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Abstract 

Background:  Depression is a common condition among cancer patients, across several points in the disease trajec‑
tory. Although presenting higher prevalence rates than the general population, it is often not reported or remains 
unnoticed. Moreover, somatic symptoms of depression are common in the oncological context and should not be 
dismissed as a general symptom of cancer. It becomes even more challenging to track psychological distress in the 
period after the treatment, where connection with the healthcare system typically becomes sporadic. The main goal 
of the FAITH project is to remotely identify and predict depressive symptoms in cancer survivors, based on a federated 
machine learning (ML) approach, towards optimization of privacy.

Methods:  FAITH will remotely analyse depression markers, predicting their negative trends. These markers will be 
treated in distinct categories, namely nutrition, sleep, activity and voice, assessed in part through wearable technolo‑
gies. The study will include 300 patients who have had a previous diagnosis of breast or lung cancer and will be 
recruited 1 to 5 years after the end of primary cancer. The study will be organized as a 12-month longitudinal pro‑
spective observational cohort study, with monthly assessments to evaluate depression symptoms and quality of life 
among cancer survivors. The primary endpoint is the severity of depressive symptoms as measured by the Hamilton 
Depression Rating Scale (Ham-D) at months 3, 6, 9 and 12. Secondary outcomes include self-reported anxiety and 
depression symptoms (HADS scale), and perceived quality of life (EORTC questionnaires), at baseline and monthly. 
Based on the predictive models gathered during the study, FAITH will also aim at further developing a conceptual fed‑
erated learning framework, enabling to build machine learning models for the prediction and monitoring of depres‑
sion without direct access to user’s personal data.

Discussion:  Improvements in the objectivity of psychiatric assessment are necessary. Wearable technologies can 
provide potential indicators of depression and anxiety and be used for biofeedback. If the FAITH application is 
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effective, it will provide healthcare systems with a novel and innovative method to screen depressive symptoms in 
oncological settings.

Trial registration:  Trial ID: ISRCT​N1042​3782. Date registered: 21/03/2022.

Keywords:  Cancer, Depression, Survivorship, Federated learning, Artificial intelligence, Wearables, Remote 
assessment, Quality of life

Background
There were an estimated 3.9 million new cases of can-
cer in Europe in 2018 [1]. Due to advances in cancer 
screening and early diagnosis, cancer survival rates 
have increased substantially over the past decades, with 
approximately half of patients diagnosed with cancer 
expected to survive for 10 years or more [2]. Cancer sur-
vivors may face different physical and/or psychosocial 
sequelae caused by the illness or the treatments. Fre-
quently, these patients report symptoms such as pain, 
fatigue, cognitive impairment, sexual dysfunction, sleep 
disturbances, distress, anxiety, or depression [3–5].

Both depression and anxiety are common symptoms 
among cancer patients, with higher prevalence rates 
compared to the general population [6]. Noteworthy, the 
proportion of subjects with anxiety/depression is higher 
among cancer survivors up to 5 years since cancer diag-
nosis [7], although such symptoms are often unnoticed 
or are dismissed as general symptoms of cancer [4, 8]. 
Among long‐term cancer survivors, a recent review [3] 
estimated that the pooled prevalence of patients with 
depressive symptoms was 21%. Until depression is even-
tually diagnosed and treated, these patients have gone 
through substantial suffering and experienced greatly 
reduced quality of life. Individuals with unaddressed and/
or untreated depression are more likely to experience 
exacerbation of symptom burden and are less likely to 
exercise, present worse quality of life, greater psychologi-
cal burden on the family, and increased health care utili-
zation and expenditures [9–11]. Also, depression may be 
related to increased suicidality [6]. The early identifica-
tion of depressive symptoms is thus of critical relevance.

Most studies focusing on psychological problems in 
cancer survivors have explored their prevalence mainly 
within the first years after diagnosis, when patients are 
still participating in regular follow‐ups at the hospital 
[12, 13]. Conversely, the prevalence of depression and/or 
anxiety, in cancer survivors, beyond the first years after 
diagnosis has receiving limited attention so far. Never-
theless, a higher prevalence of symptoms of depression 
among 2  years or longer survivors of breast cancer was 
reported when compared to the general female popula-
tion [14]. Importantly, most cancer follow‐up schedules 
in hospitals start to decrease to 6-month or 1-year visits 
after the end of treatments. During this period, there is a 

limited connection between the patient and the health-
care environment.

Self-reporting instruments are often used in clinical 
practice to detect depressive symptoms and assess their 
severity [15]. They have the advantage of being quick, 
easy to administer, and inexpensive, but rely on psycho-
logical and cognitive symptoms rather than other mani-
festations of depressive disorders. Nevertheless, somatic 
symptoms such as fatigue, loss of appetite and sleep 
disturbances, are relevant when diagnosing depression 
in the context of cancer, and therefore, they should also 
be carefully considered [16]. Importantly, self-rated and 
symptom severity scales used in screening settings are 
not adequate to make a clinical diagnosis of depression, 
that requires a structured or semi-structured clinical 
interview. Somatic symptoms, such as trouble falling or 
staying asleep or sleeping too much, feeling tired or hav-
ing little energy, poor appetite or overeating and trouble 
concentrating, have been reported to have higher accu-
racy for diagnosis of depression among patients with 
cancer, with insomnia as the optimal symptom for case-
finding and screening properties [16]. Changes in appe-
tite were also reported as the most pronounced somatic 
symptom in patients with depression and cancer [17, 
18]. Importantly, while somatic symptoms of depression 
are common in patients with cancer, even when they are 
not depressed, they should nevertheless be considered as 
they are even more common in the context of depression 
[16].

Nutrition, appetite, and weight regulation play a rel-
evant role both in cancer and depression [19, 20]. There 
are bidirectional associations between depression symp-
tomatology, appetite, and weight dysregulation [20, 21]. 
Patients with depression may experience decreased 
or increased appetite, a phenomenon which is poorly 
understood [21], including in cancer survivors. Sleep dis-
turbances are also common in patients with cancer, with 
reports of 30% to 60% experiencing insomnia [22], which 
may persist for years after cancer treatments [23]. Impor-
tantly, in the general population, insomnia was shown 
not only to be associated with depression but also to be 
an independent risk factor for its development [24]. Fur-
thermore, a strong association between sleep disruption 
and depression in patients with cancer has been reported 
[25, 26]. Fatigue or loss of energy are greatly associated 
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both with cancer and depression. In fact, it was revealed 
to be the second most frequently reported criterion for 
depression among those of the Diagnostic and Statisti-
cal Manual of Mental Disorders (DSM) classification, 
experienced by 87.9% of patients with major depressive 
disorder (MDD) [27] beyond the oncological context. 
Individuals presenting fatigue or loss of energy are more 
likely to engage in lower levels of physical activity (PA). 
Indeed, people with depression have previously been 
shown to be less physically active and more decondi-
tioned than nondepressed individuals [28]. Interestingly, 
a growing number of studies assessing the benefits of 
PA in depression, confirm it as an effective intervention 
[29]. Moreover, at a preventive level, robust evidence has 
supported a protective role of PA on the risk for devel-
oping MDD [30, 31]. Finally, speech patterns have been 
known to provide indicators of mental disorders. Reports 
go back to 1921, with Kraepelin describing that the voice 
of patients with depression tended to have lower pitch, 
more monotonous speech, lower sound intensity, and 
lower speech rate, as well as more hesitations, stuttering, 
and whispering [32].  Importantly, research has shown 
voice/speech analysis to be a strong predictor of depres-
sion severity [33, 34] and of antidepressant treatment 
responses [35, 36]. In fact, speech presents several advan-
tages in the context of depression: its content is a direct 
way of expressing emotions, while motor and acoustic 
variation is an indirect measure of neural modulation 
generalizable across languages [37].

The assessment of depression is usually performed 
through symptom-based questions, typically within instru-
ments that can be general somatic scales or more general 
measurements of psychopathology. Ideally, however, fea-
tures of somatic symptoms would be measured along with 
the associated phenomena. Thus, the development of an 
objective, non-invasive, physiologically based marker that 
captures depression severity would provide new avenues 
for clinical research and most directly for development of 
diagnostic instruments in the context of mental health. 
Moreover, nowadays it is becoming easier to collect data 
on patterns of voice or activity using smartphones, tablets, 
and computers. Therefore, technology using data collected 
in the clinic and/or remotely could represent a promising 
possibility towards improving depression diagnosis, and 
thus become a reliable biomarker.

Information and Communication Technologies (ICT) 
has provided innovations that can assist patients with 
chronic illness, such as depression. This ranges from 
the use of devices that can communicate different types 
of physiological and behavioural data, remotely evalu-
ated by a health care expert, to mobile applications 
(apps) designed for intervention for specific health 

problems. Improvements in the objectivity of psychi-
atric assessments have been promised through health‐
related data collection using sensors (e.g., wearables, 
smartphones, cameras) alongside the use of Machine 
Learning (ML) methodologies [37]. Wearables, includ-
ing watches, rings, and clothes that measure biological 
and behavioural metrics, such as temperature, move-
ment and heart rate, can be potential indicators of anxi-
ety and depression, and used to provide biofeedback 
[38]. Additionally, smartphones can provide important 
measurements, including voice and activity data, to 
detect mood disorders like depression [39]. Neverthe-
less, most healthcare data is hard to obtain due to legal, 
privacy, technical, and data-ownership challenges, 
especially among international institutions [40]. An 
emerging solution to this problem is Federated Learn-
ing (FL), a new approach to ML where the training data 
does not leave the users’ local device. FL has shown that 
a deep learning model could be trained with 99% of the 
accuracy of the same model obtain through traditional 
data-sharing methods [41]. In the future, ML models 
are thus expected to be trained without the need of 
computing resources owned by giant Artificial Intelli-
gence (AI) companies, with users not being required to 
compromise privacy for improvement of services.

The main goal of the FAITH project is to remotely 
analyse depression markers, predicting their trends, 
in cancer survivors. These depression markers will be 
treated under several distinct categories: Nutrition, 
Sleep, Activity, and Voice. Central to the FAITH project 
is the introduction of only one new device – a smart-
band, which, together with the already existing smart-
phone functionality, is able to cast a wide enough net 
over a user’s health data. The FAITH application (app) 
will be designed to essentially run in the background, 
and with the least user input as possible. Based on the 
predictive models developed during the study, FAITH 
also aims at developing a conceptual federated learning 
framework, enabling it to build ML models for the pre-
diction and monitoring of depressive symptoms  with-
out direct access to user’s personal data. The use of the 
optimized model might further allow early screening 
and proper intervention, thus leading towards early 
improvements of quality of life.

The primary objective of the FAITH project is to 
remotely identify and predict the risk or trends of 
depression in cancer survivors. The project will use the 
FAITH app and Point of Care solution (Alpha Version) 
that collects information from a smartphone, smart-
band and questionnaires in breast and lung cancer sur-
vivors. The FAITH model will include variables such 
as sociodemographic, clinical, psychosocial factors, 
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and depression markers (Nutrition, Sleep, Activity, and 
Voice).

The secondary objectives are to determine the effec-
tiveness of several bio-related variables in:

•	 Measuring longitudinal progression of established 
depression markers and of quality of life and assess-
ing their relationship.

•	 Examining the potential differences in the predictive 
and outcome variables according to cancer subtype 
(breast or lung cancer).

•	 Developing a conceptual federated learning depres-
sion predictive model that will provide the healthcare 
staff with advanced warnings, allowing for timely 
intervention.

•	 Evaluating FAITH´s solution feasibility and usability 
in cancer care.

Methods
Outcomes
The primary outcome will be severity of depressive symp-
toms as measured by the Hamilton Depression Rating 
Scale (Ham-D17), a semi-structured interview, at months 
3, 6, 9 and 12 post-baseline. Secondary outcomes include 
self-reported anxiety and distress according to the HADS 
scale, and perceived quality of life measured by EORTC 
questionnaires at baseline and monthly until month 12.

Study design
The study is a multi-centre longitudinal prospective 
observational cohort study. Patients will be recruited at 
two clinical centres: Hospital General Universitario Gre-
gorio Marañón (HGUGM), in Spain and Champalimaud 
Clinical Centre, at the Champalimaud Foundation (CF), 
in Portugal.

Each pilot site will identify patients ambispectively, 
by inspection of medical records collected in each 
clinical centre, aiming to select breast and/or lung can-
cer survivors according to the defined inclusion crite-
ria. The study is designed as a 12-month longitudinal 
study, with monthly (± 1 week) assessments, to evalu-
ate depression symptoms and quality of life in cancer 
survivors (Fig.  1). Upon informed consent signature 
and eligibility screening, patients will perform base-
line assessments and will receive the study IT tools 
(smartband and the smartphone app) and the respec-
tive instructions. Patients will provide monthly assess-
ments through the FAITH mobile app regarding the 
self-rated questionnaires (HADS and EORTC QLQ 
global and specific modules). Every 3-months patients 
will be contacted by phone by a clinical researcher to 

be monitored for Depression severity using the Ham-
D17 interview (Fig.  1). Other variables of interest 
(Nutrition, Sleep, Activity, and Voice) will be moni-
tored continuously through the FAITH mobile app and 
smartband (Fig.  1). During the study, participants will 
be notified about missing data by automated alerts to 
optimize protocol compliance.

Study population
The target sample is 300 cancer survivors, in total. 
HGUGM will recruit breast cancer patients, and CF will 
recruit both breast and lung cancer patients. Patients will 
be referred to the study by their oncologists or contacted 
by a research team member. Cancer survivors are defined 
[42] as persons who have completed primary treatments 
for cancer, and are apparently free of recurrent or persis-
tent cancer. More specifically, we will consider the period 
after the end of primary treatment, when there is a lower 
risk of recurrence [43]: [1-5] years after the end of pri-
mary cancer treatments.

Inclusion criteria
Eligible participants include both breast and lung cancer 
patients, that should meet the following criteria:

•	 Capable of giving signed informed consent
•	 Age between 18–70 years
•	 Native or fluent Spanish/Portuguese speakers
•	 Be Apple iPhone or Android users
•	 For Apple iPhone users: have iOS 14 + installed on 

the device
•	 For Android device users: have Android 7 + and 

Google Fit installed on the device
•	 Histologically confirmed invasive breast cancer or 

invasive lung cancer
•	 Breast cancer participants must have stage I to III 

at diagnosis and histopathology of Hormonal recep-
tor (HR) positive / Human epidermal growth factor 
receptor 2 (HER2) negative; HR positive /HER2 posi-
tive or HR negative /HER2 positive disease

•	 Lung cancer participants must have stage I to IIIA/B 
at diagnosis

•	 Must have received (neo) adjuvant chemotherapy 
+/− biologicals, definitive surgery, and/or adju-
vant radiotherapy as standard of care, within at least 
1 year, and up to 5 years, from the last curative intent 
treatment

•	 Patients under ongoing hormone therapy, chemo-
therapy or other disease-specific treatments will be 
included when these treatments are conducted to 
reduce the risk of relapse

•	 Performance status (ECOG): 0–2
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Fig. 1  FAITH study design
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Exclusion criteria
A lack of capability to participate in the study including 
giving consent, illiteracy or otherwise not understanding 
the study’s instructions will result in ineligibility. Indi-
viduals who demonstrate an inability to use smartphone 
technology, especially touch screen interaction and basic 
maintenance procedures of the devices (e.g. charging, 
switching on and off, reading notifications, making calls, 
and sending and receiving text messages) will also be 
considered ineligible. Patients’ ability to use smartphone 
technology will be assessed by asking whether they are 
able to use smartphones to check and send emails.

Clinical exclusion criteria include:

•	 Distant metastases
•	 Inflammatory breast cancer
•	 Small cell lung carcinoma
•	 A previous invasive malignancy whose treatment 

was completed within 5 years before the diagnosis of 
the current neoplasic disease, apart from adequately 
treated, basal or squamous cell skin carcinoma or 
curatively resected cervical cancer in situ

•	 Any clinically significant acute medical illness or 
other active and insufficiently controlled concomi-
tant disease, such as the following examples for 
cardiac disease: congestive heart failure, sympto-
matic coronary artery disease or cardiac arrhythmia 
not well controlled with medication, or myocardial 
infarction within the last 12 months

•	 Major surgery for a severe disease or trauma which 
could affect patient’s psychosocial wellbeing (for 
example, major heart or abdominal surgery) within 
4  weeks prior to study entry or lack of complete 
recovery from the effects of surgery

•	 Any treatment for major illnesses in the last 6 months 
that will preclude the compliance to this protocol as 
per the investigator discretion

•	 Pregnancy or breastfeeding at time of recruitment
•	 A diagnosis of a current moderate to severe major 

depressive episode at baseline according to the 
M.I.N.I. (version 7.0.2) (diagnosis) and/or Ham-D17 
(severity)

•	 A current or previous hypomanic or manic episode, 
current or previous psychotic disorder or current 
mood disorder with psychotic symptoms, as well as 
substance abuse or dependence in the last 12 months, 
as reported or screened by the M.I.N.I.

•	 Presence of any psychiatric disorder requiring urgent 
care or hospitalization at the time of recruitment

•	 Presence of neurologic disorder or any previously 
known major structural lesion of the central nervous 
system

•	 Developmental disorders with low intelligence quo-
tient or any other form of cognitive impairment

Materials
During the study, several materials will be used to col-
lect the main variables of interest, namely depression 
and quality of life. The presence of a psychiatric diag-
nosis according to DSM-5 criteria will also be evaluated 
(M.I.N.I.) by a trained clinical researcher.

The rater-based and self-report scales and interviews 
that will be administered at baseline and at each follow-
up evaluation include:

–	 Mini-International Neuropsychiatric Interview 
(M.I.N.I. 7.0.2)  [44] – is a short structured diagnos-
tic interview for the major psychiatric disorders of 
DSM-5. It will only be done at the screening visit to 
verify psychiatric eligibility criteria.

–	 Hamilton Rating Scale for Depression (Ham-D17) 
[45] – rater-based interview for assessing depres-
sion severity. The Ham-D will be done at baseline to 
ensure screening eligibility, and every 3-month by a 
phone interview.

–	 Hospital Anxiety and Depression Scale (HADS) [46] 
– patient self-rated digital version to monitor levels 
of depression and anxiety. The HADS will be done 
monthly in the FAITH mobile app.

–	 EORTC QLQ-30 (European Organization for 
Research and Treatment of Cancer quality-of-
life questionnaire) [47]: the QLQ-30 will be done 
monthly in the FAITH mobile app. Subscale modules 
will be used according to cancer subtype: the EORTC 
QLQ-BR23 Breast Cancer [48] and the EORTC 
QLQ-LC29 Lung Cancer [49] at the same time-
points.

Clinical data will be obtained from electronic health 
records or other clinical registries in ambispective 
fashion.

FAITH platform
The FAITH platform is hosted in a private cloud through 
Amazon Web Services (AWS) which ensures no pub-
lic access to the cloud and enhanced security access for 
sensitive data. Thus, only staff from the two hospitals 
working in FAITH, as well as the data scientists from the 
consortium will have access to the aggregated and coded 
data. The platform (Fig. 2) comprises four layers with the 
following components:
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Fig. 2  FAITH Trial Platform Overview
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•	 Application Layer:

◦ Mobile app to capture the variables of interest 
from the smartphone and the smartband.
◦ Web app to record the Case Report Form (CRF) 
data.

◦ An analytics engine to ultimately run queries 
against the recorded data (to do statistical analysis 
and generate the future FAITH Model).

•	 The services Layer:

◦ An Application Programming Interface (API) to 
serve as an endpoint for both the mobile and web 
applications.
◦ A security access and authorization access ser-
vice and Audit Logs for complete visibility into 
who is accessing what data.
◦ The connection services to register and access 
data from databases.

◦ The statistical analytic tools to enable the analytic 
engine to further analyse data.

•	 The data Layer:
◦ A database to store the recorded data from the 
trial and the app.

•	 The security Layer:
◦ A Transversal layer to the other three layers and 
guarantees that information is stored and trans-
ferred between them all, ensuring that data follows 
GDPR rules and is secure.

FAITH app
The FAITH mobile app packages the functionality from 
the four constituent modules: nutrition, sleep, activity, 
and voice. It is built using React Native to ensure compat-
ibility with both iOS and Android devices. The Nutrition 
module is implemented through the integration of vali-
dated questionnaires in the mobile app. This allows for 
a streamlined capture of reliable data. The voice analysis 
will be implemented by capturing the user’s voice directly 
in the app, and then offloading this recording. Since the 
methods used in the literature vary, it has been chosen 

an approach that is expected to perform optimally in 
the overall context of the FAITH study: 1) Patients will 
respond to a set of defined questions (to elicit spontane-
ous speech) and read a text (e.g., The Grandfather Pas-
sage1); 2) The questions will follow a form [35] with the 
frequency reference updated appropriately.2 Participants 
will use the FAITH app on their smartphone for all voice 
recordings, at monthly intervals.

Wearables
FAITH leverages the suite of sensors available in mod-
ern smartphones and augments it with a complimentary 
device for activity and sleep tracking (Fitbit). Together, 
these two devices provide enough data to track the key 
depression markers, without requiring users to adopt 
multiple devices. Sleep tracking is achieved through a 
combination of Google Fit and the Fitbit. The partici-
pant must wear the Fitbit and install its associated App 
(Fitbit app) to collect data from the device and hand it 
to Google Fit, intrinsic to most Android devices. In the 
case of IOS devices, data will be transmitted via the Fitbit 
App to Apple health. The App will transmit information 
necessary for the characterisation of sleep. Ambient light 
will be measured in Lux, using the smartphone’s light 
sensors within the FAITH App, to improve the quality of 
sleep assessment. This will be an additional input to help 
determining sleep latency and sleep duration with preci-
sion. The FAITH app will also collect activity data, from a 
Fitbit, by means of the Activity Monitor Module (AMM). 
Along with the remaining modules, the AAM will be 
integrated within the app to seamlessly capture data 
without intervention from users. Instead, it will leverage 
on GoogleFit and Apple HealthKit for Android and iOS 
devices, respectively. Data coming from both GoogleFit 
and Apple HealthKit (or calculated in the activity tracker 
itself ) will be stored locally on the device following the 
FHIR compatible data model.

Data storage
The data will be stored in Amazon Relational Database 
Service (RDS) for PostgreSQL, an open-source object-
relational database. Amazon RDS makes it easy to set up, 
operate, and scale PostgreSQL deployments in the cloud. 
The automated backup feature of Amazon RDS enables 
recovery of the PostgreSQL database instance to any 
point in time within the specified retention period up to 
thirty-five days. The data is secured through a security 
layer (access, authorizations, cybersecurity, etc.), applied 
over the pseudonymization approach.

Statistical analyses
Descriptive statistics will be generated for all clinical 
characteristics and outcome measures as appropriate.

1  https://​www.​amysp​eechl​angua​gethe​rapy.​com/​uploa​ds/7/​5/7/​4/​75749​67/​
grand​fathe​rpass​age.​pdf
2  “Describe how you’ve been feeling emotionally during the last week. 
Record your experiences as well as any comments other people made about 
your emotions.”, “Describe how you’ve been feeling physically during the 
past week. If you can, give examples of how your physical feelings have been 
affecting your life.” “Please describe how your emotional and physical feel-
ings have affected your general ability to function in the past week. Con-
sider such things as your ability to work, manage your home, get along with 
others, and participate in leisure activities.”.

https://www.amyspeechlanguagetherapy.com/uploads/7/5/7/4/7574967/grandfatherpassage.pdf
https://www.amyspeechlanguagetherapy.com/uploads/7/5/7/4/7574967/grandfatherpassage.pdf
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In FAITH, variables will be selected using algorithms 
based on different feature selection methods. For example, 
for wrapper methods, we will use forward selection, back-
ward elimination, and stepwise selection. These methods 
can also support filtering, as they evaluate possible com-
binations of features against the evaluation criterion [50]. 
The evaluation criterion depends on the type of problem 
e.g. for regression, evaluation criteria can be p-values, 
R-squared, Adjusted R-squared. Similarly, for classifica-
tion, the evaluation criteria can be accuracy, which in this 
case will work as filtering. These methods will help towards 
eliminating unnecessary variables, or substitute variables 
with others that will yield a similar prediction [50].

This step of variable selection is fundamental to deter-
mine the set of variables that will provide the best fit for 
generating a model. The correct interaction of variables 
will support the identification of correlations and inter-
plays among clinical, sociodemographic, psychographic 
and depression markers, gaining deeper insights for more 
effective models.

Pre-selected statistical tools according to suitability 
to support modelling of the selected markers as pre-
dictors of depression comprise temporal data mining, 
time-series analysis, sequence classification methods, 
clustering of time series, temporal pattern discovery 
and association rules. If any of these techniques is found 
not to be suitable, a similar alternative technique will be 
explored. Because the FAITH data is non-stationary, time 
series forecasting and neural network analysis model-
ling will be used to predict future values, for example of 
presence and severity of depression, based on observed 
and data of the pre-selected markers. Thus, this statisti-
cal methodology will support forecasting by creating 
a predictive model for risk of depression, anxiety, and 
quality of life. Additionally, there are several time-series 
forecasting algorithms that may be useful for this analy-
sis, among which Autoregressive and Moving Average to 
predict future values as a combination (e.g., linear combi-
nation) of values obtained from the sample.

While missing data could introduce bias, and poten-
tially even invalidate results and conclusions, excluding 
participants with missing data could affect the power 
of analysis. The strategy of the FAITH project to handle 
missing data within its prospective datasets will be at 
first to identify a model for the missing data, which can 
be based on its distribution conditioned by the avail-
able data, as well as to detect if it can be categorized by 
whether the missing data is random or not. Secondly, 
missing data patterns will be checked as to detect if 
only one variable is missing (univariate) or more than 
one variable (multivariate, monotone, and non-mono-
tone). According to this analysis, the most suitable 
method to address missing values will be selected among 

the following: replacing missing values with mean of 
observed values, omitting participants with missing val-
ues (complete case analysis), missing indicator method 
(creating dummy variable, e.g., zero as an indicator for 
missing data), mean substitution (replacing missing value 
with overall mean or subgroup mean). More complex 
methods may also be considered, such as maximum like-
lihood method or multiple imputation.

Although FL is a central component of this project, it is 
important to clarify that it will only be implemented after 
the trial is concluded (beta version), and not throughout 
its duration (alpha version). Likewise, an appropriate FL 
model can only be developed once the data is analysed.

Sample size
Recruitment will be based on the calculation of sample 
size, performed with a set of multiple linear regressions, 
calculated using three inputs: the expected effect size, the 
chosen significance level (between 0.5 – 0.10), and power 
(0.8 – 0.95). Based on these, we propose the following 
sample plan:

An estimation to have a sample size of n = 231 (300 
subjects, considering an estimated attrition rate of 
23%) is sufficient to ensure 85% power at p < 0.05 
for detecting the cumulative contribution of up to 
27 independent predictors (from our group of vari-
ables collected from the 4 modules). Furthermore, 
in a regression model with 27 independent variables 
this sample size is sufficient to detect the significant 
added value of each individual independent variable 
assuming a small effect size (Cohen’s f2 > 0.039).

Ethics compliance
The study was already approved by the Ethical Commit-
tees (ECs) of the participating institutions.

FAITH uses pseudonymization as a security meas-
ure (art. 32 GDPR) in the context of data protection by 
design (art. 25 GDPR), hiding the identity of the partici-
pants from any third party and enabling the data protec-
tion goal of unlinkability. Each hospital will perform the 
pseudonymisation process. Figure  3A shows the flow of 
the pseudonymization process.

Taking this process into consideration, the coded data 
flows among the three main stakeholders: the partici-
pants, the hospitals, and the data processors (data ana-
lysts and devices), supported by the platform and the 
security of the platform (Fig. 3B).

The responsible Principal Investigator (PI) will ensure 
that this study is conducted in compliance with the pro-
tocol, adhering to the principles of Good Clinical Practice 
(GCP) and with current local legislation. This trial will be 
initiated only after all required legal documentation has 
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been reviewed and approved by the responsible inde-
pendent ethics committee (IEC) and competent authority 
(CA) of the hospitals according to all applying national 
and international regulations.

Prior to participation in the trial, written informed 
consent must be obtained from each participant accord-
ing to ICH-GCP and to the regulatory and legal require-
ments of the participating country.

Fig. 3  FAITH dataflow and security compliance. (Legend: Panel A – Pseudonymization process; Panel B – Flow of pseudonymized data)
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The application of structured and self-rated psychiat-
ric and psychological questionnaires is exclusively for 
research purposes. Nevertheless, these questionnaires are 
clinically validated and thus have the capability of identi-
fying clinically significant medical issues such as severe 
depression or suicidality. Consequently, an alarm will be 
sent to the research team of the corresponding hospital 
whenever a participant scores above pre-defined thresh-
olds on these parameters (according to each question-
naire scoring and norming scales). The participants may 
then be contacted (according to the incidental findings 
policy) and a clinical follow-up will be proposed accord-
ing to the specific internal protocol of each hospital.

Information regarding procedures in case of inciden-
tal findings is detailed in the informed consent forms. 
In the presence of a clinically relevant incidental find-
ing, the participant will be notified by a study physician 
in accordance with consent obtained regarding inciden-
tal finding. In the absence of consent to communicate 
incidental findings, the issue might be brought to the 
local Ethics Committee for recommendations regarding 
actions to take. The participant will also be provided with 
written information about the incidental finding.

The security and privacy of participants in the FAITH 
project will comply with relevant EU legislation regard-
ing processing of personal data and the protection of 
privacy in the electronic communications sector, Direc-
tive 95/46/EC on protection of individuals regarding the 
processing of personal data and on the free movement of 
such data, and international texts on privacy. The pro-
visions of Regulation EU 2016/679 will be adopted, or 
national regulations in matters of personal data protec-
tion and privacy if they are more restrictive.

Once it has been authorized by all ECs, any protocol 
modification will be documented by the coordinator in 
the form of an amendment. All the protocol amendments 
must be notified to the ECs involved in the study before 
their application. Any amendment affecting the participant 
requires their informed consent prior to implementation.

Discussion
FAITH is a multi-centre longitudinal prospective obser-
vational cohort study that will include breast and lung 
cancer survivors across two clinical centres (in Spain and 
Portugal). The purpose of including cancer survivors is to 
remotely assess patients when they have already totally or 
partially disconnected from the more specialized health-
care system. The lack of connection between the patient 
and the healthcare environment may lead to psychologi-
cal changes not being reported and remaining unnoticed. 
This protocol has been designed to implement the FAITH 
study, aiming to remotely analyse depression markers and 
predict onset of depression among cancer survivors. The 

depression markers include domains with important roles 
both in cancer and in depression: nutrition, sleep, activity, 
and voice. Presence or absence of symptoms of depression 
will be assessed regularly through standardized Depres-
sion instruments both self-rated (HADS) and rater-based 
(Ham-D). Measures of quality of life will also be obtained.

In FAITH, the remote assessment of patients will be 
done through the patient’s smartphone, synced with a 
smartband through the FAITH App. This functional-
ity will allow the extraction of the depression markers of 
interest. The FAITH application will be designed to run 
in the background, with the least user input as possible. 
Based on the predictive models developed during the 
study, FAITH also aims at developing a conceptual fed-
erated learning framework, enabling it to build ML mod-
els for monitoring depressive symptoms  without direct 
access to user’s personal data. FAITH is expected to pro-
vide a federated learning model to predict depression, 
that will enable healthcare providers to offer advanced 
warnings, allowing for timely mental health intervention 
in oncological settings. The optimized FAITH model, 
through early screening and intervention, would be a rel-
evant clinical tool for the improvement of quality of life.

Abbreviations
AMM: Activity Monitor Module; API: Application Programming Interface; AWS: 
Amazon Web Services; AC: Competent Authority; CF: Champalimaud Founda‑
tion; CRF: Case report form; DSM: Diagnostic and Statistical Manual of Mental 
Disorders; EORTC QLQ: European Organization for Research and Treatment of 
Cancer quality-of-life; ECOG: Eastern Cooperative Oncology Group; ECs: Ethical 
Committees; FHIR: Fast Healthcare Interoperability Resources; HADS: Hospital 
Anxiety and Depression Scale; Ham-D: Hamilton Rating Scale for Depression; 
HER2: Human epidermal growth factor receptor 2; HGUGM: Hospital General 
Universitario Gregorio Marañón; HR: Hormone receptor; ICH-GCP: Interna‑
tional Conference on Harmonisation-Good Clinical Practice; GDPR: General 
Data Protection Regulation; FAITH: Federated Artificial Intelligence solution 
for moniToring mental Health status; MDD: Major Depressive Disorder; M.I.N.I.: 
Mini-International Neuropsychiatric Interview; ML: Machine Learning; ORR: 
Overall response rate; PA: Physical Activity; PI: Principal Investigator; RDS: 
Amazon Relational Database Service.

Acknowledgements
In addition to the authors listed, the FAITH study is dependent on the continu‑
ous effort of many clinicians and researchers of all the institutions involved.

Authors’ contributions
GMM designed the FAITH study and obtained funding. RL, SA-M, PF, PO, MEB-J, GR, 
MM, MM-M, SL-T, TM, FL-F, GF, SV, GMM, and AJO-M contributed to the design of 
study protocol. POB and GMM coordinate the overall study. AJO-M coordinates the 
study in Portugal. SL-T coordinates the study in Spain. RL, SA-M, MM, MM-M, SL-T, TM, 
and AJO-M designed and prepared the methodological content. GF contributed 
to the study design. GR and MEB-J developed the nutritional module. PF and SV 
prepared the activity module. FL-F developed the sleep module. POB developed the 
voice module. MEB-J and PF prepared the statistical analysis plan. RL, SA-M, MM-M, 
SL-T and TM prepared the content for the ethics committees. PF, POB, MEB-J, FL-F, GF, 
SV contributed to the development of adapted measures and coordinated develop‑
ment of the app and clinical platforms. RL, SA-M and GR selected the assessment 
measures. RL, SA-M and MM set up the logistics for the study’s data collection. RL, 
SA-M, and PF drafted the manuscript, supervised by GMM and AJO-M, which was 
critically revised by the remaining authors for important intellectual content. AJO-M 
acts as corresponding author. All authors read and approved the final manuscript.



Page 12 of 13Lemos et al. BMC Psychiatry          (2022) 22:817 

Funding
The FAITH project is funded under the European Commission (EC) 
Horizon Europe Programme, ‘H2020-EU.3.1.—SOCIETAL CHALLENGES—
Health, demographic change, and well-being’. It is funded to the value 
€4.8 M, under the specific topic ‘SC1-DTH-01–2019—Big data and 
Artificial Intelligence for monitoring health status and quality of life after 
the cancer treatment’ with Grant agreement ID: 875358. The funder has 
no influence in the design, collection, analysis, data interpretation, or 
manuscript writing.
RL is supported by an individual Scientific Employment Stimulus from 
Fundação para a Ciência e Tecnologia, Portugal (CEECIND/04157/2018).

Availability of data and materials
Not applicable.

Declarations

Ethics approval and consent to participate
The study protocol and informed consent were approved by the Ethics 
Committees of the Champalimaud Foundation, Portugal (24th May 2022) and 
of the Hospital General Universitario Gregorio Marañón Hospital, Spain (22nd 
May 2022). Written informed consent is required and will be obtained prior to 
participation in this study.

Consent for publication
Not applicable.

Competing interests
MM: Research grants from Roche, PUMA and Novartis, consulting/advisory 
fees from AstraZeneca, Amgen, Taiho Oncology, Roche/Genentech, Novartis, 
PharmaMar, Eli Lilly, PUMA, Taiho Oncology, Daiichi Sankyo and Pfizer and 
speakers’ honoraria from AstraZeneca, Lilly, Amgen, Roche/Genentech, 
Novartis, and Pfizer.
SL-T: Consultant/Advisory Role: Celgene, Novartis, Pierre Fabre, Pfizer, Roche, 
Astra-Zeneca, Daiichi Sankyo, MSD, Seagen, Gilead and Lilly; Speaking: 
Novartis, Roche, Lilly.
TM: Consulting or Advisory Boards: AstraZeneca, Novartis, Roche, GSK. Travel 
Grants: Novartis, Astra Zeneca.
AJO-M was national coordinator for Portugal of a non-interventional study 
(EDMS-ERI-143085581, 4.0) to characterize a Treatment-Resistant Depression 
Cohort in Europe, sponsored by Janssen-Cilag, Ltd (2019–2020), is recipient of 
a grant from Schuhfried GmBH for norming and validation of cognitive tests, 
and is national coordinator for Portugal of trials of psilocybin therapy for treat‑
ment-resistant depression, sponsored by Compass Pathways, Ltd (EudraCT 
number 2017–003288-36), and of esketamine for treatment-resistant depres‑
sion, sponsored by Janssen-Cilag, Ltd (EudraCT NUMBER: 2019–002992-33).
The remaining authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could be construed 
as a potential conflict of interest.

Author details
1 Champalimaud Research & Clinical Centre, Champalimaud Foundation, 
Lisbon, Portugal. 2 ISPA – Instituto Universitário de Ciências Psicológicas, Sociais 
E da Vida, Lisbon, Portugal. 3 Department of Electrical and Computer Engineer‑
ing, Faculdade de Ciências E Tecnologia, Universidade Nova de Lisboa, Lisbon, 
Portugal. 4 Waterford Institute of Technology, Waterford, Ireland. 5 LifeSTech, 
Department of Photonics and Bioengineering, Escuela Técnica Superior de 
Ingenieros de Telecomunicación, Universidad Politécnica de Madrid, Madrid, 
Spain. 6 NOVA Medical School, Faculdade de Ciências Médicas, NMS, FCM, Uni‑
versidade NOVA de Lisboa, Lisbon, Portugal. 7 Medical Oncology Department, 
Hospital General Universitario Gregorio Marañón, IiSGM, CIBERONC, Geicam, 
Universidad Complutense, Madrid, Spain. 8 Medical Oncology Department, 
Hospital General Universitario Gregorio Marañón, IiSGM, CIBERONC, Madrid, 
Spain. 9 Deep Blue, Rome, Italy. 10 Suite5 Data Intelligence Solutions Limited, 
Limassol, Cyprus. 

Received: 12 October 2022   Accepted: 3 December 2022

References
	1.	 Ferlay J, Colombet M, Soerjomataram I, Dyba T, Randi G, Bettio M, et al. 

Cancer incidence and mortality patterns in Europe: estimates for 40 
countries and 25 major cancers in 2018. Eur J Cancer. 2018;103:356–87. 
Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0959​80491​
83095​59.

	2.	 Allemani C, Matsuda T, Di Carlo V, Harewood R, Matz M, Nikšić M, et al. 
Global surveillance of trends in cancer survival 2000–14 (CONCORD-3): 
analysis of individual records for 37 513 025 patients diagnosed with 
one of 18 cancers from 322 population-based registries in 71 countries. 
Lancet. 2018;391(10125):1023–75. Available from: https://​linki​nghub.​elsev​
ier.​com/​retri​eve/​pii/​S0140​67361​73332​63.

	3.	 Brandenbarg D, Maass SWMC, Geerse OP, Stegmann ME, Handberg C, 
Schroevers MJ, et al. A systematic review on the prevalence of symptoms 
of depression, anxiety and distress in long‐term cancer survivors: Implica‑
tions for primary care. Eur J Cancer Care (Engl). 2019;28(3). Available 
from: https://​onlin​elibr​ary.​wiley.​com/​doi/​abs/​10.​1111/​ecc.​13086.

	4.	 Shapiro CL. Cancer Survivorship. Longo DL, editor. N Engl J Med. 
2018;379(25):2438–50. Available from: http://​www.​nejm.​org/​doi/​10.​1056/​
NEJMr​a1712​502.

	5.	 Sheikh-Wu S, Downs C, Anglade D. Interventions for managing a 
symptom cluster of pain, fatigue, and sleep disturbances during cancer 
survivorship: a systematic review. Oncol Nurs Forum. 2020;47(4):E107-19. 
Available from: http://​onf.​ons.​org/​onf/​47/4/​inter​venti​ons-​manag​ing-​
sympt​om-​clust​er-​pain-​fatig​ue-​and-​sleep-​distu​rbanc​es-​during-​cancer.

	6.	 Pitman A, Suleman S, Hyde N, Hodgkiss A. Depression and anxiety in 
patients with cancer. BMJ. 2018;361:k1415. Available from: https://​www.​
bmj.​com/​lookup/​doi/​10.​1136/​bmj.​k1415.

	7.	 Lee SJ, Cartmell KB. Self-reported depression in cancer survivors versus 
the general population: a population-based propensity score-matching 
analysis. Qual Life Res. 2020;29(2):483–94. Available from: http://​link.​sprin​
ger.​com/​10.​1007/​s11136-​019-​02339-x.

	8.	 Walker J, Hansen CH, Martin P, Symeonides S, Ramessur R, Murray G, et al. 
Prevalence, associations, and adequacy of treatment of major depression 
in patients with cancer: a cross-sectional analysis of routinely collected 
clinical data. Lancet Psychiatry. 2014;1(5):343–50. Available from: https://​
linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S2215​03661​47031​3X.

	9.	 Irwin MR, Olmstead RE, Ganz PA, Haque R. Sleep disturbance, inflam‑
mation and depression risk in cancer survivors. Brain Behav Immun. 
2013;30:S58-67. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​
pii/​S0889​15911​20010​92.

	10.	 Li M, Fitzgerald P, Rodin G. Evidence-based treatment of depression in 
patients with cancer. J Clin Oncol. 2012;30(11):1187–96. Available from: 
http://​ascop​ubs.​org/​doi/​10.​1200/​JCO.​2011.​39.​7372.

	11.	 Mausbach BT, Irwin SA. Depression and healthcare service utilization in 
patients with cancer. Psychooncology. 2017;26(8):1133–9. Available from: 
https://​onlin​elibr​ary.​wiley.​com/​doi/​10.​1002/​pon.​4133.

	12.	 Mitchell AJ, Ferguson DW, Gill J, Paul J, Symonds P. Depression and 
anxiety in long-term cancer survivors compared with spouses and 
healthy controls: a systematic review and meta-analysis. Lancet Oncol. 
2013;14(8):721–32. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​
eve/​pii/​S1470​20451​37024​44.

	13.	 Stanton AL. Psychosocial Concerns and Interventions for Cancer Survi‑
vors. J Clin Oncol. 2006;24(32):5132–7. Available from: http://​ascop​ubs.​
org/​doi/​10.​1200/​JCO.​2006.​06.​8775.

	14.	 Maass SWMC, Roorda C, Berendsen AJ, Verhaak PFM, de Bock GH. The 
prevalence of long-term symptoms of depression and anxiety after 
breast cancer treatment: a systematic review. Maturitas. 2015;82(1):100–8. 
Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0378​51221​
50065​07.

	15.	 Krebber AMH, Buffart LM, Kleijn G, Riepma IC, Bree R, Leemans CR, et al. 
Prevalence of depression in cancer patients: a meta-analysis of diagnostic 
interviews and self-report instruments. Psychooncology. 2014;23(2):121–
30. Available from: https://​onlin​elibr​ary.​wiley.​com/​doi/​10.​1002/​pon.​3409.

	16.	 Mitchell AJ, Lord K, Symonds P. Which symptoms are indicative of DSMIV 
depression in cancer settings? An analysis of the diagnostic significance 
of somatic and non-somatic symptoms. J Affect Disord. 2012;138(1–
2):137–48. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​
S0165​03271​10072​21.

https://linkinghub.elsevier.com/retrieve/pii/S0959804918309559
https://linkinghub.elsevier.com/retrieve/pii/S0959804918309559
https://linkinghub.elsevier.com/retrieve/pii/S0140673617333263
https://linkinghub.elsevier.com/retrieve/pii/S0140673617333263
https://onlinelibrary.wiley.com/doi/abs/10.1111/ecc.13086
http://www.nejm.org/doi/10.1056/NEJMra1712502
http://www.nejm.org/doi/10.1056/NEJMra1712502
http://onf.ons.org/onf/47/4/interventions-managing-symptom-cluster-pain-fatigue-and-sleep-disturbances-during-cancer
http://onf.ons.org/onf/47/4/interventions-managing-symptom-cluster-pain-fatigue-and-sleep-disturbances-during-cancer
https://www.bmj.com/lookup/doi/10.1136/bmj.k1415
https://www.bmj.com/lookup/doi/10.1136/bmj.k1415
http://link.springer.com/10.1007/s11136-019-02339-x
http://link.springer.com/10.1007/s11136-019-02339-x
https://linkinghub.elsevier.com/retrieve/pii/S221503661470313X
https://linkinghub.elsevier.com/retrieve/pii/S221503661470313X
https://linkinghub.elsevier.com/retrieve/pii/S0889159112001092
https://linkinghub.elsevier.com/retrieve/pii/S0889159112001092
http://ascopubs.org/doi/10.1200/JCO.2011.39.7372
https://onlinelibrary.wiley.com/doi/10.1002/pon.4133
https://linkinghub.elsevier.com/retrieve/pii/S1470204513702444
https://linkinghub.elsevier.com/retrieve/pii/S1470204513702444
http://ascopubs.org/doi/10.1200/JCO.2006.06.8775
http://ascopubs.org/doi/10.1200/JCO.2006.06.8775
https://linkinghub.elsevier.com/retrieve/pii/S0378512215006507
https://linkinghub.elsevier.com/retrieve/pii/S0378512215006507
https://onlinelibrary.wiley.com/doi/10.1002/pon.3409
https://linkinghub.elsevier.com/retrieve/pii/S0165032711007221
https://linkinghub.elsevier.com/retrieve/pii/S0165032711007221


Page 13 of 13Lemos et al. BMC Psychiatry          (2022) 22:817 	

	17.	 Akechi T, Nakano T, Akizuki N, Okamura M, Sakuma K, Nakanishi T, et al. 
Somatic symptoms for diagnosing major depression in cancer patients. 
Psychosomatics. 2003;44(3):244–8. Available from: https://​linki​nghub.​
elsev​ier.​com/​retri​eve/​pii/​S0033​31820​37029​41.

	18.	 Nikendei C, Terhoeven V, Ehrenthal JC, Maatouk I, Wild B, Herzog W, et al. 
Depression profile in cancer patients and patients without a chronic 
somatic disease. Psychooncology. 2018;27(1):83–90. Available from: 
http://​doi.​wiley.​com/​10.​1002/​pon.​4465.

	19.	 Greenlee H, Santiago-Torres M, McMillen KK, Ueland K, Haase AM. Help‑
ing patients eat better during and beyond cancer treatment. Cancer J. 
2019;25(5):320–8. Available from: https://​journ​als.​lww.​com/​10.​1097/​PPO.​
00000​00000​000405.

	20.	 Silva DA, Coutinho E da SF, Ferriani LO, Viana MC. Depression subtypes and 
obesity in adults: a systematic review and meta‐analysis. Obes Rev. 2020;21(3). 
Available from: https://​onlin​elibr​ary.​wiley.​com/​doi/​abs/​10.​1111/​obr.​12966.

	21.	 Cosgrove KT, Burrows K, Avery JA, Kerr KL, DeVille DC, Aupperle RL, et al. 
Appetite change profiles in depression exhibit differential relationships 
between systemic inflammation and activity in reward and interocep‑
tive neurocircuitry. Brain Behav Immun. 2020;83:163–71. Available from: 
https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0889​15911​93025​33.

	22.	 Mercier J, Savard J, Bernard P. Exercise interventions to improve sleep in 
cancer patients: a systematic review and meta-analysis. Sleep Med Rev. 
2017;36:43–56. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​
pii/​S1087​07921​63012​90.

	23.	 Palesh O, Peppone, Innominato, Janelsins, Jeong M, Sprod L, et al. Preva‑
lence, putative mechanisms, and current management of sleep problems 
during chemotherapy for cancer. Nat Sci Sleep. 2012;151. Available from: 
http://​www.​dovep​ress.​com/​preva​lence-​putat​ive-​mecha​nisms-​and-​curre​
nt-​manag​ement-​of-​sleep-​probl​em-​peer-​revie​wed-​artic​le-​NSS.

	24.	 Baglioni C, Battagliese G, Feige B, Spiegelhalder K, Nissen C, Voderholzer 
U, et al. Insomnia as a predictor of depression: a meta-analytic evaluation 
of longitudinal epidemiological studies. J Affect Disord. 2011;135(1–
3):10–9. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0165​
03271​10002​92.

	25.	 Ho S-Y, Rohan KJ, Parent J, Tager FA, McKinley PS. A longitudinal study of 
depression, fatigue, and sleep disturbances as a symptom cluster in women 
with breast cancer. J Pain Symptom Manage. 2015;49(4):707–15. Available 
from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0885​39241​40054​66.

	26.	 Palesh OG, Roscoe JA, Mustian KM, Roth T, Savard J, Ancoli-Israel S, et al. 
Prevalence, demographics, and psychological associations of sleep 
disruption in patients with cancer: University of Rochester Cancer Center-
Community Clinical Oncology Program. J Clin Oncol. 2010;28(2):292–8. 
Available from: http://​ascop​ubs.​org/​doi/​10.​1200/​JCO.​2009.​22.​5011.

	27.	 Zimmerman M, Ellison W, Young D, Chelminski I, Dalrymple K. How many 
different ways do patients meet the diagnostic criteria for major depres‑
sive disorder? Compr Psychiatry. 2015;56:29–34. Available from: https://​
linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0010​440X1​40025​82.

	28.	 Burton C, McKinstry B, SzentagotaiTătar A, Serrano-Blanco A, Pagliari C, 
Wolters M. Activity monitoring in patients with depression: a systematic 
review. J Affect Disord. 2013;145(1):21–8. Available from: https://​linki​
nghub.​elsev​ier.​com/​retri​eve/​pii/​S0165​03271​20050​34.

	29.	 Kvam S, Kleppe CL, Nordhus IH, Hovland A. Exercise as a treatment for 
depression: a meta-analysis. J Affect Disord. 2016;202:67–86. Available 
from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​pii/​S0165​03271​53142​21.

	30.	 Choi KW, Chen C-Y, Stein MB, Klimentidis YC, Wang M-J, Koenen KC, et al. 
Assessment of bidirectional relationships between physical activity and 
depression among adults. JAMA Psychiatry. 2019;76(4):399. Available 
from: http://​archp​syc.​jaman​etwork.​com/​artic​le.​aspx?​doi=​10.​1001/​jamap​
sychi​atry.​2018.​4175.

	31.	 Gianfredi V, Blandi L, Cacitti S, Minelli M, Signorelli C, Amerio A, et al. Depres‑
sion and objectively measured physical activity: a systematic review and 
meta-analysis. Int J Environ Res Public Health. 2020;17(10):3738. Available 
from: https://​www.​mdpi.​com/​1660-​4601/​17/​10/​3738.

	32.	 Kraepelin E. Manic depressive insanity and paranoia. J Nerv Ment Dis. 
1921;53(4):350.

	33.	 Cannizzaro M, Harel B, Reilly N, Chappell P, Snyder PJ. Voice acousti‑
cal measurement of the severity of major depression. Brain Cogn. 
2004;56(1):30–5. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​eve/​
pii/​S0278​26260​40014​0X.

	34.	 Zhang L, Duvvuri R, Chandra KKL, Nguyen T, Ghomi RH. Automated voice 
biomarkers for depression symptoms using an online cross-sectional data 

collection initiative. Depress Anxiety. 2020;37(7):657–69. Available from: 
https://​onlin​elibr​ary.​wiley.​com/​doi/​abs/​10.​1002/​da.​23020.

	35.	 Mundt JC, Snyder PJ, Cannizzaro MS, Chappie K, Geralts DS. Voice acoustic 
measures of depression severity and treatment response collected 
via interactive voice response (IVR) technology. J Neurolinguistics. 
2007;20(1):50–64. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​
eve/​pii/​S0911​60440​60003​03.

	36.	 Mundt JC, Vogel AP, Feltner DE, Lenderking WR. Vocal acoustic biomark‑
ers of depression severity and treatment response. Biol Psychiatry. 
2012;72(7):580–7. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​
eve/​pii/​S0006​32231​20026​36.

	37.	 Low DM, Bentley KH, Ghosh SS. Automated assessment of psychiatric 
disorders using speech: a systematic review. Laryngoscope Investig 
Otolaryngol. 2020;5(1):96–116. Available from: https://​onlin​elibr​ary.​wiley.​
com/​doi/​abs/​10.​1002/​lio2.​354.

	38.	 Goessl VC, Curtiss JE, Hofmann SG. The effect of heart rate variability 
biofeedback training on stress and anxiety: a meta-analysis. Psychol Med. 
2017;47(15):2578–86. Available from: https://​www.​cambr​idge.​org/​core/​
produ​ct/​ident​ifier/​S0033​29171​70010​03/​type/​journ​al_​artic​le.

	39.	 Gravenhorst F, Muaremi A, Bardram J, Grünerbl A, Mayora O, Wurzer G, 
et al. Mobile phones as medical devices in mental disorder treatment: an 
overview. Pers Ubiquitous Comput. 2015;19(2):335–53. Available from: 
http://​link.​sprin​ger.​com/​10.​1007/​s00779-​014-​0829-5.

	40.	 Cho J, Lee K, Shin E, Choy G, Do S. How much data is needed to train a 
medical image deep learning system to achieve necessary high accu‑
racy? 2015. Available from: http://​arxiv.​org/​abs/​1511.​06348.

	41.	 Sheller MJ, Reina GA, Edwards B, Martin J, Bakas S. Multi-institutional deep 
learning modeling without sharing patient data: a feasibility study on 
brain tumor segmentation. 2019. p. 92–104. Available from: http://​link.​
sprin​ger.​com/​10.​1007/​978-3-​030-​11723-8_9.

	42.	 Little M, Sayers E-J, Paul K, Jordens CFC. On surviving cancer. J R Soc Med. 
2000;93(10):501–3. Available from: http://​journ​als.​sagep​ub.​com/​doi/​10.​
1177/​01410​76800​09301​001.

	43.	 Leigh SA. The changing legacy of cancer: issues of long-term survivor‑
ship. Nurs Clin North Am. 2008;43(2):243–58. Available from: https://​linki​
nghub.​elsev​ier.​com/​retri​eve/​pii/​S0029​64650​80000​30.

	44.	 Sheehan DV, Lecrubier Y, Sheehan KH, Amorim P, Janavs J, Weiller E, et al. 
The Mini-International Neuropsychiatric Interview (M.I.N.I.): the develop‑
ment and validation of a structured diagnostic psychiatric interview for 
DSM-IV and ICD-10. J Clin Psychiatry. 1998;59(20):22–33. Available from: 
http://​www.​ncbi.​nlm.​nih.​gov/​pubmed/​98815​38.

	45.	 Hamilton M. A rating scale for depression. J Neurol Neurosurg Psychiatry. 
1960;23(1):56–62. Available from: https://​jnnp.​bmj.​com/​lookup/​doi/​10.​
1136/​jnnp.​23.1.​56.

	46.	 Zigmond AS, Snaith RP. The Hospital Anxiety and Depression Scale. Acta 
Psychiatr Scand. 1983;67(6):361–70. Available from: https://​onlin​elibr​ary.​
wiley.​com/​doi/​10.​1111/j.​1600-​0447.​1983.​tb097​16.x.

	47.	 Aaronson NK, Ahmedzai S, Bergman B, Bullinger M, Cull A, Duez NJ, 
et al. The European Organization for Research and Treatment of Cancer 
QLQ-C30: a quality-of-life instrument for use in international clinical trials 
in oncology. JNCI J Natl Cancer Inst. 1993;85(5):365–76. Available from: 
https://​acade​mic.​oup.​com/​jnci/​artic​le-​lookup/​doi/​10.​1093/​jnci/​85.5.​365.

	48.	 Sprangers MA, Cull A, Groenvold M, Bjordal K, Blazeby J, Aaronson NK. The 
European Organization for Research and Treatment of Cancer approach 
to developing questionnaire modules: an update and overview. EORTC 
Quality of Life Study Group. Qual life Res an Int J Qual life Asp Treat care 
Rehabil. 1998;7(4):291–300. Available from: http://​www.​ncbi.​nlm.​nih.​gov/​
pubmed/​96102​13.

	49.	 Koller M, Hjermstad MJ, Tomaszewski KA, Tomaszewska IM, Hornslien 
K, Harle A, et al. An international study to revise the EORTC question‑
naire for assessing quality of life in lung cancer patients. Ann Oncol. 
2017;28(11):2874–81. Available from: https://​linki​nghub.​elsev​ier.​com/​retri​
eve/​pii/​S0923​75341​93459​71.

	50.	 Das S. Filters, wrappers and a boosting-based hybrid for feature selection. 
In: Icml. 2001. p. 74–81.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

https://linkinghub.elsevier.com/retrieve/pii/S0033318203702941
https://linkinghub.elsevier.com/retrieve/pii/S0033318203702941
http://doi.wiley.com/10.1002/pon.4465
https://journals.lww.com/10.1097/PPO.0000000000000405
https://journals.lww.com/10.1097/PPO.0000000000000405
https://onlinelibrary.wiley.com/doi/abs/10.1111/obr.12966
https://linkinghub.elsevier.com/retrieve/pii/S0889159119302533
https://linkinghub.elsevier.com/retrieve/pii/S1087079216301290
https://linkinghub.elsevier.com/retrieve/pii/S1087079216301290
http://www.dovepress.com/prevalence-putative-mechanisms-and-current-management-of-sleep-problem-peer-reviewed-article-NSS
http://www.dovepress.com/prevalence-putative-mechanisms-and-current-management-of-sleep-problem-peer-reviewed-article-NSS
https://linkinghub.elsevier.com/retrieve/pii/S0165032711000292
https://linkinghub.elsevier.com/retrieve/pii/S0165032711000292
https://linkinghub.elsevier.com/retrieve/pii/S0885392414005466
http://ascopubs.org/doi/10.1200/JCO.2009.22.5011
https://linkinghub.elsevier.com/retrieve/pii/S0010440X14002582
https://linkinghub.elsevier.com/retrieve/pii/S0010440X14002582
https://linkinghub.elsevier.com/retrieve/pii/S0165032712005034
https://linkinghub.elsevier.com/retrieve/pii/S0165032712005034
https://linkinghub.elsevier.com/retrieve/pii/S0165032715314221
http://archpsyc.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2018.4175
http://archpsyc.jamanetwork.com/article.aspx?doi=10.1001/jamapsychiatry.2018.4175
https://www.mdpi.com/1660-4601/17/10/3738
https://linkinghub.elsevier.com/retrieve/pii/S027826260400140X
https://linkinghub.elsevier.com/retrieve/pii/S027826260400140X
https://onlinelibrary.wiley.com/doi/abs/10.1002/da.23020
https://linkinghub.elsevier.com/retrieve/pii/S0911604406000303
https://linkinghub.elsevier.com/retrieve/pii/S0911604406000303
https://linkinghub.elsevier.com/retrieve/pii/S0006322312002636
https://linkinghub.elsevier.com/retrieve/pii/S0006322312002636
https://onlinelibrary.wiley.com/doi/abs/10.1002/lio2.354
https://onlinelibrary.wiley.com/doi/abs/10.1002/lio2.354
https://www.cambridge.org/core/product/identifier/S0033291717001003/type/journal_article
https://www.cambridge.org/core/product/identifier/S0033291717001003/type/journal_article
http://link.springer.com/10.1007/s00779-014-0829-5
http://arxiv.org/abs/1511.06348
http://link.springer.com/10.1007/978-3-030-11723-8_9
http://link.springer.com/10.1007/978-3-030-11723-8_9
http://journals.sagepub.com/doi/10.1177/014107680009301001
http://journals.sagepub.com/doi/10.1177/014107680009301001
https://linkinghub.elsevier.com/retrieve/pii/S0029646508000030
https://linkinghub.elsevier.com/retrieve/pii/S0029646508000030
http://www.ncbi.nlm.nih.gov/pubmed/9881538
https://jnnp.bmj.com/lookup/doi/10.1136/jnnp.23.1.56
https://jnnp.bmj.com/lookup/doi/10.1136/jnnp.23.1.56
https://onlinelibrary.wiley.com/doi/10.1111/j.1600-0447.1983.tb09716.x
https://onlinelibrary.wiley.com/doi/10.1111/j.1600-0447.1983.tb09716.x
https://academic.oup.com/jnci/article-lookup/doi/10.1093/jnci/85.5.365
http://www.ncbi.nlm.nih.gov/pubmed/9610213
http://www.ncbi.nlm.nih.gov/pubmed/9610213
https://linkinghub.elsevier.com/retrieve/pii/S0923753419345971
https://linkinghub.elsevier.com/retrieve/pii/S0923753419345971

	A prospective observational study for a Federated Artificial Intelligence solution for moniToring mental Health status after cancer treatment (FAITH): study protocol
	Abstract 
	Background: 
	Methods: 
	Discussion: 
	Trial registration: 

	Background
	Methods
	Outcomes
	Study design
	Study population
	Inclusion criteria
	Exclusion criteria

	Materials
	FAITH platform
	FAITH app
	Wearables
	Data storage
	Statistical analyses
	Sample size

	Ethics compliance

	Discussion
	Acknowledgements
	References


