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Abstract: One of the health clinic challenges is rehabilitation tpgreognitive impairment that can happen after brain
injury, dementia and in normal cognitive decline due to ggi€urrent cognitive rehabilitation therapy has
been shown to be the most effective way to address this probldowever, a) it is not adaptive for every
patient, b) it has a high cost, and c) it is usually implementeclinical environments. The Task Generator
(TG) is a free tool for the generation of cognitive trainighs. However, TG is not designed to adapt and
monitor the cognitive progress of the patient. Hence, we@se in the BRaNT project an enhancement of
TG with belief revision and machine learning techniquesnifiaation and remote monitoring capabilities to
enable health professionals to provide a long-term pefigebcognitive rehabilitation therapy at home. The
BRaNT is an interdisciplinary effort that addresses sdierimitations of current practices as well as provides
solutions towards the sustainability of health systemsamdributes towards the improvement of quality of
life of patients. This paper proposes the Al-Rehab framkviarthe BRaNT, explains profiling challenge in
the situation of insufficient data and presents an alterfsbselutions which might be applicable once enough
data is available.

1 INTRODUCTION ronments. Thus, the lack of monetary and human
resources prevent public health systems to imple-
Cognitive deficits are common after brain injury, de- ~ mentideal long-term rehabilitation.

mentia and normally due to aging. These impactthe  Neuropsychological assessments (NPAs) are use-
performance of activities of daily living and limit peo-  ful instruments to evaluate cognitive skills. How-
ple’s independence, with a high monetary and societal ever, current cognitive interventions are sub-optimal
cost. Moreover, many cognitive rehabilitation tools in terms of lack of adaptability according to the NPAs
lack flexibility to be adapted to each patient needs. results (Williams and Sims, 2000; Parsons, 2015).
Cognitive rehabilitation has been shown to be the Besides, the tools are not flexible enough to cover the
most effective way to address this problem. However, needs of all patients and traditional therapy has a high
current rehabilitation has some limitations: cost both on human and monetary resources (Solana

e Rehabilitation tools are not adaptive and may not €t al., 2014). Here we propose bridging NPAs and
be adequate for every patient. Hence, a sub- computational modelling to deliver a highly personal-
optimal set of exercises limits the impact of re- ized tool that allows for the creation of interventions

habilitation and reduces engagement in rehabili- through Information and Communication. Technolo-
tation: gies (ICT). A tool that could generate validated cog-
i ) i . nitive training tasks, parameterized per patients needs,
e Interventions are time consuming and have a high \yhich intelligently adjusts difficulty over time, mon-
cost, and are usually implemented in clinical envi- jior5 changes and communicates with the patient’s
healthcare team. We start by creating an extension

a . i - - -
b Eﬁgz:xg:g:gg:g;gggg-gggg;g;g;gég and enhancement of an existing tool, the Task Gen-
¢ https:/forcid. org/0000-0003-4452-0414 erator (TG) (Faria and Bermadez i Badia, 2015), to
d® https://orcid.org/0000-0002-9618-2421 Ihttp://neurorehabilitation.m-iti.org/ TaskGenerator/
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generate the appropriate cognitive training tasks usingstore, substitute, or compensate for the lost of cog-
the patient profile as an input. The TG is a free web nitive abilities, and is the treatment of choice for

based tool for the procedural generation of cognitive these deficits (Bott and Kramer, 2017). The Amer-
training tasks. TG tasks are parametrized in terms ican Congress of Rehabilitation Medicine conducted

of training difficulty and cognitive demands, but are
not designed to monitor the evolution of the patient,
which is essential to adjust training for the patient’s
evolution. In the BRaNT project, we are develop-
ing an extension of TG with extended and improved
training content. This project uses two artificial in-

systematic reviews on a total of 370 cognitive rehabil-
itation studies for people with acquired brain injury,

published from 1971-2008 (Cicerone et al., 2000; Ci-
cerone et al., 2005; Cicerone et al., 2011). Cogni-
tive rehabilitation was shown to be of greater benefit
than conventional rehabilitation in 94.1% of the stud-

telligence modules (based on belief revision and ma- ies. Thus, cognitive rehabilitation is the best avail-
chine learning techniques), gamification and remote able form of treatment for people with neurocognitive
monitoring capabilities to enable Health Professionals impairment (Cicerone et al., 2011). Unfortunately,
(HP) to provide long-term personalized cognitive re- the efficacy of cognitive training highly depends on
habilitation therapy at home. Al-Rehab is the frame- the intensity of treatment over an extended period of
work behind the personalization and adaptation of time. The traditional intervention model is very time
training, and relies on the results of validated NPA consuming for teams to manage personalized rehabil-
used to evaluate patient and create a computationalitation programs; patients move to the clinical center,
Cognitive Profile (CP) of the patient. By comparing making the duration of the treatment conditional to
this profile with the Normative Data (ND) accord- patient’s availability; interventions are subject to the
ingly to the Socio-Demographic Information (SDI) availability of vacancies and transportation (Solana
of the patient, we infer the patient’s Cognitive Sta- et al., 2014). This results in a very high cost, com-
tus (CS). After this, the HP can decide on a set of promising sustainability, accessibility and scalabjlity
training tasks for that patient. The patient trains at resulting in a large economic burden to both the health
home and the performance is communicated to Be- system and families (Carod-Artal et al., 2000).
lief Revision Engine (BR-E), which assesses evolu- The ICT based solutions such as gaming, virtual
tion of the patient and manages task personalizationreality or computer simulations have been shown to
over time. The proposed system will be able to con- have an enormous potential for enhancing cognitive
tact the HP if something unexpected happens. This rehabilitation by supporting the ability to carry out
framework tackles three important Artificial Intelli-  controlled and highly adaptive valid tasks (Bermidez
gence (Al) challenges: patient profiling, task selec- i Badia et al., 2016). Over the past few years, sev-
tion and parameterization, and adaptive training. In eral computer based solutions have been proposed
this paper we propose a solution for the patient pro- to increase the availability and quality of cognitive
filing challenge. In the Section 2, we review some training, flooding the marketplace with commercial
literature about assessment of cognitive impairment brain exercise programs that claim to improve cogni-
and Al in cognitive rehabilitation field whereas, Sec- tion and have diagnostic abilities (George and White-
tion 3 gives detailed explanation on each step of pro- house, 2011) such as the CogWeb and the Guttmann
posed Al-Rehab framework. Section 4 describes the Neuro Personal Trainer. Through these platformsiit is
patient’s profiling challenge and finally, its Al solu- possible to deliver a training program to a patient, an-
tion is reported in the Section 4.1, including task set- alyze results and transfer them to the Hospital Infor-
ting and iterative training. mation System. Nevertheless, none of these tools ad-
dresses multiple domains of cognitive functioning in
a systematic and quantitative manner relying on vali-

2 STATE OF THE ART dated NPAs.

2.1 Assessment of Cognitive

Cognitive impairments following brain injury are .
Impairment

common, and are present in approximately 70% of
patients in the acute stages of recovery (Morris et al.,
2012), causing problems in activities of daily life and The Montreal Cognitive Assessment (MoCA)
social participation. Stroke commonly includes focal (Nasreddine et al., 2005) is a well-known test which
disorders such as aphasia and neglect, and more difis the recommended instrument in Portugal for global
fuse abnormalities such as slowed information pro- cognitive screening measurement. It addresses (i)
cessing and executive dysfunction (Cumming et al., short-term memory, (ii) executive functions, (iii)
2013). Cognitive rehabilitation is designed to re- visuospatial abilities, (iv) language, (v) attention,
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Figure 1: The Al-Rehab framework for the BRaNT project.

concentration and working memory and (vi) temporal sification (Fernandez-Delgado et al., 2014) and re-
and spatial orientation (Freitas et al., 2012c). MoCA gression (Fernandez-Delgado et al., 2018) and DL
has been the subject of systematic research within thetechniques (LeCun et al., 2015) are available, by us-
Portuguese population and validation studies were ing them a few Al models are developed and these
conducted on specific clinical groups like Mild Cog- really contribute for advancement of cognitive field.
nitive Impairment and Alzheimer’s Disease (Freitas For instance, the study (Chi et al., 2017) developed
et al., 2013), Frontotemporal Dementia (Freitas et al., personalized long-term and follow-up models to pre-
2012a), Vascular Dementia (Freitas et al., 2012b) anddict CS. First is sequential estimation of risk factors
Multiple Sclerosis (Freitas et al., 2018). Many studies to predict how cognition will change over long time
emphasize the psychometric characteristics of the testand second is observation of time-varying risk factors.
(e.g. (Freitas et al., 2012c; Freitas et al., 2015; FreitasLikewise, (Ko et al., 2019) developed adaptive Least
et al., 2014), with norms for Portuguese population Absolute Shrinkage and Selection Operator (LASSO)
(Freitas et al., 2011). Unfortunately, as a screening model to identify significant predictors of multivari-
instrument it can detect deficits but not quantify them ate NPAs and demographic variables for prediction of
accurately. That can only be achieved with domain cerebral amyloid beta abnormal level of status. Mem-
specific NPAs. There are some NPAs such as Freeory dysfunction is a crucial cognitive factor for early
and Cued Selective Reminding Test, Semantic anddetection of disease and one of the instruments to cal-

phonemic verbal fluency, Rey-Osterrieth Complex
Figure Test, clinical evaluation of dementia, etc. The
Al-Rehab is designed to receive information from
any NPA.

2.2 Atrtificial Intelligence in Cognitive
Rehabilitation

This section review the list of pilot studies of Al for
cognitive impairment and rehab. Al aims to bring
high precision in healthcare by employing computa-
tional intelligence in clinical tasks. Nowadays, the
most popular ML algorithms for structured data are
support vector machine, neural network (NN) and
deep learning (DL) whereas for unstructured data is

natural language processing (Jiang et al., 2017). Sev-

eral statistical learning (Hastie et al., 2009), ML clas-

culate it is M-CRT. The binary classification (Berg-
eron et al., 2019) of cognitive health status (healthy or
unhealthy) and health related question (yes or no) is
modelled logistic regression using demographic data
and M-CRT test score.

Belief revision systems are logical frameworks
for modelling how agents modify their beliefs when
they receive new information (sometimes inconsistent
with the previous beliefs. To integrate the new in-
formation, the agent will have to give up some in-
formation while preserving as much of the old in-
formation as possible. The AGM-framework (Al-
chourrén et al., 1985) is the most popular framework
to guide the change of belief. The AGM model has ac-
quired the status of a standard model (for an overview,

2For the sake of simplicity, we will assume that beliefs,
knowledge and data have the same status
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see (Fermé and Hansson, 2011; Fermé and Hansdictable profile given a set of difficulty and follow the
son, 2018)). Several algorithms for the implementa- flow theory to keep the patient always engaged with
tion of belief change operations were proposed. Most the training task in hand (Nakamura and Csikszentmi-
of them were constructed to recognize which beliefs halyi, 2009). Finally, the third challenge is the adap-
are supported and how, and to perform changes whiletive training at home. The goal of this challenge is to
minimizing the number of sentences to be changed, keep adapting the predicted profile and the game set-
thus preserving the maximum amount of the previ- tings to keep the patient in flow, all at the comfort of
ous knowledge. Implementation also include pro- his home, without updated NPAs data. The process of
posals by (Katsuno and Mendelzon, 1991; Williams the Al-Rehab framework (Figure 1) can be explained
and Sims, 2000; Delgrande and Schaub, 2003; Pep-as follows:

pas and Williams, 2016). Katsuno and Mendelzon 1 pps yse validated NPAs to assess the patient;
(Katsuno and Mendelzon, 1991) also focused a lot
of their paper on trying to define a notion of dis-
tance between Knowledge Bases. This will be useful
later when comparing the CP at different stages. A . . o
core aspect in implementation is the space and time ized patient's cP yvhere each factor (or cognitive
required for computation. Jin and Thielscher pro- domain) is normalized from 0 to 100%;

posed Reinforcement Belief Revision that combines 3. Once the CP is created, it is compared with Nor-
two desiderata for belief change implementations: It mative Data (ND) to define the CS, so called
satisfies the standard rationality postulates, and the Identification and for that it is necessary to in-
time and space required for its implementation can corporate new information of the patient (SDI)
be assessed. Recently, new studies of implementa-  along with ND;

tion belief revision by Horn Clauses have been initi- 4 The HP can then interpret the CS and specify
ated (Booth et al., 2010; Delgrande, 2008; Delgrande  training objectives (For instance, A, B and C with
and Wassermann, 2010). Pagnucco (Pagnucco, 2006) - their percentages, shown in the Figure 1) for that

2. The result of NPAs data are then injected in a
database and mapped to values by applying equa-
tion 1 from section 4.1, which creates a normal-

and (Zhuang et al., 2007) formalised a way of im-  particular profile, where the set of number of pa-
plementing AGM operations using a knowledge com-  rameters of the training tasks are suggested. Si-
pilation technique involving prime implicates in or- multaneously, the initial difficulty of the training
der to improve computational efficiency. The study is set based on the CP. At this time the BR-E tries
(Schwind et al., 2019) has proposed a change for- o predict the expected results of the training task
mula, that given two know bases (or the same knowl- (ERTT):

edge base at differenttimes) it is possible to determine
what caused the change in the belief set. Belief Re-
vision is still a relative new area of investigation and
there are not many examples we can draw from, so we
hope to contribute on this area.

5. The patient performs a gamified training task at
home and performance is communicated to the
BR-E. This compares the results of training with
ERTT and identifies:

(a) If patient performance is in the accordance to
expectation,
(b) Data shows patient evolution or involution, the
3 FRAMEWORK patient profile is updated and a new difficulty is
set,
(c) Statistically unlikely change or inconsistent
data is detected, and the HP is contacted to re-
assess the situation and train BR-E.

The BRaNT project is an interdisciplinary effort to
create a new set of ICT for rehabilitation at home.
For this project, we propose the Al-Rehab framework,
which includes the steps shown in Figure 1. There ) )
are clearly three distinct challenges in the framework. 6- Finally, the HP will do a new NPA reassessment,
First and foremost we need to find an optimal way after intervention is completed to quantify the im-
to consolidate whole data from all the different NPAs ~ Pact of cognitive training with Al-Rehab and de-
into a consistent profile, that should be easily inter-  cide if more therapy is required.

preted by HP. This is the Profiling Challenge. The Hence, we aim at combining the advantages of ICT
second challenge refers to the task selection and setwith a participatory design approach involving health
tings definition. How will the system guarantee that professionals (such as rehabilitation physicians, ther-
the tasks are always optimally configured for a partic- apists and neuropsychologists) to develop a novel
ular patient’s profile? To achieve this, we will create portable tool for the generation of cognitive rehabili-
a Belief Revision Engine (BR-E) to generate a pre- tation training for the home use (Paulino et al., 2018;
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Paulino et al., 2019). This tool will be a free and fuller evaluation. Based on information from the clin-
worldwide accessible for clinicians, able to generate ical process, which includes medical data, interview
patient’s profile and personalized cognitive rehabili- data and scores on cognitive screening tests (such as
tation programs in digital form instead of paper-and- MoCA), the patient examined may be referred for a
pencil format. It will be composed by a set of stan- more comprehensive NPA aimed at rehabilitation ob-
dardized rehabilitation tasks gathered from clinical jectives. The NPA, instead, is a standard part of inte-
settings and parameterized through a participatory de-grated medical and psychological care, and is a nec-
sign approach and will be able to procedurally gener- essary step to implement and further evaluate rehabil-
ate a large number of tasks by specifying the values of itation procedures. The NPA has several objectives,
their intrinsic parameters. It addresses the following namely: (i) to identify and characterize cognitive abil-
task types as described below (Faria et al., 2018): ities and activities of daily life, personality, emotional
« Knowledge: Memory of Stories; Cancellation; functioning and behavionrs thhe person and to define
Questions of General Knowledge: Find Loca- changes m_these @r_namgm comparison to the level
tions; Image Pairs. qf premorbid functlonlng; (i) to dopnment and quan-
) ) o tify the nature and severity of cognitive and functional
e Comprehension: Differences between Similar geficits, symptoms and signs present, potentially as-
Scenarios; Categorization; Synonymous and gqciated with pathology, in the context of examining

Antonyms; Association. the structural and functional integrity of brain func-
e Application: Mazes; Problem Resolution; Tan- tioning, differentiating what is the associated decline
gram; Numeric Sequences; Navigation. to the normal aging and deficits associated with cere-

bral dysfunction / neurodegenerative pathology; (iii)
to define a baseline in various domains of the cog-
] ] o nitive, emotional and behavioural functioning, which
e Evaluation: D_|ffer_ent|at|on between C_oherent and can be examined in a longitudinal register, through
Incoherent situations; Comprehension of Con- yepeated evaluations, thus enabling monitoring of the
texts. clinical evolution of the person, recovery of functions,
These tasks will be implemented in an interactive dig- response to the intervention (e.g., rehabilitation, psy-
ital environment, shaped as tasks through a gami- chotherapy, pharmacological) or the progression of
fication approach to deliver an immediate feedback the disease; (iv) to identify personal resources and
and reinforcement on progress (Wilson and McDon- preserved functions that are equally useful for plan-
agh, 2013), which is an important element to increase ning and implementing rehabilitative / therapeutic and
the motivation and avoid dropouts. Besides, adaptive preventive intervention procedures, as well as evalu-
training is the last challenge of the Al-Rehab frame- ating their effectiveness, with the aim of promoting
work. After each iteration of the task training, the BR- the person’s well-being and quality of life. Further
E will calculate a new temporary profile and cognitive step is devoted to the factorization of the outcome
situation. These will be compared with the ERTT cal- of these assessments and translation to a formal lan-
culated before to see if any adjustment needs to beguage that allows creating automatically (by artificial
done. The authors (Katsuno and Mendelzon, 1991) intelligence techniques) a profile of the patient that
defined on their paper several operators that can becan be used for defining a neurorehabilitation ther-
used to calculate the differences between knowledgeapy. This will give us the CP, shown in the Figure
bases. With this difference calculated, we can deter- 1. Theldentificationpart is more complicated. We
mine how that patient evolved during the previous it- need to create a CS using the ND and the SDI, in or-
eration and we are able to use this information to ad- der to interpret how a particular patient CP compares
just the parameters of the task. In this paper we will to the ND. This will produce the CS in the Figure 1,
only focus on the computational patient profiling. which represents, in percentage, where the CP is lo-
cated compared to the rest of the population with sim-
ilar SDI. Hence, facilitating the interpretation of the

4 PATIENT PROFILING data by the HP.
CHALLENGE

e Analysis: Action Sequencing; Visual Memory;
Puzzles; Word Search.

4.1 Proposed Solution

This step starts with the task of specification the rel-

evant NPAs for a comprehensive evaluation of cogni- This section reports on the Al solutions for Al-Rehab
tion. Screening tests are brief assessment triage tooldramework. First and the most important challenge is
to identify patients cognitively at-risk that require a patient profiling. Then we need to solve the task set-
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ting and iterative training challenge, which will not

be tackled in this paper. Here, we propose some tech-

niques without applying them on data which can be

useful to automatize the neurorehabilitation system.

The second step in Al-Rehab framework from Sec-
tion 3 is to map NPAs values to a consolidated CP
into the interval 0 to 100 and the equation 1 is used
for theMapping Note that it is formulated owing to
no data.

n m
ChP«= Ziz Norm(NPAFj).Wkij (1)
i=1j=1
Where,
1/p, wherepis count of factors,
Wiij = contributing toCH
0, otherwise
NPAF; = factor from a neuropsychological as-
sessment

CPy= cognitive domairK from CP

Norm= normalization function, interval is 0 and 100
Wiij= weight function, interval is 0 to 1, which sums
tol

m= number of times & appeared in NPAs

n= number of NPAs

The way this formula works is that we take ev-
ery factorj from each NPA (lets say, memory from
MOCA for instance) and multiply by the weight that
factor has on determining that specific cognitive do-
main (memory in this example). At the start, we will
inquire HPs to provide us with weights for each fac-
tor, as it seems a better solution to follow the pro-
fessionals intuition than to attribute arbitrary weights.

from patients using the system.
1Norm(ND;, SDI)

SCR = 2= .

)

SDI= patient’s socio-demographic information
ND= normative data ofk for each NPA used to
calculateCP

SCR= standardized cognitive profike from ND and
SDI

Norm= normalization function, interval is 0 and 100
n= number of NPAs

First, it is important to mention that we do not
have access to the normative value for the factors of
each NPA, we just have it for the result of the whole
NPAs. Also, since it is normative data, there is no
need to consider weights as it is already embedded in
the ND value itself. The value represented by the ND
and SDI pair is the average result of someone in the
closest socio-demographic group as the patient, since
the SDI is relative to her/him. This can be observed
for MoCA in (Freitas et al., 2018) for the Portuguese
population. For simplicity, lets consider only MoCA
and memory for an example. The result of this for-
mula would be the average of someone with a similar
SDI as the patient. By doing a simple cross multipli-
cation between the CP memory score and the result
of this function, we can get a relative value of the pa-
tient when compared with the ND. This value would
be, in this example, the memory domain in the CS of
the patient, where 50% means that you are as good
as it is expected for you group, 75% means you are
25% above average or 100% means you are twice as
good as expected. Eventually, we will have collected

Once we have enough data, we can start using Al patient’s CS with all the factors so HP can interpret

algorithms to determine the weights which we have
explained at the end of this section. The weight
should belong in the interval of 0 to 1. Given that, the
‘Norm function will give us a value between 0 and
100 and the sum of the weights is 1, the outp&

them and take clinical decision with ease. Eventually,
it gives solution for profiling challenge without data.

CP = ZZ Norm(NPAF j).Wij (3)
i=1]=1

will be a value between 0 and 100, corresponding to Where W,j belongs to (&W<1) andy [ ; Wi; =1

the weighted factor of the CP (in this example, mem-
ory). This is theMappingprocess from the Figure 1.
Finally, theCPy is the aggregated result of a battery

which is being determined by some Al techniques.

Once we get enough data, we can have Al solu-

of tests, instead of only one test, and CP is a set oftion for theW problem, appeared in the equation 1.

cognitive domairk.

The final step is to contextualize this profile. If
we interpret the CP using the ND from all the NPAs
taking into account the patient SDI, we will get a stan-
dardized cognitive profile. This process will generate
a profile that is compared to the population data. This
is the step which is needed for the identification of
deficits and the outcome of this is CS. Once again,

The equation 3 is a proposal solution for the weights
computation. Some statistical learning, ML or DL
techniques will apply on NPAs data to obtain highly
optimal W in the Mappingprocess, such as Princi-
pal Component Analysis, random forest or neural net-
work. Besides, if the number df and NPA grow
over time then the system performance may decline
and the data will suffer with high dimentionality. To

these process will be improved as we get actual dataovercome such problem, feature selection techniques
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like Principal Component Analysis, LASSO, Ridge for Al driven neurorehabilitation training and identi-
or t-Distributed Stochastic Neighbor Embedding can fies three challenges: patient’s cognitive profile, task
be used. These techniques generate highly influentialsettings and iterative training. The present work only
parameters without loosing much information. Sub- focuses on profiling challenge and proposes a solu-
sequently, the next step is to create the Belief Revision tion for Mappingandldentificationprocess. Once
Engine (BR-E), a computational infrastructure based we have enough data, we will apply machine learning
on the Believe Revision that will enable the accurate algorithms. As for the BR techniques, (Katsuno and
prediction of CPs for patients, over the iterative train- Mendelzon, 1991) research will be crucial to mea-
ing process. The BR-E has three objectives: sure the distance between the several profiles gathered
1. At each iteration, register the difference between dL_mng the process and (Schwind et al., 2019) work

the ERTT and the real result: will help us understand what actually cha}n_ged and

what needs to be adapted for the next training loop.

2. At each iteration, check for inconsistencies; Presently, the framework targets only cognitive do-
mains. However, in future, it can easily be extended
to cognitive sub domains or to other domains such as
fitness.

3. End finally, once the who training is completed,
after n iterations, it will compare th@" predicted
profile with the new real profile after the NPA re-
assessment.

The first point will allow us the tweak the difficulty ACKNOWLEDGEMENTS
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