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Abstract

Background: Strokeisaworldwide cause of disability; 40% of stroke survivors sustain cognitive impairments, most of them
following inpatient rehabilitation at specialized clinical centers. Web-based cognitive rehabilitation tasks are extensively used in
clinical settings. The impact of task execution depends on the ratio between the skills of the treated patient and the challenges
imposed by thetask itself. Thus, treatment personalization requires atrade-off between patients’ skillsand task difficulties, which
is still an open issue. In this study, we propose Elo ratings to support clinicians in tasks assignations and representing patients
skills to optimize rehabilitation outcomes.

Objective: Thisstudy aimsto stratify patients with ischemic stroke at an early stage of rehabilitation into three levels according
to their Elo rating; to show the rel ationships between the Elo rating levels, task difficulty levels, and rehabilitation outcomes; and
to determineif the Elo rating obtained at early stages of rehabilitation is a significant predictor of rehabilitation outcomes.

Methods: The PlayerRatings R library was used to obtain the Elo rating for each patient. Working memory was assessed using
the DIGITS subtest of the Barcelonatest, and the Rey Auditory Verbal Memory Test (RAVLT) was used to assess verbal memory.
Three subtests of RAVLT were used: RAVLT learning (RAVLTO75), free-recal memory (RAVLTO015), and recognition
(RAVLTO15R). Memory predictors were identified using forward stepwise selection to add covariates to the models, which were
evaluated by ng discrimination using the area under the receiver operating characteristic curve (AUC) for logistic regressions

and adjusted R? for linear regressions.

Results: Three Elo levels (low, middle, and high) with the same number of patients (n=96) in each Elo group were obtained
using the 50 initial task executions (from a total of 38,177) for N=288 adult patients consecutively admitted for inpatient
rehabilitation in aclinical setting. The mid-Elo level showed the highest proportions of patientsthat improved in all four memory
items: 56% (54/96) of them improved in DIGITS, 67% (64/96) in RAVLTO075, 58% (56/96) in RAVLT015, and 53% (51/96) in
RAVLTO15R (P<.001). The proportions of patients from the mid-Elo level that performed tasks at difficulty levels 1, 2, and 3
were 32.1% (3997/12,449), 31.% (3997/12,449), and 36.9% (4595/12,449), respectively (P<.001), showing the highest match
between skills (represented by Elo level) and task difficulties, considering the set of 38,177 task executions. Elo ratings were
significant predictors in three of the four models and quasi-significant in the fourth. When predicting RAVLTO75 and DIGITS
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at discharge, we obtained R?=0.54 and 0.43, respectively; meanwhile, we obtained AUC=0.73 (95% Cl 0.64-0.82) and AUC=0.81
(95% CI 0.72-0.89) in RAVLTO075 and DIGITS improvement predictions, respectively.

Conclusions:
assigning task difficulty levels.

(IMIR Med Inform 2021;9(11):€28090) doi: 10.2196/28090
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Introduction

Background

Stroke is currently considered one of the top global causes of
disability, with most survivors of stroke in need of inpatient
rehabilitation at specialized clinical centers[1]. Recent studies
have reported that almost 40% of survivors of stroke sustain
cognitive impairment [2]. The World Health Organization
definition of cognitive impairment has been recently referred
[3] to as problems experienced by anindividual in remembering
things, making decisions, learning abilities or concentrating
on tasks that affect their everyday life.

Cognitive rehabilitation (neuropsychologica rehabilitation)
relies on brain plasticity to induce neuroplastic changes to
compensate for cognitive impairments [4]. Brain injury is one
of the key causes of cognitive impairment; however, other
factors contribute to the ever-increasing number of people in
need of cognitive rehabilitation (one of them being the global
trend in population aging).

One of the most frequent cognitive problems reported by
poststroke patientsin their daily livesisrelated to memory loss
[5,6]. To date, associations between factors for ischemic stroke
and clinical outcomes have been analyzed predominantly in
older rather than younger patients [7]; however, the incidence
rates of ischemic stroke have increased in young adults in the
United States[8] and also in Europe [9].

New strategies for providing cognitive rehabilitation services
are constantly required and are continuously being integrated
into clinical practice [10]. One such strategy is the use of
web-based systems, and severa of these systems have already
been used to optimize cognitive interventions [11,12]. However,
because of the relatively recent development of these services,
the best strategies to integrate them into everyday clinical
practice are still unclear [13]. Nevertheless, strategiestargeting
the personalization of the proposed activities for patients
according to their specific needs appear to be more effective
[14].

A typical cognitive rehabilitation program mainly provides
exercises that require repetitive use of the impaired cognitive
system in a progressively more demanding [15] sequence of
tasks. The impact of a task or exercise execution depends on
the ratio between the skills of the treated patient and the
challenges involved in the execution of the task itself. Thus,
determining the correct training schedul e requiresaquite precise
trade-off between sufficient stimulation and sufficiently
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achievable tasks, which is far from trivial and is still an open
issue, both empirically and theoretically [16,17].

Furthermore, prediction of specific outcomes after stroke
rehabilitation is used by clinicians to improve the accuracy of
prognoses, set attainable goals, reach shared decisions,
personalize rehabilitation plans, and inform patients and rel atives
[18].

In this study, we propose the application of Elo ratings to
provide clinicians with a ranking of patients at an early stage
of cognitive rehabilitation by using the results of web-based
cognitive rehabilitation tasks. We hypothesize that (1) such
ranking of patientswill allow cliniciansto match patient’s skills
with task difficulties, thereby enabling better treatment
personalization, and (2) such a rating will be a significant
predictor of patients’ outcomes for memory cognitive function.
Theoriginal proposal of the Elo rating system was designed to
rate chess players, and the rating system was named after its
creator Arpad Elo [19].

The Elo system works as follows; an initial rating is assighed
to each player every time aplayer playsamatch. Thisratingis
updated for both players depending on the result of the match.
If the winner is the player with the higher rating, the update is
small, and it islarger depending on how unexpected the victory
is, according to their previous ratings [20].

The basic Elo rating system is used in several types of contests
beyond chess, for example, football [21]; however, different
applications have been extensively reported elsewhere. It has
been used for eliciting user preferences in community-based
sites[22], assessing security and vulnerability risks[23], ranking
posts in web-based forums [24], rating patterns in videogames
[25], detecting fabric defects in the textile industry [26],
providing students with individualized learning materials in
educational settings [20], studying traffic congestion in urban
transportation [27], studying dominance hierarchies in
behavioral and evolutionary animal ecology [28], forecasting
sales and optimizing prices of new product releases [29],
alocating resources for criminal justice to support supervision
officers [30], and identifying people using facial comparative
descriptions[31].

Nevertheless, to the best of our knowledge, Elo ratings have
not been applied in cognitive rehabilitation in general or in the
specific use—case of a web-based application where patients
perform web-based cognitive tasks during their rehabilitation
period.
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Objectives
In this study, we propose that instead of considering matches

between, for example, chess players, we consider matches
between patients and web-based cognitive rehabilitation tasks.

The aims of this study are (1) to demonstrate the feasibility of
the approach by presenting a synthetic data set wherewe obtain
an Elo rating for each patient by considering each execution of
acognitive rehabilitation task by the patient asamatch between
the patient and the task; (2) to obtain the Elo rating of each
patient in areal rehabilitation setting where adult patients with
ischemic stroke follow cognitive rehabilitation by executing
web-based rehabilitation tasks and use these Elo ratings to
perform a stratification of patients into 3 groups according to
their Elo rating (low, middle, and high); (3) to analyze the
relationship among the three Elo rating levelsand the proportion
of tasks executed at three increasing difficulty levels (1, 2, and
3) with the rehabilitation outcomes in the memory cognitive
function; and (4) to develop and internally validate four
predictive models for auditory verba learning memory and
working memory outcomes using Elo ratings obtained at early
stages of rehabilitation as independent variables and
state-of -the-art variables (eg, sex, age, and length of stay). The
first two models are developed for predicting auditory verbal
learning memory and working memory at discharge and the
other two for predicting improvements in auditory verbal
learning memory and working memory at discharge.

Methods

Participantsand Clinical Setting

The setting was the inpatient acquired brain injury rehabilitation
unit of the Institut Guttmann hospital, a specialized clinical
center certified in quality of care and patient safety (Joint
Commission International since 2005 and consecutively
recertified in 2009, 2012, and 2018). Theinitial study population
consisted of 344 patients with ischemic stroke who were
consecutively admitted for inpatient rehabilitation from March
2009 to September 2019. Patients were included in the study if
they had been admitted within 180 days of the onset of an
ischemic stroke. Patients who were admitted >180 days after a
stroke (31/344, 9%), who had no cognitive assessment within
aweek after stroke rehabilitation admission (18/344, 5.2%), or
had missing data (7/344, 2%) were excluded. Therefore, 83.7%
(288/344) of the patients were available for analysis. Patients
with aphasia were not included in the n=344 initial sample as
they follow a different rehabilitation protocol involving a
different set of cognitive assessments and, therefore, need to be
analyzed separately (in future work).

At admission, each patient was assigned a physician who
coordinated the rehabilitation team (a nurse, a
neuropsychologist, a physiotherapist, an occupational therapist,
a social worker, and a clinical psychologist based on the
characteristics of the case). Therefore, admission and discharge
cognitive assessments (as well as all clinical and demographic
dataanalyzed in this study) were systematically recorded inthe
electronic health records of the hospital. The authors confirm
that this study is compliant with the Helsinki Declaration of
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1975, as revised in 2008, and it was approved by the Ethics
Committee of Clinical Research of Institut Guttmann.

The participants were anonymized and nonidentifiable. A
specific written informed consent was not required for
participants to be included in this study; nevertheless, at
admission to Institut Guttmann, participants provided written
informed consent to be included in research studies addressed
by the Institut Guttmann hospital .

Web-Based Cognitive Rehabilitation System

The Guttmann, NeuroPersonal Trainer web-based cognitive
rehabilitation platform used in this study comprises aset of 149
different web-based cognitive rehabilitation tasks. There is no
established previous order in which patients should execute
such tasks. Therefore, every patient executed (eventualy) a
different subset of them in a different order during their
rehabilitation process, taking between 2 and 6 months,
distributed over two to five sessions a week. During each
session, the patient executed between 4 to 10 cognitive
rehabilitation tasks, and thetotal duration of one session ranged
between 45 minutes to 1 hour. Each task mainly addressed one
of the following functions. memory, executive functioning,
attention, gnosias, calculus, orientation, language, and social
cognition. Immediately after each execution of atask, the patient
received a feedback on performance (ranging from 0-100, as
the percentage of compliance), with 0% being the lowest level
of compliance and 100% being the highest.

Cognitive Assessmentsat Admission

Before starting web-based cognitive rehabilitation using the
Guttmann, NeuroPersonal Trainer platform, every patient was
assessed once using standardized tests specifically validated for
the population under study. Specific linguistic abilities were
assessed using three subtests of the Barcelonatest [32,33]: (1)
repetition (maximum score=10), (2) denomination (maximum
score=14), and (3) comprehension (maximum score=16). For
assessing verbal fluency, the phonetic verbal fluency test [34]
was used. The Trail Making Test was used to assess executive
functioning [35] and the Wechder Adult Intelligence Test-11
[36] to assess visuospatial construction and perception.

Cognitive Assessments at Admission and Dischar ge:
Memory Variable

In this study (without loss of generdity), we assessed
improvements in the memory cognitive function using the Rey
Auditory Verbal Memory Test (RAVLT) [37] and the DIGITS
subtest of Barcelonatest [32]. RAVLT comprisesthree subtests:
RAVLT learning (RAVLTOQ75), freerecal memory
(RAVLTO015), and recognition (RAVLTO15R). In RAVLTO75,
the patient was asked to recall as many words as possible from
alist of 15 words, repeated five times. After a latency of 20
minutes, the patient was asked to recall thewords (RAVLT015),
and then the patient heard alist of 50 words containing the 15
initial sets that had to be recognized by the patient
(RAVLTO15R).

The DIGITS subtest (direct version) of the Barcelona test
addresses working memory, and the patient was asked to repeat
a series of numbers of variable lengths (3-9) until they failed
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in two consecutive series, reporting the largest series before
failure[32].

Elo Rating Formulation

The Elo rating system [19] isformally defined as[20]: given a
rating estimate 6, for each player i, the result of amatch between
playersi and j is represented by R;;(1{0,1}.

The actua ratings of each player are used to estimate the
probability that player i wins:

PRy =1)=1/(1+e @ %)) (@

which is used to update the ratings as follows, based on the
Bradley-Terry model [38]:

6, = ei+K(RU—P(RU = 1)) Q)

where K is a constant parameter that controls how quickly 6;
changes, with large K values resulting in 6; changing quickly
and small K valuesresulting in 6; changing slowly. In this study,
we considered three extensions to the original Elo system:
Glicko[39], Glicko-2[40], and Stephenson [41]. Glicko models
introduce a measure of reliability to assess the accuracy of the
rating; that is, the rating deviation. Stephenson rating can be of
interest in our context asit introduces a parameter that considers
the strengths of the opponents, [41] being in our case, player i,
the patient, and player j, the cognitive rehabilitation task.

Regression Models

Overview

Demographic and clinical state-of-the-art variables such asage,
gender, marital status, and variablesrelated to the rehabilitation
program, such as the time in between the onset of stroke and
initiation of the rehabilitation program or length of stay, were
considered as candidate predictors. Categorical variables were
dichotomized: female=0, male=1; low level of education=0,
high level of education=1 (depending on the number of years
of education); married=1, not married=0. Forward stepwise
selection was used to add covariates to the models, which were
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evaluated by assessing discrimination using area under the
receiver operating characteristic curve (AUC), accuracy,
sensitivity, and specificity for logistic regressions and to
maximize R? and adjusted R? for linear regressions. Thevariance
inflation factor and tolerance (1/variance inflation factor) were
used to test the multicollinearity of independent variables
(tolerance <0.40 indicates a multicollinearity problem) [42].
The Durbin-Watson (D-W) test was used to assess the
assumption of independent errors (D-W should be closeto 2 to
meet the assumption of independence [42]). The Elo rating
algorithm calculations (including Glicko, Glicko-2, and
Stephenson) were applied using the PlayerRatings R package
[41]. R v3.5.1 (R Foundation for Statistical Computing) was
used for all statistical analyses. The level of significance was
set at P=.05.

Dependent Variables

In linear regressions, the dependent variableswere RAVLT075
and DIGITS at discharge. In logistic regressions, the aim was
to predict improvement in RAVLTO75 (if RAVLTO75 at
discharge-RAVLTQ75 at admission =5, then improvement=true;
else, improvement=false) and improvement in DIGITS (if
DIGITS at discharge-DIGITS a admission =1, then
improvement=true; else, improvement=false).

Results

Demographic Characteristics and Cognitive
Assessments

Table 1 shows the demographic characteristics and clinical
assessments of the 288 included patients.

The mean age at thetime of thelesion was 51 (SD 9) years. The
proportion of participants aged <65 yearswas 93.8% (270/288)
(as opposed to most studies addressing ischemic stroke, we
analyzed working-age participants). In relation to sex, in our
data set, the proportion was 67.7% (195/288) men and 32.3%
(93/288) women, which seemsto suggest abiasin favor of men.
Nevertheless, it somehow reflects reality in the genera
popul ation, where the proportion of men experiencing ischemic
stroke is larger than that of women [43-45]; however, women
experience more hemorrhagic strokes [46].
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Table 1. Demographics and clinical assessments (N=288).

Variables Admission Discharge
Age (years), mean (SD) 51(9) N/AP
Age <65 years, n (%) 270 (93.8) N/A
Males, n (%) 195 (67.7) N/A
Marital status (married), n (%) 180 (62.5) N/A
Educational level, n (%)
Read and write 9(3.1) N/A
Primary 114 (50) N/A
Secondary 88 (30.5) N/A
Higher 66 (22.9) N/A
NIHSSC, median (IQR) 11 (7-15) N/A
TMTY A, mean (SD) 82 (64) N/A
TMT B, mean (SD) 157 (90) N/A
PMR®, mean (SD) 27 (12) N/A
VC'-CUBS, mean (SD) 23(12) N/A
VP-IMAGES, mean (SD) 173 N/A
VP-WAIS 11", mean (SD) 37(19) N/A
Barcelona test—repetition, mean (SD) 9(1) N/A
Barcel ona test—denomination, mean (SD) 13 (1) N/A
Barcel ona test—comprehension, mean (SD) 15(1) N/A
Barcelonatest-DIGITS, mean (SD) 3(D 4(1)
Barcelonatest-DIGITS, median (IQR) 4(3-4) 4(3-5)
RAVLT' 075, mean (SD) 37 (10) 43 (11)
RAVLTO75, median (IQR) 37 (30-45) 44 (35-52)
RAVLTO15, mean (SD) 6(3) 8(3)
RAVLTO15, median (IQR) 7(59) 9(6-12)
RAVLTO15R, mean (SD) 10 (4) 11 (3)
RAVLTO15R, median (IQR) 12 (8-14) 13 (10-14)
Length of stay (days), mean (SD) 88 (36) N/A
Length of stay (days), median (IQR) 84 (55-113) N/A
Time since onset to rehab admission (days), mean (SD) 55 (35) N/A
Time since onset to rehab admission (days), median (IQR) 43 (29-75) N/A

3Results are presented as mean (SD), median (IQR), or percentage, when appropriate.

BN/A: not applicable.

°NIHSS: The National Institutes of Health Stroke Scale.

HTMT: Trail Making Test.

®PMR test assesses the capacity of word generation according to an initial letter (P, M, and R).
fvC: visual construction.

9V P: visual perception.

PWAIS-111: Wechsler Adult Intelligence Test-11.

IRAVLT: Rey Auditory Verbal Memory Test.
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Elo Rating: Feasibility Case

We initially ran the four different Elo rating approaches
(standard Elo, Glicko, Glicko-2, and Stephenson) in a reduced
data set of 20 patients, each of whom executed the same task
20 times. Two screenshots of the selected task are presented in
Figure 1. The task addresses executive functioning (planning),
and the objective isto move ablue ball from aninitial position
inamazeto thefinal position, minimizing the number of moves.
The bar at the right indicates the time left to perform the task.
Figure 1 top shows theinitial position of the ball, and Figure 1

Garcia-Rudolph et a

bottom shows the status 20 seconds later when the objective
was accomplished.

The included 20 patients were stratified into three categories
according to their compliance in the maze task as follows:

» low compliance={id1, id2, id3, id4, id5, id6} ;
- mid compliance={id7, id8, id9, id10, id11, id12, id13};
»  high compliance={id14,id15,1d16, id17, id18, id19, id20} .

Figure 2 presents the boxplots of the obtained results in the
maze task at each execution in the 3 groups, showing their
different levels of compliance.

Figure 1. Two screenshots of the maze task, showing the initial position of the blue ball (top) and its position at the end of the task (bottom).
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Figure 2. Boxplots of the obtained results in the maze task at each execution in the 3 groups, showing the high, middle, and low levels of compliance

in the task.
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We then ran the four Elo rating systems with default values for
theinitial ratingsand K. We considered that when a patient gets
aresult >50%, they win the match against the maze; however,
if their result is <50%, the maze wins. The ratings obtained
using the Glicko approach are presented in Table 2. Patientsare
ordered in Table 2 according to their obtained ratings. Table 2

T
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h '

shows patients id19, id20, id16, id14, id17, id15, and id18 at
the first seven positions. Similarly, patients from the
midcompliance group are in positions 8-14, and patients from
thelow compliance group arein the bottom positions. The maze
task itself is adso considered as a player; it played all 400
matches, winning 118 and losing 282.

Table 2. Glicko ratings after 20 executions of the maze task (n=20 synthetic patients).

Player Glicko rating (deviation) Games Win Loss
id19 2565 (146.26) 20 20 0
id20 2565 (146.26) 20 20 0
id16 2450 (124.22) 20 19 1
id14 2368 (118.61) 20 18 2
id17 2364 (124.24) 20 18 2
id15 2293 (113.49) 20 17 3
id1s 2273 (119.90) 20 17 3
id12 2240 (104.33) 20 16 4
id10 2195 (97.57) 20 15 5
id13 2190 (99.44) 20 15 5
id9 2177 (103.78) 20 15 5
id1l 2143 (95.22) 20 14 6
id7 2122 (101.43) 20 14 6
id8 2112 (91.53) 20 13 7
id3 2035 (86.81) 20 10 10
Maze 1999 (36.77) 400 118 282
id2 1981 (87.77) 20 9 1
id5 1965 (88.01) 20 9 11
id4 1960 (87.11) 20 8 12
id6 1957 (87.46) 20 8 12
id1 1930 (89.33) 20 7 13
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Figure 3 shows the obtained ratings using all four approaches

for patient representatives of each of the compliance groups;
we plotted id1 and id6 patients from the low-level group, id10

Garcia-Rudolph et al

from the midlevel group, and id19 from the high level of
compliance group to visualize how the Elo ratings represented

their compliance levels.

Figure 3. Eloratingsusing all four approaches (traditional Elo, Stephenson, Glicko, and Glicko-2) for patient representatives of each of the compliance

groups; id1 and id6 (low level), id10 (midlevel) and id19 (high level).

Elo Ratings
1800 2000 2200 2400 2600

5 10 20
a
© — id19
o™ = id10
5 i
|
5 87
E o™~
™ o 3 - ~
r g = - N - \‘\...-
g (] !-‘f’ -
g o f'\.‘
S g4\ .
o™ \ . -'-."lu. - - - -
o '\ s Fra A e
o | <
3 .
- T T T
5 10 20
Executions
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Overview

Table 3 summarizes all task executions during the whole
rehabilitation process for al 288 included patients. A total of
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Executions

44,814 task executionswere performed in 5088 sessions during
the period under study. Each patient performed 155 task
executions on average. When considering the different functions
addressed by the tasks, the most frequently executed were those
addressing memory (18,183 executions), comprising almost
40.57% (18,183/44,814) of the total executions.

JMIR Med Inform 2021 | vol. 9 | iss. 11 | 28090 | p. 8

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Table 3. Cognitive rehab task executions (N=288 patients).

Garcia-Rudolph et al

Description Values
Total number of task executions 44,814
Executions per patient, mean (SD) 155 (113.2)
Total number of sessions 5008
Sessions executed per patient, mean (SD) 17 (11.5)
Tasks executed per session per patient, mean (SD) 9(4.4)
Total number of memory tasks executed 18,183
Total number of executive functioning tasks executed 14,061
Total number of attention tasks executed 8062

Total number of gnosias tasks executed 1795

Total number of calculus tasks executed 1695

Total number of orientation tasks executed 741

Total number of language tasks executed 261

Total number of social cognition tasks executed 16
Memory task results, mean (SD) 53.1(36.4)
Executive functioning tasks results, mean (SD) 49.6 (38.7)
Attention task results, mean (SD) 59.4 (36.7)
Gnosias task results, mean (SD) 74.4 (30.8)
Calculus task results, mean (SD) 72.9 (35.8)
Orientation task results, mean (SD) 75.6 (38.0)
Language task results, mean (SD) 55.5 (38.4)
Social cognition task results, mean (SD) 56.7 (37.1)

Preprocessing: Removing Less Executed Tasks

Asintroduced in the section WWeb-Based Cognitive Rehabilitation
System, the Guttmann, NeuroPersonal Trainer cognitive platform
includes 149 different web-based tasks. Thereisno established
previous order or frequency in which patients should execute
such tasks; therefore, in this section, we analyze task execution
frequencies. As shown in Table S1 (Multimedia Appendix 1),
several tasks were very infrequently executed. As detailed in
Table S2 (Multimedia Appendix 1), 68 tasks accounted for
38,177 executions. Therefore, 45.6% (68/149) of al available
tasks accounted for 85.18% (38,177/44,814) of all executions.
In this section, we analyzed these 68 tasks (executed by all
N=288 patients) and stratified them into three difficulty levels,
considering their input parameter configurations during the
38,177 executions.

https://medinform.jmir.org/2021/11/e28090

Ranking PatientsUsing thel nitial 50 Task Executions:
Elo Rating

We used the Stephenson rating with default parameters,
considering the following criteria

« | theresult <39%, then the task wins.
« If 40% < result < 64%, then the result is adraw.
«  If theresult 265%, then the patient wins.

The Stephenson ratings were obtained by considering the first
50 task executions for every patient. We then stratified all 288
patients into 3 groups (each group comprised n=96 patients),
according to their Elo ratings (low, middle, and high). Table 4
shows the memory assessments at admission and discharge,
percentage of patientsthat improved, mean number of executed
tasks, and obtained result comparisons for the three Elo levels
(low, mid, and high) obtained using the 50 initial task executions
for n=288 patients, with 96 patients in each Elo group that
performed 38,177 task executions of the most frequent 68 tasks
during rehabilitation.
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Table 4. Memory assessments at admission and discharge, percentage of patients that improved, mean number of executed tasks, and obtained results
comparisons for the three Elo levels (low, middle, and high) obtained using the 50 initial task executions (N=288 patients, 96 patientsin each Elo group
that executed 38,177 tasks during rehabilitation).

Variables Low Elo(n=12,431) MidElo (n=12,449) HighElo(n=13,297) P value
Sex (female), n (%) 4396 (35.36) 4607 (37.01) 3793 (28.52) <.001
Age (years) when starting rehabilitation, mean (SD) 52 (8) 51(8) 48 (10) <.001
DIGITS at admission, mean (SD) 3.4(0.9) 3.8(0.9) 4.0 (1.0) <.001
RAVLT2075 at admission, mean (SD) 379 36(10) 38(10) <.001
RAVLTO15 at admission, mean (SD) 6(3) 6 (3) 7(3) <.001
RAVLTO15R at admission, mean (SD) 10 (4) 10 (4) 11(4) <.001
Length of stay (days), mean (SD) 104 (37) 105 (35) 106(40) .05
Executed tasks, mean (SD) 245 (129) 222 (122) 241 (124) <.001
Obtained resultsin tasks, mean (SD) 37 (36) 56 (36) 68 (33) <.001
DIGITS at discharge, mean (SD) 3.5(1.0) 45(0.9) 4.4 (0.8) <.001
RAVLTO75 at discharge, mean (SD) 42 (11) 45 (11) 45 (12) <.001
RAVLTO15 at discharge, mean (SD) 8(3) 9(3) 9(4) <.001
RAVLTO15R at discharge, mean (SD) 11 (3) 12 (3) 12 (3) <.001
DIGITS IMP (yes), n (%) 2859 (22.99) 7059 (56.7) 5353 (40.26) <.001
RAVLTO75 IMP (yes), n (%) 5308 (42.69) 8356 (67.12) 7484 (56.28) <.001
RAVLTO15 IMP (yes), n (%) 6136 (49.36) 7325 (58.84) 7482 (56.26) <.001
RAVLTO15R IMP (yes), n (%) 6802 (54.72) 6683 (53.68) 7132 (53.64) <.001
Task difficulty level, n (%)

Level 1 4812 (38.71) 3997 (32.11) 3536 (26.59) <.001

Leve 2 3999 (32.17) 3857 (30.98) 4346 (32.68) <.001

Level 3 3620 (29.12) 4595 (36.91) 5415 (40.72) <.001

8RAVLT: Rey Auditory Verbal Learning Test.
BIMmP: improved.

obtained predictors of DIGITS at discharge (model 2), 43% of

Importance of Elo Rating in Predicting Outcomes: the variance explained.

RAVLTO75and DIGITS

Table 5 presents the obtained predictors of RAVLTO75 at
discharge (model 1), 54% of the variance explained and the

When the Elo rating feature is excluded from model 1, it
explains 52% of the variance, and when it is excluded from
model 2, the resulting model explains 42%.
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Table5. Multivariate linear regressions, nonstandard 3 (95% Cl), standard 3, Durbin-Watson (D-W) test, variance inflation factor, and R? and adjusted

R? for RAVLTO75 and DIGITS at discharge (N=288).

Variables B (95% Cl) Standard B VIR Pvaue  R? Adjusted R?

Model 1 predictors of RAVLTP 075 at discharge
Elo rating .01 (.01t0.02) .09 0.95 02 0.55 0.54
RAVLTO75 at admission .76 (.67 t0 .85) 66 0.92 <.001 0.55 0.54
LOC .04 (.01 t0 .06) 13 0.98 002 0.55 0.54
Sex -2.48 (-4.48 10 -0.48) -0.10 0.93 01 0.55 0.54
Age (years) -0.09 (-0.19t0 .01) -0.07 0.92 .06 0.55 0.54
D-W9=1 89 N/AE N/A N/A 37 0.55 0.54

Model 2 predictorsof DIGITS at discharge
Elo rating .00 (.00 to .00) 10 0.88 02 0.44 0.43
DIGITS at admission 63(5410.72) 63 0.91 <.001 0.44 0.44
LOS .00 (.00 to .00) 05 0.98 2 0.44 0.44
Sex .04 (-0.15t0 .23) 01 0.95 67 0.44 0.44
Age (years) .00 (.00t0 .01) 02 0.94 53 0.44 0.44
D-W=2.01 N/A N/A N/A 95 0.44 0.44

3/|F: variance inflation factor.

PRAVLT: Rey Auditory Verbal Memory Test.
¢LOS: length of stay.

9D-W: Durbin-Watson test.

EN/A: not applicable.

Importanceof Elo Ratingin Predicting | mprovement:
RAVLTO75and DIGITS

Table 6 presents the models used for predicting improvement
in RAVLTO75 and DIGITS. We used the criteria to decide
whether a patient improved as described in the Dependent
Variables section; 50.6% (146/288) of patients improved in
RAVLTO75, and 34% (98/288) of patientsimproved in DIGITS.
We used the same Elo ratings as described in the Ranking
Patients Using the Initial 50 Task Executions: Elo Rating
section. Model 3 yielded an AUC of 0.73 (95% CI 0.64-0.82)
for improvement in RAVLTOQ75, with an accuracy=0.64 (95%
Cl 0.54-0.72), specificity=0.55, and sensitivity=0.73. Model 4
yielded an AUC of 0.81 (95% CI 0.72-0.89) for improvement

https://medinform.jmir.org/2021/11/e28090

in DIGITS, with an accuracy=0.73 (95% CI 0.64-0.81),
specificity=0.22 and sensitivity=0.97. Models 3 and 4 are
detailed in Table 6. When the Elo rating was excluded as an
independent variable for model 3, the model yielded an AUC
of 0.66 (95% CI 0.56-0.76) for improvement in RAVLTO75,
with an accuracy=0.62 (95% CI 0.52-0.71), specificity=0.62,
and sensitivity=0.62. When the Elo rating was excluded as an
independent variable for model 4, the model yielded an AUC
of 0.73 (95% CI 0.62-0.83) for improvement in DIGITS, with
an accuracy=0.72 (95% CI 0.62-0.80), specificity=0.34, and
sensitivity=0.92. As shown in Table S3 (Multimedia A ppendix
1), RAVLTO75 was highly correlated with RAVLTO015 and
RAVLTO15R at admission and at discharge.
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Table 6. Multivariable logistic regressions, nonstandard 3, odds ratio (95% ClI), variance inflation factor for RAVLTO075, and DIGITS improvement

at discharge (N=288).

Variables Odds ratio (95% Cl) B coefficients ~ LVIF? P value
Mode 3° predictors of RAVLTC 075 improvement at discharge
Rating 1.00 (1.00-1.00) 61 0.93 .02
RAVLTO75 at admission 0.95 (0.92-0.97) -0.95 0.88 <.001
Los? 1.00 (1.00-1.01) .67 0.98 <.001
Sex 0.64 (0.37-1.11) -0.40 0.92 A2
Age 0.97 (0.94-0.99) -0.52 0.92 .04
Model 4° predictors of DIGITS improvement at discharge
Rating 1.00 (0.99-1.00) 57 0.86 .06
DIGITS at admission 0.38(0.26-0.52) -2.04 0.86 <.001
LOS 1.00 (1.00-1.01) 71 0.97 .01
Sex 1.02 (0.57-1.85) .02 0.96 .92
Age 1.00 (0.97-1.02) 01 0.95 .95

/| F: variance inflation factor.

BArea under the receiver operating characteristic curve=0.73 (95% Cl 0.64-0.82), accuracy=0.64 (95% CI 0.5451-0.7281), specificity=0.55, and

sensitivity=0.73.
CRAVLT: Rey Auditory Verbal Memory Test.
dLos: length of stay.

€Areaunder the receiver operating characteristic curve=0.81 (95% Cl 0.72-0.89), accuracy=0.73 (95% Cl 0.64-0.81), specificity=0.22, and sensitivity=0.97.

Discussion

Principal Findings

To the best of our knowledge, in this study, Elo ratings were
applied in the context of web-based cognitive rehabilitation
tasksfor thefirst time. We demonstrated the feasibility of using
Elo ratings by using a publicly available R library
(PlayerRatings) [41] on a synthetic use—case of 20 patients
executing one task 20 times.

We then obtained the Elo ratings for each patient in a rea
rehabilitation setting where 288 adult patients with ischemic
stroke followed cognitive rehabilitation, executing 68 different
web-based rehabilitation tasks 38,177 times. Wethen performed
a stratification of the patients into 3 groups (96 patients each)
according to their Elo rating (low, middle, and high). We have
shown the relationships among the three Elo rating levels and
the proportion of tasks executed at three increasing difficulty
levels (1, 2, and 3) with the rehabilitation outcomes in the
memory cognitive function. We then devel oped four predictive
models, where the Elo rating variables were significant in three
of them (and quasi-significant in the fourth) for auditory verbal
learning memory and working memory outcomes. We found
that including Elo ratings as independent variables increased
themodel performance (for both linear and logistic regressions).

Clinical Implications

Several web-based cognitive rehabilitation platforms integrate
some kind of stratification of patients as an initial step for
treatment personalization. The web-based platform used inthis
study integrates an automatic therapy  planning

https://medinform.jmir.org/2021/11/e28090

functionality—the intelligent therapy assistant (ITA) [47]. The
ITA takes a set of patients' cognitive profiles as the starting
point, obtained using cluster analysis on the baseline cognitive
evaluation. When a new patient starts cognitive training in
Guttmann, NeuroPersonal Trainer, the I TA dynamically assigns
the patient to the appropriate cluster. The ITA then schedules
different cognitive tasks during a user-defined rehabilitation
period for the new patient. Therefore, an important clinical
implication of our resultsin this study involvesthe I TA (or any
other data-driven therapy assistant) starting point: using Elo
rating as a starting point, alternative to cluster analysis.

Obtaining an initial Elo rating for each patient is a smple
process (in terms of both implementation and interpretation of
results). Asremarked in previous research, for example, in the
field of educational tutoring systems, Elo rating use is
encouraged because of its simplicity [20]. As shown in Table
3, the mean number of tasks executed by a patient in a session
is9, so in about five sessions (usually 2 weeks), an Elo rating
for each patient obtained using the first 50 task executions will
be available.

Therapists can then use the Elo rating to assign the patient to a
skill level. Inthis study, in Table 4, we present the results using
three skill levels, each of them with the same number of patients
(96; or one-third of the N=288 total participants). Table 4 shows
that, for example, 67% (64/96) of patientsin the mid-Elo group
improved in the RAVLTOQ75 item, and 58% (56/96) of patients
in the mid-Elo group improved in the RAVLTO15 item.
Meanwhile, for example, only 23% (22/96) of patients in the
low Elo group improved inthe DIGITSitem. Thelow Elo group
performed 29.1% (3,617/12,431) of their tasks at difficulty level
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3, whereas the mid-Elo group performed 31% (3,859/12,449)
of their tasks at difficulty level 2. This seems to suggest that
patients in the low Elo group could have performed a higher
proportion of tasks at difficulty level 1, which is more
appropriate to their skills. Patients in the mid-Elo group
performed a higher proportion of tasks according to their skill
levels, which seems to be related to a higher proportion of
patients obtaining improvements in the four memory items
presented in Table 4.

Another clinical implication was noted onin arecent systematic
review on computerized cognitive training [48]. The review
highlighted the need to devel op interventions focused on specific
cognitive functions by means of concrete training or
rehabilitation activities (or tasks). Our results contribute in that
sense; considering, for example, model 1 for predicting
RAVLTQ75 at discharge, we obtained a standard 3=.09 for the
Elo rating variable. Therefore, for every 113 points obtained in
the Elo rating, an extra point in RAVLTO75 at discharge is
obtained. If we consider, for example, in the maze task presented
in Figure 1, patient id12 (Elo ranking=2240) and patient id8
(Eloranking=2112) presented in Table 2, the difference between
their Elo ratings is 128 points, with both patients belonging to
the intermediate compliance group. Similar Elo rating scores
were obtained for the final sample of N=288. Therefore,
therapists can identify at the early stages of the rehab
process-specific cognitive tasks where patients are close to
obtaining a draw or awin (result >40%) and address different
strategies [48] to improve performance in such specific tasks.

Limitations of This Study

Several limitations to the study need to be highlighted. First,
we conducted a single-center study, an advantage of which is
that data were obtained and included by clinicians trained in
neurological rehabilitation, and al patients were managed under
the same stroke rehabilitation protocols. The Guttmann,
NeuroPersonal Trainer platform has aready been integrated into
the clinical practice of several acquired brain injury centers;
nevertheless, their patients were not included in this analysis.
A multicenter stroke study may include aninitial preprocessing
phase, wherein patients are grouped according to their initial
National Institutes of Health Stroke Scale severity to avoid
additional heterogeneity. Thereafter, Elo rating techniques, such
as those proposed in this study, maybe applied within such
groups. External validation assessments common to all
participating centersare also an important aspect to be addressed
in this future multicenter study. Second, the studied health area
belongs mainly to the urban population, with a small rural
population or populationsfrom other regions. Third, our analysis
lacked computerized tomography or magnetic resonance
imaging examinations that describe the presence of contusion,
hematoma, hemorrhage, ischemia, or other signsof parenchymal
lesionsinthefrontal, temporal, parietal, occipital, and cerebellar
lobes or diffuse axonal injury.

Garcia-Rudolph et al

Fourth, our sample did not include any patients with missing
data. All data used asinputs were complete. Fifth, our analysis
did not include indicators of menta health or other
comorbidities. Persons who experience a stroke may have one
or more preexisting medical comorbidities at the time of injury
(eg, acohol use and depression). Therefore, we plan to include
comorbidity analysesin future research studies. Sixth, in all our
Elo rating calculations, we used the default value for the K
constant. Several approaches to K optimization have been
reported, such ashill climbing, gradient descendent, or Bayesian
[20], which can also be addressed in future work. Finaly, the
criteriafor defining wins, draws, and losses in our Elo ratings
were also constant for every task, and another possible
improvement could be to fit such criteria according to the task
difficulty level, considering the strength of the opponents
(patients’ skillsand task difficulty levels) that can be addressed
using the Stephenson extension [41].

Comparison with Prior Work

Cluster analysis has been extensively proposed in previous
research to address heterogeneity in patientswith acquired brain
injury [49-51] and as an initial step for patient profiling. Most
previous studies use commercia software products for cluster
analysis, which are, in turn, not integrated into the web-based
cognitive rehabilitation platform.

Inarecent study, Fariaet al [52] presented aframework for the
creation of personalized cognitive rehabilitation tasks based on
a participatory design strategy. They sdected 11
paper-and-pencil tasks from standard clinical practice and
parameterized them with multiple parameter configurations. A
modeling approach was used to quantitatively determine how
the task parameters affect each of the cognitive domains
(memory, executive functions, attention, and language). For
modeling this relationship, the parameters of each task were
used as predictors of the demands in each cognitive domain. In
our case, the parameters of each task were used by experts to
assign a difficulty level to each task (difficulty level 1, 2, and
3, aspresented in Table 4), where each task aimsto address one
main cognitive domain (memory, executive functions, attention,
and language).

Conclusions

We have shown the feasibility of Elo ratings for identifying
patients' profiles at the early stages of cognitive rehabilitation
inareal clinical setting. Elo ratings can be used to match skills
with task difficulties, aiming to maximize improvements in
specific cognitive functions. Such Elo ratings are a so significant
in predicting cognitive outcomes. Elo ratings increased the
models performance (for both linear and logistic regressions).
Generalization of the use of Elo ratings beyond patients with
stroke to any other population with acquired brain injury
requiring cognitive rehabilitation in any web-based platform is
straightforward because of the simplicity of existing open-access
Elo rating implementations.

Acknowledgments

This research was partially funded by PRECISE4Q Personalized Medicine by Predictive Modelling in Stroke for better Quality
of Life-European Union's Horizon 2020 research and innovation program under grant agreement No. 777107.

https://medinform.jmir.org/2021/11/e28090

JMIR Med Inform 2021 | vol. 9| iss. 11 | 28090 | p. 13
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Garcia-Rudolph et &

Authors Contributions

AGR conceived the study; AGR, HB, and EO collected, selected, and cleaned the data; JDK, AGR, and HB statistically analyzed
the data. AGR drafted the manuscript, and JDK, VIM, DF, HB, MBG, EO, JL, and IMT revised the manuscript critically for
important intellectual content and approved thefinal manuscript. AGR, HB, JDK, VIM, DF, EO, MBG, and IMT received funding
for this study.

Conflictsof I nterest

AGR, JMT, EO, J, and MBG work at Institut Guttmann, Hospital de Neurorehabilitacio, proprietary of the Guttmann,
NeuroPersonal Trainer platform. VIM reported receiving personal feesfrom ai4medicine outside the submitted work. Thereisno
connection, commercial exploitation, transfer, or association between the projects of ai4medicine and the results presented in this
work. The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships
that could be construed as a potential conflict of interest.

Multimedia Appendix 1

Allinitial 44,814 web-based task executions, selection of the most frequently executed 68 tasks (38,177 executions), and correlation
analysis of the Rey Auditory Verbal Memory Test and DIGITS assessments.
[DOCX File, 28 KB-Multimedia Appendix 1]

References

1. Harari Y, O'Brien MK, Lieber RL, Jayaraman A. Inpatient stroke rehabilitation: prediction of clinical outcomes using a
machine-learning approach. JNeuroeng Rehabil 2020 Jun 10;17(1):71 [FREE Full text] [doi: 10.1186/s12984-020-00704-3]
[Medline: 32522242]

2. RohdeD, Gaynor E, Large M, Méellon L, Bennett K, Williams DJ, et al. Cognitive impairment and medication adherence
post-stroke: afive-year follow-up of the ASPIRE-S cohort. PLoS One 2019 Oct 17;14(10):€0223997 [ FREE Full text] [doi:
10.1371/journal.pone.0223997] [Medline: 31622438]

3. Liew HP. Cognitive disparities between US- and foreign-born individuals. J Public Health (Berl) 2020 Feb 13:510389
(forthcoming) [FREE Full text] [doi: 10.1007/s10389-020-01218-X]

4.  GadettoV, Sacco K. Neuroplastic changesinduced by cognitive rehabilitation in traumatic braininjury: areview. Neurorehabil
Neural Repair 2017 Sep;31(9):800-813. [doi: 10.1177/1545968317723748] [Medline: 28786307]

5. van Rijsbergen MW, Mark RE, de Kort PL, Sitskoorn MM. Subjective cognitive complaints after stroke: a systematic
review. J Stroke Cerebrovasc Dis 2014 Mar;23(3):408-420. [doi: 10.1016/].jstrokecerebrovasdis.2013.05.003] [Medline:
23800498]

6. LambF, Anderson J, Saling M, Dewey H. Predictors of subjective cognitive complaint in postacute older adult stroke
patients. Arch Phys Med Rehabil 2013 Sep;94(9):1747-1752. [doi: 10.1016/j.apmr.2013.02.026] [Medline: 23529143]

7. Lutski M, Zucker |, Shohat T, Tanne D. Characteristics and outcomes of young patients with first-ever ischemic stroke
compared to older patients: the national acute stroke | Sraeli registry. Front Neurol 2017 Aug 21;8:421 [FREE Full text]
[doi: 10.3389/fneur.2017.00421] [Medline: 28871237]

8. Ramirez L, Kim-Tenser MA, Sanossian N, Cen S, Wen G, He S, et a. Trends in acute ischemic stroke hospitalizations in
the United States. JAm Heart Assoc 2016 May 11;5(5):e003233 [FREE Full text] [doi: 10.1161/JAHA.116.003233]
[Medline: 27169548]

9.  Tibak M, Dehlendorff C, Jargensen HS, Forchhammer HB, Johnsen SP, Kammersgaard LP. Increasing incidence of
hospitalization for stroke and transient ischemic attack in young adults: a registry-based study. J Am Heart Assoc 2016
May 11;5(5):€003158 [FREE Full text] [doi: 10.1161/JAHA.115.003158] [Medline: 27169547]

10. GatesNJ, Sachdev PS, Singh MA, VaenzuelaM. Cognitive and memory training in adults at risk of dementia: asystematic
review. BMC Geriatr 2011 Sep 25;11:55 [FREE Full text] [doi: 10.1186/1471-2318-11-55] [Medline; 21942932]

11. No authorslisted. Effect of computer-based cognitive rehabilitation (CBCR) for people with stroke: a systematic review
and meta-analysis. NeuroRehabilitation 2015;37(3):487. [doi: 10.3233/NRE-151288] [Medline: 26640137]

12.  Kueider AM, Parisi M, Gross AL, Rebok GW. Computerized cognitive training with older adults. a systematic review.
PL0S One 2012;7(7):e40588 [FREE Full text] [doi: 10.1371/journal.pone.0040588] [Medline; 22792378]

13.  Thompson G, Foth D. Cognitive-Training Programs for Older Adults: What are they and can they enhance mental fitness?
Educ Gerontol 2006 Sep 1;31(8):603-626. [doi: 10.1080/03601270591003364]

14.  Whitmer AJ, Gotlib IH. Switching and backward inhibition in major depressive disorder: the role of rumination. JAbnorm
Psychol 2012 Aug;121(3):570-578. [doi: 10.1037/a0027474] [Medline: 22468767]

15. Sohlberg M. Cognitive Rehabilitation. An Interactive Neuropsychological Approach. New York: Guilford Press; 2001.

16. Digital Media: Transformationsin Human Communication. Bern, Switzerland: Peter Lang; 2005.

17.  WilmsIL. The computerized cognitive training alliance - a proposal for a therapeutic alliance model for home-based
computerized cognitive training. Heliyon 2020 Jan 31;6(1):e03254 [FREE Full text] [doi: 10.1016/j.heliyon.2020.e03254]
[Medline: 32042977]

https://medinform.jmir.org/2021/11/e28090 JMIR Med Inform 2021 | vol. 9| iss. 11 | 28090 | p. 14
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v9i11e28090_app1.docx&filename=ed27bf6d5de21176c86dc85a157992b5.docx
https://jmir.org/api/download?alt_name=medinform_v9i11e28090_app1.docx&filename=ed27bf6d5de21176c86dc85a157992b5.docx
https://jneuroengrehab.biomedcentral.com/articles/10.1186/s12984-020-00704-3
http://dx.doi.org/10.1186/s12984-020-00704-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32522242&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0223997
http://dx.doi.org/10.1371/journal.pone.0223997
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31622438&dopt=Abstract
https://doi.org/10.1007/s10389-020-01218-x
http://dx.doi.org/10.1007/s10389-020-01218-x
http://dx.doi.org/10.1177/1545968317723748
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28786307&dopt=Abstract
http://dx.doi.org/10.1016/j.jstrokecerebrovasdis.2013.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23800498&dopt=Abstract
http://dx.doi.org/10.1016/j.apmr.2013.02.026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23529143&dopt=Abstract
https://doi.org/10.3389/fneur.2017.00421
http://dx.doi.org/10.3389/fneur.2017.00421
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28871237&dopt=Abstract
https://www.ahajournals.org/doi/10.1161/JAHA.116.003233?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1161/JAHA.116.003233
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27169548&dopt=Abstract
https://www.ahajournals.org/doi/10.1161/JAHA.115.003158?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1161/JAHA.115.003158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27169547&dopt=Abstract
https://bmcgeriatr.biomedcentral.com/articles/10.1186/1471-2318-11-55
http://dx.doi.org/10.1186/1471-2318-11-55
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21942932&dopt=Abstract
http://dx.doi.org/10.3233/NRE-151288
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26640137&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0040588
http://dx.doi.org/10.1371/journal.pone.0040588
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22792378&dopt=Abstract
http://dx.doi.org/10.1080/03601270591003364
http://dx.doi.org/10.1037/a0027474
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22468767&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2405-8440(20)30099-2
http://dx.doi.org/10.1016/j.heliyon.2020.e03254
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32042977&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Garcia-Rudolph et &

18. BatesBE, Xie D, Kwong PL, Kurichi JE, Ripley DC, Davenport C, et al. Development and validation of prognostic indices
for recovery of physical functioning following stroke: part 2. PM R 2015 Jul;7(7):699-710. [doi: 10.1016/j.pmrj.2015.01.012]
[Medline: 25633635]

19. EloA. The Rating of Chess Players, Past and Present. California: 1shi Press; May 2008.

20. Pelanek R. Applications of the Elo rating system in adaptive educational systems. Comp Educ 2016 Jul;98:169-179. [doi:
10.1016/j.compedu.2016.03.017]

21. Hvattum L, Arntzen H. Using EL O ratings for match result prediction in association football. Int J Forecast
2010;26(3):460-470 [FREE Full text] [doi: 10.1016/j.ijforecast.2009.10.002]

22. Hacker S, von Ahn L. Matchin: eliciting user preferences with an online game. In: Proceedings of the SIGCHI Conference
on Human Factorsin Computing Systems. 2009 Presented at: CHI '09: SIGCHI Conference on Human Factorsin Computing
Systems; Apr 4-9, 2009; Boston MA USA. [doi: 10.1145/1518701.1518882]

23. PietersW, vander Ven S, Probst C. A movein the security measurement stalemate: €l o-style ratingsto quantify vulnerability.
In: Proceedings of the New Security Paradigms Workshop. 2012 Presented at: NSPW '12: New Security Paradigms
Workshop; Sept 18-21, 2012; Bertinoro Italy. [doi: 10.1145/2413296.2413298]

24. SarmaA, SarmaA, Gollapudi S, Panigrahy R. Ranking mechanismsin twitter-like forums. In: Proceedings of the Third
ACM International Conference on Web Search and Data Mining. 2010 Presented at: WSDM'10: Third ACM International
Conference on Web Search and Data Mining; Feb 4-6, 2010; New York. [doi: 10.1145/1718487.1718491]

25. Coulom R. Computing “elo ratings’ of move patterns in the game of go. ICGA J 2007 Dec 01;30(4):198-208. [doi:
10.3233/icg-2007-30403]

26. Kang X, Zhang E. A universal defect detection approach for various types of fabrics based on the Elo-rating algorithm of
theintegral image. Text Res J 2019 Apr 10;89(21-22):4766-4793. [doi: 10.1177/0040517519840636]

27. WangYZ, Yao Z, Wang C, Ren J, Chen Q. The impact of intelligent transportation points system based on Elo rating on
emergence of cooperation at Y intersection. Appl Math Comput 2020 Apr 1;370:124923 [FREE Full text] [doi:
10.1016/j.amc.2019.124923]

28. Sanchez-Téjar A, Schroeder J, Farine DR. A practical guide for inferring reliable dominance hierarchies and estimating
their uncertainty. JAnim Ecol 2018 May;87(3):594-608. [doi: 10.1111/1365-2656.12776] [Medline: 29083030]

29. YanglL, Dimitrov S, Mantin B. Forecasting sales of new virtual goodswith the Elo rating system. J Revenue Pricing Manag
2014 Oct 3;13(6):457-469 [FREE Full text] [doi: 10.1057/rpm.2014.26]

30. Tasharrofi S, Barnes JC. Developing an elo-rating system for criminal justice practitioners: a superior method for resource
allocation? SocArXiv Papers 2019 Nov 11:A (forthcoming) [EREE Full text] [doi: 10.31235/0sf.io/y3h2€]

31. Reid D, Nixon M. Human identification using facial comparative descriptions. In: Proceedings of the 2013 International
Conference on Biometrics (ICB). 2013 Presented at: 2013 International Conference on Biometrics (1CB); Jun 4-7, 2013;
Madrid, Spain. [doi: 10.1109/icb.2013.6612962]

32. PefiaCasanoval, Jarne EsparciaA, GuardiaOlmos J. Programaintegrado de exploracion neuropsi col 6gica— test barcelona:
validez de contenidos. Revista de Logopedia, Foniatriay Audiologia 1991 Jan;11(2):96-107 [FREE Full text] [doi:
10.1016/s0214-4603(91) 75507-1]

33.  Quintana M, Pefia-Casanova J, Sanchez-Benavides G, Langohr K, Manero RM, Aguilar M, Neuronorma Study Team.
Spanish multicenter normative studies (Neuronorma project): norms for the abbreviated Barcelona Test. Arch Clin
Neuropsychol 2011 Mar 11;26(2):144-157. [doi: 10.1093/arclin/acq098] [Medline: 21149392]

34. ArtiolalF, Hermosillo RD, Heaton R, Pardee RI. Manual de Normas'y Procedimientos parala Bateria Neuropsicol 6gica
en Espafiol. Tucson: mPress; 1999.

35. Reitan R, Wolfson D. The Halstead-Reitan Neuropsychological Test Battery: Theory and Clinical Interpretation. Tucson,
AZ: Neuropsychological Press; 1985.

36. RyanJ, Lopez S. Wechsler Adult Intelligence Scale-111. In: Understanding Psychological Assessment. Perspectives on
Individual Differences. Boston, MA: Springer; 2001.

37.  Schmid M. Rey Auditory and Verbal Learning Test: A Handbook. Los Angeles: Western Psychological Services; 1996.

38. Bradley R, Terry M. Rank analysis of incomplete block designs: I. the method of paired comparisons. Biometrika 1952
Dec;39(3/4):324-345. [doi: 10.2307/2334029]

39. Glickman ME. Parameter estimation in large dynamic paired comparison experiments. J R Statist Soc C 1999
Aug;48(3):377-394. [doi: 10.1111/1467-9876.00159]

40. Glickman ME. Dynamic paired comparison models with stochastic variances. J Appl Stat 2001 Aug;28(6):673-689. [doi:
10.1080/02664760120059219]

41. Stephenson A, SonasJ. PlayerRatings: Dynamic updating methods for player ratings estimation. rdrr.io. 2016. URL : https:/
[rdrr.io/cran/PlayerRatings/ [accessed 2021-01-01]

42.  O’brien RM. A caution regarding rules of thumb for variance inflation factors. Qual Quant 2007 Mar 13;41(5):673-690.
[doi: 10.1007/s11135-006-9018-6]

43. Di Carlo A, Lamassa M, Baldereschi M, Pracucci G, Basile AM, Wolfe CD, European BIOMED Study of Stroke Care
Group. Sex differencesin theclinical presentation, resource use, and 3-month outcome of acute strokein Europe: datafrom

https://medinform.jmir.org/2021/11/e28090 JMIR Med Inform 2021 | vol. 9 | iss. 11| e28090 | p. 15

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.pmrj.2015.01.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25633635&dopt=Abstract
http://dx.doi.org/10.1016/j.compedu.2016.03.017
https://doi.org/10.1016/j.ijforecast.2009.10.002
http://dx.doi.org/10.1016/j.ijforecast.2009.10.002
http://dx.doi.org/10.1145/1518701.1518882
http://dx.doi.org/10.1145/2413296.2413298
http://dx.doi.org/10.1145/1718487.1718491
http://dx.doi.org/10.3233/icg-2007-30403
http://dx.doi.org/10.1177/0040517519840636
https://doi.org/10.1016/j.amc.2019.124923
http://dx.doi.org/10.1016/j.amc.2019.124923
http://dx.doi.org/10.1111/1365-2656.12776
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29083030&dopt=Abstract
https://doi.org/10.1057/rpm.2014.26
http://dx.doi.org/10.1057/rpm.2014.26
https://doi.org/10.31235/osf.io/y3h2e
http://dx.doi.org/10.31235/osf.io/y3h2e
http://dx.doi.org/10.1109/icb.2013.6612962
https://doi.org/10.1016/S0214-4603(91)75507-1
http://dx.doi.org/10.1016/s0214-4603(91)75507-1
http://dx.doi.org/10.1093/arclin/acq098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21149392&dopt=Abstract
http://dx.doi.org/10.2307/2334029
http://dx.doi.org/10.1111/1467-9876.00159
http://dx.doi.org/10.1080/02664760120059219
https://rdrr.io/cran/PlayerRatings/
https://rdrr.io/cran/PlayerRatings/
http://dx.doi.org/10.1007/s11135-006-9018-6
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Garcia-Rudolph et &

45,

46.

47.

48.

49,

50.

51.

52.

amulticenter multinational hospital-based registry. Stroke 2003 May;34(5):1114-1119. [doi:
10.1161/01.STR.0000068410.07397.D7] [Medline: 12690218]

Kapral MK, Fang J, Hill MD, Silver F, Richards J, Jaigobin C, Investigators of the Registry of the Canadian Stroke Network.
Sex differences in stroke care and outcomes: results from the Registry of the Canadian Stroke Network. Stroke 2005
Apr;36(4):809-814. [doi: 10.1161/01.STR.0000157662.09551.€5] [Medline: 15731476]

Simpson C, Wilson C, Hannaford P, Williams D. Evidence for age and sex differencesin the secondary prevention of stroke
in Scottish primary care. Stroke 2005 Aug;36(8):1771-1775. [doi: 10.1161/01.STR.0000173398.99163.9¢] [Medline:
16040591]

Niewada M, Kobayashi A, Sandercock PA, Kamiriski B, Cztonkowska A, International Stroke Trial Collaborative Group.
Influence of gender on baseline features and clinical outcomes among 17,370 patients with confirmed ischaemic strokein
the international stroke trial. Neuroepidemiology 2005;24(3):123-128. [doi: 10.1159/000082999] [Medline: 15637449]
Solana J, Caceres C, GarciasMolina A, Chausa P, Opisso E, Roig-RoviraT, et a. Intelligent Therapy Assistant (ITA) for
cognitive rehabilitation in patients with acquired brain injury. BMC Med Inform Decis Mak 2014 Jul 19;14:58 [FREE Full
text] [doi: 10.1186/1472-6947-14-58] [Medline: 25038823]

Sigmundsdottir L, Longley WA, Tate RL. Computerised cognitive training in acquired brain injury: a systematic review
of outcomes using the International Classification of Functioning (ICF). Neuropsychol Rehabil 2016 Oct;26(5-6):673-741.
[doi: 10.1080/09602011.2016.1140657] [Medline: 26965034]

Sherer M, DavisLC, Sander AM, Nick TG, Luo C, Pastorek N, et a. Factors associated with word memory test performance
in persons with medically documented traumatic brain injury. Clin Neuropsychol 2015;29(4):522-541. [doi:
10.1080/13854046.2015.1052763] [Medline: 26063081]

Ringdahl EN, Becker ML, Hussey JE, Thaler NS, Vogel SJ, CrossC, et a. Executivefunction profilesin pediatric traumatic
brain injury. Dev Neuropsychol 2019;44(2):172-188. [doi: 10.1080/87565641.2018.1557190] [Medline: 30590952]
Harman-Smith YE, Mathias JL, Bowden SC, Rosenfeld JV, Bigler ED. Wechsler Adult Intelligence Scale-Third Edition
profiles and their relationship to self-reported outcome following traumatic brain injury. J Clin Exp Neuropsychol
2013;35(8):785-798. [doi: 10.1080/13803395.2013.824554] [Medline: 23947758]

Faria AL, Pinho M S, Badia SB. Capturing expert knowledge for the personalization of cognitive rehabilitation: study
combining computational modeling and a participatory design strategy. IMIR Rehabil Assist Technol 2018 Dec
06;5(2):€10714 [FREE Full text] [doi: 10.2196/10714] [Medline: 30522994]

Abbreviations

AUC: areaunder the receiver operating characteristic curve
ITA: intelligent therapy assistant
RAVLT: Rey Auditory Verbal Memory Test

Edited by G Eysenbach; submitted 20.02.21; peer-reviewed by K Harrington; comments to author 12.03.21; revised version received
04.05.21; accepted 16.05.21; published 10.11.21

Please cite as:

Garcia-Rudolph A, Opisso E, Tormos JM, Madai VI, Frey D, Becerra H, Kelleher JD, Bernabeu Guitart M, Lépez J
Toward Personalized Web-Based Cognitive Rehabilitation for Patients With I schemic Stroke: Elo Rating Approach
JMIR Med Inform 2021;9(11):€28090

URL: https://medinform.jmir.org/2021/11/€28090

doi: 10.2196/28090

PMID:

©Alegjandro Garcia-Rudolph, Eloy Opisso, Jose M Tormos, Vince Istvan Madai, Dietmar Frey, Helard Becerra, John D Kelleher,
Montserrat Bernabeu Guitart, Jaume Ldpez. Originally published in IMIR Medical Informatics (https.//medinform.jmir.org),
10.11.2021. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Medical Informatics, is properly cited. The complete bibliographic information,
alink totheoriginal publication on https.//medinform.jmir.org/, aswell asthis copyright and license information must be included.

https://medinform.jmir.org/2021/11/e28090 JMIR Med Inform 2021 | vol. 9 | iss. 11| e28090 | p. 16

(page number not for citation purposes)


http://dx.doi.org/10.1161/01.STR.0000068410.07397.D7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12690218&dopt=Abstract
http://dx.doi.org/10.1161/01.STR.0000157662.09551.e5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15731476&dopt=Abstract
http://dx.doi.org/10.1161/01.STR.0000173398.99163.9e
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16040591&dopt=Abstract
http://dx.doi.org/10.1159/000082999
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15637449&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-14-58
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-14-58
http://dx.doi.org/10.1186/1472-6947-14-58
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25038823&dopt=Abstract
http://dx.doi.org/10.1080/09602011.2016.1140657
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26965034&dopt=Abstract
http://dx.doi.org/10.1080/13854046.2015.1052763
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26063081&dopt=Abstract
http://dx.doi.org/10.1080/87565641.2018.1557190
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30590952&dopt=Abstract
http://dx.doi.org/10.1080/13803395.2013.824554
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23947758&dopt=Abstract
https://rehab.jmir.org/2018/2/e10714/
http://dx.doi.org/10.2196/10714
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30522994&dopt=Abstract
https://medinform.jmir.org/2021/11/e28090
http://dx.doi.org/10.2196/28090
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

