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Abstract: Cancer survivors face numerous challenges, and digital health interventions can empower
them by enhancing self-efficacy and patient activation. This prospective study aimed to assess the
impact of an mHealth app on self-efficacy and patient activation in 166 breast and colorectal cancer
survivors. Participants received a smart-bracelet and used the app to access personalized care plans.
Data was collected at baseline and follow-ups, including patient-reported outcomes and clinician
feedback. The study demonstrated positive impacts on self-efficacy and patient activation. The
overall trial retention rate was 75.3%. Participants reported high levels of activation (PAM levels 1-3:
P=1.0; level 4: P=.65) and expressed a willingness to stay informed about their disease (CASE-Cancer
factor 1: P=.98; factor 2: P=.66; factor 3: P=.25). Usability of the app improved, with an increase in
participants rating the system as having excellent usability (from 14.82% to 22.22%). Additional
qualitative analysis revealed positive experiences from both patients and clinicians. This paper
contributes significantly to cancer survivorship care by providing personalized care plans tailored to
individual needs. The PERSIST platform shows promise in improving patient outcomes and
enhancing self-management abilities in cancer survivors. Further research with larger and more
diverse populations is needed to establish its effectiveness.

Keywords: cancer survivorship; self-efficacy; satisfaction; patient activation; digital health
interventions

1. Introduction

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Cancer survivorship is a transformative experience that encompasses both physical and
psychological challenges [1]. As individuals navigate the complexities of managing their health post-
treatment, fostering self-efficacy and patient activation is paramount to achieving optimal health
outcomes. Digital health interventions (DHIs), owing to their capacity to personalize, engage, and
empower patients, offer considerable promise in addressing these critical aspects of cancer
survivorship [2,3].

Self-efficacy and patient activation are crucial components in cancer survivorship [4]. Self-
efficacy refers to an individual’s belief in their capacity to perform a specific task or behavior, whereas
patient activation pertains to an individual’s knowledge, skills, and confidence in managing their
health [5]. Mazanec et al. [6] demonstrated that higher levels of self-efficacy and patient activation
correlate with improved outcomes for cancer survivors, including enhanced quality of life, reduced
symptomatology, and the adoption of healthier lifestyles.

Self-efficacy is a key determinant of health outcomes [7]. Cancer survivors with high self-efficacy
are more likely to adhere to treatment regimens, engage in health-promoting behaviors, and
effectively manage symptoms [8]. Activated patients assume responsibility for their care, collaborate
with healthcare providers, and actively seek out necessary information and support [9].

Traditionally, interventions aimed at promoting self-efficacy and patient activation have relied
on in-person counseling and education [10]. While these approaches offer value, they often lack the
scalability and accessibility required to accommodate the growing global population of cancer
survivors. DHIs provide a personalized, accessible, and continuous approach to enhancing self-
efficacy and patient activation among cancer survivors [11]. These interventions have been shown to
improve adherence to treatment regimens, increase physical activity, and reduce symptom burden.
Furthermore, DHIs can assist survivors in managing stress and anxiety, thereby fostering resilience
and promoting overall well-being [12-14].

Several studies have examined the impact of DHIs on self-efficacy and patient activation. Powley
et al. [15] evaluated the effectiveness of a digital health coaching program for patients undergoing
surgery. Participants received personalized guidance via a mobile application, focusing on enhancing
self-efficacy and lifestyle factors. The results demonstrated significant improvements in both areas,
with patients reporting increased confidence in managing their health and adopting healthier
behaviors. Van Der Hout et al. [16] investigated the efficacy of Oncokompas, a web-based self-
management platform, in improving health-related quality of life and reducing symptoms among
cancer survivors. The findings indicated that individuals with lower self-efficacy and higher levels
of personal control or health literacy exhibited greater improvements. These results suggest that
tailoring interventions to address specific needs can enhance their effectiveness in supporting the
well-being of cancer survivors.

A growing body of evidence indicates that the adoption of healthy lifestyle practices, such as
regular physical exercise [17], increased consumption of fruits and vegetables [18], maintaining a
healthy weight and body composition [18], smoking cessation [19], and engagement in cognitive
behavioral therapy [20], can positively influence cancer prognosis. However, many cancer survivors
face significant challenges in adhering fully to these recommendations [19]. Previous studies have
predominantly focused on either self-efficacy [16,21,22] or patient activation [12,23], rather than
integrating both factors within a unified framework.

This study distinguishes itself from prior research by adopting a personalized approach to
cancer survivorship care. It utilizes a mobile health (mHealth) application to deliver tailored
interventions that address the unique needs of each patient. Moreover, this study conducts a
multifaceted evaluation of the mHealth application's impact on various dimensions of patient well-
being, including self-efficacy, patient activation, satisfaction with care, and physical activity levels.
Notably, this study also examines the real-world feasibility and acceptability of implementing digital
health interventions in clinical settings, addressing critical challenges such as user engagement, data
integration, and technical issues.
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The hypothesis of this clinical trial posits that “A comparison of self-efficacy levels at the
beginning and end of the intervention will demonstrate a significant increase in self-efficacy among
participants who receive the personalized intervention supported by the mHealth application.” The
primary objective of this study is to assess the acceptability, usability, and impact of the mHealth
application on survivors' perceived self-efficacy and satisfaction with their care. The secondary
objective includes measuring patient activation and evaluating the acceptance of the mHealth
application, as well as exploring survivors' experiences during their use of the application.
Ultimately, the aim of this study is to assess the effectiveness of a personalized mHealth intervention
in enhancing self-efficacy, patient activation, and satisfaction with care among cancer survivors.

2. Materials and Methods
2.1. PERSIST Project

This study was conducted as part of a European project titled PERSIST [24], which aims to
enhance health outcomes and quality of life, while simultaneously reducing stress among cancer
survivors through a patient-centered care plan that leverages big data and artificial intelligence. The
PERSIST consortium seeks to develop an open, interconnected system to optimize the care provided
to cancer survivors. The primary objective of the PERSIST project was to evaluate whether and how
self-efficacy and patient activation can be addressed as a collaborative effort between patients and
clinical professionals. The secondary objective focused on assessing patient engagement, willingness
to use the mHealth application, and gathering feedback from both patients and clinicians regarding
their experiences with the PERSIST solution (see study protocol [25]).

An overview of the PERSIST platform is depicted in Figure 1. Following the collection of real-
world data from patients through mobile applications and smart bracelets, cutting-edge technologies
were employed to extract multimodal features using the Multimodal Risk Assessment and Symptom
Tracking (MRAST) framework. In addition to physical markers, subjective data was collected
through questionnaires. All objective markers (vital signs) and subjective markers (Patient-Reported
Experience Measures [PREMs], Patient-Reported Outcome Measures [PROMs], and
linguistic/vocal/face cues) were gathered via the mHealth application. The fused data were processed
using various tools (Cohort and Trajectory Analysis, Information Retrieval Tool, Alerts, and
Motivation Mechanisms), and subsequently integrated into the Clinical Decision Support System
(CDSS) and the mClinician application.

Real World Data Collection Feature Extraction
from Patients by MRAST Framework
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Figure 1. The main data flow through PERSIST platform.

2.1.1. Digital Interventions

To facilitate data collection and analysis, the study utilized several digital interventions. The
mHealth application enabled patients to self-report health parameters and vital signs, while the
mClinician application allowed healthcare providers to input and manage patient data. The MRAST
platform employed advanced artificial intelligence (AI) techniques, including automatic speech
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recognition and natural language processing, to extract valuable insights from patient interactions.
These digital tools collectively contributed to the efficient and accurate collection of patient data,
enabling the platform to deliver personalized care recommendations and support through the
Clinical Decision Support System (CDSS).

The mHealth application served as the central component for populating the Big Data Platform
with diverse types of patient data, thereby enabling other services to process and analyze this
information. The mHealth application allows individuals to track their health parameters and vital
signs (Figure 2). Furthermore, the application facilitates the flow of data between users and healthcare
providers. The mobile applications were developed using the Flutter framework and the Dart
programming language. Interoperability of patient data was ensured using Fast Healthcare
Interoperability Resources (FHIR) standards, which enabled data sharing among project partners
[26].
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Figure 2. mHealth App screenshots: (a) Summary of vital parameters; (b) Login screen. .

The mClinician application served as a data ingestion tool within the PERSIST project (Figure
3). It was primarily developed for use by clinicians to assist in collecting patient data and providing
an overview of the acquired information. The mClinician application displays concepts from
Symptoma’s API [27] to generate structured data for patients in Fast Healthcare Interoperability
Resources (FHIR) format. Clinicians determined the most relevant data to be collected from patients'
electronic health records.
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Figure 3. mClinican app screenshots: (a) Patient trends; (b) Patient Summary.
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The MRAST platform incorporates multimodal analysis of patient video recordings [28] (Figure
4). It primarily consists of automatic speech recognition (SPREAD [29]), natural language processing,
and facial landmark detection to extract linguistic, speech, and visual features. MRAST also includes
disease-centric discourse through the extraction of symptoms from free-text data, which is carried
out using an information retrieval tool [30] developed based on Symptoma’s core technology.
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Figure 4. Feature extraction at MRAST framework.

Figure 5 illustrates the Clinical Decision Support System (CDSS), which leverages patient-
specific information and a comprehensive knowledge repository to generate evidence-based medical
decisions or recommendations. Healthcare providers can initiate requests for decision support, which
are processed by the inference engine to produce tailored clinical guidance. Additionally, the CDSS
is integrated with cohort and trajectory analysis in multi-agent support systems [31], a breast cancer
survival analysis with high-risk marker detection [32], an Al service predicting five-year relapse
recurrence for breast and colorectal cancer survivors, and a model for automatic circulating tumor
cell (CTC) detection in liquid biopsy samples [33].

Patient
specific
information

Inference

- S|
engine Medical decision

or

Request for
decision

support recommendation
—

o | @@

r Knowledge !

Figure 5. Overview of CDSS structure.
2.2. Clinical Trial

2.2.1. Trial Design

The clinical trial was designed using a single-case experimental design (SCED) methodology
[34] as a prospective study to validate the PERSIST platform. SCED provides a robust approach for
studying individual participants in depth and offers valuable insights into the effects of interventions
over an extended period. Its flexibility, repeated measures, and potential for strong internal validity
render it a valuable tool for this trial. Cancer types with relatively high incidence and survival rates
were selected to ensure the identification of a sufficiently large survivor population amenable to
enhanced follow-up.
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2.2.2. Participants

Breast and colorectal cancer survivors who had completed curative treatment were included in
this study. A survivor was defined as a patient who had remained recurrence-free for 3-24 months
post-treatment (surgery, radiation therapy, and/or chemotherapy). For colorectal cancer survivors,
two subgroups were considered: those who had received chemotherapy and those who had not. Each
subgroup comprised at least 33% of the total colorectal cancer survivor group. For breast cancer
survivors, both patients who underwent surgery and those who received chemotherapy were
included.

The inclusion criteria encompassed individuals aged 18-75 years, in stable health, with a life
expectancy exceeding two years. Participants were required to understand the study information,
attend follow-up appointments, provide informed consent, and possess sufficient technological skills
to use mobile devices and reliable internet access. Exclusion criteria included individuals with a life
expectancy of less than one year, dementia or cognitive impairments, dependence on others for daily
tasks, inability to make dietary decisions, current participation in other clinical studies, anticipated
relocation, or major depression/psychiatric conditions that could interfere with daily activities.

Patients meeting the inclusion criteria and not meeting the exclusion criteria were assessed as
outpatients, informed about the study, and personally invited to participate by clinicians at four
clinical centers: Centre Hospitalier Universitaire de Liege (CHU) in Belgium, University Medical
Centre Maribor (UKCM) in Slovenia, Complejo Hospitalario Universitario de Ourense (SERGAS) in
Spain, and Riga East Clinical University Hospital (REUH) in Latvia, in collaboration with the
University of Latvia (UL).

2.2.3. Sample Size Calculation

The sample size for this study was estimated based on the expected effectiveness of mobile
device interventions in promoting healthy habits among cancer survivors, as demonstrated in
previous research [35,36]. A power analysis using G*Power software indicated that 160 patients
would be sufficient to detect significant differences between pre- and post-intervention measures of
healthy habits, assuming a two-sided confidence level of 95%, a statistical power of 90%, and an effect
size of 0.25.

2.2.4. Recruitment

The recruitment process spanned a four-month screening period and a four-month enrollment
period (Figure 6). To ensure successful patient recruitment: (1) Clinical research staff at participating
hospitals underwent comprehensive training on the PERSIST project (goals, criteria, timeline),
devices (mobile phones and smart bracelets), and received recruitment materials (brochures, videos);
(2) Trained clinicians then invited eligible post-treatment cancer patients; (3) Eligible patients were
assessed in outpatient settings; and (4) Nurses or data managers assisted medical staff in explaining
the study and obtaining informed consent from selected patients. The trial concluded after receiving
all results from the participants within the allocated timeframe in the PERSIST project.

2.2.5. Data Collection

The data collection timeline is provided in the patient flow chart (Figure 6). Following a four-
month screening period, eligible participants (n=166) were invited to sign informed consent
documents and receive the study devices. During the enrollment process, participants were given
detailed explanations of the study phases, and their medical history was recorded. Three
questionnaires were administered at three distinct time points: baseline, first follow-up, and last
follow-up.

Participants in this study received both a mobile phone with the mHealth app (Huawei Y6 2019)
and a smart band (Naicom Company smart bracelet), which collected various types of data, including
sociodemographic, clinical, and lifestyle information. The specific model of the smart band was
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selected by the technical partners based on data safety (GDPR compliance) and budget constraints.
The device was capable of measuring steps/activity, sleep, heart rate, and blood pressure, and was
compatible with a smartphone-based data access kit that avoids cloud storage from the device
manufacturer.

Prior to patient recruitment, clinical and technical partners developed training materials for
patients, which were translated into Spanish, French, Slovenian, Latvian, and Russian. During
recruitment, training on the study protocol and the use of the mHealth app and smart band was
initially conducted for all clinical partners and subsequently for all participants at each hospital by
nurses or data managers supporting the medical doctors/physiotherapists. The app also provided
personalized follow-up based on patterns identified from big data. Additionally, patients were able
to input additional data through online questionnaires, which were prompted by notifications from
the app. Selected questionnaires were collected automatically during phone calls or medical follow-
ups as a validation tool, while others required patients to record video diaries discussing their daily
lives.

The data collected through the mClinician tool allowed clinicians to access information about
patients, including their demographics, cancer diagnosis, treatment history, and diagnostic
performance. Data collected via the Clinical Decision Support System (CDSS) included results, scores,
and the history of CDSS outputs presented to the clinician.

Clinical centers were selected based on the presence of survivor populations and the opportunity
to implement the intervention across diverse regions in Europe, aligning with the PERSIST project’s
goals. Although the last data collection occurred between September and October 2022, the clinical
trial was extended to December 2022 to facilitate additional data collection and updates to the
mClinician app. During this extension, a substantial number of patients voluntarily continued their
participation, enabling a more comprehensive analysis of study outcomes.
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2.2.6. Outcomes

To measure self-efficacy, usability, and patient activation, the Communication and Attitudinal
Self-Efficacy scale for cancer (CASE-cancer) [37], the System Usability Scale (SUS) [38], and the Patient
Activation Measure (PAM) [39] were used, respectively. All questionnaires were made available
online within the mHealth app.

The CASE-Cancer scale, validated by Wolf et al. [37], is a 12-item instrument designed to assess
the communication and attitudinal self-efficacy of cancer patients. The participants' perceived ability
to engage in their care was measured across three domains: understanding and participating in care,
maintaining a positive outlook, and actively seeking and obtaining relevant information. Higher
scores on this scale indicate greater self-efficacy. This instrument has been used in various cancer
cases in recent literature [40-42].

This study utilized the PAM-13 questionnaire as a secondary endpoint to assess patients' self-
management knowledge, skills, and confidence. The PAM-13 is a validated short form of the PAM-
22 [29] and has demonstrated comparable effectiveness [43]. PAM levels 1 and 2 indicate lower
patient activation, while PAM levels 3 and 4 indicate higher patient activation. Ng et al. [44]
demonstrated the cross-cultural reliability and validity of the PAM tool, highlighting its correlation
with health outcomes relevant to patient-centered care, as evidenced by a comprehensive review of
39 studies.

The SUS is a ten-item Likert scale questionnaire designed to provide a global view of subjective
assessments of system usability. Developed by John Brooke in 1986 [38], the SUS has been widely
used to measure the usability of electronic office systems. It consists of five positively worded items
and five negatively worded items, with responses ranging from strongly agree to strongly disagree.
The SUS is a well-established tool for evaluating system usability and has been applied in various
contexts [45].

2.2.7. Statistical Analysis

Statistical analysis involved descriptive analyses of epidemiological and clinical characteristics,
including means, standard deviations, percentiles, frequencies, and percentages. To evaluate changes
in CASE-cancer, SUS, and PAM scores, paired t-tests, Wilcoxon signed-rank tests, and McNemar tests
were employed. An intention-to-treat analysis and sensitivity analysis were conducted using R 3.4.2
and SPSS version 19. Results with p-values below 0.05 were considered statistically significant.

2.2.8. Ancillary Analyses

A mixed-methods approach was employed to gather comprehensive data on both patient and
clinician experiences. Patient feedback was collected through a longitudinal, app-based survey
administered at three time points, supplemented by narrative feedback obtained during follow-up
interactions. This survey was divided into three distinct sections focusing on different aspects of
patient experience. (1) Part A: Understanding the Patient's Study Experience aimed to capture the
patient's perspective on their overall participation in the study. It focused on the clarity of study
instructions and sought to identify the most valuable insights gained during the process. (2) Part B:
Evaluating the mHealth App's User Experience concentrated on assessing the user experience of the
mHealth app utilized in the study. It explored various aspects of the app's design and functionality
to understand how patients interacted with and perceived the technology. (3) Part C: Assessing
Device Usage and Experience consisted of two questions designed to gather feedback on the
experience of using the devices provided: the smart bracelet and the mobile phone.

Narrative feedback from follow-up interactions was transcribed verbatim and analyzed using
thematic analysis. Two independent coders identified recurring themes and patterns. Discrepancies
between coders were resolved through discussion to ensure inter-rater reliability.

Clinician feedback was gathered using a standardized user acceptance questionnaire designed
to assess the usability and effectiveness of the PERSIST system and mClinician app. Additionally, a
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generic 18-question questionnaire with mixed answer types, including free-text options, was
developed and distributed across all participating hospitals.

2.2.9. Ethical Considerations

The study adhered to the highest ethical and legal standards, including the Charter of
Fundamental Rights of the EU (2000/C 364/01), the General Data Protection Regulation (GDPR)
(Regulation (EU) 2016/679), the European Code of Conduct for Research Integrity, and the OECD
Council Recommendations on Health Data Governance. Furthermore, this clinical study was
conducted in accordance with the laws and regulations in force in the participating countries
(Slovenia, Spain, Latvia, and Belgium).

A study protocol, informed consent forms, and clinical data forms were developed and
translated into the local languages of the participating countries. These documents were reviewed
and approved by the Institutional Review Board and Ethical Committee of each clinical center
(Institutional Ethics Committee of CHU de Liege, approval ref. no: 2020/248; Riga Eastern Clinical
University Hospital Support Foundation Medical and Biomedical Research Ethics Committee,
approval ref. no: 8-A/20; Slovenia National Ethics Committee, approval ref. no. 0120-352/2020/5;
Spain Regional Institutional Review Board, approval ref. no. 2020/394.).

Once institutional approvals were obtained, pilot studies were initiated. The recruited patients
received the necessary devices for the proper execution of the follow-up phase of the clinical study:
a smartphone and a wearable device for quantifying physical activity and measuring health
parameters (such as blood pressure, steps, and heart rate).

The personal data of patients were pseudonymized before leaving the clinical facilities, and a set
of privacy metrics were calculated to assess the risk of reidentifying patient data. The data necessary
for conducting the PERSIST project research activities related to the clinical studies were stored in a
high-performance computer center provided by CESGA (Spanish public institution).

3. Results
3.1. Participant Flow

Figure 6 illustrates the participant flow throughout the conducted study, from initial screening
to final analysis. Only SUS was administered at a different baseline timepoint due to the delay in the
development of the mHealth app. While the retention rates at baseline and the first follow-up for the
CASE-Cancer, PAM, and SUS questionnaires were relatively high (75.9%, 77.1%, and 46.4%,
respectively), significant attrition occurred by the end of the study (CASE-Cancer = 40.5%, PAM =
39.1%, and SUS = 64.9%). This attrition led to a reduced sample size for the final analysis, with data
included from CASE-Cancer (n=75), PAM (n=77), and SUS (n=27). A total of 41 out of 166 patients
(25%) withdrew from the clinical study by the final follow-up. The majority (n=31 out of n=41, 76%)
were female, and withdrawals were more frequent in the breast cancer group (n=24 out of n=41, 59%).
The overall attrition rate for the clinical trial at completion was 25% (n=41 out of 166 patients).
Attrition rates for the CASE -Cancer, PAM, and SUS questionnaires were 40.47% (n=51 out of 126
patients), 40% (n=51 out of 128 patients), and 64.93% (n=50 out of 126 patients), respectively.
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Figure 6. Participant flow diagram.

A comprehensive analysis of the reasons for withdrawal (total n=65) revealed that these were
primarily related to personal circumstances (n=11 out of 65, 17%), technical issues (n=10 out of 65,
15%), including smart-bracelet malfunctions and other technical problems, and time constraints
associated with participation (n=9 out of 65, 14%).

3.2. Baseline Data

Patients diagnosed with breast cancer (ICD-10 C50) and colorectal cancer (ICD-10 C18/C19) were
recruited for this study. The average age of the patients was 55 years. A total of 166 patients were
included, with 37 male (22%) and 129 female (78%) participants. Table 1 presents a summary of the
demographic characteristics of the patients enrolled in this study. UL recruited the highest number
of patients (n=46, 28%), UKCM had the oldest cohort of patients with a mean age of 57 and SERGAS
had the highest proportion of male patients (12 out of 37, 32%).

Table 1. Characteristics of all participants at baseline.

UL UKCM CHU SERGAS TOTAL
Recruited Patients 46 40 41 39 166
Mean Age (years) 54.17 56.3 54.92 54.85 55.03
Std. Dev. Age (years) 11.31 8.34 11.06 10.5 10.34
Breast Cancer Cases 24 20 21 20 85
Colorectal Cancer Cases 22 20 20 19 81
Male 7 11 7 12 37

Female 39 29 34 27 129
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3.3. Outcomes and Estimation
3.3.1. Perceived Self-Efficacy of Patients by CASE-Cancer

A total of 75 questionnaires were analyzed, and descriptive statistics were computed for each
score factor. No statistically significant differences were observed in scores between the recruitment
phase and the last follow-up across any of the three factors, as assessed using the Wilcoxon signed-
rank test (Table 2).

Table 2. Descriptive statistics of CASE-Cancer Results (C.I.: Confidence interval).

Factor 1: Understand & Factor 2: Maintain Factor 3: Seek & obtain
Participate in care positive attitude information
Last Last Last
Recruitment Recruitment Recruitment
follow-up follow-up follow-up
N 75 75 75 75 75 75
Mean 13.73 13.75 13.28 13.17 13.81 13.55
Median 14 14 14 14 15 14
Std.
1.9 2.01 2.3 2.44 2.31 2.21
Deviation
Minimum 9 9 6 4 7 8
Maximum 16 16 16 16 16 16
Percentiles
12 12 12 12 12 12
25
50 14 14 14 14 15 14
70 16 15 15 15 16 16
P-value .98 .66 .25
95% C.1I. [-0.99 to 0.50] [-0.50 to 0.99] [-1.00 to 1.31e-05]

3.3.2. Activation Levels of Patients by PAM

A total of 78 completed PAM questionnaires, incorporating all data collection points, were
analyzed. As presented in Table 3, the majority of patients reported activation levels 3 or 4 at both
recruitment (42.3% and 32.1%, respectively) and the final follow-up (35.9% and 35.9%, respectively),
with a modest increase (3.8%) in the number of patients reporting level 4 activation at follow-up. No
statistically significant differences were found in the distribution of activation levels between the
recruitment and last follow-up.

Table 3. PAM Results: Comparison of the percentage of patients in each level at the recruitment vs at the last

follow-up. (P values have been calculated with McNemar Test, C.I.: Confidence interval).

Recruitment (N=78) Last follow-up (N=78)
Level P -value
n (O/o) n (0/0)
5 (6.4) 6(7.7)
Level 1 95% C.1.: [2.2 to 14.9] 95% C.1.: [3.0 to 16.6] 1.0
15 (19.2) 16 (20.5)

Level 2 95% C.1.: [11.7 to 30.8] 95% C.I.: 12.7 to 32.3] 1.0
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33 (42.3) 28 (35.9)
Level 3 95% C.I.: [32.6 to 55.9] 95% C.I.: [26.4 to 49.3] 49
25 (32.1) 28 (35.9)
Level 4 95% C.1.: [22.9 to 45.2] 95% C.L.: [26.4 to 49.3] .65

3.3.3. User Acceptance of mHealth App by SUS

The System Usability Scale (SUS) was the most significantly affected questionnaire due to
participant attrition throughout the study. While 77 questionnaires were completed at baseline, this
number decreased to 27 (35%) by the final follow-up, resulting in a low retention rate of 35.06%.
Consequently, the SUS analysis was conducted using data from these 27 complete questionnaires
across all data collection points (Table 4).

At recruitment, most participants (n=10 out of 27, 37%) rated the system as experiencing
"usability issues” (level 50-70) and as "acceptable to good" (level 70-85). This could be attributed to
participants' prior technological proficiency and their ability to adapt to the evolving nature of the
mHealth app, which was still under development. During the study, the percentage of participants
who rated the system as having "excellent usability" (level >85) increased from 14.82% to 22.22%. This
improvement can likely be attributed to the ongoing upgrades made to the mHealth app in
collaboration with technical partners.

At the final follow-up, the most frequently reported score group for the system was
"Experiencing usability issues" (level 50-70), which could be explained by negative feedback from
patients regarding the increasing complexity of the system.

Table 4. Frequencies of each score group for SUS results.

Score group Frequency Percent
<=50 3 11.11
i 50-70 10 37.04
Score at recruitment

70-85 10 37.04

>85 4 14.82

<=50 5 18.52

50-70 10 37.04

Score at last follow-up

70-85 6 22.22

>85 6 22.22

3.4. Ancillary Analyses
3.4.1. General Feedback from Patients

A total of 32 participants were included in the analysis of Part A (6 participants, 19% from CHU;
8 participants, 25% from SERGAS; 14 participants, 44% from UKCM; and 4 participants, 12% from
UL) (Table 5 and Table 6).


https://doi.org/10.20944/preprints202502.0463.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2025 d0i:10.20944/preprints202502.0463.v1

13 of 24
Table 5. Results of patient feedback — Part A (Means of all centres with standard deviation).
Question! Time Mean (SD) Median
Point
1 ion-H i ith
st (.Qgestllon ) ow do you rate your.expenence wit Initial 7.41 (1.64) 3
participation in the PERSIST project (in general)?
Middle 7.75 (1.70)
Final 7.69 (1.53)
2nd Question.— Are the instructions and explanations Initial 853 (1.67) 95
about the project from personnel understandable?
Middle 8.53 (1.16) 8.5
Final 8.47 (1.24) 8
3rd Question — How does the participation in the PERSIST Initial 8.13 (1.86) 8

project make you feel?
Middle 8.19 (1.55)
Final 8.06 (1.69)

!Friedman's ANOVA: For 1st Question, p = 0.58. For 2nd Question, p = 0.83. For 3rd Question, p = 0.50.

Table 6. Results of patient feedback — Part A (Post-Hoc Conover's Test p-values).

Questions Initial vs. Middle Initial vs. Final Middle vs. Final
1st Question 0.39 0.35 0.93
2nd Question 0.87 0.67 0.55
3rd Question 0.55 0.24 0.55

Twenty participants responded to Part B at three different time points (4 from CHU, 4 from
SERGAS, and 12 from UKCM) (Table 7 and Table 8).

Table 7. Results of patient feedback — Part B (Means of all centres with standard deviation).

Time
N .
Question Point Mean (SD) Median
1st Question — How do you rate the emotion wheel/detection Initial 6.60 (2.40) -

in the app? From 1 (bad, confusing) to 10 (super, interesting)
Middle  6.35 (2.68) 7.5
Final  6.85(2.21) 8

2nd Question — How do you rate your experience with

questionnaires in the app? From 1 (bad) to 10 (excellent) Initial 7.60 (1.64) 8

Middle 7.25(2.02)

Final 7.60 (1.79)

3rd Question — How do you rate your experience with diary Initial  6.65 (2.46) -
recording? From 1 (bad, confusing) to 10 (super, interesting)

Middle  7.00 (2.75)

Final 7.00 (2.70)

4th Question — How do you rate your experience with the

mHealth app? From 1 (really bad) to 10 (excellent) Initial - 7.60 (1.67) 75
Middle  7.35(1.90)
Final 7.90 (1.55)
5th Question — Are the instructions and explanations about
mHealth app usage understandable? From 1 (completely Initial ~ 8.60 (1.31) 9

confusing) to 10 (completely clear)
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Middle  8.60 (1.27)
Final  8.25(1.33) 8
6th Question — Do you follow up your gathered data in the Initial  7.35 (2.89) 8

mHealth app? From 1 (no at all) to 10 (all the time)
Middle  6.80 (2.78) 7.5

Final 6.90 (2.53) 8
7th Question — Does the mHealth app affect your behaviour?
From 1 (no at all) to 10 (I modify my behaviour after looking Initial  5.50 (3.05) 5
at the data)
Middle 5.75 (2.69) 6
Final 6.15 (2.98) 6

! Friedman's ANOVA: For 1st Question, p = 0.11. For 2nd Question, p =0.78. For 3rd Question, p = 0.58. For 4th
Question, p =0.28. For 5th Question, p = 0.11. For 6th Question, p = 0.39. For 7th Question, p = 0.75.

Table 8. Results of patient feedback — Part B (Post-Hoc Conover's Test p-values).

Questions Initial vs. Middle Initial vs. Final Middle vs. Final
1st Question >.99 0.23 0.23
2nd Question 0.49 0.84 0.62
3rd Question 0.3 0.51 0.71
4th Question 0.89 0.14 0.18
5th Question 0.91 0.08 0.06
6th Question 0.7 0.19 0.34
7th Question 0.71 0.45 0.71

In total, 15 participants completed the questions for Part C at all three time points (6 participants,
40% from CHU; 3 participants, 20% from SERGAS; 1 participant, 7% from UL; and 5 participants,
33% from UKCM) (Table 9 and Table 10).

Table 9. Results of patient feedback — Part C (Means of all centres with standard deviation).

Questions! Time Point Mean (SD) Median
1s't Question — How do you rate your experience Initial 6.87 (2.23) 7
with smart bracelets?
Middle 6.00 (2.10) 6
Final 6.93 (1.53) 7
2er Ques’.clon — How do you rate your experience Initial 6.80 (2.15) 7
with mobile phone?
Middle 7.33 (1.99)
Final 6.87 (2.10)

! Friedman's ANOVA: For 1st Question, p = 0.04. For 2nd Question, p = 0.227.

Table 10. Results of patient feedback — Part C (Post-Hoc Conover's Test p-values).

Question Initial vs. Middle Initial vs. Final Middle vs. Final
1st Question 0.03 >.99 0.035
2nd Question 0.09 0.5 0.28

For all three sections, no statistically significant differences were found between any two time
points for any of the questions. Additionally, narrative feedback provided valuable insights into
patients' experiences with healthcare services, complementing the quantitative measures (Textbox 1).

d0i:10.20944/preprints202502.0463.v1
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Overall, the narrative feedback suggested that the mHealth app holds potential as a valuable tool for
cancer survivors. However, it is important to balance its benefits with its potential drawbacks.

Textbook 1. Some examples from narrative feedback from patients.

“It is interesting to record and monitor measurements. It's good because it diverts your thoughts’
(female survivor of breast cancer)’

‘I would like to know more about the development itself and how this technology works’ (female
survivor from a colorectal cancer)

‘I enjoed the opportunity to monitor my features, and I think this may help other patients’ (male
survivor from a colorectal cancer)

“The project has encouraged some positive emotions. It helps me to follow my state of health in
general, the opportunity to view the data stimulates the consciousness of the need to get moving’
(female survivor of breast cancer)

‘The appreciation to the people who treated me motivated me to participate in clinical study.
Technology can help cancer patients and survivors, however, the constant thinking about oneself

may prevent them moving on.” (female survivor from a colorectal cancer)

3.4.2. General Feedback from Clinicians

The user acceptance questionnaire was completed by 16 clinicians at the recruitment time and
17 clinicians at the last follow-up (see Table 11). According to the System Usability Scale (SUS) results,
most clinicians who responded considered the system to be "not easy to use" (score < 50) (n=7 at both
time points) and reported experiencing usability issues (score 50-70) (increasing from n=6 to 7).

Table 11. SUS scores of mClinician at recruitment and last follow-up.

Score group first Frequency Percent

Score at recruitment <=50 7 43.75
50-70 6 37.50

70-85 2 12.50

>85 1 6.25

Last follow-up <=50 7 41.18
50-70 7 41.18

70-85 2 11.76

>85 1 5.88

The developed generic questionnaire was completed by 11 clinicians (4 clinicians, 37% from UL;
2 clinicians, 18% from SERGAS; 2 clinicians, 18% from CHU; and 3 clinicians, 27% from UKCM) (see
supplementary file).

Clinician evaluations of the PERSIST system revealed generally favorable, albeit not uniformly
enthusiastic, perceptions. The system received a mean overall rating of 6.27 out of 10, with usability
assessed more positively, averaging 7. Precision in risk identification by the PERSIST system was
rated with a mean score of 6.9. A substantial majority of clinicians (9 out of 10) expressed a desire to
integrate the PERSIST system into their clinical practice; however, two clinicians raised concerns
regarding system processing speed and alignment with oncology practice workflows. The most
valued functionalities of the PERSIST system included the provision of patient feedback data, vital
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parameter tracking, subjective patient reports, statistical summaries, and risk factor identification.
The system was most frequently associated with general practice, followed by psychology, infectious
diseases, and inflammatory diseases. Among modifiable lifestyle factors, physical activity was
considered the most salient, followed by blood pressure, heart rate, and depression indicators. The
overarching added value of the PERSIST system was perceived to be its capacity for patient
monitoring.

Regarding personalized care plans, clinician responses varied: some affirmed their
contributions, while others expressed partial effectiveness or uncertainty. Suggested optimal
strategies for implementing preventive measures based on individual patient trajectories included
app automation, regular monitoring (weekly or bi-annually), and the incorporation of trained
support staff.

In contrast, clinician evaluations of the mClinician web version were less favorable compared to
the PERSIST system. The web interface received a mean overall rating of 6.1 out of 10. Most
respondents (9 out of 10) expressed reluctance or unwillingness to integrate the web version into their
clinical workflows; 5 clinicians indicated ambivalence, while 4 explicitly declined. The most valued
components of the web version were mHealth data, followed by tests, general and medical history,
diagnoses, symptoms, and cancer treatment information. However, clinicians recommended
modifications or the removal of the tests, diagnostic, and therapeutic modules from the mClinician
web version.

In contrast, the mClinician mobile application received significantly more positive feedback. The
app earned a mean overall rating of 6 out of 10. A substantial majority of clinicians (9 out of 10)
expressed a willingness to utilize the app in their practice, with only one clinician dissenting. The
most highly valued features of the mClinician app included alerts, patient overview, appointments,
recurrence prediction, cardiovascular disease risk assessment, usage statistics, and patient
trajectories. Recommendations for the refinement of the mClinician app focused on the removal of
the trajectories feature and the reduction of electronic health record (EHR) data redundancy.

4. Discussion
4.1. Principal Findings

This study partially supports the initial hypothesis [25], suggesting that mHealth applications
can positively influence self-efficacy, patient activation, and satisfaction with care among colorectal
and breast cancer survivors, although statistical significance was not consistently achieved. While the
CASE-Cancer questionnaire results (Table 2) did not show significant changes over time, the baseline
scores for Factor 1 indicated a high level of patient understanding and engagement in their care at
recruitment, consistent with previous findings [37]. The stability of the PAM scores (Table 3) suggests
that patients maintained good self-management skills throughout the study, indicating the potential
of the PERSIST app to support these skills [9], even without demonstrable improvement.

The increasing SUS scores (Table 4) reflect improvements in perceived usability, likely due to
iterative app development based on user feedback. The final positive usability ratings, while not
universally excellent, emphasize the importance of continuous user-centered design in mHealth
development [46]. Positive patient feedback regarding study participation, clarity of instructions, and
explanations (Tables 5 and 6) indicates successful patient engagement. High patient ratings for the
emotion wheel/detection feature, instructions, and questionnaires within the app (Tables 7 and 8)
suggest user acceptance of these specific functionalities. Furthermore, positive experiences with
smart bracelets and mobile phones (Tables 9 and 10), with no decline in user satisfaction over time,
further support the feasibility of this technology within this population.

However, clinician evaluations of the mClinician web version revealed significant challenges.
Low SUS scores (Table 11) and predominantly negative or neutral responses regarding their
integration into clinical practice highlight the need for substantial revisions to improve usability and
align with clinical workflows. While the mClinician app fared better, with most clinicians willing to
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use it, addressing identified usability issues could enhance its adoption and effectiveness. Critically,
the disparity in clinician acceptance between the PERSIST system and the mClinician web version
suggests that system design and integration with existing clinical practices are crucial determinants
of successful mHealth implementation. Positive clinician feedback on PERSIST, particularly
regarding patient feedback integration, vital parameter tracking, and risk factor identification, points
to specific areas of value in mHealth solutions for cancer survivors. Physical activity was identified
as the most important potentially modifiable lifestyle factor for cancer survivors that the PERSIST
system detects [47,48]. Future research should focus on identifying the factors contributing to
successful mHealth implementation and tailoring interventions to meet the specific needs of both
patients and clinicians.

4.2. Comparison to Prior Work

This study builds upon a substantial body of research emphasizing the importance of self-
efficacy and patient activation in cancer survivorship [4-6]. Consistent with previous findings [6-9],
our study reinforces the notion that these constructs are critical for positive health outcomes,
including improved quality of life, symptom management, and adherence to healthy behaviors. Prior
research has also demonstrated the potential of digital health interventions (DHIs) to enhance these
outcomes [11-14], with studies showing positive effects on treatment adherence, physical activity,
and symptom burden [15,16]. Our findings align with this trend, suggesting that an mHealth
application can contribute to self-efficacy, patient activation, and satisfaction with care among
colorectal and breast cancer survivors. Specifically, the observed high baseline levels of
understanding and participation in care (Factor 1 of CASE-Cancer) and maintained levels of patient
activation throughout the study period, despite no statistically significant changes, suggest that the
mHealth app effectively supported existing self-management skills. This aligns with findings from
Van Der Hout et al. [16], who demonstrated that DHIs can be particularly beneficial for individuals
with already moderate to high baseline self-efficacy and health literacy by reinforcing and
maintaining positive behaviors.

However, this study distinguishes itself from prior work in several key aspects. While previous
studies have often focused on either self-efficacy or patient activation in isolation [12,16,21-23], our
research adopted a more holistic approach by examining the impact of a personalized mHealth
intervention on multiple dimensions of patient well-being, including self-efficacy (measured using
CASE-Cancer), patient activation (measured using PAM), satisfaction with care, and physical activity
levels. Furthermore, this study addressed a critical gap in the literature by focusing on the real-world
feasibility and acceptability of implementing a DHI in clinical settings. The high ratings received for
the app's instructions, explanations, and overall user experience, along with the positive feedback on
the smart bracelets and the mHealth app's features, suggest that the PERSIST system was well-
received by patients and demonstrates promise for real-world implementation. This emphasis on
implementation and user experience aligns with the growing recognition of the importance of user-
centered design in DHI development [46]. Although the attrition rate posed a significant limitation,
particularly for the SUS analysis, the positive feedback from the remaining participants, including
their expressed enthusiasm for future participation, underscores the potential of this approach and
highlights areas for improvement in future iterations.

Moreover, while previous studies have demonstrated the potential of DHIs to improve health
outcomes, this study offers valuable insights into the specific challenges and facilitators of
implementing such interventions in clinical practice. The identified usability issues with the
mClinician app highlight the importance of considering the needs of both patients and clinicians in
DHI design and implementation. The clinicians' feedback regarding the most useful aspects of the
PERSIST system (patient feedback, alerts, vital parameter data, and risk factors) provides crucial
information for future development and refinement of similar systems. By addressing the practical
challenges of implementation, this study offers valuable guidance for translating the potential
benefits of DHIs into real-world clinical practice.


https://doi.org/10.20944/preprints202502.0463.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2025 d0i:10.20944/preprints202502.0463.v1

18 of 24

4.3. Strengths and Limitations

The PERSIST project effectively engaged cancer survivors and provided a positive experience.
Participants demonstrated patient activation and self-efficacy, and the project enhanced self-
management among cancer patients. The majority of participants were satisfied with the mobile app
and its usage. However, despite high attrition rates for questionnaires, particularly for the SUS, the
overall retention rate for the trial remained moderate. The PERSIST system shows potential
applications in various medical fields, particularly in primary care settings, where it could
significantly improve patient outcomes and clinical decision-making. Patient engagement with the
mHealth app was robust, as evidenced by consistent follow-up and active data monitoring.
Additionally, the integration of mHealth apps and smart bracelets significantly reduced depression
and anxiety symptoms, suggesting a positive impact on patients' mental health. Clinicians also
provided positive feedback, indicating that both the PERSIST system and the mClinician app have
potential as useful tools in clinical practice. They highlighted their value in monitoring patient
parameters, receiving timely alerts, and providing personalized care plans.

Several limitations inherent to this study should be acknowledged. Firstly, the substantially
smaller sample size than initially projected by the power analysis is the primary limitation of this
study, which directly impacts our ability to detect statistically significant effects. The observed effects
in our study may not reach statistical significance due to the limited sample size, even if the
intervention had a positive impact on healthy habits. This limitation is particularly relevant for the
SUS questionnaire, which had the highest attrition rate and the smallest final sample size. While we
report observed effect sizes, the lack of statistical power weakens the strength of our conclusions
regarding the intervention’s effectiveness. This highlights the need for cautious interpretation of the
findings and underscores the importance of future research with larger, more stable samples to
confirm these preliminary observations. Factors contributing to the attrition included participant
burden, fluctuating health conditions, technical difficulties, and a lack of perceived benefit or
decreasing motivation. To mitigate these challenges in future studies, researchers should focus on
minimizing participant burden, recruiting more participants than initially estimated, providing
enhanced technical support, maximizing perceived benefit, and incentivizing participation.

The second limitation was the challenge of ensuring continuous data integration into the medical
workflow, particularly regarding the timely transfer of lifestyle data, laboratory results, and other
EHR data. Future research should prioritize the development of automated data entry systems to
ensure that the warning system and prediction models remain up-to-date, fast, and accurate,
ultimately optimizing clinical decision-making.

Thirdly, technical considerations limited participant recruitment. To avoid burdening
participants with complex devices, simple and cost-effective options were chosen. However, this
decision potentially impacted the richness of the collected data. In the future, careful device selection
and testing will be essential to balance participant comfort with comprehensive data collection.

Fourthly, the absence of a traditional control or comparison group is a key limitation resulting
from the SCED methodology employed in this study. While SCED offers strong internal validity by
controlling for individual variability, it lacks the between-participant comparison provided by
traditional randomized controlled trials or cohort studies. This means we cannot directly compare
the outcomes of participants using the PERSIST platform with a separate group receiving standard
care or no intervention. The rigorous requirements of SCED, particularly the need for complete data
across all measurement points, led to the exclusion of participants with incomplete data. This attrition
could potentially introduce selection bias. However, the strength of SCED lies in its focus on within-
participant effects, allowing for strong inferences about individual responses to the intervention,
even with smaller sample sizes. Consequently, while we can demonstrate changes within individuals
over time, attributing these changes solely to the PERSIST platform and generalizing the findings to
a broader population requires careful consideration.
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Finally, interoperability across different data types and clinical centers remains a significant
hurdle in healthcare research. This challenge requires further investigation to facilitate seamless data
exchange and collaboration.

4.4. Future Directions

This study highlights several key implications for the design and conduct of future definitive
trials. Firstly, the high attrition rate due to technological challenges underscores the importance of
careful device selection and user-friendly interfaces. Rigorous pre-trial testing of devices is essential
to ensure compatibility with a diverse participant population and minimize technical difficulties.
Secondly, comprehensive training programs should be implemented to equip participants with in-
depth knowledge of device usage and study procedures, including personalized support and
troubleshooting assistance. Thirdly, an agile implementation approach can help mitigate participant
burden and improve retention rates by gradually introducing study components. Finally, a robust
system for ongoing monitoring of participant engagement and satisfaction should be established to
allow for timely adjustments to the study design or procedures.

By incorporating these improvements, future definitive trials can build upon the lessons learned
from this study, increasing the likelihood of successful outcomes. Additionally, the PERSIST system
has the potential to significantly impact clinical routines by providing valuable insights into patient
behavior, treatment adherence, and overall health outcomes. By integrating the PERSIST system into
clinical practice, healthcare providers can make more informed decisions, tailor interventions to
individual patient needs, and ultimately improve patient care. To facilitate the wider adoption of
digital therapies in cancer survivor care, further research is essential to address usability issues and
demonstrate their efficacy and generalizability through large-scale studies.

5. Conclusions

The PERSIST project’s tools represent a significant advancement in cancer survivorship care by
delivering personalized and dynamic care plans tailored to the unique needs of individual survivors.
This personalized approach holds the potential to improve patient outcomes and overall quality of
life while reducing healthcare costs. The system is user-friendly and easy to navigate, with
participants generally expressing a neutral to slightly positive attitude towards frequent use. The
high adherence rates across nearly all hospitals suggest that patients found the app easy to use and
manage on a daily basis.

The PERSIST project’s tools align with the goals of the Precision Medicine Initiative (PMI) [49],
which seeks to tailor medical treatments and preventive strategies to an individual's unique genetic
and environmental profile. This technology has the potential to revolutionize cancer survivorship
care by enabling personalized and adaptive care plans, leading to improved patient outcomes,
enhanced patient satisfaction, and significant cost savings for healthcare systems. By facilitating
seamless coordination among healthcare providers and promoting healthy behaviors through
mHealth apps and smart bracelets, this technology can help prevent chronic diseases and reduce
long-term healthcare costs.

Overall, the PERSIST project’s approach represents a key opportunity to improve survivorship
care for cancer patients and transition towards more personalized medicine strategies.

Supplementary Materials: The following supporting information can be downloaded at the website of this
paper posted on Preprints.org., Figure S1: title; Table S1: title; Video S1: title.
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CHU Centre Hospitalier Universitaire De Liege

CI Confidence Interval

CTCs Circulating Tumor Cells

DHI Digital health intervention

HL7 Health Level 7 Fast Healthcare Interoperability Resources
FHIR
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MRAST  Multimodal Risk Assessment and Symptom Tracking
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PERSIST  Acronym of project ‘Patients-centered SurvivorShlp care plan after Cancer treatments based on
Big Data and Artificial Intelligence technologies’

PMI Precision Medicine Initiative
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PROMs  Patient-reported outcome measures

REUH Riga East Clinical University Hospital
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