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A Multimodal Data Driven Rehabilitation Strategy
Auxiliary Feedback Method: A Case Study

Lei Zhao™', Haoran Sun

Abstract—In Industry 4.0, medical data present a trend of
multisource development. However, in complex information
networks, an information gap often exists in data exchange
between doctors and patients. In the case of diseases with
complex manifestations, doctors often perform qualitative
analysis, which is macroscopic and fuzzy, to present treat-
ment recommendations for patients. Improving the relia-
bility of data acquisition and maximizing the potential of
data, require attention. To solve these problems, a mul-
timodal data-driven rehabilitation strategy auxiliary feed-
back method is proposed. In this study, depth sensor and
functional near-infrared spectroscopy (fNIRS) were used
to obtain ethology and brain function data, and skeleton
tracking analysis and ethology discrete statistics were per-
formed to assist the diagnostic feedback of rehabilitation
strategies. This study takes rhythm rehabilitation training of
autistic children as a case, and results show that the multi-
modal data-driven rehabilitation strategy auxiliary feedback
method can provide effective feedback for individuals or
groups. The proposed auxiliary decision method increases
the dimension of data analysis and improves the reliability
of analysis. Through discrete statistical results, the poten-
tial of data are maximized, thereby assisting the proposed
rehabilitation strategy diagnostic feedback.

Index Terms— Auxiliary decision, feedback, multimodal
data driven, skeleton tracking.

|. INTRODUCTION

N INDUSTRY 4.0, information industry has achieved great
development [1], [2]. Internet, artificial intelligence, big
data, and other next-generation information technologies have
entered a golden age of development. Industrial Internet is
the product of Internet technology and the new generation of
industrial revolution. This technology aims to break original
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technical barriers, improve the intelligence level of industrial
equipment through technical integration, and establish an
exchange platform between data and entities to improve the
level of data analysis [3]. The emergence of industrial Internet
promotes the integration and innovation of technology and
influences the original industrial development model. This
phenomenon is especially evident in the medical field.

The development of information industry promotes the
emergence of a new generation of medical industry revolution
called Medical 4.0. The goal of Medical 4.0 is to improve
and integrate the new generation of information industry
with the existing technology and equipment and for Medical
4.0 to be applied to medical care and diagnostic decision
making [4]. Methods, such as telemedicine assistance and arti-
ficial intelligence, also begin to be applied in medical-assisted
decision making. Although the importance of data has been
fully recognized [5], an information gap still exists in data
exchange between doctors and patients. Maximizing the use
of these multisource data in complex information networks
and realizing the potential of data for their application in
rehabilitation strategy-assisted diagnostic feedback remain a
challenge.

Statistics reveal that 12 million people in the United States
are troubled by inaccurate medical diagnosis annually, and
approximately 44,000 to 98,000 people die due to medical
diagnostic errors [6]. The causes of inaccurate diagnostic
results are diverse, but they can be divided into the following
categories: one cause is artificial misdiagnosis brought about
by the subjective qualitative analysis of doctors. Another cause
is the lack of reliable medical testing technology, which creates
obstacles in data and information exchange between doctors
and patients [7], [8].

The combination of artificial intelligence and medical field
has also been one of the research hotspots in recent years [9].
Statistics show that the market scale of medical artificial
intelligence will reach 36.1 billion US dollars by 2025 [10].
Several studies have applied artificial intelligence methods to
auxiliary diagnosis in recent years. This application improves
intelligent processing methods in the medical field [11], [12].
However, in the case of complex manifestations of diseases,
artificial intelligence often cannot consider the patient’s con-
dition; thus, artificial intelligence cannot effectively contribute
to the patient’s rehabilitation.

The development of Industry 4.0 has brought several pos-
itive changes to the medical industry. However, maximizing
multisource and isomerized data, realizing their data potential,
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and applying them to rehabilitation strategy-assisted diagnosis
feedback still require research. Combined with this descrip-
tion, the challenges in the medical field are as follows:

(1) In the face of neurologic diseases with complex
manifestations, qualitative analysis methods often have
macroscopic limitations. As a result, specific individual
rehabilitation strategies are difficult to propose. There-
fore, quantitative input feedback is necessary while
improving the analysis method.

(2) The environment and use conditions often lead to the
loss of effective information, and even affect the authen-
ticity of data due to the limitation of the technical
characteristics of some equipment, leading to the infor-
mation gap between doctors and patients. Therefore, the
improvement of data reliability is worth studying.

(3) Artificial intelligence methods have achieved good
results in the diagnosis of various diseases, but limited
by the data scale, they are often unable to form rehabili-
tation feedback for some complex neurological diseases.
Therefore, effectively tapping the potential of data is also
one of the main challenges at present.

In view of these challenges, a multimodal data-driven reha-
bilitation strategy auxiliary feedback method is proposed. This
method is intended to promote data exchange between doc-
tors and patients through the integration of wearable devices
and information-based methods and to aid decision making
in rehabilitation through quantitative analysis. Ethology and
biomarker information acquisition is completed using depth
sensor and functional near-infrared spectroscopy (fNIRS).
Discrete statistical analysis was performed on the obtained
ethology data, and brain science analysis was combined with
discrete statistical analysis to form feedback to assist the
decision-making process in the rehabilitation strategy. The
present study proposes an effective rehabilitation assistance
strategy feedback through case analysis of rhythm rehabilita-
tion training of autistic children. Case analysis results prove
the feasibility of this system method.

The main contributions of this study are as follows:
1) a multimodal data-driven rehabilitation strategy auxiliary
feedback method is proposed to overcome the subjectiv-
ity of rehabilitation evaluation through quantitative analysis;
2) multimodal data collection is carried out through Kinect and
fNIRS to improve the dimension of data analysis and increase
the reliability of rehabilitation diagnosis; 3) statistical analysis
to establish multidimensional data between the connection
is conducive to the performance of complex neurological
disorders to develop more targeted rehabilitation strategies;
4) the case of rhythm rehabilitation training of autistic children
is illustrated and provides support for potential intervention
age and more targeted rehabilitation training methods.

The remainder of the article is presented as follows: The
second part introduces several related studies on data evalua-
tion techniques and auxiliary diagnosis methods. The third part
presents the overall system analysis framework. The fourth
part shows the feasibility of the system method through a case
study. The fifth part discusses the analysis results. The sixth
part summarizes the article. The seventh part elaborates about
research gaps and potential studies in the future.

Il. RELATED WORKS

In Industry 4.0, medical data forms and auxiliary diagnostic
methods show a diversified development trend. The related
literature work presented in this paper mainly focuses on data
evaluation methods and auxiliary diagnostic methods.

A. Data Evaluation Methods

Researchers have focused on maximizing the application
of various methods to obtain patient information. Existing
disease evaluation technology and data acquisition methods for
patients show a diversified trend. Mainstream traditional eval-
uation methods include medical scale evaluation and clinical
observation. Currently, numerous clinical evaluation methods
are used mainly through the feedback of scale scores to
measure the prevalence of the disease. Movement assessment
battery for children-2, which measures the ability of autistic
children to exercise based on assessment scores, is one of the
most widely used autism exercise assessment scales [13], [14].
In COVID-19 studies, researchers also assessed possible sleep
disorders using a scale. The method used multiple scales
to evaluate the sleep disorders and mental states of medical
staff [15]. Most evaluation results are completed by the quali-
tative analysis of doctors. However, scale evaluation methods
and clinical observation are vulnerable to the influence of
evaluators. Moreover, several studies have shown that the scale
score may be affected by multiple factors, such as gender and
social cognition. Among them, gender difference is considered
one of the most important factors. Some female patients often
disguise their social disorder, and then the situation of “scale
camouflage” occurs. Therefore, the reliability of the scale
score still needs to be improved [16]-[18].

Locating biomarkers through technical methods appears
to be a more scientific approach than subjective evaluation.
fNIRS is a portable brain function monitoring device. In recent
years, numerous researchers have used wearable device to
monitor people with cognitive impairment [19], [20]. Several
researchers have also applied fNIRS to the detection of various
biomarkers in sport tasks because of this device’s portability
[21], [22]. Electroencephalogram (EEG) is a method used to
detect brain function through electrical signals. EEG is widely
used in clinics because its data acquisition process is simple.
This method is often combined with deep learning methods for
disease classification and analysis [23]-[25]. However, EEG
signals are easily affected by other signals. Another problem is
that in terms of spatial resolution, electrodes can collect signals
from the brain’s surface, but determining whether the electrical
signal is generated in the cerebral cortex or deeper areas is
impossible. Functional magnetic resonance imaging (fMRI)
technology is also one of the data acquisition methods widely
used by researchers. This method forms an image of the
changes in blood dynamics by neurons through magnetic res-
onance. However, the purchase price and annual maintenance
cost of fMRI equipment are high; thus, it is unsustainable for
several areas with underdeveloped medical conditions. The
more complicated situation lies in the data. After analyzing
volumes of fMRI data, Eklund ef al. proposed that fMRI has
a high probability of false positives in brain activity analysis.
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Their study presents doubts about the reliability of fMRI
research results [8], [26].

The importance of data in Industry 4.0 has been fully
recognized. However, ensuring that the reliability of data over-
comes subjectivity is the ground for eliminating information
communication barriers between doctors and patients. Current
data requirements are difficult to satisfy by only using a single
data acquisition method. This approach requires to carry out
the conduct of additional technology fusion and matching
and fully realize the potential of data. Reliable data are
transformed and applied to the auxiliary diagnostic feedback
of rehabilitation strategy.

B. Auxiliary Diagnostic Method

The value of data has become increasingly evident in
the era of rapidly developing Industry 4.0 [27], [28]. Data-
driven methods make bridging the information gap between
doctors and patients possible. The development of medical
equipment promotes the generation of diversified medical
data and presents new challenges to the traditional medical
industry. With the integration of information technology and
traditional medical equipment, these diversified data and infor-
mation technology have derived several auxiliary diagnostic
methods.

Telemedicine-aided diagnosis is one of the products of
Industry 4.0. The potential of telemedicine has been increas-
ingly evident during the COVID-19 pandemic. Telemedicine-
assisted diagnosis of infectious diseases can communicate
information in a more timely and convenient manner
and reduce the consumption of medical resources [29].
Telemedicine-assisted diagnosis relies on the development of
the information industry. Video or voice is used as the medium
between doctors and patients. It significantly improves the
convenience of the medical process and reduces medical cost.
However, doctors are still the main body of telemedicine-
assisted diagnosis, and the diagnosis is completed by their
qualitative analysis. This approach is still subjective.

Compared with the diagnostic method of qualitative analy-
sis, some healthcare workers extract patients’ biomarkers
to serve as the basis of auxiliary diagnosis. This method
combines quantitative and qualitative analyses to extract bio-
markers with the help of medical equipment. In recent years,
researchers have widely applied fNIRS to several special
populations with neurodevelopmental disorders [30], [31].
In the context of COVID-19, the rapid diagnosis of the
patient’s condition is critical to reducing the spread of the
pandemic. Yong er al. explored the potential of antibodies
as an auxiliary diagnostic biomarker of COVID-19. Studies
show that antibody detection is an effective complement to the
two diagnoses of suspected cases [32]. Although this method
eliminates the influence of subjectivity, several biomarkers are
sometimes contaminated due to the limitations of collection
equipment or the environment. This limitation leads to the
loss of effective information and even affects the reliability of
the biological indicators collected. This auxiliary diagnostic
method combining quantitative and qualitative analyses is one
of the most widely used methods in medicine.

Artificial intelligence technology has attracted considerable
attention because of its low cost and high expansibility. In the
past, artificial intelligence has been widely used by researchers
in target detection and cost evaluation [33], [34]. The com-
bination of artificial intelligence and medical diagnosis has
also been one of the research hotspots in recent years. Some
researchers use neural networks to train multimodal neural net-
works to simulate the clinical diagnosis process of Alzheimer’s
disease, thereby improving the accuracy of auxiliary diagnosis
while comprehensively analyzing patients’ pathology and psy-
chology. At the same time, with the development of Industry
4.0, the use of the Internet of things for real-time monitoring of
medical data is one of the research hotspots [35], [36]. Several
researchers directly used biomarkers as the input in models to
diagnose diseases directly [37], [38]. Numerous achievements
have been made in disease classification and learning through
the machine learning method. However, this method is limited
by the scale of medical data sets. Numerous diseases with
complex phenotypes cannot be reliably diagnosed using this
method. Another problem is that medical artificial intelligence
focuses on prediction results. Studies on effective rehabilita-
tion strategy feedback are limited.

The related literature reveals that auxiliary diagnostic meth-
ods have achieved significant progress in the past. The devel-
opment of these auxiliary diagnostic methods has reduced the
data gap between doctors and patients to a certain extent and
contributed to the progress of the medical industry. However,
several problems still need to be addressed. For example,
telemedicine methods are primarily used to eliminate the
data exchange gap in space but has not truly overcome the
subjectivity of several evaluation methods. Determining how
reliable information can be obtained is the key to using
biomarkers as auxiliary diagnostic criteria. However, the data
acquisition methods are often subject to technical or environ-
mental constraints, resulting in the loss of information. The
integration of artificial intelligence and traditional medicine
has considerable potential, but most existing studies focus on
the use of biomarker input for diagnosis and prediction. This
method has not formed effective strategic feedback for several
complex rehabilitation diseases.

C. Research Gap

Medical data and auxiliary diagnostic methods show a
diversified development trend with science and technology
development. However, in the data interaction between doctors
and patients, the subjectivity of evaluating individuals or the
reliability of the data itself still needs to be considered. In arti-
ficial intelligence-assisted diagnosis, the potential of some data
still needs to be further tapped, and additional effective reha-
bilitation strategy feedback needs to be developed for several
complex diseases. To address these challenges, a multimodal
data-driven rehabilitation strategy auxiliary feedback method
is proposed. This method uses fNIRS with simple cost and
strong anti-interference ability to monitor brain function and
a depth sensor to track the bone. Compared with traditional
methods, this research method increases the analysis dimen-
sion of data, has better stability during usage, and improves
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Fig. 1. Overall system framework. The system method framework includes the main implementation process and research methods.

data reliability. Discrete statistical analysis of ethology data
can develop a more-targeted rehabilitation strategy to assist
diagnostic feedback. This hybrid analysis and ethology-driven
feedback method can be effectively applied to rehabilitation
strategy-aided decision making.

I1l. OVERALL ARCHITECTURE OF THE
PROPOSED FRAMEWORK

On the basis of these related studies, a multimodal data-
driven rehabilitation strategy auxiliary feedback method is
proposed. As shown in Fig. 1, the system method frame-
work includes the main implementation process and research
method.

A. Demand and Technology Matching Layer

Industry 4.0 has driven the blowout development of infor-
mation technologies. Sensors, deep learning, and other data
acquisition and analysis methods bring new vitality into the
medical industry. However, satisfying data requirements by
using only one technical method is difficult.

Technology matching and multidimensional analysis are
necessary to compensate for the limitations of single data
while focusing on the needs of doctors and patients for
multiple data.

The existing data collection methods are matched with
information technology to form a reliable multidimensional
auxiliary diagnostic tool and better serve the patient’s rehabil-
itation process.
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B. Multimodal Data Acquisition and Transformation Layer

On the basis of demand analysis and technology matching,
the rehabilitation training method suitable for patients was
selected, and the data were collected and analyzed by the
multimodal method. Ethology and brain function data were
acquired by Microsoft Kinect and fNIRS, respectively. They
have the characteristics of high stability and strong anti-
interference ability.

Multidimensional data analysis was mainly completed by
motor representation and statistical data analysis. Ethology
analysis mainly used the skeleton tracking to represent the
patient’s movement process, and brain function was mainly
monitored by channel activation status. Correlation analy-
sis method was used to establish the relationship between
patients’ ethology and brain function changes. Through cor-
relation analysis, difference analysis, and other statistical
methods to conduct multidimensional data analysis and quan-
tification of behavioral and brain functions, the quantitative
output results serve as auxiliary diagnostic standards.

C. Auxiliary Diagnosis and Rehabilitation
Feedback Layer

In this section, the patient’s rehabilitation process is feed-
back through quantitative and qualitative analyses. The quan-
titative analysis is mainly completed by the auxiliary decision
process, which is actually an interrelated ethology and sta-
tistical analysis process of brain function. The first layer of
auxiliary decision is mainly used to receive multidimensional
patient data collected. At the second level, the quantitative
input data of ethology and brain function are counted through
correlation analysis and difference analysis, and the possi-
ble relationship between multidimensional data is established
through data analysis. Brain science mainly focuses on analyz-
ing differences between groups. Finally, based on the analysis
results, the conclusion supporting the rehabilitation strategy
auxiliary diagnostic feedback is drawn; it can be used to
assist the analysis of complex performance among different
individuals or groups.

The results of auxiliary analysis serve as an important
basis for doctors’ qualitative analysis, and the combination
of quantitative analysis and qualitative analysis becomes more
targeted in the formulation or improvement of interventional
treatment plans.

IV. CASE STUDY

The manifestations of several diseases may change with age.
The development principle of these complex diseases is worthy
of research. Mastering the high incidence range of several
manifestations and carrying out targeted intervention treatment
are critical to the future rehabilitation track of a disease.

A multimodal data-driven rehabilitation strategy-assisted
diagnostic feedback method that can be used to analyze possi-
ble complex manifestations of patients with autism spectrum
disorder (ASD) through ethology and brain science is pro-
posed. This study takes rhythm rehabilitation training of autis-
tic children as a case, and the results reveal that ethological
differences and channel activation of brain function in autistic

1185
TABLE |
PARTICIPANT GROUP CHARACTERISTICS
characteristics Low age group High age group

Sex(girl:boy) 2:8 1:9
Mean age(months) 52.849.0 73.8+£8.0
Height(cm) 102.0+5.0 116.0+7.0
Weight(kg) 16.0+2.0 23.5+3.3
Score of ABC 32.2+1.9 30.8+£0.8

children may be related to age. This conclusion may support
the age range of interventional therapy. Discrete statistics
of ethology is also vital to the formulation of rehabilitation
strategies.

A. Demand and Technology Matching

ASD is one of the most common neurodevelopmental dis-
orders, with extensive and complex manifestations in behav-
ior and neural function [39]-[41]. The traditional evaluation
scheme lacks reliability and cannot form effective feedback
on the rehabilitation of patients. Therefore, Kinect and fNIRS
should be used to increase the data dimension.

Studies have proven that the overall impact of early inter-
vention on social interaction results is significant, and the
impact is the most significant at the age of 3.81 [42]. There-
fore, this study takes preschool autistic patients as subjects and
age as grouping characteristics. In the rehabilitation training
program, the rhythm training program is matched with high
participation of children, and the multidimensional monitoring
conditions are satisfied. Twenty autistic children aged three
to seven participated in the study through the local autistic
children’s rehabilitation center, where the diagnosis of autistic
children was carried out by professional doctors. The children
and their guardians were formally notified and approved before
participating in the study. The characteristics of participant
group are shown in TABLE .

B. Multimodal Data Acquisition and Transformation Layer

Research has shown that ASD patients have atypical sensory
perception and motor skills. The research on sensory motor
abilities, such as auditory motor integration, is critical to the
rehabilitation of patients [43], [44]. Therefore, rhythm training
method was selected for this case study to complete the data
collection.

Before a task, a trainer trained the subjects on the perfor-
mance of a rhythm task for a similar duration. The rhythm
task consisted of two different music rhythms, each of which
was played in four cycles. The duration of the entire task was
seven minutes. The first four minutes were the playback time
of the first music rhythm. The last three minutes were the
second stage. The entire test included the music rhythm of
the entire body, and all subjects completed in a fixed position.
During the task, the subjects had to wear a portable 46-channel
near-infrared device. It was supported by Danyang Huichuang
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Fig. 2. Motion capture scene.

Medical Equipment Co., Ltd. The sampling frequency is
10 Hz, and the wavelength is 750 and 850 nm. The device
is composed of 24 signal sources and 16 detectors. Channels
1-6, 10-12, 16, 17, and 22 are distributed in the left prefrontal
cortex (LPFC), channels 23-25, 30-32, 38-40, and 42-44 are
distributed in the right prefrontal cortex (RPFC), channels 7,
8, 13, 14, and 18-21 are distributed in the left motor cortex
(LMC), channels 26-29, 33, 34, 36, and 37 are distributed
in the left motor cortex (RMC), channels 9, 15, and 45 are
distributed in the left occipital lobe (LOL), and channels 35,
41, and 46 are distributed in the right occipital lobe (ROL).

The processing of fNIRS data includes screening and
removing abnormal fragments and artifact signals, filtering
out noise and interference signals, converting optical density
into blood oxygen concentration according to hemodynamic
response, taking 0-100 s as block param and —2-0 s as
baseline. Finally, the transformed HBO and HBr signals are
obtained.

The movement was recorded using a depth sensor placed
between the trainer and the tested patient. The position of the
visual sensor was parallel to the ground (i.e., approximately
0.6-m high) and placed in front of the participants at a distance
of 1.5 m. At the beginning of the training task, the trainer plays
the music.

The built-in skeleton tracking system of Kinect V2 can use
the generated depth image to identify the human body, and
the 3D information of 25 bone points of the human body
can be generated by outputting the corresponding pixel values,
as shown in Fig. 3.

The 3D position information in the entire video stream can
be expressed as [s;, s2...... sn]. Each element in the list
is represented as the input information of the corresponding
frame. The video is decomposed into pictures frame by frame,
and each picture shall contain 3D position information of
25 points [(x7, y1, 21), (X2, ¥2, 22) .- ... (X24, y24, 724), (x25,
¥25, 225)]. The storage time of each frame of the picture is also
written with the progress of the video stream, corresponding
to the picture writing order as [t;, t2...... t].

The writing time ¢ of each frame in the video corresponds
to the 3D position input of the bone point one by one.
By comparing the changes in the position information of the

Fig. 3.

Display of bone point effect during collection.
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Fig. 4. Histogram of head movement distance in different stages.

corresponding skeleton point, the motion speed v;, of the
corresponding bone point can be obtained as follows:

oy = \/(xn _xn—l)z 4 (yn - yn—1)2 4 (Zn - Zn—1)2
t t t

ey

Thus, the velocity of each bone point in the corresponding
frame can be obtained as (v;7, vi2...... v;i25). The entire
motion function is represented by v.

Ziszl Vin

v = %5 2)
Therefore, the change process of the overall movement
speed of autistic patients during the collection process is
(wr,02...... ok). The change in acceleration (aj, az . . .. .. ar)

can be obtained from the following speed change:
a = Dk — Vk—1 3)

Tk

Clinicians have long been concerned about atypical head
movements in autistic patients. In a comparative test,
researchers conducted a comparative study between autistic
and non-autistic patients, monitored the two groups of patients
through non-invasive methods, and discovered typical differ-
ences in head movement between autistic and non-autistic
patients [45]. The Kinect device was used to monitor the
head’s motion, extract the head feature points, analyze the
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TABLE Il
COMPARISON OF GROUP MOTION CHARACTERISTICS

Low age group High age group
Mean value Std Mean value Std
features Total  Stgl Stg2  Total  Stgl Stg2 Total  Stgl Stg2  Total  Stgl Stg2
Sh 24.68 2.54 4.66 7.47 0.57 1.78 3330 3.10 6.52 12.70  1.20 4.16
V 0.37 0.34 0.38 0.05 0.04 0.09 0.54 0.49 0.59 0.11 0.10 0.15
Vit 0.35 0.34 0.33 0.05 0.05 0.07 0.54 0.51 0.50 0.11 0.13 0.10
A 17.13 17.21 16.00 2.43 2.42 3.36 22.04 2205 21.13 293 3.29 4.26
Asta 20.00 1996 16.60 3.20 3.70 3.34 26.17 26.58 2125 5.82 5.82 4.94
087 [ |Low age group e [ |Low age group
074 [ ]High age group ] . 0.7 [ 1High age group
z g
2 064 [ g 06 X
o .54 g % . ]
2 204 1 1 [ 5 52041 J - J
55 1m ] | 2 AT i
£ 034 1 SE 03 I I |
g’ 0.2 é’ ° 02l
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Fig. 5. Histogram of motion characteristics in different stages.

movement distance of the head, and consider one of the motion
features.

k
Sp= Xi3 —X(i—1)3 Yi3 —Y(i-1)3 2i3—2Z(i—1)3
J )+ ( P ( 5
i=1
4)

The participants were screened during the experiment. The
elimination is mainly due to the human interference in the data
collection process and the low participation of participants,
resulting in the data time less than 450s. Children who could
not complete the research task were excluded in the research
analysis. All samples of autistic children were divided into
the following two groups: 3-5 years old and 5-7 years old.

Finally, the sample data of 12 autistic children were retained,
where numbers 1-6 represent the low age group and numbers
7-12 represent the high age group. In accordance with the
similarities in motion, the motion features per minute in
the first and the second motion stages were extracted and
compared with the motion features of the entire process. The
results of motion characteristic analysis are shown in the
TABLE II.

The movement speed and acceleration can most intuitively
reflect the movement ability. Head movement is also an
atypical sign of ASD patients. The standard deviation of
motion characteristics between the same groups can effectively
measure the dispersion of data in the groups. By comparing
the motion characteristics of the three stages, several rules can
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Fig. 6. Visualization results of brain function differences.

be found in the motion performance of the two data groups.
The visualization results of several typical motion signs are
shown in Figs. 4 and 5.

The visualization results of rhythm task analysis of autistic
children through wearable fNIRS device are shown in Fig. 6.
In the figure, A represents low-age movement state, B rep-
resents low-age rest state, C represents high-age movement
state, and D represents high-age rest state.

T-test was used to analyze the channel activation in the
resting state and rhythmic task state of the two groups, and
a significant difference in Channel 11 in the lower age group
(t = 2.765, p = 0.040) and Channel 1 in the higher age
group (t = 2.772, p = 0.039) was observed. Comparing
low-age tasks with high-age tasks, differences in Channels 1
(t = 0.035, p = —2.865), 9 (r = 0.023, p = —3.234), 11
(t =0.034, p = —2.904), 12 (+ = 0.032, p = —2.934), and
16 (r = 0.031, p = —2.969) were observed. The difference
in rhythmic task state was significantly improved.

Differences were observed in LOL (r = —3.386, p =
0.020) and ROL (r = —3.001, p = 0.030). At rest, significant
differences were observed in RPFC-LPFC (r = 0.865, p =
0.026) and LMC-RMC (»r = 0.993, p < 0.001) in the
low-age group. In the task state of the low-age group, the
analysis results were LMC-ROL (r = 0.827, p = 0.042) and
LOL-ROL (r = 0.961, p = 0.002). In the resting state of
the high-age group, the analysis results were LPFC-RPFC
(r = 0.846, p = 0.034), LPFC-RMC (r = 0944, p =
0.005), LPFC-LOL (r = 0.955, p = 0.003), RPFC-LMC
(r =0.865, p = 0.026), RPFC-RMC (r = 0.871, p = 0.024),
RPFC-LOL (r = 0.904, p = 0.013), and RMC-LOL (r =
0.936, p = 0.006). In the task state of the high-age group, the

analysis results were LPFC-LOL (r = 0.825, p = 0.043) and
LMC-LOL (r = 0.948, p = 0.004).

Pearson correlation analysis was conducted between the
LOL, ROL, LPFC, RPFC, LMC, and RMC and the main
motion indexes, such as head motion distance, mean velocity,
standard deviation of velocity, mean acceleration, and standard
deviation of acceleration. The results showed that the head
motion distance (r = 0.814, p = 0.048), average velocity (r =
0.834, p = 0.039), velocity standard deviation (r = 0.837,
p = 0.038), average acceleration (r = 0.820, p = 0.046), and
acceleration standard deviation (r = 0.820, p = 0.046) in the
lower age group was significantly correlated with the LPFC
in the overall exercise assessment.

The mean velocity (r = —0.915, p = 0.010), standard
deviation of velocity (r = —0.854, p = 0.031), and mean
acceleration (r = —0.851, p = 0.032) were correlated
with LMC in the second motion stage analysis of high age
groups. Only the average velocity (r = —0.817, p = 0.047)
was associated with LOL in the first motion stage analysis.
Compared with the low age group, the correlation between
brain activation and exercise in the high age group is more
discrete, and it is more evident in the second stage of exercise.

C. Auxiliary Diagnosis and Rehabilitation
Feedback Layer

The ethology analysis results reveal that the motor ability
of the high-age group is higher than that of the low-age
group, and no evident stagnation due to the influence of
autism is observed. The dispersion of motion characteristics
in the high-age group was significantly higher than that in
the low-age group. This result shows that as age increases,
the patients’ motion stability becomes increasingly unstable.
Analysis of the brain functions between the resting state and
task state reveals significant differences in the activation of
brain function channels between the two groups.

As shown in Fig. 7, these results were inputted as the first
layer of the auxiliary diagnosis layer. In the second layer, the
differences in ethology and brain function were analyzed. Sev-
eral children with abnormal behavior were observed through
discrete observation. The analysis of intergroup differences
in brain function and behavior coincided, thereby supporting
the possible influence of grouping characteristics. Therefore,
the feedback results are summarized as follows: (1) the
motor-level differentiation among members of the high-age
group is evident; (2) significant differences were observed
in motor differentiation and activation of brain functional
channels between the two groups.

V. DISCUSSION

With the advent of the information age, information-based
methods improve the medical experience and diagnostic effect
of patients. More data provide further possibilities for bridging
the information gap between doctors and patients. However,
with the increasing demand, data-driven auxiliary diagnosis
methods still face multisource and isomerization challenges.
This paper presents a multimodal data-driven rehabilitation
strategy auxiliary feedback method. This method combines
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Fig. 7. Auxiliary decision process.

behavior and brain function for multidimensional quantita-
tive analysis, increases the analysis dimension of data, and
improves data reliability. The potential of data is tapped by
means of statistical analysis, and the data output is applied as
the basis of auxiliary diagnosis to the rehabilitation strategy
feedback of patients.

This method has the following advantages when used. The
depth sensor and fNIRS equipment have simple structures, sta-
ble signal acquisition process, less interference from external
signals, and are highly convenient to use. The acquisition of
brain and ethology signals is less limited by the scene due
to the wearability of fNIRS and the high expansibility of the
depth sensor. Thus, satisfying the needs of patients and doctors
becomes easier. At the same time, multidimensional data are
analyzed independently, and these data are used as the input
of the auxiliary diagnosis hybrid decision-making process.

In the case study of autistic children, results have shown
that children in the low-age group have higher performance
in the correlation between exercise and brain activation than
those in the high-age group. This finding is consistent with
the direction of exercise performance and may be helpful to
the study of autistic intervention age. At the same time, the
activation of the high-age group in the post exercise stage is
evident. It can also form a more targeted feedback on the
subsequent rehabilitation. In this manner, an effective rehabil-
itation strategy feedback can be provided to patient groups or
individuals. Data exchange between doctors and patients can
also be promoted while providing medical innovation.

VI. CONCLUSION

The medical industry and information data are inseparable
in Industry 4.0. Nevertheless, ensuring the reliability of data in
complex data networks as much as possible to satisfy the usage
requirements of patients and doctors is equally important.
Reliable data sources guarantee accurate auxiliary diagnosis.
Fully tapping the potential of data in auxiliary diagnosis can
evaluate and provide feedback on the current state of patients.
This process is highly important to the rehabilitation of
patients. Thus, a multimodal data-driven rehabilitation strategy
auxiliary feedback method is proposed. The case of rhythm
rehabilitation training of autistic children is illustrated to verify
the effectiveness of the design methodology. The case study
shows that this method is effective in rehabilitation strategy
auxiliary diagnosis.

Brain function

Analysis of differences between groups

Grouping feature feedback

A multimodal data-driven rehabilitation strategy auxiliary
feedback method is proposed. Taking the rhythm rehabilitation
training of autistic children as an example, the effectiveness
of this design method is verified by the joint detection of
Kinect and fNIRS. The results show that the multimodal
data-driven rehabilitation strategy auxiliary feedback method
is effective. It forms more targeted attention to some cases with
abnormal behavior. This condition is conducive to the subse-
quent rehabilitation and improvement, as well as the feedback
on the intervention age of groups with neurodevelopmental
disorders, such as autism. Our findings may help to form a
multidimensional evaluation and feedback mechanism for a
series of neurological disorders with complex manifestations
and provide new ideas for targeted rehabilitation of patients
in real life.

VII. LIMITATION AND FUTURE WORKS

Although this study can participate in the formation of
rehabilitation strategy-assisted diagnostic feedback, it still has
some limitations. For example, due to limited conditions, less
sample data are available in this experiment. Although the
small sample data do not affect the feasibility verification of
the system research method, they may lack the support of large
data sets in the feedback results. Establishing an effective link
between brain science and behavioral data is also a potential
work. In the future, more experiments should be added to
verify the accuracy of the feedback results. At the same time,
with the expansion of the sample size, an ethology and brain
science database of ASD in different age groups should be
established. Combined with the method of machine learning,
we can consider behavioral features and brain function features
as data input. Automatic identification and feedback of ASD
can be achieved through a specific task.
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