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Cancer is a complex disease in which outcome, in addition to its biological behavior and stage, is also in!uenced 
by the global performance status (PS) of the patient that is an indicator of prognosis, eligibility for treatment, and 
patient’s quality of life (QoL)1–3. When visiting a cancer patient, a performance score is assigned4, which is based 
on possible comorbidities, their autonomy in daily life activities, and their treatment needs. "is score takes into 
account factors such as the frequency of care required, the assistance needed for self-care, and any limitations in 
daily activity. However, the two available systems for de#ning PS o$en prove to be too subjective, which can lead 
to incorrect therapeutic choices5. Hence, it might be bene#cial to integrate an objective assessment of activity to 
enhance the evaluation of PS.

Breast cancer (BC) patients represent a long-term survivor group, and the impact of the therapy on their 
QoL is signi#cant6. Radiotherapy (RT) is generally well tolerated7, however, radiation-induced fatigue (RIF) is a 
frequent side e%ect reported by patients that can reduce activity and a%ect QoL8.

It is widely recognized that moderate physical activity improves the QoL of cancer patients through various 
interconnected mechanisms. "ese include improved insulin sensitivity with consequent reduction in blood 
sugar levels, a positive impact on sleep quality, decreased levels of fat tissue (resulting in reduced production of 
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pro-in!ammatory cytokines), increased muscle mass and strength (leading to deceased fatigue), and a positive 
impact on mood through the release of endorphins9.

Several Bluetooth Low Energy Fitness Activity Trackers (FT)10–12 are available on the market, which are 
capable of detecting parameters such as steps per minute, sleep level, blood pressure, heart rate, blood oxygen 
saturation13–15. While these devices were not originally designed for medical purposes, they have the potential 
to aid in remote monitoring, requiring minimal compliance, and providing objective health information16. 
However, to fully exploit the capabilities of such wireless body sensors, appropriate development frameworks, 
methodologies, techniques, and implementation tools are required for e%ectively support this growing 
technology in a clinical setting17–20.

"e objective of the current pilot study was to introduce a new methodology for BC patients monitoring 
using FT during their RT course. "is aimed to: (i) determine the feasibility and patient compliance with the FT 
monitoring program during RT, (ii) analyze patient activity trajectories using biomedical data gathered from FT 
devices, and (iii) identify the most appropriate FT-collected data able to provide an objective assessment of RIF, 
thereby enhancing the accuracy of therapeutic decisions and improving patient care.

���������������������
����������������������������
A total of 36 BC patients undergoing RT at Federico II University Hospital in Naples, Italy, were invited to 
participate in a monitoring protocol by wearing an FT device during RT and instructed to wear them throughout 
the entire day. All participants signed informed consent and the patient data were analyzed anonymously. "is 
study was approved by the local Ethics Committee (Comitato Etico per le Attività Biomediche, Università 
Federico II, Napoli, protocol code n. 222-10, 9th March 2017). All experimental protocols and procedures were 
performed in accordance with the guidelines of the Federico II University of Naples.

Patients received moderately hypofractionated or conventional RT fractionation schedule, depending on 
whether the target volume included the chest wall and/or elective nodes. All fractionation schedules consisted 
of one fraction a day, #ve fractions a week. "e treatment duration was 3–5 weeks. Patient and treatment related 
characteristics were collected. Treatment-related toxicity assessment, including RIF, was performed weekly 
according to CTCAE version 5.0. For subsequent data analysis, RIF was dichotomized into G0 and any-grade 
(G1–G2).

	������������������������
"e FT devices (Veepoo H03 smart watch) served as wearable sensors for gathering biomedical data such as step 
counts (STP), heart rate (HR), sleep level and oxygen saturation. "e primary endpoint of the present study was 
the collection of STP and HR parameters with the aim of characterizing variations in patient habits during RT. In 
Supplementary Material Table S1, the sampling rates for the STP and HR set by the manufacturer were reported.

"e battery life of FT devices lasted approximately 3 days. For this reason, patients were asked to replace their 
device every 2 days with a new one fully charged.

"e used devices were capable of monitoring patient data independently, without the need for a smartphone 
or internet connection, as they utilized internal memory to store the collected data. In addition, these devices do 
not require any patient interaction. A gateway located in the RT department21,22, collected the data stored in the 
memory of the FT as soon as the patient entered the waiting room.

No patient personal information was stored in the device according to General Data Protection Regulation 
(GDPR) recommendations. A dedicated in-house application hosted on the gateway and developed for the 
needed tasks23 pre-processed the anonymized data and sent to the hospital server. Data were available to the 
medical sta% throughout the therapy course thanks to a web application21 speci#cally designed for the use case 
scenario. Brie!y, the patient was invited by the medical sta% to wear the FT continuously during domestic/
outside activities and during rest. Upon arrival at the RT department, the data were downloaded from the FT 
memory to the gateway. Data aggregation by patients and activities were made available to the medical sta% in 
the form of graphs. "e doctor integrated this information with that from the clinical interview (clinical visit, 
administration of questionnaires). "e patient le$ the hospital and the process repeated for all the radiation 
treatment course (Fig. 1a).

"e acceptance rate of the FT monitoring protocol was de#ned as the ratio of participants to the total number 
of patients to whom FT was proposed.

A collection e'ciency was introduced as the ratio of HR collected and HR collectible during RT time, 
considering the device’s acquisition performance. Compliance rate was accordingly de#ned as the ratio of 
patients who wore FT from the beginning to the end of RT with a collection e'ciency greater than 60% to the 
total patients wearing the FT.

���������������
FT data extraction process consisted of two distinct phases.

In a #rst phase, the data collected from FT were preprocessed to standardize the data sampling frequency. 
STP and HR were, by design, characterized by a di%erent sampling rate, necessitating sampling synchronization 
for further processing. In the preprocessing step, data gaps (occasionally missing observations24) were also 
removed.

In a subsequent phase, it was necessary to de#ne patient “activity windows”. Each patient is indeed 
characterized by her own habits, which determine various activity windows throughout the 24-h day25,26. To 
recognize and characterize the repeated activity windows (RAWs) that recur throughout the RT duration, we 
designed a dedicated algorithm27 developed in MATLAB® (MathWorks, Natick, MA) and described in detail in 
Appendix 1. In such de#ned RAWs, it was possible to e%ectively evaluate FT biomedical parameters (Fig. 1b,c).
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In particular, for each patient, it was possible to identify HR and STP variations within their RAWs and the 
following features were accordingly identi#ed: start timestamp, end timestamp, duration, RAW start time, RT 
day, activity status (1 vs. 0), STP mean, HR mean, STP sum, HR sum, STP standard deviation, HR standard 
deviation, mean ΔSTP/ΔTimestamp. A detailed description of each feature is provided in Table 1.

Fig. 1. (A) Work!ow of data collection by #tness tracker (FT) throughout the radiation therapy course. 
(B) Step counts (STP) and activity status data extraction during two days. Two Repeated Activity Windows 
(RAWs) on two consecutive days are marked in green (active trend) and red (inactive trend). "ey may refer to 
possible patient habits. (C) Heart Rate data extraction in the same time span as showed in (B).
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Patient, disease and treatment-related characteristics were examined according to the development of RIF. 
Categorical variables were expressed as percentages and tested by Pearson’s χ2-test or Fisher’s exact test when 
appropriate; the median and the range were used to describe all continuous variables and Mann–Whitney U-test 
was employed for analyzing them.

Subsequently, to identify possible association between the RAW features described in Table 1 and RIF, data 
of participants who were fully compliant to FT monitoring program were randomly divided in two sets: a 
training dataset and a test dataset, maintaining a 5:1 ratio. Fine Tree Machine Learning (ML) algorithm24 was 
used to identify candidate RIF associated features, including possible nuisance clinical variables signi#cantly 
correlated with RIF. Feature selection was then performed using an ANOVA-based feature ranking algorithm28, 
with a threshold set at a value of 3 for the importance score, taking into account the population size. Following 
variable selection, we tested four commonly used classi#cation methods in ML: Fine Tree, Bagged Trees, Neural 
Network, K-Nearest Neighbors (KNN)29,30. By comparing the performance of these di%erent algorithms, we 
aimed to identify the most e%ective model for characterizing RIF based on the selected features.

Each model’s performance was assessed on the training data using #vefold cross-validation to ensure 
robustness and to mitigate over#tting. "e methods were trained by Classi#cation Learner available in MATLAB 
2023b.

"e Fine Tree algorithm was set with the #ne tree preset, a maximum of 140 splits, and the maximum deviance 
reduction as split criterion. "e Ensemble algorithm was set with a Bag preset, 279 learners and a maximum of 
6122 splits. "e Neural Network algorithm was set with 3 fully connected layers, each layer having a size of 10. 
"e KNN algorithm was set with the coarse KNN preset with 100 neighbors, a Euclidean distance metric, and 
equal distance weighting. "e test dataset was used to assess the predictive capability of the trained models. 
"e classi#cation performance of the models was evaluated by accuracies from both train and test dataset, and 
Receiver Operating Characteristics (ROC)–Area Under the Curve (AUC) (train and test dataset).

Results
����������������
All 36 patients had a good performance score. RIF was reported by 17 out of 36 patients (47%). Patient clinical 
and treatment characteristics were described in Table 2. At univariable analysis, none of the patient clinical 
variables was signi#cantly correlated with RIF.

An overview of RIF experienced by patients during RT is provided in Supplementary Material, Table S2. 
Of note, all patients except one (97%) experienced dermatitis, mostly G1; 12 patients (33%) experienced G2 
dermatitis.

	������������
All patients accepted to participate in the monitoring program (100% acceptance rate). One patient wore the 
device continuously but only for the #rst RT week, reporting discomfort a$er a certain period and she was 
accordingly excluded from further analysis.

"ree patients wore the FT for the entire treatment duration, though not continuously and the data collection 
e'ciency resulted to be less than 60%. For 32 patients the FT data collection e'ciency was over the set threshold 
of 60%. Accordingly, the #nal compliance rate was 89%.

RAW features Description
1 Start timestamp "e time at which the RAW starts (format: yyyy:mm:dd hh:mm:ss)
2 End timestamp "e time at which the RAW ends (format: yyyy:mm:dd hh:mm:ss)
3 Duration "e duration of RAW in seconds

RAW start time "e time of day (00:24) at which the RAW starts
5 RT day "e number of days between the start of the RT and the start of RAW
6 HR sum "e sum of the HR in a RAW
7 STP sum "e sum of the STP counts in a RAW
8 HR standard deviation (SD) "e standard deviation of HR in a RAW
9 STP standard deviation (SD) "e standard deviation of STP in a RAW
10 HR mean "e mean of the HR sampled between two consecutive timestamps in a RAW
11 STP mean "e mean of the STP sampled between two consecutive timestamps in a RAW

12 Mean ΔSTP/ΔTimestamp
"e mean patient speed registered in a RAW calculated as mean of 
[STP(i + 1) − STP(i) /timestamp(i + 1) timestamp(i)] with i timestamp index 
in a RAW

13 Activity status Binary value associated to activity (1) and inactivity (0) windows

Table 1. Description of the extracted repeated activity window (RAW) related features. HR Heart rate, STP 
Step counts.
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For each patient, a distinct distribution of RAWs was identi#able over the course of RT treatment days. Across 
the entire patient cohort, a total of 7950 RAWs were collected. "e mean values of RAWs related features for the 
whole cohort and according to RIF development were reported in Supplementary Material Table S3.

"e dataset of RAWs was split into a training set (6315 RAWs, 25 patients) and a test set (1635 RAWs, 7 
patients). Eleven features were selected by Fine Tree as candidate features while 6 were identi#ed as associated 
with RIF, based on their ANOVA-derived importance score (Fig. 2). "ese features include start timestamp, 
RAW start time, HR mean, HR standard deviation, STP standard deviation, mean ΔSTP/ΔTimestamp.

All tested ML models demonstrated moderate to good predictive performance for RIF (Table 3 and Fig. 3), 
with accuracies ranging from 70 to 80% in the training set. Confusion matrices for all models are reported in 
Supplementary Material Fig. S1.

Clinical and treatment feature All (n = 36)
Fatigue

p-valueG0 (n = 19) Any-grade (n = 17)
Age 55.5 (31–72) 56 (31–72) 55 (39–68) 0.802
KPS (%)
 90 15 (42%) 6 (32%) 9 (53%) 0.285
 100 21 (58%) 13 (68%) 8 (47%)
BMI 26.6 (21.5–39.5) 26.6 (22.5–39.5) 26.5 (21.5–37.4) 1
 Normal 15 (42%) 7 (37%) 8 (47%) 0.738
 Overweight or obese 21 (58%) 12 (63%) 9 (53%)
Smoke
 Current/former 7 (19%) 5 (26%) 2 (12%) 0.408
 Heart comorbidity 15 (78%) 8 (16%) 7 (41%) 0.736
Surgery
 Conservative 28 (78%) 17 (89%) 11 (64%) 0.114
 Radical 8 (22%) 2 (11%) 6 (35%)
Histotype
 Ductal 13 (36%) 6 (32%) 7 (41%) 0.73
 Lobular 4 (11%) 2 (11%) 2 (12%) 1
 NST 16 (44%) 9 (47%) 7 (41%) 0.749
 NR 3 (11%)
Stage
 0–1 16 (44%) 8 (42%) 11 (64%) 0.202
 2–3 20 (56%) 11 (58%) 16 (94%)
Adjuvant CHT 5 (14%) 4 (21%) 1 (6%) 0.187
Neoadjuvant CHT 9 (25%) 4 (21%) 5 (29%) 0.706
Target therapy 6 (11%) 1 (5%) 5 (29%) 0.081
Endocrine therapy 33 (92%) 17 (89%) 16 (94%) 0.543
IHC
 Luminal 29 (81%) 16 (84%) 3 (18%) 0.402
 HER2+ 4 (11%) 0 (0%) 4 (24%) 0.050
 Triple negative 2 (6%) 2 (6%) 0 (0%) 0.486
Target
 Breast 32 (89%) 18 (95%) 14 (82%) 0.326
 Chestwall 4 (11%) 1 (5%) 3 (18%) 0.326
 N 10 (28%) 3 (16%) 7 (41%) 0.139
Laterality
 Right 14 (39%) 8 (42%) 6 (35%) 0.742
 Le$ 22 (61%) 11 (58%) 11 (64%) 1
 Bilateral 1 (3%) 1 (5%) 0 (0%) 1
 Dmax prescriprion dose BED4 
(Gy) 83 (66.8–90.6) 83 (66.8–90.6) 83 (75–90.6) 0.433

Table 2. Clinical and treatment characteristics of the whole, study population, and according to fatigue, with 
statistics. KPS Karnofsky Performance Score, BMI Body Mass Index, IHC Immunochemistry, N Nodes.
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"e pandemic era has introduced signi#cant changes in healthcare, marked by the implementation of 
telemedicine and remote monitoring. "e interest in the use of non-medical tracking devices for medical 
purposes is, therefore, growing31. While it is not yet well known how FT can play their role, various studies 
have analyzed adherence to remote tracking, sleep and activity levels among oncological patients. Monitored 
physical activity seems to correlate with clinician assessed performance status11 and possibly with toxicity in 
cancer patients: step counts per day could serve as an adjunct to performance status assessment and a possible 
help to identify vulnerable populations32. Various studies have focused their attention on the role of physical 
activity during preoperative treatments. In pancreatic cancer patients, moderate exercise can reduce surgical 
complications and accelerate recovery from surgery33. During chemotherapy for breast cancer, patients typically 
experience a decrease in physical activity. Adherence to interventions aimed at reversing this trend appears 
to be higher among younger patients and receiving adjuvant chemotherapy34. If several studies have explored 
biomedical monitoring before, during or a$er chemotherapy or surgery19 there is a paucity of research35–38 
regarding the monitoring of cancer patients during their RT course (Supplementary Material Table S4). "e 
preliminary results of a pilot study by Sher et al.38 about wearable activity monitoring during RT for a large 
sample of head and neck malignancies, have been recently published. Although not meeting the compliance 
goal, most patients did use the wearable device; their signal could not identify patients requiring hospitalization 
or signi#cantly more pain medication, but the #nding of reduced STP before a signi#cant reduction in quality of 
life was suggestive. Association between biomedical parameters and QoL had already described by Lowe et al.35, 
showing that, in a sample of patients bearing brain metastases undergoing palliative whole brain RT, sedentary 
behavior was associated with better physical functioning but with worse psychosocial functioning. "e study 
was limited by malfunctioning of accelerometers. Moreover, those patients are characterized by a low level of 
physical activity since baseline which can hardly be increased. Ohri et al.36 have more concretely demonstrated 
the possibility to identify vulnerable patients during RT; performing continuous activity monitoring during 
concurrent chemoradiotherapy on 38 patients with di%erent primaries, a signi#cant association was found 
between recent step counts and hospitalization risk.

Notably, BC is a more common malignancy, and BC patients represent a better-prognosis group with long-
term survivors. One of the main side e%ects related to RT is fatigue, although it is not completely clear how it 

Performance Bagged tree Fine tree Neural network KNN
Accuracy (training) 80% 77% 76% 70%
Total cost (training) 1286 1452 1531 1987
Accuracy (test) 85% 86% 73% 72%
Total cost (test) 268 175 449 496
Time (s) 255 25 15 2
AUC (training) 89% 86% 86% 76%
95% CI (training) (89–90)% (85–87)% (85–86)% (74–77)%
AUC (test) 86% 93% 86% 55%

Table 3. Performance measures for each machine learning model.

 

Fig. 2. Feature importance scores selected by Analysis of Variance (ANOVA) algorithm. "e red dashed-line 
indicates an importance score of 3; 6 features have an importance score major or equal to 3.
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impacts on physical activity. Champ et al.37 selecting ten patients, found transient changes in activity levels 
during RT. Despite its limitation -above all, the small sample size- they identi#ed the path of RT as an opportune 
time to start implementing changes prior to survivorship for BC patients.

"e present study represents a pilot, primarily aimed at assessing the compliance of BC patients in 
continuously wearing FT during 3–5 weeks of RT. Our primary goal was to characterize RIF trajectories using 
objective data collected by these wearable devices. To achieve this, we identi#ed time windows for observing 
patients’ daily habits by introducing RAWs and the related features, including HR and STP variations. Champ et 
al.37 in their study indeed highlighted signi#cant variability in activity levels among women undergoing RT. "is 
inter-patient variability, potentially due to di%ering daily habits, prompted us to adopt a novel approach based 
on the innovative concept of RAWs, allowing us to e%ectively evaluate HR and STP variations during RT. "is 
approach enabled us to de#ne a kind of #ngerprint of each patient activity level.

As expected, BC patients undergoing adjuvant RT proved to be highly compliant. While all patients agreed to 
wear the FT, continuous monitoring was inadequate for 11% of patients due to interruptions or discontinuities 
in data collection caused by patient tolerance levels in wearing the device. In addition to patient tolerance, we 
also considered data collection e'ciency to ensure the quality of the collected data, which was directly related 
to the device’s acquisition performance. "e FT’s acquisition performance was potentially a%ected by two key 
factors: (a) limited battery life, leading to interruptions and data gaps in each patient’s dataset, and (b) improper 
or inconsistent use of the device by the patient, causing a loss of information about daily activities. Despite these 
challenges, only 9% of patients had data collection e'ciency below the set threshold.

Various ML algorithms were then tested to capture patterns in the collected FT data that translate these 
features into an objective description of RIF. "e ML algorithms that have been utilized in this study are Fine Tree, 
Bagged Trees, Neural Network, and KNN which have helped us achieve the results presented in the paper. "ese 
algorithms were chosen for their diverse approaches to classi#cation and their proven e%ectiveness in di%erent 
contexts. Fine Tree and Bagged Trees represent decision tree-based models, with Fine Tree o%ering a simple and 
interpretable model, while Bagged Trees enhance robustness by reducing over#tting through ensemble learning. 
Neural Networks are powerful in capturing complex, non-linear relationships in data, although they may require 
signi#cant computational resources and risk over#tting with small datasets. K-Nearest Neighbors (KNN) is an 
instance-based method known for its simplicity and e%ectiveness in low-dimensional spaces, but it can struggle 

Fig. 3. Model ROC curves on the training dataset: bagged trees model (a), #ne tree model (b), neural network 
model (c), K-nearest neighbors model (d).

 

�������Ƥ��������� |        (2024) 14:27276 ͽȁ������ǣȀȀ���Ǥ���ȀͷͶǤͷͶ͹;Ȁ�ͺͷͻͿ;ǦͶ͸ͺǦͽ;;ͶͻǦͻ

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


with high-dimensional data and large datasets due to increased computational complexity. By comparing these 
methods, we aimed to balance model complexity, interpretability, and predictive accuracy.

Notably, the Bagged Trees model exhibited the highest performance, achieving a training-AUC of 89% (95% 
CI 88–90%) and test-AUC of 86%, while the worst performance was observed with KNN model achieving a 
training-AUC of 76% (95% CI 74–77%) and a test-AUC of 55% (Fig. 3).

A subset of the extracted RAW features resulted to be important in the description of the RIF status. 
Speci#cally, the instants at which the RAWs start provide us with information about the general patterns of 
patients’ activities, enabling intra-patient analysis. Di%erently, the time of the day at which the RAW starts 
provides us with information about the daily patient habits, allowing for inter-patient analysis. As regard to STP 
and HR within RAWS, the standard deviations of step counts and heart rates give a description of the variation 
in intra-RAW fatigue. "e mean HR and mean speed are instead indicative of the variation in patient activity 
assessable between RAWs.

"e supervised learning method suggested that the objective data collected by FT could be useful to de#ne 
RIF status in patients undergoing RT. "anks to its sensitivity and speci#city, the bagged trees showed to be a 
powerful tool to characterize RIF over RT time, basing on data collected.

Among the limitations of our study, technical issues related to the chosen FT devices stand out, including the 
above-mentioned low battery life. Out of the box, the FT’s battery lasted about a week, but a$er several charge/
discharge cycles, it only lasted three days. "is may be due to the manufacturer using lower-grade components 
for the batteries. "e short battery life hindered baseline and post-discharge data acquisition, limiting data 
collection e'ciency. "is was due to the decision not to require patients to recharge their FTs independently, 
aiming to maintain the study’s non-invasiveness. Another contributing factor to the short battery life was the 
non-con#gurable sampling frequency. While lowering the heart rate (HR) sampling rate could have extended 
battery life, it might have resulted in information loss. Additionally, the most signi#cant technical limitation 
a%ecting the proposed methodology was the limited memory capacity of the FTs. "ese devices could only store 
data from the current day and the previous two days, meaning patients returning to the RT department on a 
Monday, a$er weekend treatment break, would have their Friday data lost. To address these challenges, one of 
the biggest design hurdles involved developing a fully reliable gateway application to collect data from the FTs. 
"e application must e'ciently manage multiple FTs in cases where several monitored patients were in the RT 
waiting room simultaneously, as well as handle retries for unsuccessful downloads due to patients moving in and 
out of the gateway’s range. "is process was made more complex by the slow transmission rate of Bluetooth Low 
Energy, which extended the time needed to download data from FT memory.

Additionally, the small number of enrolled patients may have impacted method performance, as evidenced 
by the #ne tree model performance reported in Table 3. However, to our knowledge, this study represents 
the #rst experience in monitored biomedical data analysis among cancer patients using the methodological 
approach based on RAWs.

"e promising preliminary results encourage us to continue enrolling more patients to extend and validate 
our #ndings. Our study indeed prospectively opens up several potential clinical applications. Speci#cally, we 
have demonstrated that a highly subjective symptom like fatigue can be predicted with reasonable accuracy using 
wearable devices. "is #nding o%ers a model that supports the broader implementation of remote monitoring 
for cancer patients. "e reduction in hospital visits not only addresses the immediate needs brought on by the 
pandemic but also re!ects a growing demand for more accessible healthcare. "is shi$ holds potential bene#ts 
across various aspects, including improved patient quality of life, mobility, sustainability, hospital e'ciency, and 
cost-e%ectiveness.

�����������
While remote monitoring in cancer patients is not a novel concept, our experience stands out as one of the few 
instances observed among BC patients undergoing RT. Our #ndings highlight BC patients as a particularly 
compliant group for continuous biomedical monitoring. By FT monitoring of HR and STP within patient’s 
activity windows, healthcare providers may be helped in performing an evaluation of RIF trajectories based 
on objective data. Investigating the long-term impact of remote monitoring on patient outcomes—such as 
quality of life, treatment adherence, and survival rates—could provide valuable insights into the clinical utility of 
these technologies. By validating these approaches in larger trials, remote monitoring could become a standard 
component of cancer care, enhancing patient autonomy while reducing the burden on healthcare systems.

�����������������
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Appendix 1 

The algorithm introduced in the text, and detailed below, leverages a combination of Boolean logic, 
predefined thresholds, and sliding time windows to classify periods of activity and inactivity for patients. 

Based on the functionality of the Fitness Tracker (FT) deployed in our study (Veepoo H03 smart watch), 144 
Time Points (TP) are identified each day with: 

∆"# = "#!"# − "#! = 10()*+ 

Each TPi contains values for the parameters Step Counts (STP) and Heart Rate (HR). A dichotomous variable 
(DV) to classify patient activity (1) or inactivity (0) is associated with each TPi depending on the trend of the 
STP values. Specifically, a DV value of 1 is associated with STP values > 20, and 0 otherwise. The threshold 
value of STP = 20 was identified because, upon analyzing the historical series of STP values collected during 
monitoring, it emerged that all outliers had an STP value ≤ 20. 

Activity Windows are defined as time intervals of no less than 30 minutes during which the patient is likely 
active. This duration was mainly  determined, beyond literature analysis [25, 26],on a preliminary analysis of 
the specific habits reported by patients enrolled in the study. 

The algorithm subsequently evaluates time intervals of 4 TPs: if at least 3 values of DV are the same within 
that interval, it provides a consistent indication of whether or not there was activity. In other words, if DV = 
0 in 3 out of 4 TPs, it can be concluded with some certainty that there was no activity in that interval. 
Conversely, if DV = 1 in 3 out of 4 TPs, it is plausible to assume that there was activity. 

The steps of the algorithm are as follows: 

1. In the first step, the first 4 TPs (from TP1 to TP4) of treatment day 1 are evaluated, i.e., the TPs for 
the time interval from 12:05 am to 12:35 am. The possible scenarios are: 

o There are 3 STP values above the threshold; all 4 TPs are assigned a DV value of 1; 

o There are 3 STP values below the threshold; all 4 TPs are assigned a DV value of 0; 

o There are two values above the threshold and two values below the threshold; the two TPs 
above the threshold are assigned a DV value of 1 while the other two TPs are assigned a DV 
value of 0; 

2. The observation window of the 4 TPs shifts by one TP. The new evaluation interval is from TP2 to 
TP5, i.e., from 12:15 am to 12:45 am. The possible scenarios are: 

o There are 3 STP values above the threshold; all 4 TPs are assigned a DV value of 1; 

o There are 3 STP values below the threshold; all 4 TPs are assigned a DV value of 0; 

o There are two values above the threshold and two values below the threshold; all 4 TPs are 
assigned a DV value equal to that of the TP immediately preceding the first TP of the window 
under examination (in this case TP1) since, with 5 STP values, a 3:2 ratio between values 
above and below the threshold is created; 

This means that, in the algorithm's iteration, the DV values associated with the TPs in the window can be 
overwritten based on the specific STP sequences of the windows under examination. 

3. Step 2 is repeated throughout the day up to the observation window [TP141-TP144], corresponding 
to the interval 11:25 pm - 11:55 pm, assigning DV values to each TP, occasionally overwriting 
previously calculated DV values as indicated in step 2. 



4. At the end of the day, the last associated DV value is checked for each TPi to identify Activity 
Windows, i.e., sequences of TPi where the DV value is 1. Sequences of TPi where the DV value is 0 
identify non-activity windows. 

5. The algorithm evaluates all treatment days to highlight activity windows for each day. 

It was thus possible to identify Activity Windows that recur during treatment days. Two Activity Windows 
(even on non-consecutive days) are comparable if the distances between the initial TPs and those between 
the final TPs do not exceed 2 TPs, i.e., 20 minutes. Formally, given two activity windows AW1 and AW2:  

	

,"#!$|&'# − "#!$|&'(, ≤ 2"# 

,"#)!$|&'# − "#)!$|&'(, ≤ 2"# 

If a window repeats for more than 40% of the RT, it is considered a Repeated Activity Window, and the 
biomedical parameters collected within it during monitoring are analyzed. 

An example of the first 7 iterations of the algorithm (on sample data) is shown in Figure A.1. 

 

Figure A.1 
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Table S1. Data acquisition range and sampling rate for step counts (STP) and heart rate (HR) 

 

Parameter Data acquisition range Sampling rates 

STP 00.00-24:00 15 min 

HR 00.00-24:00 08.00 - 24.00: 10 min 

00.00 - 08.00: 1 min 

 

 



 
 

Table S2. Radiation-induced fatigue (RIF) and its grading during the weeks of radiation therapy (RT), along with a summary of the maximum 
fatigue reported by patients. 

 

RIF 
grading 

Timing   

  

Summary 
Baseline 

(n=36) 

week #1 

(n=36) 

week #2 

(n=36) 

week #3 

(n=36) 

week #4 

(n=33) 

week #5 

(n=11) 

G0 33 (92%) 30 (83%) 26 (72%) 24 (66%) 21 (64%) 5 (46%) 19 (53%) 

G1 3 (8%) 4 (11%) 4 (11%) 6 (17%) 5 (15%) 3 (27%) 9 (25%) 

G2 0 (0%) 2 (6%) 6 (17%) 6 (17%) 7 (21%) 3 (27%) 8 (22%) 

Any 3 (8%) 6 (17%) 10 (28%) 12 (34%) 13 (36%) 6 (54%) 17 (47%) 

 

  



 

Table S3. Mean values of Repeated Activity Windows (RAWs) related features for the whole cohort and according to radiation-induce fatigue 

(RIF). 

 
RAWs feature 

  
Overall (N=7950) 

RIF 

G0 (N=3722) any-grade (N=4228) 

Duration (sec) 7556.2 7575.0 7539.6 

RAW start times (00-24) 13.9 14.1 13.6 

STP mean 56.6 56.8 56.2 

HR mean (min-1) 75.8 76.4  
 

75.4  

STP Sum 797 825.1 772.3 

HR sum (min-1) 888.9 906.3  
 

873.7 

HR Standard Deviation 9.6 10.2 9.0 

STP Standard Deviation 49.6 50.9 49.1 

RT day  13 14 13 

DSTP/DTimestamp (min-1) -1.9 -2.1 -1.7 

Abbreviations: HR: Heart Rate, STP: Step counts 



 
Table S4. Previous studies exploring biomedical parameters during radiotherapy. 

Author, year population parameters Results 

Lowe, 2014 [35] 31 BM triaxal movement association between sedentary behavior and 

better physical functioning but worse 

psychosocial one 

Ohri, 2017 [36] 11 HN 

13 lung 

14 GI 

step counts association between physical activity and 

hospitalization risk 

Champ, 2017 [37] 10 BC step counts 

calories burned 

sleep metrics 

statistically significant but not clinically 

relevant changes in step counts, distance, and 

calories. No significant change in sleep 

Sher, 2022 [38] 51 HN step counts no association with hospitalization or more 

pain medication request, but association with 

oncoming reduction in QoL 

Abbreviations: BM Brain Metastases; HN Head and Neck; GI Gastrointestinal 

  



Figure S1. Bagged Trees confusion matrices related to the training set (a) and test set (b). 
 

 

 

 

 

 

 

 


