
R E V I E W Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and 
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.

Astill Wright et al. International Journal of Bipolar Disorders            (2026) 14:4 
https://doi.org/10.1186/s40345-025-00407-5

International Journal of Bipolar 
Disorders

*Correspondence:
Laurence Astill Wright
laurence.astillwright@nottingham.ac.uk

Full list of author information is available at the end of the article

Abstract
Background  Ambulatory assessment uses digital technology to capture real-time data on mood, mental state and 
behaviour. It has the potential to enhance traditional clinical outcome measures, but the practical application of these 
tools fundamentally depends on their performance.

Aims  This systematic review aimed to assess the performance of active and passive ambulatory assessment and 
mood monitoring outcome measures in non-randomised and randomised studies in bipolar disorder over 3 months 
or longer. We aimed to evaluate their performance against established clinical measures and through inter-
ambulatory assessment comparisons.

Methods  Systematic review (PROSPERO: CRD42023396473) of performance of mood monitoring and ambulatory 
assessment protocols in RCTs and non-randomised studies in bipolar disorder. Identified studies were assessed for 
risk of bias. Due to the very high heterogeneity in included studies and performance metrics we were not able to 
aggregate the data via meta-analysis.

Results  The review included 42 studies with a combined sample of 7,813 participants. We included 28 distinct 
ambulatory assessment protocols which reported 487 different smartphone-based performance metrics. The 
considerable variability and inconsistency across these metrics limited our ability to make definitive comparisons of 
performance. Overall, some active ambulatory assessment approaches showed good performance when compared 
with established clinical measures. There was a paucity of data examining the performance of passive ambulatory 
assessment measures. Most studies were rated as having low to moderate risk of bias.

Conclusions  While ambulatory assessment holds significant promise, current evidence fails to establish the validity 
and reliability of passive ambulatory assessment to measure mood. The substantial methodological variation—
particularly in how performance metrics are defined and reported—limits meaningful comparison and replication. 
Greater consistency in ambulatory assessment design and reporting standards is essential to support reliable 
evaluation and broader adoption of these behavioural assessment tools.
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Introduction
Ambulatory assessment comprises a spectrum of meth-
ods that use mobile technology to study individuals regu-
larly in their natural environment and in real time (Trull 
and Ebner-Priemer 2013). This term is broad and many 
of the ambulatory assessment protocols could also be 
classified as using EMA (ecological momentary assess-
ment), mood monitoring, mood tracking or remote 
measurement technology. These terms often overlap. 
Remote measurement technology collects passive data in 
the background using tools such as wearable devices e.g. 
smartwatches, mobile phone sensors. EMA often repeat-
edly collects self-report data in the moment and multiple 
times per day (aan het Rot et al. 2012). Active ambulatory 
assessment relies on the participant self-reporting their 
mood or behaviour while passive ambulatory assessment 
automatically collects this data without the user manually 
inputting any data instead passively running in the back-
ground – often synonymous with remote measurement 
technology. There is significant variation in the frequency 
of data collection with some ambulatory assessment pro-
tocols collecting data daily, multiple times per day or 
continuously. The purpose of the study and the nature 
of the behaviour/psychopathology assessed dictates the 
frequency of the mood assessment and the assessment 
methodology used (e.g. GPS location vs visual analogue 
scale of mood). Mood monitoring can serve both as an 
intervention (in randomised and non-randomised stud-
ies) and as a means of measuring outcomes (again both in 
RCTs and non-randomised studies).

This technology is particularly promising in the assess-
ment and treatment of bipolar disorder (BD). Using 
new technology to improve clinical assessment in both 
research and practice promises large improvements in 
efficiency, flexibility and usability. The possibility that 
we could measure mood, psychopathology and behav-
iour frequently, or even continuously, may allow us to 
gather the data required to offer personalised digital 
solutions and care to people with BD. We know that 
shifts in psychopathology can happen quickly and so 
conventional research measures, often assessing symp-
toms over the preceding week or month, may miss 
some of this dynamic change that is common in people 
with BD (Grunze and Born 2020; McIntyre et al. 2020). 
Established validated tools assessing mood are extremely 
useful but lack the flexibility that may be required to 
measure dramatically changing behaviour associated 
with mental distress, relapse and risk-taking behaviour in 
BD. In addition to improving assessment, intensive indi-
vidual assessment may allow us to utilise this individual 
level of observation to offer novel and targeted man-
agement. We already know that improving awareness 
of early warning sign symptoms in people with BD can 
prevent relapse, hospitalisation and improve functioning 

(Morriss et al. 2007) and higher quality data may facili-
tate the development of improved and digitised mood 
monitoring based interventions. Furthermore, repeated 
and frequent assessment, particularly in the emergence 
of psychopathology, may improve prediction and prog-
nosis as well as treatment outcome through digital phe-
notyping (Nelson et al. 2017; Brietzke et al. 2019) and this 
has the potential to improve the long diagnostic delay in 
people with BD (Lublóy et al. 2020). Furthermore, many 
people with BD are enthusiastic about the use of ambu-
latory assessment for treatment and monitoring (Wright 
2024). Any potential usability, however, depends on the 
measures having good performance and there are cur-
rently concerns around the performance of these ambu-
latory assessment measures. Performance is thus key to 
subsequent implementation.

The review uses a broader scope than previous reviews 
and here we examine a wide range of ambulatory assess-
ment protocols in a specific disorder (bipolar disor-
der) over a longer period of time (3 months minimum), 
rather than for example just assessing protocols that 
self-identify as mood-monitoring protocols, or just those 
delivered via IT platforms. BD is characterised by tem-
poral mood changes happening over weeks and months 
a broader scope is necessary to consider the possible uses 
of this wide-ranging technology in this particular applica-
tion. This is the first systematic review that we are aware 
of that examines the performance and use of ambulatory 
assessment as a treatment outcome in BD and quantita-
tively evaluates the performance of these protocols. The 
aim of this systematic review is to assess ambulatory 
assessment and mood monitoring as an outcome in ran-
domised and non-randomised studies in people with BD. 
Specifically we will examine performance, adherence, 
compliance, dropout, usability and properties ambula-
tory assessment/mood tracking protocols. We evaluate 
the performance of these measures against established 
clinical measures and through inter-ambulatory assess-
ment comparisons.

Methods
We used a methodology based on the Cochrane Hand-
book for Systematic Reviews of Interventions and 
completed a Preferred Reporting Items for Systematic 
Reviews and Meta-Analysis (PRISMA) checklist. The 
study was pre-registered with the International Pro-
spective Register of Systematic Reviews (PROSPERO: 
CRD42023396473 (PROSPERO 2023)).

Inclusion criteria
We included studies if they met the following criteria: 
included self-monitoring/ambulatory assessment/EMA/
repeated symptom assessment in people with BD over a 
minimum period of 3  months with rating of symptoms 



Page 3 of 21Astill Wright et al. International Journal of Bipolar Disorders            (2026) 14:4 

weekly at a minimum. This could use ambulatory assess-
ment as either an intervention or as a research outcome 
using a randomized or non-randomised design. We only 
included studies with 20 or more participants with BD 
(Excellence NIfHaC 2021). The studies should either use 
a validated measure of mood or validate the chosen mea-
sure with a validated mood measure. The studies could 
be published in any language and could be digital or non-
digital, although we acknowledged that the majority of 
studies would utilize digital technologies. We searched 
the grey literature (e.g. conference abstracts, disserta-
tions, policy literature, reports via ProQuest and Google 
Scholar – full details below) for unpublished studies 
which were eligible for inclusion.

Search strategy and selection criteria
The complete search strategy in listed in the appendix. 
We searched Ovid MEDLINE, EMBASE, PsychINFO, 
SCOPUS, IEE Xplore, Proquest SciTech Collection, Pro-
quest dissertations and theses global, Google Scholar 
using the search terms. The initial search was conducted 
on 03/03/23 and then updated on 28/10/24. All abstracts 
were appraised by two independent screeners (LAW, 
GM, GS, KA, DP, GON) and any disagreements were 
discussed and a consensus arrived upon, with adjudi-
cation by a third independent screener if required. We 
acquired the full text of any potentially relevant papers 
and if we were unable to source the full text of the study 
we then contacted the corresponding author to request 
the paper. To determine if potentially relevant stud-
ies met the inclusion criteria the full text was reviewed 
separately by two authors, again with discussion and con-
sensus with a third reviewer if necessary. All papers for 
inclusion were reference checked along with relevant sys-
tematic reviews (Antosik-Wojcinska et al. 2020; Dubad et 
al. 2018; Palmier-Claus et al. 2021; Faurholt-Jepsen et al. 
2016a, 2019a; Watt et al. 2020; Ortiz et al. 2021; Malhi et 
al. 2017; Wenze and Miller 2010; Koenders et al. 2015). 
If we were unable to access the full text of a paper the 
authors were emailed to request the paper. Key authors 
were also emailed to see if the inclusion of any ongoing 
unpublished studies could be included. Performance of 
the ambulatory assessment/mood tracking procedures 
used were often published in separate papers and cited 
within the main publication. We also emailed authors to 
identify separate validation studies.

Data extraction
Two independent reviewers extracted data from studies 
meeting the inclusion criteria using identical data extrac-
tion forms. Irregularities in the data extraction were dis-
cussed and any discrepancy resolved with discussion.

Assessment of study bias
The Cochrane Collaboration’s tool for assessing the 
risk of bias in non-randomised studies of interventions 
(Sterne et al. 2016) was used for each study. Risk of bias 
was assessed by two independent reviewers (L.A.W & 
GS) and any disagreement resolved via discussion.

Synthesis of results
We grouped studies together, where possible, according 
to the variable assessed e.g. mood state (bipolar depres-
sion, mania/hypomania), functioning and pooled data in 
a meta-analysis. We conducted analysis via mood state 
as we hypothesized the performance for different mood 
states may vary. Results of each primary study were 
pooled by means of inverse variance weighted approach 
with random effects model, informed by examining the 
between studies heterogeneities. Correlation coefficients 
were transformed into Fisher Z score, and proportion 
was transformed into logit value for pooling. Pooled 
results were then back transformed to relevant original 
scale. Stata metan code was used to perform the analysis 
for correlation and proportion data.

Results
The search identified 23,515 papers. No studies that were 
not in English were found to meet the inclusion crite-
ria. Following title and abstract screening 21,638 were 
excluded resulting in a total of 758 papers being reviewed 
in full. A total of 42 papers met the eligibility criteria 
and were included in the review. The 42 included studies 
included 7,813 participants. Table 1 and Supplementary 
Table 1 display detailed characteristics of the studies and 
the ambulatory assessment protocols used.

Ambulatory assessment protocols of non-randomised 
studies
25 studies (Anýž et al. 2021; Hidalgo-Mazzei et al. 2016; 
Garcia-Estela et al. 2022; Bauer et al. 2023; Bos et al. 
2022; Bowden et al. 2021a; Dominiak et al. 2022; Emden 
et al. 2021; Stanislaus et al. 2020; Lee et al. 2022; Born 
et al. 2014; Lieberman et al. 2011; Kupka et al. 2005; 
O’Rourke and Sixsmith 2021; Tseng et al. 2022; Ebner-
Priemer et al. 2020; Gideon et al. 2016; Schneider et al. 
2022; Schärer et al. 2015; Heuvel et al. 2018; Perez Arri-
bas et al. 2018; Lewis et al. 2023; McKnight et al. 2017; 
Ortiz et al. 2023) used 21 different ambulatory assess-
ment/mood tracking procedures. These were: ASERT 
(Anýž et al. 2021), SIMPLe (Hidalgo-Mazzei et al. 2016, 
2018; Garcia-Estela et al. 2022), ChronoRecord (Bauer et 
al. 2023), RoQua (Bos et al. 2022), KIOS (Bowden et al. 
2021b), BDmon (Dominiak et al. 2022), ReMAP (Emden 
et al. 2021), Monsenso (Stanislaus et al. 2020), eMood-
Chart (Lee et al. 2022), NIMH Life Chart Methodology 
– prospective (Born et al. 2014; Kupka et al. 2005), Social 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

Anyz et 
al. 2021

ASERT mood self-
reports weekly—10 
items that map 
dperessive, manic and 
nonspecific symptoms 
on a likert scale

18 months Active Digital 78.1% Not reported Performance of ASERT 
to predict depressive/
manic relapse: (Anýž 
et al. 2021)

 Hidalgo-
Mazzei et 
al. 2016

Self-report 5 item 
test assessing mood, 
energy, sleep duration, 
medication adherence 
and irritability—daily. 
DSM-5 criteria for 
manic/depressive 
episodes—weekly

3 months Active Digital Whole sample 
interactions 
with app: 
77/90 days 
mean (26.2). 
Interaction rate 
1.3 times per 
day

1 month 
attrition: 6%, 
2 month at-
trition: 18%, 
3 month attri-
tion: 26%

Convergent validity of 
SIMPLe daily test score 
with YMRS/HDRS: 
Hidalgo-Mazzei et al. 
2016

 Hidalgo-
Mazzei et 
al. 2018

Self-report 5 item 
test assessing mood, 
energy, sleep duration, 
medication adherence 
and irritability—daily. 
DSM-5 criteria for 
manic/depressive 
episodes—weekly

12 months Active Digital Average daily 
interaction of 
users while 
using the app: 
1.8 times per 
day. Aver-
age weekly 
engagement 
with app: 25% 
completed 
all tasks, 16% 
completed 
three quarters, 
15% com-
pleted half, 
44% com-
pleted < 25% of 
tasks

1 month: 34.8%, 
6 months: 76%, 
12 months: 81%

Nil validation

 Garcia-
Estela et 
al. 2022

Self-report 5 item 
test assessing mood, 
energy, sleep duration, 
medication adherence 
and irritability—daily. 
DSM-5 criteria for 
manic/depressive 
episodes—weekly

6 months Active Digital 22.5% never 
used the app, 
70.9% regular 
users, 6.6% 
occasional 
users (engage-
ment < 12%)

13.8% used app 
for > 100 days, 
86.2% did not. 
Survival prob-
ability after 
1 month 
67.4% (95% CI 
62.7%—72.4%), 
3 months 
43% (95% CI 
38.1%—48.5%), 
6 months 
28% (95%CI 
%23.6—%33.2)

Nil validation

Table 1  Ambulatory assessment protocols of included non-randomised and randomised studies
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Bauer et 
al. 2023

ChronoRecord—daily 
mood via 100 point 
VAS, sleep, life events, 
menstrual data, 
psychiatric medication, 
weekly—weight

Average follow up: 
227 days

Active Digital 12% didn’t 
return any data. 
Average follow 
up: 227 days

12% didn’t 
return any data

Concurrent validity of 
analogue ChronoRe-
cord & validated mea-
sures of mood and 
functioning: (Bauer et 
al. 2004)
Concurrent validity of 
electronic Chrono-
Record & validated 
measures of mood 
and functioning: 
(Whybrow et al. 2003)
Concurrent validity of 
electronic ChronoRe-
cord & validated mea-
sures of mood and 
functioning: (Bauer et 
al. 2008)

 Bos et al. 
2022

5 × EMA smartphone 
assessments daily—29 
items assessing mone-
tary mood, symptoms, 
sleep and activities. 
Weekly ASRM, QIDS-
SR-16 delivered via 
RoQua platform

4 months Active Digital 76% (number 
of assessments: 
467, range: 
197–869)

0 Linear mixed model 
investigating the 
relationship between 
mood states and 
weekly symptoms 
scores on the same 
day of weekly assess-
ment: (Moraga et al. 
2023)

 Bowden 
et al. 
2021

KIOS app—self report 
assessment of 8 differ-
ent symptoms e.g. sad-
ness/pessimism and 
delivery of guidance in 
relation to symptom 
change

3 months Active Digital 85% performed 
at least 1 
assessment 
weekly

15% Nil validation

 Domin-
iak et al. 
2022

BDmon app—Pas-
sive ambulatory 
assessment: phone/
SMS logs, participant 
speech information 
extracted from daily 
phone calls, Active am-
bulatory assessment: 
self report mood

mean: 208 days 
(SD: 32)

Active & 
Passive

Digital 79.6% of par-
ticipants had 
usable data. 
Completeness 
of self-report 
mood and 
sleep 27.3% 
and 27.5 
respectively. 
Completeness 
of passive data 
varied from 
61.1% to 100%

20.4% with no 
smartphone 
data over re-
quired periods

Associations between 
active and passive 
smartphone data and 
the HDRS-17/YMRS: 
(Dominiak et al. 2022)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Emden 
et al. 
2021

ReMAP system—Ac-
tive ambulatory assess-
ment—single mood 
likert scale, single item 
sleep scale assessing 
self-report sleep time, 
voice sample—weekly. 
Passive ambulatory as-
sessment: step-count, 
GPS location, acceler-
ometer—continuous

12 months Active & 
passive

Digital 33.09% still had 
app installed 
at 12 months. 
Median 
duration of in-
stall—135 days 
(IQR: 111). 
Average rate of 
days on which 
a passive data 
event was sent 
was 73.40% 
(33.73%)

66.91% Correlation between 
smartphone based BDI 
and non-smartphone 
based BDI: (Golter-
mann et al. 2021)

 Stan-
islaus et 
al. 2020

Monsenso system—
Active ambula-
tory assessment: 
daily smartphone self 
monitoring items—
mood and activity 
level, HDRS-17 & YMRS 
every 3 days. Passive 
ambulatory assess-
ment: Objective smart-
phone data—phone 
usage, call/SMS logs, 
step count

Median 106 days 
(IQR: 48–204)

Active & 
passive

Digital 80% provid-
ed > 1 month 
of passive data

4.2% attrition in 
BD group

Associations between 
self-reported mood 
instability using 
Monsenso system in 
participants with BD, 
unaffected first-degree 
relatives, and HC: 
(Stanislaus et al. 2020)

 Lee et al. 
2022

eMoodChart system—
Active ambula-
tory assessment: self 
report daily mood 
and energy. Passive 
ambulatory assess-
ment: Fitbit measuring 
step-count, heart rate, 
sleep, ambient light 
(android online)

mean: 279.7 days 
(SD: 263.5), 
median: 505 days 
(range: 72–1515)

Active & 
passive

Digital 54.5% wore 
activity trackers 
for at least 
30 days

Not reported Performance evalua-
tion of a mood predic-
tion model: (Lee et al. 
2022)

 Born et 
al. 2014

NIMH Life Chart Meth-
odology—prospective 
—twice daily mood 
self-rating

Unclear—poten-
tially 3 years

Active Analogue Not reported Not reported Correlation between 
NIMH Life Chart 
Methodology-pro-
spective and validated 
mood measures: (Born 
et al. 2014)

 Lieber-
man et 
al. 2011

MoodChart—daily self 
report mood via email/
online, Social Rhythm 
Metric—activity level 
over the previous 
7 days

mean: 84 (range: 
42–90)

Active Digital Not reported Not reported Nil validation

 Kupka et 
al. 2005

NIMH Life Chart Meth-
odology—prospec-
tive — daily mood 
self-rating

1 year Active Analogue Not reported Not reported Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000). Relationship 
of LCM-p to CGI-BP: 
(Denicoff et al. 2002)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 O’Rourke 
et al. 
2021

Twice daily Bipolar 
Disorder Symptom 
Scale—time/GPS 
stamped

4 + months Active & 
passive

Digital 196 responses 
per participant 
(range: 3–543), 
over an 
average of 145 
consecutive 
days (range: 
2–435)

Not reported Associations between 
BD symptoms and 
PHQ-9: (O’Rourke et 
al. 2016). Associations 
between BDSx and self 
report/clinical assess-
ment of mood: Osher 
et al. 2019(Osher et al. 
2019)

 Tseng et 
al. 2022

Active ambulatory as-
sessment: daily mood, 
sleep duration. Weekly 
ASRM, DASS-21. 
Passive ambulatory as-
sessment: GPS location

number of days on 
which partici-
pants performed 
self-assessments—
mean: 94.25 days 
(median 52.5, 
range 2 to 398)

Active & 
passive

Digital 75% of 
participants 
performed self-
assessments 
over 3 months. 
Incomplete 
data over 
1 week: 35.87% 
of daily mood 
data, 47.45% of 
sleep duration 
data, 58.86% of 
GPS data. In-
complete data 
over 1 month: 
49.50% of daily 
mood data, 
65.38% of sleep 
duration data, 
77.19% of GPS 
data

25% of par-
ticipants did 
not perform 
self-assessments 
over 3 months

Associations between 
smartphone measured 
daily mood, sleep 
duration, GPS data and 
HDRS/ASRM: (Tseng et 
al. 2022). Associations 
(repeat-measures cor-
relations) among daily 
mood, sleep duration 
and GPS data over 
different time frames: 
(Tseng et al. 2022)

 Ebner-
Priemer 
et al. 
2020

MovisensXS system—
Active ambulatory 
assessment: self-report 
mood, sleep diary. 
Passive ambulatory 
assessment: call/text 
logs, GPS data, velocity, 
step-count

12 months Active & 
passive

Digital 97% at-
tendance at 
two weekly 
assessments, 
99% for passive 
ambulatory as-
sessment, 89% 
of daily self 
report mood/
sleep data

6.5% Standardized factor 
loadings of the 
latent psychopatho-
logical outcome for 
depression and mania: 
(Ebner-Priemer et al. 
2020)
Multilevel SEM model-
ling of one latent 
digital phenotype 
predictor for each 
domain (sleep, activity, 
communicativeness): 
(Ebner-Priemer et al. 
2020)
Latent digital pheno-
type predictors related 
to same‐day latent 
psychopathological 
outcomes: (Ebner-
Priemer et al. 2020)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Gideon 
et al. 
2016

PRIORI system—re-
cords speech made on 
telephone calls. Weekly 
HDRS, YMRS

6–12 months Active & 
passive

Digital 37 participants 
made 34,830 
calls over 
2,436 h

Not reported Mood classification 
results comparing 
speech parameters 
with HDRS/YMRS 
using various models 
(AUCs in bold denote 
results significantly 
better than baseline 
via paired t-test, p-
value: 0.05: (Gideon et 
al. 2016)

 Schnei-
der et al. 
2022

MINDPAX—actigraphy 
measuring sleep data

3 months Passive Digital BD: 71.4% sub-
mitted data for 
the duration of 
the study, HC: 
96.1% submit-
ted data for the 
duration of the 
study

28.6% attrition at 
3 months

Group differences 
in sleep variables 
between BD and HC: 
(Schneider et al. 2022)
Random forest clas-
sifier model results in 
participants whose 
data were not used 
during model training: 
(Schneider et al. 2022)

Scha-
rer et al. 
2015

PLC app—daily self 
report mood

18 months Active Digital Not reported Not reported Spearman’s rank cor-
relation coefficients 
comparing PLC daily 
self report mood and 
IDS-C/YMRS, in this 
study and other NIMH 
life chart studies: 
(Schärer et al. 2015)

 van den 
Heuvel et 
al. 2018

PHR-BD system—in-
cluding 9 modules 
covering: medical 
record, medication, 
treatment and medical 
passport, general 
information about BD, 
medical results/
reports, platform to 
send messages to 
appointed clinician, 
mood chart with daily 
self report mood, 
personal crisis plan

12 months Active Digital 88.9% utilised 
mood chart, 
66.7% utilised 
mood graph 
interface, 50% 
used crisis 
plan, messages 
module and 
medical/results 
module

41% at 
12 months

Nil validation of 
PHR-BD

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

Arribas et 
al. 2018

AMoSS study system—
Active ambula-
tory assessment: daily 
mood rating across 
categories of anxiety, 
elation, sadness, anger, 
irritability and energy 
using MoodZoom 
questionnaire, ASRM, 
QIDS-SR16, EQ-5D, 
GAD-7 assessed 
weekly. Ambulatory 
assessment: GPS, actig-
raphy, ambient light, 
call/SMS logs, heart 
rate via smartphone/
Fitbit/GENEActive 
accelerometer/Proteus 
patch (heart rate data 
only for one week)

3 months, with 
61 participants 
continuing for 
12 months

Active & 
passive

Digital 81.2% 53.1% at 
12 months

Accuracy and area 
under the ROC 
curve using pairs of 
diagnosis for classifica-
tion (rather than all 3 
groups): (Perez Arribas 
et al. 2018)
Accuracy of signature 
based model to 
predict subsequent 
mood score using 20 
consecutive observa-
tions: (Perez Arribas et 
al. 2018)

 Lewis et 
al. 2023

Bipolar Disorder Re-
search Network using 
True Colours: weekly 
ASRM/QIDS-16-SR

21 months Active Digital 73.5% of par-
ticipants had 
available/suf-
ficient data for 
21 month dura-
tion analysis

26.4% at 
21 months

ASRM/QIDS-SR16 are 
established mea-
sures—nil novel am-
bulatory assessment 
measures used

 McK-
night et 
al. 2017

OXTET-1 using True 
Colours—ASRM/QIDS-
SR-16 delivered via 
weekly SMS/email

27.5 ± 22.5 months 
(range: 1–81)

Active Digital 92.1%. Missing 
data ASRM: 
7.9% (IQR: 
0–4.1), QIDS-
SR-16: 7.8% 
(0–2.7)

19.1% attrition ASRM/QIDS-SR-16 are 
established mea-
sures—nil novel am-
bulatory assessment 
measures used

 Ortiz et 
al. 2023

E-monitoring 
system—Active am-
bulatory assessment: 
daily rating of mood, 
anxiety, energy level 
using e-VAS. Weekly: 
PHQ-9, ASRM. Passive 
ambulatory assess-
ment: Oura Health Oy 
3 d accelerometer/
hyroscope measuring 
activity, sleep, Infrared 
optical pulse measur-
ing heart rate, heart 
rate variability

229.4 days (± 12.4) Active & 
passive

Digital Daily e-VAS: 
74.6%, Weekly 
PHQ-9/ASRM: 
78.5%, Passive 
measures: 
79.5%

Not reported Sensitivity and speci-
ficity to detect sleep/
wake. Agreement with 
polysomnography to 
detect sleep phases: 
(Zambotti et al. 2019)

Ambulatory assessment protocols of randomised studies

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Bilder-
beck et 
al. 2016

QIDS-SR-16, ASRM—
administered weekly 
via TrueColours

12 months Active Digital Compliance/
adherence 
to weekly 
measures: Both 
groups: 73.65%, 
FIMM group: 
76.6% (SD 
22.9%), MIMM 
group: 70.7% 
(24.6%)

Total attri-
tion: 27% at 
12 months. Full 
relapse data 
over 12-month 
follow-up was 
available for 
73% of the 
participants

Nil validation of this 
particular protocol but 
– QIDS-SR-16 & ASRM 
validation more broad-
ly: (Rush et al. 2003; 
Altman et al. 1997)

 Castle et 
al. 2010

Weekly telephone calls 
– weekly for 12 weeks

12 weeks Active Analogue Not reported Total attri-
tion: 14% at 
12 months, 
Intervention 
group: 24%, 
Control group: 
5%

Nil validation of this 
ambulatory as-
sessment protocol 
– telephone mood 
monitoring/contact 
used as an interven-
tion not as an assess-
ment method

 Denicoff 
et al. 
2002

NIMH Life Chart Meth-
odology—prospec-
tive — daily mood 
self-rating

3 years Active Analogue Not reported Total attrition 
over 3 treatment 
phases: 44% at-
trition at 3 years

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

 Depp et 
al. 2012

NIMH Life Chart 
Methodology—pro-
spective — daily 
mood self-rating via 
paper and pen and via 
smartphone

3 months Active Analogue vs 
Digital

Mean observa-
tions in paper 
and pen chart-
ing 51.2, mean 
observations 
in smartphone 
charting 72.3

34% attrition at 
3 months

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

 Faurholt-
Jepsen et 
al. 2015

Daily smartphone self 
monitoring—mood, 
sleep duration, 
medication taken, 
activity, irritability, 
mixed mood, cognitive 
problems, alcohol 
consumption, stress, 
menstruation, indi-
vidualised EWS

6 months Active & 
Passive

Digital  > 93% of 
patients 
randomised 
to interven-
tion group self 
reported on a 
daily basis

Intervention 
group: 3% 
attrition over 
6 months, 
control group: 
3% attrition over 
6 months

Associations between 
active and passive 
smartphone data (in-
cluding self-reported 
mood) and estab-
lished scales: (Faurholt-
Jepsen et al. 2014)
Sensitivity, specificity, 
PPV, NPV and AUC 
data of objective 
smartphone data in 
distinguishing be-
tween people with BD 
and healthy controls: 
Faurholt-Jepsen et al. 
2022(Faurholt-Jepsen 
et al. 2019b)
Associations between 
daily active/pas-
sive self-reported/
monitored data and 
validated measures: 
Faurholt-Jepsen et al. 
2016(Faurholt-Jepsen 
et al. 2016b)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Faurholt-
Jepsen et 
al. 2019

Daily smartphone 
self monitoring 
items—mood, sleep 
duration, medication 
taken, activity, ir-
ritability, mixed mood, 
cognitive problems, 
alcohol consumption, 
stress, menstruation, 
individualised EWS, 
anxiety, self-defined 
personal param-
eters, free-text note. 
Objective smartphone 
data—phone usage, 
social activity, step 
count, GPS location

9 months Active & 
Passive

Digital Over 9 months 
patients in the 
intervention 
group adhered 
to the daily 
self-monitoring 
72.6% of the 
days

Intervention 
group: 7% attri-
tion at 9 months, 
control group: 
7% attrition at 
9 months

Associations between 
active and passive 
smartphone data 
(including self-
reported mood) and 
established scales: 
Faurholt-Jepsen et al. 
2014(Faurholt-Jepsen 
et al. 2014)
Sensitivity, specificity, 
PPV, NPV and AUC 
data of objective 
smartphone data in 
distinguishing be-
tween people with BD 
and healthy controls: 
Faurholt-Jepsen et al. 
2019(Faurholt-Jepsen 
et al. 2019b)
Associations between 
daily active/pas-
sive self-reported/
monitored data and 
validated measures: 
Faurholt-Jepsen et al. 
2016(Faurholt-Jepsen 
et al. 2016b)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Faurholt-
Jepsen et 
al. 2020

Daily smartphone 
self monitoring 
items—mood, sleep 
duration, medication 
taken, activity, ir-
ritability, mixed mood, 
cognitive problems, 
alcohol consumption, 
stress, menstruation, 
individualised EWS, 
anxiety, self-defined 
personal param-
eters, free-text note. 
Objective smartphone 
data—phone usage, 
social activity, step 
count, GPS location

6 months Active & 
Passive

Digital 80.6% adher-
ence to daily 
self-monitoring 
in intervention 
group over 
6 months

Total attri-
tion: 35% at 
6 months, Inter-
vention group: 
22%, Control 
group: 53%

Associations between 
active and passive 
smartphone data (in-
cluding self-reported 
mood) and estab-
lished scales: (Faurholt-
Jepsen et al. 2014)
Sensitivity, specificity, 
PPV, NPV and AUC 
data of objective 
smartphone data in 
distinguishing be-
tween people with BD 
and healthy controls: 
Faurholt-Jepsen et al. 
2019(Faurholt-Jepsen 
et al. 2019b)
Associations between 
daily active/pas-
sive self-reported/
monitored data and 
validated measures: 
Faurholt-Jepsen et al. 
2016(Faurholt-Jepsen 
et al. 2016b)
Comparison of 
sensitivity, specificity 
and AUC data in activ-
ity and mobility data 
between BD and UD: 
(Faurholt-Jepsen et al. 
2022)

 Gliddon 
et al. 
2019

Online mood-monitor-
ing via MoodSwings 
& MoodSwings-Plus 
websites

12 months Active Digital Control group: 
89% accessed 
discussion 
forum, Mood-
Swings group: 
86% accessed 
the modules, 
MoodSwings-
Plus: 74% 
accessed the 
tools

Total attri-
tion: 9% at 
12 months, Con-
trol group: 6%, 
MoodSwings 
group: 7%, 
MoodSwings-
Plus: 13%

Nil validation of 
this ambulatory 
assessment proto-
col – online mood 
monitoring used as an 
intervention not as an 
assessment method

 Gold-
berg et 
al. 2006

NIMH Life Chart Meth-
odology—daily mood 
self-rating

6.5 months Active Analogue Not reported  ~ 50% at-
trition at 
3 months, > 90% 
attrition at 
6.5 months

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

Table 1  (continued) 
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Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Gould-
ing et al. 
2023

Smartphone based self 
management interven-
tion—daily and weekly 
check-ins for weeks 
1–16. Daily—adher-
ence, sleep, duration, 
routine, wellness levels. 
Weekly—symptom 
severity scoring for 
all individual DSM-IV 
mood symptoms

4 months Active Digital The mean (SE) 
percentage of 
daily check-ins 
completed 
during weeks 1 
through 4 was 
78% (3%), 74% 
(3%), 71% (3%), 
and 64% (3%), 
respectively, 
66% (3%) dur-
ing week 6, and 
47% (4%) dur-
ing week 16

Intervention 
group: 15% attri-
tion at 4 months, 
Control group: 
15% attrition at 
4 months

Nil validation

 Lan-
gosch et 
al. 2008

NIMH Life Chart Meth-
odology—daily mood 
self-rating

12 months Active Analogue Not reported 55% attrition at 
12 months

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

 Lauder 
et al. 
2015

Online mood-monitor-
ing via MoodSwings & 
MoodSwings-Plus

12 months Active Digital 48% com-
pleted all 5 
MoodSwings 
modules, 86.2% 
completed 
at least 2 
modules, 75.4% 
completed at 
least 3 modules

Total attri-
tion: 81% at 
12 months, 
Intervention 
group: 83%, 
Control group: 
78%

Nil validation of 
this ambulatory 
assessment proto-
col – online mood 
monitoring used as an 
intervention not as an 
assessment method

 Leverich 
et al. 
2006

NIMH Life Chart Meth-
odology—daily mood 
self-rating

12 months Active Analogue Not reported Not reported Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

 Lieber-
man et 
al. 2010

NIMH Life Chart Meth-
odology—prospec-
tive — daily mood 
self-rating/online Life 
Chart adaptation

3 months Active Analogue vs 
Digital

Online group 
rated 44.3 days, 
standard group 
rated 20.4 days. 
Online group 
entered com-
plete data on 
55.2% of days 
compared to 
the standard 
group of 27.7% 
of days

Total attrition: 
46% attrition at 
3 months, paper 
chart: 68% attri-
tion at 3 months, 
online chart: 
22% attrition at 
3 months

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

 Pahwa et 
al. 2024

KIOS app—self report 
assessment of 8 differ-
ent symptoms e.g. sad-
ness/pessimism and 
delivery of guidance in 
relation to symptom 
change
eMoods app – self 
report mood and 
symptoms diary track-
ing daily outlook, mo-
tivation, habits, sleep, 
medications etc

53 weeks Active Digital KIOS: 84.4%, 
eMoods: 54%

KIOS: 12.30%, 
eMoods: 26.31% 
at 52 weeks

Nil validation of 
this ambulatory 
assessment proto-
col – online mood 
monitoring used as an 
intervention not as an 
assessment method

Table 1  (continued) 
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Rhythm Metric (Lieberman et al. 2011), Bipolar Disorder 
Symptom Scale (O’Rourke and Sixsmith 2021), unspeci-
fied ambulatory assessment smartphone application 
(Tseng et al. 2022), MovisensXS (Ebner-Priemer et al. 
2020), PRIORI (Gideon et al. 2016), MINDPAX (Schnei-
der et al. 2022), PLC (Schärer et al. 2015), PHR-BD (Heu-
vel et al. 2018), AMoSS (Perez Arribas et al. 2018), True 
Colours (Lewis et al. 2023; McKnight et al. 2017) and 
e-monitoring system (Ortiz et al. 2023).

17 of these ambulatory assessment procedures involved 
daily charting (SIMPLe (Hidalgo-Mazzei et al. 2016, 
2018; Garcia-Estela et al. 2022), ChronoRecord (Bauer et 
al. 2023), RoQua (Bos et al. 2022), BDmon (Dominiak et 
al. 2022), ReMAP (Emden et al. 2021), Monsesnso (Stan-
islaus et al. 2020), eMoodChart (Lee et al. 2022), NIMH 

Life Chart Methodology (Born et al. 2014; Kupka et al. 
2005), MoodChart (Lee et al. 2022), Bipolar Disorder 
Symptom Scale (O’Rourke and Sixsmith 2021), unspeci-
fied smartphone application (Tseng et al. 2022), Movisen-
sXS (Ebner-Priemer et al. 2020), PRIORI (Gideon et al. 
2016), MINDPAX (Schneider et al. 2022), PLC (Schärer 
et al. 2015), PHR-BD (Heuvel et al. 2018), AMoSS (Perez 
Arribas et al. 2018)) while 3 involved weekly charting 
(ASERT (Anýž et al. 2021), KIOS (Bowden et al. 2021b), 
True Colours (Lewis et al. 2023; McKnight et al. 2017)). 
Passive ambulatory assessment was used by: BDmon 
(Dominiak et al. 2022), ReMAP (Emden et al. 2021), 
Monsenso (Stanislaus et al. 2020), eMoodChart (Lee et 
al. 2022), Bipolar Disorder Symptom Scale (O’Rourke 
and Sixsmith 2021), unspecified ambulatory assessment 

Ambulatory assessment protocols for non-randomised studies
Study Ambulatory as-

sessment/Mood 
tracking procedure

Ambula-
tory assessment 
duration

Active or 
passive 
Ambulatory 
assessment

Analogue 
or digital 
ambulatory 
assessment

Adherence to 
ambulatory 
assessment

Study attrition Validity of ambula-
tory assessment 
measure/psycho-
metric properties

 Petzold 
et al. 
2019

ChronoRecord—daily 
mood, sleep, life 
events, menstrual data, 
psychiatric medication, 
weekly—weight

12.5 months Active Digital Not reported Total: 54.8% 
over 2 years, 
Intervention 
group: 51% attri-
tion over 2 years, 
Control group: 
59% attrition 
over 2 years

Concurrent validity of 
analogue ChronoRe-
cord & validated mea-
sures of mood and 
functioning: (Bauer et 
al. 2004)
Concurrent validity of 
electronic Chrono-
Record & validated 
measures of mood 
and functioning: 
(Whybrow et al. 2003)
Concurrent validity of 
electronic ChronoRe-
cord & validated mea-
sures of mood and 
functioning: (Bauer et 
al. 2008)

 van den 
Berg et 
al. 2023

NIMH Life Chart Meth-
odology—daily mood 
and anxiety self-rating

4 months Active Digital Not reported Total attri-
tion: 18% at 
4 months, 
Intervention 
group: 16% at 
4 months, Con-
trol group: 20% 
at 4 months

Prospective NIMH-
Life-Chart Method 
validation: (Denicoff et 
al. 2000)

ALS-18 – Affect Lability Score Short Version, AMoSS – Automated Monitoring of Symptoms Severity, ASERT – Aktibipo Self-rating Questionnaire, ASRM – Altman 
Self-Rated Mania Scale/Altman Self Rating Mania Scale, AUC – Area Under Curve, BAI – Beck Anxiety Inventory, BAS – Behavioural Activation Scale, BDI – Beck 
Depression Inventory, BD – Bipolar Disorder, BHS – Beck Hopelessness Scale, CGI-BP – Clinical Global Impressions – Bipolar Scale, CI – Confidence Interval, DASS-21 – 
Depression, Anxiety and Stress Scale 21 item, DSM-5 – Diagnostic and Statistical Manual of Mental Disorders 5th edition, EMA – Ecological Momentary Assessment, 
FAST – Functional Assessment Short Test, GAD-7 – General Anxiety Disorder-7, GPS – Global Positioning System, GSE – General Self-Efficacy Scale, HAM-D – Hamilton 
Depression Rating Scale, HC – Healthy Controls, HDRS-17 – Hamilton Depression Rating Scale 17 item, HDRS6–6 item Hamilton Depression Rating Scale, HLOC – 
Health Locus of Control Scale, IDS – Inventory of Depressive Symptomatology, IDS-C – Inventory of Depressive Symptomatology Clinician Rated, IQR – Inter-Quartile 
Range, Life-Rift – Level of general functioning and coping: Longitudinal Interval Follow up Evaluation, MARS – Medication Adherence Rating Scale, NIMH – National 
Institute of Mental Health, NOS – Not Otherwise Specified, PHQ-9 – Patient Health Questionnaire 9 item, PHR-BD – Personal Health Record for Bipolar Disorder, PICS 
– Perceived Involvement in Care Scales, PLC – Personal Life Chart App, PSWQ – Penn State Worry Questionnaire, PSS – Perceived Stress Scale, QIDS – Quick Inventory 
of Depressive Symptomatology, QIDS-SR16 – Quick Inventory of Depressive Symptomatology-Self Report-16, RBANS – Repeatable Battery for the Assessment of 
Neuropsychological Status, ReMAP – Remote Monitoring in Psychiatry, ROC – Receiver Operating Characteristic, RRS – Ruminitive Response Scale, SCID – Structured 
Clinical Interview for DSM-IV, VAS – Visual Analogue Scale, VSS-A – Verona Satisfaction Scale-Affective Disorder, WHOQoL-BREF – World Health Organisation Quality 
of Life Scale, YMRS – Young Mania Rating Scale

Table 1  (continued) 
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smartphone application (Tseng et al. 2022), Movisen-
sXS (Ebner-Priemer et al. 2020), PRIORI (Gideon et al. 
2016), MINDPAX (Schneider et al. 2022), AMoSS (Perez 
Arribas et al. 2018), e-monitoring system (Ortiz et al. 
2023) all of which combined active and passive ambula-
tory assessment apart from MINDPAX (Schneider et al. 
2022) which just used passive ambulatory assessment via 
actigraphy. ASERT (Anýž et al. 2021), SIMPLe (Hidalgo-
Mazzei et al. 2016, 2018; Garcia-Estela et al. 2022), Chro-
noRecord (Bauer et al. 2023), RoQua (Bos et al. 2022), 
KIOS (Bowden et al. 2021b), NIMH Life Chart Method-
ology (Born et al. 2014; Kupka et al. 2005), Social Rhythm 
Metric (Lieberman et al. 2011), PLC (Schärer et al. 2015), 
PHR-BD (Heuvel et al. 2018), True Colours (Lewis et 
al. 2023; McKnight et al. 2017) used active ambulatory 
assessment alone.

Only the NIMH Life Chart studies (Born et al. 2014; 
Kupka et al. 2005) used analogue methods of assess-
ment with the rest using digital methods. The follow 
up of included studies ranged from 3 months (Hidalgo-
Mazzei et al. 2016; Lieberman et al. 2011; Schneider et al. 
2022; Perez Arribas et al. 2018; Bowden et al. 2021b) to 
2 + years (McKnight et al. 2017).

Ambulatory assessment protocols of randomised studies
17 trials (Bilderbeck et al. 2016; Denicoff et al. 2002; 
Faurholt-Jepsen et al. 2015, 2020, 2021; Lauder et al. 
2015; Gliddon et al. 2019; Castle et al. 2010; Goulding et 
al. 2023; Petzold et al. 2019; Berg et al. 2023; Goldberg 
et al. 2008; Langosch et al. 2008; Lieberman et al. 2010; 
Depp et al. 2012; Leverich et al. 2006; Pahwa et al. 2024) 
used 9 different ambulatory assessment/mood track-
ing procedures. These were: TrueColours (Bilderbeck et 
al. 2016), NIMH Life Chart Methodology – prospective 
(we only included prospective life chart studies rather 
than retrospective ones (Leverich et al. 2006; Ellison et 
al. 2020)), the MONARCA/Monsenseo system, Livewell, 
MoodSwings (Lauder et al. 2015; Gliddon et al. 2019), 
telephone calls (Castle et al. 2010), ChronoRecord (Pet-
zold et al. 2019), KIOS (Pahwa et al. 2024) and eMoods 
(Pahwa et al. 2024). Only the NIMH Life Chart studies 
used ambulatory assessment as their primary outcome, 
with the others using more standardized infrequent 
assessments of mood e.g. MADRS, YMRS. Most of these 
ambulatory assessment procedures involved daily chart-
ing (NIMH LC, MONARCA/Monsenseo/Livewell/Chro-
noRecord, MoodSwings, KIOS, eMoods), apart from 
TrueColours and Castle et al. 2010 which utilized weekly 
assessments.

Only the MONARCA/Monsenseo system explored the 
impact of passive data capture in a formal randomized 
trial where the system was deployed as an intervention 
with clinical monitoring and subsequent feedback to the 
participant. This is obviously different to using passive 

monitoring as a method of assessment, despite validation 
of the measures. The NIMH life chart method and tele-
phone calls in Castle et al. 2010 were the only analogue 
methods examined. The NIMH life chart method was 
also compared against a digital version. The follow up of 
included studies ranged from 3 months (Berg et al. 2023) 
to 3 years (Denicoff et al. 2002).

Risk of bias assessments
The methodological quality of these non-randomised 
studies was variable but most were considered of low-
moderate risk of bias (Supplementary Table 4).

Performance
We included 462 correlation coefficients and 25 con-
fusion matrices (Supplementary Tables 2 & 3). 318 of 
these statistics compared active ambulatory assessment 
vs established measures, 74 compared passive ambula-
tory assessment vs another type of passive ambulatory 
assessment, 66 compared active ambulatory assessment 
with passive ambulatory assessment, 23 compared active 
ambulatory assessment via another type of active ambu-
latory assessment and 6 compared passive ambulatory 
assessment with established measures. There were 487 
different smartphone-based measures of mood, function-
ing, sleep, quality of life, diagnosis and physical activity 
(Supplementary Tables 2 & 3). A robust evaluation of 
performance was not possible as no study measured the 
same parameters in a similar enough way to be able to 
conduct a meaningful meta-analysis. 11 out of 42 studies 
did not report a validation study.

Correlation coefficients ranged from −0.84 to 0.97. 
The mean correlation coefficient for active ambulatory 
assessment vs established measures was 0.22 (SD: 0.38, 
range −0.84 to −0.97), for passive ambulatory assess-
ment measures vs established measures it was −0.07 (SD: 
0.10, range: −0.21 to 0.05). For active ambulatory assess-
ment vs established measures there were 33 strong, 127 
moderate and 147 weak correlation coefficients. For pas-
sive ambulatory assessment versus established measures 
there were 6 weak correlation coefficients. For active 
ambulatory assessment measures vs passive ambulatory 
assessment measures there was 1 strong, 21 moderate 
and 42 weak correlation coefficients.

The active ambulatory assessment items that per-
formed well were often smartphone delivered self-report 
questionnaires that were similar to the established mea-
sure (e.g. ‘REMAP BDI vs non-smartphone based BDI’), 
or single item mood questions e.g. ‘NIMH Life chart 
method’. None of the passive ambulatory assessment 
items had good performance when compared to exist-
ing measures and there was a paucity of data for this 
variable. The only passive ambulatory assessment item 
that had good performance when compared with active 
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ambulatory assessment was ‘Week-to-week repeat mea-
sures correlations between Total daily distance of move-
ment Time 1/Total daily distance of movement Time 2’ 
(Tseng et al. 2022) – although it is possible that this item 
could also have poor performance when compared to an 
established measure. These two measures may have cor-
related well as they are both measuring the same con-
struct – daily distance, or alternatively differences in 
daily distance between two time points may actually be 
a better measure of mood than comparing daily distance 
versus sleep duration or self-reported mood (which had 
weak correlations). As the daily mood measure used a 
combination of the ASRM, YMRS, HAM-D and DAS-21 
– all of which are established measures of mood – it is 
surprising that this did not correlate with daily distance 
– and suggests that the moderate strength of the corre-
lation reported here between the two time points of the 
distance measure is more related to measurement simi-
larity rather than true performance. The study does not 
specify if these were pre-specified analyses or post-hoc 
observations but as the study only analysed three metrics 
(daily distance, sleep duration, daily mood) it is reason-
able to assume these analyses were pre-specified.

Discussion
This systematic review highlights large heterogeneity in 
ambulatory assessment protocols for bipolar disorder 
which prevents substantial conclusions on their perfor-
mance and comparative utility. We also highlight the pau-
city of validation studies investigating passive ambulatory 
assessment for people with bipolar disorder, particularly 
when compared to ambulatory assessment protocols in 
depression which appear more advanced (Wright 2025a). 
Despite the promise of ambulatory assessment in pro-
viding less subjective behavioural mood measurement 
methods (via things such as phone usage, GPS location, 
heart rate) the evidence summarised here lacks sufficient 
methodological consistency to support its widespread 
implementation in people with bipolar disorder. More 
consistency in the measurement and reporting of these 
statistics is necessary to understand these measures and 
replicate their findings robustly.

This is the first systematic review of the performance of 
active and passive ambulatory assessment in people with 
bipolar disorder. Despite extracting 462 correlation coef-
ficients from validation studies, our primary finding was 
that it was not possible to aggregate performance data 
in a robust and meaningful way. This was because of the 
substantial heterogeneity in measures, which reported a 
wide variety of correlation coefficients (e.g., Spearman’s, 
Pearson’s, weighted group level correlation coefficient, 
intraclass correlation coefficient etc.) and were derived 
from diverse data types (e.g., GPS location, SMS logs, call 
logs, heart rate) collected over wide ranging time periods 

(weekly, daily, or continuous) and in substantially differ-
ent populations (community, inpatient environments) 
drawn from different countries. Some studies reported 
aggregate scores, while others relied on individual items. 
A consensus framework for evaluating ambulatory 
assessment performance—with standardised timepoints, 
outcome metrics, and analysis methods—would support 
more rigorous comparisons. The establishment of core 
outcome sets would also facilitate cross-study and cross-
population comparability. Currently, there are no estab-
lished mental health guidelines for reporting ambulatory 
assessment performance, and developing these stan-
dards would require consensus among experts on design, 
methodology and reporting e.g. statistical considerations. 
Existing guidelines do not address this key gap (Research 
WO 2025). In our view, validation of digital measures 
should be included within the main trial or cohort publi-
cation. Without this, the reliability of the findings cannot 
be confirmed, and it remains impossible to pool results 
in a meta-analysis to draw broader conclusions about 
ambulatory assessment performance. Furthermore, our 
results raise further questions around the appropriate-
ness of validating new measures against established self-
report measures which themselves have known flaws 
(Guo et al. 2017).

Despite not conducting a meta-analysis, we did observe 
some patterns in the overall data. The vast majority of 
validation work was assessing active ambulatory assess-
ment against established measures and yet the results 
for this were mixed with 48% of these demonstrating 
weak performance. There were very few comparisons 
of passive ambulatory assessment, particularly against 
established self-report measures. Passive ambulatory 
assessment is poorly developed and validated against 
established measures of mood. We were not able to 
determine if single item passive digital measures e.g. 
heart rate performed less well than aggregate measures 
(e.g. incorporating multiple data types across multiple 
sensors). Single item measures of mood or simply digi-
tal versions of established self-report scales generally had 
the best performance against established mood measures 
and these appeared ready for clinical/research utilisation, 
but the vast majority of measures did not demonstrate 
sufficient performance for established use.

The central issue of whether these advanced digital 
measures have good performance in measuring mood or 
not remains unsolved. Answering this question is criti-
cal for subsequent implementation in research and clini-
cal services as good performance will lead to trust in a 
metric that then allows people with BD and clinicians to 
make key decisions for their illness and recovery planning 
as well as accurately measure mood in research (Wright 
et al. 2025b). How to ensure ambulatory assessment is 
clinically useful/useful for research/implemented well 
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alongside people with BD is explored extensively in our 
other research underpinning this review (Wright et al. 
2025b) which highlights the importance of performance 
– which does not have to be perfect, but sufficiently right 
to create trust in the metric and promote insight or to 
be comparable to existing research measures (Wright 
et al. 2024). Advances in technology have enabled the 
tracking of complex behaviour such as step count and 
voice, creating a rapidly evolving field that often relies on 
sophisticated statistical methods to evaluate these tools. 
Unfortunately, many of the validation studies were not 
published in the primary trial or cohort reports, making 
them difficult to locate—often necessitating direct com-
munication with study authors to obtain the necessary 
data. Many of the studies we included in this review did 
not report any validation of their measures. It is recom-
mended that researchers validate any new or untested 
measures against established self-report measures to 
benchmark these. There are known limitations to self-
report measures and standardised clinical assessment 
may be a more reliable gold standard. Furthermore, 
people with BD want multiple methods of assessing and 
tracking their symptoms and so a diversity of measures is 
important (Wright 2024). Using both active and passive 
ambulatory assessment approaches in parallel may also 
help to better evaluate and compare the performance of 
each method.

This review incorporates studies which use ambula-
tory assessment in a wide variety of ways, some of which 
may affect the performance of the ambulatory assess-
ment – although performance was sometimes (but not 
always) assessed in smaller separate studies that often 
differed from the main study in important ways – e.g. 
smaller follow up periods and in the case of ambulatory 
assessment used as a research outcome – excluding any 
additional interventional elements. Thus there are mul-
tiple factors which may impact the performance of the 
ambulatory assessment protocol e.g. adherence, attrition, 
adverse events, user experience, effectiveness of ambu-
latory assessment in changing mood, all of which are 
also important to consider and because of the wealth of 
data for each of these factors we have published them as 
separate reviews (Wright et al. 2025b, 2025c; Aw 2025a, 
2025b). All of these factors affect clinical/research util-
ity and must be considered in depth individually. It is 
important to note that while this review focusses on 
performance, these other factors (e.g. user experience, 
or improve adherence/attrition) may affect and compen-
sate for sub-optimal psychometric properties. We hoped 
to assess some of these factors quantitatively via sub-
group analysis to assess if these affected performance but 
unfortunately this was not possible due to the aforemen-
tioned limitations in the data, but was possible in some 
of the reviews highlighted above. These questions remain 

crucial for future research and implementation of these 
protocols.

We found 476 different smartphone-based measures 
although there was a degree of overlap between some 
measures. The vast majority of these were evaluating 
active ambulatory assessment measures which are gen-
erally much less complicated and nuanced measures 
that require less statistical processing to use. Many more 
measures reported non-correlation coefficient statistics 
that we did not report here. This paper highlights the key 
questions that remain in the field of ambulatory assess-
ment and bipolar disorder – how passive ambulatory 
assessment measures will perform against established 
measures, and how to optimally combine these numer-
ous smartphone-based measures of activity and mobility 
available to accurately predict mood on both an indi-
vidual and population level. Ensuring these measures 
have clinical meaning should be a major focus for future 
research. It is likely that some passive measures will be 
much better indicators of either depression or mania and 
there is likely to be a wide variability in this performance. 
Some of this is observed in Supplementary Table 2. The 
research required to answer some of these questions will 
likely involve large sample sizes, which are necessary to 
capture the large variability in human behaviour both in 
normal and abnormal mental functioning (Torous et al. 
2020; Matcham et al. 2019). Performance is key for future 
development and once singular items are discovered with 
high degrees of performance, or combined with other 
metrics to produce good performance, this can be trans-
lated into meaningful clinically relevant metrics to use as 
a treatment outcome in RCTs or as novel mood-monitor-
ing based interventions, for example.

This paper focused on the performance of active ambu-
latory assessment measures and these require certain 
considerations when evaluating them. As they are iso-
lated measurements rather than continuous observa-
tions (like, for example, heart rate variability over one 
week) they do not take into account real time variability. 
For example it is important to acknowledge the diurnal 
variation in bipolar disorder (e.g. bipolar depression can 
display positive mood variation – worse mood on wak-
ing with improved mood in the evening) (Carr et al. 
2018) and thus ambulatory assessment should ideally be 
administered at the same time each day.

This paper has several strengths and limitations. We 
focused on studies that employed ambulatory assess-
ment at least weekly over a minimum duration of three 
months. Although the choice of a three-month follow-up 
is somewhat arbitrary, we believe it is necessary to evalu-
ate mood patterns and usability in a way that is clinically 
meaningful. Numerous studies explored both active and 
passive ambulatory assessment validation through cross-
sectional designs with shorter follow-up periods, but 
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these were excluded as they fall outside the scope of this 
review and are less applicable to real-world clinical prac-
tice. By selecting studies with follow-up periods relevant 
to clinical settings, we aimed to draw conclusions about 
ambulatory assessment approaches that could realisti-
cally impact current mental health trial methodologies. 
Our search strategy followed Cochrane guidelines and 
was comprehensive, but the variability in terminology 
used by authors means that some relevant studies may 
have been overlooked. Nonetheless, we believe the num-
ber of missed studies is minimal, as we also conducted 
reference checks, consulted field experts, and used a 
broad search strategy that likely captured more relevant 
literature than prior reviews (Dubad et al. 2018; Watt 
et al. 2020; Ameringen et al. 2017). Significant hetero-
geneity was observed across studies in how ambulatory 
assessment was applied, the interventions used, and the 
basis for validation or association, which limited our abil-
ity to synthesize performance outcomes through meta-
analysis. Still, this variability is itself a valuable finding, 
highlighting the need for greater consistency in future 
research to enhance clinical relevance. Additionally, most 
studies faced risk of bias issues related to lack of blinding 
in ambulatory assessment or intervention procedures—
an ongoing challenge in psychological research where full 
blinding is often not feasible. Furthermore, many of the 
included studies reported high attrition/low adherence 
rates and we discuss this comprehensively elsewhere in a 
separate paper of similar studies currently under review 
(Aw 2025a). As some of the validation studies quantify-
ing performance were separate studies there are limits 
to how much the concerning attrition/adherence rates 
affected the performance metrics documented here.

This review highlights the need for greater standardi-
sation in ambulatory assessment methodologies to 
enable widespread implementation of these emerging 
behavioural measures. Although ambulatory assess-
ment offers a more adaptable and efficient approach to 
monitoring mood and mental states, current protocols 
are often poorly developed, validated and show marked 
inconsistency in methods and outcome reporting. The 
wide variation in ambulatory assessment protocols across 
studies makes it difficult to compare performance reli-
ably, which hinders the practical application of these 
tools in bipolar disorder. At present, it remains unclear 
whether passive ambulatory assessment truly offers a less 
subjective approach to mood assessment. We therefore 
call for improved standardisation in how performance is 
measured and reported. Future studies should focus on 
developing clear reporting frameworks and standardised 
protocols, which would facilitate the replication of 
results and enable more robust comparisons—ultimately 
advancing the use of ambulatory assessment as a valuable 
research tool in bipolar disorder.
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