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Abstract: The rise in the dimension and complexity of information generated in the clinical field
has motivated research on the automation of tasks in personalized healthcare. Recommendation
systems are a filtering method that utilizes patterns and data relationships to generate items of
interest for a particular user. In healthcare, these systems can be used to potentiate physical therapy
by providing the user with specific exercises for rehabilitation, albeit facing issues pertaining to
low accuracy in earlier iterations (cold-start) and a lack of gradual optimization. In this study,
we propose a physical activity recommendation system that utilizes a K-nearest neighbor (KINN)
sampling strategy and feedback collection modules to improve the adequacy of recommendations at
different stages of a rehabilitation period when compared to traditional collaborative filtering (CF) or
human-constrained methods. The results from a trial show significant improvements in the quality of
initial recommendations, achieving 81.2% accuracy before optimization. Moreover, the introduction
of short-term adjustments based on frequent player feedback can be an efficient manner of improving
recommendation accuracy over time, achieving overall better convergence periods than those of
human-based systems, topping at a measured 98.1% accuracy at K =7 cycles.

Keywords: recommendation systems; collaborative filtering; nearest neighbors; physical activity;
knowledge extraction; machine learning; feedback collection; rehabilitation

1. Introduction

Developing some form of physical activity is a basic need for human physical and
mental well-being and is essential in combating a sedentary lifestyle and its harmful
effects [1]. Around 80% of the population does not practice enough physical activity to meet
the recommendations of the World Health Organization (WHO). Regular physical activity
speeds up metabolism, allowing for more effective fat burning and, consequently, weight
loss, helping prevent and combat obesity [2,3]. Regular activity prevents cardiovascular
diseases [4], as it plays an important role in cardiac rehabilitation as a means of reducing
the morbidity and mortality rates associated with cardiovascular disease [5]. It also helps
control diabetes [6,7], high blood pressure [8,9], and cholesterol levels [10], as well as
improving sleep quality and increasing the ability to concentrate, leading to better academic
and professional performance [11].
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Health recommendation systems can encourage and engage users in modifying their
behavior by providing improved options and practical knowledge, which are derived
from the analysis of user behavior [12]. According to the technical taxonomy recently
proposed by Etemadi et al. [13], healthcare recommendation systems can be classified into
collaborative, content-based, knowledge-based, context-based, and hybrid techniques.

When it comes to evaluating healthcare recommendation systems, about half of the
studies focused exclusively on the performance of the algorithms using several metrics,
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while others conducted comprehensive randomized controlled trials or studies in the
wild to assess their impact on human health conditions [12]. This reality suggests a slow
progression of health recommendation systems, where their maturity and validation are
not yet sufficient for their applicability in a real context.

Among the several possible applications of healthcare recommendation systems, such
as recommending nutritional diets [14-18] or medicinal drugs [19-22], recommending phys-
ical activities as a means of promoting well-being or integrating rehabilitation processes has
raised interest—both in the technical-scientific community and in the professional medical
health sector—as a tool that potentially promotes better lifestyle habits. Although modern
recommendation systems excel at providing accurate suggestions, they face several chal-
lenges and limitations, including issues with scalability, cold-start problems, data sparsity,
and reliability.

Despite requiring more computational time in the classification process, especially
with large datasets, the K-nearest neighbors (KNNs) classification method is one of the most
used machine learning (ML) approaches in classification problems. As a non-parametric
method, its basic principle is to classify a given data point based on the most common
classification among the data points closest to it. Its simplicity and effectiveness in capturing
complex patterns without assuming an underlying data distribution have made it one of
the most used techniques in different contexts.

Research in healthcare settings using the K-nearest neighbors classification method has
demonstrated significant potential in improving diagnostic accuracy and patient outcomes,
having been applied to various medical datasets, addressing different problems such as
disease prediction [23,24], patient risk stratification [25,26], and personalized treatment rec-
ommendations [27,28]. The algorithm’s ability to handle large multidimensional datasets
makes it particularly suitable for healthcare applications where data complexity is high.
However, challenges remain in ensuring data privacy and integrating the KNN classifica-
tion method with other ML methods to improve their predictive capabilities [29]. Overall,
the KNN algorithm continues to be a valuable tool in medical research, contributing to
more informed and timely healthcare decisions.

In this study, a new physical activity recommendation system is proposed as an
intermediate layer between patients’ activity sessions. The system is capable of generalizing
patient profiles using KNN analysis, thus predetermining an initial exercise configuration
that adequately matches the user’s physical capacities. The method is expanded with a
second operation mechanism, which periodically collects explicit feedback from patients.
By using a bidirectional weight system, the system can model feedback directly into
the recommendation logic, adjusting some aspects of the activity to patients’ needs and
preferences. Therefore, the method presented herein aims to contribute to the state of the
art in the sense of bridging some of the difficulties with physical activity recommendation
systems. In particular, problems such as data sparsity and cold-start are addressed by
making adjustments and design choices that frequent auxiliary data collection and improve
the quality of recommendations in first iterations.

This paper is organized into sections as follows. Section 2 introduces existing work
in the context of healthcare recommendation algorithms, particularly those focused on
rehabilitation practices. Section 3 presents the proposed approach, with a focus on the tech-
nical aspects of the components that make up the system’s functionality. In Section 4, the
results from a practical trial of the proposed method are presented and discussed. Finally,
Section 5 presents conclusive statements and introduces potential lines of future research.

2. Related Work

The employment of recommendation systems covers a wide range of techniques and
problem areas. In the past two decades, the growth in both the quality and quantity of
systems is notable, namely in application areas related to streaming services, but also in
industries such as healthcare and education. Below, an initial analysis is made of existing
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approaches for recommendation systems, further detailing those applied to healthcare
topics and identifying the most popular techniques and limitations of such methods.

Collaborative filtering (CF) is one of the more common techniques in building recom-
mendation systems. In these approaches, items are recommended based on similarities in
traits or actions with past users [30]. Moreover, recommendation systems based on CF are
often designed to act on implicit or explicit feedback from the users, enabling personalized
experiences [31].

As early as 2006, Aberg [32] proposed a meal-planning recommendation system for the
elderly population. The method utilizes a mix of weighted soft constraints and traditional
hard constraints for modeling patient satisfaction, meal preparation difficulty, and dietary
restrictions, showcasing theoretical usability in real-world scenarios, although several
drawbacks in algorithm speed and user experience are pointed out by the author. In 2010,
Freyne and Berkovsky [33] presented a study on the sensitivity of a recipe recommendation
system for groups of people to changes in weighing models and data aggregation heuristics,
proposing that the best group recommendation performance is achieved when user’s
interests are individualized and scaled to group-based models.

The most common implementation of CF in healthcare is related to recommendation
systems for connecting patients and doctors. In 2015, Narducci et al. [34] introduced Health-
Net, a social network with a built-in recommendation system for creating recommendations
between a patient and the doctor or medical institution that can provide them with the best
possible service by utilizing proprietary measures of similarity between patient profiles
and suggesting a ranked list of available doctors for the given patient’s profile. Similarly,
Guo et al. [35] developed a recommendation system in which the recommended doctors
are ranked by their impact on the patient’s specific health topic. The method has been
extensively tested in China and shown to outperform benchmarks, supporting the usage of
professional achievements as a key factor in making good recommendations. Later, in 2018,
Han et al. [36] hybridized a traditional recommendation system to present patients with
high-compatibility family doctors. Their approach is based on historical data and proposes
the addition of a measurement of trust, having achieved performance that was superior to
baseline heuristic or CF approaches.

Improvements to clinical decision support are also achievable with CF methods,
namely in the field of therapy prescriptions. Grafer et al. [37] propose a therapy recom-
mendation system that aims to suggest efficient, systematic therapies for skin condition
treatment based on a similarity measure between the current consultation and a large set of
recorded consultations.

Recommendation systems for physical rehabilitation are closely linked to this study,
and despite being a relatively immature subfield of research, some works support their real-
world implementation. An example is the work presented by Gmez-Portes et al. [38], who
proposed the application of fuzzy logic to improve the quality of therapeutic monitoring
and guidance, suggesting a recommendation model that enables the remote rehabilitation
of stroke patients through interactive exercises.

Ishraque et al. [39] leveraged an Al-supported chatbot for interfacing users with a
recommendation system for cardiac rehabilitation exercises. The initial evaluation suggests
that allowing users to personalize their therapy plans may induce better adherence and
efficacy, though a real evaluation of these effects is not yet available. In addition, for
cardiac rehabilitation scenarios, Tuijn et al. [5] introduced a tailored recommendation tool
designed to incrementally boost physical activity and circumvent a sluggish start. The
authors’ proposed system harnesses a random forest classification model, amalgamating
both measured and self-reported data to furnish individualized suggestions for physical
activity. Moreover, the use of explainable artificial intelligence enhances clarity and fosters
confidence in the system. The study underscores the capacity of ML approaches in tailoring
recommendations for physical activity, advocating for a reinforcement learning strategy to
refine system personalization as time progresses.
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Ferreto et al. [40] proposed a personalized physical activity recommendation system
for hypertensive patients to improve their lifestyle and health outcomes. The system uses
a user profile model and a recommendation system, which considers cardiovascular risk
factors, physical activity history, and physical activity result indices. Through validation
by specialist doctors, 75% of the system’s recommendations were approved, indicating
its potential to help hypertensive patients improve their health through regular physical
activity. The study also emphasizes the importance of personalized recommendations in
promoting the well-being of individuals with hypertension.

By intending to restore and exercise the respiratory system, Zaboleeva-Zotova et al. [41]
proposed a system of recommending specific exercises that are selected by each user. In
this system, video analyses of physical activities carried out by users are used, taking into
account their respective experiences. The selection of exercises to recommend is obtained
by applying ML models.

The deep learning (DL) model proposed by Li et al. [42] aims to predict exercise
recommendations made by experts, as well as the results of their clinical evaluations.
The model uses patients’ gait kinematic data to train a convolutional neural network.
Regarding model evaluation, the authors report an accuracy of 78% in recommending a
specific exercise.

3. Methods

In this paper, we propose a hybrid approach for recommending physical activities
to elderly players of a gaming platform that targets the rehabilitation of upper limbs.
Traditional CF strategies are employed for the initial sampling of patient profiles and
the generation of baseline recommendations, while a built-in explicit feedback recovery
system gradually models patients’ specific preferences for a more personalized approach
in subsequent iterations.

3.1. Data Characterization

All data were collected as a result of a clinical trial, aiming to assess the usability of a
handheld dynamometer as a controller for augmented reality (AR) games. Participants were
asked to play several games and consent to the respective data to be collected and analyzed.
Each activity is comprised of a set of parameters that dictates its inherent difficulty level
(length of the activity, proposed targets for grip strength, grip cadence, and number of grip
presses). After each activity, participants could optionally provide feedback in the form of a
1-to-5 rating for that particular game. Exclusively, elderly patients with indicative traits of
frailty were asked to participate in the trial. Two data sources are considered for the current
study. For ease of explanation, they will be referred to as patient data (PD) and activity
data (AD) in the characterizations below. It should be noted that both data sources have
been previously submitted to a cleaning process for the replacement of missing values with
statistical modes and the removal of outliers. As such, the characteristics presented are
respective to clean data.

3.1.1. Patient Data

Patient data (PD) has 860 patient profiles, containing rows about general health and
the degree of affliction with risk factors for frailty. Personal information is also present in
the data, though it has been omitted for this study. In Table 1, a detailed view of PD is
provided. Attribute names, data types, observed ranges, and average values are presented.

In Table 1, highlighted attributes refer to frailty risk factors and are the key target
of this study. Despite having access to a variety of demographic and well-being indica-
tors, not all attributes are explicitly explored in this study. More precisely, a correlation
analysis between the existing attributes and their impact on frailty factors has ruled out
the following attributes from the experimental process of the study: age, gender, number
of hospitalizations, sleep quality, smoking, alcohol consumption, medication count, and
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birthplace. To the extent of the analysis carried out, the aforementioned attributes appear
to have negligible impact on the incidence of each frailty factor.

Table 1. Patient data characterization.

Attribute Data Type Range Average/Mode
frailty object [non-frail; pre-frail; frail] Pre-frail
gender object [F; M] F

age int64 [64,...,87] 74
hospitalization one year int64 [0,...,6] 0

vision object [sees well; sees moderately; sees poorly] Sees well
audition object [hears well; hears moderately; hears poorly] Hears well
weight loss object [yes; no] No
exhaustion score int64 [1; 2] 1
balance single object [<5s; >5 s; test non realizable] >5s

grip strength abnormal object [yes; no] No

low physical activity object [yes; no] No

bmi score float64 [18.88, ..., 53.08] 30.67
sleep object [no Sleepg’errorﬁirz;fg:;if;i 511223] problem; No sleep problem
depression total score int64 [o,...,12] 2
anxiety perception float64 [0,...,13.6] 4.71

pain perception float64 [0,...,12.8] 5.07
regular activity object [no; <2 h per ngl;i ;;‘I‘Laezi]<5 h per week; >2h and <5 h per week
smoking object [never smoked; st(s)g;elzi r(]6 months); current Never smoked
alcohol units float64 [0,...,35] 1.65
medication count int64 [0,...,18] 6
birthplace object [PT; ES; BR; AO] PT

3.1.2. Activity Data

Activity data (AD) has 3525 rows of recorded game sessions performed by the patients
in PD. These rows correspond to every valid activity collected during the trial, providing
information about a relatively extensive range of game parameter combinations, from
patient behavior to the achieved scores. Similarly to PD, an overview of the available
attributes and observed values is provided in Table 2.

Due to this data source being mostly numerical, it is of relevance to assert that the grip
force values are measured in kilograms of force (Kgf), and the grip timing values refer to
the percentage of grip instances pressed at the correct time. A session is determined by a
series of proposed targets for the patient in relation to their actual achieved scores, thereby
justifying the presence of negative final score values as under-performing instances.
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Table 2. Activity data characterization.

Attribute Data Type Range Average/Mode
game object [GV001R; GV002M; GV003L] GVO001R
therapeutic difficulty int64 [0, ...,10] 6
target grip force float64 [17.0,...,25.9] 20.4
target grip timing float64 [35.1,...,89.0] 61.0
target instances int64 [10,...,50] 28
grip force score float64 [13.2,...,29.1] 21.7
grip timing score float64 [20.0, ..., 91.98] 68.1
grip instances hit int64 [20.0, ..., 91.98] 25
final score float64 [—38.6,...,47.4] 5.72
session target duration int64 [45; 60; 90] 58
session real duration int64 [23,...,90] 56
satisfaction query float64 [1;2;3;4;5] 4.1

3.2. Hybrid KNN Sampling

First, recommendations are based on the CF principle that similar users will have
similar preferences. The task of finding similarly disposed users can be solved with a variety
of methods, although K-nearest neighbors is the preferred solution for this task due to its
insensitivity to the number of classes, compatibility with multi-label classification, ease-of-
deployment, and performance-to-accuracy ratio for small- to medium-sized datasets. An
implementation of KNN is used to model the input feature array (new patient information)
using a number, K, of previously existing feature arrays. Feature arrays are uniform in
size, always containing 10 numerical and six categorical values pertaining to various
physical and psychological measurements and the presence of frailty risk factors. Due
to the coexistence of both categorical and continuous attribute types in the data, a single
distance metric could not be used. Instead, categorical variables are transformed into binary
arrays through attribute indication (dummy variable creation), and a weighted average of
two measures is adopted when calculating neighbors.

The similarity score between numerical arrays A and B is given by the Euclidean
similarity formula given by Equation (1). In order to avoid scale unbalance, the continuous
variables in the data were scaled with a mean-based scaling formula, where the scaled
value for a value, Xj, is given by Xs = %ﬁ”"’“", where Xj;eq, is the average value for the
attribute and X, is the standard deviation for the attribute.

1
SA,B - m ’ (1)
where d is the Euclidean distance between both vectors, given by Equation (2).
n
dap=4/Y (A;i—B;)? )

i=1

Contrarily, the binary arrays corresponding to categorical variables in the data are
evaluated with an adapted Jaccard similarity coefficient, as shown in Equation (3).

a

Rk ®

Ja,B
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whereby g is the count of attributes equal to 1 for both objects A and B; b is the count of
attributes equal to O for object A and 1 for object B; and c is the count of attributes equal to
1 for object A and 0 for object B.

Finally, a weighing strategy was implemented to counter unfair similarity scores
originating from having a larger number of continuous variables than categorical val-
ues (10 and 6, respectively). The corresponding weights were calculated as the rela-
tive fraction of total attributes per data type, or 10/16 = 0.625 for continuous and
6/16 = 0.375 for categorical data. As an example, if the Euclidean similarity between
two patient rows is 0.95 but the Jaccard similarity is 0.50, the final similarity is given by
(0.95 x 0.625) + (0.50 x 0.375) = 0.78125 or approximately 78.1%.

3.2.1. Determining K

The selection of an adequate number, K, of neighbors for generating classifications
is often an overlooked decision when developing neighbor-based heuristic approaches.
Selecting a sample size too small makes the system much less resistant to noise and other
data quality inconsistencies, whereas an exaggerated K value is counterintuitive to the
original premise of KNN itself. In order to find the best possible value for this problem, K
was tested for all integer values in the range [5, 86], with the upper limit corresponding to
10% of the dataset size. The metric used for this test pertains to the classification accuracy
of the KNN algorithm in predicting previously assigned labels with a K-Means clustering
algorithm, where K = 4. The results can be observed in Figure 1.

0.90

0.85 -

0.80 -

Accuracy

0.75 ~

0.70 4

10 20 30 40 50 60 70 80
K

Figure 1. KNN classification accuracy for K € [5, 86].

The graph depicted in Figure 1 highlights an irregular behavior in which the accuracy
value has pronounced variations for every step. This is credited to having used new samples
of data for every value of K. In particular, a 20% split of the data (172 rows) was built on
every iteration. This practice exposes the model to varying levels of neighbor influence,
thus eliminating bias from single-test scenarios. Despite not following a predictable pattern,
the highest observed classification accuracy for this range is 88.9% and relates to K = 31.
Moreover, accuracy clearly tends to be lower as K increases beyond the 45-50 range. This
region corresponds to when neighbors present bigger distances, thus defeating the purpose
of KNN in finding densely packed points of data. This value will be used for the purpose
of this study and the foreseeable scope of the project. However, a reiteration of the process
outlined above may be necessary in the event of a significant expansion in the size of
the dataset.



Technologies 2024, 12, 127

8 of 17

3.2.2. Scalability

Despite its logical simplicity, KNN-based classification algorithms often suffer from
scaling issues once the dataset size increases substantially. In part, this could be accredited
to the brute-force mechanism used in calculating distances to all points in the training set
when determining the final list of neighbors, which is an O(N). Although this factor can
predetermine that the proposed method will suffer from scalability issues, it is important
to understand how the depreciation of the system evolves with increases in the number
of observations in the data and in the value of K. Following this, a scalability assessment
is conducted for the classification process of the proposed method. When evaluating the
degradation for increases in observations, a data augmentation strategy was employed to
add many synthetic rows to the patient dataset. The classification for N = 1 samples as the
number of rows, Nr, increases can be consulted in Figure 2.

KNN Performance vs. Dataset Size

60 4

50

-+
(=]
I

[ 73]
(=]
i

204

Time Taken (seconds)

10

T T T T T
0 20000 40000 60000 80000 100000
Number of Rows

Figure 2. KNN classification times for Nr € [1000, 100,000].

The data in the graph are self-explanatory, as they model an O(N) algorithm pre-
dictably. This naturally indicates that the system will suffer from decaying performance as
the number of patients used in KNN sampling increases. Another indicator of performance
can be studied in the way classification time responds to increasingly higher K values
for generating predictions. Decidedly, classification accuracy far outweighs classification
time in selecting an optimal value for K, but the latter metric can provide an interesting
secondary dimension to consider when future-proofing the system. Figure 3 contains
measurements for K € [5,86] using the standard 860 rows for classification.

In this regard, K does not have a significant effect on the classification time by itself.
Despite observable spikes around K = 30, K = 55, and K = 80, no classification exceeded
1s.

The information gathered with this portion of the study enables a deeper understand-
ing of the viability of the KNN classification mechanism in the long term. Ultimately, the
decision can be attributed to the promptness requirements of the recommendation system,
the foreseeable growth of the data, and the accuracy trade-off with the employment of
alternative strategies. As of presently, the classification accuracy achieved using KNN as a
sampling method justifies its usage in favor of other, more performant methods, although
future research could be directed into optimizing the sampling algorithm into an approxi-
mate nearest neighbors strategy instead, should the number of patients grow significantly.
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Moreover, as recommendations are generated in the background and not on demand, near
real-time responses are not a priority.

0.80 1 \
0.75 A

0.70 A

KNN Classification Time vs. K Value

0.65 +

0.60 +

0.55 A

Time Taken (seconds)

0.50 A

0.45

10 20 30 40 50 60 70 80 a0
K Value

Figure 3. KNN classification times for K € [5, 86].

3.3. Generating Recommendations

The recommendations generated by the system are essentially a set of activity rules
that should align with a patient’s therapeutic needs, physical capacity, and, notably, their
preferences. Two working modes were devised to generate recommendations, depending
on whether the user has previously interacted with the system or not. Initially, implicit
feedback is taken from the patient’s overall health profile, whereby the activities played
by a number of high-similarity neighbors are analyzed. Subsequent interactions with
the recommendation system are built on explicit feedback and are collected at frequent
intervals. The usage of both implicit and explicit feedback ensures that recommendations
made with no prior knowledge of a patient can still be relevant, but this promotes a gradual
change into a personalized experience as more feedback is collected.

3.3.1. Nearest-Neighbor-Based Recommendations

First, recommendations are generated in accordance with the general tendencies of
the K = 31 nearest neighbors to that particular user. The workflow for instantiating the
first recommendations can be consulted in Figure 4.

All neighbors’ activity history is initially aggregated by rating, meaning that the game
with the highest average satisfaction among the current demographic is identified first. In
order to create a therapeutic experience that is cohesive with the user’s physical capabilities,
all individual difficulty levels for the game are tabulated in regards to their quality score,
Qs, given by Equation (4), where the user’s average engagement and satisfaction scores for
that particular difficulty, x, are weighed. Given that the satisfaction score S takes values in
[0, 5], whereas the engagement score E varies in [0, 1], the first is multiplied by a factor of
0.2 to avoid outweighing the latter by scale differential.

Qsy = ((Sy x 0.2) x 0.5) + Ex x 0.5 4)

Upon finding the difficulty level with the highest quality score, the specific targets for
grip force, grip timing, and grip instances are generated randomly within the constraints
defined for that difficulty.
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START
E-NN Sampling
K=31

l

Aggregation Function
avg rating

Quality Score (QS) ]
Indexing Lookup
| Data |

. A

h h 4 A 4

Grip Force Grip Timing Number of grips
avg + sd avg = sd avg + sd
¥
END

Figure 4. Workflow for N = 1 recommendations.

3.3.2. Weighed Feedback-Based Recommendations

After the first recommended activity is played, the recommendation workflow changes
into a feedback-based approach based on the immediate impressions the users had about
the activity they have just participated in. For this, a set of weights, W, is initialized
for the current user. Weights are used to track the user’s sentiment towards the specific
components of the activity and are gradually adjusted through the application of a short
questionnaire. The different questions, choice paths, and respective effects on the weights
can be consulted in Figure 5. The questionnaires are designed with ease of use in mind,
predicting an environment in which the majority of players are elderly and, thus, less
accustomed to complex technology.

Any given weight set has a fixed number of positions, specifically 5, corresponding
to the different activity elements that can be gradually fine-tuned to the user’s preference.
The weight-shifting mechanism can incur changes in the following;:

e The game, either to avoid patient burn-out or to correspond to their preferences;

¢  The session duration, depending on whether the user found it to be excessive or
insufficient. This makes the system responsive to the patient’s energy levels and
disposition to partake in longer activities;

*  The session’s grip targets, namely the recommended average grip force, the correct
grip cadence (the interval at which grips are meant to be pressed), and the total
number of times the patient needs to perform a grip. All of these parameters are
initially bound by a predetermined difficulty level ranging from 0 to 10; however, to
favor a personalized experience, individual targets are gradually optimized to the
patient’s specific needs. For example, a patient whose initial activity corresponds to
a difficulty of 6 might possess a much steeper level of lethargy, requiring far fewer
grips to account for their reduced energy, hence gradually having only that target
adjusted accordingly.
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How do you feel about the previous session?

\L—Iﬁ

‘ Liked everything ‘ ‘ Disliked some aspects ‘
END What did you not enjoy?
Wn=0 / Multiple Choice
‘ The game ‘ Session was too long / short Session was too easy / hard ‘

| | |

How strongly do you feel 'Was the session too long or Was the session too easy or

about the game? too short? too hard?
Hated
wi=-1

Did not enjoy it this
time

w2=1

wi=o What aspects were What aspects were
. . too easy? too hard?
Like if, buf played 5 A g .
to0 much Multiple Choice Multiple Choice
wi=1 Gripping with the Tipping with the
intended force intended force
wg=1 wg=-1
Timings were foo mings were too
slow slow
wa=1 Wwq=-1

TToo few grip presses|
ws=1

o0 few grip presses
w5 =-1

Figure 5. Feedback collection workflow, with respective bidirectional weight—shifting operations.

A bidirectional shift is used to inflict changes in weights, depending on whether
the patient’s sentiment towards a question is positive or negative. Generally, answers
that indicate that the patient is struggling to achieve the proposed goals (negatively con-
noted) correspond to the respective weights being shifted to —1. Contrarily, if any goal
is too easy to achieve (positively connoted), the corresponding weight is shifted to 1. Fi-
nally, when patients are satisfied with a particular setting, its weight is not altered from 0
(neutrally connoted).

3.3.3. Feedback Quality Assurance

Feedback provided by a system’s users is subject to significant quality and quantity
constraints, where many factors can play a role in precluding the quality of such data.
In specific to the subject matter at present, feedback collected from elderly patients can
be directly influenced by tiredness, lack of technical perception (when the patient cannot
fully understand the purpose of feedback collection), unwillingness to co-operate, and
malicious intent (when the patient purposely requests easier challenges to have perceivable
improvements in scores). In order to help mitigate these effects, questionnaire application
is normalized by a set of rules and supervision, namely the following:

* A “cool down” period is employed between activities, allowing patients to properly
rest and not make decisions based on their state of tiredness;

e Activities with outlier scores for a given patient (abnormally high or low) are not
considered for the questionnaire, as they do not accurately represent the patient in a
“normal” state;

¢  The questions and the order in which they are presented are constant throughout
every feedback collection process.

*  An option to listen to the questions is provided to users with interpretation or reading
difficulties.

Despite it being impossible to ensure non-malicious compliance in this scenario, the
conditions put in place before feedback collection mitigate some of the more pressing issues
when dealing with the elderly population.
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4. Results

The proposed method was used by 71 returning patients from the original trial, en-
abling a comparative evaluation of the before and after states of the system. The trial
was carried out under no supervision, with participants having full access to the recom-
mendation system throughout its 3-day duration. At the end of the trial, the participants
answered some questions about their overall experience. All participants played a total of
344 activities across the duration of the trial.

4.1. Model Assessment

Recommendation systems have the goal of returning items of interest to a given user.
As such, the evaluation metrics for these systems typically differ from traditional systems,
depending on their purpose. In the context of this work, the success of a recommendation
is retrieved directly from the user. An activity is considered correct when the patient, after
participation, it, does not request major changes to any of its difficulty settings. As such,
accuracy is expected to grow as the number of iterations increases, which corresponds
to the number of parameter adjustment cycles needed to achieve an adequate fit to the
patient’s needs. For this evaluation, the system is considered to converge when at least
97% of recommendations are considered correct (i.e., the accuracy of the system reaches
97%). In the previous (baseline) approach, recommendations are completely defined
by human interaction. Therapists manually analyze recent activity data to find trends
based on performance indicators such as patient scores and set up new recommendation
parameters. With the goal of automating the analysis and recommendation set-up processes,
the proposed system is hereby compared with the previous approach. The data shown
in Figure 6 suggest that the proposed system is far superior in Nj accuracy (i.e., first
recommendations), supporting the usage of KNN for generalizing patient profiles from
historical data.

Accuracy per cycle

Previous e=Proposed

100

Accuracy
~ [0} (o}
o o o

o2}
o

1 2 3 4 5 6 7
Optimization cycles (N)

Figure 6. Average accuracy: Previous vs. proposed method.

Notably, the previous approach has a faster convergence speed in the earlier iterations,
facing an increase of 22% accuracy from N; to N3 and stabilizing from there onwards.
Disregarding the N iteration, the previous method has a slightly higher average conver-
gence rate per cycle (2.56%) than the proposed method (2.36%). This is likely due to the
previous method not being limited by a learning rate (and being human-bound), which also
explains why the proposed method’s accuracy increases steadily across iterations. Despite
the slower convergence, the proposed method generally converges quicker (N = 5) than
the previous method (N = 6) due to its superior N accuracy.

Due to limitations in the scope and timeline of the trial, we were unable to determine
the evolution of curves for N > 7, raising questions about the adequacy of the solution
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for extended usage. Moreover, accuracy evaluation in recommendation systems does not
account for situations that can not be modeled into data, such as the player’s mood (the
player may dislike activities they enjoyed in the past) and uncertainty (the player may
not be sure about certain aspects of the activity), which will ultimately affect accuracy at
irregular intervals. Follow-up studies should prioritize tackling questions of scalability and
error to further solidify the position of the method in the state of the art.

4.2. Behavioral Evaluation

An indirect way of measuring the quality of the recommendations is by analyzing
patients’ behavior and adherence to the activities before and during the trial. Engagement
is a metric that relates each activity’s proposed duration with the actual time spent by the
patient partaking in it and can indicate situations of early quitting due to exhaustion or
boredom. For the purpose of the study, a patient is considered engaged with the activity
when they participate in at least 95% of its duration, meaning that an implied goal of the
system is to improve the ratio of players over this threshold.

Additionally, a patient’s self-perception of improvement is a psychological indicator
that the underlying system is working as intended. After participating in the trial, patients
are asked to rate their performance subjectively on a scale from 0 to 100. The proposed
approach was compared with the previous solution regarding the two behavioral metrics.
First, the proportion of patients that match or exceed the proposed engagement score, and
second, the average self-rating score. The results from this comparison can be seen in
Figure 7.

Patient engagement / self-evaluation

100
80
60
W Proposed
40 Previous
20

% Engagement Self-Rating
Figure 7. Behavioral indicators: Previous vs. proposed method.

The data depicted in the graph indicates a slight improvement in both indicators over
the previous method. A 10.5% increase in the percentage of patients who achieved the
proposed engagement scores is consistent with the uptick in first recommendation accuracy
previously observed, meaning that when patients have initially suggested a better activity,
they tend to have better adherence for the remainder of the rehabilitation plan. Patients
also appear to rate their performances, on average, 8% higher than with the previous
method, which could indicate a situation where activities are better suited to the patient’s
capabilities and preferences.

Feedback collected from patients after the trial revealed that a significant portion of
players (66%) felt noticeable positive changes in difficulty between activity cycles. Gen-
erally, the bidirectional weight-shifting mechanism seems appropriate for instantiating
adjustments according to the patient’s specific needs. However, 11 participants claimed
that the feedback questionnaire is too frequent and disruptive to a seamless experience,
suggesting that an alternative optimization frequency might benefit user experience to the
detriment of convergence speed.
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4.3. Statistical Analysis

In order to support the claim that the proposed method improves upon the previous
one, a statistical analysis was carried out. Due to both systems being comparable in the
sense that only one class is possible for recommendations (when recommended equals
true), the problem can be essentially considered a binary classification. Hence, statistical
analysis consists of analyzing the observed proportions for each method. Both methods
were evaluated regarding the average observed Nj accuracy for the same set of users across
a similar number of played activities. Figure 8 depicts the observed confidence intervals
for both methods at N;. The non-overlap between confidence intervals suggests that the
proposed method has consistently better accuracy in the first recommendations.

Comparison of N1 Accuracy with 95% Confidence Intervals

1 Accuracy

N=

Method CI
Proposed  [0.772, 0.855]
Proposed Previous Previous [0.618,0.718]

Figure 8. Confidence intervals (CI): Previous vs. proposed method.

In order to further solidify the claim, a proportion Z-test was conducted under the null
hypothesis that accuracy is the same in both methods (« = 0.05). Given that the observed
p-value equals 1.134 x 107>, a value less than 0.05, the null hypothesis can be rejected,
which validates our statement that the proposed method is statistically significantly better
than the previous one.

5. Conclusions and Future Work

Engaging in regular physical activity is proven to improve quality of life in several
aspects, but despite the outlined benefits, a large portion of the population lacks sufficient
exercise levels, leading to physical and psychological complications, especially in the latter
stages of life. Physical therapy is a type of health rehabilitation practice that aims to reduce
pain and improve motor function, promoting recovery from injury, medical intervention,
and age-related loss of mobility. Recommendation systems play an important role in
enabling personalized healthcare and, thus, can be leveraged to improve the efficacy of
physical therapy through the autonomous prescription of rehabilitation exercises according
to patients’ specific needs.

The proposed method’s functionality is defined by two distinct modes. First, a nearest
neighbor-based collaborative filtering strategy is used to generate initial recommendations
based on similarity in patient profiles. Then, explicit feedback collection interacts with
a personalized weight system, gradually fitting newer recommendations to the patient’s
preferences. The weight-shifting mechanism is designed to provide the patient with an
immediate and tangible change in the way their next activity plays out, enabling a degree
of positive or negative adjustment to activity goals, depending on perceived difficulty.

The evaluation of the proposed method shows that there is a significant improvement
in first recommendation accuracy when compared to a human-based approach, supporting
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the role of multiple feature weighing for improving nearest neighbor analysis precision.
Indicators of success can also be derived from behavioral data, which suggests that having
high-quality recommendations in the earlier stages of the program can lead to better
adherence to the activities. Consequently, when players’ feedback has noticeable effects on
recommendations, their understanding of self-improvement is improved. Overall, these
results support the introduction of explicit feedback collection as a means of enhancing the
personal aspect of recommendation systems applied to healthcare, in particular, physical
activity recommendation systems. To the extent of our knowledge and research, the
combination of strategies employed in this study is novel for the subject matter. As
such, the present work expands the existing state-of-the-art healthcare recommendation
systems on several fronts. More specifically, the study supports the mitigation of issues of
model cold-start by using multiple combined feature-weighing employed in the context of
neighbor analysis, as well as the employment of reinforcement learning methods based on
explicit user feedback to improve a system’s continuity and personalization.

As indicators for future work, it is necessary to conduct further research into the limi-
tations of the feedback collection method, as well as evaluate the effects of the long-term
usage of the system. In particular, it is essential to implement measures to prevent the
exploitation of feedback collection. One such instance occurs when a patient knowingly
and untruthfully reports their activities as being too difficult, thereby inducing changes that
are not aligned with their actual physical capabilities. Moreover, a solution for preventing
disruptive feedback collection needs to be explored, potentially involving the evaluation
of alternative optimization periods to reduce the interruption of the player’s experience.
Finally, a subsequent study is planned to introduce the periodic inference of patients’ per-
formance. This will add another layer of feedback whereby patients can better understand
their rehabilitation progress over time.
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