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Abstract— Wearable devices fitted with various sensors are
increasingly being used for the automatic and continuous
tracking and monitoring of patients. Only first steps have been
taken in the field of psychiatric care, where long term tracking
of patient behavior holds the promise to help practitioners to
better understand both individual patients, and the disorders
in general. In this paper we use topic models for unsupervised
analysis of movement activity of schizophrenia patients in a
closed ward setting. Results demonstrate that features computed on the basis of this analysis differentially characterize
interesting sub-populations of schizophrenia patients. Positivesigns schizophrenia sub-population was found to have high
motor richness and low typicallity, while negative-signs patients
had low motor richness and lower typicality. In addition we
design a classifier which correctly classified up to 80% of the
clinical sub-population (f-score=0.774) based on motor features.

I. INTRODUCTION
Motor peculiarities are an integral part of the schizophrenia disorder, both as aspects of the more general symptom
repertoire, and in response to medications. To date, these
symptoms are typically evaluated in a descriptive manner
based on psychiatric rating scales such as the Positive and
Negative Syndrome Scale (PANSS) [1], or targeted specifically using subjective clinical scales such as the Unified
Dyskinesia Rating Scale (UDysRS) [2] and the Unified
Parkinson’s Disease Rating Scale (MDS-UPDRS) [3]. The
lack of objective, quantitative methods for measuring these
symptoms, and the insufficient conceptual clarity around
them, may cause multiple interpretations of phenomenology, leading to low reliability and validity of diagnosis. In
addition, the symptom evaluation process requires expert
staff and availability of resources, and is therefore not
done frequently enough to capture more subtle changes in
spontaneous and drug-induced conditions. Clearly there is an
urgent need for automatic monitoring and assessment tools.
The last decade has seen a steep rise in the use of wearable
devices for medical applications in a range of fields, from
human physiology [4] to movement disorders [5], [6] and
mental health [7]. Accelerometers and gyroscopes, which are
commonly embedded in smart-watches and other wearable
devices, are now used to assess mobility and recognize
?
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activity. In a clinical setting, these sensors may be used in
order to detect changes in high-level movement parameters,
track their dynamics and correlate them with mental state.
Measures of activity such as step counts and overall
activity, as well as changes thereof, have already been shown
to effectively provide insights into the state of patients in a
closed ward mental hospital setting [8]. Unsupervised behavioral mode analysis of sensor data, such as topic models,
have previously been used in other domains to provide a
high level description of behavior [9]. Here we combine
these ideas and use topic models for unsupervised analysis
of patient activity. These models allow a richer, qualitative
description of behavior than the aforementioned measures.
We demonstrate that features computed on the basis of topic
model analysis differentiate sub-populations of patients.
II. MATERIALS AND METHODS
A. Study Design
27 inpatients from the closed wards at Shaar-Meashe MHC
participated in the study. Most participants (21/27) were
diagnosed with schizophrenia according to the DSM-5, 3
with paranoid schizophrenia, 2 with schizoaffective disorder,
and one with psychotic state cannabinoids. Participants’ age
varied from 21 to 58 (mean 37.5), with course of illness
varying from 0 (first hospitalization) up to 37 years (mean
16.9 years). Two of the patients dropped out of the study after
less than a day due to lack of cooperation. The remaining
25 patients were followed for a period of three weeks on
average (6-52 days).
The study was conducted in natural settings, where patients were not required to change any personal or medical
procedure. On top of the normal care, every patient underwent an additional evaluation by a trained psychiatrist
twice a week. The procedure included clinical evaluation
of symptom severity using PANSS; Neurological Evaluation
Scale (NES [10]) assessment was conducted as a control.
In addition, continuous medication monitoring (type, dosage
and frequency) by the clinical staff was observed.
All procedures performed in the study were in accordance
with the ethical standards of the institutional research committee and with the 1964 Helsinki declaration and its later
amendments or comparable ethical standards.
B. Data Acquisition
Each participant was fitted with a smart-watch (GeneActiv1 ) with tri-axial accelerometer embedded sensors, the high
1 https://www.geneactiv.org/

frequency output (50Hz) of which was stored on memory
cards. Data was collected continuously throughout the experiment for a total of 489 days, from 25 patients. In order to
reduce noise introduced by the variability in patient activity,
the analysis focused on fixed time windows corresponding
to regular departmental daily activity: Occupational therapy
time slots (10am-11am), lunch (12pm-1pm), and indoor free
time (4pm-5pm). In addition, we calculated full day features
(6am-10pm) and used night time features (10pm-6am) to
evaluate sleep quality. Weekends were excluded from the
analysis.
III. ANALYSIS
A. Revising clinical assessment
The 30-item Positive and Negative Syndrome Scale
(PANSS) was reduced to a five-factor description (Positive,
Negative, Disorganized/Concrete, Excited and Depressed),
according to the consensus model suggested by Wallwork
et al. [11], based on 25 previously published models and
refined with confirmatory factor analysis (CFA). Only the
positive and negative factors were used for further analysis.
Clinical observations show that changes in a patient’s
symptoms occur continuously on a daily basis [12]. We
therefore interpolated the bi-weekly PANSS factor scores, to
achieve smooth daily scoring of symptoms. This was done
using the PCHIP 1-d monotonic cubic interpolation, resulting
in 494 data points (originally 118).
Interpolated data points were used to classify clinical subpopulations of patients on a daily basis. Sub-populations
included patients with ”High positive” symptoms, ”High
negative”, ”High negative and positive”, and ”Low” level
symptoms. The remaining intermediate data points were
discarded from the classification. This sub-typing allowed
us to explore how different motor features are expressed in
different clinical manifestations. Clustering was done based
on the percentile of the positive and negative factors, each
axis separately (Fig. 1).
B. Online computation of ”patch features”
Topic model analysis requires the discretization of the
continuous accelerometer signal both in time and in intensity,
to produce word analogues – motor words. This mapping
involves the creation of a code-book. The patch feature
topic model procedure described in [9] contains a codebook
generation stage where clustering (k-means) is applied to
segments (a.k.a. patches) from the entire dataset. Given
the larger dataset at hand, we designed an online greedy
approximation to this procedure.
Specifically, the idea behind an online generation of codebook is to follow the way a dictionary would be created for a
natural language corpus. The process proceeds with a single
pass over the data. Each word is considered sequentially, and
added to the dictionary on first encounter.
Since the words we are using describe the continuous
accelerometer signal, we must also define what we mean
by a word. Ideally, the dictionary should not be affected by
small random changes in the signal. Additionally, since many

Fig. 1. Clinical sub-populations. Each data point represents the severity
of the positive and negative factors for a specific patient in a specific day
(N=494) based on the interpolated PANSS factors data. In the ”Low” subpopulation (magenta, N=65) both negative and positive symptoms lie in the
bottom quartile, while in the ”High negative and positive” (blue, N=59) both
lie in the top quartile. The ”High negative” sub-population (cyan, N=53)
lies in the top vertical quartile with positive symptom values lower than
median, while the ”High positive” (red, N=57) lies in the top horizontal
quartile with lower than median negative symptom values. The remaining
data points (N=260) were classified as ”Intermediate” (green).

behavioral modes are periodic to some extent, we would
like the representation to allow wrap-around of patches. This
would imply that the sequences of patches ABC and BCA,
for example, have similar representation in the dictionary.
We achieve both these goals by using a discretized version
of the signal and wrap-around equivalence classes. We use
a SAX-like method [13] to encode each patch into a string.
The process is as follows: Each interval on the time-axis
is replaced by the mean value in the interval. Next, these
point-values are replaced by a letter (discretized) according
to their value. The output of this process is a string of length
patch−size
interval−size over a pre-determined alphabet.
Algorithm 1 Online codebook creation
1: codebook ← empty list
2: for each patch in the dataset do
3:
patch word ← SAX representation(patch)
4:
if patch word (or equivalent) not in codebook then
5:
append patch word to the codebook
6:
end if
7: end for
8: return codebook
The procedure resulted in 150K distinct words which
described the entire dataset, distributed much as would be
expected from a text corpus (see top panel in Fig. 2).
C. Topic Modeling over Motor Words
Latent Dirichlet Allocation (LDA) is a widely used topic
model, with origins in natural language processing, and
applications in many domains ranging from music modeling
to motion of cars. On top of their traditional purpose of
finding hidden semantic structures in data, these models have
been shown to be useful for detecting surprising (or novel)
events [14], [15].

2) Consistency:
Consistency = 1 − DKL (v k v̄)
where v denotes the topic distribution over the time window,
and v̄ the mean topic distribution for the patient in the same
window over all measured days. DKL denotes the KullbackLeibler divergence. This score measures how regular the
patient’s motor behavior is in the given time window.
3) Typicality: the entropy of the topic distribution vector.
Typicality = H[v] = −
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X

vi log(vi )
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Fig. 2. Top - the motor-word frequency histogram for the entire dataset,
truncated after the most common 10K words. These pseudo-words demonstrate the long-tail scale-free property characteristic of a natural language.
Bottom- the daily topic distribution vector averaged over all patients.

Data was divided into blocks of 15 minutes of continuous signal; these serve as documents for the topic model,
each represented as a histogram over the motor words as
described above. The LDA process provides as output both
a distribution over topics for each of the documents, and a
distribution over words for each of the topics. Subsequently,
a specific time window of a specific patient is characterized
by a probability vector over the topics. The bottom panel in
Fig. 2 demonstrates the distribution of the 10 topics used here
over all patients and days. We can see that topic 6 (green)
and topic 10 (purple) are typically prominent during the day,
while other topics are more likely to occur during the night
or throughout.
D. Topic Features
The advantage of using a data-driven unsupervised representation is that its features, unlike the supervised energy
and step-count measures [8], are not directly connected with
the intensity of the motor signal. Instead, this representation
captures the quality of motor behavior in a given period
of time. For example, a very repetitive behavior can be
expressed by a low number of unique ’motor-words’ in a
specific time window. This allows us to compare patients
behavior to themselves and to others in different activity
windows, and thus be able to measure ’typicality’ of the
behavior for instance. Three Features were calculated based
on topic models, separately for each data point (namely for
each patient on each day, and each of the predefined activity
windows described in section II-B):
1) Motor Richness: The normalized distinct word count
per activity window.
Motor Richness =

distinct word count in window
window length

This measure represents the range of motor activity repertoire. A low score implies that the patient repeatedly performed similar movements, while a high score corresponds
to the use of many different movement patterns.

Low entropy implies that a small number of topics can
capture the activity. High entropy implies that the observed
activity is a mixture of many topics. We name this measure
typicality since typical activity should be captured by one (or
a few) topics, thus producing low-entropy topic distributions
[15].
The manifestation of each feature in clinical subpopulations was tested using one-way ANOVA separately
for each of the activity windows. In addition, a learning
algorithm for automated sub-population classification was
designed and evaluated.
E. Classification Algorithm
Classification was carried out using a two-step algorithm
based on linear support vector machines (SVM) and decision
trees classifiers, in order to distinguish between different subpopulations (described in III-A) based on motor features
(Algorithm 2). The algorithm was trained to discriminate
sub-populations, and specifically classify ”High positive” vs.
”High negative” and ”Low” vs. ”High positive and negative”.
In the first step, individual classifiers were trained for
each activity window separately (lunch, occupational therapy,
free-time, day, night, and all). In the second step, the probabilistic output of the 6 time-specific first-stage classifiers
was used to train a second, daily-model, which determined
the clinical category.
Feature selection was done based on the ANOVA fvalues of each individual feature on train data. These were
calculated separately for each activity window, and the same
features were used also for testing.
Algorithm 2 Two stage algorithm for patient sub-type classification based on activity in time-windows.
1: for all time-windows wi do
2:
train base classifier ci on wi and target y
3: end for
4: for all time-windows wi do
5:
ŷi ← prediction of ci on wi
6: end for
7: train final classifier c on the set of first-stage predictions
ŷi and target y
The algorithm was evaluated in a leave-one-out framework, where in each iteration a different observation (specific

Fig. 3. ANOVA results for topic features in 3 clinical sub-populations
(see Fig. 1): ”High positive” (denoted Positive), ”High negative” (denoted
Negative), and ”Low”. The analysis was repeated separately for each time
window (X-axis). Motor richness was highest in the Positive sub-population
(cyan) and lowest in the Negative sub-population (magenta). This was most
significant during free time, but was also true for all other activity windows
(p-values between 0.05-0.07 are marked by half an asterisk). Typicality was
generally highest in the Low sub-population, and lowest in the Negative
sub-population, with the most significant difference during lunch time. No
significant group different was found for Consistency although it was lowest
in the Positive sub-population in all activity windows.

patient in a specific day) was left out and the model was
trained on the remaining data and tested on the left out sample. To avoid possible contamination of test data (leakage)
due to observation interpolation, when using an interpolated
point as the test, all actual observations it was based upon
were excluded from the train data.
IV. RESULTS
A. Motor Activity in different Clinical Sub-populations
Fig. 3 summarizes the results of subjecting all features to
ANOVA analysis. Motor richness is consistently highest for
the ”High positive” sub-population, and lowest for the ”High
negative” sub-population, with the ”Low” sub-population
somewhere in the middle. This indicates that patients with
active positive symptoms tend to have a higher variety of
motor activities, while negative symptoms are expressed in
poorer movement repertoire. The trend was evident in all
activity windows but was only found significant during free
time (F = 5.09, p = 0.0077).
As expected, typicality is highest for the ”Low” subpopulation, consistently over all activity windows. The
lowest typicality is observed in the ”High negative” subpopulation, indicating that the motor activity of these patients
is less similar to the common motor behavior. The biggest
group difference was found over lunch time (F = 7.48,
p = 0.00090) but it was also significant during occupational
therapy (F = 4.39, p = 0.015), free time (F = 3.38,
p = 0.037) and throughout the day (F = 3.78, p = 0.026).
No group difference was found for consistency, although
it was lower in the ”High positive” sub-population in all
activity windows.

B. Classification Results
For ”High positive” vs. ”High negative” classification, the
best results were achieved using linear SVM for the first
stage (window-based model, see Algorithm 2) with top-5
selected features, and decision tree for the second (daily)
stage. The algorithm correctly classified 78% of the”High
negative” observations, and 58% of the ”High positive”
observations. All together the mean precision was 0.651 and
mean recall was 0.654 on test data (f-score=0.652).
Slightly better results were achieved for the ”Low” vs.
”High positive and negative” classification, using linear SVM
for both stages and top-5 selected features. Here the algorithm correctly classified 81% of the ”Low” observations and
70% of the ”High positive” observations. All together the
mean precision was 0.757 and mean recall was 0.748 on test
data (f-score=0.774).
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