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Abstract

Bipolar affective disorcer (BD) is a s@ere mental illnessburdening2 % of the global
population,considerablyshortening their iesby 1520 years. Theraditiond treatment
involves permanenmnedication andeveralexaminations in a yeamhus, many clinical
episodesare overlooked, whiclmay lead tohospitalisationor evensuicide. The links
between changes arcadian rhythnandprogression of BD are studied for yed@st only
the recentnovel possibilities ofcontinuousdata sharingallow monitoring of circadian
charateristics in thdong-termby actigraphy wearablem this thesisstatistical analysis
andadvancednachine learning concepse applied to these datadeeperthe knowledge
about BD and its epodes and explore the feasibility of automatiisale detection.

The thesicontributes in threareas

First, the adjustment of thactigraphic featurefor longterm monitoring. Theraditional
(non-parametric circadian rhythm analysis) features wpdatedo overcomehe limits

of long-term monitoring Their robustness to missing data was evaluated. Moreover, the
features set wasxtended to assess circadian hinytchangesypically connected with BD
symptoms Particularfocuswas given todescriptors otircadian phenotyppreferences
(chronotyps), where we offered clear guidelines for the use of actigraphy for chronotyping
purposes

Secondthe diagnostiBD recognition The differences between BD patients dedlthy
peoplehave beemxplored focusingon longterm variabilitythat has not been stied to

this extent beforeUsing machine learning methods, we have shown that distinguishing
between norsymptomatic BD patien@nd hekthy people igpossible based on actigraphy
alone The proposed model achievadaccuracyof 88 %.

Third, detection ofBD patienfs state via machine learning techniquéke circadian
rhythm changesn the patients natural environmensssociated with BD symptomatic
episodes wre explored. These associatios are vital for better understandinghe
undergoing processes Impolar depression and manand they may support individual
treatment.

This thesis shows that actigraphy presengreat opportunity in treatment objectation
in psychiatry. Hopefully, the use of objective biomarkers will facilitate evidéased ad
efficient clinical decisiormaking to prevensevereBD conditions in the future.

Keywords: Actigraphy, Bipolar disorder,Circadian rhythms,Chronotype, Statistical
analysisMachine learning
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1. Introduction

The treatmentof patients sufferingfrom a mental disorder isa complicated process
Diagnosng these diseases is quite different and more complicated than in other fields of
medicine. Manydiagnoses in psychiatmpay haveunprecedenteg@hysiological causeand
effects Thaefore, thg commonlycannot be obtained byerephysiological measurement
genetic testmr medical imaging techniquerom this point of viewpsychiatrydiffers from
other fields of medical car®espitemoderntechnical advancethediagnoses are aomonly
obtainedusingastructured interviewith patients, relativetc). Suchanapproachshighly
time-consuming angartly subjectivelt requiresanexcessive level of training and experience
to suppress the subjectivitspecially agnterraterreliability is not lower than in other
medical fields Coheris 8 ~ 0.7 (Pies, 2007.)Nonethelessit may take years befotke patient

is correctly diagnosed and regesthe optimal treatmer{Baldessarinet al, 2007; Kessing
et al, 2015) While manydiagnosesguchasBD, majordepressie disorderpr schizophrenip

are noffully curable the patientsmaystill live afull life if they receivethe correct treatment.

In bipolar disorderwhich is theobjectve of this thesis,the patients suffer fromregularly
recurring episodes of eiter elevated rodepressed mood. In between the episodes {inter
episode time)they may live avaluable life with normal work and familife. Many famous
and hghly successful peoplsuch asCarrie Fisher, Francis Ford CoppoMj | ocoge &k T ,
Sting, or Winston Churchift are known tdhave beenliagnosed with BDIt is also suspected
that some ther historical celebritiesuchas Isaac Newton, Abraham Lincoln, Vincent Van
Gogh, Ludwig Von Beethoven, etenayhavesuffered fromBD as well.On the other hand
symptomatiepisodegrelapsespf BD substantially reducthe quality of life affecting both
personal and professional life, withdaterioratingtendency (adding comorbidities)imely
detectionof relapsesould significantly increase the qualiby patient®livesand reducehe
treatmentexpensesas early detected episodes casually bemanaged inan ambulatory

settingand not by hospitalisation.

1 https://olympiahouserehab.com/celebritigish-bipolar (2021-Jan)
2 https://www.butler.org/blog/famouseopleanddepressiorf2021-Jan)
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During classical treatmenthe patients visit their doctor onlg few timesa year, which
increasedte risk, that ongef theepisode is not detected before the point when hospitalisation
is required Moreover,the diseas® longterm state developmeid usually based othe
patient recallingmood fluctuationdetween visits, which is highly obscurey tecall bias.
Fortunately, there iarevolution called digital phenotypingtarting in psychiatrywhichmay
transfer it into a datdrivenmedicine inasimilar wayasgenetic testing transferred oncology
(Hsin et al, 2018) Digital phenoyping uses devicesuch asvearables andmartphonggo
evaluatebehaviour changeand circadian rhythmicifyand use them as warning signs.

This thesis aim to extractrelevant clinical information from the lorgrm actigraphy
recordingsto be used aa supportive tool for diagnostics and BD treatment by objectively
evaluatingBD patienés state The thesis contributéstwo fields. First, it explores and updates
theactigraphic featuse commonly usedo describe theircadian rhythm. Second, it usibe

updated features to explore the changes in the circadian rhythm connectBd witignosis

In orderto achieve thatthe longest(to our knowledgg continuousactigraphydata were
recorded in a large group of patienthe recording was done in coogton with the National
Institute of Mental Healtl{NIMH) and MndpaxCo. Ltd. (a Czech company developirg
digital tool for people with severe mental illnegses



1.1. Goals of the Thesis

The methodological goatargetingdata processing are:

1 to designa set of traditional and novetircadian featureand enhance the features,
where necessaryn order tocomply with the requirementsf longterm actigraphy
monitoring

1 to provide an explainablghysicalactivity descriptor that may be used in gig/sician
patient communication (and evaluati@md in enhancing patieidsel-awareness.

1 toexamindimitations inactigraphicfeatures used for loagerm monitoring
Theclinically relevantgoals includerdlyses

1 to objetify the estimation of chronotype usiagtigraphy in comp#son to clinically
used questionnaires.

1 to evaluatedifferences between Bpatientsand healthy controlsand uge machine
learning technic$o evaluate the utility as a diagnostic tool.

1 to identify featureghat may be used for autotiadetection of patient state and

perform patient state estimation based on these features

1.2. The Structure of the Thesis

The thesis is structudeas follows

Chapter2 gives a brief introductioto theepidemiology of bipolar disorder and its treatment.
Section2.1 provides information about bipolar disorder, its prevalgnaed its symptoms.
Section2.2and2.3 describe a standard treatment procedure with an overview of commonly
used clinical scales. Sectio2.4 provides information aboutpatient® momentary

selfassessment and emerging methods atalighenotyping.

Chapter3 providesbasic information abouactigraphyand its derived features describing
sleep and circadian rhythmicity. Sectio®id and 3.2 give a brief history anddescribethe
principles of function of actigraphy wearableSection3.3 presents procedure$ commonly

used preprocessing techniques and their limitations. In se@idnwe introduceparameters



of commonly used actigraphyearabls, from bothi scientific andcommercial spheres. And
finally, section 3.5 presents the usedctigraphic feature with additional updates and

extensions to basal in long-term recordings.

Chapter4 containsinformation about allof the datasstused including the onboarding
procedures, recording methodologiesd basichealth and demographyuremaries of
volunteerancludedin the studies

Chapter5 focuses on variability in circadian features during kegn monitoring and the
reliability of these featusewhen they are estimated over sampiesluding missing values,
which are thenajorproblem of longterm acigraphy.

Chaptei6 evaluates the possibilignd benefitef objectficationof the chronotype estimation
using actigraphylt focuses on the accuracy and stabilityf actigraphy basedstimation of
chronotypgchronotyping). Tie results are validated by comparismaolinical questionnaires.

Chapter7 explores the differences in circadian and sleep featlgesloped inChapter4

between BD patients in remission and teakontrols,focusingon variation obtained from
long-term monitoringWithin, we evaluatéheusability of theactigraphyrecordings in clinical
practces An example ofa supportre diagnostictool is provided usinga machine learning

taskof classificdion BD patients and healthy controls.

Chaptei8 provides a preliminary exploration of circadian rhythm changes during symptomatic
periods.Severalactigraphic featuie(section3.5) were identifiedasthe most promising in
detecting the relaps&he feasibility of such etection is tested using two machine learning
approaches

Chapter9 concludes the thesis while highlighting the achievements and contributions.



2. Background

2.1. Bipolar Affective Disorder

Bipolar disorder(BD), previously known asnanic depressions a summaryname fora
complex group of severe chronic mood disosdleat are defined aberepetitive occurrence
of relapses, episodes of depression, mania, hypomanigheir mixture with non
symptomatic euthymic periogeemissiors) in betweenThe BD group containgccording to
DSM-5 (APA, 2013) three conditionsBipolar 1 disorde(BD-I), Bipolar 2 disorde(BD-II),
and Cyclothymidaisorder(BD-IIl). These a sometimes accompanibg other disordes of
the bipolar spectruntnot otherwise specifiédwhere episodes are too shorttao few, so
they dorit meet definitions of mania or hypomar(i@owbin et al, 2013) The difference
between BBl and BDIl is the severity of manic episodds mania and hypomania.
Cyclothymic disorde(BD-IIl) describesa condition offrequentlycycling briefepisodes of

hypomana and depresen.

The global prevalencef BD (BD-1 and BD1l) is expected to be betweer226 worldwide
(Merikangaset al, 2011) though it is reported even higher in specific localiteeg,3-4 % in
South Africa(Steelet al, 2014) TheWHO signifiedBD as the & leading source of disability
affecting about 5% of the global population(BD-I, II, 1l , and spectrumjColombo, Fossati
and Colom, 201R BD is typical byits early onset70 % of BD individuals manifest clinical
symptoms before the age of 25 ye@iswrouziet al, 2016) Individuals with this disorder
are symptomatic about half of their livedudd and Akiskal, 2003; Judat al, 2003) The
consequences of the disease are quite seVeeemortality studies associate it with loss of
approximately 1620 potential years of lif@Mcintyre et al, 2020) The reported suicide rate
is 20-30 times higher in Bpatientscompared tdahe general populatioDome, Rihmer and
Gonda, 2019; Donegt al, 2019) Additionally, compared to the general population, adults
with BD experience elevated rates of obesity, diabetes, cardiovascular disehsetabolic
syndromgFagioliniet al., 2003; Mclintyreet al, 2020) Total estimatedannuakreatmentoss
areover 202billion US$ in the USA(Mclintyre et al, 2020)and 113billion U in the EU
(Gustavssoret al, 2011) The diagnosis of BDOs often delayed becaussome ofthe
symptoms such as impulsivity, affective instability, anxiety, cognitive disorganisation

depression and psychosjsare shared with mangther mood and mental disordérsfor
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example major depressive disordéMDD), schizophreniaattentiondeficit hyperactivity
borderline personality disordeztc. Moreover, BD is commonly accompanied &plethora

of comorbiditiessuch assleep disorderandalcohol or substance abuse. Therefore, it takes
approximately 610 yearsfrom the first occurrence of symptomt® obtain an accurate
diagnosigBaldessarinet al, 2007; Kessingt al, 2015) Thelength ofthediagnosic process

is alsogiven bythepredominance of depressigpisodegAkiskal et al, 2000)and overlooked
hypomania episodesvhich are usually not considered pathologmapatients, and therefore
not reportedAngst, 1998)

The mthogenesisf BD is poorly understoadRecenfindings (Andreazza, Duong and Young,
2018) associate it with idturbances in mitochondrial functiofhe genetic origin is well
documentedinheritability of BD is about 70%, and common genetic varianigere already
detectedStahlet al, 2019)

The nood changesissociated with relapsese accompanied by ggme shifts in energy,
activity, sleep, and behaviodrhe mania and hypomania are manifested by increased activity,
energy or agitation, euphorally exaggerateé senses of selfonfidence, abnormal
cheerfulness, decreased need for sleep;talativeress, racing thoughts, high distractibility,

and poor decision making. The depressive episodes, which are typumiiynoreprolonged
andfrequent, are manifested by depressed mood (feelings of sadness, emptiness, hopelessness,
sometimes accompanied whigher irritability), loss of interest in most activitiehanges in
appetite connected with weight changes, changes in sleep insomnia or hypersomnia, loss of
energy, feeling worthless and guilty, decreased concentration, and/oakihicithhtsWhen
apatient developseveral symptoms from both depression and nsmialtaneouslywe talk
aboutamixed stat§ APA, 2013) All of these relapses are litereatening. In depressiptie

suicide riskis higher,especiallyin a depression with mixed symptoni®ome, Rihmer and
Gonda, 2019)in manig the risk of poodecisionmaking is combinewith areduced need for
sleepwhich (when untreatedmay causdife-threatening exhaustidi?lante and Winkelman,

2008)

The factors contributing to relapse in BD aabso notclearly understoadSitill, it has been
suggested that themmuld bean association with dysregulation of circad{airca = about,
dies= day)rhythm(Murray and Harvey, 2010; Allogt al, 2017)anddisturbedsleep(Millar,
Espe and Scott, 2004; Stmandet al, 2013; Geoffroy, Boudebessa,al, 2014; Bellivieret
al., 2015; Gold and Sylvia, 2016)



The drcadian rhythm dysregulatioappearsin acute episodeas well asin inter-episode
periods(seeChapter7). Therefore, measurements of circadian rhythm via motor activity
profiles may provide a valid trait marker of BMilhiet et al, 2011) and a deeper
understanding of this dysregulation may contribute to improved management of the disease
(Scott, Vaaleret al, 2017; Merikangast al, 2019) For example, depression inds@ack

of physical activity, which isssociated with many comorbiditigsadults with BD and which

may becomeone ofthe future clinicaltreatment target@agiolini et al, 2003; Jannegt al,

2014; Vancampforet al, 2017)



2.2. Clinical Practice - Standard Treatment

The clinical treatment consists opharmacotherapy including mood stabilisers,
antidepressants, dnantipsychotics,psychological interventionsand electroconvulsive
therapy(Mcintyre et al, 2020) Thefirst line of pharmacological therapy monotherapy by
moodstabilisersor antipsychoticsThe oldesmood stabiliseused in BD idLithium, which

is also highly diseasspecific. It is efficienin approximately on¢hird of patient§Hui et al,
2019) even in monotherapin treatment of both types of acute relapses, as well as in relapse
and suiailality prevention The man disadvantageés thatthe effective dosage is only slightly
lower than the toxic levs| and therefag it should be periodicallypdatedéested, also with
respect to theenal function (every -3 months). It also requires a sedstricted diet and
avoidance of certain medicat®rOther monotherapies include valproateantipsychotics
(olanzapine, quetiapine, aripiprazole, et®uring acuteepisodes, he medications are
commonly combined with other mood stabilisers (lamotdgirtarbamazepine, etc.),
antipsychotics, and possibly antidepressamtse use of antidepressants is not generally
advisable as it may cause rapid cycling or manic ¢hit 8 t a | o .vDeie to &iditibrial)
comorbidities BD patients areften prescribedmultiple medicatiors. For thesemedcation

mixtures it usually takes a longer time to adjtis¢ optimumdosage

Psychologicalnterventiors are in most cases focusedtbe education othe patient on how
to cope with his iliness. One of these method®gnitive behaviour therapy (CB/Whichis
nonpharmacologicabsychotherapyfocusing on teachinggientshow tobecome awaref,
andexamine their distorted thinking, andgnitively test it against realijpydgments CBT is
often combined with psychoeducatiomhich focuses on the edwation of patientsand
possibly their relativesn better understanding of the mental illndéasorder tobettercope
with it ( B @ wetal, 2006; Miziouet al, 2015) Interpersonal and social theraigyanother
type ofpsychologicaintervention During ths therapy the patients are educated on possible
changes in social rhythmyhich pose a risk of relapse onses well as riskposed by low
medicationadherencePatients learn abotie needfor a regular daily routine and how to
avoid or cope with daily stressful eveliisank, 2007gas these magausedisruptons ofthe
circadian rhythmwhich arereportedasa possible relapse triggéscott, Vaaleret al, 2017,
Merikangaset al, 2019)



2.3. Clinical Practice - State Assessment

Periodicambulatory examinations commonly evaluate the course of the gatstate The
re-evaluation period variearound 3-4 months(Wang et al, 2005) The most objective
evaluation of patient state is possible through clirgchhinisteredscales which are
recommended for the treatmgiitohenet al, 2009) Most of the clinical scalesvaluate
separatelymanic and depressive symptomdanic symptomanay be assessed Moung
Mania Rating Scale (Young et al, 1978) (YMRS), BechRafaelsen Mania Rating Scale
(Bech, P., Rafaets, O. J., Kramp, P., & Bolwig, 1974 linicakAdministered Rating Scale
for Mania (Altman et al, 1994) and ObserveRated Scale for Manig K r ¢egat, 2010)
Depressive symptommay beassessed bylontgomery-j sberg Depression Rating Scale
( Mont gomer y anMADRS),Qadk imventatydfD8pressive Symptomatology
(Trivedi et al, 2004) the fiveitem Hamilton Depression Rating ScéleG o n zP#loet al,
2009) Inventory of Depressive Symptomatolg@yivedi et al,, 2004) or Bipolar Depression
Rating ScaléBerket al, 2007) Several scalesvaluate both manic and depressymptans
together These argfor example the National Institute of Mental Heal@h Prospective Life
Chart Methodology Clinician (Denicoff et al, 2000) Clinician Monitoring Form(Sachs,
Guille and McMurrich, 2002Brief Bipolar Disorder Symptom ScalPennehyet al, 2004)
andBipolar Inventory of Symptoms Scal&onzalezt al, 2008)

Theadministratiorof clinical scaledgs time-consumingthereforetheir use is optional in most
clinical practces. The clinical scalesif used,are usually utilized to monitor the statenly
during acuteepisodesOut of theseepisodesthe patientsare usually evaluated bg semt
structuredpersonal interviewThe long reevaluation perioanay causemissingan episodés
onsef which is the bestmomentfor intervention The long reevaluation period also causes
that most of theminor subclinical episodesre unnoticed In order to cpe with this issue

there are emerging loigrm monitoring systems.



2.4. Emerging Approaches for Long-term Monitoring

The needor afiner sampling of patient illness stgieogressioreadsto the development of
long-term monitoring systems, which may beided intothreecategories

1 Patients selfassessmenguestionnairesare an illness progression monitoring
approachwherethe patienthimself evaluatehis state/mood. Theare subjective but
highly focusedThis approach islready used in pracg. Paientfilled diariedmay
help to follow the course of illness between medical chegs When completed
onling the seKassessment coustiditionallybe used foatimely warning.

1 Behavioual analyse®xplore the development of ilinesses developmertd/bi@sed on
objectivdy measured changes smartphone usag&hese are mostly in the research
stage and wide usageould besubstantiallyimited byregulatoryrestrictions andhe
patients willingness to share sensitive data.

1 Physical activity measurd using an actigraph or a smartphomdyich monitors
changesn circadian rhythm mape used t@ssess patients state This approach is
presentlyalso in the research/developmetdge

The gtimal systemwould probablycombineall threeapproachesor at leastwo: the focused

selfevaluations and one of the other talgective measures

2.4.1. Self-assessment (Ecological Momentary Assessment - EMA)
Theselfassessment mood reports usage in clinical praatid research gaining importance
in the last year§ B a r retialg 2007; Cerimelet al, 2019) There are obvious advantages
of their use over thelinical-administered scalegirst of all, the reporting may be much more
frequent whichis extremely importantlt has been reported that physicians may miss up to
half of the patientd&symptomsand underestimate the severity of symptg@esrimeleet al,
2019) Anotheradvantage ishie reduction ofmeasurementost,as no clinical persaorel is
needed.Moreover, he adminigration in patient8 natural environment may increase the
aquired datés accuracy(introducing the saalled Gecological validity), as it reduces the
degree to which thexaminationby a physician and clinical environmeaitects the results
(the secalled dwvhite cloak syndrom. Someevenarguethat theaccuracymay be increased
by avoiding the clinician interpretatigifrDA, 2006). And finally, it may beusedas a part of
CBT, as the patient cognitiveontemplates hikerstate.
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On the other handhé needfor increased patienisadherenceappears to behe main
disadvantagef this methogdas the adherence in BD patidittasgenerally been reportéow
(Chakrabarti, 2016 Amongothersthe patients may experientsar ofpossibleinterventions
based on the reportandthere may be doss of insight during more severe symptomatic

periods.

Thevalue of seHassessed reportommonlyreferredio as ecological momentary assessment
(EMA), can be seenn the Cerimelds metaanalysissummarigng existing studies using
patientobserved and clinicianbserved symptomd hese studiemdicatethat patients from
psychiatric clinicasvhouse seHassessment reports haeetter outcome than thoséevdord
(Cerimeleet al, 2019)

As in clinical scales(section2.3), the EMAs may bedivided irto those assessingnly
depressionthose assessing only maraad those assessing both polarities at oGeeimele
et al(2019)evaluatedEMAS considering selected parametdysefness, possible public use,
the inclusion ofremissionindicator andsuicidal ideationindicator, testretest repeatability,
sensitivity to change, etén caseof manic symptomsthe following bestEMAs achieved
comparable or bettgperformancethan clinicianadministered Altman SelfRating Mania
Scale (Altman et al, 1997) SelfReport Manic Inventory(Shugaret al, 1992) and
Computerized Adaptive Testiridania(Achtyeset al, 2015) ConcerningeMAsfocused on
depressie symptomsthe best(and only comparable to the cliniciaaministereylwasthe
Quick Inventory of Depressive Symptomatolo(Bernsteinet al, 2010) The best self
assessed questionnaires targetind Ipolarities together wethelnternal State Scalgluang
et al, 2003) Affective SelfRating Scal€Adler et al, 2008) andNational Institute of Mental
Healthts Prospective Life Chart Methodologyself (Bornet al, 2014)

The EMAs have beerused already fomore than twodecadeshow, as indicated by the
introductiontimes of individual scales stated abowdowadays, when-Elealth is ortherise,
theinclusionof smartphonemayupgradehe field of psychiatry to a new level. Though there
is some concern abottie deterioration otthe patient® stateby focusing them on stlying
their symptoms, somstudies(FaurholtJepsen, Geddest al, 2019)suggest that it desrd
have to be that casémartphonesre becomingmore and moreomnon part of life. Out of
92 % of peoplewho own a mobile phonein the U\, 77 % have smartphonegOrsolini,
Fiorani and Volpe, 2020)'he owrership of mobile phondsy patients suffering from mood

disordes is similar to the general populatior{86 % in 2013, and theexpectedrate of
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smartphoness alsosimilar (Matthewset al, 2017) Therefore the incorporation ofEMAS
may increase patieriisadherence, evensing some gamification techniques. Moreover,
mobiles may be used even beydhd collection of EMAS, asit is documented in the next

section

2.4.2. Behavioural Analysis
The inclusion ofsmartphones into psychiatric care may repretlemdawn of longterm
monitoring and therefore preciseandearly identification of many health conditignghich
allows for timelyinterventionsThere isa plethora ofevidence that human behaviour nisey
monitored using smartphones and persomadarablesensors Such an approach is called
digital phenotyping(Orsolini, Fiorani and Volpe, 2020 Concerning patient involvement,

there are two types of measured data

1) Actively acquired data, usually obtained through aurvey, which requires the
participation otthe patient

2) Passivelyacquireddatg which are usually recordagsing smartphone statistics and
sensors readingsThese datawhich may be collected withoutpatients active
participation include: information aboutmovement (accelerometers, GPS readings,
mobile towers connectiongtc), socal interactions (number and duration of calls,
number of messagesumber of running appdyi-Fi, and Bluetooth readings as
number of available devices, screen time, number of unlocks, etc.), and other
physiological variables (speech parameters, typinguhyos and possibly hearate,
weight, etc.)The list of possible collected data streams may be extendibd bgage

of other personal sensors.

There is evidence suggesting that passive smartphone data may be used to detect relapses in
depressive disorts(Onnela and Rauch, 20168hizophrenigBarnettet al, 2018) symptom

severity in anxietyJacobson, Summers and Wilhelm, 202Dpnsidering B, promising

results are obtained for sped&aramet al, 2014; Muaremet al, 2014; Gideon, Provost and
Mclinnis, 2016; Mclinnis, Gideon and Mower Provost, 20B8cause of privacy issugbe

recorded data afecused only orspeech characteristicgjdh as pitch frequengynumber of
utterances etc. Other possible biomarkers includgping dynamics(Cao et al, 2017)
movemen{GPS and accelerometg(sGr ¢ rtal; 2015; Palmiugt al, 2017) andgeneral

mobile usage statistid$-aurholtJepsen, Busket al, 2019) Palmiuset al. reported 8%%

accuracy in depressiepisodedetection based ageographidocation recordingT'he findings
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suggest thagenerated objective smartphone data (the number of text messages/day, the
duration of phone calls/day) were increased in [entscompared tahe control group
(FaurholtJepsen, Buslet al, 2019) Increased physical activity may present a warningasig

for BD phase transitio(Beiwinkel et al, 2016)

A machine learning modalsing smartphoneollected visual analag scales for moa,
energy, and anxietiindsthe selfassessed energy to be an important BD state precsotan,
better than moo(Ortiz, Bradler and Hintze, 2018)

Using a combinationof activity, sleep, light exposure, heart ratknical scales, and EMA,
Cho et al. (2019) train a model with an AUC of around 0.9 and an accuracy of al86uh80

predictingremissiors, depressios) andhypomania.

Additionally, these applications mayqvide a utility for patients with BD to manage their
activity levels and exposure to light to coordinate with their circadian rhythm to maintain a
stable mood stat@ernaet al, 2018)

Although the results seeraxtremely promising, the studies provided so far lmasedon
relatively small samples of peopl&lso, many measures recorded during the studedd
pose legal issues in privgacsecurity and responsibility for tectical errors.Moreover, the
publicly available applicationsuch aBeiwee and MindLamg (which may be obtained for
free ongoogle and appleppstores), do not work on all smartphos@nd do not support all
the featuresmentionedbefore - mainly the spesch characteristics are missingso, the
patients physical activity is not measured when he/shesdot havea smartphonewith
him/her. Therefore the use ofa readily accessibledevice- an atigraph- may present a

plausible startingpoint for broader clinical use.

3 https://www.hsph.harvard.edu/onnd#d/beiweresearckplatform/(2026-Dec)
4 https://www.digitalpsych.org/lamp.htn@020Dec)
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2.4.3. Actigraphy

Actigraphy (Chapter3) is a noninvasive method of measuring sleep and circadian rhythm in
thenatural environment. Its use does not require additional paifarticipation, as the data
are collected mostly passivelhanksto theincreased use dfifferenttypes of spa testers
and activity monitorsit also posea low risk of stigmatisatiorAsthere is ample evidence of

a connection between BD and changes in sleep and circadian rh$totiofi2.1), both in
euthymic state and relapse splegTazawaet al, 2019) Actigraphyis a highly promising
tool for longterm monitoring of the course of the illsellore details on actigraphy measured

differences betweeahealthy population and BD patierdsuld be foundn section7.1.2
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3. Actigraphy

3.1. History of Actigraphy

The first wristworn actigraph a device that recoslbody movement, asdeveloped irthe
1970s(McPartland, Kupfer athGordon Foster, 1978}s usagewvaslimited at the beginning
but fromthe 19805 actigraphystaredto be used for sleep research, mainly to analyse-sleep
wakepatternsWhen compared to polysomnography (PSG), one of the advargapes the
sleep m# becontinuouslymeasured for 24ours a day, including daily naggnlike PSG it
caneasilybe measured foseveral consecutivdaysor weeks Sincethat time, atigraphy is
still a largelyexpanding field additionallyincluding monitoring ofcircadianrhythm (Sadeh
et al, 1995; Ancolilsraelet al, 2003) The development in itroelectromechanical systems
(MEMS), battery powerand memory mediadavegiven rise to modern digital lightweight
wearabls that allow recordingphysical activity data for weekswith high sampling
frequenciesSuchcapabilityhugely enhanced the possibéiof research in circadian rhytism
and sleep disorderin order toinclude suchwearabls in psychiatric careit is necessaryo
monitor, collect aml evaluate the data online to provide +iéale feedbackThisis achievable
by mobile network device®.g.smartphonesvhich additionallyallow for the acquisition of

EMAs at the same time.
3.2. Actigraph - Operating Principle

The key component of an actighais a threeaxis accelerometefhe acelerometer igsually

a MEMS sensor that consists offiaed part and a masgtached tdhe fixed part by springs
allowing movement in one directioccording to Newtods first law of motion, when the
sensor accetates (changes movement velocity), the weitgimids to stay atthe original
position This leads tahe displacement of the mass relative to the fixed feating to a
change inthe electrical characteristic of the senstwr(example capacity) as is sbwn in
Figure3.1. The threeaxis accelerometer conssif three such sensors oriented perpendicular
to each other and therefore allows for measuring of acceleration in 3DaSeokorhas a
limited oscillation frequency rangewhich is still much highethan the frequency range

common for biological movements.
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Figure 3.1 - Working pinciple of MEMS acceleration mechanism

Generally, the frequency @bluntary physiologicamovements rarely exceeds the frequency

of 3-4 Hz. Involuntary tremors can exceed 5 Hz frequéRadmond and Hegge, 1983he
NyquistShannon sampling theorem indicates that the sampling frequency should be at least
two times higher than the highest recorded frequencycéitre lowest sampling frequency
required for physiological activities is about 8 Hz, whilerecommended sampling frequency

should be higher than that in order to cover the involuntary tremors.

3.3. Actigraphy - Data Pre-processing

The signal recorded frotheaccelerometer has to be digitalised prelprocessed by filtering
outlow and high frequencidge remove gravitational acceleration and khiggguency artefacts
(such asusing a drill, driving a car, ejc The typical filteredrequencyrange for reords with

a sampling frequency atens of Hzis 0.257 4 Hz using abandpasdilter. (Redmond and
Hegge, 198550me approaches uséigher upper frequencylpoutl0 Hz) to include faster

movementghat may occum younger peoplgAncoli-Israelet al, 2003)

There arevearabls that allow for the st@ge of raw (unfiltered) values even for a relatively
long time, dependingn sampling frequencgnd battery capacityMost wearable (and all
used forlong-term monitoringandonline processingaggregatéhe raw activity datainto so-
called epochsThe duation of these eposlis arbitrary butmost areangng from seconds to

afew minutes.

5 https://www.electronicwings.com/senser®dules/adxI33%ccelerometemodule(2020-Nov)
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As of today, there are no strict standards in thethod usedo aggregate the raw data into
epochsTherefore, there iglsono specific physical unit assigned to theasured epoch score.
Scientific wearables usually represent the data as activity countsgdéssbacko the origin
of chronobiology where the activity of an animal was measured by courgirentsas a
movement of a whegbr passagesf an animal thoughan infraredlight beam or similar
measuring metha{Sokoloveet al, 1977; MatikainerAnkney et al, 2019) In the case of
the wristworn wearable, this method doéshold anymore, but the unit stays the saiftee
most common approacheo aggregate the raw data into epoch activity coactsrding to

the papefAncoli-Israelet al, 2003)are presented here

A. Time abovethreshold In this strategy, the amount of time where the activity is above
a selectedaccelerationthreshold (usually 0:0.2 G after low pass filteng) is
cumulatively counted per selected epoch

B. Zerocrossing In this approach, theumber oftimes when the acceleration passes a
value close to zens counted for a selected epoch

C. Digital integration This method is used with high samplirsgeacceleometers, where
the output is an integration of acceleratiom miven epoch (after filtering)

D. MaximumaccelerationIn thisapproachonly the highest acceleration (after filtering)

is saved for a given epoéh.

The drawback of these approachesre that in A. and B., the acceleration level of the
movements is not reflected. TlBe (Zero-crossing approach isadditionally vulnerable to
high-frequency artefacts. The. (Digital integration need ahigh sampling frequencthat
requires morebattery power, andthereforedoes not allow folong actigraphy recording.
The D. (Maximum acceleratiof), compared tahe C., does notreflect the duration of the
activities ineachepoch.And finally, both C. andD. fail to represent the frequency of the

movements.

The aggregated epoch activity coutie then usetb estimate features describiogcadian
rhythms, sleep, eté. see descriptiom section3.5. While there are differences between the
wearabls inthe units measuringctivity, the patternsf activity onset, offsetand peaks are

usually similar across theearabls (Belloneet al, 2016)

6 Method used in Mindpax MindG and MGK wearablege sectioB.4
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The commerciasport (fithess}rackers use similar accelerometers senkkgshe scientific
wearables. Rhough the data prerocessing is mostly not publiit also ha to include
bandpass filtering and aggregation of data into epdohsporttrackers the epochs are not
represented by activity counts but by higherel aggregatiosny which are step counts per
epochduringtheactive part of a dgyandsleepphases (states) during automatically detected
sleep. The steps atypically obtainedusing frequency analysis of the raativity data. Some
more advanced spetrtacker device also detect different types of activitibtke walking,
running, biking,swimming etc. These outputs hawenly limited use in actigraphy analysis,
but most of the devices would be able to measure the activity dasnsesented previously

in this section)f used with different firmware.

Many moden devices especially commercial sperackers,are alsoequippedwith other

sensors fomeasurindight, temperature, heart rate, pressure, G35, etc.

3.4. Common Actigraphy Wearables

Actigraphy is becoming a standard measurement for sleep and circeskanch as well as
fithess tracking. Nowadayshere areover 200 different portable activity trackarsaade by
variouscompaniesWidely used insleep and circadiaresearch ardor example wearable
from ActiGraph corporation(Florida, USA) and CamNteh Ltd. (Cambridge, UK)Other
wearabls, more specifically orientedyut approved byublishedresearcharedeveloped by
Condor(San PaulpBrazil) (Belloneet al, 2016) Vivago(Helsinki, Finland ( L © t jet%lnp e n
2003) andMindpax(Prague, CzecRepublig ( F 8 r &t al.\2@19; Cuest&rauet al, 2020;
Schneideet al, 2020)

The ActiGraphwearable allow raw recording storage ithe high-frequency rangeof
30-256Hz. This allowsfor a calculationof activity countsusing anypre-processingnethod
mentioned irsection3.3. It makes italso possible to evaluate body positiespecially when
the wearable is attachedtteewaistor thigh. Thetradeoff arehigher requirements for storage
capacity andor higher sample ratesvhichlimit battery life. The oldActiGraphdesign is of
bulky construction and might cause some discomfort to wear. Most oAdti&raph
wearable have to beead outmanually Nowadays,ActiGraph providessome improved

models,where CentrePoint Insightan share data online through a reading station or a
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smartphonelFor modelswith Bluetooth technologyBT), there is a possibility to accompany

thewearablewith Polar heartate monitors.

The main CamNech actigraphmodel is called MotionWatch It provides data froman
accelerometric sensor and a light sensor. Data afgrpcessedn thewearableandstored a
epoch aggregatesly. The epoch length may be set fromsd sec, where the settings affect
therecordings maximal durgon. Thewearablas equippedvith an event buttgrwhich may
be used fodifferent purposes based on stutbsign Due to lower sampling frequence
requirements for storage and battery are also lowered. TherdfeEBamNTechwearablas
significanty smaller tha the ActiGraph.Similarly to the ActiGraph, the CanNTecbannot
share data during recordirgniting its clinical use possibilities arttie controlover the data
acquisition processOther CamNTechproductsinclude aMotionWatch with increaed
mechanical enduran@nd amodel and tinyactigraph similar tan NFC chip with one axis

accelerometedesigned foanimalstudies

Figure 3.2 - Example of activity monitoring devicels the upper row areresented theeserch wearables(MindG,
ActiGraph, MotionWatch)which provide raw data for future analyses. In the bottom rawe presentecdcommercial
smatwatches (Garmin, Apple, Withings).

"l mages were obtained from the respective producers
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The Condois ActTrustwearable areprimarily oriented on sleep measuremerigding light
and temperature measuremekivagos WristCarewearabls are used irelderly care
focusing on automatic alasnMindpax& MingG is focused on psychiatric caresinga
systemfor sharing and preparing data for physiciahschnical parametetand feature®f

individual wearable shownn Figure3.2 are presented ithe followingTable3-1.

Table3-1: The technical parameters of selectatigraphs

Sampling ) .
Storage ) Online  Additional
Manufacturer Model frequency ] Batterylife )
capacity reading features
Datatype
25 days BT, Water
) 30-100 Hz 4 GB (180 days ) )
ActiGraph WGT3X-BT (without BT at No resistance (WR)
Raw data at 30 Hz) )
30 Hz) 1m 30 min
Display, WR, BT,
Event button,
14 days (sleep
30-100 Hz 4 GB (180 days Gyroscope,
GT9X mode, at 30 No
Raw data at 30 Hz) H2) magnetometer
z
additionall6G
3-axis accelerometel
] 512 MB )
CentrePoint 32-256 Hz 30 days at Display, WR, BT,
. (30 days at Yes ) )
Insight Raw data 32 Hz possible mobile app
32Hz)
4Mbit
(1,5 days for 1 )
) 50 Hz Event marker, light
CamNtech MotionWatch 8 sec epochsto 91 days No
1-60 secepochs sensor, WR
91 days 66sec
epochs)
Display, shower
resistant, event
25 Hz 8MB
90 days for marker, temperature
Condor ActTrust 2 1-86400sec (90 daysfor 60- No )
60-sec epochs sensors, light
epochs sec epochs
sensors (allcolous
and UVA/UVB)
256 kB
(27 days- but is .
o WR, accompanied
. . 6.5 Hz periodically Over .
Mindpax MindG* ) Yes mobile app or
30-sec epochs read so tillthe 7 months ) )
reading station
end ofthe
battery
Unknown, but
Aggregated sleep o
o as it is read over Alarm button, WR,
) ) activity, and o ) .
Vivago WristCare . ) FM itis till the 2-4 months Over FM  display mobile app
circadian rhythm
. end ofthe for user and family
data
battery

“it is possible to record epoghmitthe deailed specifiation is not provided publicly by the manufactuses not clear

* thiswearablds used in studies presented in this thesis
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The onlineaccesdo the data during recordinmgpresents a greatlvantage, as it allowsr
monitoring ofpatient ompliance andvearableerrors Inclusion ofthe display also helpsas
the wearable may be presentedaasatch andit shall not causestigmatisatiorfeelings to
patients.Battery capacity is the main factor limitirthe possible studydurationin most
wearables. Waterresistance is another important feature as ot uncommon that patients
forget to take the wearabbeck onafter it is removege.g. for hygieneA display and mobile
application may also increapatientcomplianceas it provids feedback information (if it is
allowed by the research design).

Themarketfor commercial spoftrackers and smartwatches is hufee higherendconsumer

devices are commonly equipped with GPS, accelerometer, optical heart rate sensor, ambient
light and infraed sensors, temperature sensor, altitude sensor, gyroscope, magnetometer, and
somerecentmodels also witlelectrical ECG monitor (FitBit, Apple, Whings Samsunp and
therefore may provide many interesting -pi@asurementdVhile most of the deviceare
medically not validatedsome of theflagship devices from wellestablished companies
(Apple, Fitbit, Coros, Garmin, Polar, Suundgithings etc.)were tested foaccuracy in many
domains The accuracy of step countdenerallyquite high. The nean abslute percentage

error (MAPE) is usually belowl %, though it varies between devicé&stimated distance is

much less accurate (MAPE > %) unless usinga GPS In that casgit is more accurate

though usually slightly underestimatdMAPE 3-6 %) (Wahl et al, 2017; GigenrAmmann,
Schweizer and Wyss, 202®)eart rataneasurement@rerelativelyaccurate iraresing state

while during higher intensity activitieshe accuracy dropJhe erroiintervaf obtained from

the Blan-Altman plot (Altman and Bland, 1983 approximatelyt/- 25 bpm(Claeset al,

2017; Wanget al, 2017) In comparisonthechest stragwhich may be added to ActiGraph)

hasan error intervalonly up to+/- 10 bpm The heart rateand activity measurmeens show

valid proportional changeandthereforetheymay be used to assess state alternation rather

than absolute measunens (Hernandcet al, 2018; Henrikseet al, 2020)

The accuracy of electrical EC&hievesa reasonabléevel underrest conditiongSaghiret
al., 2020) Concerning sleep, the accuraafydetected sleep duratiomasacceptabldor all
actigraphg/Ancoli-Israel et al, 2003) The sleep onset and offset time arsslaccurate, as
actigraphsypically detectsleepmore likelythan wake priods(Sadé, 2011) Thereforgsleep

8 Measured as limits of agreement, the interval that contains 95% errors
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is generally well detected ahealthy population, but the accuracy drégrpeople with lower

sleep efficiencyasdetectedy PSG)

All smartwatchesan transfer data through BIb a smartphonegndtherefore they may be
sharal online with the caretaker/research&his is an important advantage becaosny
possibly valuableneasurments can be obtaingkis way to suppoitreatment decisia The
automdic detecion of selectedactivities Such asrunning, walking, biking, elliptical,
swimming etc), blood oxygen saturation (SpQ2&nd heartrateis yet another advantage
Though some devices arelatively accurate, extreme caution is needed while using the
outputs for any kind of medical consideratibor example, durimthe2020 COVID-19crisis

the SpO2 measumens could be great for homecare monitorifgit unfortunately the
reported accuracy isot sufficient for clinical use(Tomlinsonet al, 2018; Tarassenko and
Greenhalgh, 2020)n spite of thatMishraet al (2020)show that martwatchmeasurements

may presenatimely warningsignof respiratoryinfection

The unreliability of sartwatch measurementsogether with thefact that circadian
rhythmicity is not monitoredy smartwatches or fithess trackdrg defaulf still limits the

selection othewearabls for actigraphy studieso those mentioned ihable3-1.
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3.5. Actigraphic Features

The most commonly usexpproacheassessing the circadian rhythmicity may bed#id into
parametriqusuallycosino) and norparametric. Additionally, sleep is one of the mstiate
and traitmarkes in BD, while anotherserious candidatefor a statemarker isrhythm

instability.

3.5.1. Cosinor Analysis

Cosinor analysigMinors and Waterhouse, 1988; Cornelissen, 2014; Gonetkdz 2018)is
the most commay used parametriapproacho describehe circadian rhythm. The regular
activity patternsare estimated bfjtting a cosine functiorfsee Eq3.1) with a fixedperiod,
typically set to24-hour. The resulting features aramedthe Acrophasei the time shift of
thefitted functioni the time of the activity peak, tiESOR (Midline Estimating Statistics
Of Rhythm) i the offset of the fitted case functioni the overall average activitand the
Amplitude T the difference between active and resting activifiie Circadian Quotient
(CQ), computed as the ratio of tamplitude andMESOR representan estimation of how
well-circumscribed periodef activity are during a day a proxy of rhythm robustness
(Gonzalezt al, 2018)

The formula forcosinor:
o wn IKIAT10t1D . Qo h
3.1

where® 0 IIi is the datgointmeasured at tim@0 i MESOR 61li Amplitude] - angular

frequency of the curves 1 phase angle of the maximum valoé the fitted curve (or

acrophase, commonly represented in a daytime houg ), andQo i residual erroat
timeo.
The formula3.1 can be rewrittemccording to trigonometric angle sum identity as
o 0 T ®r & Qoh
3.2

wherg 0 AT O, ODEd ,0 AT10to,andd OEFTito.
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The parameters of the fitted cosinor maydieained using the leassquares methqdy

minimising the sum of residual squares &S

23BN ® 0O Tl [1&
1

33
In the equation abové), is thetotal number of valid sample8 is the measured value thie

timei, andd fi , and’ are the parameter estimatioffhe minimising triple is given by:

0 @ o @
. oy & éy
v ey . e
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Amplitude is then obtained & T [ and phase shift as:
' OATTF— AMO mhiin nm
o A OATTF— ENO
¥ A OATTF— ANO i um
VP o
.. OAIl - AMO mitn 1 m
uw f
35
Additionally, the quality of dataapproximaion may beshown bythe twomeasures
1. Themean square error (MSEJ fit is:
- 3% B Qo
0
36
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2. The percentage of data explainéyg the cosinor modelis Goodness of FI{GOF),
calculated baseoh theMSE (3.6) of cosinor model, anfSE of aconstanmodeli (total

mean square errelTMSBH:

L& ﬁl;Y'i") Yo 3 %
PR35 Yo

3.7

Cosinor Description
500 T T T T T 110

ExAct (=)

Activity (counts)

1 A
06:00 12:00 18:00 00:00 06:00
Time of day

Figure 3.3 - Description of Cosinor rhythm characteristicBhe figureshows a cosine function (black) fitted on the epoch
actigraphy data (blue) with marked cosinor features Amplitude, AcrophagdMESOR The24-hour period is fixedThe
shownactigraphy datehavelow midday activitywhich isincreasing residuals error MSand reducingsOF (12.9 %). For
comparisonthe figure also showthe hourly ExAct scorddescribed irsection3.5.5.

Physiologically the MESORrepresentthe mean overall levelf activity. IncreasedMESOR
values may be seen due hah levels of daily activityor due to shortenedlisturbed, or
fragmented sleep. Themplitudefeaturerepresents the distinctidetweerthe rest and active
part of dayslt is increased in cases of highdstable daily activity with sound sledp may
be reduced by disturbed sleepflagmented daytime activity. Thcrophase representse
actualdnorningnes8or Geveningnessof the subjeci{an approximation of chronotypeee
Chapter6). During low activity daysthe Acrophasas less stableAdditionally, it showsshifts
in activity timing, e.g. due to the start of the daylighving time oitravdling across time
zones.The QOF represersthe stability of the rhythm as well #sefragmentation of activity

during both day and night.

25



The main advantage of the cosirapproach is its robustnesghe method may besed for
nonequidistantly sampled datar recordswith missing valuesOn the other handfive
assumptiongdescribed belw) arerequired fonts use(Cornelissen, 209)4most of which are
difficult to meetin actigraphy recordings.

1. The model should fithe data wellthis requirement commonly not mefThis is
the first challenge: Atltough the circadian activity pattern may be divided into the
low activity pat of sleepand high activity parof the awakestate the activity
levels seldom follow the increasing and lowering trend of the cosine function.
Quite commonlythere is a visible drop in activity midday 6eeFigure3.3). The
data nay also beskewed by either morning or evening activity peakich is
typical for extreme chronotypéseeChaptero).

2. Normal distribution of residualsThis is also not alwaysnet as the values are
lower boundedwhen therds no activity the minimum actogram value is zgro
and not from abovesthe sensorsaturation is not commonly met.

3. Homogeneous varianc&his collides with much highedatavariance during the
waking hourghanduringsleep.

4. Independence of residualkhis is alsonot alwaysmet, as continuousictigraphy
datameasured foa giventype of activity tends to stay similar over the whole
course of the activity.

5. Stability of thefeaturesover time This collides withthe fact thatthe workdays
and weekendfree) days are usually differenMoreover variatiors of feature
valuesare expectetb change with the BD patient state, which is connect¢ioe
instability in the @rcadian rhythms (see Chapterg & 8).

In order to follow these assumptions, the cosinor features should be obtained from a shorter
estimation window.This is contrary to obtaining valid rhythm decription, wherethe
estimation window should be long &timinatesodally induced noiseConsidering both of
thesecontradictory requirements, weavechosa rather a shortewindow, whichis better
determined irtime (see Chapte6 for the impact of window length in the task of chronotype
estmation from actigraphy)in our researchwe use features estimated from omesekand
two-weeklong windows. In this way the distribution of working and free days should be

similar in all windows.
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An aditional way tofulfil the assumptionswhich may hgb with the exploration of the
evening and morning activity peakis the useof a multicomponent cosinofCornelissen,
2014) In this way thedataarefitted by a mixture oftwo or morecosine function®f given

periods Similarly, the use ofhewavelet function could increase the percentage ofagxgd

data. Unfortunately, such approachesbscure interpretabilityand comparability as the
classical cosinoiis adopted bymost of theactigraphystudies evendespitethe issues
mentioned abov@lones, Hare and Evershed, 2005; Salvabad, 2008; Faeddat al, 2016;

KraneGartiseret al, 2019)

Throughout this workthe cosinor parameters are obtairfeain thefit of the cosine function
with a 24-hour long period o one or two weeks of dataxcept forchronotypeevaluationi
Chapter6). In order tomaintaincausality,the value for each dais basedon data fronthe

previousweek(or two).

3.5.2. Non-parametric Circadian Rhythm Analysis
The non-parametriccircadian rhythmanalysisitNPCRA) (Witting et al, 1990; van Someren
et al, 1996; Jones, Hare and Evershed, 208%) summary name fa set of features that
describeactivity patterns for each dagr few consecutive days, without assumirgaeticular
underlying analytical functiorBuchanapproach may be benefl, asmany assumptions of
cosinor analysis may be Vaded when used on actigrapldata, especially in BD patients,
where the rhythm is expected to be more ditdrSucha lesgestricted approado estimate

featureds then more prone to noise and errors based on missing data (see &hapter

Thetraditionalactigraphic featuieestimatedsingtheNPCRAarethe averagactivity during
the most active ten hou(s110) and its midtime (M10-time), theaverage activity during the
least active five hour@d.5), and its midtime (L5-time). Moreover, L5 and M10 are combined
in RelativeAmplitude (RA) (Eg. 3.8), whichis closely relatedo the CQ incosinor analysis

-pT, UL
-pT, UL

2!
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The M10 and L5 featuredogeher with their timing may beestimated for each day
(Figure3.4), or from a window of consecutive dayBigure3.5). In this thesis7- and 14day

slidingwindows were used in order teaintain thesame ratio of free and working days

As the way of estimation of daily L5andM210 is not strictly standardised in the actigraphy

studies Go n - et &4l.\2@18) we havesuggeste@long-term monitoringapproachshown
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in Figure3.4. In this way we expect to reduce the overlappingeigionsfor conseutive days
while allowing a maximum range ofL5-time and M10-time in each of thedays. In our
approachwe add5 hours from the previous and the following s&y the evaluateddaly
window. In this waythe M10-time andL5-time can be detected for ealbur of theevaluated
day. Still, thepossibleoverlapping M10 or L5 segmentsay cause a problerniio reduce this

risk while keepingareasonable range of possihf-time andM10-time, the estimation times

for L5-time are limited to 21:30 fronthe previous day-:30) to 21:30 of theurrentday. In
thecase oM10-time, the limits were set to 2:30 to 24:00 of therentday. Suclanapproach
reduces unjustified jumpgrossing midight) in L5-time andM10-time while keeping L5 as

a sleep descriptor, wheitds common to add sleep to the day following the wakeup. The daily

L5 and M10 features aalculated for the respected detected epochs

Daily M10 and L5 Description
T T T 110

500 : :
as0 - 100

400

350
M10 mid-time estimation regiq‘

[

ExAct (-)

150

L5 mid-*me dstimation regiorf'|

i i

sor IL5-time l I

j - |

0 I 181 I I"5| .

18:00 00:00 06:00 12:00 18:00 00:00 06:00
Time of day

Figure 3.4 - Estimationof daily M10 and L5 values The figure showsstimated L5 and M10 values for actigraphic data
(blue)and regions where tHeb andM10features aresearchedThebold redsection is where the M10 miiine is searched
Smilarly, thebold cyan region shows where L5 rithe is searched. The dashed extensions represent the maximal position
where the whole M10 or L5 region maypand The regions do not correspopdecisdy with a calendar dayto eliminate

the possibility oftie same region being detectigdce on consecutive dayRA is in this case0.88. For comparison, the
figure also showghe hourly ExActscore(described ir8.5.5).
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The dailyvaluesL5 and M10 ardeatures that change quigkirom day to day, compared to
cosinor and other NPCRA features. Thikws comparison between working and fregeys,

etc, but on the other hand, it makes them much momene to noise and missing data.
Thereforethere is a modified version of both faeets,based oraweek pr 2 weeksyaverage

day. In this approachthe epoch data are aggregated intmiBute segmentg he main daily
activity profile is computed by averaging daily values through the week (weeks). The mean
profile is then, agairexpandd by 5 hours before and aftle 24hourcyclein order to widen

the possible midimes ranges. The expansion is dogeopying thefirst and last 5 hourss

shownin Figure3.5.

Weekly M10 and L5 Description
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Figure 3.5 - Estimation of weekly M10 and L5salues Daily data aggregated into Bninute segmentgcoloured
semitransparentines) are averaged into an average day (blue) arganded b$ hours before and after the averaged day
(blue dashed)The M10and L5valuesare thenobtainedfrom the marked estimation regianThe data used for estimation
were the same as for cosindiidure 3.3), and therefore may be comparddhe RA for thislata epochis 0.84.

Concerninghephysiologicalinterpretationthe M10 represents thamplitudeof restactivity
rhythm, whichis connectedo the motor capability and function of the circadian tighgystem

(CTS) and cortical function, especially the frontal coiertegrity( G o n - et &l.,\2@15)

The CTS functiaality depends onhe integrity of neurongn the suprachiasmatic nucleus
(SCN) located neathe optic nerve inthe frontal part of the hypothalamus. Through

SCN-Pineal complexSCNis responsible fothe secretion othe hormone melatonin. It has
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been demonstted that lowering the number of vasoactive intestinal polypeptide expressing
neurons (stimulated kpelight-dark cycle) causeadeficit inthecircadian procesgiofman,
1950; Getal; 2815V e s

The reductionin M10 is associated with motor difficulty, exercise reductian CTS
degradation. The reduction is typical for later stages of Alzhéxdeeasd Go n - etdl.v e s
2015) The M10-time is also connected with CTS, and it alsepresents theactual
morningness or eveningne3erefore, itis a promising feature farbjective estimation of
chronotype gee Chapter6), suchas cosinorAcrophase Later activity midpoint was also
observed in BD patient&aufmannet al, 2018) BD patients aressociated with evening
chronotype(Gershonet al, 2018) Daily-basedM10-time may be used for social jetlag
estimation as it may be computed separately for free andivgodiiysIn our published article

( F&r ktaah 8019) we observedan arlier M10-time peakin participantswho were

successfully undergoingveeightreducingprogramcompared to the unsuccessful group.

The L5 feature, as aeasure ofherest phasgs also connected witihefunction of the CTS.
The value of daily L5s low when sleep is more efficient (few arousals) and increases with
CTS degradatigrcommonly connected with eigg, and neurodegenerative diseaseshas
Alzheimeis and Parkinso@s ( G o n - et &1,\2@15) A higher value of daily L5 is expected
in BD patients, who havigypically low sleepefficiency (Harveyet al, 2005; Gershoet al,
2012; Geoffroy, Boudebesset al, 2014) The weekly L5 may be used to repneisthe
regularity ofthe sleepwake regimeHigher values are obtained ftireirregular regimei.e.
shift-work. The L5-time feature may be usesimilarly as theM10-time for chronotype
estimation but as it is correlated with m&leep timeit should becloserto the mid-sleep
baseddefinition of chronotype(Juda, Vetter and Roenneberg, 201Blsee Chapte6. The
variation of dailyL5-time may be usetb monitorandevaluatesleep hygienavhichis highly

important in BD patients.

The derivedRA feature is associated withe maturation othecentral nervous syster@S).
It drops at a later age as the locomotor activity reduces and sleep efficiency decreases
( Gon - e &l \v2@15)

Other NPCRA features that focus on the daily rhythntreeértradaily Variability (IV),which
descriles the fragmentation of dailitythm, and the Interdaily Stability (IS), which evalisate

the similarity between day¥hese features do not have a matching counterpart in the cosinor
analysis. Unlike M10 and L5, thefeaturesnay notbe estimated for each day separat€he
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IV and IS originate fronmthe Chi-square periodograifsokolove and Bushell, 197.8\nd as
such,they hae tobe estimated from langer timewindow (beneficially 10+ days). We have
used7/-daysand 14dayswindows.lV and IS are calculated froeguationslerived byitting

et al.(1990) These eqgtions are:

39
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whereN is the number of sampleis a window p is the number of samples per dé34-hour

cycle), @ are the hourly meangis the average of the data,are the individual datpoints

While Witting et al. used® original samples, modern devices allow muakefisampling,

which affects the results of IS and G0 n - a | v uwndtleat resanipling the data into
specific segment length(approximately 180 minutes segmentshas favourable
discriminative properties inboth simulated andexperimentaldata Our findings( HI av 8|
2020) support this suggestioas well the best results were achieved ¥ to 20minute
segments for IV and 2thinutes and longdor 1S). Consequently, we have resampliee data

for the calculation of IS and I\fto 20-minute segments.

The IV feature representa restactivity fragmentationTherefore it is associated witlthe
maturation of CTS and diseasestbé sleepwake cycle Fragmentation includes daytime
sleepines and nocturnal arousalkdditionally, a link between IV andleep quality, poorer
cognitive and motor performancand reduced social interactiogs been reported
( Go n - e &l.,\2@15) Moreover, dower IV value, i.e smaller restctivity fragmentation
is associated with bettelegp consolidatiorPhysical exerciseral bright-light therapywhich

is expected tamprove sleep structurdhas been shown to prove the IV parameter glderly
people and patients sufferifigpm dementiaand Alzheimeis diseasgVan Somereret al,
1997, 1999)

The IS featurerepresentshe similarity in day-to-day activity profiles It is used as anarker
of synchronisation with the ligidark cycle(24-hour zeitgebej and stability of daily rhythm
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(Alloy et al, 2017) Therefore it is associated with CNS functiopmainly its photic and
nonphotic synchronisatignwhere higher IS represengsbetter state. IS haalso been
associatedvith CNS development (inewborng and mental disordersvhere higher IS is
associated with better cognitive functioffsis highly affected by social factors and lifestyle.
The typical value for a daytime worker is 0,&hile for a shiftworkerit is typically 0.25

( Gon - e &l \v2@15)

In addition to these wiely used norparametric featuresve have includein our dataset also
Average Daily Activity (ADA 1 Eq. 3.11) and average activity in four quarters of a day
(AQA 14, where 14 represents the quarters of the)day

LS ||,,£ A
0]
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In the above equatiol, isthenumber ofvalid samples irrachday(midnight to midnight)
andw are therecordedactivity datapoints AQA1.4 were obtained i similar mannerover
six-hourwindows(0:00-6:00-12:0018:00-24:00)

Anotherset ofadded featuress designedo directly comparehanges in behaviour while the
effects of different lifestylesre reducedThe data are divided into four categorigsw
activity, sedentary activity, moderate activity, and high acfivittased on individual
thresholds. ThéhresholdsY areesimated as 43 quatiles (Quantiles0.25, 0.5, 0.75)and
“Y as the maximal valuef each patierds activitydistribution(using the whole set of recorded
patients data) The features, name®l!  (in thefurthertext, thesubscripis replaced bytte
category low/sedentary/moderate/highpresent a percentage of eachddagtivity, which

belongs tahe categoriesstimated by the followingquation
B @ Y .
$tu 1 $! h
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whereand$ ! L

And finally, as a description of fragmentation activitytive active part of a dgythe Root
Mean Squares of Successive Differences (RM$3). 3.13) wascalculated for the daily
M10 segmerg(RMSSDu10). The advantage of RMSSD ovetandard deviatiorSD) is that
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it measure variability reflecting both temporal order aaahplitudeof the datgdMcGowanet
al., 2020)

2-3B$||6L o O

¢

3.13

where® areindividual datapoints and\ is their count.

3.5.3. Sleep Detection and Sleep Derived Features
As previously statedactigraphy isoften used for sleep/wake monitoringe(ction 3.4).
Changes in sleep are connedie@®D and both types of relapses, shortened or missing sleep
in mania and prolongedleepin depression(Plante and Winkelman, 2008yhile the
distinction between sleep and wake time using actigraphy is generally considered, tekable
detection of sleep phasasobhtained from polysomnographwas not successfuhenusing
actigraphy recording&Kaplanet al, 2012; Kosmadopoulct al, 2014) Mostsleep detectors
for actigraphy datare based on detecting epochs of low actikywever the algorithmsre
different betweemvearabls, as their sensitivitfor low activity and noisés systemdepeneént
(Meltzeret al, 2012; Celliniet al, 2013; Smithet al, 2020) Thereare no standards, how
sleep(and especially the main daily slgeghould be detecteénd someesearckoriernted
systems(such as CamNtech MotionWatchi section3.4) work based on patienharked
laydown time orin a semisupervised way which requiresmanual correction frona

resarcher) Suchanapproach is not feasible fargelongterm studies.

In our research,we have used sleep detection usithg Mindpax algorithm. Firstly,
sleepwearoffs epochs are detectawing logistic regression model odds calculatedthe
basis offeaturesusing10- and 3@minutelong widows These fatures include average value
in a centralised window, standard deviatiand percentages of increasing aletreasing
values in windows preceding and following the classified sang#eondly, the epochs of
sleep aralistinguishedrom wearoffs using thesholdirmg of activity within detected epochs,
excluding its edges. And finally, short gaps between the detpetsntis of sleejare filled
and very shorperiods of sleepre removed(Vostatek, 2018)
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Based on the detected sleep segmentsin sleep of the daythenight sleep is detectedas
the longest sleewithin 24-hourstartingfrom 15 aiclock on (Vostatek, 2018)

1) filling up to64-minute longgaps between sleep epochs
2) removal of sleep epochs shorter than 200 minutes
3) filling up to240-minutelong gapsbetween sleep epochs

Theprimarysleep parameters are obtained usivegdetected night sleepehese includaight
sleep duratior{SleDur), the sleep onset tim&leON) sleepoffset time(SleOFF) and mid
sleep for each daypverall dailyamount of sleepSleDurg) is obtained as a sum déiratiors
of all detected sleepp®chswithin 24-hour, starting at 18 @lock or at midnight (SleDudail).
This way the mainnight sleep isusuallynot divided betweetwo days.

Sleep quality imssessed by several featy@®ong them are:

1 Wake After Sleep Onset (WASQOJhis is the dation of all segments during the main
night sleepwhichthesleep detector didhidentify assleep.
Variability in data during the main daily sleBpMSSDyeepassessedsingEq. 3.13.
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Figure 3.6 - Thresholds for RestlessSeep (RSL) andnimobile Seep (ISL)(ACTIBIPO 2 dataset)The figure showthe
probability density function estimate for activity counts during inétgep. ThéSLthreshold is choserso it includes the two
least bits of recorded activity counts (includes approximateB6®5 night sleep activity) TheRLS threshold ibased orthe
distribution of activities during nigtgleep(includes approximately % of nigh sleepactivity).
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Restless sleefRSL) is a percentage of samples surpassing high levels of activity during sleep,
and ISL is a percentage of samples under low sleep activity thresholds. These thresholds were
obtained from the main dailyeriods of sleepACTIBIPO 1 and 2ataset$ Chapter4). The

ISL threshold is set as the two lowest epoch activity counts (based on the used adtigitajue
converterused. The RLS is set based on the distribution activities during nigkpsle

(seeFigure3.6).

The commonly used diatflyased (other markisgof bedtime) parametethe sleep onset
latency, was substituted tgutomatic approximation features. These featuresaaeeage
activity during 2 hours prior tesleep onset (APSQG)ndafter sleep onset (AASOPimilarly,
waking up has been describedderage activity during@ hoursprior to wakeup (APWU)
and activity after wakeip (AAWU). Then combined into the ratiof APSO/AASOand
AAWU/APWU based orashorte (30 minuteg period wereused toevaluatethe steepness of

falling asleepand wakingup processes

Based orthe main night sleep offsets and onsetevariability in data during the active part
of a day was assessasl RMSSRway(EQ. 3.13) from data resampled intofinute segments
and autocorrelation la@\CL) (correlation of signal moved by 5 minutes with the original) of

the resampled active day data.

9 The position of Restlessleep threshold is based on minimal point in sleep activity findpaxGMK (older
version of MindG)see supplemeriSchneideet al, 2020)and transformed to Mind@ able3-1) activity counts.
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3.5.4. Chronotype Measures
Chronotyperelated featurescan also be calculatedbased on actigraphyThe detailed
connection between chronotype and chronotgtated features(ich ad.5-time, M10-time,

mid-sleep,Acrophaseetc) is described irChapters.

The Munich Chronotype Questioaire (MCTQ) (Roenneberg, Wirdustice and Merrow,
2003; Juda, Vetter and Roenneberg, 20is3aased on patietiitled typical sleep times during
working and free days. The two main featunghichare estimateddsed on the MCT(are
a corrected miesleep time on free day@SF<) andsocial jetlag (SJL)the difference
between sleep habits in fre@lynningregime (free days) and working daygsing the detected
night sleep epochs in combination with reporte fdays orcalendatbased free dayshe

values of MSFsc and SJL may be obtained from actigraphy as:

33 n B9 N 3B $
C

-3&A0 3

3.14

Herethe 3 istheaverage miesleep orfreedays(wakinguponafreeday) 3 $ isthe
average sleep duration freedays 3 $  is theaverage sleep duration on work days and

n is the probability (or ratio from dldays)of afree-day and) is the probability of a

working day For a normal fulttime worker this may bey 11 16 X andnp n v X
based on a fivelay workweek.
3%, # 3 - 3

3.15

Where- 3 istheaverage miesleep orworking daysand- 3  is the average midleep

on freedays.
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3.5.5. Explainable Activity Measure (ExAct)
Unlike the steps recorded by fitness tracking devyittes ativity measured in countsased
on the acceleration filtered acceleration measeres (section3.3) has no straightforward
interpretation Therefore, we have engineered a featuredbald be presented and explaih

to patients as a part of motivation godbetter sefunderstanding(Schneider, 2021)

This explainable activity (ExAcgssignascoreto each 5min segment based on the expected
activity onsuchactivity levd. The 5-min segmentare used tdilter short burss of physical
activity, which may be artefacts caused thg environment (as transport, mechanical drill,
etc.) and therefore hard to interprEhe activities were divided inilevels(seeTable3-2).

Table3-2: Explainable activity levels description

Level Description score Activities
1 Sleep 0 sleep, passive TV/movie watching, deep meditata
o ) computer work, drivig, leisure walking, and low demandir
2 Low activity 5 (1/min)
housework, etc.
Medium activity 10 (2/min) walking, swimming, active housework etc.
4 High activity 20 (4/min) sports as running, bikindloorball, etc.

Explainable Activity and Regime

Figure 3.7 - Explainable activity and regime visualisation. The figure presents visualisation of hourly explainable activity
(ExAc) scores for 14 consecutive days. The presented data show a regular regime. The red lines present average sleep onset
and offset thes.The days are organised so that the most outer circle is the actual day and the most inner cficde the
(oldest)day of the defined window
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Theactivity level®threshold were trained in a microstudy where 6 youraalthy individuals
recordedheir activities (145) while writing an activity logbook. The ExAct score can be added

to hourly scores. These scores may then be presented to patients to visualise their rhythm
regularity as inFigure3.7. Daily vduesrepresent theverall activity level during the day and

could be interpreted athe number ofactive minutesluringa day. The daily ExAct may be

used asan additioral measureent of daily activity or when it is divided by thenterval
between wakeupand sleep onsethours) as the activwelay-part activity measurement
(ExActactive per active hour)(Schneider, 2021)
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4. Dateset

This chapter presentetails about recorded and used datassttuding individual sudies
procedurs and recorded data summarigsthe presentedhesis three datasetsre used

- ACTIBIPO 1171 a dataset for comparison between healthy controls (HC) and BD
patients(Chapter7)

- ACTIBIPO 2i a dataset for exploration and classification of symptomatic episodes in
thecourse of BOChaptes 5 & 8)

- CHRONOBIOT a dataset combined from two related datasaetduding a set of
women undergoing a weight reduction program arskt of healthy women. Th
datasetis used to assedte relatiorship between selectedctigraphic featuie and

results of chronotype questionnai{€&hapterc)

4.1. ACTIBIPO 1 Dataset

4.1.1. Participants and Procedure
Actigraphy data were recorded for more than 90 days in 35 BD patients mainly with BD
diagnosis, recruited from the outpatient BD clinic at the National Institute of Mental Health
(NIMH), in Klecany, Czech Republic, and #6 HC, matched for age and sex, who were
recruited by advertisement in the community. All BD patients underwent a baseline psychiatric
examination by a trained institutional psychiatrist, confirming euthymic state or low levels of
depressive/manic sympt@n using the Montgomerfxsberg Depression Rating Scale
(MADRS) ( Mont gomer y anand thesYoeng lylania RAing Bgale (YMRS)
(Younget al, 1978)

Inclusion criteria: all BD patients were diagnosed according to B3Siviteria(APA, 2013)

At the study entry, al | patients had to be
MADRS O d$keTable4-1) with no reported mood episodes @r 6afs prior to study entry
(Tohenet al, 2009)

Exclusion criteria for BD patients were the presenceanfacute depressive episode,
dysthymia, suicidal thoughts, a (hypo)manic episoddiagnosis of schizaffective disorder

at enrolment.
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HC exclusion criteria were: past or acute presence of a moderate depressive or (hypo)manic
episode or suicidal thoughtdiagnosed neurological, sleep mood disorders, or a family

history of mood or psychotic disorder among their fnster relatives.

All BD patients and HC who fulfilled the inclusion criteria were equipped with an actigraphy

wearable and instructed wear it preferablymtheir nordominant hansl

On enrolment into the study, all participants answered a demographic questionnaire. The HC
pool was contacted through an eradiécreening questionnaiwehich asked forsomebasic
information (age, sex, dnemployment status) and family disease history (neurological:
epilepsy, Parkinsas disease, etc., sleep disorders: insomnia, sleep apnea, narcolepsy, etc.).
Subjects who fulfilled the screening criteria were further evaluated using the M.I.N.I.
structurel questionnaire(Lecrubier et al, 1997) for neuropsychiatric disorders. All
participants were equipped with a wwgbrn actigraphic monitoringvearable(Mindpax i

GMK10) and were instructed to remove it omfen necessary.

During follow-up (.e., the period when the data were recorded), BD participants were assessed
monthly by theirtreating physiciarvia in-person visits or a telephone interview to identify
their current psychiatric state. We allowed for sominor increase of symptoms during
follow-up (i.e, YMRS < 15 and MADRS< 15). The tinical episodes criterigncluded
psychiatric hospitalizations, work incapacity, MADR5, YMRSO15 (Macfadderet al,

2009) suicidal ideation, or substantial deterioration of the paBesiinical state.

Theethical committe®f the NIMH in Klecany,Czech Republidhas aproved the studgnd

all BD patients and HC signed written informed consent.

10A device with similar parameters BEndG (Table3-1), but dueto different hardware the courdsoresare not
directly comparable
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Table4-1: Demographic, health and activity characteristicsA@TIBIPO lpatients and controls groups

Metadata BD HC p-value
Participants count
final (original) 25 (35) 25 (26)
[BD-I/BD-II] [16 BD-1, 9 BD-II] )
Age 39.72 (SD12.85, range 2B3) 39.68 (SD 11.19, range B3) p’ = 0.6549
Sex 60 % female (N=15) 68% female (N=17) p*=0.7688
(for recorded)
Days in study 134 (SD 39) [range 61179] / 97 (SD 12) [range 72126] /86  p’=0.0018*
(recorded / valid) 86 (SD 21) [range 50124] (SD 13) [range 62- 108] (for valid)
p’=0.2977
Working status 6/1217 221310 p’=0.0125*
(full-time/parttime/no work) '
Total days in the study 3341/ 2158 2426/ 2113 ;
(recorded/valid)
At admission to the study
2.3(93.9)
Through the studywith relapses 8.8
MADRS (SD 7.1) -
- without relapses
6.6 (SD 3.8)
At admission to the study
0.4 (SD 0.81)
Through the studywith relapses 1.8
YMRS (SD 3.3) )
- without relapses
2.1(SD3.5)
In thestudy: 2 paents with episode/s
. (2 dep., 1 hypomania)
Mood episodes Excluded: 5 patients with episode/s )
(7 dep., 1 mania psychosis)
Lithium 7 (28%) -
Antipsychotics used: 12 (48%) -
Quetiapine 10 (40%) -
Olanzapine 4 (16%) -
Antidepressants used: 6 (24%) -
Bupropion 5 (20%) -
Sertraline 2 (8%) -
Antiepileptic used: 9 (36%) -
Lamotrigine 6 (24%) -
Valproate 3 (12%) -
Carbanazepine 1 (4%) -
Mixed/Single treatment 19 patients/6 patients -
Average features®
ADA (average daily activity) 605 (SD 110) 778 (SD 92) .
Sleep duration 8.98 (SD 1.22) hours 7.40 (SD 0.51) hours I;‘ri?::sgﬁ:'
Circadianquotient 0.78 (SD 0.12) 0.66 (0.07)

presented ifable

M10-time 14.7 (SD 1.3) &lock 14.9 (SD 1.3) &lock 7
RSL (restless sleep) 2.6 (SD 0.9%6 2.1 (SD 0.66

MSFsc(chronotype) 3.7 (SD 1.0) &clock 3.6 (SD1.1)o&clock

LTTV in featurest”

ADA 103 (SD 32) 94 (SD 25)

Sleep duration

IV (Intradaily variability)
IS (Interdaily stability)
M10

M10-time

L5

L5-time

RSL

1.7 (SD 0.6hours
0.07 (SD 0.02)
0.06 (SD 0.02)
166 (SD 50)

2.1 (SD 0.8) hours
31 (SD 23)

1.8 (SD 0.6) hours
1.8 (SD 0.8

1.3 (SD 0.3nours
0.05 (SD 0.01)
0.06 (SD 0.02)
148 (SD 42)

2.6 (SD 0.5hours
38 (SD 23)

1.4 (SD 0.5hours
1.5 (SD 1.0p%

Thestdistical
comparison is
presented iable
7-2

Significance * < 0.05 ** <0.01 *** <0.001
¥ Mann-Whitney test? Fisher exact tesfs? test (chi2= 8.77)

A&elected features, for aleeTable7-1 and thesupplemenbf Schneideet al, 2020article

LTTV stands for longterm temporalariability.
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4.1.2. Subject s Characteristics
The BD patients and HC group characteristics, afteusiahs, are shown ihable4-1. Ten
(29 %) of the 35 BD patients enrolled in the study were excluded: 5 subjects were excluded
due to insufficient length of recorded ineerp i s o d e d a-# for dépeesshdepisodeg s
and 1 for psychosis after childbirth), 4 for an excesaw®unt of missing actigraphy data
(due to wearable removal @s malfunction), andL resigned from the study upon personal
request, resulting in 2BD patients in the final set. All of the subjects were attending a
standard BD treatment program and wesiag clinicianéchoice medication. Among 26 HC,
1 subject was excluded due to an excessive amount of missing data, resulting in 25 HC in the
final set. A lower dropout rate in H& BD patientsvas expected.

4.2. AKTIBIPO 2 Dataset

4.2.1. Procedure
Theactigraphy dt&a were recorded fdr8 monthsand longein 369BD patients. The patients
were contacted through thereatingphysiciansor anonline campaignThe onboarding was
done in two phase#n thefirst phasepatientswere instructed to fill in an online sttured
pre-sscreening questionnaire to confirm their BD diagnoSéwse whose diagnosisvas
confirmed were instructed to readormationaboutthe study, confirm the informed consent

andfill in theircontact informatiorand theirtreating physiciaontact information.
In the second phase, the patgehave beedivided intogroups

1. COREgrouppatientshave been evaluatelly theinstitutional psychiatrisat NIMH in
Klecany, who confirmed their diagnosis

2. PERIFERY1 group containing those wbauld notbe personallyevaluated aNIMH
or for wham the institutional psychiatrist 8dIMH could notconfirm their diagnosis
beyond any doubfTheinformationabout the patients, which wasededduring the
study, wasprovided by theitreating physician

3. PERIFERY2 group issimilar tothe group PERIFERY.1Only thetreating physicias

of the individual patients did not provide the needed additional information.

All patientswere contacted, either during the personal examinat®RE or by phone
(PERIFERY1 and PERERY?2). Additional personal informatiomnvas collected and all
patientswereevaluated using MADRS and YMRS clinical scales. The MADRS and YMRS
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were chosen for their applicability ovéne phone. All patientswho fulfil the inclusion
criteria, wee instucted to wear an actigraphy wearable (Mindp&d4indG 1 seesection3.4),
preferably o their nondominant hansl Furthermore, they were ask&alfill in a weekly
Aktibipo SEI-RaTing questionnairASERT introducedn sectio 4.2.2) usinga provided

Mindpaxmobile application.

The inclusion criteriawere the diagnosis of BD disordeaccording to DSMb criteria
(APA, 2013) with 2 or more affective episodda the anamnesiand actual remitted state
(MADRS 012 and YMRS09).

Exclusion criteriawere the same as the ACTIBIPO 1 dataset the presence of an acute
depressive episode, dysthymia, suicidal thoughts, a (hypo)manic episodiagnosis of

schizeaffective disorder at enrolment.

Additionally, patents in theCOREQgroup agreed to bevaluated using MADRS and YMRS
rating scaledby phoneeach month. FOCORE and PERIFERY1 groupshe heéh record
(hospitalisations with BD diagnosis, work insufficiencies caused by worsening of the BD state,

and suiatlal attempts) was collected at the enthefpatient recorded period.

Relapses according to study protocol were all statéh high rating scales scores
(YMRS 015, or MADRS 022), or hospitalisationfor BD diagnosisor work insufficiency
caused by BDor suicidal attemptThis study was organised as a fotervention study.
Therefore, there were no alternations of treatment based on the periodical scdlivgh&m
the patient had a high score in MADR@cidal thoughtgjuestionthis informationvasshared

with histreating physician

Theethical committe®f the NIMH in Klecany,Czech Republidhas approved the studyd

all BD patients and HC signed writténformed consent.

4.2.2. Self-rating Questionnaire (ASERT)
The AktibipoSEIf-RaTing(ASERT) is aquestionnaire for ecological momentary assessment
(EMA) of mood in bipolar disordeinventedat NIMH ( A n &t @l, 2021 preprin). The
guestionnair€Table4-2) contans 10 itemsmapping depressive {gems), manic (4 items)

and nonrspecific (2 items) symptoms, with 5 possible response levels for each symptom.
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Table4-2: ASERT description, questiorgjestiongrouping and possible answers in Czech and English

No Group Questions English version Questions Czech version

1 | feel sad, downhearted C2t2m se smutnh

| do not enjoy anythingand
2 ] Joy anyihing Nic mhD nebav?,
nothing pleases me

depressive _
3 | have no aergy Nem8m ener gi i
4 | feel gloomy and pessimistc Budoucnost vid?
about the future pesimisticky
s | feel unusually great, C2t2m se neobvy
optimistic optimisticky
6 ] | have excess energy M&8m nadm2ru ene
manic S i
. My thinking isvery fast, others My sl 2 mi to hod
cannot keep up with me mhN nest?2haj?
I need to sleep lessthanusual Pot Sebuj i sp§t
N | feel restless, tense C2t2m nekl i d, n
non-specific
10 | cannot focus Nemohu sd& soust
Reply options Mogn® odpovDiDdi
0: 1 do not agree 0: nesouhl as2zm
1: more likely | do not agree 1 sp2ge nesouh
2: | probably agree 2 asi souhl as?
3: |l agree 3: souhl as2zm
4: | completely agree 4 naprosto sou

As stated inthe previous section, ASERWwas administeredn a weeklybasisthrougha
smartphone application developed liyndpax. The ASERT was provided in Czech, and
English versions, based time settings of the mobile phone.

The questionnaire has been validated againsDR8 and YMRSsymptomatic episodes
(MADRS 015, or YMRSO15). In the case ofsymptomatic episodes, the average episode
threshold obtainedfrom logistic modelg A ndt &, 2021 preprintyvereeitherthesum of 5

in the manicASERT groupfor a manic episod®r the sum ofL5 in ASERT depression and
nonspecific groudor a depressiveepisode The depressive and nonspecific groups were

combined because MADRS also includes both of tegsgtom types

4.2.3. Subject s Characteristics
From369 BD patientswho were included in the stud8 were excluded fashort duration
of recordeddata- less tharé months of validlaysdata(80 % of datapoints perday), 5 were
excluded fortoo few recordedASERTSs (at least 12 ASER$ 1 approx. 3 monthswere
required, and1 was excluded basexf missing gender and age informatidéeaving 275 BD

patients for analyse3he differences between groups are presentédlite4-3.
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Table4-3: Demographis, activity and health characteristics in ACTIBIRXpatients

Group/parameter CORE PERIPHERY1 PERIPHERY2
Participants count 98 122 55

Sex (female) 58 725 45

Birth year 1980 6D 11) 1978 6D 11) 1975" (SD12)
BMI 27.85 6D5.72) 28.83 6D 6.48) 27.44 GD5.93)
Height 173.76D9.2) 173.2 6D8.7) 171.7 6D8.6)
Weight 84.2(SD19.2) 86.4 6D 19.6) 81.0 6D 18.7)
Recorded daysper 796 SD267) 601 (SD213) 568" (SD245)
patient

Valid days (%) 85.7 8D 14.1) 85.1 6D 16.9) 91.2"# (SD11.9)
ASERTS (count) 90.4 6D 35.3) 67.5" (SD30.6) 66.6" (SD33.1)
ASERTSs per week 0.80 6D 0.19) 0.80 6D0.24) 0.82 6D0.18)
(count)

ASERTSs averagedep. 3.72 6D2.93) 5.24* (SD3.41) 5.11 (SD3.28)
score

ASERTs averageman. 1 45 gp1.39) 2.28" (SD1.88) 2.28 (SD2.11)
score

ASERTs average all 7.10 (SD4.83) 1045™ (SD6.15) 10.31" (SD5.54)
score

Relapses(scalesand 365 66 24
hospitalisation)

Relapses per participant 3 7 (350) 0.54* (0-7) 0.43* (0-7)

(min-max)

* one participant underwent a change of gender during the study

¥in the PERIPHERYgroups the scales were usually not provid&terefore scales relapses may not occidditionally,
PERIPHERY2 have quite limited information about relapsBsereforethe number of relapses may be quite
underestimated

*all individual scale$MADRS O 1 5, R68 r Qafddénsideredhs separate relapses

*<0.05,"<0.01, ™ <0.001 for a CORE PERIPHERY difference

# < 0.05 for adifferencebetween PERIPHERIES

4.2.4. Expert Labels
As can be seen from above, the clinical patient state has been assesbgdtheally records
plusin COREgroup by monthly scaling. Such dathg ground truth) are too scarce to be
compared to the dailgictigraphic feature Therefore,an expert labelling of patieriistates
has been introduced.

Using theMADRS and YMRSscales ASERTs, medical recordsand notes from monthly
scaling (only CORE group) a teamof expertsannotated timeepochswheneverthere was
sufficient informatiornto conclude gatient stateThe team consisteaf 3 psychologistswho
were providing the monthly scafin and analysts (3) who were processing the data. No
actigraphic featurewere visualised during annotation, exdeptegions where the actigraphy
data were missing. Based on the general agreement tédhisofexpertsthere were marked

epochs ofremission, depressieanset, depression, depressaffset, manieonset, mania,
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maniaoffset. For cases of mixed symptonmaultiple labels were used for the same epoch.

These cases were extremely r&enerally speakinghescalebasedr medicarecordbased

relapse (symptomafiperiodswereexpandedisingASERTSs andnternal notes frormonthly

scaling Additionally, the regions arounah which the onset (offset) of symptoms most likely

occurred were marked a®fset, oroffset).

Similarly, regions wih elevated symptomshat didri reach the threshold for relapse
(MADRS 015, or YMRSO15) were marked as onset offset Hospitalisatios periods

havend@ been annotated with expert laheftecause the activitduring hospitalisatioris

considerably restrictedA summary of thexpertannotationss presented irthe following

Table4-4.

Table4-4: Expertlabelssummary information

o Mania ] Mania Depression ) Depression
Parameter/state Remission Mania Depresson
onset offset onset offset
Labels(count) 218 94 48 78 156 109 150
In patients(count) 87 46 27 42 64 50 67
Labelleddays(count) 21424 1960 1189 1554 4893 4232 4154
Valid actigraphyfor
88.76 89.59 85.95 90.48 88.39 88.40 87.53
labelled dag (%)
Labelled £gments
55 16.5 19 14 22 27 18
duration (days)
) (26-101) (9-29) (10.534) (8-26) (11.536) (8.7547.25) (10-31)
Median (QXQ3)
Valid actigraphy
. 98.32 100 100 100 100 100 100
during segmentg%o)
. (85.5100) (94.74100) (80.03100) (93.24100) (90-100) (82.77100) (92.59100)
Median (QXQ3)
Labelled £gments
per patient 2 (1-3.75) 1.5 (%3) 1(1-2) 1(1-2) 2(2-3) 2(1-2) 2(1-3)

Median (Q:Q3)
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4.3. CHRONOBIO Dataset

4.3.1. Procedure
The CHRONOBIOdatasetincludes a group of women undergoing weigbss treatment
(obese and overweightobesitology subsgtand a control group of healthy women (normal
weighti control subsét Part of the sampl@he obesitology subsetyerlaps with the sample
we haveexamined previouslyn a study byF § r k Schrideet al. (2019) however, the
data were subjected to different analyses and have now been restudied in the context of

chronotyping methodology. Both groups underwent the same procedure.

Inclusion criteria were as follows: age 1&tt not of menopausal and pasenopausalge,

BMI 18.5-55 kg/nt during onboarding no shift work, no pharmacologically treated
psychiatric illness and written consent to participate in the study. Exclusion criteria were
having less than four weeks (88ys) of valid recorded days of actigraphyagdéitme zone

travel and BMIO55.0kg/n? at any time during followup.

In this study, we have equipped a group of women participants with an actigraphy wristband
(GMK!! actigraph by Mindpax Ltd.) and instructed them to wear it at all times for up to three
months. All participants filled the MorningneEseningness Questionnaire (ME@jorne

and Ostberg, 1976dnd Munich Chronotype Questionnaire (MCT®oenneberg, Wirz
Justice and Merrow, 200&hronotyping questionnaires at study admisskeor. details on
MCTQ features estimation, see secthb.4 All participants were alssurveyed for work
status, dates of betweéme-zone (longdistance) travel, and free days other than weekends

and public holidays (the free dagsirvey).

Additionally, after a followup period of approximately 18 montlasubgroup oparticipants

from the control groupe-filled the MCTQ and MEQ questionnaires.

4.3.2. Subject s Characteristics
From the total of 12#%vomenrecruited to the study, 2 women were excluded due to B8
or more; 1 woman was excluded due to travelling between time zones in the dipssiod,
and 19 women were excluded due to less than 28 valid consecutive days. The resulting set
contained actigraphy recordings from 100 participants available for analyses. Descriptive

statistics of the complete set, as well as of the two originalasylles, can be found in

1A device with similar parameters as MindGable3-1), but dueto different hardware the courgsoresarenot
directly comparable
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Table 4-5. The most extreme chronotypésin-max) in the set were MEQ 272, MCTQ
MSFsc 1.7 6.7 axlock, and the most extreme relative sogtlhgvalues (MCTQSJLrel)

were Oi 3.5hours.The key differencebetween the obesitology subset and control gubse

werein BMI and actigraphy duration by design. No significant differences were observed

between the two subsets in terms of chronotype, gender or age. Moreover, while there are

differences in BMI, thie combined range is similar to that in tGeechpopuation.

Table4-5: Demographyhealth, chronotype anactigraphydata characteristiéor the CHRONOBIO data setnd its subsets

Whole dataset Obesitology subset Control subset
Group/parameter ] ] ) p-value’

median, Q1- Q3)*  median,(Q1-Q3)*  median, (Q1- Q3)*
Participants (females) 100 (100) 61 (61) 39 (39) -
Age (years) 37 (30- 43) 39 (D-44) 34 (29- 41) 0.124
Height (cm) 168 (164 173) 167 (164- 173) 170 (16t - 174) 0.240
Weight (kg) 82.0(64.0- 99.0) 95.0(8421 104.8) 63.0(59.071 69.5 <0.001
BMI (at onboarding) 30.4 (23.11 347) 334 (3071 37.3) 221 (20.51 24.0) <0.001
Chronotype characteristics
MEQ 53 (47 - 60) 53 (48- 60) 53(46- 59) 0544
MCTQ -MSFsc 3.40(2.80- 4.08 338(2.751 3.97) 3.44(2.82i 4.40 0321
MCTQ-SJLrel 1.22(0.55i 1.76) 1.13 (0.6/1 1.66) 1.25(0.507 1.98) 0813
Actigraphy recordings
Actigraphy

83(61- 90) 89 (8- 92) 56 (47 -69) <0.001
(follow up days)
Actigraphy

) 69 (461 88) 84 (68 - 90) 47 (43-62) <0.001

(valid days)

#obtained usingVilcoxon ranksum tesbetween the obesitology subset dmelcontrol subset.
*denotes significant differences between the obesitology and controlpse05
* Q1 and @ represent the first and third aptile
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5. Robustness oActigraphic Features to
MissingData

5.1. Introduction

Alteration of circadian rhythm is commonly reportedaaisk factor and symptom of several
psychiatric disordersfor example,BD is directly connected with vulnerable and unstable
circadian rhythm. Stijl it is uncertain whether y&regulationis the cause that provides
vulnerability for thedevelopment of BD or whether rhythm dysregulation is one of the
symptoms(Alloy et al, 2017; Walkeret al, 2020) Other mental disorders/hich are
associated with vulnerability {@r considered a cause afisruptionof circadian rhythnmare
anxiety dsordersmajor depressive disordemd schizophrenid he disruptios of sleep and
circadian rhythm are commonly associated with the sevefitjiseasgmajor depressive

disorder and schizophrepiar as a risk factor (especiaigtlag (Walkeret al, 2020)

Additionally, sleep disturbancemeasured ahe variation of sleep duration and timirtgave

also been associatedth physical health (i.eheart condition, diabetes, obesignd sleep
disorders) and stre¢Bei et al, 2016) While the stateof-the-art methods for circadian rhythm
measuremenassessndatonin levels and body core temperatuaetigraphy isalso widely
acceptedasa less invasive methg@Reid, 2019) Therefore the use oflong-term actigraphy
accompaniedy online data collection as describedsection3.4 may present a plausible
method for monitoring risk factors. It may prove to be a supportive approach for evaluating

symptoms severity.

One of thdong-term monitoring system downsidesthe need foconstant checkinthe data
collection to achieve eeasonable ratio ahissingdatapoints The data are usually missing
either due tavearableemoval(selected sports, inconvenience of Us$gpical for psyclatric
patients, etc.9r technical difficultiefas may berroneous datansfer from the wearable to
the servej. As theactigraphic featuree were not originally developed with consideration of
missing valueswe have analysedélebasicactigraphic éaturs (sections3.5.1and3.5.2 to

seehow robust theyvereagainst missing dataoints in the recording.
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The goalf this chapter are:

1. To enumerate the naturéllctuation in individualctigraphic featurs over a long
time evaluated athelong-term temporal variabilityL TTV) (Exp. 1)

2. To evaluateand explore therrors caused by missing dateactigraphic featuie
estimation- both he estimation error offset (average estimation error) isd
variation (Exp. 2)

3. To evaluate the severitffmpac) of theestimation errorandthepossility of their
correction (Exp. 1& Exp. 2)

5.2. Methods

5.2.1. Natural Long-term Variation in Features (Exp. 1)
In order tointerpretthe meaning ofmeasireanenterror, ts size has to be comparedthe
average value orange of possible value§ince many actigrapic features do@ have a
defined range of values, it is necessary to define a meaningful range to which the error can be
compared. In order to meaningfully évate the estimation error of actigrapfeatures caused
by missing datgoints, we compare it to the lotgrm natural fluctuation of features.
Therefore, our first step is to obtain the lelegm natural fluctuation of each featessessed
by long-term temporal variabilityy LTTV). These fluctuations are helpful not only for the
interpretation of estimation errors, but also for interpreting other changes happening in the

actigraplic features (see Chaptef# 8).

A subset of patients was selected fromA@TIBIPO 2 datase{(section4.2). The inclusion
criterion was to have at least one year (365 days) of valid days. Valid in this context means
that there are not merthan 10 minutes of missing dgtaintsin one day, or not more than

1 hour of missing datpoints ina 7-day window, or not more¢han 2 hours of missing

datapoints in 14lay window.

In these patients, the cosinor and NPCRA features (see s&&bah& 3.5.2 were calculated
for all of the valid daygandwindows. Afterwards,temporal variabilityof each featuréor
eachpatientwascalculatedn the form of(1) standard deviatio(SD), (2) interquartile range
(IQR) (as some featusd mainly the timing featureg L5-time, M1Gtime, Acrophasé - do
not follow a normal distribution) and(3) coefficient of variation (CV)the ratio of SD and

MEAN, which is easier tdbe compare to acbgrams recorded using a differeattigraphy
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wearable see @apter7). These values are then referred tdoagrterm temporal variability
(LTTVsp, LTTVigr, and LTT\kv).

The LTTV may differconsideably between individuals, based on their different lifestyles,
movement possibilities, etcTherefore, for evaluatidmterpretation purposeswe have
definedthreehypothetical patientst. the minimalLTTV of each featurés referred to aso
the most stable patieri2. the mediarLTTV of each features referred to as typicagatient

and 3 the maximaLTTV of each featurés referred to as the most unstable patient

5.2.2. Estimation Errorin Features Based on Missing Data (Exp. 2)
This experiment again uses tAETIBIPO 2 dataset (sesection4.2). In this casea patient
wasincludedbased orthe completeness dfis/herdata.The inclusion criterion was to have a
14-daylong datasegmentwithout any missing valuesJsing these complete segmeni®
have evaluatethe impact ofa percentage fomissing values. A set of cosinor ahNiPCRA
featureqthe same as in Exp. das estimated, as describedéatction3.5(3.5.1and3.5.29.

In addition to features callated from the segmenitssamplegi @ 6) fj without missing data
"Oi ¢ dm, whereOrepresents individual features (SEable5-1), andi ¢ & igpresents
data from one patient (1day segments)he features we also calculated from segmenish
randomly distributediroppedvaluesiO i ¢ oty Qi , ivhere he & "Qirdpresents percentage
of missing values the featurespecificestimation window (day, #day, 14day). The tday
window features wercalculated from the"2day of the segment. Theday window features
were calculated from theé'iveek of the segment. The-tidy window features were estimated
from the whole segmenthe range ofissing valuest "Qiwias2-60 % (with a 2 % stepup

to 20 % andwith a5 % steponwards). The estimation errqiEE) was obtained as
O @dafp Qini MOi Gd Qi i "Oi & dm
5.1

The estimation erroroffset for an individwal feature is defined as anaverage of
O @b a i Qi dver allof thesamples with fixedt "Qf i

o d"Qii—ﬁp 0 Gha iy Qi i
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And the estimation error variability for an individual featwngh fixed & "Qiisidefined aSD:

0 a'Qi i O MapQi i0 aQi i
53

The dchta removaproceduravas repeated 100 timasreduce the effect eédandom distribution

of missing values

5.2.3. The Nature of Missing Data-based Features Errors (Exp. 2)
Linear regressionmodek with zero intercep (Eq. 5.45.2) were trained to representthe

averaggO & Qi)@andO & Qi for each featurd-urther, hemodelpredicedO & Qi i
representsaa common (predictable)offset which may be corrected. Themodel prediced

‘O & Qi represents a common uncertainty of the feature.

O a Qi im 1 ZdQiir Qi R a Qi i

5.4
Where- & "Qi riepresents residual errpendthe partin the square brackets is optional,
based on the type of tested dependembg. modeformulafor O & "Qi is the same afor
O aQi.i
Two dependencies were tedtalinear(Eq.5.4) andaquadratiqEg.5.4, including the square
bracket) For significant modelsa betterdependencyas chosen by compaon ofadjusted
Y (Eq.5.5), where the residudbasedY (a coefficient of determinationEq.5.6) is adjusted

by the number of predictor§hequadratic model is used when it explains data better for more
than 5% using theY

55

In the formula abové) is the total sample sizandr) is thenumber of predictors
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y 33 % B - &'Qf i
P =— , P
334" B 0 i ioO

5.6

In the formula above§ST isthesum of squares totebSE isthe sum of squares erroandO

stands fothe averageof estimation emorsoffsets(Eq. 5.2).

5.2.4. Effect of Aggregation of Missing Values into Blocks (Exp. 2)
The random distribution of missing valuesnot common in the actigraphy recordings. The
data are usually missing in blockehich correspond m&t commonly to wearable removal or

malfunction.

The individual strength of dependencies was tested by a model comhshamgingthe
percentage of missing valuds "Qi), iand aggregating hese missing values into non
overlappingblocks as it would be more probable ina real actigraphy recording. For
simplification, all blockswere of the same size, and only linear dependency was tested for
both number of blocks andd "Qi. In this casethe features werestimated for missing
datad Qi (0 - 60%). for eachd Qi (éxcepta Qi i 1P ), the missing datpoints were
arranged into a different number of blogks (171 50). The procedure was repeated 100

times for eactsampleto reduce the effect of random distrilmumt of missing valuesblocks

O a Qixi m i taqQi i té R & Qi i
5.7
TheO & QiEi is obtaned similarly as irEq. 5.4, as average over samples, the model
for uncertainty0 & "Qiei was traned in similar manner.
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5.3. Results

5.3.1. Natural Long-term Variation in Features (Exp. 1)
Out of 275 patients the ACTIBIPO 2 datasg27 fulfilled the inclusion criterid i.e. enough
datapoints to be included ifeature$naturalvariability estimation(section5.2.1). Theresults
are presented imable5-1. Thetypical patient fhediar) LTTV cv of mostfeatureswas in the
rangeof 5-20% (see thdifth column of the table)The largest LTT\¢v were observed for

L5-time features. The comparison of LTdd/and LTTVigr Shows that most of the features

LTTV follow approximatel\Gaussiardistribution.

Table5-1: Natural variability ofselected featurés BD patients

Feature Estimation LTTVsp LTTVier LTTV cv (%)
window size median (min, max) median (min, max) median (min, max)
M10 73.12(47.67,160.43) 96.39 (57.11, 24,09) 16 (9,29)%
L5 11.32 (3.96, 112.39) 10.03 (4.09, 147.17) 28(13,10) %
M10-time (hours) One day 2.26(1.06, 4.99 3.06(0.57, 6.28 16(8, 289 %
L5-time (hour) 1.58(0.77,5.33 2.24(0.83,7.93 60(28, 879 %
RA 0.055(0.024, 0.233 0.055(0.019 0.40) 63,39 %
M10 RMSSD 24104 (179.85366.83) 31584(21545,46171) 13(10,18) %
MESORy 28.95(15.36, 57.5D 37.14(20.06, 110.3p 10(6, 23 %
Amplitude 26.88(18.99, 79.25 34.25(21.37,99.18 14(7,42 %
Acrophase (hour) 0.57(0.28, 5.00 0.69(0.35, 4.43 4(2,30 %
CQr 0.076(0.036, 0.18p 0.095(0.051, 0.27% 10(4,49 %
GOF7 4.08(2.69, 9.12 5.17(3.41,11.6) 20(9, 77) %
M107 Seven days 43.36(27.31, 82.19 55.93(24.84,133.48  11(6,19 %
L57 10.64(3.89, 79.9) 9.76 (2.75, 12p 22(10, 45 %
M10-time7 (hour) 1.44(0.37, 4.85 1.58(0.08, 4.43 10(3,29 %
L5-time7 (hour) 0.90(0.32, 4.5} 1.17(0.25, 5.25 34(13,133 %
RA7 0.045(0.019, 0.17p 0.050(0.012, 0.279 52,4) %
V7 0.069(0.043, 0.11} 0.081(0.049, 0.16% 14(11,22 %
IS7 0.066(0.043, 0.14% 0.087(0.054, 0.21p 12(6, 50 %
MESORu4 28.03 (13.29, 57.25)  34.70 (15.63,113.15) 9 (4, 23)%
Amplitud 14e 24.05 (16.13,75.01)  29.64 (17.36,91.92) 12 (7, 46%
Acrophasei4 (hour) 0.48(0.25, 4.5) 0.62(0.30, 3.9} 3(2,28 %
CQua 0.064(0.027, 0.17} 0.089(0.039, 0.31y 9(3,49 %
GOF14 3.43(2.17,7.59 4.37(2.86, 10.3) 17(7,78 %
M1014 Fourteen days 43.12(21.66, 77.79 48.74(24.14,138.7%  10(5,18 %
L514 9.14(3.83 70.59 9.67(2.60, 125.7} 19(9,39 %
M10-time14 (hour) 1.10(0.27, 3.78 1.33(0.08, 3.75 7(3,22 %
L5-time14 (hour) 0.74(0.26, 3.93 1.00(0.25, 5.17 26(12, 90 %
RA14 0.038(0.014, 0.162 0.044(0.011, 0.33) 5(2, 40 %
IV 14 0.0% (0.031, 0.099 0.071(0.039, 0.14D 12(8,18 %
IS14 0.060(0.037, 0.12p 0.074(0.047, 0.20p 11(5,56 %

SD- standard deviation, IQRnter-quintile range CV- coefficient of variance
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5.3.2. Features Estimation Error and its Variation (Exp. 2)
Out of 275 paents, 112 patientsegmentsyvere includedn the setestimating the effect of
missing data orthe estimation error for individuafeatures The rest163 patientswere

excluded for not having a iday longdatasegment without missing values
The Offsets of Estimation Error Based onMissing Data-points

The dependency of estimation errgEE) offsets (Eq. 5.2) on the amount of missing
datapointsmay be divided into three typgsee examples Figure5.1):

1) Zero (1o common change with missing valuex)sinorAcrophaseandMESOR.

2) Linear (usually witha tiny slopg: nonparametic M10-time, L5-time, M107,14, and
cosinorCQz,14 andGOF7,14

3) Nonlinear non-parametrid.5, RMSSDw1o, RA, IV 7,14, 1S7,14andM10

Al::m:rphase7 estimation error based on missing values M1I]7 estimation error based on missing valeus
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Figure5.1 - Typical dstributions of estimatiorerrors based on samevith a specific amount of missing valu@s.the left
top, a distribution of errors in Acrophase feature which desé systematically change witn increasing number of
missing values and only the estimation uncertafméyiation) grows.On the topright is an M1G feature, where there is a
small offset oEE, which isnegligiblecompared to the error variation. At the bottom, there @istributions of errors inIS
and IV. There is aconsiderableffset of EE in these featureghich is nonlinedy dependant ortheamount of missing values
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For features wheralinearcommon trend oéstimation error offsetias observecsignificant
b coefficient Eq.5.41 seeTable5-2), its slopewassmallcompaed to LTTVsp (as in M1G).
The detailed results for tHéted modek - coefficients, their significanceind effect sizes
are presented iifable 5-2. The table also presenEE offsetsestimated ify models) and
measurd (from data) for 20% of missing datgoints, both randomly distributed and

aggregated into 4 blocks.

5.3.3. Features Estimation Error - Blocks of Missing Values
The arrangement of the missing values into bloakectedthe EE of the featuresin most
features, the agggation of missing values into blocks affectedhgationof EE.In some
featureqseeFigureb5.2.), it also affectdthe EE offsets

The way how the aggregation of missing values into blocks affects tvarEEonmay be
divided intothreecategories

1. Thevariationof EE increasesvith theamount of missingatapointsandlowerswith
the nunmber of blocks into which are the missidgtapoints divided. Most of the
features belong to thisategory namelythe oneday-based nofparametrideatures
(M10, L5, M10-time, L5-time, RA), the @sinorMESOR?7,14, andthemultiple-days
basedhonparametrideatures 107,14, L57,14 RA7,14).

2. Thevariationof EE changes in the same way as in the first categolyin this case
the variation idow when the missing dafaointsare in 1 or 2 blocksThe @sinor
Amplitude 7,14, CQ7,14 GOF7,14 andAcrophase 14 belong to thisategory as well
as he multipleday-based nonparametrM10-time7,14, L5-time7,14, and1S7,14 The
change is smalicompared to LTTYp, in the timing featuresespeciallyin cosinor
Acrophase 14, L5-time1s, andM10-timeia.

3. Bothvariation and offsetof the EEchange nonlinearlyith the number of blocks.
The features thadescribe the instability in thaaily activitiesSRMSSDwio andlV 7,14
belongto this category The EE variationin theRMSSDwio is lowest when the data
are missing in2-6 blocks for other numbey of blocks itis higher. In thelV 714
features, the variationis low for 1 block,it increasesslightly for 26 blocks and
decreasefor 10-20 blocks andeventually ncreassrapidly foralarge numbe(30+)
of blocks.In both RMSSDwm10 andlV 7,14featuresthehighest EE variationis reached
for alargepercentagef missing datgoints
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The variationof EE observed fora different amount of missing values dled into blocks

and its comparison to natulahg-termvariability in the features are presentedlable5-3.

The predictions of EBvariation O estimatedfrom models Eq5.7 are presented in the

supplementableS-1.

Althoughthe EE offset (Eq.5.4) areaffected by the number of blocks in some feaguiese
offsets are substantially (by orders of magnitude) smaller than the dplfdNthese features.
The only exception ighe RMSSDwio. Concerning theEE offsets the effecs of the

aggregation omissing valuesto blocks(Figure5.2) may be divided into four categories:

1. Offsets ae neither affected biype amount of missinglatapoints nor bythe number
of blocks.These inalide the daily activity peaks and troggimings features (cosinor
Acrophase 14, nonparametriaVi10-timex,7,14, L5-time1,714 both one and multiple
day-based and the cosinoMESOR7,14.

2. Offsets ae not affectedy theamount of missinglatapoints,but they change with
the number of blocks. Thé5 feature andV 714 are the representatives of this
categoryInL5, the resulis not affected bgsmall number of block$®ut it is slightly
affectedif there are more blocks (8+). IN 7,14 the effect is nolmear, but the EE
offset decreases with the number of blocks in general

3. Offsets ae affected bythe amount of missinglatapoints,but they arenot affected
by their arrangement into blocksl'he M107,14 and L57,14 featuresbelong to this
categoryEE dfsetincreasswith the amount of missing dagmints forM107,14and
decrease fok57,14

4. Offsets ae affected by bottheamount of missingatapoints,andby thenumber of
blocks. They gow with theincreagng amount of missing dajaointsand decrease
with the number of blocksThe nonparametricM10 and RA, 1S7,14, and cosinor
Amplitude 7,14, CQ7,14 and GOF7,14 belong to this categoryin 1S7,14 the change
based on the number of blocks is so pronountedit leads to decreased instead of
increasedralues for a high number of blatkForRMSSDwio, the value decreases
for afew blocks and increases faranyblocks. The relation is not liag asshown

in Figure5.2.
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Stability of Acrophase, - missing values agregated in blocks
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Figure 5.2 - Estimation eror in features based aimeamount of missindata-pointsdistributed into blocksThe first two

graphsshowAcrophase an#110 features, where the estimation err@riation drops withanincreasing number of blocks

Thelast two graphs showRMSSDui0 and V7 features, that have ndinear relation betweerE variationand number of

blocks
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Table5-2: Features stability mdelled for datawith missing valuegstimation error offsgt

Feature \S/\ilzlzdow Miss model Miss and Block model Effect of miss=20% compared to natural LTTV sp
Coeff Coeff R? Coeff miss  Coeffblock R? Effect Miss modet Effect Miss and Block
Quadlin b1 07 adjusted b1 07 adjusted  modelO (measured )  model for Nbiock = 4
modelO (measured )

M10 Quadratic  4.52E4" 4.31E4™ 0.9859 0.0281 0.0291 0.0064 0.2630 (0.3066) 0.6790 (3.705p
L5 Quadratic  -0.0139" -0.0004™ 0.9992 -0.0076 -0.0218 0.0296 -0.4469 ¢0.5021) -0.2393(-1.5025
M10-time One day Linear 1.25E3™ - 0.8884 -9.97E4 5.97E4 0.0163 0.0251 (0.0308B -0.0175 ¢0.1000)
L5-time Linear 1.27E3™ - 0.6902 0.0046™ -7.88-4" 0.4931 0.0255(0.0511) 0.0884 (0.1177)
RA Quadratic 5.93E5™ 1.9E6™ 0.9989 5.21E5 9.51E5" 0.0214 1.94E-3 (2.18E3) 1.42E03 (7.41E3)
RMSSDuio Quadratic  -3.591™ -0.077" 0.9998 -6.1632™ 11.7286™ 0.5989 -102.58(-103.99 -76.3493(-108.8)
MESOR, Linear -7.52E5 - 0.0369 -0.0055" 0.0018" 0.3927 -1.50 E3 (2.88E3) -0.1023 ¢0.0549)
Amplitude; Linear 3.97E4** - 0.2704 0.0468™ -0.0152™ 0.6968 7.94E3 (-1.52E3) 0.8745 (0.7163)
Acrophase Linear -1.71E6 - 0.0104 1.01E5 2.55E6 0.0245 -3.40E05 (3.57E4) 2.13E04 (-1.38E3)
CQr Linear 1.88E6" - 0.3096 1.91&4™ -5.99E5™ 0.7255 3.76E05 (-4.91E6) 3.58E03 (2.93E3)
GOF; Linear 1.75E4™ - 0.5625 0.0085™ -0.0024™ 0.8469 3.50 E3 (1.11E4) 0.1614(0.0964)
M107 Seven Linear 4.26E3™ - 0.8395 0.0996™ -0.0184 0.8534 0.0852(0.0498) 1.9190 (1.2200)
L57 days Quadratic -5.4E3 -9.2E5™ 0.9852 -0.0737" 0.0174" 0.8827 -0.0475 ¢0.0661) -1.4054(-0.97M)
M10-timey Linear 8.49E4™ - 0.9269 0.0017" 8.96E4™ 0.4558 0.0170(0.0167) 0.0382 0.0775
L5-timer Linear -1.3E4* - 0.3761 -0.0014" 1.29E4" 0.6596 -2.57 E3(-9.46E3) -0.0270 ¢0.0282)
RA7 Quadratic 2.94E6" 4.0967" 0.9910 2.99E4™ -6.55E5™ 0.8908 2.22E-4 (2.85E4) 5.73E03 (4.06E3)
V7 Quadratic 2.58E4™ 1.37E5™ 0.9949 -5.29E4™ -5.80E5 0.1568 0.0106280.0115 -0.0108(-3.11E3)
1S7 Quadratic -7.5E5™ -4.1E6™ 0.9947 0.0012™ -6.74E4™ 0.7660 -3.14 E3 (-3.40E3) 0.0222(0.0173
MESORu4 Linear 5.5E5 - 0.0186 -0.0054" 0.0022" 0.4338 1.10 E3(-8.03E3) -0.0995 ¢0.1029)
Amplituders Linear 3.68E4™ - 0.3733 0.0256" -0.0058™ 0.7217 7.35 E3 (9.80E3) 0.4882 (0.4112)
Acrophases Linear -1.97E6 - 0.0080 1.81E4™ -3.83E5™ 0.6764 -3.90E05 (-9.55E6) 3.47E03 (7.51E3)
CQus Linear 1.26E6™ - 0.4040 1.18E4™ -2.86E5™ 0.8023 2.51E05(6.37E5) 2.24E03 (1.95E3)
GOF14 Linear 9.41E5™ - 0.7429 0.0052™ -0.0012™ 0.8683 1.88 E3 (1.93E3) 0.0996 (0.0880)
M1014 Fourteen Linear 2.524E3™ - 0.8016 0.0491" -0.0050™ 0.8234 0.050481(0.0324) 0.9628 (0.6981)
L514 days Quadratic -7.5E4" -5.24E5™ 0.9794 -0.0454" 0.0087" 0.8881 -0.0359(-0.0362) -0.8741(-0.5635)
M10-timers Linear -1.6E4* - 0.3257 -0.0026™ -485E4™"  0.5879 -3.23 E3(5.53E3) -0.0531 0.091Q
L5-timets Linear -6.662E5™ - 0.4053 -8.01E4™  5.44E5 0.7675 -1.32 E3(-3.68E3) -0.0158 (0.0242)
RA14 Quadratic 2.71E6" 2.43E7™ 0.9794 2.0e4™ -354E5™ 0.9065 1.51E4 (1.54E04) 3.87E03(2.70E-3)
V14 Quadratic 2.55E4™ 1.37E5™ 0.9954 -1.69E4™ -2.97E4™ 0.2907 0.0106(0.0115 -4.57E03 ((1.68E3)
IS14 Quadratic -7.3E5™ -4.0E6™ 0.9953 5.87E4™ -2.93E4™  0.8433 -3.04E3(-3.27E3) 0.0106(7.42E-3)

Coefficient significamce” < 0.05,” <0.001,” < 0.0001(t-test)for mean estimation error (EE) offdatthe 100 repetitions;

*Miss model (Eg5.4) and’Miss and Block model (Ed.7) i model predictionfieasuredrom data)

Thebold effect valuendicates where thEE offsetreached 28 % of naturalLTTV gp of the most stable patietifable5-1); thebold shadeckffect valus indicate where th&E offset reache 40+ % of naturalLTTV gp.
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Table5-3: Reliability of featureestimatiori Thevariation of estimation errocalculatedfor data missing in blocks

Window  Variation of estimationerror O for selected percentages of missing values aggregated iatgpecific number of blocks

Feature size
5% 5% 5% 10% 10% 10% 15% 15% 15% 20% 20% 20 %
4 blocks 6 blocks 10blocks 4 blocks 6 blocks 10blocks 4 blocks 6 blocks 10blocks 4 blocks 6 blocks 10blocks

M10 6.4451 5.6544 4.6821 10.4582 9.2703 7.6894 16.3404 14.2394 12.0758 20.8263 18.2279 15.1478
L5 2.3553 1.9477 1.8018 3.3251 3.0734 2.8249 4.9638 4.5527 4.0800 5.8316 5.5461 5.1461
M10-time One day 0.6152 0.5748 0.5226 0.8320 0.7822 0.7237 1.1348 1.0238 0.9029 1.4102 1.2750 1.1082
L5-time 0.7972 0.8056 0.7709 1.0218 1.0290 1.0162 1.3241 1.2464 1.1842 1.4795 1.3875 1.3571
RA 0.0095 0.0081 0.0071 0.0136 0.0127 0.0114 0.0198 0.0185 0.0163 0.0243 0.0227 0.0206
RMSSDuio 98.7593 118.4427 148.1665 108.6813 122.6964 154.9828 133.6587 140.2980 162.9907 154.1249 154.0750 174.6695
MESOR, 3.2306 2.8427 2.3790 5.0467 4.5527 3.9527 7.3471 6.8417 6.0142 8.8041 8.6030 7.5478
Amplitude 4.0984 3.6207 3.0366 6.4764 5.8572 5.0503 9.2443 8.7148 7.7017 11.6401 10.8146 9.5127
Acrophase 0.0276 0.0247 0.0210 0.0440 0.0391 0.0342 0.0626 0.0574 0.0522 0.0922 0.0726 0.0657
CQr 0.0140 0.0125 0.0105 0.0222 0.0204 0.0175 0.0316 0.0300 0.0269 0.0392 0.0370 0.0333
GOF7 0.7612 0.6673 0.5501 1.2140 1.0921 0.9312 1.7340 1.6310 1.4519 2.1058 2.0272 1.7839
M107 Seven 5.0353 4.4857 3.7890 7.7898 7.1615 6.2032 11.3615 10.5216 9.3287 14.2277 13.1622 11.7217
L57 days 3.0739 2.9253 2.3321 5.0621 4.6107 3.8743 7.4872 7.0952 6.2581 8.9633 8.4383 7.6274
M10-timey 0.6242 0.6185 0.5623 0.8086 0.7559 0.7418 1.0160 0.9268 0.8837 1.1176 1.0428 1.0107
L5-timer 0.3050 0.3002 0.2705 0.4108 0.4033 0.3495 0.5339 0.5267 0.4948 0.6105 0.5907 0.5965
RA? 9.21E03 8.73E03 7.35E03 0.0150 0.0136 0.0117 0.0216 0.0205 0.01& 0.0265 0.0245 0.0225
V7 0.0139 0.0136 0.0143 0.0199 0.0191 0.0187 0.0279 0.0266 0.0255 0.0332 0.0323 0.0307
1S7 0.0125 0.0124 0.0109 0.0192 0.0178 0.0169 0.0285 0.0266 0.0238 0.0356 0.0332 0.0302
MESORu4 2.6763 2.4748 2.1048 3.9480 3.7324 3.3970 5.4080 5.2772 5.0410 6.6548 6.2923 6.1983
Amplitudews 3.4327 3.1835 2.7002 5.0967 4.8520 4.4257 7.0343 6.9386 6.3817 8.0654 8.3904 7.9514
Acrophases 0.0320 0.0297 0.0276 0.1091 0.1109 0.0399 0.1135 0.1271 0.1400 0.1955 0.1709 0.1755
CQu 0.0120 0.0110  9.39E03 0.0175 0.0169 0.0153 0.0234 0.0238 0.0221 0.0269 0.0283 0.0275
GOF14 0.6454 0.5869 0.4978 0.9254 0.8982 0.8124 1.1988 1.2417 1.1906 1.3620 1.4534 1.4533
M21014 Fourteen 4.0821 3.7806 3.2505 6.1736 5.7225 5.2236 8.7670 8.4095 7.6363 10.4856 10.1856 9.4741
L514 days 2.5916 2.3622 1.9939 3.9294 3.5413 3.2838 5.4023 4.9758 4.7303 6.2848 6.2820 6.0266
M10-timers 1.0136 1.0096 0.9996 1.1867 1.2089 1.1173 1.3039 1.2180 1.2211 1.3441 1.2837 1.3041
L5-time1s 0.2748 0.2756 0.2580 0.3853 0.3697 0.3411 0.4662 0.4188 0.4408 0.6213 0.6107 0.5730
RA14 8.38E03 7.64E03 6.59E03 0.0122 0.0116 0.0105 0.0174 0.0166 0.0156 0.0198 0.0202 0.0193
V14 0.0105 0.0101  9.80E03 0.0150 0.0144 0.0139 0.0195 0.0196 0.0193 0.0225 0.0229 0.0231
1S14 9.44E03 8.85E-03 8.38E03 0.0141 0.0131 0.0123 0.0195 0.0193 0.0177 0.0230 0.0234 0.0224

Bold red shadedext indicates the missing dapmints settingwherethe standard deviatiofvariatior) of estimation erro(EE) reaches 40 % of the naturalLTTV sp of a featue for the typical patient(Table 5-1).
Bold textindicates the setting whetiee EE variationreaches 20 % of the naturalL TTV.
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5.4. Discussion

The naturalLTTV v in featurespresentedas percentagéseeTable 5-1) is relatively low,
about 510 % in most of the featuren spite of the fact thahése results are obtainedrih BD
patients where the overalhriability in circadian rhythm (including episodes) is expected
higher (Alloy et al, 2017) The variability is higher forthe L5time feature describinthe
daily sleepwhere the auage value is smaknd therefore even small changes reprdaegr
percentual change.

The long-term natural variability of circadian rhythm is associated with photoperiodic
regulation and circannual clock a healthy populationit is known thatpha® advancgin
response to bright lighth the morning andhat sleep timinghanges (even with suppressed

the photoperiodic time clues) throughout year seasons (phase delay in spring and summer, and
phase advance in winter and auturginmaet al, 1992) In BD patientsthe phase changes
(M10-time, Acrophaseand L5time) areexpected highebecauselinical episodes and their
severity are known to affect circadian rhythm and sleep stafliltyy et al, 2017; Schneider

et al, 2020; Walkeet al, 2020)

The increased instality of circadian rhythm in BD ggéentsmaybethereasorwhy we observe
large intra-individual differencesin our samplgTable5-1). The naturalLTTV in features
which describephysical activity levels (i.e. MIGMESOR Amplitude), was approximately
5-6 times higher in the most unstable patenpared to the most stalgatient Concerning
the daily regime stability (timings of sleep and activity throughout days.e. M10-time,
L5-time andAcrophasg the most stable patientdh&TTV of M10-time andL5-time around
20 minutedor both7-day and 14day basedeatureqfor 1-daybased featusgthe LTTV was
about 1 hour)The most unstable patieritad the LTTV in thesefeatures aboud-5 hours
(thereforeb-15 times higher Thetypical patienthad LTTV of physicalactivity featuresonly
2 times higher than the most stapkient His daily regime stability wasbout 1 hourfor
7-day and 14aybasedeatureqandapproximatel\2 hoursfor 1-daybasedeatures)Honma
et al. observed a sleep shift between summer and woftexbout 2.5 hours. Thishift
correspondgo theLTTV in L5-time for thetypical patient(slightly less thanl hourwhen
assesskby theSD metric and slightlymore when assessed by R metrig.
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In thefeatures where themerecommonoffset of estimation erras (EE) (significant model
coefficients)based orthe percentage of missing data, these offsetse mostly very small.
When there were linear relations between missingpiaitats and EE offsetd)¢seoffsets for
20% of missingdatapointsdidnd reach 1% of thefea t u natusaloLTTV for the typical
patient The onlyfeaturesvhere theEE offsetwascomparable to thenatural LTTVwerethe
RMSSDu1o, IV and IS featuresA@ %, 19%, and 5% of thar naturalLTTV). The correction
of the EE offset inthesefeatureswould be complicatedbecause (1) the relation between
missing data andffset ofEE is not linear(in bothglobal model and individual mode)gnd
(2) it is strangly affected by tharrangemenof missingdatapoints into blocksAdditionally,
for two of them RMSSDu10, and V) the random distribution of samples represents the most
extreme caselhe nonlineaty of the relatioshipis probably based on the resamplofghe
data for estimation of these features-(@dute segments for IV and 1&nd 5-minute for
RMSSDu10), wherethemissing data blockof acertain length are morearmfulfor the feature
estimation. Similar behaviouwasnot observein M10714and LS 14featureswhere the data
werealso resampledto 5-minute segments. Unlike IRMSSDuzo, the datain M107,14and
L57,14are averageover several daysvhich probably redusdhe effectcausedy the length
of missing data block The correction may be possibdien both effects of the amount of
missing datgpoints and size of blocks are considettaat, thiswasbeyond the scope of this

analysis, as only blocks tfiesame lengthvere tested

On the other hand, theariation of EE changesonsiderablywith the increasing amount of
missingdatapoints Aswasexpected, the parametric (cosinanalysisvasmoreresistant to
missing datgpoints, especially theAcrophasefeature (where even with 28 of missing
datapoints theEEvariationdid not reach 2046 of its naturalLTTV). From the norparametric
features, the mostablewas theM10 feature The high stability oM10 could be caused by
high levels ofits LTTV in BD patientswhere higherlfictuation of activity is a symptom of
the diseaséSchneideet al, 2020) In othernonparametrideaturesmanywereconsideraly
(20% of their typical patierds LTTV) affected already at % level of missingvalues,
especially when thdataweremissing in asingle or fewblocks.Unfortunately as wearable
removal is the most common cause of missing-gatats (for example, for hygiene or sport),
the data aréypically missingin one orafew blocks While the weaioff for evening hygiae

or even the whole nightould affect the featui@ EE lessas it is usually connected wilbw
levels of physical activity, the removal for sports would considerably affect the features,

mainly those based onday dataThe rhythm stability describinigaturedS and IVare more
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robust Still, thestability(measured asSE variationcompared taypical patienis LTTV) drops
already for 10 of missing datgointsin the sampleThe EE variationcould be accurately
predicted using regression models (pame theEE variation- Table5-3 and their estimations
Table S-1 in the supplement)The comparison reveathat the modebredictions ofEE

variationaremorebenevolentor smallen5-10 %) amounts of missing dataoints

Thecorrection of EEoffsetis complicated becaus featuresvhereEE caused by missing
datapoints are consistent and stable (predictabléhbynodek), the EE offsets are typically
quite small(araund 1% of their LTTV). And therefore,their correction would have a
negligible effect on the result®n the other handnifeaturesvhere theEE offsetcaused by
missing datgointsis large (20% of their LTTV), it is also largely variable and therefaret
predictable by the used moddisore complex model&vhich are however beyond the scope
of this study)would have to be trainedising simulated data withariable length of missing
data segmeni®locks)in order to correct thedeE offsets A desgn of such modelgsouldbe
beneficial becaus¢hese feature4dRMSSDui0, and 1V) representdescriptos of rhythm
fragmentation which is connected tacognitive and motor performandeGo n - atlaly e s
2015)

5.5. Limitations

The presented results need to be interpreted while considermgimitations

Firstly, thefeatureSLTTV may be possibly different ithe hedthy populationthanin the BD
patients, whose data are presented Heoene apects suchas medication usk or clinical
episodesmay alter and possibly increase thatureSLTTV (Schneideget al, 2020) On the
other handmanyBD patientshave a free daily regim@ue to disability pensignwhichmay
decrease théeature LTTV (Schneideret al, 2020) Thoughthe use ofa representative

patient should suppress these extremes, it still may sanseinterpretation issues.

Secondly, hearrangemendf missing datgoints into blocks afhesame sizds notsomething
that ishappeningn realworld scenariosThis may affect the featurésat use resampled data
asthe resamplingnay besusceptil@ tothe specific block lengthThis would not happen in

realworld scenaris, as the length of segents would be variahle

Thirdly, the random distribution of these blkg is also aconsiderablesimplification In

realworld settings,the wearableis seldom removed during sleegnlessit was removed
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before bedtimeTherefore,the effects omight-time basedeatures(L5 and L5-time) are
probably exaggeratedn our results In contrast,the effect on daily activity features
(Amplitude, M10, etc.ynay be underrate@sthe probability of wearable removal is higher
duringthedaytime

5.6. Conclusion

There ae largeinterpatientdifferences in LTTV ofactigraphic featue even when they are
obtained from highly reliable (complete) recorded data. The uncertainty introduoed in
sample by segments of missing values reaollesively high levels(20+% LTTV) already
for small amouns of missingdatapoints (510%). The largestestimation errowariation
(uncertaintywasusuallyreacheadvhen the missingatawerein asingle or onlyafew blocks
The only exception were features describing theariability in daily activities patterrs
(RMSSDu1o, and V). In these features, theariation of estimationerror behave highly
irregular and reacliea maximum forhigh number of blocksThe cosinotbased features are
more robustto missing datgespeciallyAcrophasg than the nonparametric features. The
differences not adarge(approx. 510 %), becauséor more than 186 of missingdatapoints
theestimation errovariationis considerably largé20+% LTTV) for most of the featureg\
typical consistentoffset of the estimation errgr observed in some featurds,negligible
(< 1%), and therefore it doe@meedto be correctedln featureswherethe estimation error
offsetreacheshigh values comparable tats LTTV, it is dependent nonlinearly on both the
percentage of missing data and the number of blocks (potentialhettock size). Therefore,

it cannotbe correctedbe by themethods proposed in this chapter.
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6. Objectivisation of Chronotype
EstimationThroughActigraphy

In this chapter we are reusing dta from our impacted journal articE 8 r k oy § ,
Schneider, J.et al. (2019) Neight loss in conservative treatment of obesity in women is
associated with physical activity and circadian phenotype: A longitudinal observational
studyg BioPsychoSocial Micine 13(1), pp. 110. doi: 10.1186/s1303019-01632. In this
paper we have used the selectadtigraphic featureto determine how the circadian rhythm

is associated with weighéduction or gain during weight reduction programme

The results presged in this chapterare aboutto be submitted as gurnal article
Schneider, J,F 8 r k 0o,v 8B a kEg. t e id@hronoBypng Gbj2ddivisatipn Through Wrist
Worn Actigraphy

6.1. Introduction

Since the 1980s, physical activity has been a standard andisbstdbmarker of circadian
rhythms which is also helpful foexploring rhythm disturbanceslore precisely, human
physical activity (measured using wrigbrn actigraphy) shows an individual circadian
pattern in the individué private environment, whiamay be beneficial for clinical practice
or longterm studiegPortaluppi, Smolensky and Touitou, 2010; Sreithl, 2018) Moreover,
actigraply wasreportedto beanaccurate estimation of sleep onset and offset tifikaplan

et al, 2012; Kosmadopoulct al, 2014)

The longduration recordings allowed us to produce plots to see changes in circadian rhythms
over time. From this grspectve, actigraphy is avery convenient method for studying
circadian rhythms in humaridncoli-Israelet al, 2003; Portaluppi, Smolensky and Touitou,
2010; Calogiuri, Weydahl and Roveda, 2Q11)

The popularity of actigraphy in chronobiology stems fromapgparenbenefits: itis cheap,
easyto use reliable andprovidesobjective databoutindividualdaily routines (Portaluppi,
Smolensky and Touitou, 20 Over the past years, the circadian system came into the
research spotlight for its wide implications for overall heghibbott, Malkaniand Zee, 2020)
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Although actigraphy has been an established means to measure physical activity and sleep,
there is no consensus on the use of actigraphy for deterntih@ngcadian phenotypea set

of subjectively defined variables, such as a rateoafaljetlag or a chronotype (individual
circadian preference). A variety of methods for analysing circadian aspects of activity data
show promising result6 Gupt a and Pat etal, 20191,920815)Hdwever-tleel v e s
guality and rage of evidencéased methodology do not seem to be fully in line with the level

of popularity of actigraphy as a research method. We thus believe further detailed
methodologyoriented research is needed.

6.1.1. Actigraphy -based Circadian Parameters
With respecto chronobiology, existing studies provide evidence that wrist activity covaries
with the phase of melatonin secretibhncoli-lsrael et al, 2003) core body temperature
(Ancoli-Israelet al, 2003) oral temperatur@Gupta and Pati, 1994and heart raté€Gupta and
Pati, 1994) Midpoints of sleep are significantly correlated witkedim light melatonin aset
phase in adolescentmdicating that themiddle of sleepmay be a useful circadian phase
marker(Crowleyet al, 2006, 2016)

6.1.2. Subjective Chronotype and Actigraphy
Severalstudies have already explored the proper functioning of the subjectivetheol
chronotype estimatingchronotyping questionnaire§.e. Munich Chronotype Questionnaire
(MCTQ) and Morningnesg&veningness Questionnaire (MEQ)employing sedcted

actigraphic parameters and vice versa.

Gershon and her team (201&paced the subjective determination of chronotypséth
objective actigraphypased determinationThey found that w@bjective and objective
chronotypes correlate significantly widachother (Gershonet al, 2018; Kaufmanret al,
2018)

Additionally, a significant negative associatiaas observelletween Korean MEQ score and
activity Acrophasdiming in the Korean study validation subset. The lower the MEQ score
was (towards eveingness), the more delayadsthe activityAcrophaseFurthermorelee

et al. (2014)found thatthe mean activitAcrophaseof the Eveningtypes(E-type)group was
nearlytwo hourslater than that of th&lorning types(M-type) group. This difference was

evenmore significanbn free days than on workdaykeeet al, 2014)
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Vitale et al.(2015)alsoobserved a significant difference in therophaseThe Mtypeshave
shownan earlyAcrophase(14:32 h) compared with botbther types- the Neither types
(N-typeg (15:42h) and the Bypes (16:53 h).

Roenneberg, Wirdustice and Merrow (2008escibed a phase shift of sleep to later phases
during free daysising the MCTQ questionnaireActigraphy shows a strong correlation with
theMCTQ (Santisteban, Brown and Gruber, 2018)e correctedleep midtime (MSFscpn
free days as measured by the MCTQ was not significantly differenttfreactigraphy based
sleep midtime (midsleep) (Santisteban, Brown and Gruber, 201&urthermore an
actigraphy studpy Lehnkeringet al.(2006)supported th&®oennebergbfindings concerning
thesleep phase

Leeand his team2014)found a significant negative correlation between Korean MEQ score
and bedtime or wake time, with a stronger correlation in both cakes weekend (free day)
versus weekday wake time was used. Such correlation is caused by typical patiems
weekday sleewake times are shortened because of the negdttop to go tavork, while
weekend sleepvake times may better reflect the underlying chronotype. Thisegirhas
been described a&s'socialjetlag’ (SJL) (Wittmannet al, 2006)

Overall, actigaphy is an elegant and nowasive method based on the continuous
measurement of physical activitéctigraphyis widely used in sleep and circadian rhythms
studies.lt, however, lacks coherence in its use. Te¢hapterprovides insight into how well
actigraphy can replace questionnaires in chronotyping and how long records should be.

The aims of this studsre

1. To evaluate the connection between the questiorbased chronotype estimates
obtained through chronotyping questionnaires (MEQ and MCai@@objectively
measured through actigraphy parameters connected to earliness or lateness of
physical activity (and sleep).

2. To assess the accuracy of approximation of chromagyquestionnaire scores from
actigraphyand select actigraphy meassithat best reemble the questionnaire
based chronotypes.

3. To evaluate how the length of the actigraphy observation period affects the
accuracy of chronotype estimation

4. To evaluate the stabilifftestretest)of theactigraphy based chronotypes.
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6.2. Methods

In this studywe have equipped a group of wonparticipantysee the CHRONOBIO dataset
details in sectiod.3) with an actigraphy wristband and instructed them to wear it at all times
for up to three months. All participants filled the screening chronotyping questionnaires at
study admission, together with the MEQ and MC{I& MSFsc and SJLrelA subgroupof
patients also filled the MCTQ and MEQ questionnaires aftelf@v-up period of 18 months.

The participants also completed a survey where they indicated work s$taigslistance

travel datesand free and vacation days other than weekends and pobdays.

6.2.1. Subjective Methods 1 Chronotype Questionnaires
Czech versions of the MCTQ and MEQ questionnaires, validated by a deublse
translation from the originals, were used. Previously, the Czech translations of both
guestionnairesvere validated, rad their relationshinvestigated F § r &t al.v2820)

Morningness-Eveningness Questionnaire (MEQ)

The gold standard ichronotype detection is the sal$sessment inventory developed by
Horne and Ostbend976) the MEQ (Di Milia et al, 2013) The MEQconsists ofi4 multiple
choice questios) and 5 open questiofiaquiring about individuapreferred times for different
activities. The MEQ score ranges fromi 86, with lower values indicating a more evening
chronotype(Horne and Ostberg, 1976k can be categorizenhto the E-type (16i 41), the
N-type (42 58), andthe M-type (59 86) (Roenneberg, 2015; Rt al, 2018)

Munich Chronotype Questionnaire (MCTQ)

The Munich Chronotype Qutisnnaire (MCTQ), designed bRoenneberg and his team
(2003) quantifies the chronotype according to the phase of entrainment based on the reported
mid-sleepand takes into account its occurrence on-feggmeand scheduledegime e.g.
working days. The MCTQ parameters are 1slieepon weekdays (MSW), midleep on free

days (MSF) and midleep on free days corrected for sleep debt on weekdays (MSFsc). The
latterrepresents a continuum of circadian preferdhesandovskiet al, 2011) MCTQ was
primarily used for determining MSFsc and the rate of SJ. the difference between hours

of sleep on free days and working dalke rate of SJL quantifies (in hours and minutes) the
discrepancy between circadian and social clocks, which can lead to chronic sleep loss
(Roennebergt al, 2012)
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Questionnaire Chronotype Testretest Stability

Basedon the data fromthe 18volunteers who rdilled the chronotyping questionnaires
(seesectiond.3.]), we evaluated the testtest longterm stability for both MCTQ and MEQ
chronotypes, using the Spearman correlation in a similar way as in the studg eff al.
(2014)

6.2.2. Actigraphy
The actigraphyvearablg GMK!? actigraph by Mindpax Ltd.yvas worn on the nedominant
armds wrist and was set to collect activity counts in 30s epoches.dBka vere wirelessly
transferredto a server, using base staBast participantd homes,and stored for offline

processing.

First, an exploratory analysis was performed: actograms were studied macroscopically to
verify the absence of artefacts or abmalities.Thesleep and wake periodmd periods when
the actigraph wagh worn weredetected automaticall{see sectior8.5.3. The wearoff

periods (when thevearablevas removed) were excluded from subsequent analyses.

The mid-sleep feature was obtained from the detected main daily sleep. Additional features
included in the analyses were the cosinor Acroph&aigel), the chronotyping MSFsg;, and
SJLrekei (3.5.4, and the NPCRA MX@ime and L5time 3.5.2. Thefeaturesvere estimated

using 16 week$time window segments of actigraphy recordirgsceptfor the Acrophase

all features were calculated from individual days and theraged for the required segment
length. Acrophase was calculated from the whole segm&hts.features obtained from
different length segments were used to evaluate the effect of recording length on 1) the feature

stabilityin timeand 2) thechronotypeesimation accuracy.

Moreover, for SJL evaluation, m&leep, M16time and L5time daily valueswere average
for freeregimeand working daysf the segments. Sleggnd therefore midleep is always
assigned to the day of wake. The absolute differencestween working and free days are

referred to as midleepir, M10-timeitt, and L5timeyis.

All feature extractiongata processing and statistical analyses wetle Matlab software
(MATLAB 2018b, The MathWorks, In¢ Natick, Massachusetts, United $t)

2 A device with similar parameters as MindGaple3-1), but dueto different hardware the counssoresare
not comparable
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6.2.3. Chronotype Estimation from Actigraphy
A set of univariate linear models was used to evaklatenotype estimation accuraoy each
of the selectedctigraphic featue We trained linear regression models with the socated
circadian phenotype sme# 0 Johronotypes MSFsc, MEQ, and sogetlag SJLrel) as the
outcome variable anactigraphic featuieobtained from the first valid actigraphy window as

predictors.
#08 A1 T O -h

6.1

where& represents thieth selected feature amdstands for residual errofo evaluate model
performance on unseen data, we used-faltb crossvalidation procedure: the study
participants were divided into 5 folds (groups), whereldsfavere used for training (training
group) and one for testing (testing groufe performance wavaluatedising the test group
This procedure was repeated five times. Therefesehparticipanthad beerone time in a

testing group.
We chose the meaabsolute error (MAE) as a primary accuracy measwiech may be

interpreted in the response variableriginal units.

S W uéLO 4 0B #0BH

6.2

where¢ is the number of values in each test #e0/8is thechronotypeor SJLrecorded

scoreand# 0/Bis the model estimain of the chronotyper SJLscore

For each of the selectedtigraphic featue and each window length, three linear regression

models were fitted predicting one of the three circadian phenotype scores:
a) the MEQ score
b)  MCTQ-MSFsc
C) MCTQ-SJLrel

To predict the MEQ score or the MCTI@SFsc time, we have used MSkscAcrophase,
M10-time, L5time, and miesleep as predictors. To predict MCIEJLrel we have used
SJLrekci, and differences between working days and free days intiis, L5-timeyitr, and
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mid-sleepir as predictors. For the sake of the analysis, the working days and free days were
based on the Czech calendar weekends and holidays and corrected when the participant filled

a free day survey.

To evaluate featurstrengh and necessaractigraphy recording duration for chronotyping,
the features were estimated from thied Iweeklong segments. The usefulness of each
actigraphic featurevas assessed feach questionnaieased responsél) by the modefs
prediction accurey (MAE) and (2) theSpearmaés correlationbetween the questionnaire

based response aadtigraphic feature

To illustratethe extent to which thactigraphic featueimprove chronotype estimation for
each individual, we also compudtéhe performance sces of an interceginly, null model,

defined as:

#0 8 An RN

6.3

The null model is equivalent to using the sample mean to estimate individual chronotype. The

same evaluation procedure as for the standard models was used for the null model.
Sensitivity Analysis for thel mpact of Confounders: Age and BMI

Both age and BMI have been reported previously to be connected with chroaoitype
physical activity(Mecacciet al, 1986; Roennebergt al, 2007; Bass, 2012; Sridhar and
Sanjana, 2016As the dataset used in this study is relatively heterogene®exploratively
evaluatedthe relationship between individualctigraphic featue age,and BMI using
univariate linearegression.The evaluation was done by cresdidation of an additional set

of linear models, using a procedure identical to the main analysis. The linear models were

modified by adding two regressors for age and BMI. The resulting form of the maaels w

#0BAI | D0 f BOO DOO-h
6.4
Gendemvas not used as cofounder becausmaludedvolunteersvere women

Testretest Stability of Actigraphy-basedChronotype

To evalate the stability of actigraphy chronotypeser time, wehaveused the testetest
procedure, similar tthe one used tevaluatethe questionnairédbased chronotype stability

The stability was estimated using Peatsaorrelation coefficient betweaudtigraphic feature
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valuescalculated from two timavindows, separated by a gap. The tested window lengths
were set to B weeks. The time gap between the windows was set in the rangevoéeks.

A scheme of examination procedure is showRigure6.1.

Test-retest settings
T

3000 T T

2500 - b

2000 - b

1500 Window 1 Window 2 i

Gap in between

Activtiy counts (mG)
=
3
T

500

1 L 1
07/31 08/07 08/14 08/21 08/28 09/04 09/11
date (mm/dd)

Figure 6.1 - Testretestevaluationsettings. The features are estimated from selected segmenteKlpurple marked
windows at the beginning and the end) with a setigdyetween3 weekd green dashed line). Features are estimated for
all patients with sufficient valid data in both windows (maximum 20% missingpdatss). The testetest is obtained as a
Pearsords correlation coefficienbetweenVindow 1 and Window 2 featurstinates.

6.3. Results

The details abouparticipantsare presented in thBatasets Chaper 4 - section4.3, the
CHRONOBIO dataset.

6.3.1. Chronotype Estimation from Actigraphy
All of the selectedctigraphic featurehave showra significant connection to their respective
guestionnaire counterparffable 6-2 summarises therossvalidated linear modelgesuls
for features calculated from window®r whichthe best prediction accuracy was achieved.
Analogous results for models using differemdt used window lengths to computéhe

actigraphic featurecan be found ifiableS-2 in the supplement.

For MEQ, all of the five features selected for evaluation were significant. The best predictor
based on low train MAE was thlfecrophasg MAE = 5.6 points, Rsquared= 0.37), followed

by the daily Ml6time (MAE=5.9 points, Rsquared=0.29), and miesleep
(MAE = 6.0 points, Rsquared- 0.36). AGE was a significant confounder for MEQ score
prediction. The BMI was notJsing a linear model with cémundes brought a little MAE
improvement for all mentioned strong predictors (< 0.1 MEQ points). The window length with

minimum error varied from -8 weeks, depending on the feature. If an MCGNIQFsc
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guestionnairdased scorerasused for MEQ predictiont achievedest MAE= 5.4 and train
R-squared= 0.47.

Similarly, for the MCTQ-MSFsc, all features selected for comparisbave showna
significant connection. The best predictor, based on low MMRs the MSFseg
(MAE =0.57 hours, Rsquared=0.47), bllowed by Acrophase MAE =0.61 hours,
R-squared= 0.40), midsleep WMAE =0.62hours, Rsquared=0.46), and L&ime
(MAE = 0.65hours, Rsquared:= 0.32). AGEwasa significant confounder, while BMI score
wasnot. The improvement of MAE using the modéth confoundersvas< 2 minutes for all
mentioned predictors. As the MCTQ MSFsc Mi8Fscci have a theoretical 1:1 dependency,
the fitted and theoretical models are showrFigure 6.2. The window length achieving
minimum error varied between@weeks, depending on the feature. When the questionnaire
based MEQ score was used for MGMZFsc estimation, it achieved test MARD,61 hours
and train Rsquared:= 0.47.

. Relation of MCTQ-MSFsc and Actigraphy-based MSFsc 45 Relation of MCTQ-SJLrel and Actigraphy-based SJLrel
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Figure 6.2 - MCTQ and actigraphy circadian phenotypes dependency. Showing patients data and the fitted and theoretical
models for MSFsc (left side) and SJLrel (right side) The fitted model (solid red) is shown with tber@is%nce interval

(dashed red). The solid black line represents the theoretical 1:1 model. The difference between SJLrel models suggests that
many participants tended to overestimate their SJL.
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Unlike in the previous two cases, only two of the selefgatiires were significant predictors
of the MCTQ-SJLrel. The best predictor, based on low MAE was the Sddrel
(MAE =0.62hours) followed by and midleepir (MAE =0.65 hours). The other nen
significant features, the MMmesr and L5timeds, shaved slightly inferior results
(MAE > 0.67 hours, where 0.88asthe result of a null model). As in previous cases, AGE
was a significant confounder, while the BMI score was Hoé. incorporation of confounders
into the model almost didnimprove the modeThe MAE improvement for the models with
confounders was less thaminute for any of thectigraphypredictors. The window length
achieving minimum error was varying from43weeks, depending on the feature. As the
MCTQ-SJLrel and SJLrelacti have anpdigit theoretical 1:1 dependency, the data and the
fitted theoretical and actual model are showirigure6.2. Additionally, we have observed
high SJLrelc variability over time (the media8D of 4-week overlapping windows wd$b

minutes, the firsquartileQ1 =10 minutes, anthe thirdquartileQ3 = 23 minutes).

Moreover thecorrelation of the individuahctigraphic featuree with AGE and BMI can be
found inTable6-1. The results of modsincludingconfounders can be foundTiableS-3 in

the supplement

Table6-1: Pearsords correlation coefficients between individaatigraphic featurs, age and BMI

Feature Correlation with AGE Correlation with BMI
MSFSCacii -0.421™ -0.223

Acrophase -0.528" -0.350™

M10-time -0.426" -0.399™

L5-time -0.302 -0.240

Mid -sleep -0.413" -0.232

SJLrelact 0.088 -0.016

M10-timeuift -0.130 0.107

L5-timeugift 0.025 0.020

Mid -sleei -0.008 -0.180

" <0.001," <0.01," <0.05
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Table6-2: Actigraphy vs questionnaiieased chronotype: linear model results. For eackigraphic featurethe optimal
window length providing minimum tes¢t MAEis shown

1) MEQ TRAI N: b1 TRAIN: R -squared TEST: MAE
Feature Window mean SD mean SD mean SD
(weeks)
Acrophase 3 -5.884 0.377 0.372 0.042 5.608 0.453
MSFsGcti 4 -4.249 0450 0.260 0.043 6.287 0514
M10-time 4 -3.871 0.267 0.289 0.038 5.869 0.498
L5-time 6 -5.994 0.337 0.313 0.021 6.125 0.781
Mid -sleep 6 -6.400 0.7 0.359 0.042 5.995 1.148

Where MEQ based on questionnaire MSFsc has an MAE of 5.446 MEQ pointssguduied 0.47. The null model MA
is 7.216 points.

2) MCTQ-MSFsc TRAI N: b1 TRAIN: R -squared TEST: MAE
Feature Window mean SD mean SD mean SD
Acrophase 6 0.679 0.041 0.402 0.037 0.605 0.113
MSFSCacti 6 0.658 0.035 0.471 0.034 0.569 0.089
M10-time 6 0.437 0.061 0.287 0.046 0.691 0.086
L5-time 6 0.729 0.062 0.356 0.02 0.665 0.155
Mid -sleep 6 0.830 0.083 0.455 0.061 0.615 0.107

Where MSFsc based on questionnaire MEQ has an MAE of 0.612 hourssauued 0.47. The null model MAE is 0.8l

hour.

3) MCTQ-SJLrel TRAI N: b1 TRAIN: R -squared TEST: MAE
Feature Window mean SD mean SD mean SD
SJLrelact 4 0.497 0.059 0.188 0.024 0.622 0.116
Mid-sleepis 3 0.223 0.064 0.086 0.047 0.647 0.160
M10-timesitt 6 0.142 0.019 0.038 0.015 0.687 0.141
L5-timeyirt 6 0.214 0.069 0.069 0.016 0.674 0.196

The SJLrel may be predicted fraqoestionnaire MSFsc with MAE of 0.640 hours anddrared 0.19. The null model hi
MAE 0.691 hour.

Bold namesmark featurs, which is significant and explains considerable variation in the dasgRred > 0.35) (for SJL
the one with significant coeffient), italic namesmark features withnonsignificant coefficients. For comparison, the
questionnairéased prediction accuracies and results of null models are provided.
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6.3.2. Impact of the observation period
In the previous section, we mentioned that thet lresults were obtained for specific
estimation window lengths. The results presenteldaiable6-2 suggest that the hger time
window usually provided the lowest chronotyping erfor both the MEQ and MSFsc
chronotypes (especially for MSFsc). On the other hand, shorter windows seem better suited
for the estimation of SJL, where the maximum &cteed for an approximatelyfBweeks long
window. Figure 6.3 presentsthe impact ofestimationwindow length on the degree of

correlation with the respective questionndissed chronotypes.

Window size & Correlation of MEQ and Actigraphy Window size & Correlation of MCTQ-MSFsc and Actigraphy
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Figure 6.3 - Impact of actigraphy estimation window length on the level of association (Spéaroarelation coefficient)
with each questionnairbased chronotype measurent

According to these resultdcrophasas a stable and valuabpredictor of chronotype. It had
a stable correlation across different observation window lengigsatfn~ 0.6) with both

guestionnairdased chronotype measures. For MEQ,Abephasereached the best score.
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For MCTQMSFsc there were betterorrelded features: the MSFEs€ (Rspearmar~ 0.7) and
mid-sleep. However, for very short recording lengths (one or two weekspdiuphase

achieved the best results also for MGCM3Fsc.

For the MCTQSJLrel the closesactigraphic featurés SJLrekci with a moderate level of
correlation (Rpearman~ 0.4), providing consistent results for windows of three weeks and
longer. The MIl@imesir and L5timeyir features showed a low level of correlation
(Rspearmar< 0.3).

6.3.3. Test-retest Results for Actigraphic Features and Chronotype
We examined the tesetest stability of selected features by computing esatigraphic
featureusing two estimation windows of the same length, separated byiasgapigure6.1.
A Pearsos correlation wasatculated for eaclof the features between the sets of values
obtained from the two estimation windows. The resafésshown ifmable6-3.

The most stablehronotyping feature wabe Acrophasewhere the testetest score reaeti

high values (~ 0.7) already for short estimation windows (1 week) with a long gap (3 weeks)
in between. For longer estimation windows (3 weeks), it rebalvery high(~ 0.8 testretest
score.The second most stable featwas midsleep Compared tthe Acrophaseit had lower
stability (~ 0.3) for a short estimation window (1 week) and a longrghptween3 weeks).

For a long observation period windows (3 weeks), the esdte similar to Acrophase
(~0.8).

In general, theactigraphic feature ®lected for comparison with MCTFQased phenotypes

had much lower levels of longerm stability Their respective tesetest scoreswvere
dependent mainly on the length of the estimation window. For the M@FRbe maximum
testretest score (~ 0.%asreached for two consecutive 3 welekg windows. For the lonrg

gap scenario (3 weeks), the testest scorgvasonly moderate (~ 0.5As the best resulof

the SJLrel.i feature, a moderate testest score (~ 0.5) was observed faveekestimation
windows without anygapin between. For shorter estimation windows, thertetgtst score

was even lowerAgain, the testetest score is highly dependent on the estimation window
length The length of the gap does not seem to have much effdoesarésuls. All the test

retest scoremeres i gni fi cant (U < Oaién8 $Jlrekefronctbeprie f or

weekestimationwindows with aoneweek gapn between
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Table6-3: Stability (testretest) of chronotype predicting features (Pseats correlation coefficients)

Acrophase

Win length/gap 0 weeks 1 week 2 weeks 3 weeks
1 week 0.801 0.742 0.683 0.688

2 weeks 0.817 0.756 0.791 0.547

3 weeks 0.851 0.838 0.592 0.807
Mid -sleep

Win length/gap 0 weeks 1 week 2 weeks 3 weeks
1 week 0.789 0.745 0.655 0.283

2 weeks 0.784 0.473 0.720 0.740

3 weeks 0.823 0.825 0.849 0.782
MSFSCacti

Win length/gap 0 weeks 1 week 2 weeks 3 weeks
1 week 0.293 0.196 0.451 0.456

2 weeks 0.410 0.597 0.598 0.544

3 weeks 0.735 0.669 0.549 0.419
SJLrelacii

Win length/gap 0 weeks 1 week 2 weeks 3 weeks
1 week 0.222 0.120 0.257 0.281

2 weeks 0.303 0.421 0.392 0.470

3 weeks 0.559 0.553 0.409 0.477

Italic valueswerenot significant > 0.05)

Questionnaire Chronotype Testretest Stabil ity

A subset of 19 women+fled the MEQ and 17 women+fdled the MCTQ. The median time
between filling the first and second set of questionnaires was 81 weeks with a minimum of 72
weeks and a maximum of 107 weeks. The Pe&smnrelatios between tk first and second

set of questionnaires ese for MEQ Rweqo=0.9% (p<0.001), for MCTQ-MSFsc
Rwmsrsc= 0.634 (p = 0.004), andor MCTQ-SJLRsjLrei= 0.718 £ < 0.001).
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6.4. Discussion

Both subjective (questionnaires) and objective (actigraphy) methods besve usedor
chronotype estimatioacross the worl@Ancoli-Israelet al, 2003; Zavadat al, 2005; Thun

et al, 2012; Di Miliaet al, 2013; Roennebergt al, 2019) Still, to our knowledgeours is

the first study, whiclletermines the quality of their substitutability and defines clear guidance
for further clinical and research usagye particular, we focused on the overlap between the
subjective and objective measures of the chronotype saathl jetlag, impact of the

observation period and repeatability of the measurementgdtest).

6.4.1. The Connection Between Questionnaire Chronotypes and Actigraphy
While multipleactigraphic featusweresignificantlycorrelatedwith the questionnairbased
chronotyps (Figure6.3), the overlap between the twbronotypingmethods and therefore,
their accuratsubstitutability is limited.

According to our first hypothesisve found that the chronotype may be objectively measured
by actigraphy. Multiple actigraphic featur® were significantly correlated with the
guestionnairdased chronotypes. The highest correlation was achieved between the
MCTQ -MSFscand its actigraphy counterpart, the MSkscThis correlation was observed
for a sixweek window and was Rspearmar= 0.70, whichis comparableto correlation
Rrearsor= 0.73 previouslyobserved bySantistebarand his tean(2018) A similar level of
correlation withMCTQ-MSFsc was lso achievedy thetime of midsleep averaged frow
six-week window (R=0.69). These high correlations could be expected bedd8sescis
defined asa personally perceived average raldeptime on freedayscorrected for socially
inducedjetlag While being questionnaiieased, the focus of the questasa the regular time

of sleep onsets and offsets on working and free (Rgsnnebrg, WirzJustice and Merrow,
2003) the datavhich could be obtained from the actigrapbgsed sleep detectifkaplanet

al., 2012; Kosmadopoulost al, 2014; Belloneet al, 2016) In terms of substitutabilitythe
MSFsGcti acheved a prediction with a mean average error (MAEQf approximately

34 minuteswhile explainingd7 % of the interindividual variabilityCompared to the typical
range of MSFsc of approximately2hours(Wittmannet al, 2006)(the mirmax range in

our study was 1:B.7 hours), this does not appear very higid is also substantig more
accurate thathe accuracy of the null model (MAE of 48 minutd$)e largestesidualerrors

were observed on the extreme chronotysegFigure6.2). If we consider actigraphy to be
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precise in sleep detection, we nissuggestinghatpeople may overestimate their perceived
inclination toward morningness or eveningnésidditionally, the majority of differencesere
positive (actigraphy lateritan MCTQ) which suggestthat peopleare prone to report the
waking time earlier than ictuallyis. Generally the actigraphybased sleep is reported to
overestimate the sleepmtion, and not otherwiséSadeh, 2011; Smitkt al, 2020).

The highest correlation f(MEQ, the R= 0.62(Acrophasehreeweek window) was slightly
lower than the maximum correlation between actigraphy anM@eQ-MSFsc This could
becaused by the ME@Qeingmorean idealised notioof a daily regime. Thguestions in the
guestionnaire are mainly focused on activity and its ideal timing during théHdage and
Ostberg, 1976)That could also be the reason why the most corretatigraphic features
the Acrophase This measure assesses at the same time both the dailty stk and the
time of night sleep trougl\s in MSFsc¢the second most correlated feature (with B.60 for
a sixweek window) is miesleep timeThis,combinedwith a lower correlation between MEQ
and M10Gtime (R=0.51), signifies the importance skeeptime for chronotyping.When it
comes tosubstitutability the Acrophasearchived MAE of 5.6 points while explaining37 %
of the interindividual variability Considemg this in relaion to the range ofMEQ scoresit
should be sufficient to distinggh between the standds chronotype categorigdl-type,
N-type and Etype people)A pendinglimitation is thaf similarly to the MSFsahe highes
residualerrors areobserved at the extreme chronotype valliéss suggestthat the optimal

regime, epressed by the MEQ score, is not reachable for these extreme types.

Additionally, to put the results into context, we tested possible substitutability of the
guestionnaire chronotyping methods between themselNe MAE for MEQoredictionfrom
MCTQ-MSFsc was 5.4 pointswhich is slghtly better thanthe MAE for actigraphy

(5.6 points). The MAE of MSFsc predicted from MEQ was 36 minwtéxschis slighty worse

than theMAE from actigraphy (34 minutesMoreover this correspondgo the explained
interindividual variability, which was 46 between questionnagel herdore, it is betterthan

the actigraphy MEQ relation and the same as in the actigraplhsFsc. These differense
clearly show the nedd choose the chronotyping method for planned reseanckatly. This

alsoshows that the actigraplgymore closly related to the MSFsc type of chronotype.

While the correlation between the questionnaires based chronotypes and selegtaghic
features is high the maximal correlation reached fMCTQ-SJLrel and its actigraphy

counterpart SJLrgliwas only R= 0.40 for a foweek window. The difference in m&leep
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time between free and working days reached the setighest correlation (R 0.33 for a
threeweek window), which is relatively lowsimilarly, thefree vs working days differences
for M10-timegir and L5timegir Showed evealower level of agreementhe prediction MAE
of about 37 minutess also relatively high comparedto the typical range of SJL of
approximately & hours(Wittmannet al, 2006) and the modedxplained only 196 of the
intraindividual variance. Such Baesuls are mostikely connected with the highariability
observed on the SJL value 5 min based on28 daydongestimation window with 2days
overlap.

A possible cause could be that the regime on free niaysstill be affected by other social
factors otherthan work. Many atmors agree that the difference between the regiméem

and working days is enormous for some individuals, especially in terms of length, timing and
mid-sleep timeand amount of physical activifiMonk et al, 2000; Roennebergt al, 2012)

In generalthere ino agreemertdnthecleardistinctionbetween daily regimd$ree working,
working with a flexible schedulefreewith a fixed schedulgetc). In spite of thatthe SJL
concept is based on these differenf@&sttmann et al, 2006) While we consideredooth
Saturday and Sunday &iee daysdn this studythe sleep on these daigsnotthe sameThe
Friday-to-Saturday night magtill be affected by the work on Friday. Similariie Sunday
to-Monday nightmaydiffer from other working days based on free Sunday evening

6.4.2. The Actigraphy Period Length for Chronotyping
Due to the fact thahe length of actigraphic records in published studies varies considerably
(from records of several days to longitudinal studies measuring continuously for several weeks
or months), we consider it necessary to identify the sufficient length of actigrapbrd rfor
circadian phenotyping. The ideal record length for the study of sleep parameters has already
been investigated by several studi@seboet al, 1999; Ailiet al, 2017) Aili and her team
(2017) found that more than 7 nights are neettadan accuratactigraphymeasured total
sleep time Another study examined record lengths to monitor major sleep attributes in
children and adolescents. Its authors claim that five or more nighea@ugh fo an objective
assessment of sleep qualifceboet al, 1999) However, these studies didtrdeal with the
setting of circadian rhythms but studied only the necessary length of recording suitable for
describing the main parameters of night sleep. According to our results, the most considerable
improvement of chronotype prediction was obsenaedHe first three weeks. Afterwards, the
improvement is relatively small, as showrFigure6.3 (for SJL and MSFsc), by flattering the

correlation score curve. However, the best results were obtained mainlgixeweaeklong
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window (which is the longest window we used). The SJL is hard to predict from actigraphy.

As for the optimal window length, it behaves similarly to the chronotype prediction.

Although estimation windows longer than 4 weeks provided worse results in quieséns
was due to smaller sample sizes for the long windows. Furthermore, the -bestnd
actigraphy predictor for SJLrel, the rasteepir, prediction power drops for 3 weeks and
longer estimation windows. The cause for this may be additionaldatgvariability in sleep

timings which is not evaluated in the simple MCTQ scenario.

6.4.3. The Test-retest Stability of Chronotypes
Chronotype is expected to be stable for most of adult life, widlow move towards
morningness imlder age(Roennebergt al, 2004, 2007)Our results orthe questionnaire
support that theory. Again, there are differences between the questes. Whilethe MEQ
is incredibly stableovertime i testretest sore R=0.96 after approximately one and half
years whichis in agreement withee et al. 2014inding R= 0.90 the MCTQMSFsc is much
less stableachievingonly R = 0.63. These differences agaignify the different focus oféach

respectiveehronotypng questionnaire.

The stability ofactigraphic featurevaried across feature$he Acrophase, whicts among
the top chronotyping features (the best for MEQgIsothe most stable R 0.81 forathree
week estimation window and threeeek gap. The MS#ect, whichis the actigraphy analy
tothe MSFsc score, is much less stabiith R = 0.42for the same settings. These differences
arelikely caused mainlypy the necessity to definthe free dayso compute thMSFSGcti, as

the midsleep time by itslf is almost as stable as tAerophasewith R =0.78.

6.5. Limitations

Results of this study need to be interpreted considering the following limitations:

Firstly, the sampleconsisted of 128omen While suchsample sizeespecially considering
the study dtation is abovetheaveragdor actigraphy studieseeFigure?.1), it is not enough
for global generalisation8loreover the dataset included onlyomen There is no consensus
concerning gender differences in chronotypes or sleep. Bty mtudies founanorning
chronotypeto bemore prevalent invomen while eveing chronotypebeing more prevalent
in men.On the other handnia recent Czech study, no significant seronotypealifferences
were found(assessed bMIEQ andMCTQ) ( F 8 r &t aly 220) Consideringactigraphy
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circadian parameteend sleepwomen and men exhibited a similar circadian activity profile;
however, women exhibited better slegpke patterngleanLouiset al, 2000) Another stug
found no significant gender differencé¢sehnkeringet al, 2006) Even with limitation, we
consider our sample representative, as it includesierange of chronotypes

Secondy, while sleep detection using actigraphy is generally considezédble (see
section3.5.3, most actigraphy sleep detectors are based on detecting epochs of low,activity
and therefore have a tendency to overestimate the sleep d&daeh, 2011; Smitét al,

2020) Additionally, the quality of sleep detection ynbe affected by the internal settings of
actigraphy data prprocessing (within the wearabl@jeltzeret al, 2012; Celliniet al, 2013;
Smithet al, 2020)and other aspectsuchas possible sleep disordé&adehet d., 1995) or

mood disorders as bipolar disord@ruberet al, 2009; Schneidestal., 2020) In this study,
thesepatients were excluded based on exclusion criteria. Nonetheless, it is important to

consider theskmitationsfor any studywhich would include actigraphlyased chronotyping.

Third, the stabilityof actigraphy chrootypes wasevaluaed for short actigraphy segments.
The testretest evaluatioperiodfor the actigraphic feature stabilityevaluationwas limited

to a threeweek maximum estimation windowAs seen from our results, this is at the same
time the minimum widow length to consistently estimate the subjective chronpbgsed
onactigraphyMoreover, the stability after a year and a half for the chronotyping questionnaire

is not directly comparable to the stability of actigraphy chronotyping features.

6.6. Conclusions

Actigraphy is a popular method of estimating sleep and circadian rhythms patterns. As we
have shown in this study, longerm recordings of three and more weeks of duration may
be used as an objective evaluation of the chronotype and show good exgrestin the
MSFsc and MEQ questionnaires, traditionally used to determine the chronotype. The
Acrophaseand MSFsgcti estimated from automatically detected sleep periods were the
best parameters for chronotyping. In all cases, the actig@dgiinyed chrootype showed

a more conservative estimate (closer to the sample mean) than its questioaseadte
counterpart, suggesting the tendency of the participants to overestimate the extremity of
their behaviour Our study also highlighted the distinction betwéea idealized MEQ
scores with high stability ovem extended period of time and moderate predictability by
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actigraphy, the MCTEMSFsc, which showed high predictability by actigraphy and lower
stability over time, and the B5Jwhich was both highly varidd over time and hard to

predict from actigraphy.

The increasing availability afctigraphywearablesallowing longterm monitoring of the
sleepwake patterns with relatively high accurasymulates wideanging applications of
monitoring the circadiarnythms on a large scale. We shomat howeverthe actigraphy

based chronotype may provide a slightly different view than the traditional questionnaires,

it may be highlyaluable especially if an unbiased and momentary value is of interest.
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/. Actigraphy-basedClassification of BD
Patients and HC

This chapters based orthe article published in CNS spectrumSchneider, J.et al. (2020)
AMotor activity patterns can distinguish between interepisode bipolar disorder patients and
healthy control§ CNS Spctrums pp. I11. doi: 10.1017/S109285292000177i. this
chapterldn using wholetext sectionss they were published in the joureatended for some

parts included in tharticle supplement

7.1. Introduction

7.1.1. Actigraphy Studies in BD Patients
Actigraphy 5 a convenient way to study motor activity patterns. Existing findings from
actigraphy studies suggest that circadian rhythm and sleep are disrupted in patients with BD,
even in the remitted state. Current evidence, including reviews-anatgses)Scott, 2011;
Geoffroyet al, 2015; Alloyet al, 2017; Scott, Murrayet al, 2017) documents lower overall
activity (Harveyet al, 2005; Jones, Hare and Evershed, 2005; Salvatoat, 2008; St
Amandet al, 2013)and longer and more disrupted sleep in remitted BD patients than in
healthy controls HC) (Millar, Espie and Scott, 2004; Gersheh al, 2012; Geoffroy,
Boudebessest al, 2014; McKenna, Drummond and Eyler, 2018imilar observations have
also been foumhin unaffected child and adolescent offspring of parents witl{S&ibeleet al,
2019) Although previous studies have improved the understanding of motor actiBi in
patients, most existing studies are based on a limited period of actigraphy monitbeyg
therefore miss the opportunity to assess and account for-intfi@idual temporal variations
in actigraphy parameters. Variability in sleep and circadiararpeters, obtained from
actigraphy, suggests lower levels of synchronisation of BD patients with the day and night
rhythm (Harveyet al, 2005; Scott, 2011; Gershenal, 2012; Geoffroy, Etaingt al, 2014,
Bei et al, 2016)and may be closely connected with the symptomatic pefitasne Gartiser
et al, 2014; Scott, Murrayet al, 2017) The short duration of the studies (mostly < 14 days,
the longest being 50 dayseeFigure7.1) is a limitation for variability assessmeillar,
Espie and Scott, 2004; Mullin, Harvey and Hinshaw, 2011; Gershalj 2012) In order to

overcome thege issues, we increased the observation period in the actigraphy study presented
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here to 90 days, aiming to focus on iAmdividual longterm temporal variability (LTTV) in

circadian rhythm and sleep parameters.

Figure 7.1 - Duration and sample size of BD actigraphic studies. The first bars (green/pink) represent our study, showing
that the duration is one of the longest and the sample size is comparable to other studies. It may aetkeatuthtion is
negatively associated with sample size and that newer studie®tba longer or bigger.

Contrary to statistical evaluation, the machine learning technigues provide a means to quantify
betweenrgroup differences by evaluatg the classfication power of a set of features
(biomarkers), considering complex nbmear relationships among featurest least two

recent actigraphy studies ammploying this approach for actigrapbhgsed BDBHC
classification. The first was done IBgeddaet al(2016) who reached 8% accuracy with

64 % sensitivity, ad 92% specificitywhenusing 35 days of actigraphy and diary data from
children (518 years old). There was no medication used, and all data were recorded during a
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