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Abstract 
Depression is an invalidating di
ments for treatment adjustmen
on subjective representations o
may add unseen information and
of depression and its pharmacol
patients benefit from well-unde
efficacy and side-effects. This r
ables and technology for the ass
applications in the whole spect
ment of an episode, and moni  

aspects are to be considered, in  

health recordings. Also, privacy
questionnaire-like apps to objec
dling suicidality. Nonetheless, in
with other phenotyping levels, r
scription of wearables and tech
treatment in depression, focusin  

ical trials and research. 
Crown Copyright © 2022 Publish
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ntroduction: unmet needs 

epression is the most prevalent and seriously disabling 
ublic health problem, affecting more than 264 million peo- 
le worldwide ( James et al., 2018 ) and causing the highest 
ublic burden when counting Disability Adjusted Life Years 
DALY) ( Kassebaum et al., 2016 ). Despite the available clin- 
cal descriptions and diagnostic guidelines of depression or 
ajor depressive disorder (MDD) in the Diagnostic and Sta- 
istical Manual of Mental Disorders (DSM-IV) or in the In- 
ernational Classification of Diseases (ICD-10), the clinical 
ecognition and formal diagnosis of depression can be con- 
using and delay the necessary timely and adequate treat- 
ent. Hence, depression often remains under- or misdiag- 
osed and, most importantly, undertreated, with important 
onsequences for the prognosis, suffering, and quality of 
ife of the individual ( Ghio et al., 2015 ). The heterogene- 
ty of the clinical presentation of depression, but also the 
hallenge of collecting and then summarising relevant ob- 
ervations into a fitting patient-profile, are reasons brought 
orward for the experienced difficulties in personalised di- 
gnosis and treatment ( Fried, 2017 ; Fried and Nesse, 2015 ; 
ouza Filho et al., 2021 ). Several subtypes of depression 
ave been proposed based on symptom diversity and their 
ombinations (for example, melancholic, atypical, or psy- 
hotic depression), however, the value of such distinctions 
101 
cepted 17 May 2022 

sorder, marked by phenotypic heterogeneity. Clinical assess- 
ts and data-collection for pharmacological research often rely 
f functioning. Better phenotyping through digital applications 
 facilitate disentangling the clinical characteristics and impact 
ogical treatment in everyday life. Researchers, physicians, and 
rstood digital phenotyping approaches to assess the treatment 
eview discusses the current possibilities and pitfalls of wear- 
essment of the pharmacological treatment of depression. Their 
rum of treatment for depression, including diagnosis, treat- 
toring of relapse risk and prevention are discussed. Multiple
cluding concerns that come with collecting sensitive data and
 and trust are addressed. Available applications range from 

tive assessment of behavioural patterns and promises in han- 
terpretation and integration of this high-resolution information 
emains challenging. This review provides a state-of-the-art de- 
nology in digital phenotyping for monitoring pharmacological 
g on the challenges and opportunities of its application in clin-

ed by Elsevier B.V. All rights reserved. 

nd their robustness for personalised treatment has been 
uestioned by failure to apply these subtypes in clinical 
ractice and therapeutic trials ( van Loo et al., 2012 ). Fur- 
hermore, the lack of validated biochemical markers to sup- 
ort clinical assessment of depression and therapeutic suc- 
ess also increases uncertainty ( Gadad et al., 2018 ) and may 
elay adequate treatment ( Leuchter et al., 2010 ), despite 
he promising opportunities of good stratification for treat- 
ent optimisation ( Cearns et al., 2022 ). 
Digital applications in the assessment of depression and 

ts treatment for clinical trials, personalised pharmacolog- 
cal treatment, or research, could help turn heterogene- 
ty from a curse into a benefit. Early identification of the 
isorder and characterisation of individual aspects guiding 
he decision making in the trade-off between treatment 
ffect and side effects can be optimized ( Brietzke et al., 
019 ; Montag et al., 2020 ). More accurate phenotyping or 
deep phenotyping’ ( Robinson, 2012 ) can facilitate the iden- 
ification of potential subtypes and help finetuning treat- 
ent accordingly ( Delude, 2015 ; Jain et al., 2015 ). Biomark-
rs are often seen as biochemical characteristics of a dis- 
rder; however, in analogy of other biomarkers, the con- 
ept of digital biomarkers and a digital phenotype have 
lso been introduced for this purpose ( Coravos et al., 2019 ; 
ain et al., 2015 ). Along with other phenotypic markers, 
igital biomarkers could play a role at multiple levels of 
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Fig. 1 Multimodal capacities of digital phenotyping. Legend: 
The current digital phenotyping techniques and the informa- 
tion that can be collected through the applications can be vi- 
sualised on two axes: more individual-based vs. more environ- 
ment based (focusing also on the interaction of the individual 
and the environment), and active (subjective) recording vs. 
passive (objective) recording, as well as the differences be- 
tween objective and subjective registration, which in itself can 
be very informative. 
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reatment and course of disease ( Coravos et al., 2019 ; 
ain et al., 2015 ). Early identification and intervention 
hrough increased phenotypic accuracy can avoid late diag- 
oses and misdiagnoses, allowing to initiate timely treat- 
ent, reduce the Duration of Untreated Depression, im- 
rove outcome ( Ghio et al., 2015 ), and early pharmacolog- 
cal treatment adjustments when necessary ( Holvast et al., 
019 ; Jain et al., 2015 ; Keller et al., 2002 ; Olfson, 2015 ).
ersonalized treatment choices and prevention of side ef- 
ects in the early stages of the treatment increase com- 
liance as well ( Olfson et al., 2006 ). Collecting everyday 
ata that allow an increasingly close management of each 
f these treatment steps is crucial and can be supported by 
he broad features and benefits of digital tools. Phenotyping 
hrough digital tools, digital phenotyping, can play a ma- 
or role in the ability to monitor the course of the disease, 
racking the effect of treatment and side effects on the go 
 Hariman et al., 2019 ). Long periods of trial-and-error can 
nduce hopefulness and reduce compliance, as well as re- 
uce chances for effective treatment, which could all be 
voided ( Keller et al., 2002 ; Olfson et al., 2006 ). 
Assuming that roughly two thirds of all patients can be 

een as non-responders or partial responders ( Warden et al., 
007 ) and would need at least one change in medication. 
losely monitoring the course of the disease and the suc- 
ess of the chosen treatment is crucial. Medication in a 
linical reality is often started in a context where patients 
re seen in short visits. Gaps between visits – especially in 
ural area’s - can be long, and the hesitation to contact a 
hysician or healthcare professional for a therapy adjust- 
ent following side-effects, symptom deterioration or sui- 
idal behaviour can be a dangerous limiting factor as well 
 Tomczyk et al., 2018 ). Furthermore, with depression it- 
elf as a major risk factor for suicide, depression can be 
 lethal disorder, requiring adequate – and sometimes in- 
ensive – monitoring of the treatment and its side effects 
rom that perspective too ( Melhem et al., 2019 ). Finally, 
ypical for depression, the difficulties in seeking help and 
ontinuing treatment, are inherent to the disease, e.g., 
ue to the intrinsic lack of motivation ( Magaard et al., 
017 ; Tomczyk et al., 2018 ). Phenotyping through digital 
pplications, can facilitate and initiate communication be- 
ween patients and professionals (e.g., physicians or re- 
earchers), despite potentially reduced help-seeking be- 
aviour and difficulties in motivation. Digital phenotyping 
an so contribute to treatment safety and treatment opti- 
isation, as well as advance personalised medicine through 
dequate and prompt support and interventions. 
The aim of this review is to give an overview of means, 

enefits, and risks for digital phenotyping in tracking phar- 
acological treatment successes and failures for depres- 
ion. The way towards personalised treatment profits from 

ood and deep phenotyping and intense collaborations 
 Weng et al., 2020 ). Against this background, the broad use 
nd understanding of digital phenotyping techniques bene- 
ts the development of personalised treatment paradigms 
nd their evaluation. In critically summarising state of 
he art of digital phenotyping opportunities for monitor- 
ng depression treatment, this review searches to broaden 
he basic knowledge regarding these new digital phenotyp- 
ng techniques for treatment optimisation and personalised 
edicine in an ‘-omics-driven’ world. We discuss the defini- 
n  

102 
ion and history of digital phenotyping and available digital 
iomarkers, as well as their opportunities and limitations 
or personalised treatment paradigms. This fast-developing 
eld needs to connect multiple data-layers into useful pa- 
ient related patterns to inform patient-orientated pharma- 
ological choices. Therefore, we aim to discuss the state of 
he art and its diversities in this integrative review. 

igital phenotyping: definition, history and 

uture 

 phenotype, in essence, is a presentation of disease fol- 
owing a clinical evaluation ( Scheuermann et al., 2009 ). In 
eneral, for psychiatric disorders, this includes a psychi- 
tric interview and mental state examination. Relying solely 
n patient’s stories, however, has its limitations (recall bi- 
ses etc.) ( Baker et al., 2018 ). The lack of well-established 
iomarkers hinders a clear-cut ‘objective’ biochemical phe- 
otype ( Gadad et al., 2018 ) and pushed phenotyping in 
sychiatry towards deep phenotyping. In deep phenotyp- 
ng the search for more precise markers to get a more in- 
ividual and fine-grained image of the patient is extended. 
he collected data are typically analysed through compre- 
ensive analyses and sophisticated algorithms (e.g., ma- 
hine learning and artificial intelligence) to identify disease- 
elated phenotypic abnormalities in the wealth of data 
 Delude, 2015 ; Robinson, 2012 ). 
Digital phenotyping is seen as a variant of deep phe- 

otyping ( Delude, 2015 ; Onnela and Rauch, 2016 ; Fig. 1 )
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nd is defined as the moment-by-moment quantification 
f the individual-level human phenotype in-situ using data 
rom smartphones and other personal digital devices, not 
ecessarily disease-related ( Torous et al., 2016 ). For this 
urpose different smart tools can be interconnected and 
hare phenotyping data in the so called ‘Internet of Things’ 
IoT) ( Goumagias et al., 2021 ). Digital phenotyping origi- 
ated from experience sampling methods (ESM) and Eco- 
ogical momentary assessment (EMA), in essence a form 

f diary-keeping, successfully capturing some of this com- 
lexity helps us to understand depression and suitable 
harmacological treatment options ( Shiffman et al., 2008 ; 
elford et al., 2012 ). Digital registration methods comple- 
ent diary entries with more diverse everyday registra- 
ions, such as biometric characteristics ( Godfrey et al., 
021 ; Onnela and Rauch, 2016 ). The beauty is not only the 
ollection of more or different markers, but also that some 
f these markers objectively reflect the subjective (stress- 
ul) experience of daily life events ( Souza-Talarico et al., 
016 ) and, in addition, highlight the informative discrep- 
ncy between subjective and objective registration, as a 
hird information angle. 
In contrast, “a digital phenotype” is defined as the whole 

f health-related data that can be collected through digi- 
al applications, including social media, forums and online 
ommunities, wearable technologies and mobile devices to 
efine and better understand human illnesses, in addition to 
ther common medical examinations, such as the physical 
r psychiatric exam, laboratory testing, and medical imag- 
ng ( Jain et al., 2015 ). 
There is a distinction to be made between active phe- 

otyping : which requires explicit involvement of the pa- 
ient, e.g., a digital questionnaire inquiring about subjec- 
ive experiences, and passive phenotyping data collection: 
n ‘objective observer’ of digital information and activity 
 Onnela and Rauch, 2016 ; Torous et al., 2016 ). This distinc- 
ion can become vital for depression phenotyping as lack 
f motivation and initiative is a typical symptom and could 
e a limitation to consider when designing interventions or 
pecific apps requiring active engagement for patients suf- 
ering from severe depression ( Brietzke et al., 2019 ). Due 
o the illness, some patients cannot be expected to show 

he motivation needed to complete digital questionnaires. 
he collection of passive data could be more realistic at this 
hase in the illness ( Brietzke et al., 2019 ). The inherent lack 
f motivation is a complex feature and an important limita- 
ion for research, as it can induce selection biases as well, 
specially in active data collection ( Patten, 2000 ). From a 
harmacological treatment perspective, however, the inter- 
ction needed for digital phenotyping can be seen as an ac- 
ivating complementary behavioural therapeutic interven- 
ion ( Brietzke et al., 2019 ; Huckvale et al., 2019 ). 
Though conceptually different, digital phenotyping and 

igital phenotype are both relevant when using digital data 
n understanding depression treatment and treatment re- 
ponse for clinical and research purposes. Data for digi- 
al phenotyping are collected through smartphone apps, 
nd digital tools such as smartwatches or other smart ap- 
lications; the whole of interconnected smart tools or In- 
ernet of Things ( Goumagias et al., 2021 ), but also regu- 
ar text messaging, social media posts ( Sinnenberg et al., 
017 ), web searches, blogs, and chatbots can be informa- 
103 
ive ( Colder Carras et al., 2018 ; Torous et al., 2021 ). The
ature of digital data can be diverse ( Torous et al., 2017 )
nd can include the level of physical activity, actigraphy 
nd circadian rhythm ( Minaeva et al., 2020 ). Social con- 
acts and engagement in social media can be informative 
oo ( Dissing et al., 2018 ), often in addition to Bluetooth
nd GPS information which can provide an insight in spa- 
ial proximities. This combination of digital data can facili- 
ate the calculation of the density or quality of the social 
etwork of a subject and estimate connectedness versus 
oneliness ( Doryab et al., 2019 ). Entries in search engines 
s well can provide relevant information, as shown in the 
earches related to suicidality following the Netflix series 
13 reasons why’ ( Ayers et al., 2017 ). The role of smart-
hone cameras in analysing visual expressions has also been 
uggested ( Torous et al., 2017 ) and is already being used 
n autism research ( Washington et al., 2020 ) and tested for 
chizophrenia ( Cohen et al., 2020a ). 
ESM, EMA, and digital phenotyping offer the possibil- 

ty to collect longitudinal data in an ‘effortless’ way and 
onnect this information with other layers and contexts 
f deep phenotyping, such as multi-omics or neuroimag- 
ng ( Ressler and Williams, 2021 ). The counterpart, however, 
re the necessary advanced statistical methods and insights 
rom machine learning and artificial intelligence to make 
seful predictions and advance towards precision medicine 
 Bzdok et al., 2020 ; Onnela, 2021 ). The purpose of deep
henotyping is to integrate multiple levels of information, 
rging the field to find new methods to handle this hetero- 
eneity ( Ressler and Williams, 2021 ). For example, the lack 
f genetic findings explaining the genetic risk of depres- 
ion, is often linked to the heterogeneity of the disorder 
 Ripke et al., 2013 ) and is one factor that fuelled this need
or more detailed phenotypes ( Smoller, 2018 ). Now, genet- 
cs and deep phenotyping profit bilaterally from this evolu- 
ion ( Cai et al., 2020 ). The quality of the phenotype influ-
nces the understanding of the complex genetics’ architec- 
ure of depression ( Van Assche et al., 2017 ), the use of elec-
ronic health records and other digital phenotyping have 
een suggested for this purpose as well ( McIntosh et al., 
019 ; Smoller, 2018 ). The genetics’ and pharmacogenetics’ 
evel has already benefited from deep phenotyping and dig- 
tal phenotyping ( De Boever et al., 2020 ; Kalinin et al., 
018 ; Ressler and Williams, 2021 ). The “biological” exten- 
ion of deep phenotyping is not limited to genetics either: 
roteomics and digital phenotyping have been integrated 
ith this aim ( Han et al., 2020 ), as well as immunological
nd metabolic traits ( Milaneschi et al., 2020 ), and imaging 
 Bycroft et al., 2018 ). In short, the more variables that can
e combined the better the profiles and options to under- 
tand depression treatment in its complexity. The options 
or pharmacological treatment and monitoring can be im- 
roved ( Buch and Liston, 2021 ; Ressler and Williams, 2021 ), 
or clinical trials and research, through machine learning 
echniques and artificial intelligence, paving the road to- 
ards precision medicine ( Germine et al., 2021 ). 
The added value of digital phenotyping in treatment- 

elated applications, is to capture phenotypic variation that 
sually stays under the radar, as regular visits and pharma- 
ological adjustments typically depend on moment-based 
bservations and a bias-prone subjective recount of the pa- 
ient; a different ‘resolution’ ( Cohen et al., 2020b ). Digi- 
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Fig. 2 Digital phenotyping and its place in personalised 
medicine. Digital phenotyping, as a subtype of deep pheno- 
typing, is one of the phenotyping features that can help fine- 
tuning personalised prevention, diagnostics, treatment, moni- 
toring, treatment adherence and relapse prevention strategies, 
keeping the patient and his individual needs in the centre of his 
care-network and illness trajectory. 

i
a
a
b
m
2

M

I  

t
c
a
u
t
m
a
f
i
v
p
t

D
t

A
b
c
t
f
l
g
s
s
m  

2
n
d

al phenotyping can show what happens outside the psychi- 
trist’s office in everyday life, leading to a better under- 
tanding of the relationship between the person, the phar- 
acological treatment, and the illness ( Griffin and Saun- 
ers, 2020 ; Hsin et al., 2018 ). For depression, this could 
ean a more objective assessment of sleep, appetite, 
rosocial behaviour, and emotional state ( Insel, 2018 ). Fur- 
hermore, a strong relation between the activity level and 
everity of depression has been shown ( Jacobson et al., 
019 ). Where the level of activity, the walking pace etc. 
an be interpreted as a proxy for anergia, anhedonia and 
otivation ( Brietzke et al., 2019 ). A reduction of social con- 
acts can be interpreted as such as well ( Brietzke et al., 
019 ). This can also be reflected in the number of ver- 
al or non-verbal interactions, changes in language use and 
anguage speed, or tapping velocity on a smartphone key- 
oard. These are examples of digitally available data that 
ave been linked to evaluating and predicting mood changes 
 Brietzke et al., 2019 ; Insel, 2018 ; Pennebaker et al., 
003 ; Stange et al., 2018 ). Then again, avatar building can 
ell something about motivation, cognitive functioning, and 
rosocial connectedness ( Birk and Mandryk, 2019 ). Accord- 
ng to current data, changes in sleeping patterns and cir- 
adian rhythms plays a major role in prediction of depres- 
ion ( Cho et al., 2019 ). This was also supported by a case-
ontrol intervention based on these findings ( Cho et al., 
020 ). Another study focusing on smartphone mobility data 
nd phone use, showed that GPS-based mobility distance 
nd radius were the top two predictors of mood as mea- 
ured by the PHQ-2 ( Pratap et al., 2019 ). Parameters re- 
ecting circadian rhythm were not included. The study also 
hows that individual behaviour can be very different from 

roup-based predictions, highlighting implications for pre- 
iction accuracy at the individual’s level ( Pratap et al., 
019 ). Heart rate, heart rate variability and skin conduc- 
ance, also measured by smartwatches, can be indicative 
f stress, resilience, and mental health ( Perna et al., 2020 ; 
ano et al., 2018 ). 
The ability of the therapist to match the degree of inter- 

ction to the needs of the patient: more passive digital phe- 
otyping methods in the severest phases of the disease and 
ore (inter)active applications when supported by the pa- 
ient, is also an added value of digital applications in a con- 
ext of treatment optimisation and monitoring. The level of 
igital interaction necessary for reliable digital phenotyping 
an mirror the severity of the disorder. Adjustments fitted 
o the increasing functioning level of the patient over time 
s treatment ‘kicks in’ can simultaneously turn it into an ac- 
ivating intervention ( Huckvale et al., 2019 ). Furthermore, 
he Hawthorne effect warns for the effects of awareness of 
onscious observation, as it can be manipulated accordingly 
nd, therefore, considered an intervention already. This ap- 
lies to digital phenotyping and induces biases accordingly, 
.g., registration of mood symptoms, already affects mood 
ymptoms through increased self-awareness ( Victory et al., 
020 ) and even induce a digital placebo-effect ( Torous and 
irth, 2016 ). Also, the medium used is not neutral. It has 
een shown that the familiarity of the personal smartphone 
an be beneficial in this context as well, increasing the reli- 
bility of the registration ( Torous et al., 2015 ). Accessibility 
nd the role of specific smart tools is a broader theme in this 
ontext: the availability of technology infrastructures is ev- 
104 
dently a major discriminator. On the other hand, the avail- 
bility of apps and other digital tools in multiple languages, 
nd tailoring applications to specific target populations has 
een shown to benefit the impact of digital tools in treat- 
ent optimization ( Escobar-Viera et al., 2021 ; Zhou et al., 
022 ). 

ethodology 

n line with current practice ( Cronin and George, 2020 ), this in-
egrative reviews bridges views from the research and clinical 
ommunity and addresses technical, statistical, clinical, biological, 
nd psychological insights and concerns. Manuscripts were selected 
sing PubMed searches with combinations and variants of “digi- 
al phenotyping”, “depression”, “psychiatry”, “clinical”, “treat- 
ent”, “treatment monitoring”, “pharmacology” and “person- 
lised treatment”. References of found manuscripts were scanned 
or related research as well. Based on the found manuscripts, the 
nterdisciplinary and integrating theoretical framework of this re- 
iew was built, completed with relevant practical examples, to 
rovide an overview of the opportunities of digital phenotyping in 
herapy-optimisation. 

igital phenotyping for the pharmacological 
reatment of depression 

s any other medical assessment, digital phenotyping should 
e relevant for the full spectrum of the pharmacologi- 
al treatment of depression: a timely diagnosis, adequate 
reatment, monitoring of desirable and undesirable ef- 
ects, treatment adherence, and prevention, including re- 
apse prevention, of depression ( Stroud et al., 2019 ). Also 
ender- and age-specific characteristics of clinical depres- 
ion and its pharmacological treatment in each of these 
teps are relevant for person-orientated treatment opti- 
ization ( Hall et al., 2018 ; Kuehner, 2017 ; Sramek et al.,
016 ). Examples of smart tools and their benefits in phe- 
otyping for each of these disease- and treatment-relevant 
omains are shown in Table 1 and Fig. 2 . 
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Table 1 Depression related features and digital phenotyping approaches. Different features of depression can be captured by different digital tools in a context of digital pheno- 
typing. This table highlights some examples, the traits they measure and their phenotypic correlates, throughout the different stages of pharmacological treatment ( Ayers et al., 
2017 ; Birk and Mandryk, 2019 ; Bernert et al., 2017 ; Büscher et al., 2020 ; Brietzke et al., 2019 ; Cohen et al., 2020a ; Colder Carras et al., 2018 ; Cho et al., 2019 ; Cheng et al., 2019 ; 
Dissing et al., 2018 ; Doryab et al., 2019 ; Faurholt-Jepsen et al., 2013, 2017 ; Henry et al., 2020; Wallace et al., 2017 ; Insel, 2018 ; Izmailova et al., 2018 ; Jacobson et al., 2019 ; 
Kalantarian et al., 2016 ; Kivelä et al., 2019 ; Kramer et al., 2014 ; Minaeva et al., 2020 ; Pennebaker et al., 2003 ; Pratap et al., 2019 ; Perna et al., 2020 ; Pham et al., 2022 ; Philip 
et al., 2020; Vaidyam et al., 2019 ; Rohatagi et al., 2016 ; Stange et al., 2018 ; Sinnenberg et al., 2017 ; Sano et al., 2018 ; Sachan, 2018 ; Torous et al., 2021 ; Washington et al., 2020 ; 
Widdershoven et al., 2019 ; Yoshikawa et al., 2021 ; Zhou et al., 2022 ; Zulueta et al., 2018 ; Zijp et al., 2019 ). 

( continued on next page ) 
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iagnosis 

n accurate diagnosis is key for a good, timely, and fitting 
harmacological treatment ( Fried et al., 2022 ). DSM and 
CD criteria often serve as a reference ( American Psychi- 
tric Association, 2013 ; World Health Organisation, 2019 ), 
oth focusing on depressed mood, lack of pleasure (anhedo- 
ia), and lack of motivation or initiative (anergia) as core- 
ymptoms in addition to cognitive aspects (e.g., concen- 
ration problems, thinking slowing, rumination) and several 
hysical manifestations (changes in circadian rhythm, ap- 
etite, psychomotor and sexual activity) which play a major 
ole in the reduced quality of life as experienced by de- 
ressed patients ( IsHak et al., 2015 ). The discrepancy be- 
ween subjective and objective registrations, linked to de- 
ressions’ cognitive biases are informative of the patients 
uffering as well and as a symptom equally worthy of recog- 
ition in treatment optimisation ( Beevers et al., 2019 ). Re- 
iable passive proxies are being explored that complement 
he commonly used active digital phenotyping through dig- 
tal questionnaires that ask for the patient’s subjective ex- 
erience ( Torous et al., 2015 ; Victory et al., 2020 ). 

reatment, treatment adherence and monitoring 

igital phenotyping for pharmacological treatment, the fo- 
us of this integrative review, offers multiple opportu- 
ities, such as data-driven subtypes which can be iden- 
ified through symptom clustering or symptom networks. 
achine learning algorithms and artificial intelligence (AI) 
an allow context-dependant learning from these vast data 
ollections and facilitate effective treatment choices and 
dvance personalized pharmacotherapy ( Chekroud et al., 
017 ; Chekroud et al., 2016 ; Fried et al., 2022 ). The 
ntegration of clinical phenotypic observations, genetics’ 
ariants, socio-economic and demographic data can pre- 
ict the best clinically relevant antidepressant response 
 Lin et al., 2018 ). Consequently, pharmacological research 
nd pharmacotherapy choices can become more patient ori- 
ntated and efficient. Digital phenotyping can also play a 
ole in choosing the suited digital side-effects tracker or 
on-pharmacological treatment to complement the phar- 
acological therapy. The fitting strategy for these in- 
erventions could be predicted using machine learning 
nd artificial intelligence, as illustrated by AI-chatbots 
 Meinlschmidt et al., 2020 ; Pham et al., 2022 ). Finally, as 
lready discussed with the Hawthorne effect: (digital) reg- 
stration itself can be part of an intervention as it pro- 
otes self-, and symptom-awareness ( Victory et al., 2020 ; 
iddershoven et al., 2019 ). Unfortunately, the patients’ 
ocus on side-effects can increase as well, with negative 
onsequences for the individual’s wellbeing, similar to the 
oncept of nocebo ( Nestoriuc et al., 2021 ; Webster et al., 
016 ). 
As precise prediction comes with the requirements of ‘big 

ata-ish’ approaches, machine learning or AI algorithms, as 
nown from other fields ( Fagherazzi, 2020 ; Raballo, 2018 ; 
essler and Williams, 2021 ), the accuracy of digital diag- 
oses and the optimisation of pharmacological treatment 
ptions needs the integration of multiple parameters into 
seful patterns ( Brietzke et al., 2019 ). Different levels of 
107 
nformation modalities provide different but equally im- 
ortant phenotypic information ( Sano et al., 2018 ). Even 
hen, diagnostic characteristics and patterns in the pop- 
lation will be very different from the individual level 
 Bzdok et al., 2020 ). As training sets increase and statis- 
ical methods, as well as (bio-)informatics techniques (e.g., 
rtificial intelligence), are explored accordingly. Machine 
earning techniques and artificial intelligence, could predict 
ore reliable patterns ( Bzdok et al., 2020 ; Onnela, 2021 ), 

eading more homogeneous and better profiled patient 
roups, helping treatment suggestions to become more pre- 
ise and personalised ( Bzdok et al., 2020 ; Onnela, 2021 ). 
hrough fine-tuning depression’s relevant subtypes and en- 
ophenotypes, heterogeneity can be embraced and ad- 
ance clinical research and personalized treatment options 
 Onnela and Rauch, 2016 ). Deep (digital) phenotyping is 
nother way to help find those patients who would bene- 
t most from a particular pharmacological or other treat- 
ent ( Yurkovich et al., 2020 ) and increase treatment ef- 
cacy, adherence and cost-efficacy, as shown in personal- 
zed pharmacogenetic trials as well ( Bradley et al., 2018 ; 
rebs and Milani, 2019 ; Verbelen et al., 2017 ). The promises 
f smart tools and the interconnectedness of Internet of 
hings, not only collect data for the integratory analyses, 
ut also to integrate the data already at the time, location 
nd context of the data collection ‘in realtime’ ( Kishor and 
hakraborty, 2021 ). 
For treatment adherence, also variables that can be 

inked to the patients and their motivation themselves, in- 
luding the tolerance of their drug treatment, and family in- 
olvement are to be considered ( El Abdellati et al., 2020 ). 
ersonal aspects such as motivation, self-efficacy, insight, 
ut also sensitivity to stigma can play an important role, 
s well as ‘forgetfulness’ and schedule changes ( Dunbar- 
acob and Mortimer-Stephens, 2001 ). Furthermore, it is to 
e expected that adherence is also dependant on symptom 

everity and management (and tracking) of potential side- 
ffects ( Dunbar-Jacob and Mortimer-Stephens, 2001 ). Many 
f the digital applications assessing symptom severity and 
edication tolerability ( Kramer et al., 2014 ), cognition and 
lanning skills ( Birk and Mandryk, 2019 ), motivation and ac- 
ivation through engagement in the apps ( Victory et al., 
020 ; Widdershoven et al., 2019 ). Nonetheless, it remains 
mportant to cherish the role of trust and the therapeutic 
ond, to ensure that an increase in risk factors for fail- 
ng adherence if registered by one of the smart tools can 
e addressed and help can be initiated. Ethical consider- 
tions about autonomy and privacy are major issues here 
s well ( Klugman et al., 2018 ), especially in the context 
f ‘smart pills’ or equivalent means of registration of com- 
liance ( Rohatagi et al., 2016 ; Zijp et al., 2019 ). Further-
ore, as a critical remark: any adherence-related proxy 
uilding on virtual registrations is only as reliable as the 
dherence for the app-use itself, which is also linked to 
onfounders, such as well-being, motivation, accessibility 
tc. 

elapse prevention 

elapse prevention includes the aforementioned domains 
f diagnostics, treatment, treatment monitoring and ad- 
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erence, as treatment efficacy and tolerability are rele- 
ant indicators of potential relapse too ( Buckman et al., 
018 ). Smartphones in particular have been brought for- 
ard to play an important role in monitoring everyday fluc- 
uations during treatment, in particular for the course of 
he illness, identification of an early treatment effect and 
rediction of upcoming deteriorations ( Faurholt-Jepsen and 
essing, 2021 ). The ‘True Colors Remote Symptom Monitor- 
ng System’ is a current example of digital monitoring for 
elapse prevention and can look back on a decade of digi- 
al patient monitoring ( Goodday et al., 2020 ), showing that 
igital phenotyping is closer to everyday clinical psychia- 
ry, than sometimes assumed. The authors mention multiple 
enefits from this longitudinal monitoring program, includ- 
ng feedback towards patients, facilitating the interaction 
nd letting them profit from playing an active role in their 
ellbeing ( Goodday et al., 2020 ). Clinicians are also allowed 
o access continuous clinical data, showing fluctuations in 
ymptom severity between visits which would remain un- 
een in traditional clinical monitoring visits ( Goodday et al., 
020 ), again facilitating patient profiling and stratifica- 
ion to inform treatment strategies. Here as well, it was 
hown, that efficacy can improve by optimizing the pro- 
ram and personalizing the level of resources needed, 
ventually directing resources towards those patients who 
ould benefit most ( Goodday et al., 2020 ). Support can 
lso including a virtual clinician appointment with chat- 
ots, relying on artificial intelligence ( Philip et al., 2020 ; 
aidyam et al., 2019 ). Nonetheless, the interaction with a 
eal clinician remains important, on top of the advantages 
f digital monitoring; integrated care scores best ( Til et al., 
020 ). 
Relapse prevention for depression is narrowly linked with 

dentifying and controlling risk factors ( Offord and Krae- 
er, 2000 ). Despite some unchangeable fixed markers, such 
s female sex, a history of childhood maltreatment, but also 
enetic make-up ( Nemeroff, 2020 ). These markers can high- 
ight a stressful moment for an individual at risk or provide 
n indication of resilience and can inform pharmacologi- 
al choices. Therefore, handling and understanding the pat- 
erns of parameters and investigating interactions between 
re-existing traits and acute changes, are important to al- 
ow accurate profiling and identification of individuals at 
isk, relevant depression subtypes, or endophenotypes and 
nform treatment choices ( Hays et al., 2020 ; Onnela, 2021 ; 
loubidis et al., 2020 ). In addition to the identification 
f individuals at risk, the individualized opportunities to 
rain skills improving resilience to cope with difficult times 
 Southwick and Charney, 2012 ), as well as treating these 
rodromal behavioural changes up front, e.g., insomnia 
 Cheng et al., 2019 ), are also important assets of digi- 
al phenotyping when it comes to preventing depression 
 Ebert and Cuijpers, 2018 ). The exceptional situation and 
onditions of the COVID-19 pandemic proved that digital 
henotyping and digital interventions for psychiatry work 
nd can be very effective ( Jagesar et al., 2021 ; Rosenberg, 
020 ). 

uicidality 

uicidality is one of the core symptoms of depression and 
108 
s one of the characteristics that make depression a po- 
entially lethal disorder. Applications and digital markers 
hat can predict shifts in wellbeing and suicidality, are well 
ought-after ( Melhem et al., 2019 ). Apart from known risk 
actors, such as such as limited social connectedness, cog- 
itive hopelessness, and poor problem solving, digital phe- 
otyping can play an important role in identifying new risk 
actors ( Torous and Walker, 2019 ). Sleep quality, objective 
nd subjective impressions, seems to be one of the most 
onsistent digital predictors of suicidality in form of suicidal 
deation, with hopelessness mediating this effect of insom- 
ia on suicidal ideation ( Bernert et al., 2017 ; Kivelä et al., 
019 ). Therefore, monitoring sleep and hopelessness have 
een suggested as accessible and low threshold interven- 
ions for suicide prevention ( Kivelä et al., 2019 ). It has been 
uggested that dysfunctional beliefs reflecting helplessness 
nd abandonment (related to sleep) play an additional 
ole in vulnerability for hopelessness and suicidal ideation 
 McCall et al., 2020 ). Other real-time predictors and po- 
ential targets for digital phenotyping of short-term suici- 
ality include hopelessness, burdensomeness, and loneli- 
ess ( Kleiman et al., 2017 ). Also, language processing has 
een linked to an accurate estimate of an individual’s sui- 
ide risk ( Bantilan et al., 2020 ) allowing ‘just-in-time’ adap- 
ive interventions ( Bantilan et al., 2020 ; Nock et al., 2020 ).
n short, digital phenotyping in general has helped under- 
tanding suicidal ideation, identifying average severity and 
mplitude of intensity of suicidal thoughts as additional 
redictors for future suicidal behaviour ( Kleiman et al., 
018 ). 
Following from the observation that digital phenotyp- 

ng can help in identify individuals at risk for suicidal- 
ty. Some self-guided interventions ( Torok et al., 2020 ), 
nternet-based CBT interventions ( Büscher et al., 2020 ), 
nd interactive real time interventions ( Morgiève et al., 
020 ), as well as so-called ‘just-in-time’ interventions 
ave been mentioned, suggesting automated help-seeking 
hrough phone calls etc. ( Bantilan et al., 2020 ; Nock et al.,
020 ). Digital phenotyping can cover the three prime as- 
ects of suicidal prevention: proactive risk assessment, pro- 
iding safety and finding supportive contacts ( Torous and 
alker, 2019 ). Furthermore, digital help is accessible 
hroughout the day, wherever internet or smartphones are 
vailable ( Torok et al., 2020 ). The hope is that this low-
hreshold accessibility of digital phenotyping and digital 
nterventions can be an asset in suicide prevention, also 
or individuals that are hard to reach ( Nock et al., 2020 ;
orok et al., 2020 ). The recent analysis of 20 mobile apps 
roposed for suicide prevention has revealed several tech- 
ical and human aspects, which still need to be clearly 
efined. The analysis concluded that the design and de- 
elopment of apps aiming to prevent and monitor suicide 
ehaviour should be strongly supported by qualified men- 
al health professionals understanding the needs of peo- 
le being in the critical situations ( Castillo-Sánchez et al., 
019 ). A promising approach has been described, applying 
oth digital phenotyping and machine learning linked to Fit- 
it, Apple Health kit and Facebook. The model was tested 
n acute mental health setting and revealed fair concor- 
ance between phone-derived and research-generated clin- 
cal data ( Haines-Delmont et al., 2020 ). It shows the poten-
ial for accurate discriminant risk prediction. 
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thical considerations and data protection 

rivacy, security, and ethics of “big data”. Digital phe- 
otyping holds a lot of promises in advancing personal- 
zed medicine for psychiatry. The downside, however, are 
he privacy and data-security issues that rise with digi- 
al applications and – so called - big data ( Telenti and 
iang, 2020 ). Obviously, as data are collected to diag- 
ose and treat depression, the data collected are of an 
xceptionally sensitive nature ( Telenti and Jiang, 2020 ; 
orous and Roberts, 2017 ). Patients need to understand 
he mode and application and consent to data collection 
r to a ‘treatment-contract’, which provides implicit con- 
ent ( Wachter, 2018 ). These conditions for data collection 
nd their implications are not always consciously pictured 
y patients ( Mohr et al., 2020 ), leaving room for ethically 
ensitive interpretation ( Martinez-Martin et al., 2018 ). The 
DPR (General Data Protection Regulation Act) for the Eu- 
opean Union, and similar programs, e.g., CCPA (California 
onsumer Privacy Act), aim to offer a general guideline as 
o how and why specific data can be collected ( Martinez- 
artin et al., 2018 ; Mulder et al., 2018 ). They suggest 
areful, purpose-specific consideration about which data 
ave to be collected and saved, request clear communi- 
ation about what is to be collected and why ( Martinez- 
artin et al., 2018 ; Mohr et al., 2020 ). The ethical obli- 
ation is twofold: sensitive data need to be carefully col- 
ected, but also protected wherever they are stored and 
nalysed ( Telenti and Jiang, 2020 ). Adequate encryption to 
tore and share data securely should be guaranteed and 
ransparently communicated to the individual in observa- 
ion as well ( Coravos et al., 2019 ; Mohr et al., 2020 ). These
rocesses are even more complex as the desire to cre- 
te bigger datasets arises, implying securely sharing data 
oo ( Huckvale et al., 2019 ; Lehne et al., 2019 ). A simi-
ar discussion is currently ongoing in the field of genetics 
 Bonomi et al., 2020 ) and is relevant to the whole of big
ata in health sciences, especially concerning the expand- 
ng internet of things and the secure data exchange be- 
ween the corresponding devices, as well as the concor- 
ant emergence of artificial intelligence and its applications 
 Ashok et al., 2022 ; Fiske et al., 2019 ; World Health Orga-
ization, 2021 ). Generally, however, in the enthusiasm of 
otential benefits of big data collection, awareness of secu- 
ity and encryption measures, necessities, possibilities and, 
echnical specifics are often barely existent, in contrast 
o electronic patient records ( Smoller, 2018 ; Telenti and 
iang, 2020 ). 

Stakeholders and Privacy impact statement (PIA). In ad- 
ition to obvious stakeholders, such as the clinician and the 
atient, the expertise from the statistician performing the 
ncreasingly complex analyses ( Lydon-Staley et al., 2019 ; 
ashington et al., 2020 ), power calculations ( Barnett et al., 
020 ) has become indispensable too. The privacy or net- 
ork information security experts should be invited as well 
n the development of new applications and study protocols. 
t the latest when data from smart applications extending 
he smart phone and smart watches, into the world of In- 
ernet of Things (IoT) ( Hariman et al., 2019 ; Montag et al., 
020 ), biomedical researchers should become familiar with 
rinciples from privacy and network information security 
v

109 
s vital aspects of the applications they are using for data 
ollection and the sensitivity of the data they are collect- 
ng ( Montag et al., 2020 ). At least in the European Union,
IA (Privacy Impact Assessment) is mandatory with regard 
o the GDPR regulation and sensitive health-related data 
 Forcier et al., 2019 ; Marchant et al., 2020 ). Lawmakers 
equire controlling instances in the evaluation of benefit 
ersus potential harm from digital applications for pharma- 
ological treatment and beyond ( Athens, 2016 ). This bal- 
nce should thoroughly be considered and investigated to 
eep patients safe ( Martinez-Martin et al., 2018 ; Torous and 
oberts, 2017 ). Some go as far as saying digital phenotyp- 
ng and continuous digital monitoring could threaten human 
ights and autonomy ( Cosgrove et al., 2020 ). Luckily, digital 
pplications are increasingly being tested, rated, and cer- 
ified by agencies, such as FDA (Food and Drug Administra- 
ion) and EMA (European Medicines Agency). Key features 
or quality in digital healthcare include safety, effective- 
ess, patient-centredness, timeliness, efficiency and equity 
 Huckvale et al., 2019 ). Hence, quality control, e.g., in form
f certificates can increase trust, both for researchers and 
atients ( Coravos et al., 2019 ; Godfrey et al., 2020 ). Close
ollaboration with patients and their representatives, for 
xample GAMIAN (Global Alliance of Mental Illness Advocacy 
etworks-Europe), is required to improve awareness, trust, 
nd adoption of digital applications amongst patients. 
Trust. Careful data handling is linked to trust as well 

 Godfrey et al., 2020 ). Like face-to-face contacts, trust in 
igital applications and their safety play an important role 
 Philip et al., 2020 ; Torous and Hsin, 2018 ). In addition:
hen patients were asked, a hybrid approach, i.e., digital 
pplications on top of human therapeutic contact was pre- 
erred ( Renn et al., 2019 ; Til et al., 2020 ). 

uture directions 

here is no doubt that smartphones and other digital tools 
nd wearables (e.g., IoT) enable new measures to explore 
he depressive patient’s mental state and behaviour. They 
ecome useful extensions for the evaluation of a pharmaco- 
ogical treatment and assist with patient screening, diagno- 
is, monitoring, and assessing treatment efficacy, especially 
onsidering the increasing availability and use of digital 
henotyping tools throughout the world. However, despite 
he enormous number of available smartphone-based tools, 
arketed for the management and monitoring the treat- 
ent of mood disorders, several issues (such as clinical val- 

dation, accuracy, data protection, adoption, etc.) are still 
o be explored and solved by developers, preferably in close 
ollaboration with users and stakeholders. Apps and other 
igital tools and their uses for treatment monitoring in clin- 
cal contexts are not yet to that extend tested and conse- 
uently approved for clinical and patient-related purposes 
 Hidalgo-Mazzei et al., 2020 ). This is a topic with high pri-
rity for professional organisations, for example, the Ameri- 
an Psychiatric Association (APA) is currently helping mental 
ealth professionals navigate these issues by pointing out 
ritical aspects of applications, which should be taken into 
onsideration, when selecting the most suitable mobile app. 
lthough, this initiative intends to educate, rather than pro- 
ide a recommendation, endorsement, or criticism of any 
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articular app, it serves as a crucial basis for the continuous 
evelopment in this field, towards a highly needed consen- 
us on app evaluation and practical recommendations for 
pp designers and developers. In contrast to expert-centric 
pproaches, the new generation of apps based on machine 
earning algorithms and artificial intelligence, could offer 
etter predictions for observations of mood changes or clin- 
cal outcomes in patients with depression. They could also 
ffer smart suggestions, based on the whole of data and in- 
erventions available, as seen with the decision making pro- 
esses currently integrated in chatbot services ( Pham et al., 
022 ; Philip et al., 2020 ). Given the lack of reliable biomark- 
rs in mood disorders, the opportunities that come with 
igital biomarkers and the integration of all available phe- 
otype data are valuable and promising. However, digital 
henotyping, particularly for affective cluster of symptoms, 
ostly depends on clinical definitions. Therefore, apps and 
igital tools for depression and its treatment should be 
ased on existing international clinical standards as pro- 
ided by World Health Organization (WHO), APA, ICHOM or 
ther widely recognised consortia. Based on ‘real-practice’, 
uch standards would provide access to high-quality and 
ig data and thus facilitate further development of digital 
henotyping tools based on artificial intelligence (AI) and 
achine learning technologies. Obviously, data collection 
lone is not trustful, nor helpful enough for patients. The 
igital phenotyping tools should be incorporated into a pa- 
ient’s journey from early identification and risk recogni- 
ion of mood problems to treatment, management, and re- 
apse prevention, ensuring better care, interactively com- 
unicating with healthcare providers through smart appli- 
ations, and improving the patient’s engagement with his 
rajectory through digital solutions. Such continuous moni- 
oring and interventions via digital phenotyping tools is cur- 
ently subjected to multiple discussions and dilemmas, in- 
luding ethic’s, privacy and safety, transparency, personal 
reedom, and limited efficacy. However, the intensified di- 
logue with patients and their representatives is the ulti- 
ate requirement for making progress in this area of digital 
ental health. Furthermore, additionally to the Digital Sin- 
le Market Strategy prioritized by European Commission, we 
re moving toward a Digital Single Healthcare system across 
U countries. This further transformation needs a base char- 
cterized by clearly defined standards and policies, regulat- 
ng implementation of digital tools for clinical and research 
ractices. 
The essence of the discussed digital tools and techniques 

s a better understanding of patient profiles and how an ac- 
urate, person-orientated pharmacological treatment can 
e achieved. This discussion is to be seen in te context of 
recision psychiatry, in the hope that with clear and deep 
henotyping, integrating biological, behavioural, anamnes- 
ic (subjective) and objective information, stratification 
nd profiling of patients can become more precise and help 
ptimising treatment choices and the course of treatment. 
ome colleagues warn for an idealistic view and assessment 
f the possibilities of emerging digital tools and analysis 
echniques for healthcare ( Engelmann, 2022 ), on the other 
and, there is still much to be gained from a better pheno- 
ypic understanding, more reliable stratification, and phar- 
acological options adjusted to the patients’ unique pro- 
p

110 
le, despite heterogeneity; towards a bottom-up reorienta- 
ion of diagnostic classification ( Salagre and Vieta, 2021 ). 

ummary 

igital phenotyping for the treatment of depression is a 
opular and challenging field of research. The opportunities 
hat come with analysing multiple layers of data and profil- 
ng patients based on behavioural characteristics, but also 
iometrical, such as imaging, and genetic markers, includ- 
ng pharmacogenetics and polygenic models, have shown 
romising results in a research context, despite statisti- 
al and privacy-related challenges. Although the broader 
linical trial and research applicability and utility for the 
ndividual patient is not yet common practice and ques- 
ions remain to be answered, results at the population level 
re promising. Digital phenotyping as a tool in combina- 
ion with clinical visits will be an asset in prevention, di- 
gnosing, treating, and monitoring depression and suici- 
ality. It may help to understand depression in its com- 
lexity and heterogeneity, bringing personalized pharma- 
ological approaches and person-orientated patient care 
loser. 
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