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Key Message
Smartphonénnovations hae opened new frontiers in the assessment of disease processssr
day+to-day. instabilityin activelyreported mood and passively-recorded typing kinematiosss
two weekpredicteda poorer prospective course of depression and maries demonstrates the
feasibility andutility of digital phenotyping irdetectingndividual differences imliseaseourse.
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I ntroduction

Advances in smartphone technology allow for the assessment of disease pingesdes
time outside of the lab or clinic, providing novel information wgtteater ecological validity that
is, how disease_influences patients in the “real woBtddlogical momentary assessment (EMA),
which involves prompting patients to answer questions abeurtdtrrent state throughout their
daily lives'is one technique that can be administered via smartpAdne approach has the ability
to identify’contextual informatioimfluencing disease procesgbhat may not be available when
patients visithe®labor clinic'. Moreover, additional informatioran bepassively recordeduch as
metrics ofkeyboard typinkinematics. These metrics represamovel category of “digital
phenotyping’sdata streams that involve the passive measurement of behavior fraphenear
sensors and keyboard interacfiain Thesaeattime metrics hold great promise as thousands of
data pointger daycan be collected with little to rexditionaleffort from the user.Thus,
smartphone metrics have important potential for the identification of period&dfraissition, and
translation.to realime interventions®,

Active'lEMA approachesan be used to assess intrdividual variability inselfreported
mood’. Moodunstability(MI), defined agarge, frequent fluctuations in mood over tfixis one
process thas relevant for understanding vulnerability to persistent mood dysfunction in mood
disorder3-Yét, no studies to our knowledge have extended this work to exarstability in real
time, passivelyrecorded digitaphenotypingnetrics These passivelgecorded metricplace less
burden on'the user and thus may be more feasible for the long-term monitadingcafly-
relevant featuresf behavior.

We hypothesized thatay-to-day instability inactively-reported mood anpassively
recordednstability in typing speed woulgdredict a poorer prospective symptom couirse, pilot
study of individuals wittbipolar disorderWe also examinedow many days of observation would
be necessary.to obtain a reliable estinshiteach person’s meassref instability.

Case Presentation

Partieipants were 18 adult participants in the Prechter Longitudinal Study of Bipolar
Disorder, as'part of the BiAffe@RIORI consortium, who hddmiliarity with the Android
operating systemParticipants completeal baseline period of approximately two weeksin which
EMA was conducted using the BiAffect app on Android smartphones. Participants were grompte

semirandomly, once daily, to respond to five questions about their current affeatiw€rabod,
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energy, rapidity of thinking, impulsive actions, and impulsive feelings), which werkoatscales
ranging from O (minimum) to 100 (maximum).

Simultaneously, BiAffect unobtrusively collected typing kinematics medagatluating
how a person typed (on the keyboard) rather thdat was typed, as subjects interacted with their
phones in a.usual manner. This allowed us to extract individuals’ typing speedeaithi day in
their natural environments. To do this, we computed the daidyrokthe time since the last
keystroke,"based on an average of 1,371 keystrokes per day per person.

For'each participant, instability metrics were created for each EMA affective rating and for
daily typing speed, using the root mean square succeseregce (rMSSD). This metric
evaluates yariability in consecutivelgcorded daily ratings and encapsulates botkiea@nd the
temporal order of within-subject fluctuations, in contrast with other indices of variability such as
the standard deviatipmvhich ignore potentially-meaningful information based on the order in
which change occuts

Following the EMA period, participants were followed for up to 8 weeks. At weekly
intervals, theyscompleted clinician interviews by phone to assess their current symptoms of
depression:(Hamilton Depression Rating Scale, HAM-D) and mania (Young Mdirig Baale,
YMRS). These measures also were completed pritivet EMA period to evaluate baseline mood
state.

Multilevel models were estimated using Mplus to examine the extent to which indices of
instability in_active and passive assessments would be predictive of levels of future mood states
(random intereeptsf HAM-D or YMRS ratings across the prospective peridetl 20
observations)«" To conduct a conservative approach of hypotheses (and relativadinty;ave
tested the predictivetility of instability metricsafter entering the daily variables usedhe
instability computations (e.g., average daily EMA mood rating), and after entegingfltrence of
baseline mood.symptoms into the models (Figure 1).

As hypothesized, greater instability of mood during the baseline EMA period sigryficant
predictal elevated prospective symptoms of depressrih 41,p<.005; Figure 2a) and mania
(t=2.72,p<.01).._Instability of energy predicted elevated prospective symptoms of rieii2(y
p=.03), but not depressiotr(.78,p=.08). Instability in other affectesvariables (rapidity of
thinking, impulsive feelings and actions) did not significantly predict future symptarse
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(ps>.10). In addition, instability of typing speed predicted elevated future symptonzessien
(t=2.18,p=.03; Figure 2b, but notmania (=0.73,p=.46).

Given that active and passive indices of instability each predicted future yroptbms,
we conducted hootstrapped mediation analyses. These analyses indicated that niildgl insta
mediated the.relationship between instabilityyping speed and prospective symptoms of
depression.and mania (indirect effpst< .05), suggesting shared contributions of active and
passive'metrics' of instability in the prediction of iliness course. Conyemsstability of typing
speed did'not'mediate the relationship between mood instability and depression or mania

Finally, sensitivity analyses suggested that evaluating instability across as little as 5 to 7
days is optimak, Instability metrics ovei7sdays provided similar information and had comparable
predictive utility in our modelsHigure 2c,d).

Discussion

Theresultsof this preliminary investigatiosupport the feasibility and potentiatility of
active and passive indices of instability in mood and typing kinematics in thetpredif
prospectivesiliness course among adults with bipolar disorder. These fisdigggsst that the use
of EMA and related smartphone technologies may be useful for identifying patiemisave
impending=worsening in their patterns of mood and behavior, and who may be in need of more
timely, alternative, or intensive treatments.

When examined as predictors separately, passive assessments of typing instability
accounted.for a similar amount of variance in future mood symptoms comparesdtyaeported
EMA moogdrinstability. Importantly, this suggests that comparable information abkdibr mood
changes may:be provided by passive observation of keyboard dynamics, which are unobtrusive,
minimallyinvasive, and can be evaluated indefinitely without any additional needffoefbection
on the part of participants. This finding highlights the great potential that passargphone
assessment holds for taking a major leap forward in advancing pagigiered assessment and
intervention in psychiatry. It also is important to note that although subjects in seafsaidy
were highlys.ecompliant over a period of two weeks, not all patients may be as compliant for
extended petriods of tiffie Whereas activelyeported EMA responses are subject to these
problems, passively-recorded keyboard dynamics can be recorded indefinitetynavellowing

for potentiallygreater clinical utility.
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Despite predicting a similar amount of variance, it is worth commenting thatimhbined
statistical model, selfeported EMA mood instability was superior to instability of passively
recordedyping speed in predicting future clinician-reported mood symptoms. It may tideM#a
reports and cliniciamated mood scores are methodologically more similar as both rely on patients’
awareness.of.itheir mood, thus ultimately are dependent on their own account. In,qagsast
assessments are not dependent on patient awareness, and thus may capture additional variance. Fol
example, passive assessments of typing instability could index related latent doincimsal
relevance; such as homeogtad motor planning and execution circuits, of which a person may be
altogether unaware. Thus, the example of typing instability highlights the pbbemedits of
smartphone teechnology, and digital phenotyping approaches more broadly, in the future of
psychiatrictassessment and intervention.

Furthermore, these data suggest that using as few a®a¥s of data provides estimates of
instability that are as reliable, and provide similar predictive utility, as when assessingiinstabil
over longer perids of time. It may be that evaluating instability across a full week provides a
sufficiently=representative sample of dayday variability across the week. Such metrics could be
used to assess'for and manage intervals in between treatment visits.

In“eerclusion, we provide an example of how passive and active assessments of affective
and behavwioral instability may provide clinical utility for understandinigfos negative outcomes
in bipolar disordet These methods highlight a possible pathway for evaluating latent cognitive
domains or clinical classifications that might lead to the development of tiaél fithess”
indicators thatshave actionable clinical utility. These approaches also offer possibilities-for real
time digitalyphenotyping in disorders in which changes in the character of mood, beaagior
thought might translate into variations in how individuals interact with their plidna$is work
could then be tailored tgpecific individualausing a reatime, persorcentered approach to

detecting vulnerability points when intervention might be most useful.
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c)
Figure 1. Example of ongarticipant’sassessments of (a) activecorded dailEMA mood

ratings, (b) passivelyecordeddaily averageyping speed, and (c) baseline gmdspective

symptoms.of depressi@tross several weeks of follewp.
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a) b)

c)

d)

Figure 2.

A& B. Associations'between subjdetel prospective depressi@damD) symptom values predicted by
multilevel instabilitymodels, and actual mean levels of prospective sympteradictors and covariates

in these models included the given instability metric (e.g., EMA mood instajalitgjage level of the
variable used in the instability metric (e.g., average daily EMA mood rating), aatingamood
symptomgbaseline’'HanD when predicting prospective Ham-D; baseline YMRS when predicting
prospective YMRS)TLK = time since last key (typing speed).

C. Reliability of active and passive assessments of instability based on number of days of assessment:
amount of variance shared when usingda¥-versus 30-10-day windows for computingnstability.

D. Predictive uitility-0f active and passive assessments of instability basedntiemaf days of

assessment: amount of variance in random intercepts of prospective symptoms predicted in multilevel

models by active and passive indicesnstability.
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