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Abstract

Children with Unilateral Cerebral Palsy (UCP) often experience reduced spontaneous use
of the non-dominant upper limb in daily life. Traditional clinical assessments, such as the
Assisting Hand Assessment (AHA), provide valuable but clinical-environment-related and
thus episodic measures of functional performance in structured settings. There remains a
critical need for tools that enable continuous, ecologically valid, and objective monitoring
of upper limb activity in real-world environments. In this study, we introduce the Daily
AHA Biomarker (DAB), a novel digital biomarker derived from wearable sensor data,
designed to estimate AHA scores based on spontaneous motor behavior. The DAB is
intended to be used in clinical practice to monitor the movement of the upper extremities
of subjects with UCP in their naturalistic environments. Using bilateral wrist-worn ac-
celerometers, we collected multiday time-series data from 80 children (54 with UCP and
26 with Typical Development). Our Machine Learning pipeline combines time-series clas-
sification and regression to predict AHA scores from unstructured, daily living-recorded
data. The final DAB indicator showed high predictive accuracy (R? = 0.709) and a strong
correlation with the clinical AHA score and the Manual Ability Classification System
(MACS) level.

Keywords Ensemble methods - Digital biomarker - Upper limb - Monitoring daily life
activities - Unilateral cerebral palsy - Children

1 Introduction

Unilateral Cerebral Palsy (UCP) is the most common form of Cerebral Palsy (CP), account-
ing for approximately one-third of all cases (Himmelmann et al., 2018). It is character-
ized by motor impairments predominantly affecting one side of the body, often resulting
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in limited spontaneous use of the non-dominant upper limb. These limitations can signifi-
cantly impact children’s autonomy in daily life activities and overall quality of life. As such,
evaluating and monitoring upper limb function is a central goal for providing personalized
pediatric neurorehabilitation.

Traditional assessment tools, such as the Assisting Hand Assessment (AHA, Krumlinde-
Sundholm and Eliasson 2003) and Melbourne Assessment 2 (MA-2, Randall 1999), provide
validated and standardized measures of the non-dominant hand and arm use during biman-
ual tasks as well as their individual use, respectively. However, these tools are typically
administered in controlled clinical settings and offer only a snapshot of the child’s func-
tional abilities. This can reduce the measurement of spontaneous and context-dependent
behaviors, which, if reliable, can be better indicators of real-world functioning. On the other
hand, daily life assessment is typically described with functioning classification metrics
such as the Manual Ability Classification System (MACS) (Eliasson et al., 2006), which
outlines children’s independence in daily life activities, and by parent-reported question-
naires, making these measures inherently subjective.

Recent advances in wearable sensor technology, particularly the use of wrist-worn accel-
erometers, have enabled quantitative continuous, non-invasive movement monitoring in
naturalistic environments such as at home or school. These technologies have the potential
to extend the assessment beyond the clinic and into everyday life. Several studies have
shown correlations between sensor-derived metrics (e.g., asymmetry indexes, movement,
intensity) and clinical scores such as the AHA or MA-2; however, most of these studies rely
on linear statistical analyses, focus on structured tasks or limited monitoring periods, and
stop short of developing predictive models.

At the same time, Machine Learning (ML) techniques have been increasingly applied to
time series data from wearable devices, most commonly for activity recognition or energy
expenditure estimation (Sabry et al., 2022). Although valuable, these approaches rarely tar-
get clinically meaningful outcomes, especially in children with motor impairments, and are
often limited to the classification of general activity types rather than functional assessments.

In this study, we address these gaps by introducing a novel digital biomarker, the Daily
AHA Biomarker (DAB), designed to estimate AHA scores from accelerometer data col-
lected during everyday activities. Our ML pipeline transforms time-series data from bilat-
eral wrist sensors into an interpretable indicator that is aligned with standard AHA scoring.
The pipeline combines time series classification, aggregation of model outputs, and regres-
sion to predict AHA values in an ecologically valid and personalized manner.

By bridging the gap between wearable sensing, machine learning, and clinical neurore-
habilitation, this work aims to support clinicians with tools for remote, continuous monitor-
ing and outcome tracking, paving the way for more adaptive and individualized care for
patients with UCP.

Overall, the main contributions of this work are as follows: we introduce the DAB, a
novel digital indicator derived from wearable actigraph data that provides an ecologically
valid estimate of AHA scores and enables continuous monitoring of upper limb use in chil-
dren with UCP. To support this, we design a machine learning pipeline specifically tailored
for time-series accelerometer data, combining classification, clustering, and regression
models to handle multiday, noisy signals and accurately predict clinically meaningful out-
comes. Furthermore, we present a unique dataset that integrates clinical AHA evaluations,
MACS classifications, and one of the largest collections of bilateral actigraph recordings
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in children with UCP and typically developing peers, gathered in both clinical and real-life
settings. Finally, we propose a clinically interpretable framework for remote and scalable
monitoring, demonstrating that wearable-sensor-based ML models can provide robust and
actionable insights to support personalized rehabilitation strategies and the integration of
digital biomarkers into pediatric neurorehabilitation practice.

The rest of the paper is organised as follows: Sect. 2 reviews the existing literature on
wearable sensors and machine learning applications for upper limb monitoring in children.
Section 3 details the methodology employed to develop the DAB, including participant
recruitment, data preprocessing, and machine learning models. Section 4 presents the exper-
imental results, while Sect. 5 provides a critical discussion of the findings and their clinical
implications, highlighting the main differences with other studies available in the literature
on the topic. Finally, Sect. 6 concludes the paper and outlines directions for future work. For
the sake of clarity, in Table 1 we report a glossary of all acronyms used in the paper.

2 Background

This section outlines the existing literature and research work relevant to the topic addressed
in this paper. Our goal is to contextualize the current state of the field, identify the key
developments, and summarize the main methodological approaches and perspectives that
have shaped the field thus far. This background is intended to establish the conceptual and
technical groundwork for understanding the motivation, the relevance and positioning of
our study. A direct comparison between the aspects of the existing literature most pertinent
to our contributions and the novel elements introduced in this work is deferred to Sect. 5
(please refer to Tables 2, 3 and 4 for a synthetic overview of the main works in the literature
related to our study.)

Table 1 Glossary of acronyms Acronym Full term
CP Cerebral Palsy
ucCp Unilateral Cerebral Palsy
AHA Assisting Hand Assessment
MA-2 Melbourne Assessment 2
MACS Manual Ability Classification System
ML Machine Learning
DAB Daily AHA Biomarker
MU Inertial Measurement Unit
Al Asymmetry Index
TD Typical Development
AC Activity Counts
D Dominant
ND Non Dominant
TS Time Series
MVS Mean Validation Score
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Table 2 ML approaches in literature (part I)

Methodology

Results

Reference Objective

Ahmadi et al.  Assessment of physi-

(2020a) cal activities (PA) in
children with CP

Ruch et al. Hip and wrist sensors

(2011) to recognize the mode

of children’s PA in free-
living conditions

de Vries et al. Hip and wrist sensors

(2011) to classify children’s PA
type (8 types)
Trost et al. Classification of five PA
(2012) types, in a lab setting
Ahmadi et al. Energy expenditure
(2020b) estimation in free-living
scenarios, using hip and
wrist accelerometers
Ahmadi et al. PA classification in lab
(2020d) using raw data from a
single accelerometer
placed at the hip
Chowdhury et Energy expenditure pre-
al. (2018) diction with wearable

on wrist and hip (quite
restricted population
of 8 children), in a lab
scenario

Random Forest to classify
activities (out of three)
using accelerometer at
wrist, hip, and ankle and
their combination

Tested different models:
k-Nearest Neighbor (best
single classifier overall),
Normal Density Dis-
criminant Function, Custom
Decision Tree, Majority
Vote (meta-classifier)

Four Artificial Neural Net-
work classification models,
based on feed-forward
network

Feed-forward neural net-
works with a single hidden
layer

Random Forest, Feed-
forward neural network,
Support Vector Machine,
Logistic Regression

Random Forest and Logis-
tic Regression

Convolutional Neural Net-
work, various conventional
supervised ML (such as
Multiple Linear Regres-
sion, SVM), Simplified
Regression

In lab settings, the models had ac-
curacy above 78%; in simulated
free-living scenario, accuracy
dropped ranging from 51% to
61.5%

The procedure was able to clas-
sify 90% of stationary activities,
83% of walking, 81% of running
and 61% of jumping activities
(overall recognition rate of 67%
when combining classifiers)

Overall accuracy between 57%
and 76%

Overall accuracy: 81.3% (10 s
window) to 88.4% (60 s window),
depending on the kind of activity

RMSE (Root Mean Square
Error) range: 0.58-0.73 kcals/
min (0.92-1.15 METs, Metabolic
Equivalent of Task), and MAPE
(Mean Absolute Percent Error)
range: 25%-36%

Random Forest overall accu-
racy: 95.7% and overall F-score:
95.8%; Logistic Regression over-
all accuracy: 94.3% and overall
F-score: 94.6%

Accuracy in terms of RMSE
(kcal/min): CNN 0.54-0.66,
Conventional ML 0.55-0.62,
Simplified Regression 0.82—-0.89

2.1 Introduction to the Problem

The assessment of motor function in children with CP has traditionally relied on certain
standardized measures, such as the semi-structured AHA (Krumlinde-Sundholm & Eliasson,
2003) or MA-2 (Randall, 1999), which are more widely adopted for evaluating movement
in clinical practice (da Silva et al., 2022). Although widely used and clinically validated,
these scales are time-consuming, require trained raters, and are subject to inter- and intra-
rater variability, which limits their feasibility for frequent or continuous monitoring. As a
result, there has been a growing interest in the development of digital technologies capable
of providing objective, reproducible, and scalable measures of movement. In particular,
wearable sensors, when combined with ML techniques, have significantly enhanced quan-
titative movement analysis. These improvements have increased the amount of meaningful
information that can be extracted from wearable devices; consequently, ML have emerged
as a promising tools for deriving new digital biomarkers that could complement traditional
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Table 3 ML approaches in literature (part II)

Reference

Objective

Methodology

Results

Zheng et al.
(2013)

Coyle-Asbil et
al. (2024)

Trost et al.
(2016)

Mathew et al.
(2024)

Chowdhury et
al. (2017)

Activity Recognition (out
of 7) with accelerometer
(hip or wrist), in a con-
trolled environment

Energy expenditure predic-
tion in semi-structured fa-
miliar environments using
triaxial accelerometers
from different brands

Energy expenditure in chil-
dren with CP in lab setting.
with accelerometer (hip)

Measuring functional hand
use of children with UCP
in a semi-structured play
and clinical tasks, wearing
dual wrist-worn acceler-
ometers (using activity
counts)

Test whether ensemble
machine learning methods
improve recognition of PA
from wrist accelerometer
data compared to single
classifiers

SVM ensemble, Single SVM,
Feed-forward with 1 hidden
layer, 1-Nearest Neighbor with
Euclidean (EUC) or Dynamic
Time Warping (DTW)

CNNs, Linear Regression,

Random Forest (RF), Fully Con-
nected Neural Network (FCNN)

Decision Tree (DT) models

Random Forest, k-Nearest
Neighbor, Support Vector Ma-

chine. Video-labelled functional

ANNSs performed reason-
ably well, but below
SVM. Accuracy: 94% for
hip, 89% for wrist

CNN s consistently had
lowest RMSE values,
improving over the other
models, on the internal
dataset, demonstrating
the benefit of automated
feature learning; howev-
er, it failed to generalize
well across populations
and accelerometer brands
Overall accuracy: about
80% across impairment
levels

Random Forest was the
best performer, with an
F1 score of about 0.8

vs. non-functional hand use was

used as ground truth

Single classifiers: Binary
Decision Tree, KNN, SVM,

ANN; Conventional ensembles:
Bagging, Boosting (Adaboost),

Random Forest; Custom en-
semble: Combined BDT, kNN,
SVM, ANN using three fusion

rules (Weighted Majority Voting
- WMV, Naive Bayes, Behaviour

Knowledge Space)

Ensemble methods
outperformed single clas-
sifiers across all tested
datasets. Random Forest
is a reliable conven-
tional method. Custom
ensemble (WMYV fusion)
achieved the highest
recognition accuracy
overall

Table 4 ML approaches in literature (part I11I)

Reference Objective Methodology Results
Ahmadi and Compares the accuracy of PA intensity = Random Forest Hip RF classifier overall
Trost (2022)  predictions for preschool children in classifiers trained accuracy: 81%, Wrist RF
a free living scenario, provided by separately for classifier overall accuracy:
already published ML classification hip and wrist 75%
models. Accelerometers worn on hip placements
and non-dominant wrist
Goodlichet  Classification of six standardized tasks  Decision Tree, Single-sensor models: 59%—
al. (2020) for children with CP in a controlled Random Forest, 79% (Best = Wrist RF), Hip/

laboratory environment. Accelerom-
eters placed on wrist, hip, thigh

and Support Vec-
tor Machine

Thigh alone: 62-66%. Two-
sensor models: 75%-92%
(Best = Wrist + Hip RF),
Wrist + Thigh 88-90%, Hip
+ Thigh 75%. Three-sensor
models: 88%-90% (Best =
SVM, RF 88%)
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clinical evaluations for CP and enabling long-term monitoring in daily life contexts (Idri et
al., 2018).

2.2 Wearable Sensors in Children: From Traditional Metrics to Advanced Analysis

Accelerometers and, more generally, inertial measurement units (IMUs) are currently the
most widely used sensors for assessment of movement in children . A large body of litera-
ture focuses on the use of wearable technologies to monitor physical activity in both chil-
dren with Typical Development (TD) (Au et al., 2024; Sousa et al., 2023), and those with
neurodevelopmental conditions (Gonzalez Barral & Servais, 2025). Concerning the studies
related to the CP, most of them were conducted in a controlled environment (Ahmadi et al.,
2018, 2020a; Beani et al., 2019) with respect to home-based monitoring. In fact, a part of
the literature explores the integration of sensor-derived metrics with clinical assessments
in children, attempting to establish a direct link between wearables’ parameters, obtained
from upper limb movements, and standardized clinical assessment scores (Braito et al.,
2018). For instance, Beani et al. first investigated the use of two ActiGraph wGT3X (one
for each wrist) during the AHA in subjects with TD and with UCP. By using a novel index,
the Asymmetry Index (Al), the authors demonstrated that accelerometry is a valid tool for
measuring the asymmetry in the use of dominant and non-dominant hands in clinics (Beani
et al., 2019) and home settings (Beani et al., 2025), as expected from the clinical score.
Likewise, Burgess et al. (2024), evaluated the validity of ActiGraph wGT3X during the
assessment with the Both Hands Assessment (BoHA, Elvrum et al., 2018) as a tool for
measuring upper limb movement for children with bilateral CP. Once again, the hypothesis
of a relationship between the BoHA clinical score and the technological Asymmetry Index
has been tested. In Hoyt et al. (2020) an index reflecting the intensity and frequency of
movement was analytically calculated and compared with each participant’s MA-2 scores to
assess real-world activity. These metrics offered a first step towards objective quantification
of motor behavior and were relatively easy to compute and interpret. However, they often
lacked sensitivity in capturing the complexity of movement quality, and their predictive
capacity compared to functional outcomes was limited. Moreover, such features typically
relied on arbitrary thresholds or simplified assumptions, thus restricting their generalizabil-
ity across different populations and clinical conditions. Furthermore, the large amounts of
raw data produced by these devices are not directly interpretable by clinicians, highlighting
the need for advanced computational techniques to extract clinically meaningful features.
In this scenario, data analysis becomes a significant challenge. While wearables offer a key
advantage for medium- and long-term monitoring, they also generate large volumes of data
that require advanced processing techniques—beyond the classical statistical methods used
in previously cited studies. Indeed, traditional data analysis methods do not scale well when
datasets grow in size and complexity; in addition, difficulties can occur when dealing with
multidimensional time-series data, namely continuous streams of signals from X, ¥, and Z
axes. These limitations paved the way for more sophisticated analytical methods based on
ML.
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2.3 Machine Learning Approaches for Movement Analysis in Children

In recent years, ML and deep learning algorithms have been increasingly applied to accel-
erometer and IMU data to automatically identify relevant movement patterns and classify
motor and physical activity. Physical activity is a broad umbrella term that includes measur-
ing how much, how often, and how intense a child’s physical activity is. Works in this area
focused on developing classification models to distinguish between types of physical activi-
ties in children or to predict the related energy expenditure (Ahmadi et al., 2020a, 2020b,
2020c, 2020d, 2020e; de Vries et al., 2011; Ruch et al., 2011; Trost et al., 2012). The grow-
ing interest in estimating energy expenditure is seen in works such as Zheng et al. (2013),
Ahmadi et al. (2020e), Coyle-Asbil et al. (2024), which aimed to model metabolic intensity
using accelerometry and supervised algorithms. Other studies addressed free-living activity
recognition and modelling under more ecologically valid conditions: for instance, Chow-
dhury et al. (2018) investigated deep learning and ensemble methods to classify diverse
real-world movements in young children. Compared to rule-based approaches, ML methods
can capture complex, non-linear relationships in the data and thus provide richer representa-
tions of motor function. Closest to our study, Ahmadi et al. (2020a) and Trost et al. (2016)
designed and tested classification models that account for atypical movement profiles, while
Mathew et al. (2024) and Letts et al. (2024) emphasized diverse cohorts and the importance
of inclusive dataset development for training robust models. In this context, the research-
ers have explored a wide variety of computational models, Random Forest (RF), Support
Vector Machine (SVM), Feed-Forward Networks classifiers (Ahmadi et al., 2020a, 2020b,
2020c, 2020d; Letts et al., 2024; Trost et al., 2016) or ensemble learning algorithms (Chow-
dhury et al., 2017) to improve physical activity recognition accuracy compared to the single
classifier algorithms. Pattern recognition techniques on upper-arm data were also employed
to identify activity categories (Ruch et al., 2011). Artificial Neural Networks (ANNs) were
also used to model nonlinear patterns in children’s movements (de Vries et al., 2011; Trost
et al., 2012). Overall, these studies span a broad range of pediatric populations, from tod-
dlers to adolescents, as well as children with motor impairments. Many early and mid-stage
works, including de Vries et al. (2011), Trost et al. (2012), and Zheng et al. (2013), recruited
school-aged children, typically between 5 and 15 years. These cohorts often participated in
structured activity protocols such as walking, running, and stair climbing. A growing num-
ber of studies target preschool-aged children (3—5 years), recognizing that movement pat-
terns in this group are highly variable and unstructured. Notable examples include (Ahmadi
etal., 2020b, 2020c, 2020e; Chowdhury et al., 2018; Coyle-Asbil et al., 2024). These studies
often feature play-based or semi-free-living tasks to better simulate real-world behaviors.
From this overview, it emerges that wearable sensors are a powerful means to objec-
tively characterize motor function beyond what can be observed in clinical assessments,
but very few studies in the literature focus in the monitoring of a children population at
home, and that the development of predictive digital biomarkers, derived through advanced
ML techniques, correlating with established clinical scales, such as the AHA, remains an
underexplored area. Despite advancements in wearable sensing and ML-based movement
analysis, critical gaps remain. To the best of our knowledge, no prior work has specifically
investigated the spontaneous movement of children in their natural daily environments, for
more than 2 days, using wearable sensors and ML techniques. The development of such
a digital biomarker could serve as a powerful tool to quantify the spontaneous behaviour
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continuously and in a naturalistic environment. Based on the previous experiences on Acti-
graph validation compared with clinical scores, our study aims to develop an ML-based
framework to analyze long-term movement data and derive a digital biomarker, the DAB,
that provides information on children’s spontaneous movement and predicts clinical scores.

3 Methodology

The overall goal of this study is to define the DAB, a new digital biomarker that correlates
the clinical assessment of the upper limb use of a subject with his/her behavior in a daily
life environment, thus monitoring the children also in a non-clinical environment, providing
a score that can be compared to then subject AHA score. For this, we collected Actigraph
time series data from 80 children, in both clinical and home settings. At the time of clinical
data collection, the children were evaluated with the AHA test (see Sect. 3.1). Using the data
collected in the clinical setting, we trained a series of ML models suitable for time series
data that can classify children into TD or UCP groups, based on fixed-sized windows from
their actigraph data. The models with the highest performance were then applied to all the
data collected in the home setting, computing, for each child and each model, the fraction of
fixed-size windows classified as TD. The fractions from all models were then employed to
estimate the AHA score of each child, using linear regression. The prediction of the regres-
sor constitutes the novel DAB score, which can be applied to windows of different sizes of
the time series data. We apply this to the data collected in the home setting, using overlap-
ping 6-hour windows, to monitor children in their naturalistic environment.! Figure 1 shows
a graphical representation of the entire methodology, while the rest of this section provides
detailed descriptions for each step.

3.1 Participants and Data Acquisition Setup

The study involved 80 children, including 26 children with TD and 54 with UCP, with mean
ages and standard deviation of 10.28 + 4.3 years and 10.86 + 4.1 years, respectively. Chil-
dren with UCP were recruited among the patients of the Stella Maris Clinic while children
with TD participated on a voluntary basis .2 Data were collected using actigraph acceler-
ometers (WGT3X-BT Monitor, ActiGraph, Florida, FL, model 7164; 4.6 cm x 3.3 cm x 1.5
cm, 19 g, Firmware v1.8.0) worn on both wrists. All subjects were first evaluated during the
AHA clinical evaluation session, after which they were instructed to wear the actigraph sen-
sors as much as possible for the next week. The single activity monitor consists of a tri-axis
accelerometer with a dynamic range of 8 g, able to accurately detect the accelerations asso-
ciated with upper arm movement. The sampling rate of the acceleration signals was set at
80 Hz and the data were stored locally into non-volatile flash memory, in gravitational units
(i.e., 1 gis equal to the Earth standard gravitational unit). At the end of the acquisition, we
had data recorded in a clinical setting during AHA, and in a home setting during the week.

! The entire analysis was implemented in Python and the code is available on GitHub (Filogna et al., https:/
github.com/giordanoscerra/ AInCP-ML).

2Data are publicly available at https://doi.org/10.5281/zenodo.15019553 at request. All families filled in a
written consent to participate in the study. Ethics approval was obtained from the Tuscany Paediatric Ethics
Committee, Italy (78/2016). This study was subsequently registered on clinicaltrials.gov (NCT03054441).
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Raw actigraph output consists of acceleration measured in the three dimensions. How-
ever, the ActiLife software also computes, for each dimension, an aggregated value based
on the raw accelerometer data, called Activity Counts (AC), , which is the data we consider.
We first transformed the AC data into a representable format: for each (aggregated) point in
the series, we calculated the magnitude of the 3D activity vector (Jv] = /(22 + y? + 22)),
thus obtaining two series for the Dominant (D) and Non-Dominant (ND) hand, respectively,
which can be represented in a bivariate time series. Furthermore, we computed the point-
wise Asymmetry Index (AI). This indicator represents the degree of asymmetry between the
dominant and non-dominant hand of a subject. It can take discrete values between — 100
(total limb asymmetry towards the non-dominant hand) and 100 (total limb asymmetry
towards the dominant hand) (Beani et al., 2019). The Al is the only empirical indicator that
can be computed directly from the actigraph data; in fact, it can be calculated from the data
using this formula:

Al = (UD — UND)/(UD +UND) x 100

where vp and vy p are the magnitude of the 3D activity vectors for the D and ND upper
limbs, respectively.

Besides accelerometer monitoring, subjects were also clinically described, i.e. tested
using with AHA and classified according to MACS. Subjects with TD were assigned by
convention with an AHA scores of 100 and MACS scores of 0.

3.2 Dataset

Our dataset is divided into two parts: one part is related to the AHA clinical test (called the
clinical Time Series (TS) data), while the other concerns measurements taken over the fol-
lowing days of the subjects’ daily life (called the home TS data). Although the recordings
differ in duration, each consists of multivariate time series: at every time point, the three
acceleration components (x, y, z) from each wrist are observed simultaneously. By comput-
ing the Euclidean norm of the three coordinates, we obtain one univariate time series per
wrist. Taken together, these form a bivariate time series (one for each hand).

e Clinical TS data. Data related to the AHA session vary in length according to the sub-
ject’s condition, ranging from a minimum of 11 min to a maximum of 27 min (averaging
18 min). The test is designed with age-appropriated playful activities in which objects
and toys requiring bi-manual use are presented in a semi-structured context.

e Home TS data. Each subject was recorded outside of the clinical environment for one
week. Subjects were deliberately not given clear instructions on how to behave during
this period, in order to avoid stimulating non spontaneous or unnatural movements.
Because of this, the at-home data are interesting when attempting to understand an indi-
vidual’s “true” motor activity. The immediate consequence of recording data in unstruc-
tured and free environments is, of course, the presence of high amount of noise within
the measurements, which makes the analysis of asymmetry between the two limbs less
significant and more challenging, especially among the many daily activities that do not
involve the use of both limbs. A further consequence of the subjects’ semi-independence
during the week is the decision to wear or not wear the sensors during the night, an as-
pect that proved important during the development of our study.
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Overall, at the end of the data acquisition process we have acquired, for each subject:

the clinical AHA score (i.e., 0-100),
the MACS level (i.e., 0-3),

the clinical TS data from actigraphs,
the home TS data from actigraphs.

3.3 Data Preprocessing

For preprocessing, we did not use a traditional approach focused on feature extraction from
time series data through statistical theory using averages, standard deviations, and vari-
ances. Instead, we opted to use ML models specifically designed to work with time series
(appropriately pre-processed) to maintain awareness of the environment in which we are
working. For this, some pre-processing of the time series for each patient was needed.

First, when comparing different time series, it was necessary to standardize the length
of the sessions, considering that they differ in duration. We thus divided the series into
windows of fixed length, which we will call samples. In particular, we tested samples of
300, 600, and 900 s. This was applied to both clinical TS data, which are shorter, and home
TS data. For each window, the sampling procedure checks the following: first, if a series is
not long enough, points from the beginning of the series are concatenated until the desired
length for the sample is reached. On the other hand, if the duration of a series exceeds the
desired length, it is divided into more than one sample. The “excess” is removed equally
from the beginning and the end of the series, as these moments are typically less significant.
This procedure resulted in some data loss: the samplings of 300, 600, and 900 s lost 8.5%,
23.7%, and 26.9% of the total seconds for each series, respectively. Our results are shown
with 300-second samples. Other window sizes provided similar performance, so we opted
for the size that minimises data loss.

After splitting, for each patient, we have one or more samples in the clinical TS dataset
and many samples in the home TS data. Each sample consists of two time series: one for the
dominant limb and one for the non-dominant limb. To avoid working with multivariate time
series, we then represented each sample with a single time series, resulting from a composi-
tion of the two upper limbs. In particular, we tested three composition techniques:

o Concatenation: the two series are concatenated. Specifically, the non-dominant series
follows the dominant one. This results in a time series that is twice as long.

e Difference: here, we subtracted the time series of the non-dominant hand from that
of the dominant hand, point by point. This results in a time series that represents the
difference between the magnitudes of the two hands, which can therefore also take on
negative values.

e Point-to-point AI: the Al formula has been applied to each point of the two series. As a
result, a kind of “normalized” version of the difference is obtained, which does not take
into account the individual intensities but oscillates between — 100 and 100.

Before proceeding with the ML analysis, the data was divided into frain and test datasets,

to enable out-of-sample model evaluation. The split was done at the participant level, with
data from 8 children placed in the test dataset and 72 children in the training dataset. The
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Fig. 1 Methodology. Graphical representation of the steps taken in our study, to obtain the final DAB. The
methodology employed a 10-fold cross validation procedure, the figure only shows one fold. However,
the evaluation results shown in green are averages over the 10 folds

split was stratified, so that the fraction of TD children in test and train data followed the
same distribution. We acknowledge that CP children could be different among themselves,
however further stratification based on MACS/AHA values was not attempted, due to the
limited number of subjects in our data. The procedure was repeated 10 times, resulting thus
in a 10-fold cross validation. Model performance will be reported as averages over all splits,
overcoming thus possible issues with differences between different test subsets. The same
train dataset was used to (1) build the classifier models and (2) to fit the regression model
that computes the DAB. The test data instead was used to evaluate (1) the intermediate frac-
tion of TD windows and (2) the regression performance. Please note that, as described in
the next section, building the classification models from training data consisted of a further
internal 5-fold cross-validation procedure, to tune training hyperparameters. Therefore, we
are in a nested cross-validation setting, with 10 external folds and 5 internal folds.

3.4 ML Analysis

The ML analysis consisted of two consecutive steps: we first explored various models to
classify children with TD or UCP based on their samples extracted from clinical TS data,
after which we trained a linear regressor to use the classification output to predict AHA
scores for our subjects. The sktime? (Loning et al., 2019) and scikit-learn (Pedregosa et al.,
2011) Python libraries were used for the implementation.

3 https://zenodo.org/records/15151312.
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3.4.1 Classification Models

We used ML models that take time series data as input, rather than needing to manually
compute a set of numerical features. This has the advantage that the results do not depend
on the features computed, but the models themselves extract the meaningful information
from the time series. The only necessary preprocessing is to obtain time series windows of
uniform size, as described in the previous section. We decided to concentrate on ML models
for time series data since preliminary experience with classical ML on this problem did not
yield satisfactory results.

Among possible models, we empirically selected two classification and two cluster-
ing methods. For clustering models, the output clusters were transformed into classes by
computing the majority label in each cluster, using the data labels, which allowed us to
treat clustering methods as if they were classifiers. The classification methods included
one distance-based method (ShapeDTW—Shape Discrete Wavelet Transform, Zhao & Itti,
2018), and one dictionary-based method (BOSSEnsemble—Ensemble of Bag of Symbolic
Fourier Approximation Symbols, Schéfer, 2015). Other models in these categories, such as
for instance K Nearest Neighbours methods, were tested, but performance was low so they
were removed from the analysis. For clustering, we selected two partitioning-based meth-
ods: Time Series K-Means and Time Series K-Medoids (Kaufman & Rousseeuw, 1990;
Lloyd, 1982). Further details on the four models employed are provided in Supplementary
material.

We tested all the composition techniques described above on each type of model. We
used a 5-fold internal cross-validation grid search to optimize hyperparameter values. The
Supplementary Material section includes a table that indicates the hyperparameters opti-
mised for each model type (Table 6 in Sect. B). The best hyperparameter configurations
were selected based on the weighted F1 score. As a final evaluation, we computed the Mean
Validation Score (MVS) from the 5 scores obtained from the internal 5-fold cross-validation.

The model with the best MVS was applied to the home TS data. The model predicted
whether each 300 s sample in the home TS data belonged to a subject with TD or UCP. For
each subject, we aggregated all classifications and computed a percentage TD score, i.e. the
fraction of samples classified as TD. We evaluated the ability of this measure to estimate
whether a subject belongs to the TD group or not, by computing Pearson correlations
(p) with the AHA scores assigned by clinicians, only on home test data. We computed one
p for each fold, and we report the average values in the following section. This further
validated our ML models, demonstrating that their overall output correlates with clinician
observations.

3.4.2 Regression Model

The fraction of samples classified as TD computed for our best model can be a good indi-
cator of upper limb activity, but it has no connection to existing clinical scores, making it
difficult to interpret. For this, we added a further step to our methodology: using the frac-
tion of TD windows over the entire home TS data computed by multiple best models (those
with MVS > 0.85) to predict the AHA score for each child. Given that we observed high
Pearson correlations between this fraction and AHA, we used a linear regressor for this
task. Specifically, the regressor takes as input features a list of TD fractions (the percentage
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TD score above), as computed by various classification models, and computes an estimated
AHA score. It was trained on TD fractions computed on home TS training data and tested
on TD fractions computed on home TS test data. We report average R? values over the 10
external folds of our analysis.

3.4.3 The Daily AHA Biomarker

The regression model can be applied to any actigraph time series to predict an AHA-like
value based on the output of several classifiers on short fixed-size windows. We call this
value the DAB. In our case, we apply it to study the activity of children during the moni-
tored week. We divided the week into overlapping 6-hours windows (72 samples of 300 s,
5 min each). Note that we do not consider a window to be valid unless it contains at least a
percentage of valid samples: a sample is valid if it contains at least one significant (intensity
greater than zero) movement. Good results were obtained by setting this threshold to 75%.
Each 72-sample window overlaps with the previous one by 71 samples (one sample right
shift). This solution would clearly help with the continuous monitoring of the DAB during
the week’s activities.

4 Results
4.1 TD and UCP Classification

We first inspect the performance of the ML models in the classification task. Table 1 shows,
for each fold, the best validation F1 scores (MVS) and the number of models with MVS
> (.85, out of a total of 12 possibilities—4 model types (i.e., BOSSEnsemble, ShapeDTW,
TimeSeriesMedoids, TimeSeriesKMeans, see Sect. 3.4.1) times 3 composition techniques
(i.e., Concatenation, Difference, Point-to-Point Al, see Sect. 3.3). We note that many mod-
els achieve very good performance, with the top MVS reaching 0.90. In the supplementary
material, we include a series of tables that show, for each fold, the actual parameter con-
figurations for all models that crossed the 0.85 threshold. The most frequent configurations
utilized TimeSeriesKMeans and TimeSeriesKMedoids with specific hyperparameters opti-
mized for each iteration, showing that in this case unsupervised models tend to outperform
supervised models.

To further evaluate the classification performance, we report the relation between the
fraction of TD samples in home time series test data and AHA and MACS scores, for each
patient. Figure 2 shows this relation for all models with MVS > 0.85 (a) and also for the
best performing model alone (b). The plots combine results on test data for all folds, thus
showing all children in one plot. The average correlation for the top models over all folds
is 0.826 (corresponding to the results shown in Fig. 2b), confirming a good link between
model predictions and AHA scores assigned by clinicians. We also note a good correlation
with MACS level: children with low MACS generally have a higher fraction of TD samples,
as expected. We do observe lower performance on children with low AHA/high MACS,
which could be partially due to the fact that very acute symptoms include involuntary move-
ments, which are recorded by actigraphs and probably interpreted by classifiers as increased
movement symmetry (Table 5).
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Fig. 2 a AHA versus the fraction of TD samples computed with predictions by multiple best models for
each of the 10 folds. b AHA versus the fraction of TD samples, computed with predictions by the best

model of each of the 10 folds

Table 5 Classification perfor-

Fold Number of top classifiers Max MVS
mance for each fold 0 6 outof 12 08771
1 4 out of 12 0.8859
2 6 out of 12 0.8915
3 9 out of 12 0.904
4 8 out of 12 0.881
5 3 outof 12 0.8756
6 7 out of 12 0.8768
7 6 out of 12 0.9027
8 4 out of 12 0.8696
9 7 out of 12 0.875

4.2 Regression and the Daily AHA Biomarker

The performance of the regression model on test data, over the all 10 folds, is shown in
Fig. 3. The output of the regression model is our final indicator, the DAB. We note very
good prediction abilities, with an average R? of 0.709 over the 10 folds. DAB values also
correspond well to MACS levels, again with subjects with high MACS generally showing
lower DAB values. Of course, there is some variability, but we note that a similar variability
is also present when comparing the two clinical scores: children in the same MACS cat-
egory will have a range of AHA values, with the exception of TD children where all AHA
values were evaluated as 100. We also note that the children with MACS 3 are better placed
after regression compared to what we saw for the fraction of TD samples before (Fig. 2b).
This means that by adopting the ensemble approach and training the regressor, our method-
ology managed to correct the probable involuntary movements in these children.
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Fig. 5 This plot represents the Home-AHA predictions in a weekly period of time, in relation to the real
AHA value. Grey represents values close to the clinical AHA (+ 5), green and yellow are over and under
estimation respectively (+ 10)

We employ the DAB, measured above on all home TS data, to perform continuous moni-
toring of the children’s activity outside the clinical environment, using overlapping 6-hour
windows. Figures 4 and 5 show two examples for two children (test dataset) with very dif-
ferent AHA values: one with TD and one with UCP. For the child with TD, we observe that
our indicator maintains high values despite temporary drops. This is to be expected, consid-
ering that some real-life activities imply some upper-limb asymmetry (e.g. eating, writing).
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For the child with UCP, instead, DAB values are lower and vary around their AHA score.
Sometimes, the child appears to maintain a higher level of activity compared to the clinical
setting, while most of the time it remains below the AHA level. The results validate our indi-
cator and demonstrate that the DAB can be useful in monitoring children with UCP at home.

5 Discussion

This study contributes to the emerging field of digital health monitoring by introducing
a novel digital biomarker—the Daily AHA Biomarker—capable of predicting upper limb
functional use in children with UCP from accelerometer data collected in unstructured envi-
ronments of real-life. Traditional approaches for validating wearable sensors have primarily
focused on comparing sensor-derived metrics with clinical scales both within and outside
controlled environments. The AHA has been widely used as a reference standard for evalu-
ating upper limb function in children with UCP, providing reliable and well-established
clinical scores. Indeed, prior works have first established the feasibility of using accelerom-
eters to characterize upper limb asymmetry in UCP; for example, Beani et al. (2019) intro-
duced the Asymmetry Index based on structured clinical sessions and showed its alignment
with AHA scores. While this method ensures robust assessments in controlled contexts,
it does not fully capture how motor function translates into real-life spontaneous activity.
Moreover, such studies primarily rely on descriptive statistics or correlation analyses, limit-
ing their ability to analyse long-term, multivariate time-series data. Some studies, including
Hoyt et al. (2020) and Beani et al. (2025), extended the analysis to longer, real-life record-
ings using standard statistical techniques.

In contrast, our work introduces a novel methodology that leverages a ML pipeline to
compute a biomarker derived directly from wearable sensor data and clinical scores. Instead
of simply validating sensor-based movement data against AHA scores, our models directly
predict AHA scores and reflect daily motor activity from multivariate time series recorded
by bilateral wrist-worn actigraphs, using clustering, ensemble methods, and regression.
This approach produces a clinically interpretable and ecologically valid digital biomarker
(DAB), supporting continuous assessment in naturalistic settings and offering a level of
personalization and scalability not addressed in previous studies. Compared to studies rely-
ing solely on standard statistical analysis or limited structured settings (Burgess et al., 2024;
Konrad et al., 2022), the DAB enables continuous, interpretable, and objective monitoring
outside clinical environment, using the same 0—100 scale as the AHA, thereby facilitating
its integration into clinical workflows. This represents a crucial step forward, as the goal is
not merely to estimate AHA values (although the AHA scores serve as a foundation) but to
establish a clinically grounded and controlled index that can be used for continuous moni-
toring beyond the clinical setting.

Concerning sensor placement, previous studies mainly employed triaxial accelerometers,
in varying contexts. Hip-mounted sensors were used in structured or semi-structured set-
tings by studies such as de Vries et al. (€2011), Trost et al. (2012, 2016), Zheng et al. (2013),
Ahmadi et al. (2020c, 2020d), providing stable measurements for lower-body movement
and it has long been the standard for accelerometry in children. In contrast, wrist-worn sen-
sors have gained popularity, for younger children and free-living simulations as in Ahmadi
et al. (2020b, 2020c), Chowdhury et al. (2018). In fact, these studies show that children
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better tolerate wrist placement, and it may also capture expressive arm movement during
play. For these reasons, we adopted the wrist placement. However, multi-position com-
parisons are reported in works like (Ahmadi et al., 2020a), which evaluated wrist, hip, and
thigh placement in children with CP, whereas Letts et al. (2024) and Goodlich et al. (2020)
explored hybrid configurations, and Mathew et al. (2024) emphasized wearable system
design for maximal coverage with minimal discomfort. Variability is also evident in data
collection protocols, ranging from highly structured trials (Ahmadi et al. 2020d; Trost et al.
2012, 2016) to semi-structured play and free-living observations (Ahmadi et al., 2020e; Al-
Sowi et al., 2023; Chowdhury et al., 2018) reflecting a trade-off between ecological validity
and modelling complexity. Unlike most prior studies that employ ML supervised classifica-
tion (not in children) to recognize predefined activity types (Ahmadi et al., 2020b, 2020c,
2020d, 2020e; de Vries et al., 2011; Trost et al., 2012), or to estimate energy expenditure
from accelerometer data (Ahmadi et al., 2020b; Chowdhury et al., 2018; Zheng et al., 2013),
our approach builds an outcome-driven model that predicts a clinically validated functional
scale (the AHA) for children with CP.

Furthermore, while traditional models often operate on features extracted from struc-
tured tasks, our method handles noisy, long-term multivariate time-series recorded in free-
living conditions. For instance, Trost et al. (2016) developed and tested decision tree models
to classify physical activity intensity on structured 7 sequences of activities in children with
CP, whereas Mathew et al. (2024) studied semi-structured upper limb activities for only
5 min of free play of 10 children with CP. Similarly, Chowdhury et al. (2017) demonstrated
that ensemble learning improves activity recognition from wrist acceleration; in contrast,
our study uses ensemble learning as part of a stacked regression architecture for clinical
score estimation, emphasizing interpretability and functional relevance rather than classi-
fication robustness alone. In contrast to the relevant literature, by combining unsupervised
time-series clustering with a regression-based ensemble models, the DAB offers a person-
alized, interpretable, and scalable alternative for continuous remote assessment which is
something rarely addressed in ML studies for pediatric neurorehabilitation, including CP-
focused like the above mentioned Ahmadi et al. (2020a) or Trost et al. (2016), where the
focus was to classify children according to 3 different macro-categories of movements.

Overall, our models demonstrated strong discriminative power between children with
TD and UCP, achieving top F1 scores above 0.90 and a significant correlation with AHA
scores (up to p = 0.826). This aligns with prior observations suggesting that activity asym-
metries captured through wrist-worn sensors correlate with unilateral motor impairment
severity (Beani et al., 2019; Burgess et al., 2024). Furthermore, the regression step, which
transforms regression outputs into DAB scores, yielded an average R? = 0.709, validating
the clinical relevance of the predicted values. Capturing variation in spontaneous bimanual
use, the DAB serves as a proxy for functional capability, thus showing a capacity of reflect-
ing real-life motor behaviour and enabling longitudinal and context-aware assessment,
highlighting patterns, variations, and changes that traditional assessments might miss. Our
novel biomarker offers several advantages over existing UCP clinical scores: unlike the
AHA score, which requires clinic visits and certified and experienced evaluators, the DAB
can be measured anywhere; it supports pointwise or continuous monitoring over time win-
dows of any size. It is objective, in contrast to the MACS level based on clinician-parent
agreement; it is more easily interpretable, using the same scale as the AHA score, rather than
a derived asymmetry index.
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Nonetheless, certain limitations must be acknowledged. Our approach requires wearing
actigraphs for long periods of time by reducing compliance in real-world deployments and
reliance on wrist-mounted accelerometers that may miss subtle hand or finger movements.
In addition, a potential source of variability in our measurements arises from the place-
ment and attachment tightness of the sensors, which were applied by children or caregiv-
ers at home. Although instructions were provided to standardize sensor positioning, some
variability due to sensor placement is unavoidable in unsupervised daily-life conditions.
Thus, in this study, we collapsed the tri-axial accelerometer data into a single magnitude
to obtain a robust, orientation-invariant measure of movement intensity per wrist. While
this approach is well-suited to our goal of quantifying asymmetry, it inevitably discards
directional information. As future work, analysing the full three-axis time series could pro-
vide richer characterisations of movement patterns, potentially enhancing asymmetry detec-
tion and enabling the extraction of more fine-grained features. Additionally, processing raw
accelerometer and gyroscope signals—rather than relying solely on aggregated data—could
offer deeper insight into the indicator’s robustness and generalizability across different sens-
ing conditions. Lastly, the proposed DAB should be further validated by using a wider range
of IMU-based hardware to assess its cross-platform reliability. Another important aspect to
improve is to increase the discrimination power of the DAB between subject with TD (AHA
evaluated at 100) and UCP with high scores of AHA (very close to 100): an improvement on
this aspect would increase even more the impact of such a digital biomarker in the children
neurodevelopmental clinical practice. Moreover, validation on broader populations and
evaluation of responsiveness to rehabilitation are needed. In summary, the DAB represents
a significant step toward integrating wearable sensor data and ML into pediatric neurore-
habilitation. By enabling fine-grained, real-world monitoring of functional use, it has the
potential to support clinicians in personalized treatment planning, facilitate earlier detection
of progress or regress, and ultimately improve the quality of care for children with UCP.

6 Conclusions and Future Work

The presented results successfully demonstrated the feasibility of using ML techniques to
analyze time series data from wearable sensors in children with UCP in a daily life environ-
ment. The developed pipeline showed high accuracy in differentiating between children
with UCP and TD, and the Daily AHA Biomarker we introduced showed a very good rela-
tion to AHA scores, meaning that it is also applicable to continuous monitoring of children.
These findings highlight the potential of wearable technology and ML to enhance clinical
assessments and provide continuous monitoring, ultimately improving the management and
care of children with UCP.

The method we presented is by all means an ensemble method: we use multiple ML mod-
els to classify time series samples, and their output becomes the features of the regression
model. This approach combines the advantages of each model type, reducing possible bias.

The indicator introduced in this paper is intended to be used to provide clinical support,
and not independently by patients. It is an additional instrument for the clinician to evalu-
ate children and should not substitute the clinical staff who continues to make clinically
relevant decisions. However, its utility must be proved in clinical tests before it can be used
in general practice. In preparation for this, we have included it in a Dashboard that was built
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Fig. 6 Integration of DAB into the developed visualization Dashboard

to collect patient data, which is available to doctors at the IRCCS Stella Maris Foundation
in Italy (see snapshot in Fig. 6).

Beyond application to the clinical setting, future work will investigate further models,
to be used either in ensemble with the current ones, or separately. In particular, we plan to
explore the use of deep learning models such as LSTMs to extract a representation of the
time series data. For this, however, further data is necessary, as the current one is quite lim-
ited in size, and would result in model underfitting when using models with a large number
of parameters. We plan to collect data from additional patients and ideally combine it with
public actigraph data. Public data could be used either in a self-supervised training phase or
by using transfer learning.

In conclusion, the proposed approach enables remote, interpretable, and scalable moni-
toring of upper limb function and has the potential to support more personalized rehabilita-
tion strategies. Our findings address the need for a more ecological and dynamic assessment,
enriching the clinical assessment beyond the traditional clinical environments and moving
further to the quite exclusive use of parent-reported questionnaires for daily life assessment.
This methodology will increase family awareness, helping them become active participants
in the assessment, monitoring, and rehabilitation process, thus fostering a collaborative
approach between clinicians and caregivers. DAB will also provide clinicians with valuable
information for the detection of spontaneous upper limb use during daily life, crucial for
tailoring interventions. Overall, the DAB represents a promising step towards integrating
wearable technology and machine learning into routine pediatric neurorehabilitation.
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