on the efficiency and
clinical outcome. So, to evaluate the ITA algorithm,
the present study compares the results of the historic
manual configuration of sessions performed by therapists
to the results once they had the ITA functionality available
in the GNPT platform. The ITA has been used for 18
months by 28 different therapists (12 therapists belonging
to the Institut Guttmann and 16 therapists from other
clinical centers). In total, 582 patients have received
treatment using the algorithm presented here, 126 using
the first version and 456 using the second one. This means
20,127 rehabilitation sessions automatically scheduled with
92,813 executed tasks. Considering manual planning
done by therapists, 1,210 patients have completed treatment,
with 44,989 rehabilitation sessions and a total of 286,870
executed tasks.
So, the assessment of the ITA algorithm is focused in the

following three outcome parameters:

Selected tasks for rehabilitation sessions
In order to compare which tasks are selected for re-
habilitation sessions, the number of times that each of
the 95 available ABI tasks has been selected has been
studied. This will let us know if there are significant
differences between the tasks manually selected by thera-
pists compared to those automatically selected by the ITA.
A higher variety for the ITA is expected, since the amount
of information that a therapist can manage is limited, and
they usually schedule the ones that they know the most.

Difficulty level selected
The evaluation criteria for assessing the difficulty level
configured by the ITA, has been to measure the number
of tasks executed in therapeutic range by patients. As it is
explained in section “Rehabilitation process”, the system
always tries to have patients most of the time executing
tasks in therapeutic range, trying to avoid the too easy
(supra) or too difficult (infra) ranges during the treatment,
and so increasing the effectiveness of the treatment.
At this point, the two versions of the algorithm have

been analyzed separately, as we wanted to see the ben-
efits of the improvements introduced in the second
one. As it is explained before, the first version of the
algorithm scheduled 60 sessions at a time, setting the
difficulty level considering just the PRE neuropsycho-
logical assessment results. On the other hand, the second
version scheduled blocks of ten, taking into account
not only the PRE results, but also the patient's evolu-
tion to adjust the difficulty of the following rehabilita-
tion sessions.

Improvement of the cognitive capacities
A study comparing the improvements achieved by pa-
tients after completing treatment has also been carried
out. The objective is to see if there are significant differ-
ences between the cognitive capacities improvements
for those patients that received manual treatment com-
pared to those who received it using the ITA algorithm.
Thus, differences between the clinical outcomes will be
analysed, letting us to know if the introduction of the
ITA into GNPT has undesirable consequences.
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So, in order to see the improvements after treatment, a
comparison between the PRE and the POST neuropsycho-
logical assessment is done, being able to determine the evo-
lution for each cognitive function and subfunction. To
carry out the study, we have used a sample of 746 brain
injury patients for manual treatment (64% men), while 141
patients have been selected for ITA treatment (55% men).
All of them where adults between 16 and 55 years old, with
a complete PRE and POST neuropsychological assessment
that allows us to see the improvements on the cognitive
capacities after completing treatment.

Results
The results of the first outcome parameter are presented,
showing the number of times that each task is selected for
a rehabilitation session. Next, how the ITA configures the
difficulty level of the rehabilitation tasks is compared, in
order to assess which method adjusts better the difficulty
according the cognitive affectation level. Finally, a compari-
son between the improvements of the cognitive capacities
after completing treatment is shown, in order to assess the
clinical outcomes achieved by the ITA.

Selected tasks for rehabilitation sessions
As it is said before, GNPT has 95 different rehabilitation
task for treating ABI patients. Figure 7 shows the ITA
results considering the number of times that each of
these 95 tasks has been selected for a rehabilitation
session. In order to compare the tasks manually se-
lected by therapists to those automatically selected by
the ITA, results have been normalized to the total number
of tasks scheduled, not only the executed one, but also all
the selected tasks to be assigned to a rehabilitation session
(399,409 for manual planning and 190,197 for ITA planning).
So, we can compare the frequency of selection of a task for a
rehabilitation session.
Figure 7a represents a selection of the most selected

ones by therapists, while Figure 7b represents the less
used ones by therapists. The y-axis represents the number
of times that a task is selected to be assigned to a rehabilita-
tion session, normalized to the total of scheduled tasks, so
both data can be compared. On the other hand, the x-axis
represents the identification number of the task in the
database, so each pair of columns represents a same task.
Besides, there is statistically significant difference

(p-value < 0.001) between the manual and the ITA se-
lection of tasks, ensuring that there are differences be-
tween the tasks selected by therapists to those ones
selected by the ITA.

Difficulty level selected
In order to assess how appropriate is the difficulty level
selected to the assigned tasks, the number of tasks executed
in therapeutic range has been studied (the results are
shown in Figure 8). This graph compares the manual
planning done by therapists to the automatic one done by
the ITA. Besides, the ITA results are shown distinguishing
between the two versions of the algorithm. Remember that
the first version only considered the patient's PRE assess-
ment results to configure the difficulty level of the sched-
uled tasks, while the second one also added the patient's
evolution during treatment to determine the most suitable
difficulty configuration.
In order to see if there are significant differences be-

tween these results, statistical analysis have been done.
After doing the chi-square test for the three samples, it
shows a p-value < 0.001, so we can ensure that there
are significant differences between the results obtained
by the three methods.

Improvement of the cognitive capacities
The results of the patients’ improvement after completing
treatment are shown in Figure 9. As it is described before,
the improvement of the cognitive capacities is calculated
comparing the PRE and POST neuropsychological assess-
ment. Once we have this comparison, we consider that a
patient improves their cognitive capacities if, at least, he
or she improves one main cognitive function and get not
worse in any of the others.
Regarding the statistical study, p-value is equal to 0.3484,

showing that there is not significant differences between
the improvements achieved by each method.

Discussion
In this study the Intelligent Therapy Assistant (ITA)
algorithm has been evaluated, as an integrated func-
tionality in the “Guttmann, Neuro Personal Trainer®”
(GNPT) tele-rehabilitation platform. The ITA has been
used during 18 months as an automatic tool for the selec-
tion and scheduling of therapies for cognitive rehabilitation.
Looking at the results for the selected tasks assigned to

rehabilitation sessions we see that there are some “favorite”
tasks for therapists when planning those sessions; and
also the opposite, where some tasks are rarely used to
treat patients (Figure 7). Considering that the results of
the executed tasks are quite similar, we can say that the
ITA is selecting some tasks that are not taken into ac-
count by therapists. The same way, the ITA is not giving
so much importance to those “favorite” tasks, so we can
think that many times therapists select those tasks that
they know or like more, and not only those which would
work better for the specific needs of the patient. This more
equal distribution is achieved thanks to the Improvement
and Clinical Scores implemented in the algorithm, com-
pensating the Usage one. So, the ITA also considers the
information regarding tasks that could not be properly
executed by patients, neither those executions that did
not turn into a clinical improvement. This procedure



Figure 7 Tasks selected to treatments comparing traditional manual planning to ITA one. Blue bars represent the traditional manual
planning done by therapists, while red bars show the ITA planning. The left one represents a selection of the most selected ones by therapists,
while the right one represents the less used ones by therapists. The y-axis represents the number of times that a task is selected to be assigned
to a rehabilitation session, normalized to the total of scheduled tasks, so both data can be compared. On the other hand, the x-axis represents
the identification number of the task in the database.
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should allow us to refine when a task is selected for
a rehabilitation session, beyond the implicit know-
ledge of the clinicians and their different preferences
(knowledge of a task, aesthetic preferences, etc.). Fur-
thermore, the ITA also incorporates the theoretical
preferences chosen by consensus of the therapists re-
garding the suitability of each exercise to rehabilitate
each one of the cognitive domains defined in the system
(e.g. visual memory or sustained attention). Theoretically,
this should lead to a generalization and offer to the pa-
tients more varied and better accepted treatments. In
this way, the main objective of the ITA and what we try
to demonstrate in this work, is the possibility to elab-
orate a therapeutic plan taking into account all the the-
oretical premises agreed by clinical consensus. Thus,
we offer to the patient more varied exercises and keep, at
Figure 8 Execution results tasks ranges comparing manual to ITA pla
to the automatic one done by the ITA. Take into account that the ITA resu
algorithm: the first version only considered the patient's PRE assessment re
second one also added the patient's evolution during treatment to determ
least, the same level of efficacy than the manual planning,
but with lower associated costs and less dependent to the
expertise of the therapist (clinical expertise, knowledge of
the system, knowledge of the rehabilitation tasks…).
Considering the percentage of tasks executed in thera-

peutic range comparing therapists (23.34%) to ITA v2
(28.11%) (Figure 9), we can ensure that the difficulty
selection procedure performed by the ITA is as good as
the one used by therapists. Actually, if we see the re-
sults from the two versions of the algorithm, we see
that the second one achieves the best therapeutic range
percentage. Furthermore, it is desirable to avoid the
supra therapeutic range, as we would be trying to treat
problems that the patient does not have. Considering
this, the second version of the ITA has a 65.37% of exe-
cuted tasks in both infra and therapeutic range, while
nning. This graph compares the manual planning done by therapists
lts are shown distinguishing between the two versions of the
sults to configure the difficulty level of the scheduled tasks, while the
ine the most suitable difficulty configuration.



Figure 9 Patient’s improvement comparison between manual
and ITA planning. This figure shows the percentage of patients
who improve their cognitive capacities after completing treatment,
comparing the traditional manual planning to the automatic ITA one.
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the manual procedure has 59.96% and the ITA v1 57.06%.
So, we can guarantee that the new characteristics intro-
duced to the second version sensibly improved the results,
since the algorithm considers not only the initial PRE as-
sessment to determine the difficulty level of the tasks, but
also the patient's evolution during the treatment. However,
both therapists and ITA results are quite low, so a deeper
study on how GNPT configure the difficulty level has to
be carried out to improve the number of tasks executed
in therapeutic range. Besides, the different therapeutic
ranges are not based on any empiric evidence, but only
on general assumptions about which are the generally
accepted results desirable to be performed by patients
[23]. In this way, we are already planning a deeper study
to evaluate this hypothesis.
This previous analysis have been done to demonstrate

if the ITA algorithm correctly selected the possible pa-
rameters values when assigning a task to a rehabilitation
session, trying always to have the patient executing tasks
in therapeutic range, where the rehabilitation is more
efficient. But the final stage of our study is to analyze
the differences between the improvements that patients
experiment after completing GNPT treatment, com-
paring those ones treated using the traditional manual
planning to those treated using the ITA algorithm.
Figure 9 represents the improvement percentage results,
where it is shown that there is no significant difference
(with a p-value = 0.3484) between the two treatments
methods. These results make us conclude that the
proposal done by the ITA is very close to the one done
by real therapists, so it is suitable for real treatments.
However, there is no evidence demonstrating that an
improvement in cognitive functions turns into an im-
provement in Activities of the Daily Living (ADL). In
this regard, we plan to introduce ADL questionnaires
to assess how the improvement of cognitive functions
benefits patient’s quality of life and to introduce this
outcome in the proposal done by the ITA.
Besides, the time saved for therapists is quite significant,

because they do not need to invest time searching, selecting
and configuring tasks, just click a button and wait until the
intelligent and automatic process finishes. Then they verify
the proposal and modify those tasks and configurations that
they do not consider appropriate. After analysing the time
expended by therapists in Institute Guttmann using both
methods, we have seen that the mean time used for manual
planning is about thirty minutes per ten sessions, while
by using the ITA the time is reduced to approximately
5 minutes. So, the reduction of time turns into a con-
siderable increase of the efficiency of the scheduling
and configuring process. This functionality could also
be a good support for a novel therapist, who does not
have a high knowledge of every GNPT rehabilitation
task, helping them to select the more appropriate tasks
for each specific patient.
Looking at the clustering process implemented, we have

described how the system dynamically calculates all the
clusters when a new patient starts the treatment, instead
of assigning a new patient to an already calculated cluster.
This way the system ensures that all the clusters are the
most suitable to group patients according their cognitive
profile, adapting the process to the new patients coming.
However, since the variables taken into account to define
the clusters are not many, and the amount of patients
included in the process is considerably high, we pre-
sume that the number of calculated clusters might be
tending to stabilization. So, further research must be
done in the future, trying to add new clinical variables
and also to study the different cognitive profiles defined
by the process and their stability. Then, if the clusters
are eventually stable, the clustering process might be
changed by a classification model.
Besides, another new work is being done, trying to clus-

ter patients based on their results and evolution during
treatment. In the coming future, this work will allow us to
define new variables to predict how a patient will evolve
during the treatment, or even just after the PRE results, by
using a prediction model.

Conclusions
This paper presents the design and first evaluation of an
algorithm called Intelligent Therapy Assistant (ITA).
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This new algorithm automatically plans rehabilitation
sessions for patients suffering ABI, who are receiving
treatment using the cognitive neuro-rehabilitation platform
“Guttmann, Neuro Personal Trainer®” (GNPT). The ITA
assigns a score to the computerized neuro-rehabilitation
tasks, grouping them into suitability quartiles depending
on how good they are for the patient's specific needs.
The ITA is presented as a new powerful support tool

for therapists. By managing the high amount of stored
data and applying data mining techniques, the ITA ex-
tracts information related to the task's suitability to
treat each patient depending on his or her cognitive
profile. The algorithm has been used for 18 months,
with promising results. The improvements achieved by
patients in their cognitive capacities after completing
treatment using the ITA algorithm are also very similar
to the results obtained by using the manual planning.
These results make us conclude that the proposal done
by the ITA is very close to the one done by real thera-
pists, so it is suitable for real treatments.
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