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ABSTRACT

Background: Chiropractic care is widely applied for pain relief and
musculoskeletal improvement, yet limited emotional support and one-
way communication may reduce trust and engagement. This quasi-
experimental study aimed to examine the effect of amobile Augmented
Reality Application (ARA), combined with a Convolutional Neural
Network (CNN) predictive model, on enhancing patient satisfaction,
adherence, and clinical outcomes within chiropractic care.
Methods: A pre-test post-test quasi-experimental design was
implemented from January to December 2022 in a private
chiropractic clinic in Mashhad, Iran. Out of 73 eligible patients with
musculoskeletal disorders, 51 completed the study, with low back pain
and neck pain being the most common issues reported. Participants
were randomly assigned to an intervention group (n=21; standard care
+ ARA app) or control group (n=30; standard care only). Outcomes
included functional performance (mental health, vitality, social
functioning, disability, and kinesiophobia), treatment satisfaction,
and adherence. Assessments were conducted at baseline and weeks
3, 5, and 8 using validated tools, including the 12-item Short Form
Health Survey Questionnaire (SF-12) and the Fear Avoidance and
Belief Questionnaire (FABQ). The satisfaction rate was assessed
at week 8 using a 10-item questionnaire developed by the research
team, while treatment adherence was monitored by app usage in the
intervention group or clinic attendance in the control group.
Results: By the eighth week, the intervention group reported higher
satisfaction (91.6+6.5) compared to the control group (63.3+12.5;
P<0.01). Significant improvements were observed in functional
performance measures, including mental health, vitality, social
functioning, and fear avoidance (P<0.01). A positive correlation was
also found between adherence and satisfaction (r=0.402, P=0.003).
The CNN model demonstrated moderate predictive accuracy with
a Root Mean Squared Error (RMSE) of 0.1121 and a correlation
coefficient of 0.1491 (P<0.01).

Conclusion: The AR A app significantly improved outcomes, suggesting
a scalable, patient-centered digital strategy. However, further extensive

and long-term trials are recommended to validate its scalability.
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Introduction

Musculoskeletal Disorders (MSDs) have
become increasingly common due to the
widespread use of electronic devices such
as mobile phones and computers, along with
sedentary lifestyles, physical inactivity, and
obesity. A range of factors contribute to the
development of these conditions, including
physical, organizational, and social aspects
of both the workplace and daily life, as well
as individual physiological characteristics (1).

Work-related MSDs impose a significant
economic burden on healthcare systems,
with direct costs such as medical care
and rehabilitation, and indirect costs
including disability, lost wages, and reduced
productivity (2, 3).

According to national surveys, lower
limbs—particularly the lower back and
knees—are most commonly affected, while
neck-related injuries are most prevalent
among upper limbs (4). Beyond physical
pain, MSDs often contribute to psychological
stress, exacerbating social isolation and
emotional burden.

Chiropractic care, which emphasizes
addressing the root causes of musculoskeletal
problems through non-invasive methods,
offers an alternative to conventional
treatments. However, many patients still
seek surgical interventions, often due to the
expectation of rapid results. Evidence suggests
that chiropractic care can significantly
reduce the use of advanced imaging,
surgical procedures, and hospitalizations
for conditions such as low back and neck
pain (5) Despite these benefits, chiropractic
care remains underutilized, with only an
estimated 5—-10% of adults in North America
seeking such services annually—a trend
often attributed to limited public awareness,
misinformation, and skepticism among both
patients and healthcare providers (6).

Building  trust and  improving
communication between chiropractors and
patients is essential to increasing adherence
to treatment plans. The COVID-19 pandemic
highlighted these challenges, with reduced
access to care, increased psychological
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distress, and sedentary lifestyles worsening
existing pain conditions (7). With the rise
of Mobile Health (mHealth) technologies
and widespread smartphone usage (8),
there is a growing opportunity to integrate
digital interventions into chiropractic care.
Social networks significantly influence
health behaviors, with platforms enabling
patients to exchange experiences and
obtain support demonstrating potential to
improve engagement and adherence (9).
Additionally, social media acts as a valuable
channel for disseminating both users’ and
healthcare providers’ beliefs, attitudes, and
experiences regarding Complementary
and Alternative Medicine (CAM), while
also providing an accessible, efficient, and
practical way to deliver CAM therapies
and related information. Leveraging this
dynamic, we propose an innovative approach
that integrates social network analysis into
chiropractic care. By harnessing data from
social interactions, patient communities,
and online health forums, we aim to gain
insights into patients’ perceptions, concerns,
and experiences related to chiropractic care.
This information can guide healthcare
providers in tailoring their communication
strategies, addressing misconceptions, and
building trust.

This study introduces an innovative
model that combines Social Network
Analysis (SNA) with an Augmented Reality
(AR)—based mobile application to improve
chiropractic care delivery. The SNA allows
for the examination of peer interactions,
influence patterns, and community behavior,
enabling more tailored and effective patient
engagement strategies.

To enhance the personalization of care, we
integrated a Convolutional Neural Network
(CNN) model into the application. The CNN
uses patients’ Magnetic Resonance Imaging
(MRI) images to predict treatment outcomes,
with attention maps identifying the anatomical
areas most related to clinical improvement.
These predictions are visualized through AR,
allowing patients to see their likely treatment
trajectory in an intuitive and motivating way.
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The AR features allow patients to interact
with educational content, track their exercise
progress, and view predicted recovery paths.
These tools foster a sense of control and
transparency, thereby reducing anxiety and
promoting consistent participation in care.
Furthermore, virtual incentives, peer support
features, and real-time feedback are embedded
within the app to sustain long-term engagement.

By integrating deep learning, AR
visualization, and social network
engagement, we aimed to create a
holistic digital framework that empowers
patients, strengthens chiropractor-patient
communication, and improves treatment
outcomes. Incorporating social network
analysis, AR-based patient visualization,
and CNN-based prediction models into a
chiropractic mobile application was proposed
to enhance the patient satisfaction, adherence,
and clinical improvement compared to
standard chiropractic care. Accordingly, the
main objective was to strengthen engagement
and treatment adherence by visualizing
predicted recovery pathways and facilitating
peer support.

Methods
Study Design and Setting

This pre-test post-test quasi-experimental
study was conducted at a private chiropractic
clinic in Mashhad, Iran, from January to
December 2022. The study aimed to evaluate
the effectiveness of a mobile application—
Augmented Reality Application (ARA)—that
integrates CNN, AR, and social interaction
to improve patient engagement, clinical
outcomes, and satisfaction in chiropractic care.

Participants and Sampling

The study recruited 51 participants using
consecutive sampling from a chiropractic
clinic. Among the 73 eligible patients, 22
were excluded either because they were not
interested or did not fulfill the inclusion
criteria, leading to a final sample size of 51.
Participants were allocated to two groups using
simple randomization performed in SPSS v26
with random number generation and case

sorting: the intervention group (n=21), which
received standard chiropractic care enhanced
with the ARA, and the control group (n=30),
which received only standard chiropractic
care. Allocation concealment was ensured
using sequentially numbered, opaque, sealed
envelopes prepared by a researcher who was
not involved in participant enrollment. Due
to the nature of the intervention, participants
were aware of their group assignment, but
data analysts and outcome assessors were
blinded to reduce bias.

Inclusion criteria included adults aged 18—
65 years with a diagnosed musculoskeletal
condition (e.g., low back pain or neck pain),
having undergone at least four weeks of
chiropractic treatment prior to the study,
willingness to provide informed consent,
and ability to use mobile applications (for
the intervention group). Exclusion criteria
included acute trauma, neurological disorders,
or severe cognitive/physical limitations
preventing protocol adherence.

Due to recruitment constraints, the
maximum feasible sample size was 51
participants. No prior studies with an identical
design and intervention were available to
justify this sample size a priori. Therefore,
post hoc power analysis was conducted
based on the observed effect size in patient
satisfaction scores at week 8. The analysis
yielded a statistical power of approximately
65%, which, despite being lower than the
standard 80% threshold, was considered
acceptable given the large observed effect
size (Cohen’s d=2.702). The overall patient
recruitment process, including eligibility
screening,  randomization,  allocation
to intervention and control groups, and
follow-up, is illustrated in the participants’
recruitment flow diagram (Figure 1).

Procedures / Intervention

Patients meeting the eligibility criteria
completed baseline (pre-test) questionnaires
to assess their functional performance.
Both groups were monitored for 12 weeks,
with assessments conducted at baseline
and at weeks 3, 5, and 8 (post-tests).
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Assessed for eligibility (N=73)

Excluded (n=22)
- Not meeting inclusion criteria (n=7)
- Declined to participate (n=9)

- Other reasons (n=6)

Randomized (N=51)

Allocated to intervention group (n=21)
- Received allocated intervention (n=21)

- Not received (n=0)

Follow-up intervention group
- Lost to follow-up (n=0)

- Discontinued (n=0)

A

Analyzed (n=21)

Allocated to control group (n=30)
- Received allocated intervention (n=30)

- Not received (n=0)

l

Follow-up control group

- Lost to follow-up (n=0)

- Discontinued (n=0)

Analyzed (n=30)

Figure 1: Participants recruitment flow diagram

The intervention and control groups received
equivalent educational content over an 8-week
program, covering identical topics (posture,
rehabilitation, motivation) and instructional
objectives (pain reduction, engagement, and
self-care).

The intervention group received
standard chiropractic care enhanced with
ARA features, including guided exercises,
educational materials, MRI-based predictive
models, and AR visualization. Conversely,
the control group received only the standard
chiropractic care without the use of the app.

Intervention Group: The mobile application
was primarily used as an intervention tool in
the experimental group. It provided patients
with personalized exercise recommendations,
3D augmented reality-based treatment
visualization, predictive outcome estimates
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through CNN analysis of MRI scans, and peer
engagement via a social support module. Upon
first login, patients viewed a short welcome
video explaining chiropractic concepts, study
goals, and app navigation. Patients entered
demographic and health-related data and
uploaded their MRI scans via the app. These
MRI images were processed by a CNN to
predict treatment outcomes and satisfaction
likelihood. Results were displayed through AR
as a projected spinal image highlighting areas
of concern (e.g., disc herniation) and estimated
improvements. Saliency maps were generated
to identify image regions most relevant for
diagnosis and provided to the chiropractor to
enhance diagnostic accuracy and treatment
planning. The predicted satisfaction rate was
displayed to patients in AR format to enhance
motivation.
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The ARA mobile app was created as an
all-inclusive resource to improve patient
education and involvement in chiropractic
care. Its development was carried out by a
multidisciplinary team comprising a PhD
in biostatistics, a PhD in statistics, a Doctor
of chiropractic with clinical neurology
certification and over 15 years of experience,
two orthopedic specialists with MSc degrees
and more than a decade of clinical practice
each, two MSc software engineers expert
in health informatics and app development,
and a medical educator with 12 years of
expertise in adult education and instructional
design. The educational materials were based
on international chiropractic standards,
evidence-based rehabilitation approaches—
including WHO recommendations for
musculoskeletal health—and authoritative
references such as the National Institute
for Health and Care Excellence (NICE)
Guidelines for musculoskeletal disorders (10),
World Federation of Chiropractic guidelines
(11), and peer-reviewed research on digital
rehabilitation, telehealth, and behavioral
change models (12-14).

The ARA mobile app aimed to
improve patients’ self-management skills,
functional literacy, and treatment adherence
through several key objectives: enhancing
understanding of  chiropractic  care
mechanisms, promoting correct execution
of home-based rehabilitation exercises,
fostering motivation through feedback and
community support, and building trust via
transparent visualization of treatment effects.
Upon first login, patients viewed a welcome
video explaining chiropractic concepts, study
goals, and app navigation. Users entered
demographic and health-related data, and
their MRI scans were uploaded for analysis
by a CNN. The CNN processed MRI data to
predict treatment response and satisfaction
likelihood, displaying results through AR as
a projected spinal image highlighting areas of
concern and estimated improvements.

The ARA provided a range of features
tailored to patients’ needs. Personalized
exercise modules, based on chiropractor input,

included weekly sessions focused on spinal
stabilization, core strength, posture training,
joint mobility, and daily health tips delivered
via text and video. Nutrition and lifestyle
guidance provided individualized dietary
plans and supplement recommendations
(e.g., anti-inflammatory foods, vitamin D,
and magnesium), with automated reminders
for supplement intake and a tracking system
to monitor adherence.

Patients were able to see anonymized
progress data of their peers through social
networking features, as well as like, comment,
message, and directly pose questions to their
chiropractor. Motivational elements involved
tracking the completed sessions, awarding
virtual badges, and providing weekly progress
summaries with tailored behavioral nudges.
Weekly push notifications summarized
performance, with reminders sent within 24
hours for missed sessions. During in-person
chiropractic sessions, clinicians reviewed app-
generated weekly progress reports covering
exercise completion, supplement adherence, and
engagement with educational modules. Based
on this, chiropractors assigned performance
ratings within the app to enhance motivation.
The app also displayed patients’ performance
scores to other users, along with the total
points earned weekly and the name of the
chiropractor providing feedback, accompanied
by motivational messages based on the score.

The application’s network connectivity was
facilitated through a Representational State
Transfer (REST) API model, implemented
in an Android app built using Android
Studio with Kotlin, Java, and the Vuforia
AR Software Development Kit (SDK).
Screenshots from the application pages are
presented in Figure 2.

Control Group: The control group
received all the related content verbally and
through printed leaflets during clinic visits,
delivered by the same chiropractic educator
to ensure consistency. MRI images were
gathered manually—either handed over in
person or through physical storage devices—
and then entered into the CNN for predicting
treatment results and patient satisfaction
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Tools/ Instruments

In this study, the functional performance
was defined as physical and psychosocial
outcomes measured through validated
components of the functional assessment
questionnaire, including “mental health/
social functioning”, “energy/vitality,” and
“fear avoidance” domains.

Mental health and social functioning
scores were derived from the 12-item
Short Form Health Survey Questionnaire
(SF-12), which included 2 items assessing
psychological well-being (e.g., “Have you
felt calm and peaceful?”). Items were rated
on a 5-point Likert scale (1=all of the time,
5=none of the time). Scores were weighted
and normalized to 0—100, with higher scores
indicating better mental health (15).

Energy (vitality) was measured using the
vitality subscale of the SF-12, which included
1-2 items assessing energy levels and fatigue
(e.g., “Did you have a lot of energy?”). Items
were rated on a 5-point Likert scale. Scores
were normalized to 0—100, with higher scores
indicating greater vitality.

Validity and Reliability - The SF-12
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Figure 2: Screenshots from the Augmented Reality Application (ARA)

Weekly Statistics

Score 16.578

Overview

. ' '

Activity

vitality subscale has shown good reliability,
with Cronbach’s alpha values between 0.65
and 0.75 across various studies, indicating
acceptable internal consistency. Test-retest
reliability coefficients typically range from
0.70 to 0.80 over short intervals (e.g., 1-2
weeks). Construct validity is supported
by strong correlations with the longer SF-
36 vitality subscale (r>0.90) and moderate
correlations with measures of fatigue and
energy levels (e.g., r=0.60-0.70 with the
Fatigue Severity Scale). Criterion validity
is evidenced by its ability to discriminate
between healthy populations and those with
chronic conditions affecting vitality, such
as depression or musculoskeletal disorders,
with relative validity estimates for the mental
component summary (including vitality)
reaching a median of 0.97 in tests involving
mental health criteria (16, 17).

Fear avoidance was measured using
the Fear Avoidance Beliefs Questionnaire
(FABQ), which included 16 items, with four
items for the physical activity subscale (e.g.,
“Physical activity might harm my back™).
Items were rated on a 7-point Likert scale
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(O=completely disagree, 6=completely agree).
Scores were normalized to 0-100, with lower
scores indicating reduced fear-avoidance
behaviors (18).

All domain scores were converted to a
0-100 scale, with higher scores representing
better status for mental health, energy/
vitality, and social functioning, and the lower
scores indicating reduced fear avoidance.
The questionnaire featured yes/no, multiple-
choice, and Likert scale items (4- and 7-point
formats). Data normality was confirmed using
the Shapiro—Wilk test.

Validity and Reliability - The FABQ
exhibits good reliability, with Cronbach’s
alpha for the Physical Activity Subscale
(FABQ-PA) typically ranging from 0.77 to
0.88, indicating strong internal consistency.
Test-retest reliability is high, with Intraclass
Correlation Coefficients (ICC) of 0.74-
0.95 over 1-2 weeks. Construct validity
is well-established through correlations
with measures of disability (e.g., r=0.50-
0.70 with the Roland-Morris Disability
Questionnaire) and pain intensity (e.g.,
r=0.40-0.60 with Quadruple Visual Analogue
Scale scores). Criterion validity is supported
by its predictive ability for work-related
outcomes and chronic pain persistence,
discriminating between patients with high
vs. low fear-avoidance behaviors (P<0.01 in
several previous studies). The questionnaire
has been validated in diverse populations,
including those with upper extremity injuries,
with acceptable factor structure and no floor/
ceiling effects (18, 19).

Satisfaction questionnaire: A 10-item
satisfaction and adherence questionnaire,
developed by the research team and validated
by a panel of seven experts, was employed
to measure patients’ satisfaction following
the 8-week intervention. Items were rated on
a 5-point Likert scale (I=strongly disagree,
S=strongly agree), yielding a total score
ranging from 10 to 50, with higher scores
indicating greater satisfaction and adherence.

Validity and Reliability - Content validity
was confirmed by a panel of experts, and
the instrument demonstrated high internal

consistency with a Cronbach’s alpha of 0.88.
Clinical improvement and adherence
tracking: Clinical improvement was
assessed by analyzing changes in functional
performance scores across four intervals:
baseline (prior to intervention), and at weeks
3, 5, and 8 post-treatment commencement.
Treatment satisfaction was assessed once
at week 8 using the validated 10-item
satisfaction and adherence questionnaire,
developed by the research team, validated
by a panel of seven experts, and rated on a
5-point Likert scale. The total satisfaction
score was converted to a 0—100 scale, where
higher values indicated greater satisfaction.
Adherence was defined as the proportion of
prescribed sessions and activities completed
during the intervention period. For the
intervention group, adherence was monitored
by the ARA app logs (exercise completion,
educational module viewing, supplement
tracking), while for the control group was
recorded based on clinic attendance.

Data Collection

Data collection took place between January
1 and December 31, 2022, at a chiropractic
clinic in Mashhad, Iran, focusing on patients’
satisfaction, functional performance (mental
health, energy/vitality, social functioning, and
fear avoidance), intervals between visits, total
visit count, and MRI images.

Data were gathered using structured
questionnaires and digital usage logs from
the ARA mobile app. Clinical data (e.g.,
intervals between visits, total visit count)
were extracted from electronic medical
records, and adherence data were collected
via AR A mobile app logs for the intervention
group and clinic attendance records for the
control group.

For the intervention group (n=21),
questionnaires were distributed electronically
via the ARA mobile app at all required
intervals (baseline, weeks 3, 5, and 8 for
functional performance; baseline and week
8 for satisfaction). Participants received a
secure link within the app to complete the
questionnaires, with a 48-hour window to
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respond. Automated reminders were sent via
app notifications if questionnaires were not
completed on time.

For the control group (n=30),
questionnaires were administered manually
during clinic visits using paper-based forms
provided by a research assistant at the same
time points (baseline, weeks 3, 5, and 8
for functional performance; baseline and
week 8 for satisfaction). Participants were
given a 24-hour window to complete the
satisfaction questionnaire, with one phone
call reminder if needed. Each questionnaire
took approximately 5—20 minutes to complete,
depending on the number of items.

Clinical photographs were obtained prior
to chiropractic sessions for all participants
to assess physical status (e.g., posture, spinal
alignment). MRI images were collected from
all patients for diagnostic and predictive
purposes. Within the intervention group,
patients viewed a short educational video via
the AR A app explaining chiropractic methods
and study goals upon the first login. These
individuals subsequently uploaded their MRI
images through the app, which were processed
by a CNN to predict treatment outcomes and
the probability of patient satisfaction. For
those in the control group, MRI images were
collected manually (delivered in person or
through physical media), then digitized and
processed using the same CNN predictive
algorithm. Saliency maps were generated for
both groups, highlighting significant image
features such as disc herniation and spinal
alignment anomalies, and these were supplied
to the chiropractor to improve diagnostic
precision and inform therapeutic strategies.
In the intervention group, the predicted
satisfaction and clinical outcomes were
presented to patients using AR as a visual
spinal model to boost motivation. By contrast,
predicted outcomes were not visualized but
were compared with actual satisfaction scores
collected via questionnaires. All MRI images
were securely archived within the clinic’s
electronic medical record system.

Participants were recruited consecutively
from patients attending the chiropractic
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clinic, with a trained research assistant
screening all entrants for eligibility during the
study period. Those in the intervention group
received a 10-minute training on app use
during their first visit after enrollment, which
covered how to watch the educational video
and upload MRI images, alongside available
technical support via phone or email.

For the intervention group, electronic
questionnaire responses and MRI data were
automatically recorded in the ARA app’s
database, with built-in validation ensuring
responses fell within acceptable ranges.
Control group questionnaire data, gathered
on paper forms, were manually entered into a
secure, password-protected Excel spreadsheet
by a research assistant. Digitized MRIs from
the control group were processed by the
CNN to predict satisfaction, which was then
compared with actual questionnaire responses.
All entries were double-checked for accuracy,
and random audits were conducted to verify
data integrity. Any discrepancies, such as
missing or invalid data, were addressed by
contacting participants. A blinded statistician
performed data cleaning and analysis using
SPSS v26 to minimize bias. No participants
were lost to follow-up, resulting in a 100%
response rate for all questionnaires.

Data Analysis

All data were analyzed using SPSS version
26. The statistical tests included independent
samples t-tests, Repeated Measures Analysis
of Variances (ANOVA), chi-square tests, and
Pearson correlation. A p-value of less than
0.05 was considered statistically significant.

Paired and independent-sample t-tests,
Pearson correlation coefficients, and one-
way repeated measures ANOVA were applied
where appropriate to compare intra- and inter-
group differences. The threshold for statistical
significance was set at P<0.05.

Descriptive statistics including means,
standard deviations, frequencies, and
percentages were applied to summarize
demographic variables and primary outcome
measures, including satisfaction, clinical
improvement, and treatment adherence. All
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questionnaire-based scores were normalized
to a 0—100 scale for consistency. The Shapiro—
Wilk test was used to verify the normal
distribution of these scores.

Between-group  comparisons ~ were
conducted using independent samples t-tests
for continuous variables (e.g., satisfaction
scores) and chi-square tests for categorical
variables (e.g., gender), to compare groups
at each of the four intervals: baseline (pre-
intervention), and weeks 3, 5, and 8.

Within-group changes over time were
evaluated using repeated measures ANOVA
for normally distributed continuous variables.
Post hoc pairwise comparisons with
Bonferroni correction were applied when
statistically significant effects were observed.
For non-normal or ordinal data, Friedman’s
test was used.

Pearson correlation analysis was used
to explore associations between continuous
variables, including the correlation between
app usage metrics (e.g., number of completed
sessions) and satisfaction scores.

For Machine Learning (ML) evaluation,
the predictive validity of the CNN model
embedded in the ARA app was tested.
Predicted satisfaction scores were compared
to patient-reported satisfaction using Root
Mean Square Error (RMSE) and Pearson
correlation coefficient (r).

no1
RMSE:JZEJ(%_% )2

Where y, is the actual value, and y; is the
predicted value.
Accuracy: >85%

The CNN model demonstrated acceptable
predictive performance with RMSE=0.1121
and a statistically significant correlation
(r=0.1491, P<0.001).

A two-tailed P-value<0.05 was considered
statistically significant. To ensure data
reliability, all entries were double-checked
and random accuracy audits were conducted
during data processing.

Participants were assessed at the end of
week 8 using a researcher-developed patient

10

satisfaction questionnaire. Reliability analysis
demonstrated good internal consistency
(Cronbach’s alpha=0.88). In addition,
content validity was confirmed by expert
review, supporting the appropriateness of the
instrument for this study.

Their images were obtained prior to
the chiropractic sessions. At the end of the
sessions, the participants’ satisfaction rates
were calculated using the satisfaction rate
formula:
wlxPatient satisfaction+w2xChiropractor
satisfaction rate

Here wl is the weight for patient’s
satisfaction rate and w2 is chiropractor’s
opinion and wl+w2=I1. In this paper,
we considered wl=0.6 and w2=0.4. The
satisfaction rate would be a number between
0 and 100.

Predictions Modeling

This sectionis divided in two parts. The first
part involved training and prediction, which
included three steps: data pre-processing,
neural network learning, and testing out the
learned model. MRI images from both the
intervention and control groups were used
as inputs for the CNN to predict treatment
outcomes and patients satisfaction. For the
intervention group, MRIs were uploaded via
the ARA app, while for the control group
were manually entered into the CNN.

Pre-processing is one of the easiest parts
of model learning and yet one of the most
important. Initially, the images were resized
to 3x64x64 pixels to facilitate faster learning
and normalization. Then, normalization was
applied by scaling and centering the pixel values
to a range between 0 and 1. This normalization
step was essential for achieving more stable
and accurate model performance (20).
X — X— Xmin

Xmax - Xmin

In this Equation, X indicates the training
values, X indicates the minimum values,
and X indicates the maximum values.

The normalized data were integrated into a
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matrix for input into the learning model. This
model was implemented using a CNN network
(21). The CNN employs convolutional layers
to generate feature maps, while pooling layers
extract key features and enable regression
via feedforward processes. The pooling layer
decreases the spatial dimensions (width and
height) of the input image, which reduces the
number of parameters and computational load
in the network, thereby helping to prevent
overfitting. Pooling is applied independently
to each deep slice of the input volume and
spatially performs dimensionality reduction
using the Excel MAX function (22).

Figure 3 shows the structure of this
network. The dropout layer enhanced the
model’s resistant against noise. The dropout
layer was another part of the defined artificial
neuron and was selectively deactivated during
training. This forces the network to reliably
produce the same output, and it is consistently
applied in CNNs to reduce overfitting (23).

The convolutional networks need massive
amounts of data to learn from, and the 6-fold
verification approach could make the model
fit better.

The training of the network is by n samples,
and the training and evaluating of the model
is by the Leave One Out Cross Validation
(LOOCYV) approach. In the employed CNN
model, n-1 samples were used to train the CNN
model, while the remaining n™ sample served
as the test case. This process was repeated n
times, ensuring each sample was used once as
a test set. Consequently, the model was only
tested on data it had not been trained on. The
quality of the prediction was evaluated using

two factors: RMSE (the less R, the better) and
Pearson correlation (the higher R, the better).
The model’s performance metrics are detailed
in the results section.

The CNN model designed to predict patient
improvement was trained on 73 patient records
using an 80/20 train-test split. Specifically,
the model’s output represents a predicted
percentage, ¥: € [0,1], based on the input
MRI defined by x,. During the training phase,
CNN determines the patterns in the training
dataset. MRIs are presented to the network
to produce an output ¥,. The output from the
network was compared to the student output,
and an objective function was defined as:

n
Dy -l
i=1

Where 7 is the number of training samples.

Typically, large datasets are needed to
train CNNs; however, our dataset was small.
Similar to other works, we reinforced a series
of data during each training session (24).
Reinforced data from the training set was
augmented into the dataset, and then network
was trained with the augmented dataset.
Furthermore, the network was pre-trained
on the large ImageLet dataset (25) in order
to reduce training data requirements.

The training and testing steps are detailed
in Figures 4 (a) and (b), respectively. To
discuss the results, we utilized saliency maps
to explain trained CNN predictions. Saliency
maps were built from the output gradients on
the input that highlight the parts of the images
associated with our predictions (Figure 4 (c)).
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Figure 3: The study’s CNN architecture; ‘"CNN: Convolutional Neural Network
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(a) Training:

repeat for all
training samples

(b) Testing:

N
¥V
N
A 4

Trained
O
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(c) Interpretation: \
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contributed to \ C N N
correct prediction
T —

Figure 4: Training, testing, and interpretation
of the CNN model used in this study. "CNN:
Convolutional Neural Network

This approach enabled us to identify the pixels
most responsible for inaccurate predictions of
future satisfaction. For instance, in one case,
the MRI region displaying substantial disc
herniation indicated satisfaction following
chiropractic treatment only to a limited
degree. The saliency maps were produced
using the Gradient-Weighted Class Activation
Mapping (Grad-CAM) technique (26).

Besides using saliency maps, we analyzed
the characteristics that the CNN model had
acquired. The attributes obtained from the
final convolutional layers are considered the
features learned by the model. To illustrate
the features in two-dimensional space, we
utilized “t-distributed Stochastic Neighbor
Embedding” (tSNE), commonly implemented
to reduce the dimensionality of high-
dimensional data. It is important to note that
tSNE maintains the same neighbor structure
with a lower dimension, making it particularly
effective for visualization purposes.

In Figure 4, the learned feature space of
our model is depicted. Each point represents
a training instance, with its color reflecting
the corresponding level of satisfaction. The
plot clearly demonstrates that the model
arranged the features such that individuals
with lower satisfaction levels appear on the
left, progressively increasing toward those
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with higher satisfaction on the right. This
arrangement highlights that the algorithm
successfully captured the underlying structure
and constructed a meaningful feature space.

The saliency maps highlight the portions
of the MRI imprints that contributed most
significantly to the model’s predictions.
Several examples are presented in Figure 5.
To validate these findings, a chiropractor
was consulted to independently identify
relevant regions on the MRIs, after which
these were compared to the saliency maps.
In most cases, there was a high degrees of
agreement between the saliency maps and
the areas suggested by the chiropractor. As
an example, in Figure 6 (a), the saliency map
identified mild compression of the right nerve
root causing discomfort in the lumbar spinal
surface and surrounding soft tissues—areas
considered critical for predicting patient
satisfaction. Likewise, in Figure 6 (c-d) the
problem areas C4-5 to C6-7 are segmental
surfaces relating to arm and hand pain,
anterior and posterior regions of the neck,
throat, voice box, and upper back. However,
some cases demonstrated discrepancies:
the saliency maps sometimes highlighted
MRI regions not noted by the chiropractor.
This suggests that the predictive model may
consider additional or different features
than those selected by the human expert,
potentially providing more comprehensive
diagnostic insights.
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Figure 5: 2D tSNE visualization of the
learned features by our CNN model. "CNN:
Convolutional =~ Neural  Network;  tSNE:
t-distributed Stochastic Neighbor Embedding

Interdiscip J Virtual Learn Med Sci 2025; Vol. 16, No. 3



Helmi N et al.

Improving Patient Engagement in Chiropractic Care via VR and Al

Original Saliency

(b)

Original

Saliency

Voxel Contribution in Correct Prediction

Low [N

I High

Figure 6: Left: Area of high impact in MRI identified by chiropractor. Right: Saliency Map generated
using the proposed method; MRI: Magnetic Resonance Imaging

Ethics - The present work was carried out
in strict adherence to ethical principles of
human research. Methodology of the research
was approved by the Ethics Committee of
Islamic Azad University, Mashhad Branch,
Iran. Before registration, written informed
consent was received from all of the
participants. Each participant was explained
in full detail about the purpose of the study,
methods, potential harms, benefits, and their
rights as research participants. This was
explained verbally at clinical consultations
by a professional research assistant as well
as in writing in Persian in a written consent
document. The consent form explicitly
outlined the following issues:

Study Objectives: To evaluate the
effectiveness of the ARA mobile app in
enhancing patient engagement, satisfaction,
and clinical outcomes in chiropractic care.

Nature of the Intervention: Use of the
ARA mobile app (for the intervention
group) or standard chiropractic care (for the
control group), including the collection of
functional performance data, MRI images,

Interdiscip J Virtual Learn Med Sci 2025, Vol. 16, No. 3

and satisfaction/adherence questionnaires.

Voluntarily Participation: Participants
were informed that participation was entirely
voluntary, and they could withdraw from
the study at any time without any negative
consequences.

Data Confidentiality: All collected data,
including questionnaire responses, MRI
images, and ARA app logs, were anonymized
and stored securely in a password-protected
database at the clinic. Access was restricted
to authorized research team members only,
ensuring compliance with data protection
regulations.

Risks and Benefits: Potential risks
(e.g., minor discomfort from completing
questionnaires or using the app) and benefits
(e.g., potential improvement in treatment
outcomes and access to a digital health tool)
were fully disclosed.

For the intervention group, additional
explanations were provided regarding the use
of the ARA app, including how to upload
MRI images and interact with its social and
AR features. Participants were informed
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that their MRI images would be processed
by a CNN to predict treatment outcomes,
with data handled anonymously and used
solely for research and clinical purposes. For
the control group, the process of manually
collecting MRI images and their use in CNN
predictions was similarly explained.

To ensure transparency, participants were
assured that no identifiable information
(e.g., names or numbers of identification)
would be included in any report submitted
for publication. For the MRI images used
in article figures (e.g., Figures 5 and 6,
showing saliency maps), separate consent was
obtained for their anonymized publication,
and participants were informed of being
included in scientific publications.

A dedicated contact line (via email and
phone) was provided for technical support and
to address participants’ queries. Participants
were also informed of their right to access the
study results upon publication, and data are
available from the corresponding author upon
reasonable request, subject to confidentiality
constraints.

Results

Out of 73 patients initially eligible, 22
discontinued participation due to lack of
cooperation or incomplete evaluations.
The remaining 51 patients (24 males, 27
females) aged 18—65 years (Mean+SD: males

44.65+9.39 years; females 45.84+5.04 years).
The average number of chiropractic visits
was 7.96+2.96 for males and 10.48+3.10 for
females, with no significant differences in age
or visit interval between genders (P>0.05).
The findings also showed that the average
patient satisfaction score was 67.13.

As there were no other ways to forecast
patient satisfaction after receiving chiropractic
treatment with the MRI images, we set up
baseline models employing commonly used
traditional ML algorithms. We implemented
a Support Vector Regression (SVR) approach
with linear and Gaussian cores to achieve
a forecast of satisfaction. Additionally we
compared the outputs of our CNN performance
with those from the Least Absolute Shrinkage
and Selection Operator (LASSO) regression
model, which implements sparse feature
selection and subsequently regresses the
output satisfaction values.

Table 1 shows the correlation between
participants’ characteristics and their reported
satisfaction. The results indicated a significant
positive correlation between the number of
visits and satisfaction (r=0.402, P=0.003),
while no significant relationships were found
for age or the interval between visits (P>0.05).
These findings imply that patient satisfaction
with chiropractic care improves with an
increased number of referral sessions.

Table 2 shows the average age, visit

Table 1: Correlation between participants” characteristics and their reported satisfaction

Correlation P-value
coefficient

Correlation P-value
coefficient

Correlation P-value
coefficient

*Correlation is significant at the 0.05 level (2-tailed).

Table 2: Comparison of patient satisfaction by gender across age, visit intervals, and number of
sessions

Age (year)  Male 44.65+9.39 24 -0.325 46 0.747

Male 0.79+0.66 24

Number of Male
sessions

796+2.96 24 -2.913 47 0.005*

*Significant p-values; SD: Standard Deviation, df: degrees of freedom.
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intervals, and the number of sessions
according to gender. The t-test analysis
revealed a significant difference in the number
of sessions attended by men and women
(P=0.005), while no significant differences
were observed in age or visit intervals
between the two genders (Table 2).

Table 3 presents a comparative analysis
of prediction models for estimating patient
satisfaction based on MRI data. Among the
models tested, the CNN outperformed all
traditional approaches, achieving the lowest
RMSE (0.1121) and a statistically significant
correlation with actual satisfaction outcomes
(r=0.1491, P=0.0018), highlighting its superior
predictive validity of the CNN model for
clinical use. In either model, the inputs are
specified as the values from each of the MRIs.
The SVR model utilized =10 and ¢=2"- and
the LASSO uses A=0.1. These hyperparameter
values yielded the best network search results
for the best hyperparameters. In the first phase,
training and prediction were performed using
anetwork with 6-fold cross-validation across
six steps. In each step, one-sixth of the data
was used for testing, and each of the resulting
outputs was obtained. The outcomes from
each group were then analyzed and compared
using Fisher’s test and the t-test.

To assess the patients’ satisfaction levels,
a questionnaire was designed and given to
them prior to and following the treatment.

SVR (Linear) 04128

The patients completed the questionnaire
with assistance from their physician. The
study revealed that patients’ overall attitude
towards their treatment contributed 91.55%
effectiveness to their satisfaction.

Table 4 indicates correlation between the
number of sessions and patient satisfaction
with the ARA. There was significant positive
correlation between numbers of sessions and
patient satisfaction in both groups.

Table 5 indicates  within-group
comparisons of long-term outcomes over
the four intervals (baseline, 3%, 5" and 8™
week) of the experimental study. Among
participants in the normal group, comparisons
between baseline and the third week
revealed significant differences (P<0.05)
in all outcome measures except Physical
Functioning (P=0.133), while the ARA group
demonstrated significant differences across
all outcome parameters (P<0.05).

Comparisons between normal and ARA
outcomes at the 3 and 8" weeks indicate
that energy/vitality and mental health
improvements influence other indicators of
health, including physical functioning and
overall health status (Figure 7).

The intervention group had a higher
average satisfaction score (91.55+6.48) and
lower variability (CV=0.07) compared to
the control group (63.30+12.52, CV=0.20).
This suggests greater and more consistent

Table 3: Comparison of methods based on RMSE, correlation coefficient, and P-value

0.0315 0.4822

LASSO 0.3587

0.0665 0.1376

*Significant P-values; r: Correlation Coefficient. RMSE: Root Mean Squared Error; CNN: Convolutional

Neural Network.

Table 4: Correlation between patients’ characteristics and their satisfaction with the ARA

P-value

Correlation coefficient P-value

Correlation coefficient

Number of sessions  0.021* 0.402

0.003* 0.293

Interdiscip J Virtual Learn Med Sci 2025, Vol. 16, No. 3
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Table 5: Comparison of participant treatment (Mean change) from baseline to week 8 by contextual
variables

*Significant P-values; SD: Standard Deviation; ARA: Augmented Reality Application.

ARA: Augmented Reality Application

satisfaction with chiropractic care in the
intervention group. Additionally, 91.55%
of participants reported that augmented
reality positively influenced their treatment
decisions and motivation to complete the
program. Statistical significance tests were
not performed (Table 6).
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Table 6: The impact of the ARA in the intervention grou

Discussion

This study aimed to evaluate the
effectiveness of an AR enhanced mobile
application integrated with a CNN model in
improving patients’ satisfaction, adherence,
and clinical outcomes in chiropractic care.
The findings indicated that the ARA app
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Figure 7: Comparison of treatment effects on health outcomes. Group 1: ARA vs. Group 2: Normal
method. (a): Bodily pain, (b): General Health, (c): Social functioning, (d): Mental Health, (e): Physical

functioning, (f): Fear Physical, (g): Energy/Vitality.

significantly improved patient satisfaction
and clinical outcomes (e.g., mental health,
social functioning) compared to standard
care. The CNN model successfully predicted
satisfaction, with saliency maps validating
its alignment with clinically relevant MRI
regions. These findings highlight the potential
of integrating Al and social connectivity into
chiropractic care.

One of the most notable findings was
the predictive capacity of the CNN model.
It achieved low RMSE and statistically
significant correlations between predicted
outcomes and patient-reported satisfaction,
affirming its predictive validity. However,
while the correlations were significant, the
observed baseline characteristics was modest,
suggesting that further model optimization
and the use of larger, more diverse datasets
are needed to enhance predictive accuracy.
Despite this limitation, the use of saliency maps
provided transparency and interpretability
by highlighting MRI regions aligned with
clinical relevance. These capabilities, when
combined with AR visualization, empowered
patients by offering a clearer understanding

Interdiscip J Virtual Learn Med Sci 2025, Vol. 16, No. 3

of their potential recovery trajectory, which
contributed to increased trust and treatment
adherence (27). Furthermore, mobile health
(mHealth) technologies that incorporate
patient feedback, predictive analytics, and
social engagement features have demonstrated
effectiveness in improving self-care and
decision-making, as well as decreasing
dropout rates (14, 28).

Nevertheless, the integration of CNN-
based predictions and AR visualization
proved to be a powerful patient-centered
strategy. By allowing patients to visualize their
recovery path and compare their outcomes
with predicted expectations, the ARA app
enhanced transparency and motivation. The
app’s ability to collect real-time behavioral
data also adds value to patient monitoring
and dynamic treatment adaptation.

This study may be the first to examine
the integration of social networks, AR, VR,
and ML in enhancing chiropractic care
and patient adherence. The research results
imply that ML-based predictive techniques
that come with a combination of immersive
digital visualization and a socially driven
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approach have the potential to not only
increase treatment adherence but also patient
satisfaction. They could lead to better clinical
results. While the majority of previous
studies had been conducted using X-ray
or CT scans to create the musculoskeletal
disorder treatment outcomes model (29),
in our work, we utilized MRI imagery as
the primary input. Not only is MRI more
widespread and accessible in certain parts
of the world, like Iran, but it also increases
the accuracy of the prediction. Our method,
in addition to the standard clinical data
collection, encourages the implementation
of local social features to enable real-time
interaction between the patients and health
workers. The sharing of recovery stories of
other patients, getting encouragement, and
sharing your own progress in social networks
has been documented lately as helping to
enhance self-efficacy and treatment adherence
significantly in digital health platforms (30).
Among the things that are important in the
short-run, we can mention but single out the
feature of peer influence through mobile
health (mHealth) applications, which is the
main and leading cause of patients’ exercise
adherence, following diet recommendations,
and compliance with prescribed drug
therapies (31).

Recent systematic reviews in the field of
musculoskeletal care have shown the worth of
mHealth instruments in giving people a better
reach to healthcare, particularly through
telehealth modalities (12). Nonetheless, it was
noted that a large number of interventions were
unable to maintain patient engagement over
an extended period or enhance the patients’
behavior (32). As a solution to this problem,
our study employed social motivation tools
like the comment threads, virtual rewards,
and structured feedback loops, which are
known to be efficient in keeping the users
engaged (33).

Furthermore, studies have shown that
mobile health (mHealth) applications, which
involve community features, are more
effective in patient retention and compliance
with treatment compared to those who do not
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(30, 34, 35). Our platform, through peer-to-
peer accountability and customized progress
tracking, aligns with the concept of social
accountability loops that are described in
the literature and which are indispensable
for behavior change (36-38).

This study also diverges from nonparallel
research such as commercial health apps
that rely solely on engagement indices
without AR or predictive modeling (39),
and telerehabilitation platforms limited
to remote exercise delivery without real-
time ML feedback (40). In contrast, our
integration of CNN-based prediction, AR
visualization, social networking, and clinician
feedback within the ARA app offers a more
comprehensive and engaging patient-centered
approach.

Limitations and Suggestions

The findings of our study are encouraging;
however, certain limitations must be
acknowledged. The sample size and regional
scope restrict the ability to generalize the
results, and the follow-up duration was
insufficient to assess the long-term durability
of the effects. Besides, individual responses to
peer-supported motivation differ, with some
experiencing reduced motivation or heightened
anxiety due to social comparison (41).

Although randomization was used,
the results may only be generalizable to
populations and care settings similar to
those studied. While we assessed short-term
engagement and satisfaction, the long-term
maintenance of app use and clinical benefits
remains unexamined. Previous research
indicates that digital engagement can wane
without continuous support, especially in
groups with lower digital literacy (42).

Although post hoc power analysis based
on the observed effect size yielded a power
of approximately 65%, this falls short of
the conventional 80% threshold typically
recommended for robust inferential
conclusions. As a result, the findings—while
statistically significant and supported by a
large effect size—should be interpreted with
caution.
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Future studies with larger and more
diverse samples are warranted to validate
these findings and enhance external validity.
Subsequent research could incorporate
more diverse datasets, including MRI and
multiple imaging techniques, and tailor social
interaction components to patient profiles and
preferences through Al. Economic analyses
should be undertaken to identify cost-effective
approaches to reduce treatment dropout rates
and avoid unnecessary surgical interventions
(43). Furthermore, involving users in iterative
co-design processes to refine message timing,
frequency, and tone may enhance motivation
while reducing unintended pressure (44).

Conclusion

This study highlights the significant
value of integrating ML, immersive AR/
VR technologies, and interactive mHealth
features in chiropractic care using a
synergistic approach. The findings contribute
to a growing body of evidence indicating
that digital therapy models—especially
those promoting peer group formation and
active engagement—have the potential to
transform patient interactions with non-
surgical musculoskeletal treatments. Future
investigations should extend this framework
to larger populations and assess its cost-
effectiveness, scalability, and long-term
effects on health outcomes.
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