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Abstract

Advancements in remote medical technologies and smart devices have led to

expectations of contactless rehabilitation. Conventionally, rehabilitation

requires clinicians to perform routine muscle function assessments with

patients. However, assessment results are difficult to cross-reference owing to

the lack of a gold standard. Thus, the application of remote smart rehabilita-

tion systems is significantly hindered. This study analyzes the factors affecting

the real-time evaluation of muscle function based on biometric sensor data so

that we can provide a basis for a remote system. We acquired real clinical

stroke patient data to identify the meaningful features associated with normal

and abnormal musculature. We provide a system based on these emerging

features that assesses muscle functionality in real time via streamed biometric

signal data. A system view based on the amount of data, data processing speed,

and feature proportions is provided to support the production of a rudimentary

remote smart rehabilitation system.
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1 | INTRODUCTION

Stroke is the second leading cause of death worldwide,
and the rate is not expected to subside [1–3]. Stroke
survivors are required to perform rehabilitation exercises
either by themselves or with the help of clinicians over
long periods if they desire to recover the ability to lead

independent lives. Notably, after the World Health
Organization declared the COVID-19 outbreak a
“pandemic” in February 2020, people’s interest in remote
rehabilitation services increased. The resulting remote
technological boom has led to an impressive variety of
long-distance collaboration, data collection, and physical
manipulation capabilities [4]. Remote medical diagnoses
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and counseling capabilities are now a part of modern life.
Even remote surgery has made vast improvements.

Presently, with rehabilitative therapy, stroke patients
often need clinicians’ direct intervention for assessment,
physical support, and exercise. However, new biosensor-
enabled applications and smart physical assisting devices
have rendered the idea of remote stroke assessment and
therapy a real possibility [5, 6].

Unfortunately, conventional in-person methods
of muscle function assessment lack a systematic, compre-
hensive, and continuous gold standard, which makes it
highly unlikely that a remote system of sensors and
mechanical devices would be effectively fielded for a
global community of patients.

Current popular tools include the Manual Muscle Test-
ing (MMT) diagnostic method, the Fugl–Meyer Assessment
(FMA), and the Brunnstrom Stages of Stroke Recovery, to
name a few. Their scaled measures differ greatly, making it
very difficult to port results from one method to another
[7, 8]. Moreover, the prescribed physical treatments are
inconsistent. Owing to these discrepancies, many experi-
enced clinicians have developed their own interpretive or
composite methods. Hence, to enable a remote smart reha-
bilitation capability, a rudimentary method-agnostic set of
raw quantitative measures is needed that reflect the minute
differences in muscle function based on real-time
(RT) biometric signals. From this, a universal baseline capa-
bility can be developed from which clinicians can interface
their favored diagnostic tools or even develop their own.

To these ends, we focus on the musculature of
the upper limbs as proof of concept. After gaining
Institutional Review Board approval from Pusan National
University Hospital [9], we gathered real clinical stroke-
patient data, divided the electromyography (EMG) signals
into time and frequency domains, and compared abnor-
mal and normal muscle functions. We then associated the
results with the associated ground truth comprehensive
medical decisions rather than analyzing each feature.
From these comparisons and subsequent analyses, we
propose a framework for RT biometric signal assessment
and estimation. The technique is aimed at clinical deci-
sion support, but the output can easily be fed to simula-
tors, functional electrical stimulation (FES), and robotic
exoskeletons for remote therapy and movement support.

Our research contributions are as follows:

• A legitimate method-agnostic clinical decision-support
capability that finally enables smart remote muscular
function assessment and therapy options for stroke
survivors.

• An RT data-inferencing function that enables instant
biometric feedback using on-device sensors. Conven-
tionally, an EMG signal resolution within 10 Hz is

sufficient for estimating musculature movements [10].
Our system provides 50–100 times the required resolu-
tion, from 500 Hz to 1000 Hz.

• A minimum data throughput and processing standard
to support the live streaming data requirement.

• A holistic pattern-based upper-body musculature function
recognition capability that uses a moving-window sensory
data measurement to provide movement prediction.

2 | BACKGROUND AND RELATED
WORK

2.1 | Stroke and rehabilitation

Generally, stroke rehabilitation is divided into acute, sub-
acute, recovery, and chronic stages, and most associated
rehabilitation activities are performed in clinical settings.
Gross motor functionality is normally handled by physical
therapists, upper-limb fine motor function and cognition
are handled by occupational therapists, and language capa-
bilities are handled by language therapists. For gross motor
area treatment, physical therapists adopt the proprioceptive
neuromuscular facilitation (PNF) standard for nervous
system therapy (e.g., electrotherapy) [11–13]. The rule of
thumb is that 1 year is required from the onset of the
stroke condition for maximum recovery. However, recent
studies have shown that physical functionality continues to
improve after 12 months [11]. Moreover, rehabilitation
periods have been known to last from a few months to
several years [11–13]. To achieve simultaneous physical
and cognitive recovery, multidimensional biofeedback
sensors are needed to collect and analyze complex
musculature function data. Presently, “assist-as-needed”
capabilities are employed to control a machinated
exoskeleton to compensate for patient deficiencies dur-
ing exercise, both at the clinic and elsewhere. However,
this type of capability is not suitable for a combined
user-centered smart remote assessment and self-
rehabilitation services.

2.2 | Muscle function assessment

To support MMT, FMA, and Brunnstrom methods [12–
14], EMG sensors and inertial measurement units (IMUs)
are often used to measure isometric body movements
[7, 8, 14, 15]. This convergence of techniques is promis-
ing, and maximum voluntary isometric contraction onset
times and reference voluntary contraction thresholds
have been advanced.

Most surface EMG signals are affected by sampling
fraction and filtering, and interpretations differ depending
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on the object of analysis. Hence, the guidelines for different
disease treatments are quite diverse. Note that IMU
acceleration and angular velocity measures are multidimen-
sional, assessments are largely subjective, and scales and
window sizes are difficult to standardize [7, 8]. Therefore, a
new baseline set of holistic measures is needed.

2.3 | Real-time muscle function
measurement system

Clinicians evaluate EMG patterns to assess many types of
bodily functions [16, 17], such as touch events [18] and
hand and arm gestures [19]. The integration of EMG and
IMU capabilities has enabled contactless RT estimation
of patients’ state of exercise and movement. Kim [20]
conducted research that extracted EMG signals and
desired patterns in real time, noting that the time for
signal acquisition and pattern recognition should not
exceed 300 ms [20, 21]. Moreover, a system of this design
requires at least a 10-Hz frequency to adequately measure
a person’s movement. [10]. Notably, a higher frequency
of measurement can enable instant feedback, which is
vital for any conceived RT muscle function assessment
system. Current portable contactless devices have limited
resources and are unlikely to support RT feedback to
clinicians. Therefore, their data must be off-loaded and
transmitted periodically [22–24]. This process will not
support a smart remote rehabilitation system.

3 | MUSCLE FUNCTION
ASSESSMENT SCHEMES

3.1 | EMG signal analysis

EMG signals are acquired by attaching electrodes to the
skin above a targeted muscle to detect its activity, such as
contractions and relaxations. A raw EMG signal contains
useful information as well as noise. Thus, meaningful
features must be extracted from the signal before they
can be used for muscle analysis [25]. EMG signals can be
quantified in both time and frequency domains, and the
analysis results often require one or the other for the best
utility, such as determining muscle fatigue [26–29].
Table 1 lists the most common time and frequency
domain measures.

The integrated EMG (IEMG) is the sum of absolute
values of EMG signal amplitudes. IEMG is described
with (1):

IEMG¼
XN

n¼1
xnj j, ð1Þ

where xn represents the EMG signal in a window and
N denotes the length of the EMG signal.

The mean absolute value (MAV) is the average of
absolute values of EMG signal amplitudes in a window
expressed as (2):

MAV¼ 1
N

XN

n¼1
xnj j, ð2Þ

where xn represents the EMG signal in a window and
N denotes the length of the EMG signal.

Mean value slope (MAVS) shows the differences in
MAVs between adjacent windows. It is expressed as (3):

MAVSi ¼MAViþ1�MAVi; i¼ 1, …, I�1, ð3Þ

where i is the number of EMG signal windows.
The simple square integral (SSI) is the integrated

value of a simple square of EMG signal amplitudes in a
window. It is expressed as (4):

SSI¼
XN

n¼1
xnj j2, ð4Þ

TABL E 1 EMG time and frequency domain features for

muscle function evaluation.

Features Description

Type: TIME

Maximum peak (positive,
negative, dual)

Maximum value of the peak
within a sliding window

Positive peak-interval (PP-I)
mean

Average of peak intervals
within a window

PP-I standard deviation (SD) SD of the peak spacing
within a window

Integrated EMG (IEMG) Sum of absolute values
within a window

Mean absolute value (MAV) Average of absolute values
within a window

MAV slope (MAVS) MAV difference from
previous windows

Simple square integral (SSI) Sum of squared values
(energy)

Variance (VAR) Dispersion (power)

Root mean square (RMS) Square root of the mean
of squares

Type: FRQ

Total power (TP) Total sum of the frequency
spectrum

Median frequency (MDF) Center frequency at which
the frequency spectrum
is divided in half

Mean frequency (MNF) Average of frequencies
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where xn represents the EMG signal in a window and
N denotes the length of the EMG signal.

Variance (VAR) reflects the variance of EMG signal
amplitudes. The average value of EMG signals is close to
zero and is expressed as (5):

VAR¼ 1
N�1

XN

n¼1
x2n, ð5Þ

where xn represents the EMG signal in a window and
N denotes the length of the EMG signal.

The root mean square (RMS) is the value calculated
by squaring EMG signal amplitudes, averaging their
values, and calculating the results’ square root. It is
expressed as (6):

RMS¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

n¼1
x2n

r
, ð6Þ

where xn represents the EMG signal in a window and
N denotes the length of the EMG signal.

In this study, the fast Fourier transform (FFT) [26]
was used to convert a signal from the time domain into
the frequency domain; it is the most widely used method
for doing this for EMG signals.

Total power (TP) is an aggregation of the EMG power
spectrum. It is expressed as (7):

TP¼
XM

i¼1
Pi, ð7Þ

where Pi is the EMG power spectrum at frequency bin
i and M is the length of the bin.

The median frequency (MDF) is the center
frequency dividing the spectrum in half. It is expressed as
(8) [24]:

MDF¼ 1
2

XM

i¼1
Pi, ð8Þ

where Pi is the EMG power spectrum at frequency bin
i and M is the length of the bin.

The mean frequency (MNF) is the average of a set
of frequencies calculated by summing its multiplied
values with its spectrum powers and dividing the
summed value by the sum of spectrum power. It is
expressed as (9) [24]:

MNF¼
XM

i¼1
f iPi=

XM

i¼1
Pi, ð9Þ

where fi is the frequency of EMG power spectrum at fre-
quency bin i, Pi is the EMG power spectrum at frequency
bin i, and M is the length of the bin.

Individual features that are acquired by the above
methods can be useful in certain situations. However, not
all features are useful for assessing the state of a patient’s
muscle function. Therefore, we adopted actual stroke
patient data features distinguishable by time and fre-
quency domains and found the most variables for muscle
function assessment. The results are given in the experi-
ment assessment section.

3.2 | IMU signal analysis

Table 2 lists candidate features that can be acquired from
IMU data to assess muscle function. Please note that
exploring the relationship between IMU-related features
and muscle function is not within the scope of this
investigation.

TABL E 2 IMU muscle function features.

Features Description

Type: Origin

Range of movement
(ROM)

Maximum joint angle

Velocity Joint movement speed

Acceleration Joint motion acceleration

Steady-state error Residual deviation
(when joint angle is fixed)

Duration (delay) Time taken to perform the
target action (delay)

Type: Extraction

Smoothness Smoothness of movement (jerk)

Similarity of
trajectory

Similarity to the normal trajectory

Stability Compensatory movement

Type: EMG

Onset time Moment of muscle contraction from
starting point

Type: EMG + IMU

Reactive time Moment of movement from muscle
contraction

Efficiency Movement performance efficiency
compared to contraction power

Controllability Motion–muscle coherence

Sustainability Muscle contraction persistence
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4 | PROPOSED REAL-TIME
MUSCLE FUNCTION ASSESSMENT
SYSTEM

The architecture of our proposed RT muscle function
assessment system is shown in Figure 1. It consists of
control software (SW) for managing sensors and proces-
sing and analyzing data. An interactive SW is used to
analyze RT muscle functions using a library or applica-
tion programming interface to access cognitive process
algorithms based on the musculoskeletal model. The
configuration includes synchronization technology for
patient data supporting RT estimation. The system pro-
vides an external interface for acquiring biometric signals
with accompanying cognitive computing hardware.

As shown in Figure 2, soft RT system operations are
supported with an RT-patch that can be extended using a
prioritized scheduling scheme. The system uses central
processing unit (CPU) shielding and prioritization

(Electronics and Telecommunications Research Institute
[30–32]) to prevent multicore cache pollution and inter-
ruptions, and to prevent threads from interfering with
each other. The computing module consists of a multiple
thread model for sensor control orders for biodata proces-
sing and analysis. The module synchronizes and pro-
cesses multisensor data while running algorithms to
estimate muscle functions. The module enables emer-
gency stop functions, depending on the state of a patient.
Thus, a limited form of preemptive scheduling is adopted
for fault tolerance. A producer–consumer data queue
model prevents data process delays, and an RT manager
enables on-device cognitive computing. The system sup-
ports TensorFlow Lite or custom neural-network librar-
ies. In stable clinical experiments with stroke patients,
this option was temporarily unselected. If a hardware
accelerator is adopted, a device driver that supports the
accelerator should be added. The memory manager man-
ages sensing and feedback data for determining muscle
states and levels, and it can manage previously learned
patient data for inferring RT state changes.

5 | EVALUATION

To evaluate our system, we investigated the known meth-
odologies and factors affecting RT muscular function
evaluation performance based on real clinical data. In
this section, we describe the experimental environment
and the method of assessment using real clinical data.
We also examined paralysis vs. normal functionality dif-
ferences and identified the best window and shift sizes to
avoid interference while maximizing performance.

5.1 | Scenario for acquiring clinical data

This study was conducted at Pusan National University
Hospital using data collected from one-on-one clinician–
patient interactions. The subjects included 20 stroke-
recovery patients who could adequately communicate
with and follow the directions of medical staff. Figure 3
illustrates the EMG and IMU measurement system. Sen-
sory data were generated from muscular movements
using the FMA scale. EMG sensors were attached to the
extensor carpi radialis, flexor carpi radialis, extensor digi-
torum communis, biceps brachii, triceps brachii, and
anterior deltoid of participants. IMU sensors were
attached to the wrist and back of the hand.

The system included an eight-channel EMG at 1 kHz,
a two-channel IMU at 50 Hz, and an FES (Figure 3).
Upon the order to initiate movement, participants raised
their wrists as high as they could and maintained the

F I GURE 1 Proposed smart remote rehabilitation system

architecture. FES, functional electrical stimulation; SW, control

software; I/F (interface).

F I GURE 2 System software components with real-time

options. EMG, electromyography; ADC, analog-to-digital

conversion; I2C, inter-integrated circuit; IMU, inertial

measurement unit; FES, functional electrical stimulation; DAC,

digital-to-analog conversion; RR, round robin.
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posture for �5 s until they were ordered to stop. Then,
they lowered their wrists to their original positions.

5.2 | Muscle function assessment

The process described in Figure 4 was carried out with a
detrending process to eliminate noise. A Chebyshev finite
impulse response low-pass filter was used to eliminate
200-Hz and below signals. FFT was carried out to convert
time to frequency domain features.

Figure 5 presents the analysis results of time-domain
features. EMG power, maximum entropy power, RMS,
and maximum value (green box) show distinguishable
differences between paralysis and normal muscle func-
tions. The average peak interval, standard peak interval,
and number of peaks provide key time-domain features
for assessment. Figure 6 presents the results of
frequency-domain features. Spectrum total power, spec-
trum mean power, and median frequency (MDF;
Figure 6, green box) show distinguishable differences
between the measured values.

5.3 | RT muscle function assessment

5.3.1 | Accuracy

A MATLAB simulation was performed to determine if
the different features were sufficiently distinguishable

F I GURE 4 Electromyography signal processing flow. FIR,

finite impulse response; FFT, Fourier transform; EMG,

electromyography; PP-I, positive peak-interval.

F I GURE 5 Time-domain feature differences between paralysis

and normal muscle movements.

F I GURE 6 Frequency-domain feature differences between

paralysis and normal muscle movements.

F I GURE 3 Biometric measurement system setup.
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when relying on RT streaming data performance based
on changing the streaming data window and shift sizes.

Window gaps between 100 ms and 500 ms were
adjusted at 100-ms intervals. Given a 1-kHz measurement
threshold, the window size can be adjusted in 100–
500 units. The time-shift sizes were set to 5, 10, 20, 30,
40, and 50, which reflect the frequency of data collection.
Figure 7 shows the analysis results based on these differ-
ences. We investigated several time-domain features
(i.e., integrated_emg, mean_emg, rms_result,
meanCycle, stdCycle, max_ECR, and no_pks),
and in Figure 7, the y-axis reflects the difference of absolute
feature values, and the x-axis reflects the shift size. Even
with different window sizes, when the shift size is small,
the results of integrated EMG, RMS, and meanCycle
show significant differences. Therefore, smaller shift sizes
equate to more easily distinguished paralysis vs. normal
muscle movements; a 500-ms window gap with a shift size
of five provided the best configuration.

Figure 8 presents the differences in frequency domain
data. Features of tot_Fpower, mean_Fpower, MDF,
and MNF were analyzed. Again, the differences in total
power and MDF were more apparent when the shifting
size was small; a 500-ms window gap with a shift size of
five provided the best configuration. The experiment
showed that the accuracy of an RT muscle function
assessment can be increased if the amount of relevant
data is larger and the frequency is higher. Therefore, an
algorithm that checks a vast amount of data frequently is
needed.

5.3.2 | RT processing

Figure 9 displays the RT muscle function assessments
using a Raspberry Pi system using Linux. External data
were measured directly without library support. How-
ever, a TensorFlow Processing Unit (TPU) can be
equipped for faster processing using TensorFlow Lite [33].
Two input/output services were provided: One for EMG,
IMU, and FES, and the other for a robotics arm. Item t1
represents the moment of EMG/IMU data reception, and
t2 represents the moment that FES/robotic arm commands
are sent. RT processing time based on cognitive or pattern
matching is expressed as t2 � t1, which excludes network
delays from serial communications and Bluetooth. If a
TPU is equipped, this duration should be reduced.

For all time- and feature-domain measures, the mea-
surement cycle was 1 kHz, and all features were calcu-
lated in parallel. Related studies [22–24,34–39] focused
on pattern recognition accuracy between movements and
predictions. In contrast, we aimed to measure the differ-
ence between paralyzed and normal functions. Doing so
can enable FES and exoskeletal support. The assist-
as-needed mode of rehabilitation is likely the first area of
improvement enabled by this research.

Unlike previous RT processing studies [34–39], we
found optimal values by adjusting window and shift sizes

F I GURE 7 Time-domain feature utility based on changing

window and time-shift values.

F I GURE 8 Frequency-domain feature utility based on

changing window and time-shift values. F I GURE 9 Real-time muscle function evaluation system.
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and considered the computer system capabilities related
to each. In Table 3, “F” means “fail,” “P” means “pass,”
and the number represents the number of samples. When
the shift size was 25 or larger, even if the window size
increased to 1000 ms, there was no data loss. However,
when the shift size was five, even with a 100-ms window
size, the RT system requirement was not met.

An additional experiment was conducted to further
analyze the holistic results. All collected data were tested
with different window and shift sizes, and processing
times were measured. Figure 10 shows the results. The y-
axis reflects performance time, and the x-axis represents
window size. Given 4000 units of data, if the performance
took longer than 4 s, the case was regarded as a failure.
Consequently, the shift size was determined to be more
important for RT muscle function assessment than the
window size. Even as the window size grew, the RT
requirement was met when the shift sizes were less than
a measurable correlation factor.

Computing devices usually have hierarchical me-
mory structures, except with simple board processors
(e.g., Raspberry Pi), and their CPUs have pipeline struc-
tures. Notably, an RT computing system for our purposes
must be capable of extracting, measuring, and differenti-
ating time and frequency features. If a wide variety of

calculation loops is needed in practical clinical settings,
cache memory can become polluted, and pipeline proces-
sing penalties will increase. Even with an RT system
patch, if the number of threads increases, the communi-
cation overhead will increase among threads. For RT
assessment, the data structure and quantity handled by
these threads should be extended. We confirmed that the
desired approaches for developing an algorithm and
establishing a system should focus on increasing accuracy
by enlarging the window size rather than reducing the
shift size.

Finally, we applied our method to the results of
related works that used static window and shift sizes and
analyzed the differences in hardware performance and
processing times. Ma [22] fixed the window size to
512 and a shift size of 128. With our results, a shift size of
20 or more with a window of 500 was just as effective.
Hence, the RT performance would be better with our
method [22]. Furthermore, the accuracy of Ma’s original
512 window size would be further improved with a
32 shift size. Alternatively, if the window size were to be
set to 128, the RT requirement would be satisfied with a
shift size of 10 or more.

6 | DISCUSSION AND FUTURE
WORK

As shown in Figure 11, we extended our smart remote
rehabilitation system to the assist-as-needed rehabilita-
tion mode using smartly connected, collaborative intelli-
gent sensors and actuators. This integration provides the
following useful capabilities:

• Local and continuous long-term therapy (at-home
rehabilitation)

• Market adaptability (versatility and scalability)
• Less involvement in doctor’s supervision

(intelligibility)
• Doctor visibility (compliance)

TAB L E 3 Real-time muscle function evaluation using the

proposed system.

Shift

Window 5 10 20 25 50

100 F P P P P

250 F F P P P

500 F F P P P

1000 F F F P P

Note: Sampling rate = 1 ms per sample; F = fail, P = pass.

F I GURE 1 0 Real processing results based on shift and

window sizes.

F I GURE 1 1 Smart remote rehabilitation vision.
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• Alignment with patient’s needs and preferences
(patient-centric)

• Effective performance (assist-as-needed)

Although several advanced rehabilitation systems and
robotic devices have been adopted in clinical environ-
ments, support for remote rehabilitation is relatively
scant, and fielded systems lack functionality, utility, and
adaptability. On the other hand, demand is rapidly
increasing. National and private health insurance compa-
nies are gradually expanding coverage to home medical
equipment (HME). In terms of derivation technology, a
neuromorphic module with smart connection, intelligent
control, and EMG and FES management can be applied
to other types of health monitoring and prevention.
Moreover, new niche markets are expected to open. Nev-
ertheless, the limitations faced by this study must be
accounted for (Figure 12).

6.1 | Optimization of a real-time muscle
function assessment and cognitive
computing system

The COVID-19 pandemic hampered our study, restrict-
ing our access to both facilities and clinical data.
Although the test population was relatively small, we
clearly identified a variety of useful sensory features for
assessing muscle function, and we identified some per-
formance improvement opportunities (e.g., TPUs). To
identify further optimization opportunities with applica-
ble parametric information, a larger sample should
be examined using our baseline capability. Doing so
will also help refine the recommended window and
shift sizes. In Figure 13, the left image shows a data
capture screen, and the right image shows the proces-
sing time outputs.

6.2 | Opportunities and limitations for
contactless rehabilitation

Given that smart remote rehabilitation capabilities are a
bona fide societal need, technologies based on EMG
and IMU sensors will be essential to their production.
Smart integrations with small-size, low-cost, and
high-power smart devices will lead to great advance-
ments in remote rehabilitation. However, we do not
anticipate that there will ever be a completely autono-
mous system that will preclude human hands-on
assistance. The best remote smart rehabilitation systems
may still require friends or family members to assist
with the therapeutic setup.

7 | CONCLUSION

This study proposed an RT muscle function assessment
and decision-support system for remote smart rehabilita-
tion. We acquired real clinical stroke patient data to

F I GURE 1 2 Innovation items for the smart remote rehabilitation system. SW, software; HW, hardware.

F I GURE 1 3 Cognitive computing test (left: capturing

electromyography [EMG] and inertial measurement unit [IMU]

data; right: controlling and stimulating a patient using the cognitive

computing algorithm).
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identify meaningful features associated with normal and
abnormal musculature. Furthermore, we provided a
useful system view based on the amount of data, data
processing speed, and feature proportions to support the
production of a rudimentary remote smart rehabilitation
system. We demonstrated its feasibility and identified
system-related factors of accuracy in terms of muscle
function assessment. We also examined paralysis
vs. normal functionality differences and identified the
best window and shift sizes to avoid interference while
maximizing performance. These results will be useful as
a reference for researchers and developers who will
study and/or produce smart remote medical systems in
the future. Future efforts should also consider available
machine-learning algorithms.
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