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Abstract 

Background: Until recently, actigraphy studies in bipolar disorders focused on sleep rather than daytime activity 
in mania or depression, and have failed to analyse mixed episodes separately. Furthermore, even those studies that 
assessed activity parameters reported only mean levels rather than complexity or predictability of activity. We identi‑
fied cases presenting in one of three acute phases of bipolar disorder and examined whether the application of non‑
linear dynamic models to the description of objectively measured activity can be used to predict case classification.

Methods: The sample comprised 34 adults who were hospitalized with an acute episode of mania (n = 16), bipolar 
depression (n = 12), or a mixed state (n = 6), who agreed to wear an actiwatch for a continuous period of 24 h. Mean 
level, variability, regularity, entropy, and predictability of activity were recorded for a defined 64‑min active morning 
and active evening period. Discriminant function analysis was used to determine the combination of variables that 
best classified cases based on phase of illness.

Results: The model identified two discriminant functions: the first was statistically significant and correlated with 
intra‑individual fluctuation in activity and regularity of activity (sample entropy) in the active morning period; the 
second correlated with several measures of activity from the evening period (e.g. Fourier analysis, autocorrelation, 
sample entropy). A classification table generated from both functions correctly classified 79% of all cases based on 
phase of illness (χ2 = 36.21; df 4; p = 0.001). However, 42% of bipolar depression cases were misclassified as being in 
manic phase.

Conclusions: The findings should be treated with caution as this was a small‑scale pilot study and we did not control 
for prescribed treatments, medication adherence, etc. However, the insights gained should encourage more wide‑
spread adoption of statistical approaches to the classification of cases alongside the application of more sophisticated 
modelling of activity patterns. The difficulty of accurately classifying cases of bipolar depression requires further 
research, as it is unclear whether the lower prediction rate reflects weaknesses in a model based only on actigraphy 
data, or if it reflects clinical reality i.e. the possibility that there may be more than one subtype of bipolar depression.
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Background
The new edition of the Diagnostic and Statistical Manual 
(DSM-5) identifies increased activity and energy along-
side mood change as cardinal symptoms of (hypo)mania 
(American Psychiatric Association 2013). Actigraphy has 
well-established validity in the objective measurement 
of motor activity (Ancoli-Israel et al. 2015), however, its 
use in research in bipolar disorders (BD) has primar-
ily focused on the analysis of sleep patterns [for reviews 
see: Geoffroy et al. (2015); Ng et al. (2015); De Crescenzo 
et  al. (2016); Scott et  al. (2016a)]. When actigraphy is 
used to examine sleep-wake cycles or 24-h rest-activity 
patterns in community or outpatient samples, differ-
ences emerge not only between BD cases and comparator 
groups [including healthy controls or unipolar depres-
sion (UP), etc.], but also between BD cases and their non-
BD relatives, between depression cases with or without a 
family history of BD, and between euthymic, depressive, 
and mania phases of BD (Harvey et al. 2005; Jones et al. 
2005; St-Amand et  al. 2013; Salvatore et  al. 2008; Indic 
et al. 2011; Scott 2011; Faurholt-Jepsen et al. 2012; Robil-
lard et al. 2013; Gonzalez et al. 2014; Janney et al. 2014; 
McGlinchey et al. 2014; McKenna et al. 2014; Merikangas 
et al. 2014; Pagani et al. 2016; Gershon et al. 2016; Grier-
son et al. 2016; Scott et al. 2016b). Most, but not all, out-
patient and inpatient studies of actigraphy suggest that, 
compared to euthymia or inter-episode states, BDep is 
more likely to be characterized by lower mean levels of 
activity, more variability, or a delay in the sleep-wake 
cycle; in contrast, mania typically shows reduced rhyth-
micity or regularity (such as reduced difference in the 
activity levels during the day versus the night) and less 
predictable patterns of activity (Kupfer et al. 1974; Weiss 
et al. 1974; Wehr et al. 1980; Salvatore et al. 2008; Robil-
lard et al. 2013; Gonzalez et al. 2014; Krane-Gartiser et al. 
2014; Gershon et al. 2016). However, findings are incon-
sistent and, in a recent systematic review, Scott et  al. 
(2016a) noted that it was difficult to evaluate patterns 
of activity across all phases of BD for four main reasons. 
First, there is virtually no actigraphic data available on 
activity patterns in mixed states. Indeed, the only study 
to include these cases to date (Salvatore et al. 2014), did 
not specify the number of cases meeting the criteria for 
a mixed state, and did not analyse data on mixed states 
separately from mania. Second, few objective studies of 
BD report measures of activity beyond the mean level 
over 24  h, and this was especially true for BDep where 
constructs that reflect ‘non-uniform’ patterns of activ-
ity are under-explored (Gershon et  al. 2016). Third, the 
use of non-linear mathematical models to explore the 
regularity, predictability, or complexity of activity pat-
terns is limited (Salvatore et  al. 2008; Indic et  al. 2011; 

Gonzalez et al. 2014; Merikangas et al. 2014; Pagani et al. 
2016; Gershon et al. 2016; Grierson et al. 2016; Scott et al. 
2016b) and only Krane-Gartiser et al. (2014, 2015, 2016) 
have used such approaches with inpatient samples that 
comprised cases with mood disorders only. Fourth, we 
lack insights into whether specific combination of activ-
ity measures may classify different phases of BD and only 
one study to date (of paediatric BD vs. attention deficit 
hyperactivity disorder) has attempted to explore whether 
combinations of rest-activity variables can be used to dis-
criminate between diagnostic groups (Faedda et al. 2016).

The relatively slow uptake of non-linear mathematical 
models in BD research is disappointing, as they are well-
established in general medicine and have been critical to 
the development of a more sophisticated understanding 
of the nature of system dynamics than can be achieved 
by traditional approaches alone (Goncalves et  al. 2015). 
For example, in cardiology, these approaches have ena-
bled clinicians and researchers to build a more complete 
picture of the nature of heart rate variability and its con-
sequences. The limited use of statistical approaches to 
classification is more understandable, as most clinical 
studies of actigraphy in BD are based on modest samples, 
which can limit the utility of techniques such as machine 
learning (Orru et  al. 2012). However, other approaches 
have been used to subclassify cases in psychiatry in rela-
tively small samples. For example, discriminant function 
analysis (DFA) has been applied to determine whether 
neurocognitive profiles can be used to categorize cases 
such as schizophrenia, schizoaffective disorder, or BD 
(van Rheenen et al. 2016), and to identify which compo-
nents of a multi-assay biological test could be used in a 
screening procedure for mood disorders (Yamamori et al. 
2016).

The current pilot study represents a first attempt to 
begin to address the identified gaps in our knowledge 
about activity patterns across BDep, mania, and mixed 
episodes. We extracted data on actigraphy parameters 
that reflected mean levels, variability, regularity, and pre-
dictability of activity at different times of day (morning 
and evening) and used DFA to explore if any combina-
tions of these activity measures can be used to classify 
BD cases based on phase of illness. We emphasize that 
the goal of this paper was to explore the viability of using 
this approach to classify alongside non-linear models 
as, to our knowledge, this is the first time DFA has been 
used for actigraphy measures. This ‘proof of principle’ 
study represents an important initial step in determining 
whether the selected measures of activity and the ana-
lytic strategy proposed could be applied to larger datasets 
(obtained from a single large-scale study or pooled data 
from several independent studies).
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Methods
The study procedures have been described in detail else-
where (Krane-Gartiser et  al. 2014, 2015), so we briefly 
summarize the key elements.

Sample
With ethical approval, adults with BD who were admit-
ted as psychiatric inpatients to St. Olav’s University Hos-
pital (in Trondheim, Norway), and who were willing and 
able to give written informed consent to participate in 
research, were invited to take part in an assessment of 
sleep-wake activity patterns recorded consecutively for 
24 h during the earliest stage of their admission (usually 
between day one and three following hospitalization).

Thirty-four patients aged >18 years had (1) actigraphy 
data available on the six selected activity parameters and 
(2) a BD diagnosis that met ICD-10 ‘Criteria for research’: 
16 were manic (F31.1–F31.2), 12 had BDep (F31.3–
F31.5), and six had a mixed episode (F 31.6).

Actigraphy
Recordings of motor activity
All recordings began during daytime hours (mean 12:41 
PM; SD 2.55  h), and activity counts were recorded for 
one minute intervals using a wrist-worn actigraph (Acti-
watch, Philips Respironics, Murrysville, USA). The aver-
age duration of continuous actigraphic recording was 
22 h.

For each case, we selected actigraphy data recorded 
between 6  a.m. to midnight and separated this period 
into morning and evening epochs. Morning epochs were 
defined to occur between 6 a.m. and 3 p.m., and evening 
epochs between 3 p.m. and midnight. Next, we searched 
each recording for periods of continuous motor activ-
ity in the morning and evening of 64-min duration. This 
timeframe was chosen to comply with the Fourier anal-
ysis (see later), which requires sequence lengths to be 
potencies of two (32, 64, 128, etc.). The active morning 
period was searched from the start of the series, and the 
active evening period from the end of the series. For each 
participant, we selected the first period of 64  min not 
containing more than two consecutive minutes of zero 
activity counts (if there was no such period, we searched 
for sequences with no more than 3 consecutive minutes 
with zero activity, etc.) (Hauge et al. 2011).

Activity parameters
From the activity counts (measured as counts per min-
ute) in the actigraph software programme (Actiware, 
version 5.70.1), we calculated the following parameters 
for the 64-min continuous active morning and evening 
periods:

a) mean activity count per minute.
b) intra-individual fluctuations in activity measured 

using the standard deviation (SD) for each time 
series.

c) variability in the time series using the root mean 
squares of successive differences (RMSSD), which 
describes the difference in successive activity counts 
from minute to minute.

d) Autocorrelation (at lag 1), which is a mathemati-
cal tool that helps to expose repeating patterns (e.g. 
rain today may predict it will rain tomorrow, etc.). An 
autocorrelation function refers to the correlation of a 
time series with its own past and future values. The 
autocorrelation at lag 1 is the correlation of this time 
series with itself lagged minute to minute. Values 
closer to one indicate a stronger correlation.

e) Sample entropy was used as a non-linear measure of 
the degree of regularity (complexity) of a time series 
and was estimated using software that is available 
online (Physio Toolkit; http://www.physionet.org). 
This measure of complexity was selected as it can be 
employed with comparatively short time series and is 
robust regarding outliers (Krane-Gartiser et al. 2014). 
For the analysis, data were normalized by transform-
ing the time series to have sample mean 0 and sam-
ple variance 1. Sample entropy is the negative natural 
logarithm of an estimate of the conditional probabil-
ity that subseries of a certain length (m) that match 
point-wise, within a tolerance (r), also match at the 
next point (Hauge et al. 2011). We chose the follow-
ing values, m  =  2 and r  =  0.2. A high value of sample 
entropy indicates a time series with high complexity 
or more disorder, while a low value indicates a more 
regular time series (Richman and Moorman 2000).

f ) Fourier analysis is an approach that is widely used 
in cardiology (to characterize heart rate variabil-
ity and predictability); it explores (or decomposes) 
frequencies or periodic functions that form a har-
monic series, thus allowing a complicated signal to 
be expressed in terms of the frequencies of the waves 
that make up the signal. It can be performed by taking 
a series of numbers along the time axis and the wave 
function (usually amplitude, frequency, or phase ver-
sus time) that can be expressed as a function called a 
Fourier series (uniquely defined by constants known 
as Fourier coefficients). In this study, data were nor-
malized before analysis and results are presented as 
the relation between variance in the high-frequency 
part of the spectrum (0.0021–0.0083  Hz, corre-
sponding to the period from 2 to 8 min) and the low-
frequency part (0.00026–0.0021  Hz, corresponding 
to 8–64 min). A higher number indicates more vari-

http://www.physionet.org
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ance in the high-frequency part as compared to the 
low-frequency parts of the spectrum.

Statistics
All analyses were undertaken using SPSS (version 22), 
with statistical significance set at p < 0.5.

Age and activity parameters are described by mean val-
ues (and 95% CI) for each group (this approach was used 
to provide an indication of the upper and lower limit of 
the estimated mean). We undertook a preliminary analy-
sis using MANOVA to determine if there were any over-
all differences in activity patterns according to group 
(defined by phase of illness), gender, and age (this analysis 
is not discussed in detail as some of the data are reported 
in other publications). Also, this study focuses on com-
binations of variables, so the findings of the MANOVA 
were used only to determine if age and gender should be 
included in the DFA.

Discriminant function analysis is a multiple regression 
technique that determines the best weighting of vari-
ables to maximize the differences among groups and pre-
dict group membership (Huberty and Olejnik 2006). We 
undertook a DFA with bootstrapping (1000 samples) and 
employed the standardized residual scores for each activ-
ity parameter as predictors in the model. We report Eigen 
values, explained variance, and Wilks’ Lambda (with Chi 
squared and statistical significance) for the canonical dis-
criminant functions. We also show the structure matrix 
of correlations between discriminating variables and the 
functions (given the sample size, loadings of ≤.3 were 
considered uninterpretable; however, details are provided 
in the Additional file  1). Lastly, we report the propor-
tion of cases correctly classified by the DFA, and note 
the reliability of this classification using a ‘leave-one-out’ 
cross-validation. In the cross-validation analysis, each 
case is deleted in turn, and the remaining observations 
are reclassified as per the rule established in the original 
model (Huberty and Olejnik 2006).

Results
The sample mean age was 44.6  years (95% CI 38.56–
50.62). As shown in Table 1, just over half of the sample 
was female (56%) and just under half was manic (47%). 
All patients were being prescribed psychotropic medica-
tions at the time of admission. Manic cases were non-sig-
nificantly older than the other subgroups.

Table  2 provides details regarding the six activity 
parameters recorded in the active morning and even-
ing periods for each phase of illness. The MANOVA 
showed that the overall pattern of activity differed signifi-
cantly between groups (F = 2.81, p = 0.028), and also by 
age (F =  2.69, p =  0.037), but not by gender (F =  1.25, 
p = 0.39).

 Tables  3 and 4 shows that a DFA using the activ-
ity variables as predictors revealed two functions. The 
first function had an Eigen value of 3.14, was significant 
(p  =  0.027), and explained 75% of the variance in the 
‘boot-strapped’ model (Canonical correlation =  .87) and 
maximally separated the BD groups. The second func-
tion in the model had a Canonical correlation of .71, but 
Wilks’ Lambda was non-significant (see Table 3). 

Table 4 provides details of the structure matrix canonical 
loadings of the predictor variables and the two discriminant 
functions. It indicates that the first function was correlated 
with activity in the morning period, with measures of intra-
individual fluctuation in activity (SD in % of mean activity 
count) and regularity of activity (sample entropy) showing 
the strongest associations. The second function correlated 
with several measures of activity from the evening period, 
namely the Fourier analysis, autocorrelation, sample 
entropy, and the SD in % of mean activity count.

 Figure 1 provides a graphic representation of the dis-
tribution of the cases, demonstrating that BDep cases are 
more widely dispersed (from their group centroid) than 
cases of mania or mixed states.

 As can be seen in Table  5, a classification table gen-
erated using both functions revealed that 79% of origi-
nal BD cases were correctly categorized based on phase 
of illness. Although the overall model is statistically sig-
nificant (χ2 = 36.21; df 4; p = 0.001), it is noticeable that 
the classification rates are high for both mania and mixed 
states, but that 42% of BDep cases are misclassified as 
manic. The cross-validated classification results largely 
supported this model (details not shown), although it 
was less diagnostically accurate (55%) than the original 
classification; BDep misclassifications were still the most 
frequent, but there were a small number of misclassifica-
tions of mania cases as mixed episodes and vice versa. (A 
secondary analysis of BDep cases did not find any signifi-
cant differences in classification accuracy for BD-I or -II; 
although subgroup samples were small).

Table 1 Sample demographics

Gender Phase of illness Number (%) Age in years

Mean 95% CI

Males Bipolar depression 5 (33%) 39.20 24.70 53.70

Mania 7 (47%) 55.29 43.03 67.54

Mixed state 3 (20%) 41.00 22.27 59.73

Females Bipolar depression 7 (37%) 40.43 28.17 52.69

Mania 9 (47%) 48.64 38.86 58.42

Mixed state 3 (16%) 43.00 24.27 61.73

Total sample Bipolar depression 12 (35%) 39.92 29.99 49.84

Mania 16 (47%) 51.22 43.58 58.86

Mixed state 6 (18%) 42.00 26.65 57.35
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Discussion
The discussion is organized into three broad topics. First, 
the interpretation of the findings in the context of diag-
nostic criteria for BD and research on activity in different 
illness phases; second, consideration of the limitations of 

the study; and third, the implications of the methodology 
for the role of actigraphy and BD.

Many researchers have welcomed the fact that the 
DSM-5 recognizes motor changes in relation to (hypo)
manic episodes, but were disappointed that this diagnos-
tic criterion was not extended to BDep or mixed states. 
Another notable omission from the DSM-5 criterion, was 
that no details were provided as to whether the abnor-
malities in activity refer to the mean level, the timing, or 
the overall pattern, etc. Scott et  al. (2016a) suggest that 
a more nuanced description of activity is important in 
improving our understanding of the phenomenology of 
different phases of BD and further improving diagnos-
tic criteria, and argue that subtle differences in activ-
ity are unlikely to be captured by the currently available 
symptom rating scales. As such, the availability of objec-
tive measures of activity over time may offer critical 
insights into the ‘non-mood’ differences between each 
phase of BD. Using this approach, our study produced 
three important findings. First, in acutely admitted BD 

Table 2 Estimates of parameters for the 64-min active morning and evening periods according to phase of bipolar disor-
der, adjusted for multiple comparisons, and controlling for age and gender

Activity parameter Phase of illness Morning period Evening period

Mean 95% CI Mean 95% CI

Mean activity count per minute Bipolar depression 218.53 132.02 305.04 154.86 95.98 213.75

Mania 229.80 154.24 305.37 239.34 187.91 290.78

Mixed state 281.72 164.41 399.02 254.49 174.65 334.33

SD in % of mean activity count Bipolar depression 117.42 98.88 135.96 129.48 104.58 154.37

Mania 90.04 73.84 106.24 92.11 70.36 113.85

Mixed state 85.68 60.54 110.83 111.13 77.38 144.88

RMSSD in % of mean activity Bipolar depression 108.12 85.20 131.05 124.81 96.79 152.84

Mania 88.75 68.72 108.78 90.75 66.26 115.23

Mixed state 84.71 53.62 115.80 97.61 59.61 135.61

Autocorrelation Bipolar depression .56 .46 .67 .53 .43 .62

Mania .49 .40 .58 .49 .40 .58

Mixed state .51 .37 .65 .60 .47 .74

Sample entropy Bipolar depression 1.05 .70 1.40 1.03 .65 1.41

Mania 1.41 1.11 1.72 1.36 1.03 1.69

Mixed state 1.55 1.08 2.03 .96 .44 1.47

Fourier analysis (2–8 min/8–64 min) Bipolar depression .67 .38 .96 .77 .41 1.14

Mania .90 .64 1.15 1.05 .73 1.37

Mixed state .97 .58 1.37 .58 .08 1.07

Table 3 Discriminant analysis: Eigen values and Wilks’ Lambda for canonical discriminant functions

Function Eigen values % of variance Canonical correlation Wilks’ lambda Chi square Sig.

1 3.04 75 .87 .12 49.19 .027

2 1.01 25 .71 .49 16.36 .358

Table 4 Discriminant analysis: structure matrix showing 
pooled within-group correlations between  discriminating 
variables and  standardized canonical discriminant func-
tions

Activity parameter Function

1 2

SD in % of mean activity count (morning period) −.41

Sample entropy (morning period) .35

Fourier analysis (2–8 min/8–64 min of the evening period) −.53

Autocorrelation (evening period) .44

Sample entropy (evening period) −.38

SD in  % of mean activity count (evening period) .36
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cases, we identified that measures of variability and 
entropy of activity in the morning significantly differen-
tiated BDep from mixed states or mania. Likewise, the 
second factor identified by DFA (although not statisti-
cally significant) comprised dynamic measures of even-
ing activity, not mean levels. These findings confirm the 
importance of considering sets of activity parameters 
that extend beyond simple actigraphy measures (such as 
mean counts per minute) to include variability, regular-
ity, amplitude, and 24-h patterning or predictability of 
rest-activity cycles. Second, a model incorporating both 
factors identified by the DFA successfully classified four 
out of five cases based on phase of illness; being particu-
larly useful for mania and mixed states. Third, the model 
only improved the classification of BDep cases to 58% (12 
of 34 cases were diagnosed as BDep at study inclusion 
giving a prior probability of 29%) and, in addition, the 
cross-validation was less accurate than the original clas-
sification model. One interpretation of these data is that 
they reflect weaknesses in the final model. Another is 
that the BDep group was more heterogenous than other 
subgroups. In the current sample, it is not possible to 
fully examine this possibility, although we note that BD 

subtype (I or II) did not predict accuracy of classification. 
The BDEp cases that were misclassified appeared to have 
activity profiles that were like manic cases. This is inter-
esting in the context of research that argues against a uni-
dimensional model of BD (that suggests that depressed 
and elated mood are polar opposites), and that argues for 
the notion that changes in mood states and activity may 
be independent of each other (DiSalver et al. 1999; John-
son et al. 2011). Whilst the current study is inconclusive, 
the methodology offers a potential strategy for future 
investigations of the temporal relationship between 
activity and mood, and may contribute to debates about 
whether there are different subtypes of BDep (Perich 
et al. 2016).

The study is the first to include a separate group with 
mixed episodes, and to apply DFA to activity parameters. 
However, it has several limitations. Whilst the overall sam-
ple size compares closely to the medians reported for other 
actigraphy studies [for reviews see: Geoffroy et al. (2015); 
Ng et  al. (2015); DeCrescenzo et  al. (2016); Scott et  al. 
(2016a)], it limited the number of statistical analyses that 
could be undertaken, and all the subgroup analyses must 
be seen as preliminary. Also, the duration of actigraphy 
recording was only 24 h and we focused on data from two 
selected 64-min periods of activity. Researchers in BD who 
undertake actigraphy studies have not yet used a strategy 
that targets an active morning and evening period, so we 
cannot make any cross-study comparisons to determine 
if our findings are representative of other clinical samples. 
We controlled for age and gender in our analyses, but we 
did not take account of confounding that might arise due 
to other factors known to affect rest-activity patterns rang-
ing from body mass index through to the use of medica-
tions. These are potentially important, as acute changes in 
medication regime, reduced levels of adherence, or differ-
ent treatment protocols for different illness phases could 
affect activity in our sample. We undertook the monitor-
ing early to try to reduce the impact of changes in treat-
ment, (as these may take some time to be fully effective), 
etc., but fully accept that the naturalistic approach and lack 
of control on treatments, ward protocols (the inpatient 
unit may have structured activity programmes, etc.), can 
potentially bias the findings. Having said that, we note that 
findings are inconsistent regarding the effects of class and 

Fig. 1 Canonical discriminant functions by diagnosis. Note Functions 
at group centroids: bipolar depression (function 1 = −1.28; function 
2 = 0.38); mania (0.36; −0.68); and mixed states (1.58; 1.03)

Table 5 Proportion of cases correctly classified by discriminant function analysis

Original group Predicted group Proportion correctly classified

Bipolar depression Mania Mixed state

Bipolar Depression 7 (58%) 5 (42%) 0 79% (χ2 = 36.21; sig. = 0.001)

Mania 0 15 (94%) 1 (6%)

Mixed state 0 1 (17%) 5 (83%)
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dose of psychotropic medications on actigraphy outputs 
(Salvatore et al. 2008; Banihashemi et al. 2016; Scott et al. 
2016b). Lastly, some researchers may argue that machine 
learning rather than DFA should have been used to explore 
case classification. We accept that the former technique is 
growing in popularity and is increasingly being applied in 
psychiatry. However, on balance, we identified that DFA 
was likely to simultaneously identify groups of inpatients 
with similar activity patterns and maximize between-
group differences (Huberty and Olejnik 2006); whilst 
approaches such as machine learning have a potential for 
overfitting the model and generating a stable predictive 
model, using the latter would have required a much larger 
sample (probably > 120 cases) (Orru et al. 2015).

In the introduction, we highlighted that most BD stud-
ies employing actigraphy have focused on basic analyses of 
sleep data, with fewer studies exploring activity. To maxi-
mize the utility of actigraphy, it is important to extend data 
collection and analysis to the 24-h sleep-wake cycle, to avoid 
simplistic assumptions about the nature of activity pat-
terns, and to extend the modelling to include algorithms 
that describe more sophisticated approaches such as ‘shape-
naïve’ (Gershon et  al. 2016), non-parametric (Goncalves 
et al. 2015), or non-linear analyses (e.g. Hauge et al. 2011). 
This will allow the examination of the dynamic characteris-
tics of activation change in mania, mixed states and BDep 
(Scott et  al. 2016a). To date, even studies that examine 
activity in BD form a heterogeneous group, with the topic 
addressed by comparing mean, maximum, and peak levels 
of activity, as well as the variability (over 24 h or across con-
secutive days), predictability or complexity of actigraphy. It 
would be valuable to try to elaborate a consensus view on 
key measures that might be examined across studies, as has 
been instigated in neuropsychological assessment (Green 
et  al. 2004). This would enable a more rapid development 
of our understanding of motor activity in BD, and ensure 
that researchers are encouraged to report sleep-wake cycle 
data rather than sleep data alone and to consider these 
activity data within the context of circadian rhythms, etc. 
(Scott et al. 2016a). Lastly, it would help the development of 
a mathematical understanding of the relationship between 
simple mean level, variability, periodic, and non-linear per-
spectives of activity, and whether combinations of these 
variables may better describe different presentations of BD, 
which are likely to be critically important to the evolution of 
personalized medicine in mood disorders.

Additional file

Additional file 1. Supplementary Material for Discriminant Functional 
Analysis of actigraphy parameters: Details of standardized canonical discri‑
minant function correlates and structure matrix for all activity parameters 
included in the analyses.

Abbreviations
AM: ante‑meridian (morning); BD: bipolar disorders; BDep: bipolar depression; 
CI: confidence intervals; DFA: discriminant function analysis; DSM‑5: diagnostic 
and statistical manual of mental disorders, 5th edition; ICD‑10: international 
classification of diseases, 10th edition; MANOVA: multivariate analysis of vari‑
ance; PM: post‑meridian (afternoon); RMSSD: root mean squares of successive 
differences; SD: standard deviation; Sig.: significance; SPSS: statistical package 
for the social sciences; UP: unipolar.

Authors’ contributions
AV, OBF, GM, and KKG were involved in the design and planning of the original 
actigraphy studies with inpatients. JS, KG, and GM identified the hypotheses 
for the current study. JS undertook the statistical analyses for this study and 
wrote the preliminary draft of the manuscript. All authors read and approved 
the final manuscript.

Author details
1 Academic Psychiatry, Institute of Neuroscience, Newcastle University, 
Newcastle upon Tyne, UK. 2 Department of Neuroscience, NTNU, Norwegian 
University of Science and Technology, Trondheim, Norway. 3 Department 
of Psychiatry, St. Olav’s University Hospital, Trondheim, Norway. 4 Department 
of Clinical Medicine, Section for Psychiatry, Faculty of Medicine and Dentistry, 
University of Bergen, Bergen, Norway. 5 Division of Psychiatry, Haukeland 
University Hospital, Bergen, Norway. 

Competing interests
JS is a visiting professor at NTNU. JS has received UK grant funding from the 
Medical Research Council (including for projects on actigraphy and bipolar 
disorders) and from the Research for Patient Benefit programme (PB‑PG‑0609‑
16166: Early identification and intervention in young people at risk of mood 
disorders).

Ethical approval
Ethical approval was granted by the ethics committee at St. Olav’s University 
Hospital (in Trondheim, Norway; individuals gave written informed consent.

Received: 25 November 2016   Accepted: 17 January 2017

References
American Psychiatric Association. Diagnostic and statistical manual of 

mental disorders. 5th ed. Washington: American Psychiatric Associa‑
tion; 2013.

Ancoli‑Israel S, Martin J, Blackwell T, Buenaver L, Liu L, Meltzer L, et al. The SBSM 
Guide to actigraphy monitoring: clinical and research applications. Behav 
Sleep Med. 2015;13(Suppl 1):S4–38.

Banihashemi N, Robillard R, Yang J, Carpenter J, Hermens D, Naismith S, et al. 
Quantifying the effect of body mass index, age, and depression severity 
on 24‑h activity patterns in persons with a lifetime history of affective 
disorders. BMC Psychiatry. 2016;16(1):317.

De Crescenzo F, Economou A, Sharpley A, Gormez A, Quested D. Actigraphic 
features of bipolar disorder: a systematic review and meta‑analysis. Sleep 
Med Rev (2016). Epub ahead of print. May 16, 2016.

Dilsaver S, Chen R, Shoaib A, Swann A. Phenomenology of mania: evidence for 
distinct depressed, dysphoric, and euphoric presentations. Am J Psychia‑
try. 1999;156:426–30.

Faedda G, Ohashi K, Hernandez M, McGreenery C, Grant M, Baroni A, et al. Acti‑
graph measures discriminate pediatric bipolar disorder from attention‑
deficit/hyperactivity disorder and typically developing controls. J Child 
Psychol Psychiatry. 2016;57(6):706–16.

Faurholt‑Jepsen M, Brage S, Vinberg M, Christensen EM, Knorr U, Jensen HM, 
Kessing LV. Differences in psychomotor activity in patients suffering from 
unipolar and bipolar affective disorder in the remitted or mild/moderate 
depressive state. J Affect Disord. 2012;141(2–3):457–63.

Gershon A, Ram N, Johnson S, Harvey A, Zeitzer J. Daily actigraphy profiles 
distinguish depressive and interepisode states in bipolar disorder. Clin 
Psychol Sci. 2016;4(4):641–50.

http://dx.doi.org/10.1186/s40345-017-0076-6


Page 8 of 8Scott et al. Int J Bipolar Disord  (2017) 5:5 

Geoffroy P, Scott J, Boudebesse C, Lajnef M, Henry C, Leboyer M, et al. Sleep 
in patients with remitted bipolar disorders: a meta‑analysis of actigraphy 
studies. Acta Psychiat Scand. 2015;131(2):89–99.

Goncalves B, Adamowicz T, Louzada F, Moreno C, Araujo J. A fresh look 
at the use of nonparametric analysis in actimetry. Sleep Med Rev. 
2015;20:84–91.

Gonzalez R, Tamminga C, Tohen M, Suppes T. The relationship between 
affective state and the rhythmicity of activity in bipolar disorder. J Clin 
Psychiatry. 2014;75(4):e317–22.

Green M, Nuechterlein K, Gold J, Barch D, Cohen J, Essock S, et al. Approach‑
ing a consensus cognitive battery for clinical trials in schizophrenia: the 
NIMH‑MATRICS conference to select cognitive domains and test criteria. 
Biol Psychiatry. 2004;56:301–7.

Grierson A, Hickie I, Naismith S, Hermens D, Scott E, Scott J. Circadian rhyth‑
micity in emerging mood disorders: state or trait marker? Int J Bipolar 
Disord. 2016;4(1):3.

Harvey A, Schmidt DA, Scarna A, Semler C, Goodwin G. Sleep‑related function‑
ing in euthymic patients with bipolar disorder, patients with insomnia, 
and subjects without sleep problems. Am J Psychiatry. 2005;162(1):50–7.

Hauge ER, Berle JØ, Oedegaard KJ, Holsten F, Fasmer OB. Nonlinear analysis of 
motor activity shows differences between schizophrenia and depres‑
sion: a studyusing Fourier analysis and sample entropy. PLoS ONE. 
2011;6(1):e16291.

Huberty C, Olejnik S. Applied MANOVA and discriminant analysis. 2nd ed. New 
York: Wiley; 2006.

Indic P, Salvatore P, Maggini C, Ghidini S, Ferraro G, Baldesserini R, et al. Scaling 
behaviour of human locomotor activity amplitude: association with 
bipolar disorder. PLoS ONE. 2011;6(5):e20650.

Janney C, Fagiolini A, Swartz H, Jakicic J, Holleman R, Richardson C. Are 
adults with bipolar disorder active? Objectively measured physical 
activity and sedentary behavior using accelerometry. J Affect Disord. 
2014;152–154:498–504.

Johnson S, Morriss R, Scott J, Paykel E, Kinderman P, Kolamunnage‑Dona R, 
Bentall R. Depressive and manic symptoms are not opposite poles in 
bipolar disorder. Acta Psychiatr Scand. 2011;123(3):206–10.

Jones S, Hare D, Evershed K. Actigraphic assessment of circadian activity and 
sleep patterns in bipolar disorder. Bipolar Disord. 2005;7(2):176–86.

Krane‑Gartiser K, Henriksen T, Morken G, Vaaler A, Fasmer OB. Actigraphic 
assessment of motor activity in acutely admitted in‑patients with bipolar 
disorder. PLoS ONE. 2014;9(2):e89574.

Krane‑Gartiser K, Henriksen T, Vaaler A, Fasmer OB, Morken G. Actigraphically 
assessed activity in unipolar depression: a comparison of inpatients with 
and without motor retardation. J Clin Psychiatry. 2015;76(9):1181–7.

Krane‑Gartiser K, Vaaler A, Fasmer OB, Morken G. Distribution and character‑
istics of active and inactive periods distinguish unipolar depression with 
and without motor retardation. J Clin Psychiatry. 2016;77(6):841–2.

Kupfer D, Weiss B, Foster G, Detre T, McPartland R. Psychomotor activity in 
affective states. Arch Gen Psychiatry. 1974;30(6):765–8.

McGlinchey L, Gershon A, Eidelman P, Kaplan K, Harvey A. Physical activity 
and sleep: day‑to‑day associations among individuals with and without 
bipolar disorder. Ment Health Phys Act. 2014;7(3):183–90.

McKenna B, Drummond S, Eyler L. Associations between circadian activity 
rhythms and functional brain abnormalities among euthymic bipolar 
patients: a preliminary study. J Affect Disord. 2014;164:101–6.

Merikangas K, Cui L, Hickie I. Core features and intermediate phenotypes of 
bipolar disorder in the NIMH Family Study of Affective Spectrum Disorder. 
Neuropsychopharmacology. 2014;39(4):S21.

Ng T, Chung K, Ho F, Yeung W, Yung K, Lam T. Sleep‑wake disturbance in inter‑
episode bipolar disorder and high‑risk individuals: a systematic review 
and meta‑analysis. Sleep Med Rev. 2015;20:46–58.

Orru G, Pettersson‑Yeo W, Marquand A, Sartori G, Mechelli A. Using support 
vector machine learning to identify imaging biomarkers of neurologi‑
cal and psychiatric disease: a critical review. Neurosci Biobehav Rev. 
2012;36:1140–52.

Orru G, Pettersson‑Yeo W, Marquand AF, Sartori G, Mechelli A. Using support 
vector machine to identify imaging biomarkers of neurological and 
psychiatric disease: a critical review. Neurosci Biobehav Rev, 2012;36 
(4):1140–52. doi:10.1016/j.neubiorev.2012.01.004.

Pagani L, St Clair P, Teshiba T, Service S, Fears S, Araya C. Genetic contributions 
to circadian activity rhythm and sleep pattern phenotypes in pedi‑
grees segregating for severe bipolar disorder. Proc Natl Acad Sci USA. 
2016;113(6):E754–61.

Perich T, Hadzi‑Pavlovic D, Frankland A, Breakspear M, Loo C, Roberts G, 
Holmes‑Preston E, Mitchell PB. Are there subtypes of bipolar depression? 
Acta Psychiatr Scand. 2016;134(3):260–7.

Richman JS, Moorman JR. Physiological time‑series analysis using approxi‑
mate entropy and sample entropy. Am J Physiol Heart Circ Physiol. 
2000;278:H2039–49.

Robillard R, Naismith S, Rogers N, Ip T, Hermens D, Scott E, et al. Delayed sleep 
phase in young people with unipolar or bipolar affective disorders. J 
Affect Disord. 2013;145(2):260–3.

Salvatore P, Ghidini S, Zita G, Panfilis C, Lambertino S, Maggini C, et al. Circadian 
activity rhythm abnormalities in ill and recovered bipolar I disorder 
patients. Bipolar Disord. 2008;10(2):256–65.

Scott J. Clinical parameters of circadian rhythms in affective disorders. Eur 
Neuropsychopharmacol. 2011;21(Suppl 4):S671–5.

Scott J, Murray G, Henry C, Morken G, Scott E, Angst J, Merikangas K et al. Acti‑
vation in bipolar disorders: a systematic review. JAMA Psychiatry. 2016a. 
doi:10.1001/jamapsychiatry.2016.3459.

Scott J, Naismith S, Grierson A, Carpenter J, Hermens D, Scott E, et al. Sleep–
wake cycle phenotypes in young people with familial and non‑familial 
mood disorders. Bipolar Disord 2016b;18(8):642–9. doi:10.1111/bdi.12450.

St‑Amand J, Provencher M, Belanger L, Morin C. Sleep disturbances in bipolar 
disorder during remission. J Affect Disord. 2013;146(1):112–9.

van Rheenen T, Bryce S, Tan E, Neill E, Gurvich C, Louise S, et al. Does cognitive 
performance map to categorical diagnoses of schizophrenia, schizoaf‑
fective disorder and bipolar disorder? A discriminant functions analysis. J 
Affect Disord. 2016;1(192):109–15.

Wehr T, Muscettola G, Goodwin F. Urinary 3‑methoxy‑4‑hydroxyphenylglycol 
circadian rhythm. Early timing (phase‑advance) in manic‑depressives 
compared with normal subjects. Arch Gen Psychiatry. 1980;37(3):257–63.

Weiss B, Foster F, Reynolds C, Kupfer D. Psychomotor activity in mania. Arch 
Gen Psychiatry. 1974;31(3):379–83.

Yamamori H, Ishima T, Yasuda Y, Fujimoto M, Kudo N, Ohi K, et al. Assessment 
of a multi‑assay biological diagnostic test for mood disorders in a Japa‑
nese population. Neurosci Lett. 2016;26(612):167–71.

http://dx.doi.org/10.1016/j.neubiorev.2012.01.004
http://dx.doi.org/10.1001/jamapsychiatry.2016.3459
http://dx.doi.org/10.1111/bdi.12450

	A pilot study to determine whether combinations of objectively measured activity parameters can be used to differentiate between mixed states, mania, and bipolar depression
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Sample
	Actigraphy
	Recordings of motor activity
	Activity parameters

	Statistics

	Results
	Discussion
	Authors’ contributions
	References




