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Abstract

Background: Cognitive impairments after stroke are not always given sufficient attention despite the critical limitations they
impose on activities of daily living (ADLS). Although there is substantial evidence on cognitive rehabilitation benefits, its
implementation islimited because of time and human resource's demands. Moreover, many cognitive rehabilitation interventions
lack a robust theoretical framework in the selection of paper-and-pencil tasks by the clinicians. In this endeavor, it would be
useful to have atool that could generate standardized paper-and-pencil tasks, parameterized according to patients needs.

Objective: In this study, we aimed to present a framework for the creation of personalized cognitive rehabilitation tasks based
on a participatory design strategy.

Methods: We selected 11 paper-and-pencil tasks from standard clinical practice and parameterized them with multiple
configurations. A total of 67 taskswere assessed according to their cognitive demands (attention, memory, language, and executive
functions) and overall difficulty by 20 rehabilitation professionals.

Results: After ng theinternal consistency of the data—that is, alpha valuesfrom .918 to .997—we identified the parameters
that significantly affected cognitive functions and proposed specific models for each task. Through computational modeling, we
operationalized the tasks into their intrinsic parameters and developed a Web tool that generates personalized paper-and-pencil
tasks—the Task Generator (TG).

Conclusions: Our framework proposes an objective and quantitative personalization strategy tailored to each patient in multiple
cognitive domains (attention, memory, language, and executive functions) derived from expert knowledge and materialized in
the TG app, a cognitive rehabilitation Web tool.

(JMIR Rehabil Assist Technol 2018;5(2):e10714) doi: 10.2196/10714
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having a stroke continuesto rise. According to the 2015 Global
Burden of Disease study, the total number of stroke eventsin
Europeis predicted to increase by 34% between 2015 and 2035.
This increasing number of people living with the effects of
stroke results in a growing burden on families, societies, and

Introduction

Background
Stroke is one of the most common causes of adult disability,
and because of the aging of the population, the number of people
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health care systems. Reducing thelong-term disability will help
to bring down these costs [1].

Cognitive and Motor I mpairments After Stroke

Poststroke impairmentsimpact theindividual’s ability to safely
and independently carry out activities of daily living (ADLS)
and to restart prestroke personal, social, and vocational activities.
Stroke survivors often express that they fed like a different
person, not because of the typical motor sequels but because of
changes they suffer in cognitive functions underlying their
capacity for language, attention, executive functions, and
memory [2].

Currently, rehabilitation following stroke routinely takes a
bottom-up approach, with the primary focus placed on motor
gait retraining, followed by upper limb rehabilitation and speech
and languagetherapy [ 3]. Consequently, cognitiveimpairments
are not always systematically assessed and treated. Moreover,
current rehabilitation entails a high demand for human resources,
making them time consuming and expensive. As aresult, there
is a high number of patients per therapist that makes it
challenging to deliver a rehabilitation program with the
appropriate intensity and training, hampering the recovery
potential for some patients [4]. It is known that inappropriate
cognitive rehabilitation limits patients’ capacity of living
independently. In fact, it has been shown that the level of
cognitiveimpairment correlates with the length of inpatient stay
and the number and frequency of referrals for outpatient and
home therapies[5].

In a recent James Lind Alliance study, 799 stroke survivors
were interviewed about their unmet needs following a stroke,
and they reported problemswith concentration (45%), memory
(43%), and reading (23%) [6]. A high proportion felt that issues
such as memory and concentration had not been addressed
appropriately, especially when compared with other issues such
asmobility. Similarly, when caregivers and health professionals
were consulted, the main conclusion of the study was that
investigating ways to improve cognition after stroke should be
a research priority [7]. There is, therefore, an avoidable
psychosocial and economic cost derived from the currently
limited cognitive rehabilitation, which contributesto the patient's
increased dependency on relatives, professionals, and health
care systems and their premature placement at nursing homes

(8]
Cognitive Rehabilitation and What Are We Missing?

Rehabilitation refersto the act of relearning apreviously learned
behavior that has been disrupted by brain damage. It involves
re-establishing connection weights or synapses within the
network, diverting the information by building new connection
weights or synapses or activating the neurons that were not
previously used [9]. Ben-Yishay and Prigatano defined cognitive
rehabilitation as*the amelioration of deficitsin problem-solving
abilities to improve functional competence in everyday
situations’ [10]. The main point about this definition is the
understanding that cognitive rehabilitation should focus on
real-life functional problems. In rehabilitation, models and
theories are useful to conceptualize processes and think about
treatments. Especially, cognitive rehabilitation methodologies
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urge a comprehensive theoretical framework that incorporates
theoriesand models from different fields. The working memory
model [11], the dual route model of reading [12], and the face
recognition model [13] are examples of models that helped
planning treatment for people with cognitive impairments.
Nevertheless, until now, there is no single model or integrative
cognitive rehabilitation framework that addresses the multiple
aspects of cognitive functions involved in real life [14].

Although paper-and-pencil tasks are reliable tools to assess
multiple domains of cognitive functioning (specific task scores
can be used to evaluate the capacities of a patient in multiple
cognitive domains) [15], there are few solutions to the inverse
problem: a set of paper-and-pencil tasks that are specifically
adapted to the results of different assessments of cognitive
functioning of a patient [16,17]. Cognitive rehabilitation
approaches have been relatively successful for focal cortical
deficits (eg, neglect and aphasia) but less so for more generalized
cognitive impairment (eg, slowed information processing and
executive dysfunction) [5]. Additional research is needed to
investigate the patient characteristics that influence treatment
effectiveness[18]. Consequently, cognitive rehabilitation is still
mostly planned and delivered based on the experience of the
health professional and based on a subjective selection of
paper-and-pencil cognitive tasks or conventional games, which
are generally not adjusted to or validated for the specific
cognitive needs of the patient [19]. Although we know that
stroke-related cognitive problems are weighted more toward
attention executive dysfunction than memory dysfunction and
that there are marked deficitsin abstraction, executive function,
and processing speed [20], the cognitive impairment profile of
each patient ishighly variable and depends on the characteristics
of hislesion.

The Impact of Cognitive Rehabilitation on the
Improvement of Cognitive Performancein Everyday
Life

The American Congress of Rehabilitation Medicine conducted
systematic reviews on a total of 370 studies about cognitive
rehabilitation for people with traumatic brain injury (TBI) or
stroke, published from 1971 through 2008 [21,22,18]. Cognitive
rehabilitation was shown to be of greater benefit than
conventional rehabilitation in 94.1% of the comparison studies.
According to this evidence, there is a clear indication that
cognitive rehabilitation is the best available form of treatment
for people who exhibit cognitive impairments and functional
limitations after TBI or stroke [18]. However, Paiva et al
performed ameta-analysis on cognitive rehabilitation in stroke,
and the results suggested alack of sufficient evidence to support
or refute the efficacy of cognitiveinterventionsin stroke patients
[23]. These divergent results should be interpreted with caution
becausein thismeta-analysis, 504 of 507 studieswere excluded
because of low quality, and only 3 were considered by the
authors. Additional research, using standardized assessment
instruments and well-structured training programs, is needed
to elucidate the mechanisms of change underlying the efficacy
of cognitive rehabilitation.

The primary difficulty in determining the impact of cognitive
interventions on the everyday functioning of healthy older adults
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is that most trials do not include functional outcome measures
[24,25]. A review about the impact of cognitive training and
mental stimulation on the cognitive and everyday functioning
of healthy older adults from Kelly et a’s study (2014) found
only 2 studies that examined the effects of cognitive training
on everyday function [26]. One of them concluded that 6 months
of memory training did not significantly improve everyday
functioning for older adults at a 2-year follow-up [27], and the
other study similarly reported no training effects on everyday
functioning after 6 weeks of memory, reasoning, or processing
speed training at a 2-year follow-up [28]. Interestingly, the later
authors conducted a 5-year follow-up and concluded that
successful performancein everyday tasksiscritically dependent
on executive cognitive function [29], which is supported by
prior research that showsthat the ability to perform independent
living skills is dependent on intact executive function [30].

Information and Communication Technologies

Over the past few years, several computer-based solutions have
been proposed to increase the availability and quality of
cognitive training, flooding the marketplace with commercial
brain exercise programs that claim to improve cognition and
have diagnostic abilities [31] such as the CogWeb [16,32,33]
and the Guttmann Neuro Personal Trainer [34,35], for instance.
Thereisalso an increasing number of research projectsfocused
in using atask modeling approach in poststroke rehabilitation,
as the CogWatch, that developed intelligent common objects
to help retraining Apraxia or action disorganization syndrome
patients on how to carry out ADLs by providing persistent
multimodal feedback to them [36]. Preliminary resultsinvolving
12 patients interacting with this system validated the ability of
the system to assist stroke survivors in tea making. CogWatch
was very beneficia to the patients who had difficulties
performing the tasks alone, and when patients had accessto the
output retrieved by the system, their success rate was higher,
and they made fewer errors than when they could not interact
with the system.

Despite the proliferation of information and communication
technologies (ICTs) in cognitive rehabilitation, only 5% to 15%
of people with disabilities have access to technological devices
that can assist in the rehabilitation process [37]. In addition,
many health care providers are unfamiliar or uncomfortable
with technology, and only about 27% of these professionals
refer to use these computer-assisted technologies in their
rehabilitation interventions [38]. Moreover, technological

Figure 1. Methodology development process. ADLs: activities of daily living.
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interventions are subject to continuous maintenance and
technical support, eventually resulting in delayed interventions
or the need to reschedule. Such complications speak to the
challenges of implementing interventions dependent on
technology within inpatient and outpatient rehabilitation settings.
Any delays in these fast-paced settings, requiring the
coordination of various professionals, can be disruptive [19].

To maximize the benefits of ICTs and to address the
above-stated limitations, we developed a new Web-based tool,
the Task Generator (TG). ThisWeb tool capitalizes on the solid
aspects of existing computerized training protocolsfor cognitive
rehabilitation [17,32,39] and integrates existing theories and
models [15]. The TG addresses multiple domains of cognitive
functioning systematically and quantitatively, generating a
profile of cognitive demands for each task and enabling the
clinician to efficiently deliver ahighly adapted training program
to each patient's deficits. The TG ultimately generates
paper-and-pencil training tasks, making its application low cost
and compatiblewith the current practice and existing limitations
of clinical settings, and at the same time, it integrates most of
the essential advantages of | CT-based interventions.

Objectives

The objective of this research was to propose a systematic and
objective design framework that can guide us on the
methodology for the development of training tasks capable of
addressing multiple domains of cognitive functioning, yet
delivering a highly adaptive training program to each patient’s
assessed deficits, and showcase its use in a Web-based app for
cognitive rehabilitation.

Methods

Development Process

We have based our methodology on a participatory design
strategy involving rehabilitation experts interworking with the
research and development team through interviews, meetings,
and questionnaires. In Figure 1, we describe the process we
followed to identify and develop a set of highly personalized
cognitivetraining tasksfor aspecific clinical group, inthiscase,
stroke patients. It involved 3 main participatory steps: task
selection, modeling, and application. However, the process
followed is not unique to stroke rehabilitation and generalizes
to any application area and target group where personalization
of training is of importance.
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Task Selection

As afirst step toward the creation of a repertoire of cognitive
training tasks, 3 rehabilitation experts (2 neuropsychologists
with experience in cognitive assessment and interventions in
stroke and dementia and an experienced rehabilitation
technology researcher) documented the currently used
methodologiesin clinical rehabilitation settings (public hospitals,
private clinics, and senior houses) and collected the most
commonly used training tasks, some of them being available
as published training material [40]. Of this search, 20 distinct
paper-and-pencil task types were identified and analyzed.

As stated previously, no clear or comprehensive cognitive
rehabilitation framework can provide uswith general guidelines
for cognitive training task selection. In the education field,
however, there are multiple frameworks, the Bloom Taxonomy
is one of the most relevant ones [41]. Hence, we have chosen
and categorized the 20 tasks according to Bloom learning
objectives as described below:

«  Knowledge (lower level): memory of stories; cancellation;
guestions of general knowledge; find locations; image pairs

« Comprehension: differences between similar scenarios;
categorization; synonyms and antonyms; association

«  Application: mazes; problem resolution; tangram; numeric
seguences; navigation

« Analysis: action sequencing; visual memory; puzzles; word
search

« Evaluation (higher level): differentiation between coherent
and incoherent situations; comprehension of contexts

After the identification and organization of the 20 tasks
according to their learning objectives, the 3 rehabilitation experts
proceeded to a ranking of the 20 available cognitive tasks

Fariaet a

according to its relevance in the successful performance of
ADLs. This Task Selection process, according to the learning
objective’s representativeness and the relevance for ADLs
performance, resulted in the selection of thefollowing 11 tasks:
word search, problem resolution, numeric sequences, action
seguencing,  association, cancellation,  categorization,
comprehension of contexts, image pairs, mazes, and memory
of stories.

Modeling

It is necessary to identify the relevant tasks to train a specific
cognitive deficit (such as attention and memory) to define a
proper rehabilitation program, but that is not sufficient. It is
imperative also to consider the learner characteristicsto design
adapted training capable of providing as best as possible a
personalized rehabilitation. In our case, the learners are stroke
patients with different deficits that need to be rehabilitated
through intensive and continuous training. There is then, no
one-fits-all training program. There should be auniquely adapted
rehabilitation program for patients according to their assessment
of the multiple domains of cognitive functioning. Currently,
this adaptation process is generated through tacit knowledge
based on the clinicians subjective experience—which is
essential and results from years of training—but there is no
explicit formulation of such knowledge. Thisimplicit knowledge
is valid and necessary; however, to generalize, we should be
abletotransform it in aset of objective guidelines that support
the personalization of training to the characteristics of each
patient. To obtain such aset of guidelines and an objective way
of operationalizing the adaptation in the different cognitive
tasks, we followed a participatory design strategy with the main
stakehol ders.

Table 1. List of training tasks, their objectives, and parameters subject to personalization.

Training task Objective

Parameters

Word search
of randomized |etters.

Problem resolution

Numeric sequences

A number of words can be found up, down, forward, or diagonally in a pool

Two types of problems are presented, numeric calculations or calculations
based on textual descriptions of daily activities.

A numeric sequence s given, and the subject has to come up with the missing

Words number; clue words; and clue
pictures

Type; operations number; ones; and
tens

Step; ascending; and missing; position

numbers.
Action sequencing A list of randomized actions needed for the execution of several activitiesof ~ Actions number and task goal
daily living is presented.
Association A number of randomized pairs of items need to be paired correctly. Pairs number
Cancellation Find atarget stimulusin a pool of distractors. Distractors; letters; numbers; targets;
and arrangement
Categorization Grouping itemsinto their underlying categories. The categoriesmust beguessed  Categories number and items number

from the items.

Comprehension of contexts

be identified.
Image pairs
recalled after 30 min.
Mazes Finding the way out of alabyrinth.

Memory of stories
about it.

Some images are given with some descriptions. Correct descriptions need to

A number of pairs of images to be memorized are presented. They must be

Recalling information about aread story or a picture by answering questions

Descriptions number

Number of pairs

Size
Type; size; and questions
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Task Parameterization

This step had as primary objective to break down each of the
11 previously selected cognitive training tasks and identify their
main parameters or variablesto quantify their effectsregarding
demandsin different domains of cognitive functioning. For that,
we operationalized al tasks into their task parameters
(independent variables; 1Vs) to study their demands in 4
cognitive domains (attention, memory, language, and executive
functions) and for their overall difficulty (dependent variables;
DVs). The breakdown of the tasks is as follows and is
summarized in Table 1:

1. Word search: A predetermined number of words can be
found up, down, forward, or diagonaly in a pool of
randomized letters. Words can overlap so that a letter can
be part of 2 or more words. This task was operationalized
according to the number of wordsto find and the existence
of clues provided to identify words (pictures, words, or
none).

2. Problem resolution: Here, 2 types of problems are
presented, numeric calculations or calculations based on a
textual description of daily activities. Problems vary
according to the number of operationsinvolved and the use
of numbers with ones or tens.

3. Numeric sequences. A numeric sequenceisgiven asafinite
sequence of numbers, and the subject must come up with
the missing numbers. The task can be operationalized
according to the number of missing numbers (1, 2, or 3) in
the sequence, their position in the sequence, and the step
size between numbers.

4. Action sequencing: In thistask, alist of randomized steps
needed for the execution of several ADLsispresented. The
task can be defined by the number of steps to be ordered
and whether the goal of the task is explicitly mentioned or
must be guessed.

5. Association: Thetask comprehendsanumber of randomized
pairs of items. These items need to be paired correctly
according to alogical relationship between them.

6. Cancellation: The purpose of cancellation tasks isto find
predetermined target stimulus in a pool of distractor
stimulus. Thus, we operationalized this task according to
the type of stimulus (letters, black or colored symbols, or
numbers), the pool size, and their arrangement (randomly
organized or in agrid structure).

7. Categorization: This task consists of organizing different
items into their underlying categories. The names of the
categoriesare not given, it must be guessed from theitem'’s
or object’srelationships. Thetask can be defined according
to the number of categories and the number of items.

8. Comprehension of contexts: In this task, some images are
given with some descriptions, with some being incorrect
descriptions.

9. Image pairs: In this task, a number of pairs of images are

presented to be memorized. They arerecalled after 30 min.

Mazes. The task consists of a labyrinth type of puzzle

through which one must find the way out. The task can be

operationalized according to the maze size.

Memory of stories: The task consists of recaling

information about a read story or a pictoria scenario by

10.

11
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answering questions about it. Stories can be textua or
pictorial (type) and can have several descriptive elements
(size) and a variable number of questions.

Task Permutation

After the operationalization of the previously mentioned 11
tasks and the identification of their underlying parameters,
multiple variants of each task were created to explore all
parameter space. Becauseit isnot feasible to study the complete
permutation of all combinations of task parametersfor al tasks
(@ minimum of 134), task parameters were selected and
combined according to what was feasible to implement and
could be mathematically modeled. Table 1 describes the
parameter combinationsthat were selected. Overall, we created
67 variants of the above 11 tasks.

Assessment

Subsequently, we further involved in this study a total of 20
external  rehabilitation experts (3  physatrists, 5
neuropsychologists, and 12 rehabilitation therapists) from the
private and public sectorsin the autonomous region of Madeira
and mainland Portugal. None of them was involved in the
previous steps of the design process. The age range of
participants was from 26 to 56 years (mean=40.05, SD=10.26),
and the experts experience range was from 2 to 32 years
(mean=16.40, SD=10.54). Participantswere 85% (17/20) female.

Each of the 20 study participants rated each of the 67 task
variantsin a1 to 10 Likert scale according to their assessment
of thetasks' demands on attention, memory, language, executive
functions domains, and difficulty. Participants were provided
with the questionnaires to be completed within aweek and the
order in which participants rated the variants, and the amount
of timerequired to complete the 67 of them was not controlled.

Results

Internal Consistency

The internal consistency of each questionnaire was assessed
through the Cronbach al pha, which reported consistency in the
experts responses for all tasks (Multimedia Appendix 1).

Quantification of the Cognitive Profile of the Tasks

An analysis of the ratings of the 20 rehabilitation experts
answers was performed to proceed to the identification of the
relevant task parameters and the quantification of their impact
regarding cognitive demands via a computational modeling
approach. We have used this computational approach because
traditional multiple regression techniques treat the units of
analysis as independent observations, which is not the case in
our study. The computational modeling was performed with
theR3.1.1 software (Bell Labs), through the multilevel analysis
package, which provides tools to estimate a wide variety of
within-group agreement and reliability measures and provides
data manipulation functions to facilitate multilevel analyses
such as the one presented here [42]. A descriptive analysis per
cognitive domain and overall difficulty (Table 2) was performed
with the Statistical Package for the Social Sciences 20 (IBM
SPSS Statistics 20).
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Table 2. Mean, minimum, and maximum ratings per task variant in each domain and overall difficulty.

Fariaet a

Training task Memory Executive functions Attention Language Difficulty

Word search, mean (range) 552 (5.05-6.20)  6.04 (5.60-6.55) 6.93(6.50-7.60)  5.65(5.25-6.00)  6.37(5.70-7.00)
Problem resol ution, mean (range) 6.10(6.10-6.10)  7.23(7.15-7.30) 6.97 (6.90-7.05) 520 (4.655.75)  6.19(5.35-7.20)
Numeric sequences, mean (range) 5.30 (5.00-5.60)  6.65 (6.50-6.80) 6.87 (6.65-7.10)  4.68(4.45-4.90)  3.06(1.38-4.50)
Action sequencing 472(3.355.65)  4.79 (3.90-5.65) 5.35(3.80-640)  4.83(3.50-5.75)  4.74(3.15-6.20)
Association 3.37(2.65-4.25)  3.92(3.40-4.35) 3.95(3.00-4.95) 3.28(3.00-3.85)  3.78(3.10-4.90)
Cancellation 3.59(2.60-450)  3.98(2.95-5.00) 500 (4.05-6.15)  2.94(2.253.60)  4.08(2.85-5.05)
Categorization 3.60(2.20-500)  4.43(2.85-5.95) 418 (2.60-5.65)  3.87(2.80-4.70)  4.22(2.35-6.05)
Comprehension of contexts 2.63(2.60-2.65)  3.25(2.65-3.85) 340(3.20-3.60) 3.95(3.45-4.45  2.93(2.55-3.30)
Image Pairs 6.97 (5.85-8.40)  5.55 (4.75-6.40) 6.75(5.75-8.10)  4.62(3.90-5.45)  6.35(4.90-7.95)
Mazes 3.87 (2.90-4.90) 5.17 (3.70-6.45) 5.23 (4.10-6.50) 3.28 (2.65-3.70) 4.63(3.20-6.10)
Memory of stories 6.36 (4.40-7.70)  4.89 (3.25-6.15) 6.67 (4.90-7.90) 5.41(4.156.65)  5.95(3.85-7.40)

By assessing the minimum and maximum ratings per task variant
in each domain, we can create a profile for every task, which
is graphically represented in Figure 2, which determines each
task’s training range. These profiles alow us to quickly judge
the demands of each task and their adaptability in each cognitive
domain. For instance, in the word search task, the demands
range from 5.05 to 6.20 for memory, from 5.60 to 6.55 for the
executive functions, from 6.50 to 7.60 for attention, and from
5.25to 6 for language.

Multilevel Analysisand Maodeling

The above-reported ranges correspond to the ranges of thetested
task variants, which are limited to the parameters described in
Table 1. Through computational approaches, it is possible to
further generalize these profiles by modeling the effect of
untested parameters and combinations. Multilevel analysiswas
selected to accommodate the specificity of the data collected
with partial observations (not all parameter combinations were
assessed). The objective of the modeling approach was to
guantitatively determine how the IV's (task parameters) impact
each of the DVs (memory, executive functions, attention,
language, and difficulty). To model this relationship, the
parameters of each task (IVs) were used as predictors of the
demands in each cognitive domain (DVs). A multilevel model
of the following type was computed for each task:

DV=intercept+C10V1+C20V2+...+CiOVi

where Ci indicates the contribution of each 1V to the DV. These
models considered a linear relationship with the order that the
tasks were analyzed, allowed the slopes of these relationships
to randomly vary, and incorporated an autoregressive structure
with serial correlationsin the error structures.

The basic procedure started by examining the nature of the
outcome (task difficulty or cognitive load). First, we estimated
the intraclass correlation coefficient and determined whether
the outcome or DV (task difficulty or cognitive load) did not
randomly vary among rehabilitation professionals. Thereafter,
we considered only the significant 1Vs of the model. Second,
we examined the form of the relationship between the order of
the rated cognitive tasks and the outcome task difficulty or

http://rehab.jmir.org/2018/2/€10714/

cognitive load. We wanted to know whether there was an order
effect of the task’s rating. Third, we attempted to determine
whether the relationship between the task order and the outcome
or DVs is constant among individuals or whether it varies on
anindividual-by-individual basis. Fourth, we modeled the error
structures such as autocorrelation [42].

The model quality was quantified, after each iteration, through
the Akaike Information Criterion (Al1C), Bayesian Information
Criterion (BIC), and P values. AIC is an estimate of a constant
plus the relative distance between the unknown true likelihood
function of the data and the fitted likelihood function of the
model so that a lower AIC means a model is considered to be
closer to the truth. AIC does not provide a test of amodel in
the sense of testing a null hypothesis; therefore, it can tell
nothing about the quality of themodel in an absolute sense. BIC
is an estimate of a function of the posterior probability of a
model being true, under a specific Bayesian setup, so that a
lower BIC means that a model is more likely to be the true
model. Both criteria are based on various assumptions and
asymptotic approximations. Hence, AIC and BIC provide a
meansfor model selection. Each, despiteits heuristic usefulness,
has also been criticized as having questionable validity for
real-world data. Our modeling process stopped at the step where
the best model was generated according to AIC.

Through the computational analysis, we quantified how the
manipulation of the IV impacted the DV. In some tasks and for
some specific cognitive domains, it was not possible to model
the relationship between IV and DV, which means that some
parameter manipulations had no significant effects on the DV.
In those cases, the mean rating is assumed in that domain. Task
parameters that do not have a significant contribution to either
of the cognitive domains or overall difficulty are omitted in the
guidelines below. In the following, we present the detailed
guidelines for the customization of training. Multimedia
Appendices 2-10 and Tables 3-6 contain the mathematical
model s together with the A1C and BIC values, which helped us
to determine if we should perform the third (Order) and fourth
(AutoCorr) steps of the modeling process.
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Figure 2. Task adaptation profiles represented as radar plots. Each plot has 4 axes—memory, executive functions, attention, and language—and the
area between the blue (minimum) and the red line (maximum) represents the range interval in which the task varied depending on the selected task
parameters in the study.
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Table 3. Problem resolution task models for language and difficulty.

Problem resolution task Language Difficulty
Coefficient value SE tvalue Coefficient value SE tvalue
Intercept 4.65 0562 8.281 4.870 0568 8.573
Type 1.10 0.242 4.548 _a — —
Operations number — — — 0.542 0.080 6.737
Tens — — — 0.365 0.186 1.964
@Not applicable.
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Table 4. Problem resolution task models quality for language and difficulty.

Fariaet a

Model Quality Language Difficulty
Akaike Information Criterion 645.2693 794.0537
Bayesian Information Criterion 668.2871 813.7529
Order Yes Yes
Autocorrelation Yes Yes
Table 5. Comprehension of contexts task models for executive functions, language and difficulty.
Comprehension of contextstask  Executive functions Language Difficulty
Coefficient value SE tvalue Coefficient value SE tvalue Coefficient value SE tvalue
Intercept 0.25 1235 0.202 1.45 1268 1.144 1.05 0.694 1513
Descriptions number 1.20 0457 2.629 1.00 0453 2.207 0.75 0228 3.290
Table 6. Comprehension of contexts task models quality for executive functions, language and difficulty.
Model quality Executive functions Language Difficulty
Akaike Information Criterion 177.3641 184.2205 144.2994
Bayesian Information Criterion 183.9144 190.7708 150.8498
Order No No No
Autocorrelation No No No

Word Search (I mpact Memory, Attention, and Executive
Functions)

Through raising the number of words, it is possible to increase
overal difficulty, memory, attention, and executive functions
demands. In addition, if clues are given in images, it is more
difficult and demanding for memory, attention, and executive
functions (Multimedia Appendix 2).

Problem Resolution (I mpact Language)

The task allows the training of language by presenting the
problems through real daily living situations. A higher number
of operations and number of digitsincreasethe general difficulty
of thistask (Tables 3 and 4).

Numeric Sequences (I mpact Memory, Attention,
Executive Functions, and Language)

The higher the demands for training memory, attention,
executive functions, and language, the more the missing
numbers, and yet higher if they are omitted at the beginning of
the sequence. Concerning overall difficulty, the task is more
laboriousif the sequence isin descending order and the higher
the step size between the sequence numbers is (Multimedia
Appendix 3).

Action Sequencing (I mpact Memory, Attention,
Executive Functions, and Language)

A higher number of steps are needed to increase the cognitive
demands. Also, it is possible to make the training more

demanding for attention and language if the task goal is not
explicitly mentioned (Multimedia Appendix 4).

http://rehab.jmir.org/2018/2/€10714/

Association (I mpact Memory, Attention, Executive
Functions, and Language)

Augmenting the number of pairswill increase the difficulty as
well as the training of memory, attention, executive functions,
and language (Multimedia Appendix 5).

Cancellation (I mpact Memory, Attention, Executive
Functions, and Language)

Memory and attention demands can be increased by using
symbols and letters instead of numbers and by having more
distractors and targets. For training in the language domain, we
should use symbols and increase the number of distractors. By
increasing both targets and distractors and using symbols, the
task gets more difficult and more demanding in executive
functions (Multimedia Appendix 6).

Categorization (Impact Memory, Attention, Executive
Functions, and Language)

Augmenting the number of categorieswill increasethe difficulty
of the task as well as the training of memory, executive
functions, and language. Concerning attention, besides
augmenting the number of categories, we need to have more
items per category (Multimedia Appendix 7).
Comprehension of Contexts (I mpact Executive Functions
and Language)

The higher the number of descriptions per context, the higher

the demands for executive functions, language, and difficulty
(Tables 5 and 6).
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Image Pairs (Impact Memory, Attention, Executive
Functions, and Language)

Increasing the number of images to pair will increase the
difficulty of the task and the training of memory, attention,
executive functions, and language (Multimedia Appendix 8).

Mazes (I mpact Memory, Attention, Executive Functions,
and Language)

They can be used to train memory, attention, executive
functions, and language. By augmenting the size of the mazes,
the cognitive demands and genera difficulty are increased
(Multimedia Appendix 9).

Memory of Stories (Impact Memory, Attention, Executive
Functions, and Language)

To increase demands for memory, attention, and genera
difficulty, we need to increase the length of the story and the
number of questions about it. To train executive functions and
language, increasing the story length is enough (Multimedia
Appendix 10).

The above modeling effort of the selected cognitive training
tasks—selected for their high impact in the redlization of
ADLs—enables usto create a cognitive rehabilitation program
that is precisely adjusted to each individual cognitive domain
depending on the specific profile of each patient in terms of
memory, attention, executive functions, language demands, and
overal difficulty. Our computational approach, thus, captures
the implicit rehabilitation experts’ experience and knowledge
guantitatively; thus, providing uswith explicit modelsto create
an adaptation engine capable of personalizing cognitivetraining.

App: the Task Generator

Still today, paper-and-pencil tasks are the most widely used
means of cognitive rehabilitation [43] because of their
acceptance, clinical validity, and reduced cost [44]. However,
one of their limitations is that they lack flexibility and
personalization. Consequently, it would be advantageous to
have atool that could generate standard, accepted, and validated
paper-and-pencil tasks, yet customized according to any patient
profile. This approach would mitigate some of the most critical
limitations of paper-and-pencil tasks. For this reason, we have
created a free and world-accessible Web-based tool, the TG,
for the generation of personalized cognitive training tasks (see
Multimedia Appendix 11). The TG is a Web-based app and
does not require to be installed on the computer; the only
software required isaPDF reader to open the downloaded fil es.
Through thistooal, clinicians can define appropriate parameters
of training for memory, attention, executive functions, language,
and difficulty, and it automatically generates the requested
personalized cognitive training tasks based on the task
adaptation profiles represented as radar plots in Figure 2 (the
area between the minimum and the maximum line represents
the range interval in which each task can vary).

Tasks can be created either individually by directly specifying
the values of their parameters (Figure 3) or as afull cognitive
training program containing the whole set of 11 personalized
training tasks. Tasks are created procedurally; 2 training tasks

http://rehab.jmir.org/2018/2/€10714/
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are never the same, alowing for the repeated use of this tool.
Besides, the generated tasks have a task profile (Figure 4)—a
graphical representation of their demands in each cognitive
domain and difficulty—enabling clinicians to efficiently and
continuously adapt the training to the patient’s needs (Figure
5).

Training Adaptation Over Time

When the patient finishes a set of tasks, the clinician may use
one of these 2 procedures:

1. Fromtraining session to training session: By scoring the
TG task’s performance using a 0% to 100% scale and
computing the mean performance of the whole task’s set.
If the mean performanceis higher than a specific threshold
(for instance, assuming an optimal performance from 70%
to 100% [45]), theclinician should increase by 0.5 only the
difficulty parameter while keeping the ones related to
memory, attention, executive functions, and language
constant. Alternatively, if performanceisfrom 0% to 50%,
the difficulty parameter should be reduced by 0.5.

2. After a progress evaluation point: By performing a new
assessment of the patient profile. A new set of training tasks
is generated with the new assessment following the same
procedure stated in the Cognitive Training Program
Generation section.

Full Cognitive Training Program Generation

Once a patient is assessed, and the patient’s deficits and
cognitive profile are known, the clinician’s challenge is that of
adapting the available training tasks to this patient. TG solves
that problem by allowing clinicians to quickly generate a
complete cognitive training program, containing the whole set
of 11 tasks by simply specifying the cognitive profile for a
patient in 4 cognitive domains (memory, attention, executive
functions, and language), and the overall task difficulty ina 1
to 10 scale. Thiscan be easily done through the characterization
of the patient with validated instruments such as the Montreal
Cognitive Assessment (MoCA) [46]. The TG Attention
parameter can be defined from MoCA's attention component
score (0-6); the delayed recall and orientation scores (0-11) can
be used to parameterize memory; executive functions can be
parameterized through the sum of the visuospatial, executive,
and abstraction MoCA subscores (0-7); MoCA's naming and
thelanguage scores (0-6) can be used to parameterize language;
and thetotal score (0-30) can be used to parameterize the overall
difficulty. After the characterization of a patient, through the
normalization of these assessment results on a 1 to O scale, a
full training program is generated by pressing the Generate
Training button and then can be downloaded as a PDF file by
pressing the Download PDF button. In addition, there is an
optional check box in the patient profile page that when selected
only generatestasks closely matching the chosen profile. Tasks
that would differ substantially from the selected profile can then
befiltered out asthey can represent nonoptimal task parameter
choices. Nonetheless, the user can disable this feature by
unchecking the selection box and the TG will generate the
complete set of 11 tasks, with the best possible personalization
allowed by their parameters.
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Figure 3. Individual tasks can also be generated by specifying the value of their parameters (cancellation task example).

Profile | Cancellation Number Sequencing Problem Resolution Association Context

Image Pairs ~ Scrumbled Words Labyrinth ~ Categorization ®

Generation of a simple one page text document with a custom made parametrized
cancellation task

Total number of elements: 128

Percentage of target elements: 10

Target size: 15

Content type: Numbers 3
Organization type:

Generate PDF

Figure 4. A cognitive training program can be generated by specifying the intended training intensity in each cognitive domain. Each training task
contains avisua task profile, indicating its demands in attention, memory, executive functions, language, and difficulty.
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Figure 5. Example of different parameterizations of the cancellation task. The graphical profile changes according to the parameters defined by the

clinician. —
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Discussion

Principal Findings

We devel oped adesign framework where we borrowed concepts
from educational psychology and aparticipatory design strategy
with stakeholdersto support the devel opment process. Through
this process, we were able to identify a representative group of
well-established standard paper-and-pencil tasks currently used
for cognitive rehabilitation, and we operationalized them with
respect to their parameters. To that end, the expert knowledge
of 20 rehabilitation experts was used to model each task for its
difficulty and impact on cognitive functions. The task models
obtained provide us with valuable guidelines toward the
development of personalized cognitive rehabilitation tools.
Furthermore, we demonstrated the proposed methodol ogy with
an example case: a Web-based tool for the generation of
customized paper-and-pencil cognitive training tasks, the TG.
We believe that the TG contributes toward the definition of
objective procedures for the application of adaptive cognitive
rehabilitation through the use of ICTs. The use of TG has
virtually zero cost associated, and it is available in English,
Portuguese, and Italian.

Comparison With Prior Work

Recent technol ogical advances have allowed improved appsfor
cognitive rehabilitation, and it has been shown that they can be
effective rehabilitation tools for heath professionals [33].
However, the lack of a precise design methodology that can
guide the development of ICT's applications, applied to

http://rehab.jmir.org/2018/2/€10714/
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rehabilitation, still remains one of the main limitations in this
field. Data mining techniques have been applied to predict the
outcomes of cognitive rehabilitation in patients with acquired
brain injury; however, rehabilitation experts input should also
be included [47]. As an answer to this need, the primary goal
of this study was to propose a general framework to guide in
the design of future cognitive rehabilitation tools, with objective
and expert-based guidelines.

The app here presented guidelines in a Web-based tool as the
TG also addresses the accessibility limitations because it can
be widely deployed at health care centers and home. This new
approach does not interfere with current clinical practices
because it produces printable paper-and-pencil tasks. By
enabling the adaptation of task parameters and difficulty levels
according to patient performance, this tool provides a
comprehensive and highly personalized cognitive training.

Limitations

Degspite the valuable guidelines obtained, via computational
modeling, from our participatory design strategy, some
limitations of our study must be considered. Firgt, there is a
considerable variety of paper-and-pencil tasks being used in
cognitive rehabilitation and stimulation practice, and we have
selected asmall subset of 11 tasksto be possibleto parameterize
and present them in a questionnaire; however, we are aware it
is a smal number. Second, concerning the sample of
rehabilitation experts, 20 participants can be considered asmall
number although we managed to include different professionals:
physicians, psychologists, and therapists. Third and last, our
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participatory design strategy was limited in the sense that we
did not include subjective and qualitative feedback from the
rehabilitation experts, except for one of the physiatrists who
was involved in the task selection phase.

Developments of This Study

Although paper-and-pencil tasks are widely used in cognitive
rehabilitation, these tools mostly focus on isolated components
of cognitive functioning, which have been reported to disagree
with everyday life tasks [44,48]. It has been shown that virtual
reality (VR), asatool, hasasignificant potential for enhancing
the reliability and specificity of cognitive assessment and
rehabilitation [19,49]. Dueto all the VR advantages, thelogical
next step istheintegration of the computational model s obtained
through the participatory design study in a cognitive VR
rehabilitation environment presented here. In this context, we
integrated the findings from our models and transformed the
original paper-and-pencil tasksin virtual ADL's tasks within a
simulation of acity with streets, sidewalks, realistic buildings,
several parks, and moving vehicles—the Reh@City [50]. The
activities in the Ren@City are organized in parameterized
difficulty levels and target the cognitive domains addressed in
the guidelines presented here: memory, attention, executive
functions, and language. As an illustrative example, in terms
of attention, Reh@City incorporates relevant ADL's,
implementation of which helps bridge paper-and-pencil
cancellation tasks. More specifically, targets and distractorsare
embedded in a pharmacy, a supermarket, or a post-office shelf.
This kind of implementation allows the operationalization of
the training difficulty by changing the number and nature of
targetsand distractors, their sizes, and their spatial arrangement.
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Currently, we are running a 1-month longitudinal randomized
controlled trial comparing both TG and Reh@City v2.0
interventions. This study entails a comprehensive
neuropsychological assessment not only pre- and post
intervention but also at follow-up, with the aim of comparing
the impact of a personalized paper-and-pencil program (TG), a
personalized and integrative VR-based program (Reh@City
v2.0), and conventional therapy. The main objective of this
study was to assess the neuropsychological and functional
impact of a paper-and-pencil task and aV R intervention, having
the sametasks and parameterization guidelinesfor comparison.
In addition, in this study, we are also addressing the usability
of thetool through interviews and questionnaires so that we can
improve both tools regarding the patients’ perspective.

Future Work

Many health care providers are unfamiliar with ICTsand, asa
consequence, avery small percentage of peoplewith disabilities
have access to technological devicesthat can assist them in the
rehabilitation process. To mitigate this issue, it would be
valuable to improve the usability of both the TG and the
Reh@City by interviewing the health care providers after using
them as complementary tools for their work.

Moreover, as future work, we are also planning to upgrade the
TG app by creating a tablet version that allows remote
monitoring by the heath care providers and automatic
personalization through artificial intelligence and machine
learning algorithms.
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