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Abstract
Traditional methods do not capture the multidimensional 
domains and dynamic nature of infant behavioral patterns. 
We aim to compare full-day, in-home leg movement data 
between infants with typical development (TD) and infants 
at risk of developmental disabilities (AR) using barcod-
ing and nonlinear analysis. Eleven infants with TD (2–10 
months) and nine infants AR (adjusted age: 2–14 months) 
wore a sensor on each ankle for 7 days. We calculated 
the standard deviation for linear variability and sample 
entropy (SampEn) of leg acceleration and angular velocity 
for nonlinear variability. Movements were also categorized 
into 16 barcoding states, and we calculated the SampEn and 
proportions of the barcoding. All variables were compared 
between the two groups using independent-samples t-test 
or Mann-Whitney U test. The AR group had larger linear 
variability compared to the TD group. SampEn was lower 
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1  |  INTRODUCTION

Infants' spontaneous movements during infancy are related to their developmental outcomes later 
in life (Bultmann et al., 2019; Butcher et al., 2009; Hadders-Algra et al., 1997; Karch et al., 2012; 
Miyagishima et al., 2018). Moreover, spontaneous movements show different forms at different ages 
and are influenced by brain structure and maturational level (Kobesova & Kolar, 2014; Prechtl, 1997). 
Atypical brain development often leads to atypical behavioral patterns early in life. As a result, spon-
taneous movements are being assessed in clinics early on to assess infants at risk of developmental 
disabilities (AR) (Einspieler & Prechtl, 2005; Luttikhuizen dos Santos et al., 2013). However, due 
to the subjectivity of observational assessments, these assessments normally need a great amount of 
reliability training and may be difficult to use in low-resource settings.

The fast development and increasing popularity of wearable technologies bring the opportunity to 
quantitatively measure infant spontaneous movements in an objective way. With a high accuracy in 
measuring infants' spontaneous movements using wearable sensors, we may be able to quantify their 
functional skills instead of a subjective qualitative perception. Researchers are even able to recon-
struct infant spontaneous movements in a 3D space with advanced algorithms (Jeong et al., 2021). 
Wearable technologies allow researchers to measure infant behavior over a long period of time. Since 
infant behavior is highly variable (Adolph et al., 2015; Thelen, 1995), a longer assessment in their 
familiar home environment is believed to be more reflective of their true developmental level than 
a short session during a clinic visit (Abrishami et  al., 2019). Wearable technologies also have the 
potential to help with early diagnosis, and predict an infant's neuromotor developmental outcome 
(Abrishami et al., 2019; Airaksinen et al., 2022; Shida-tokeshi et al., 2018; Wilson et al., 2021), moni-
tor infant development across time, and provide real-time adjustment of intervention strategies using 
a cloud-based algorithm that can process sensor data in time and provide individualized feedback 
accordingly (Deng et al., 2020).

With the enormous amount of data available from wearable technology, researchers are still devel-
oping methods to extract meaningful information from infant behavior. An important parameter for 
infant behavior analysis is its variability. Movement variability was once perceived to represent noise 
in the motor system and is now believed to be essential to movement organization and execution, 
especially for infants. It is proposed that infants select various movement patterns during motor devel-
opment and dynamically select the patterns that have more adaptive values over time as they develop 
motor skills (Manoel & Connolly, 1995).

Traditionally, analysis of infant behavioral data from wearable technologies has focused on 
movement frequency, intensity, and magnitude of variability. Modern wearable sensors can be 
equipped with multiple devices, such as inertial measurement units (IMU), electromyography 

in the AR group compared to TD group for both acceler-
ation and angular velocity. Two barcoding states’ propor-
tions were significantly different between the two groups. 
The results showed that nonlinear analysis and barcoding 
could be used to identify the difference of dynamic multi-
dimensional movement patterns between infants AR and 
infants with TD. This information may help early diagnosis 
of developmental disabilities in the future.
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652 DENG et al.

(EMG), heart rate, and respiratory monitors. IMU and EMG can be employed to analyze move-
ment patterns and muscle synergies, respectively, using linear methods (Bekius et  al.,  2021; 
Trujillo-Priego & Smith, 2017). These linear methods are adopted to measure the amount or magni-
tude of change. However, none of these methods capture the dynamic nature (the evolution of move-
ment behavior across time) and multidimensional domains of infant behavioral patterns (Harbourne 
& Stergiou, 2009).

Traditional linear methods measure the change of magnitude, such as the distance a movement 
traveled, the value of velocity, and acceleration. Linear variability may be different between infants 
with typical development (TD) and infants AR with the atypical range of motion and muscle power 
due to high or low muscle tone (de Groot et al., 1993; Jeffries et al., 2019). Linear parameters are the 
most used parameters and they are easy to interpret. However, linear methods do not consider the 
temporal structure of movement patterns or how each movement interacts with other movements in 
the highly adaptive and complex motor control system.

Nonlinear methods, on the other hand, describe how movement patterns change over time and 
consider that each movement is influenced by the previous and the latter movements (Stergiou 
et al., 2006). An optimal movement pattern is one with the right amount of complexity and predict-
ability (Stergiou & Decker, 2011). Decreased complexity and predictability lead to random uncon-
trolled movements, while too much predictability leads to periodic and rigid movement patterns. For 
the dynamic nature of infants' highly variable behavior, nonlinear analysis of infant behavior has 
shown promising results identifying differences between infants with TD and infants with or at risk 
of AR (Deffeyes et al., 2009; Smith et al., 2017). It is hypothesized that neurological deficits contrib-
uted to this atypical movement adaptation (Dusing & Harbourne,  2010). Previous literature using 
non-linear analysis only assessed infant movement variability within a laboratory setting or a short 
in-home session. In this study, we aim to measure infant leg movement non-linear variability in an 
ecological approach, consisting recordings across full days in the home environment.

However, both linear and nonlinear methods only focus on one aspect of movement patterns at 
a time, which could potentially lead to incomplete or even misleading interpretation as the whole 
is often more than the sum of its parts. Barcoding is a promising method to describe infant's motor 
behavior from multiple domains. This method was developed by Paraschiv-Ionescu to assess chronic 
pain conditions in adults (Paraschiv-Ionescu et al., 2012). It has also been used to describe physical 
activity in children and adolescents with cerebral palsy (Gerber et al., 2020). This method considers 
human behavior as a system in constantly changing states, where each state is a combination of differ-
ent aspects of behavioral data and is assigned a unique number (Paraschiv-Ionescu et al., 2012). With 
a string of barcoding numbers, we can recreate the temporal and spatial structure of infant behavior. 
For example, we can use 1 to represent a fast-reaching movement and 2 to represent a slow-kicking 
movement. By connecting them together as 1-2-1, we can get an idea of a string of behavior generated 
as fast reaching—slow kicking—fast reaching. Both the time order and characteristics are included in 
simple barcodes. This method has the potential to fill in any dimensions we think are important. By 
combining both linear and nonlinear dimensions, we could potentially demonstrate the difference in 
a higher dimension that is not obvious or observable in a single dimension. Including all of the infor-
mation may give us a more comprehensive knowledge of typical and atypical behavior, and how to 
correct the atypical movement patterns. To our knowledge, the current study is the first to apply this 
method to analyze infant movement patterns.

Our aim is to apply a linear method, a nonlinear method, and barcoding analyses to compare 
full-day, in-home leg movement patterns recorded from wearable sensors in TD and AR infants. 
We hypothesize that infants in these two groups will show different characteristics of leg movement 
patterns by applying the abovementioned three methods.
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2  |  METHOD

2.1  |  Participants

A total of 11 infants with TD within 1–10 months of age (mean [SD]: 114 [72] days) and 16 infants 
AR within 2–14 months of age (adjusted for prematurity as appropriate, mean [SD]: 268 [126] days) 
with similar motor developmental level, participated in this cross-sectional study. The TD group was 
recruited by fliers and word of mouth in the Greater Los Angeles area. Inclusion criteria for the TD 
group were singleton, full-term births. Exclusion criteria for the TD group was an Alberta Infant Motor 
Scale (AIMS) score 10th percentile or less (Verdú Pérez & Montes Gonzalo, 1996). Infants with any 
known visual, orthopedic, or neurological impairment were also excluded from the TD group. The AR 
group was recruited from Children's Hospital Los Angeles Newborn Follow-Up Program. Inclusion 
criteria for the AR group followed the criteria set for high-risk infant follow-up services in the State 
of California (Eligibility Criteria, 2018), which led to a heterogeneous group (e.g., preterm, low birth 
weight), with potentially heterogeneous developmental levels, but representing the typical population 
distribution in clinical settings. Infants with unstable medical conditions were excluded. Because we 
controlled for the motor developmental level, the AIMS score in the two groups did not have signifi-
cant difference (AR group mean [SD]: 28.3 [17.6]; TD group mean [SD]: 16.9 [12.5], p = .13).

2.2  |  Procedure

This research was conducted according to guidelines of Declaration of Helsinki. A parent or legal 
guardian signed an informed consent form before their infant's participation. All procedures involving 
human subjects in this study were approved by the Institutional Review Board of the University of 
Southern California (HS-16-00170). Data was collected at participants' homes using Opal weara-
ble sensors (APDM Inc.). Each sensor weighed 22 g with a dimension of 48.4 × 36.1 × 13.4 mm 
(L × W × H). One sensor was put on infant's each ankle to record the legs' tri-axial acceleration and 
angular velocity data at 20 Hz. Each sensor was labeled left and right. Caregivers were instructed to 
put the sensors on the infants in the morning and take the sensors off to charge overnight when putting 
their infants to sleep at night for 7 consecutive days. Caregivers were also instructed to take the sensors 
off when the infants were in water, such as during baths. Given the ecological settings of this study, 
the families were also instructed to maintain their typical daily lifestyle. A daily survey was provided 
to the caregivers to record whether each day was a typical day for the infants and record the time they 
put on or took off the sensors. We measured the infants' anthropometrics (head circumference, body 
length and weight) and assessed their motor development using the AIMS. We scheduled another 
7 days of data collection for some infants if the first week did not generate enough data for several 
reasons (e.g., infant was sick, sensors were not placed on the infant). However, a complete set of 7 
recording days after 2 weeks was not always possible.

2.3  |  Data pre-processing

Based on previous studies, 2 days of sensor recordings is the optimal amount of data to represent typi-
cal daily motor behavior for both infants with TD and AR (Deng et al., 2019, 2020). We then decided 
to choose the first two typical days (per caregiver's survey response) of data with at least 8 h of awake 
time each day for analysis here. This led to a final sample of 11 infants with TD and 9 infants AR. 
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654 DENG et al.

Individual demographic information for the AR group is shown in Table 1. Summarized information 
for each group is shown in Table 2. The total recorded hours for each infant are shown in Table 3.

2.4  |  Linear and nonlinear analysis

The recordings of infant's leg movement data were downloaded from the sensors after the data collec-
tion using Motion Studio software (APDM Inc.). We calculated the leg movement parameters using 
a previously validated algorithm (Smith et al., 2015; Trujillo-Priego & Smith, 2017). The algorithm 
first determined the threshold for a movement based on the whole day recording. The threshold was 
determined by calculating the mean minus the standard deviation of all of the acceleration peak 
magnitudes between 1 and 3.25 m/s 2. The minimal threshold variation considers the unique statistical 
properties of infant movements as well as environmental noise. The start and end of each movement 
were determined based on the threshold crossings. A new leg movement was counted each time the 
infant paused or changed the direction of the leg movement. Finally, the duration, peak acceleration, 
and peak angular velocity for each leg movement was determined.

From the full-day recording, we divided the continuous data into 5-min segments, and only active 
portions of data that included at least 50 movements, further averaged, were included for the analysis 
(Wilson et al., 2021). The number of active segments for each infant is shown in Table 3. This method 
has been shown to yield data segments with high concentration of motor behavioral and more salient 
movement patterns from the full-day recording (Wilson et al., 2021).

To determine the linear variability of the leg movements, we calculated the standard deviations 
of peak acceleration and peak angular velocity for all movements during each active segment and 

T A B L E  1   Mapping infant leg movement characteristics into each barcoding state based on leg movement type, 
peak acceleration magnitude, peak angular velocity magnitude and duration.

Barcoding 
state

Leg 
movement 
type

Peak 
acceleration: > or < median 
value

Peak angular 
velocity: > or < median 
value

Duration: > or < median 
value

1 Unilateral < < <

2 Unilateral < < >

3 Unilateral < > <

4 Unilateral < > >

5 Unilateral > < <

6 Unilateral > < >

7 Unilateral > > <

8 Unilateral > > >

9 Bilateral < < <

10 Bilateral < < >

11 Bilateral < > <

12 Bilateral < > >

13 Bilateral > < <

14 Bilateral > < >

15 Bilateral > > <

16 Bilateral > > >
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656 DENG et al.

then averaged each variable across all the active segments from the 2 recording days. To determine 
the non-linear variability of the leg movement, we used sample entropy (SampEn) for the continuous 
acceleration and angular velocity data. SampEn has been widely used to assess the complexity of 
physiological time-series signals for the past decade (Richman & Moorman, 2000; Smith et al., 2017). 
It measures the regularity of time series by quantifying the occurrence of similar sub-patterns in the 

T A B L E  3   Summarized characteristics for the TD and AR groups (mean ± SD).

Group TD AR ρ

Age/adjusted age (days) 113.45 ± 73.40 267.44 ± 129.86 0.008

Sex 4 females, 5 males 3 females, 8 males 0.642

Race 8 White, 2 other, 1 declined 4 White, 2 other, 2 declined, 1 Black

AIMS (total) 28.33 ± 17.64 16.91 ± 12.54 0.124

Gestational age (weeks) 31.22 ± 6.36 39.27 ± 1.27 0.015

Head circumference (cm) 43.04 ± 2.08 40.93 ± 2.10 0.037

Body length (cm) 65.44 ± 7.40 62.97 ± 6.42 0.442

Weight (kg) 7.34 ± 1.43 7.13 ± 2.05 0.791

Total recorded hours 19.58 ± 1.84 19.06 ± 1.81 0.717

Number of active segments 136 ± 25 123 ± 24 0.783

Abbreviations: AIMS, Alberta Infant Motor Scale; AR, developmental disabilities; TD, typical development.

T A B L E  4   Total recorded hours and number of active segments for each infant.

Infant Total hours recorded Total active 5-min segments

TD 1 23.78 121

TD 2 20.43 159

TD 3 18.39 131

TD 4 17.71 117

TD 5 18.90 185

TD 6 20.65 144

TD 7 20.61 144

TD 8 19.33 132

TD 9 18.49 86

TD 10 20.04 132

TD 11 17.02 147

AR 1 16.88 148

AR 2 22.44 113

AR 3 18.90 105

AR 4 19.17 136

AR 5 20.72 87

AR 6 16.42 139

AR 7 19.16 158

AR 8 19.16 100

AR 9 18.71 122

Abbreviations: AR, developmental disabilities; TD, typical development.

 15327078, 2023, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/infa.12537 by U

niversity O
f Padova C

enter D
i, W

iley O
nline L

ibrary on [20/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



657DENG et al.

data. The leg movement data recorded using the wearable sensor have been found to be deterministic 
(with order) rather than stochastic (random) (Smith et al., 2017). We calculated SampEn using the 
algorithm from Richman and Moorman (2000). The vector length (m) and the relative tolerance limit 
(r) were set at 2 and .2, respectively. Leg movements and SampEn analyses were performed using 
MATLAB (The MathWorks Inc.).

To summarize the data preparation procedure for measuring linear and non-linear variability, we: 
(1) selected data from infants who provided two full days of recordings, (2) divided each full-day data 
into 5-min segments and select only the active segments for further analysis, (3) calculated SampEn 
for acceleration and angular velocity, (4) calculated standard deviation of peak acceleration and angu-
lar velocity for each active segment, (5) averaged each variable in all active segments for each leg from 
each day, and (6) averaged the results from the 2 full days of recordings.

2.5  |  Barcoding analysis

For barcoding analysis, we need to identify several dimensions that are most meaningful from full 
day recordings of leg movement (Paraschiv-Ionescu et al., 2012). We decided to use four dimensions: 
peak acceleration (low/high), peak angular velocity (low/high), duration (short/long), and move-
ment type (unilateral/bilateral leg movement). We chose these four dimensions as these are among 
the most commonly used parameters to measure infant movement. Previous literature demonstrated 
these parameters showed differences between infants with TD and infants at risk of AR, and between 
infants with various developmental outcomes (Abrishami et al., 2019; Deng et al., 2018; Shida-tokeshi 
et al., 2018; Zuzarte et al., 2020). Since this was the first time that a barcoding method was applied to 
capture multi-dimensionality of leg movements in infants, we separated each variable into a dichoto-
mous system for a relatively easy interpretation. After we identified all movements from a single full 
day recording, we calculated the median of all movements' peak acceleration, peak angular velocity, 
and duration for each infant. The averaged value of all the median values from each infant in the TD 
group was used as the strategy to separate peak acceleration, peak angular velocity, and duration into a 
dichotomous system in order to define the barcoding states. Regarding the movement type, a unilateral 
leg movement is determined as only one leg is moving during the whole movement period, whereas 
a bilateral movement is determined if both legs were moving concurrently during some portion of the 
leg movement period. Each leg movement was represented as a combination of these different dimen-
sions. All the calculation was performed using a MATLAB script (The MathWorks Inc.).

Since each of the four dimensions has two possible values, this leads to 16 possible combinations. 
Each combination is a barcoding state. A numerical symbol was then assigned to each barcoding 
state as listed in Table 4. Figure 1 is a visualized chart to help illustrate the change of barcoding states 
across movements.

To capture infant leg movement behavior during a full day, we assigned a barcoding state to each 
movement and then concatenated all the barcoding states chronologically from the time domain. This 
generated around 10,000 barcoding states for each leg and each full-day recording. We used SampEn 
to determine the structural complexity of the barcoding states. We also measured the proportion of 
each barcoding state to demonstrate the variety of each movement type.

2.6  |  Statistical analysis

Comparisons between TD and AR groups for each leg were performed using the averaged record-
ings from two full days, level of significance was to α  =  .05. Shapiro-Wilk tests were used to 
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658 DENG et al.

determine whether each variable was normally distributed. Parametric methods were used for 
normally distributed data and non-parametric methods were used for non-normally distributed 
data. Independent-samples t-tests were used to compare the age, gestational age, weight, body 
length, AIMS score, and head circumference between the two groups. Chi-square test was used 
to compare sex between groups. To compare the linear variability of each leg between AR and 
TD group, we compared the standard deviation of peak acceleration and angular velocity using 
independent-samples t-test. To compare the non-linear variability of each leg between the two groups, 
we compared the SampEn of peak acceleration and peak angular velocity using Mann-Whitney U 
test. To compare the structural complexity of barcoding states, we used independent-samples t-test. 
The differences between two legs in each group were tested using paired-t test. We also compared 
the proportion of each barcoding state between the two groups using Mann-Whitney U test. We 
did not adjust the significance level since this is an exploratory analysis. We also calculated the 
effect size for each hypothesis (Cohen's d for normally distributed variables and Pearson's r for 
non-normally distributed variables). All statistical analyses were conducted using MATLAB (The 
MathWorks Inc).

3  |  RESULTS

There was a significant difference of age (TD group: 113.45  ±  73.40  days; AR group: 
267.44 ± 129.86 days) between the two groups with p =  .008. However, we did not find a signif-
icant difference of AIMS score between the two groups (TD group: 28.33  ±  17.64; AR group: 
16.91 ± 12.54, p = .124).

F I G U R E  1   Visualization of barcoding states with a color-coded chart and a line chart illustrating the number 
1000th movement to the number 1030th movement for a single infant during a day.
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659DENG et al.

3.1  |  Linear variability

As shown in Figure 2, the AR group (mean [SD], left leg: 3.359 [0.682], right leg: 3.314 [0.674]) had 
significant larger standard deviation of the leg movement peak acceleration compared to the TD group 
(left leg: 2.556 [0.656], right leg: 2.495 [0.587]) with p = .015, t = 2.678, df = 18, effect size = 1.20 
(large effect for Cohen's d) for left leg and p = .009, t = 2.906, df = 18, effect size = 1.31 (large effect 
for Cohen's d) for right leg, respectively. The AR group also had larger standard deviation of the leg 
movement angular velocity compared to the TD group on the right leg (mean [SD], AR: 1.956 [0.269]; 
TD: 1.690 [0.290], p = .049, t = 2.114, df = 18, effect size = 0.95 [large effect for Cohen's d]) but not 
the left leg (AR: 1.955 [0.251]; TD: 1.703 [0.371], p = .010, t = 1.736, df = 18).

3.2  |  Nonlinear variability

As shown in Figure  3, there were significant differences of leg movement acceleration SampEn 
between the AR group (left leg: 0.309 [0.044], right leg: 0.310 [0.052]) and TD group (left leg: 0.400 
[0.090], right leg: 0.394 [0.075]) (U = 17, p = .012 for both legs), effect size = −0.12 (small effect 
for Pearson's r). Similarly, the SampEn of angular velocity also demonstrated significant differences 
between the AR group (mean [SD], left leg: 0.278 [0.054], right leg: 0.276 [0.056]) and the TD group 
(left leg: 0.370 [0.075], right leg: 0.368 [0.067]) (U = 14, p = .006, effect size = −0.13 [small effect 
for Pearson's r], and U = 11, p = .002, effect size = −0.15 [small effect for Pearson's r], respectively).

3.3  |  Barcoding

The averaged value of all the median values from each infant in the TD group (median peak accelera-
tion: 2.922 m/s 2; median peak angular velocity: 2.073 m/s; median duration: 4.86 s) was used to sepa-
rate each variable into a dichotomous system to define the barcoding states. Figure 4 illustrates that, 
for the SampEn of barcoding states, we did not find a significant difference between the AR group 
(left leg: 1.70 [0.36], right leg: 1.36 [0.29]) and the TD group (left leg: 1.55 [0.47], right leg: 1.16 
[0.36]) for left (p = .446, t = 0.779, df = 18) and right legs (p = .180, t = 1.396, df = 18). However, 

F I G U R E  2   (a) Standard deviation of peak acceleration of movements for AR and TD groups in both left leg 
and right leg. (b) Standard deviation of peak angular velocity of movements for AR and TD groups in both left leg and 
right leg. *p < .05. AR, developmental disabilities; TD, typical development.
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660 DENG et al.

we found significant differences between the left and right leg within the AR and the TD groups 
(p = .004, t = 3.925, df = 8, effect size = 1.31 [large effect for Cohen's d], and p = .011, t = 3.133, 
df = 10, effect size = 1.04 [large effect for Cohen's d], respectively).

As shown in Figure 5, by comparing the proportion of each barcoding state between the two groups, 
we found state 8 (unilateral movement with large peak acceleration, large angular velocity and long 
movement duration) and 14 (bilateral leg movement with large peak acceleration, small angular velocity, 
and long movement duration) were significantly different between the AR and the TD groups for both left 
(AR 8: 0.12 [0.02], TD 8: 0.09 [0.03], AR 14: 0.04 [0.02], TD 14: 0.09 [0.07]) and right legs (AR 8: 0.09 
[0.03], TD 8: 0.06 [0.02], AR 14: 0.05 [0.03], TD 14: 0.09 [0.08]) with U values of 20, 20, 20 and 21, 
and p values of .025, .025, .025 and .031, effect sizes of −0.11 (small effect for Pearson's r), respectively.

4  |  DISCUSSION

The aim of this study was to apply linear, nonlinear and barcoding methods to compare full-day, 
in-home leg movement recordings collected by means of wearable sensors between infants with TD 

F I G U R E  3   SampEn of acceleration and angular velocity data for AR and TD groups in both left leg and right 
legs. *p < .05. AccL, left leg acceleration; AccR, right leg acceleration; AR, developmental disabilities; TD, typical 
development; VL, left leg angular velocity; VR, right leg angular velocity.

F I G U R E  4   SampEn of barcoding states in both legs in each group. *p < .05.
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661DENG et al.

and infants AR. We hypothesized different leg movements pattern between these two groups. Our 
findings showed that the infants AR had higher linear variability and lower nonlinear variability of leg 
movement patterns compared to the infants with TD. Barcoding analysis revealed further significant 
differences between these two groups. Our findings suggest that barcode states can represent a useful 
tool to describe the multidimensional structure of infants' motor behavior. To our knowledge, this is 
the first time that barcode analysis has been employed for this purpose.

4.1  |  Linear variability

Previous literature suggested that infants born preterm exhibit different leg movement linear variabil-
ity compared to infants with TD. For example, infants born preterm with delayed motor development 
at 3 years of age have higher kurtosis of acceleration of arms and legs at term age than the infants 
with TD (Kanemaru et al., 2013). Similarly, our results showed that AR group's leg movements has 
larger linear variability of acceleration than infants with TD. Other literature, showed that several 
lower limbs' parameters (i.e., areas out of the standard deviation of acceleration and velocity) are able 
to successfully differentiate infants with TD and infants AR (Meinecke et al., 2006). Our findings 
confirmed this further, by showing a similar differentiation between the two groups involved in the 
study, using similar lower limb's parameters (standard deviation of angular velocity). Overall, using 
linear variability, our findings suggest a larger magnitude change of leg movements in infants AR. 
This indicates that infants AR tend to have more extreme movement patterns with abrupt change of 
postures instead of a smooth transition. This may be related with the abnormal muscle tone or coordi-
nation issues among infants AR. However, this still does not reveal whether the quality or infants leg 
movements' temporal patterns is different between AR and TD infants.

4.2  |  Nonlinear variability

We found that the AR group had smaller nonlinear variability than the TD group, which is consistent 
with the previous results on spontaneous leg movements during infancy (Smith et al., 2011, 2017). 
This result hints that the AR group's spontaneous leg movement patterns are likely more repetitive and 

F I G U R E  5   The proportion of barcoding states 8 and 14 in both legs in each group. *p < .05. L14, left leg with 
state 14; L8, left leg with state 8; R14, right leg with state 14; R8, right leg with state 8.
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662 DENG et al.

less explorative. Indeed, infants with monotonous movement patterns are believed to be less flexible to 
switch their motor behaviors in order to adapt to different environments (Dusing & Harbourne, 2010). 
Smith et al. (2011, 2017) also found that infants with myelomeningocele and infants at AR had smaller 
nonlinear variability values, namely SampEn and Approximate Entropy, of spontaneous leg move-
ments compared to infants with TD. Such results suggested that infants AR have more repetitive 
movement patterns compared to infants with TD.

Nonlinear variability of upper or lower limbs is likely to be different in infants with different AR 
or developmental stages. Stergiou et al. proposed the theoretical model of optimal movement variabil-
ity (Stergiou & Decker, 2011). The optimal variability was hypothesized to have the right amount of 
complexity and predictability. An atypical amount of complexity and predictability will lead to atyp-
ical movement patterns. For example, children with Down syndrome have higher complexity (using 
Approximate Entropy) for thigh and foot segments than children with TD during walking, as a possi-
ble way to compensate for the decreased postural predictability (unstable posture) in other segments 
(Buzzi & Ulrich, 2004). Preterm infants with brain injuries were also found to have larger maximal 
Lyapunov exponent values for spontaneous arm movements than those without brain injuries (Ohgi 
et al., 2008). The larger nonlinear variability was interpreted as the group with brain injury having 
decreased predictability (more unstable and unpredictable movements) than those without brain inju-
ries (Ohgi et al., 2008). Considering the conflicting results of nonlinear variability in different patient 
groups and body parts, it is important to always include a control group. The healthy control behavior 
should be the gold standard for optimal variability reference since there is no consistent standard for 
optimal variability across different ages and functions. Both too much and too little predictability 
compared to the healthy control can lead to atypical function.

The altered nonlinear variability from different AR may indicate abnormal neuromotor control, 
which may further interrupt their daily exploratory behavior and the development of motor and cogni-
tive skills (Smith et al., 2017). The lower SampEn values in infants AR from our findings suggest the 
potential need for early interventions to improve their movement variability and exploration during 
early infancy.

4.3  |  Barcoding

Lastly, we applied the barcoding method to further the “dissection” of leg movement patterns. Barcod-
ing was originally used to assess chronic pain conditions in adults, by showing that the increase 
in pain intensity can be explained by the structural complexity of physical activity barcoding 
(Paraschiv-Ionescu et al., 2012). We are extending the range to describe infant behavioral patterns. 
The first thing we observed is the significant difference between the two legs' barcoding results within 
each group. This could be related to their positions at home which may restrict their movements on 
one side, or it may suggest the early laterality of leg movement control.

We also noticed that certain barcode states were different between the two groups. That is, AR 
infants showed more states at barcode #8 (unilateral movement with large peak acceleration, large 
angular velocity, and long movement duration), likely representing a unilateral kicking movement. 
The TD group, on the other hand, showed more states at barcode #14 (bilateral leg movement with 
large peak acceleration, small angular velocity, and long movement duration), likely representing a 
bilateral hip flexion or extension movement. These results may indicate the AR group wase more 
asymmetrical in leg movement control than the TD group.

We did not find a significant difference in the SampEn value of barcoding between the two 
groups. This is likely due to the fact that we only separated each aspect of the state into two categories 
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663DENG et al.

based on the median value as a first step. More detailed or clinically meaningful categorization of 
states could be used to determine the barcoding states in the future. For example, instead of sepa-
rating the variables into high and low values, we can separate each variable into quarters or even 10 
folds. This finer resolution could potentially be more sensitive to the behavioral change across differ-
ent movements. The barcoding analysis employed in the present study hints toward a wider use of 
barcoding as a potential tool to analyze the multidimensional features of infant movement repertoire 
using wearable sensor recordings. Barcoding analysis demonstrated better interpretability of move-
ment patterns than traditional nonlinear analysis by itself. Understanding the difference in movement 
patterns of TD and AR infants in a multi-dimensional way can help to enhance future intervention 
strategies, by providing direct instruction of typical movement patterns, from multiple angles and at 
the same time.

4.4  |  Limitations

Our findings should be considered while taking into account several limitations. Our findings need 
to be generalized with caution given the small sample size. Future studies are warranted to poten-
tially validate and generalize the results presented in this study. Moreover, the significant age differ-
ence between the two groups may have contributed to some of the observed differences. Since infant 
neuromuscular structure changes drastically across the first couple years in life, some of the observed 
difference could potentially be caused by the change in muscular strength and limb length. However, 
we specifically recruited the infants in the two groups to match them on developmental levels. Future 
studies with a longitudinal design may help in outlining more detailed changes in infant movement 
patterns over time. Moreover, the AR group here is a diverse group that includes preterm birth, 
congenital heart disease, and DiGeorge syndrome. Infants with different AR may generate different 
movement patterns compared to the control group. The findings here may not generalize to a certain 
population. However, our sample represents the typical population we may encounter in a high-risk 
infant follow up clinic and we were able to observe group differences. Moreover, future studies may 
investigate infants with specific AR.

5  |  CONCLUSION

To summarize, the linear and non-linear analysis of full day in-home leg movements recordings, 
collected by means of wearable sensors, suggest that infants AR have larger linear variability (larger 
movement magnitude change) and smaller nonlinear variability (more repetitive movement patterns) 
compared to infants with TD. The barcoding analysis hints toward that the infants AR have more 
unilateral kicking and less bilateral movements. Clinically meaningful categorization for barcoding 
is needed to improve the current coding system in order to identify potential differences of dynamic 
and multidimensional movement patterns between infants AR and infants with TD. Further analysis 
of different movement patterns within current barcoding states is also important to differentiate the 
movements. As a first step, this study shows promising possibilities to incorporate different analysis 
methods to interpret infant leg movement patterns from ecological full-day recordings by using wear-
able sensors, with the potential to improve early diagnosis of AR in an objective and automated way. 
Future studies should also correlate these measurements with developmental outcomes. With larger 
data sets, we may incorporate machine learning methods to improve the accuracy of early diagnosis 
and outcome prediction.
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