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Abstract 

Background Nowadays, wearable sensors are widely used to quantify physical and motor activity during daily life, 
and they also represent innovative solutions for healthcare. In the clinical framework, the assessment of motor behav-
iour is entrusted to clinical scales, but they are dependent on operator experience. Thanks to their intrinsic objectivity, 
sensor data are extremely useful to provide support to clinicians. Moreover, wearable sensors are user-friendly and 
compliant to be used in an ecological environment (i.e., at home). This paper aims to propose an innovative approach 
useful to predict clinical assessment scores of infants’ motor activity.

Materials and methods Starting from data acquired by accelerometers placed on infants’ wrists and trunk during 
playtime, we exploit the method of functional data analysis to implement new models combining quantitative data 
and clinical scales. In particular, acceleration data, transformed into activity indexes and combined with baseline clini-
cal data, represent the input dataset for functional linear models.

Conclusions Despite the small number of data samples available, results show correlation between clinical outcome 
and quantitative predictors, indicating that functional linear models could be able to predict the clinical evaluation. 
Future works will focus on a more refined and robust application of the proposed method, based on the acquisition 
of more data for validating the presented models.
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Background
In the last decade, the progress in Information and Com-
munication Technology (ICT) led to an increasing use of 
digital technologies; in particular, wearable accelerome-
ters [1] are widely used in healthcare to quantify motion. 
Kinematic data obtained through wearable sensors could 
become crucial for detecting health status, for at least 
twofold reasons: (1) to support clinical assessments; (2) 
to continuously monitor motor parameters in ecologi-
cal environments (i.e., at home) and with little invasive-
ness for the subject, due to their lightweight and small 
dimensions.

Several works exploit wearable accelerometer to moni-
tor and assess motor behaviour, but most of them mainly 
concern the monitoring of toddler and pre-school chil-
dren [2–4] or adults [5]; on the contrary, despite the good 
reliability of wearable sensors, few papers focused on 
their use in infant population [6].

Wearable sensors enable to study infants’ motor devel-
opment during their first years of life [7]; indeed, if early 
signs of atypical development occur, an Early Interven-
tion (EI) process is crucial for providing the right tai-
lored rehabilitation program. In general, infants’ motor 
behavior assessment is based on clinical scales (e.g., 
Infant Motor Profile (IMP) or Alberta Infant Motor 
Scale (AIMS)), and on direct observation during play-
ing, but quantitative and evaluator-free data are scarcely 
obtained. Chen et  al. [8] reviewed several wearable sys-
tems which provided quantitative data in order to assess 
upper limb movements [9] and the ‘general movements’ 
[10] of infants at high risk for neurodevelopmental dis-
orders (NDDs). These studies represent evidence of the 
wearable technology utility as an objective outcome 
measure, able to help the clinicians in the early detection 
of NDDs, thus allowing the start of EI. However, further 
investigations are required in order to increase the scien-
tific knowledge and develop evidence-based approaches.

The EI approach is often focused on family involve-
ment and home-based settings and it could be a useful 
environment to obtain quantitative measures of infant 
development [11]. In this context, the CareToy approach 
[12] represents a validated tool for personalized tele-
rehabilitation and monitoring of the development of very 
young infants. The CareToy (CT) system was developed 
in the framework of a multicentric international pro-
ject (www. caret oy. eu, Trial Registration: NCT01990183) 
and it consisted of a biomechatronic smart baby gym 
equipped with different types of sensors embedded in the 
mat, in the toys and in the gym walls. In addition, a kit 
of wearable sensors (i.e., two for the upper limbs and one 
for the trunk) was provided. The entire system was deliv-
ered to families’ houses for carrying out a customized 
training which was remotely monitored by the clinical 

and rehabilitation staff. CT has been validated in a rand-
omized controlled trial (RCT) study [11] in which Italian 
and Danish preterm infants at low risk for Cerebral Palsy 
(CP) were involved.

Based on previous findings, an EI program has been 
implemented involving infants at high-risk of CP. An 
adapted version of CT was proposed (Fig.  1), namely 
the CareToy-Revised (CT-R) version (Trial registration: 
NCT03211533 and NCT03234959) [13].

The activities of the CT-R training (i.e., CareToy scenar-
ios) were highly personalized basing on the rehabilitative 
needs identified during the assessment and in particular 
on the first week of training. In details, the first period, 
mainly composed of the first week consisted of the use of 
common CT-R scenarios activities planned and carried 
out to explore infant’s behavior in different positions bas-
ing on the CT-R stimuli. The data of this first assessment 
period allowed the rehabilitation staff to better under-
stand the infants’ needs in relation to the CT-R activities 
and to increasingly customize the training over the fol-
lowing weeks.

In the current work, we have hypothesized that the 
analysis of this first CT-R training period can allow to 
collect quantitative movement data to be compared with 
the clinical data. Specifically, we wanted to test that:

H1 There is a significant relation between the accelero-
metric data during CT-R play and the scores of IMP and 
AIMS clinical assessments at baseline;

H2 Clinical outcomes (i.e. assessment scores) can be 
predicted from the quantitative accelerometric data com-
bined with baseline clinical data, such as the infants’ cor-
rected age, prematurity and severity of brain lesion.

Materials and methods
We specifically aimed to combine the use of acceler-
ometers placed on the infants’ upper limbs and trunk 
and their temporal data sequences with the clinical 
assessment.

This section presents the experimental set-up and the 
sensors used during the training. Moreover, a descrip-
tion of the proposed outcome measures, the infants’ 
enrolment and the methods for statistical analysis are 
provided.

Experimental set‑up
Participants
Seventeen infants were included in the present study. All 
the subjects were recruited during the hospitalization 
in the Neonatal Intensive Care Units or during the neu-
rodevelopmental follow-up programs in three University 

http://www.caretoy.eu
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Hospitals in Tuscany (Italy): “Santa Chiara Hospital” in 
Pisa, the “Meyer Children’s Hospital” and the “Careggi 
General Hospital” in Florence. The demographic and 
clinical descriptions are shown in Table 1.

According to study protocol [16] the main inclusion 
criteria were infants with perinatal brain injury (such as 
cerebral hemorrhage and of Periventricular Leukomala-
cia (PVL), stroke, moderate/severe asphyxia) and atypical 
clinical signs/scores at General Movements Assessment 
(GMA) or Hammersmith Infant Neurological Examina-
tion (HINE). Main exclusion criteria were cerebral mal-
formations or severe sensory impairments.

All the seventeen infants showed a brain injury on 
early neuroimaging, based on Ultra Sound and MRI 
images. On the basis of these types of neuroimaging data 
two different groups have been identified [17]: (1) mild/
moderate brain injury, i.e. infants who presented small 
unilateral hemorrhagic infarction, preterm white matter 
injury of grade I and II [18], intraventricular hemorrhage 
of grade I-III [13], hypoxic-ischemic lesion and ischemic 
stroke but without basal ganglia engagement) and (2) 
severe injury, i.e. infants with preterm white matter 
lesion (grade III), hypoxic-ischemic injury with predomi-
nant basal ganglia-thalami pattern, expanded bilateral 
hemorrhagic infarction, ischemic stroke and with basal 
ganglia involvement or asymmetry of the internal capsule 
of the posterior limb.

In this study, ten subjects had severe brain injury and 
seven mild/moderate injury. Considering the type and 
location of the lesion and based on the spontaneous 
prevalent use of upper limb during the baseline assess-
ments, two groups have been identified: symmetrical 
and asymmetrical, which included six and eleven infants, 
respectively, as shown in Table 1.

Before starting the CT-R training, all the infants were 
assessed at baseline with a standardized clinical protocol. 
The overall criteria for proposing the start of the training 
was based on motor skills, in particular at least an initial 
head control and no more than the mature trunk control 
in sitting position. The main clinical tests, reported also 
in the current study, were the Infant Motor Profile (IMP) 
and Alberta Infant Motor Scale (AIMS). The IMP is an 
evaluation of motor infants’ motor behaviour during dif-
ferent positions (supine, prone, sitting, standing while 
grasping and manipulating objects). It is subdivided in 
different motor domains and in this work we have con-
sidered the Variation, Symmetry, Performance, Fluency, 
and Total scores that assess movement variability and 
symmetry, motor abilities and motor fluency, respectively 
[14]. Moreover, from the IMP assessment, the AIMS—
which assesses the gross-motor infant skills [15]—can be 
computed (Table 1).

All the parents of the enrolled infants provided a 
written informed consent, prior to the beginning of 

Fig. 1 General overview of CareToy-R platform and its components
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assessment. Ethics approval was obtained from the Tus-
cany Paediatric Ethics Committee, Italy (N. 84/2017).

CareToy R (CT‑R) training
CT-R is a new system for tele-rehabilitation in young 
infants that makes use of highly personalized home train-
ing. In general, the training lasted 8 weeks, in which the 
rehabilitation staff planned the training every day for a 
total of 30 to 45  min per day. Every day was organized 
in different CT-R scenarios lasting from 2 up to 10 min 
each. Each scenario had a different goal and based on it, 
the infant could be placed in different positions inside 
the system: supine, prone, sitting and on one side. The 
family chooses the time when their infants are most col-
laborative and, if necessary, divides the daily training in 
different sessions, in order to optimize infant’s participa-
tion. As said in the background section, the first training 
period (generally, the first week), is essential to evaluate 
the infant’s adaptability within the system and to observe 
his/her behaviour in the enriched environment provided 
by the CT-R system.

Upper limb ICT set up
Each participant wore a tri-axis accelerometer (AX3, 
Axivity, United Kingdom, UK, 35.4 × 24.2 × 8.9 mm, 11 g) 
on each wrist (dorsal side) and on the trunk (mid-ster-
num) during each training session, in order to detect the 
body movement (Fig. 2). Every family was provided with 
at least two kits, each one composed of three sensors. A 
commercial trunk-band (Prenatal company, Milano, IT) 
was customized for inserting one of the sensors (Fig. 2A) 
while the two other devices were applied on the body 
using custom-made Velcro wrist-bands (Fig.  2B). These 
bands were designed to be not intrusive nor to cause 

any sort of impairment regarding the infant’s move-
ments. Moreover, the use of Velcro provided an excellent 
adherence between the sensors and the wrist in respect 
to a typical silicon bracelet, reducing the possibility of 
unwanted vibrations. The material was specifically cho-
sen in order to eliminate any risk of an allergic reaction 
and to be easy to clean. The final set-up configuration is 
reported in Fig.  2C. Data were acquired with a sample 
rate of 25 Hz, in order to record continuously for at least 
34 days, and sensitivity was set at +/- 8 g. This value was 
chosen among the possible dynamic range options pro-
vided (i.e. ±2 g, ±4 g, ±8 g, ± 16 g) as a tradeoff between 
sensitivity and risk of sensor saturation. The accelerom-
eters were given to the families already fully charged and 
initialized; therefore, there was no need to recharge or to 
turn on/off the sensors before and after each training ses-
sion. The first kit acquired data for around a month, then 
the second kit recorded the following training period.

Data analysis
The data collected by the sensors were saved at the end 
of each sensor kit acquisition and visually analyzed and 
exported using the OmGui software (OMGUI Configura-
tion and Analysis tool, version 43, Open Source in Micro-
soft.NET Framework, Microsoft Corporation, Redmond, 
Washington, USA). Then, they were analyzed with MAT-
LAB software (version 9.9, The MathWorks Inc., Natick, 
MA, USA) by using a custom code.

We exploited the source codes provided from the Axiv-
ity website [16] to compute the Signal Magnitude Vector 
minus 1 g (SVM) index:

(1)SVM = abs a2x + a2y + a2z − 1

Fig. 2  A representative example of tri-axis accelerometer placement during the study. Custom bands used as housing for the sensors applied on 
trunk (A) and wrists (B). Panel C shows the final acquisition setup configuration
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where  ax,  ay,  az are the acceleration values, expressed in 
units of “g” (namely, Earth standard gravitational unit), 
recorded along the x, y, z axes of the single tri-axis accel-
erometer. This index is commonly used for the analysis of 
daily activities.

Another measure of body movements which is widely 
used in healthcare is the Activity Counts (AC) (Acti-
Graph, Florida, FL) index, that evaluates the magnitude 
of body segment movements during a certain period of 
time called epoch, starting from acceleration data. Since 
AC is computed by a proprietary software, the Activity 
Index (AIX) was proposed and validated in [17] to pro-
vide an open source AC alternative. In this work, it was 
used to summarize raw tri-axial accelerometers data for 
each infant’s limb:

specifically, σ 2
m(t;H) denotes the variance of a single 

participant’s acceleration signals along axis m (m = 1,2,3) 
in the window of length H starting at time. The length of 
H defines the level of resolution in the calculation of the 
AIX (i.e. the smallest detectable epoch) and, in this work, 
it was set at 1-second as in [17] to achieve a high resolu-
tion while maintaining a low computational burden.

In addition, we adopted the Asymmetry Index (AI) 
proposed and validated in [18] to assess quantitative evi-
dence of an asymmetry condition in the use of two dis-
tinct body segments. By using the additivity property of 
the AIX, the AI computed for the i-th minute of acquisi-
tion is defined as:

where sumi(AIXMP) and sumi(AIXLP) are the AIXs 
extracted for the more preferred (MP) and less preferred 
(LP) hand, respectively, summed over the i-th minute.

For each infant, a period of clinical training was defined 
(see CareToy R training section). Therefore, the analysis 
of the single infant has been restricted to that pre-calcu-
lated period.

The data of different sensors have been firstly synchro-
nized and re-sampled at 25 Hz with a linear interpolation 
method; then, the AIX and SVM indexes have been com-
puted for the first acquisition period. The SVM signals 
are digitally filtered with a fourth order Butterworth fil-
ter pass-band in the 0.5–10 Hz range and then are aver-
aged per minute. The SVM was calculated to differentiate 
the actual training with respect to the overall period. 
The entire period was divided into ten-minute windows: 

(2)

AIX(t;H) =

�
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3
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σ 2
m(t;H)− σ

_

2

σ
_
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, 0





(3)AI(i) =
sumi(AIXMP)− sumi(AIXLP)

sumi(AIXMP)+ sumi(AIXLP)
∗ 100

if the SVM signal of either one of the arms exceeded an 
empirical threshold (set at 0.4 g to discriminize the jerky 
infants’ movements from possible caregiver interactions) 
even if only once, the entire window was considered part 
of the training. The isolated active windows were consid-
ered false positives; therefore, they were eliminated. An 
additional filter permitted to erase isolated windows of 
single minutes of activity. Lastly, the days of the effective 
training were defined as the days which contained active 
windows. The weeks were then merged longitudinally.

The sensor placed on the trunk has been chosen as ref-
erence, and AIhandtrunk has been determined to assess the 
magnitude of the single arm movement with respect to 
the trunk:

Regarding the trunk, by defining AI(i)MPtrunk
 and 

AI(i)LPtrunk as the AI of MP and LP hand, respectively, 
we have estimated two more indexes to describe the total 
arms movement and the asymmetry between the upper 
limbs, namely TotalMovement(i) and AI(i)MP,LPtrunk

:

Statistical analysis
All statistical analyses were performed in R (version 
4.0.4, 2021). Functional Data Analysis [19, 20], a frame-
work of statistical techniques dealing with data sampled 
from continuous curves, has been applied to demon-
strate the H1 and H2 hypotheses set in Sect. 1. Specifi-
cally, functional linear models were used to describe the 
relation between: the (scalar) response variables, repre-
sented by the clinical assessments (i.e., AIMS total, IMP 
total without the adaptation domain, IMP symmetry, 
IMP variance, IMP fluency, IMP performance); and the 
predictors, (i.e.AIMPtrunk , AILPtrunk,AIMP,LPtrunk and Total 
Movement) represented as curves. A single functional 
linear model includes one response variable and all the 
predictors. Predictor curves have been aligned (regis-
tered) in such a way that the beginning of each training 
is the same for every subject, considering the start of the 
training day. Only epochs where data from all subjects 
are available were kept, i.e., 190 time points are used for 
statistical modeling.

We estimated two functional linear models: (1) with 
functional predictors AIMPtrunk , and AILPtrunk , and 
the scalar clinical covariates (namely assessment age, 

(4)

AI(i)handtrunk =
sumi(AIXhand)− sumi(AIXtrunk)

sumi(AIXhand)+ sumi(AIXtrunk)
∗ 100

(5)TotalMovement(i) = AI(i)MPtrunk
+ AI(i)LPtrunk

(6)AI(i)MP,LPtrunk
= AI(i)MPtrunk

− AI(i)LPtrunk
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neuroimaging score and the prematurity property); (2) 
with functional predictors AIMP,LPtrunk and Total Move-
ment, and the same scalar clinical covariates as before. 
The two models are used to investigate the quality and 
the amount of the association between the clinical assess-
ment scores and the arms movements asymmetry and 
magnitude.

Single p-values relative to functional predictors have 
been obtained by computing the ANOVA table compar-
ing the models with and without the predictor. The fit of 
models was measured by  R2, and significance was set for 
p < 0.05.

H1 was tested by determining the significance of each 
functional predictors regarding each clinical outcome; 
H2 was examined first by defining the significance and 
the fit of the overall models, then by validating their pre-
dictive accuracy through leave-one-out cross validation, 
providing the resulting Mean Absolute Error (MAE) and 
Mean Absolute Percentage Error (MAPE).

Results
Figure 3 reports the temporal trend of upper limbs activ-
ity compared to the trunk of one infant born at term, 
classified as class 2 severity across the first period of 
CT-R training performed at the age of 38 months.

In Figs.  4 and 5 we reported the moving averages of 
infants clustered by who reported low and high IMP 
symmetry scores as an example. It is evident in Fig. 4 how 
infants with inferior scores tend to use both the MP and 
LP arm less in respect to infants with higher IMP symme-
try: the former intensify their arms usage over the period, 
while the latter maintain a stable upper limb usage, as 

confirmed by the total movement graphs in Fig.  5. Dif-
ferences between the MP and LP arm use represented in 
Fig. 4 by the AI(i)MP,LPtrunk

 means are wider and unsta-
ble in the case of low scores in respect to infants which 
achieved higher scores in the symmetry domain.

The results provided by the statistical analysis are pre-
sented according to hypotheses H1 and H2, and then 
summarized in Tables 2 and 3.

Regarding H1, scores of clinical assessments at base-
line showing significant relation with accelerometric data 
were mainly AIMS total and IMP symmetry, performance 
and total. Such relations were, however, different in qual-
ity and quantity. AIMS total was significantly with all the 
functional predictors (p < 0.01). IMP symmetry is signifi-
cantly associated with AIMP,LPtrunk (p < 0.05) , while the 
domain IMP performance was correlated significantly to 
AIMP,LPtrunk and to both AIMPtrunkand AILPtrunk (p < 0.05) . 
The IMP total showed a solid connection to all the accel-
erations variables, reaching higher significances for 
AIMP,LPtrunk , AIMPtrunkand AILPtrunk (p < 0.01) . The IMP 
variability and IMP fluency have not shown any relation 
to the accelerometers data.

Focusing on H2, except for the IMP fluency domain, 
all the overall models were significant in determining 
the clinical scale outcomes. Both AIMS total models 
were highly significant, especially in case of AIMPtrunkand 
AILPtrunk as predictors (Adjusted  R2 = 0.99, F(13,3) = 234.9, 
p < 0.001) with an evident correlation to the neuroimag-
ing score and the prematurity property (p < 0.01) clini-
cal data. The models were significant even in case of 
IMP variability outcome, primarily due to the neuroim-
aging score (p < 0.05) especially in case of AIMPtrunkand 

Fig. 3 Longitudinal data of one subject’s arms: Longitudinal data of upper limbs movements in respect to the trunk of an infant born at term and 
classified as a class 2 severity across the first period of CT-R Training performed at the age of 38 months
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AILPtrunkpredictors (Adjusted  R2 = 0.91, F(13,3) = 13.09, 
p < 0.05). On the contrary, the IMP symmetry model was 
significant thanks to the AIMP,LPtrunk influence (Adjusted 
 R2 = 0.91, F(13,3) = 8.38, p < 0.05). Both the IMP per-
formance models were considered valid, with higher fit 

and significance showed in case of using the AIMPtrunk

and AILPtrunkpredictors combination (Adjusted  R2 = 0.95, 
F(13,3) = 11.66, p < 0.05) with a significant contribution 
given by the prematurity information (p < 0.05). Lastly, 

Fig. 4 More preferred and Less Preferred hand predictors trend based on IMP symmetry scores. Moving averages (solid blue lines) and standard 
deviation (grey areas) ofAIMPtrunk

and AILPtrunk predictors versus time reported for infants with high and low IMP symmetry scores
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IMP total models were highly significant for both the 
AIMP,LPtrunk and Total Movement (Adjusted  R2 = 0.98, 
F(13,3) = 49.71, p < 0.01) and AIMPtrunkand AILPtrunkpre-
dictors (Adjusted  R2 = 0.98, F(13,3) = 60.97, p < 0.01). In 
particular, all the clinical data concurred significantly in 

the determination of this last model. Neither one of the 
IMP fluency models showed any significance.

The models with AIMS and IMP total as outcomes 
reached a low mean error validation for both the predic-
tors combinations (MAPE < 10%). The error associated 

Fig. 5 Hand asymmetry and total movement predictor trends based on IMP symmetry scores: Moving averages (solid blue lines) and standard 
deviation (grey areas) of AIMP,LPtrunkand Total Movement versus time reported for infants with high and low IMP symmetry scores
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with IMP variability was lower in case of AIMPtrunk 
plus AILPtrunk predictor combination (MAPE < 15%), 
while IMP symmetry and IMP fluency showed lower 
accuracies.

Discussion
In the last years, few works aimed at detecting non-typ-
ical motor development in infants in an automatic way, 
based on accelerometric features in accordance with the 
results obtained with validated clinical tools [21–23]. 
Airaksinen et  al. [24] trained a deep learning algorithm 
to determine a novel scale, the Baba Infant Motor Score 
(BIMS), starting from the data obtained by the MAIJU 
wearable system; the predicted BIMS scores showed 
a significant linear correlation with the AIMS scores 
(r = 0.83, p < 0.01). To our knowledge, this is one of the 

first works that aim to find a correlation between the 
AIMS and the IMP clinical scales with accelerometric 
data (H1) and to create a model that can predict granu-
larly these clinical assessments by implementing objec-
tive data (H2).

As shown in the results section, the prediction of the 
AIMS outcome (i.e., a general measurement of infants’ 
gross-motor abilities), is statistically significant while 
considering the arms difference movement and their 
total movement as predictors, respectively. The most 
significant model that predicts the AIMS outcome 
is generated by combining the MP hand movements 
with the LP ones. In this model, even the contribution 
of the brain injury severity and prematurity is signifi-
cant. As clinically expected, the correlation between 
the AIMS and the severity of brain injury is negative 

Table 2 Resume of functional linear modeling from AIMP,LPtrunk plus Total Movement predictors combination

Significances are reported as *p < 0.05, **p < 0.01, ***p < 0.001

Model outcome Covariate and predictors Coefficient p‑value Overallp‑value Adjusted  R2 MAE MAPE (%)

AIMS Assessment age − 0.02 0.827 0.001** 0.99 1.02 8.74

Neuroimaging score − 1.44 0.031*

Prematurity − 1.77 0.019*

 AIMP,LPtrunk – 0.002**

 Total movement – 0.009**

IMP variability Assessment age − 1.01 0.169 0.034* 0.9 8.96 14.55

Neuroimaging score − 6.84 0.056

Prematurity − 1.89 0.468

 AIMP,LPtrunk – 0.143

 Total movement – 0.064

IMP symmetry Assessment age 2.38 0.139 0.044* 0.88 16.99 21.43

Neuroimaging score − 11.8 0.091

Prematurity 13.45 0.069

 AIMP,LPtrunk – 0.039*

 Total movement – 0.154

IMP fluency Assessment age 2.1 0.466 0.784 − 0.5 42 62.25

Neuroimaging score 3.48 0.754

Prematurity 6.95 0.546

 AIMP,LPtrunk – 0.763

 Total movement – 0.9

IMP performance Assessment age 0.05 0.936 0.033* 0.9 10.6 24.74

Neuroimaging score 2.53 0.388

Prematurity − 7.26 0.064

 AIMP,LPtrunk – 0.041*

 Total movement – 0.061

IMPtotal Assessment age 0.88 0.040* 0.004** 0.98 4.07 6.29

Neuroimaging score − 3.16 0.054

Prematurity 2.816 0.072

 AIMP,LPtrunk – 0.006**

 Total Movement – 0.012*
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for both the presented models, asserting that infants 
with more severe damage are likely to have lower AIMS 
scores compared to the ones with no lesion. However, 
the models also state that the correlation between the 
outcome and the term/preterm infants is negative, thus 
preterm infants should have higher AIMS scores with 
respect to infants born at full-term. This statement is in 
contrast with the clinical experience, but these results 
could be influenced by the fact that all full-term infants 
enrolled in this study report more severe brain damage 
compared to the preterm ones. Lastly, the assessment 
age covariate is not significant for none of the models.

Regarding the IMP scale as outcome (i.e., evaluation of 
spontaneous motor behaviour), we analyzed each of its 
domains (i.e., variation, symmetry, performance, fluency, 
and total scores). Overall, our findings show statistical 

significance within almost all domains except for the flu-
ency one. Indeed, the models which consider the IMP 
fluency denote a lack of correspondence between the 
infant’s motor fluency and the indexes based on the arms 
accelerations; conversely, the IMP variation domain pre-
sents total models statistically significant for both the 
predictors combination, but it is only the brain injury 
severity covariate that has a significant impact in the 
determination of the outcome for both the models. These 
results suggest that the IMP variation scores are strongly 
connected with only the infant’s brain lesion severity and 
not with the temporal trend of the acceleration data.

Instead, concerning IMP symmetry, performance and 
IMP total score (without the adaptability domain) as 
outcome, we can notice correlations of the global model 
when the movement difference is combined with the 

Table 3 Resume of functional linear modeling from AIMPtrunk
 plus AILPtrunk predictors combination.

Significances are reported as *p < 0.05, **p < 0.01, ***p < 0.001

Model outcome Covariate and predictors Coefficient p‑value Overallp‑value Adjusted  R2 MAE MAPE (%)

AIMS Assessment age − 0.14 0.145 0.001** 0.99 0.83 8.39

Neuroimaging score − 1.48 0.008**

Prematurity − 2.11 0.004**

 AIMPtrunk
– <0.001***

 AILPtrunk – 0.001**

IMP variability Assessment age − 1.10 0.166 0.034* 0.9 7.36 11.86

Neuroimaging score − 7.03 0.039*

Prematurity − 1.90 0.46

 AIMPtrunk
– 0.102

 AILPtrunk – 0.118

IMP symmetry Assessment age 2.85 0.191 0.044* 0.88 23.9 30.17

Neuroimaging score − 10.30 0.163

Prematurity 14.40 0.106

 AIMPtrunk
– 0.068

 AILPtrunk – 0.085

IMP fluency Assessment age 2.63 0.427 0.784 − 0.5 42.97 63.09

Neuroimaging score 3.15 0.762

Prematurity 8.28 0.493

 AIMPtrunk
– 0.763

 AILPtrunk – 0.77

IMP performance Assessment age − 0.28 0.598 0.033* 0.9 7.2 16.82

Neuroimaging score 2.23 0.251

Prematurity − 8.17 0.019*

 AIMPtrunk
– 0.015*

 AILPtrunk – 0.013*

IMP total Assessment age 1.02 0.030* 0.004** 0.98 3.45 5.37

Neuroimaging score − 2.99 0.041*

Prematurity 3.15 0.049*

 AIMPtrunk
– 0.004**

 AILPtrunk – 0.004**
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total movement. For all three outcomes, arms movement 
difference is determinant to the significance of the model 
with respect to the total movement predictor and the 
clinical covariates. However, the IMP performance model 
shows further significance when single upper limb move-
ments were considered along with the term-preterm 
covariance, whose coefficient shows a negative correla-
tion. IMP fluency, however, presents a negative fit that 
implies a strong discordance between both the single arm 
movement magnitudes and their combination.

Statistical models also showed good accuracy in case of 
outcome AIMS e IMP total, providing clear indication for 
robust predictive performance.

Based on all these findings, we demonstrated that:

H1 There is a significant correlation between the accel-
erometric data during CT-R play and the clinical assess-
ment scores at baseline. This is particularly evident for 
the AIMS and the IMP total, as given by the general sta-
tistical significance assessed by the predictors p-values;

H2 It can be generated a model that permits to estimate 
the outcome (i.e. clinical assessment scores) automati-
cally from the quantitative accelerometric data combined 
with baseline clinical data, such as the infants’ corrected 
age, prematurity and severity of brain lesion. This is true 
for all the considered clinical scales, apart from the IMP 
Fluency domain, as confirmed by the overall significance 
of p-values. The validation results state that for the AIMS 
and the IMP total clinical scales the models could already 
be assessed by the presented models. On the contrary, for 
the other scores and, in particular, for the IMP Fluency 
domain, more subjects are necessary in order to provide 
a robust model that can be used in the clinical reality.

In addition, we are able to draw the following consid-
erations: (1) a general significant association between 
the acceleration data and the investigated clinical assess-
ments occurs, confirming that wearable sensors are able 
to recognize infants’ motor impairments, quantified by 
the clinical scales; (2) our approach is able to discern an 
asymmetry (given by the difference between the arms 
movement) by correlating the sensors’ data with a vali-
dated clinical assessment, suggesting that is possible to 
rely solely on the sensor data with respect to the stud-
ied clinical evaluations (in particular, the brain dam-
age severity); (3) the negative correlation between brain 
injury and model outcome means that higher clinical 
scores correspond to a minor severity, as confirmed by 
the clinical experience, while the negative correlation 
between prematurity and model outcome is in con-
trast with the clinical experience, as reported in [25]; (4) 
according to [26] the weight curves have an interesting 

significance because they could help to determine certain 
periods that are more influential in the determination of 
the model outcome.

Finally, the resulting models provided in this paper can 
be considered one of the first steps for providing diag-
nostic decision support tools in the infant rehabilitation 
framework that can aid the clinician staff in determining 
upper limbs motor abilities with more accuracy basing on 
the objective data coming from the accelerometers. In a 
tele-rehabilitation approach, the models proposed could 
allow the constant monitoring of the child’s motor abili-
ties while he\she plays across the entire training period.

Although the results collected so far are encouraging, 
we are aware of some relevant limitations that still pre-
vent a general applicability of this work. Firstly, we had 
too few data to claim a full validation of the presented 
models and there is also a high variability in the clinical 
assessments among infants. Moreover, there was not a 
control group to make a comparison between the typi-
cal and atypical developmental infants’ behavior. Lastly, 
these data were recorded while the infants were perform-
ing different kinds of goal-directed activities, not tempo-
rally correlated among them. In other words, in a certain 
minute, two different infants were likely performing 
two different activities. This is coming as a direct conse-
quence of the foundation of the CT-R idea, which is to 
provide each infant with the best personal and tailor-
suited playtime activities for giving them their appropri-
ate developmental needs. Thus, this intrinsic limitation 
may be also considered the great power of the proposed 
model: no matter what game is played or what movement 
is executed, the use of the simple accelerometers could 
still predict a valid outcome.

Conclusions
The main goal of our work was to propose a novel tech-
nique to combine the use of acceleration sensors and a 
statistical analysis method by exploring the relation 
between temporal data sequences and the clinical assess-
ment. To date, no works proposed the use of simple 
accelerometers for studying infants’ motor assessment 
and development in an ecological unstructured environ-
ment, such as the CT-R. In this framework, the infants, 
wearing non-invasive tri-axial accelerometers on each 
wrist and on the trunk, were able to play without con-
straints while the sensors recorded their upper limbs and 
trunk movements without any external help.

Future works will focus on the enrolment of a higher 
number of infants to create a robust dataset in order to 
fully validate the proposed data analysis and determine 
the clinical assessment score in an ecological unstruc-
tured environment (i.e. at home). Moreover, from a 
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tele-rehabilitation perspective, a new device could be 
developed to save and transfer data wirelessly to a secure 
server for the clinicians and the rehabilitative staff use. 
In this way, the monitoring of the infants’ motor behav-
ior would be constant and easy to check every time 
and in every place by means of a portable device, like a 
smartphone.
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