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Abstract. Digital phenotyping in mental health often consists of col-
lecting behavioral and experience-based information through sensory and
self-reported data from devices such as smartphones. Such rich and com-
prehensive data could be used to develop insights into the relationships
between daily behavior and a range of mental health conditions. How-
ever, current analytical approaches have shown limited application due
to these datasets being both high dimensional and multimodal in nature.
This study demonstrates the first use of a principled method which con-
solidates the complexities of subjective self-reported data (Ecological
Momentary Assessments - EMAs) with concurrent sensor-based data. In
this study the CrossCheck dataset is used to analyse data from 50 par-
ticipants diagnosed with schizophrenia. Network Analysis is applied to
EMAs at an individual (n-of-1) level while sensor data is used to identify
periods of various behavioral context. Networks generated during peri-
ods of certain behavioral contexts, such as variations in the daily number
of locations visited, were found to significantly differ from baseline net-
works and networks generated from randomly sampled periods of time.
The framework presented here lays a foundation to reveal behavioural
contexts and the concurrent impact of self-reporting at an n-of-1 level.
These insights are valuable in the management of serious mental illnesses
such as schizophrenia.

Keywords: Schizophrenia · CrossCheck · n-of-1 · Digital
Phenotyping · Network Analysis · Mobile Sensing

1 Introduction

Schizophrenia is a complex, Serious Mental health Illness (SMI) that develops
in approximately 1% of the global population [41] and represents a significant
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personal and economic burden at an individual, familial and societal level [15,44].
Symptoms can include hallucinations (both visual and auditory), disordered and
delusional thinking, impaired cognitive ability, disorganized speech and behav-
ior [37], as well as increased social isolation, withdrawal and amotivation [29].
Although characterised as a chronic condition, the disease course is not static,
with diagnosed individuals typically fluctuating between periods of partial remis-
sion and periods of symptomatic relapse [17,35,46]. Studies have identified symp-
tomatic and behavioral changes that can manifest prior to relapse [3,9,17,20],
however, these changes often remain undetected until the occurrence of signif-
icant negative consequences [45]. Evidence further suggests that timely clinical
intervention poses an effective strategy in the prevention of further deterioration,
and the transition into a state of full relapse [33,45].

In this paper, we seek to demonstrate a method which consolidates the com-
plexities of subjective self-reported Ecological Momentary Assessments (EMAs)
when accounting for variations in behavioral context. Using the CrossCheck
dataset, a first of its kind dataset combining real-world, longitudinal behavioral
data, and self-reported EMAs specific to schizophrenia [45]; we aim to demon-
strate the effectiveness of using sensor-based data to identify periods of various
behavioral context, from which network analysis can be applied to observe and
compare differences in network connectivity and the relationships between cor-
responding EMAs. Specifically, we focus on behaviors that can be categorised
according to periods of sociability and social isolation, both noted symptoms
associated with schizophrenia symptom severity [20]. Figure 1 provides a high-
level overview of this process, from individual-level (n-of-1) data through to
behavioral filtering and network analysis. Ultimately, the goal of this framework
is to reveal behavioral contexts and their resulting impact on self-reported EMAs
at an n-of-1 level, in particular providing insights into symptomatic improvement
or disease exacerbation.

Fig. 1. Overview of the processes involved in this study; networks are generated using
EMA responses concurrent with specific sensor-based behavioral contexts.

2 Related Work

Conventional research into human behavior often relies on time and resource
intensive data collection through face-to-face engagement in a controlled or
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clinical environment. However, the pervasiveness of mobile technology [42] in
everyday life is affording researchers and clinicians access to vast quantities of
moment-by-moment, in-situ, individual-level data captured by personal digital
devices; the granular level quantification of which is referred to as digital phe-
notyping [32,43]. These personal phenotypes [5,36] provide a digital fingerprint
from which psychological, cognitive and behavioural characteristics can be mea-
sured and assessed [16,22,23,31]; providing valuable insights into symptomatic
markers and effective psychiatric treatments [38]. Within mental health research,
digital phenotyping has been employed in a number of studies, including stu-
dent mental health [30], depression [26], prediction of suicidal urges [12], anxiety
disorders [24], social anxiety [25], and psychosis spectrum illnesses [8].

With an increasing emphasis on patient-centred healthcare and individualised
medicine [11], digital phenotyping lends itself to move away from the population
level [18] and instead conduct n-of-1 trials (or single subject trials); these focus
on an individual patient as the sole unit of observation throughout a study [27].
Typically, n-of-1 studies have been used within both clinical and research set-
tings to assess pharmaceutical efficacy and treatment viability within individual
participants [39]. The focus of these trials enables the identification of observa-
tions or characteristics that may not be evident in a collective population-level
analysis. However for larger population samples, the insights gained from n-of-1
trials can contribute to larger-scale Randomized Control Trials (RCTs).

The CrossCheck collection emulated a Randomized Control Trial (RCT)
design [14] that explored the viability of continuous remote patient monitoring
through a multimodal sensing system; the core aim of which sought to accu-
rately predict indicators of symptomatic and psychotic relapse in Schizophre-
nia Spectrum Disorders (SSD) [45]. CrossCheck’s digital phenotyping dataset
identified unique digital indicators of psychotic relapse; for some participants
changes in self-reported EMAs provided actionable descriptors of symptom
exacerbation, whilst in others, passively recorded behavioural and sensory data
proved useful in identifying changes in established behaviors or daily function-
ing [7]. A recent study demonstrated the detection of decreases in symptoms
using change-point algorithms and counterfactual explanations [13]. Additional
research using the CrossCheck dataset mapped features on a two-dimensional
space using t-Distributed Stochastic Neighbor Embedding (t-SNE), a technique
used for dimensionality reduction that projects each high-dimensional data point
to a two-dimensional data point [28]. Using t-SNE, CrossCheck visualized data
points that represented a participant’s behavioural features used to predict EMA
responses; when plotted, these data points clustered according to each specific
study participant. This clearly demonstrated that there are observable differ-
ences between study participants and that CrossCheck’s sensor data is highly
person dependent [45]. At a population level, the initial study found signifi-
cant associations between recorded behavioral features and changes in mental
health indicators; in particular decreased levels of physical activity and sociabil-
ity was associated with negative mental health, whilst improvements in estab-
lished sleep patterns and getting up earlier collated with positive mental health
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[45]. These findings were further supported through research into behavioral sta-
bility using the same dataset, this stability index drew on participant’s passively
recorded features and behaviours to assess the extent to which a diagnosed par-
ticipant adheres to a stable routine. This study identified correlations between
the stability index of recorded features and symptomatic severity, the results of
which demonstrated that greater periods of stability in social activities - such as
calls and SMS messages - was associated with reduced symptoms. In contrast,
increased stability in periods of inactivity - time spent still - exhibited an associa-
tion with increased symptom severity [20]. The findings of these studies highlight
not only the highly person-centric nature of CrossCheck’s multimodal data, but
also the close association between daily behaviors and symptom severity; both of
which are of particular importance to this study as we seek to analyse the impact
recorded behavioral contexts have on self-reported EMAs at an individual level.

In recent years the use of network analysis within psychological research has
become an important tool in the estimation and visualization of psychological
data, and can be used to identify multivariate patterns and relationships [10,21].
Within these networks, nodes represent variables such as mood states collected
via EMAs, with edges between nodes denoting statistical relationships between
said nodes [21]. The process by which these associations and relationships are cal-
culated can vary depending on the initial dataset and selected statistical model
[10]. In recent years, network analysis techniques have been applied to a large
number of datasets in order to gain deeper insights into a range of mental health
problems, including drug and alcohol dependency [40], suicidal behavior in ado-
lescents [19], depression and anxiety [6], and the treatment of psychosis [4].
Network analysis consists of three stages; network structure estimation, network
description, and network stability analysis [10]. Network structure estimation
refers to the process by which the underlying structure of a network is inferred,
involving the selection of relevant nodes and edges as well as selecting an optimal
statistical model. Network description is the characterisation of a network which
involves understanding network topology and node centrality. Finally, network
stability analysis refers to the examination of a network’s robustness, consis-
tency and the accuracy of edge weights [10]. Recently, estimating network mod-
els on time-series data with numerous repeated observations using EMA data
has gained traction, however this presents three distinct challenges. First, most
work is estimated at the group level, ignoring potential variation across partic-
ipants in network structures. Second, networks are stationary, i.e., one network
is obtained throughout the time period, assuming network structure does not
vary by context. Third, it is unclear how network analysis ought to deal with
multimodal (e.g., sensor and EMA) data. Here we tackle all three challenges,
by estimating n-of-1 networks according to a selected behavioral (sensor-based)
context prior to EMA network generation, as a result enabling more nuanced,
context-dependent qualitative networks.
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3 Dataset

The CrossCheck [45] dataset originally consisted of 150 participants, each of
whom met the criteria for schizophrenia as defined in the DSM-IV [1] and
DSM-V [2], whilst also meeting CrossCheck’s inclusion criteria [7,45]. Organ-
ised into two groups of 75, participants within the CrossCheck study arm were
each issued with a smartphone that continuously recorded a range of behavioral,
sensory and self-reported EMA data over a 12 month period [7,45,47]. Embedded
smartphone sensors passively record daily behaviours and activities continuously,
whilst EMAs were self-reported every 2 to 3 days [45]. Of particular relevance
to this paper are the following features:

Ecological Momentary Assessment (EMA): EMAs afford a viable way of captur-
ing real-time psychological data within a natural environment. Every 2 to 3 days,
CrossCheck administered a 10-item self-reporting assessment designed to mea-
sure schizophrenia-related thoughts, feelings, and behaviors [7,45]. Each question
(see Table 1) was answered on a scale from 0 (“Not at all”) to 3 (“Extremely”).
For ease of analysis and understanding, each EMA is grouped according to either
its positive or negative association.

Table 1. CrossCheck EMA Questions

Positive EMAs Negative EMAs

+ Have you been feeling CALM? - Have you been DEPRESSED?

+ Have you been SOCIAL? - Have you been feeling STRESSED?

+ Have you been SLEEPING well? - Have you been bothered by
VOICES?

+ Have you been able to THINK
clearly?

- Have you been SEEING THINGS
other people can’t see?

+ Have you been HOPEFUL about
the future?

- Have you been worried about people
trying to HARM you?

Behavioural Sensing: Study smartphones continuously collected a wide range of
behavioral features for each participant, however only the following behavioral
features are relevant to this paper due to their close association with sociability
and social isolation. - Geo-spatial Activity: refers to timestamped locational data
derived using a combination of device GPS, Wifi and cellular network towers
[7,45]. - Speech Frequency & Duration: periods of human speech was inferred
from ambient sound using the inbuilt device microphone [7]. - Calls & SMS: The
frequency and duration of incoming and outgoing calls, as well as the number
of incoming and outgoing SMS messages is passively logged and recorded by the
CrossCheck application [7,45].
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4 Method

The following section presents the proposed methodology employed in this study,
from prerequisite data pre-processing, through to initial network generation and
statistical analyses. Data pre-processing requires basic resampling and thresh-
olding, with network generation simply based on the correlations within the 10
set EMA questions (see Table 1). As such giving low computational requirements
and ease of re-implementation.

4.1 Data Pre-processing

From CrossCheck’s original study arm, 50 participants have been identified from
which further analysis can be conducted, these individuals were selected for the
quantity and quality of their recorded data. Participants whose engagement was
limited, or who recorded inconsistent and unusable data were omitted from fur-
ther analysis. Whilst both sensory and device usage data is temporally continu-
ous, self-reported EMA responses are only given every 2 to 3 days [45]. However,
each EMA question also pertains to days prior to a given response, as such we
can retrospectively replicate each EMA score to also be concurrent with sensor
data recorded between EMA responses. Any days that fall outside of the 2 day
back fill window are omitted from a participant’s dataset.

Selection of sensor features was based on their ability to effectively capture
defined behavioral contexts, without the need for further processing to map sen-
sor data to a particular context (e.g. it is a reasonable assumption that no loca-
tion data outside of the primary residence indicates not leaving the home, and
that no calls or detected conversations indicates not verbally socializing). Table 2
lists these selected features and their corresponding categories. These categories
are created based on 2 factors; first relating to the veracity of the behavioral
context that the data represents as stated above, with the second factor being
based on well understood behavioral contexts for this SMI, such as social iso-
lation and sociability. Along side these features random sampling of unfiltered
data is also conducted from which an empirical distribution is generated, this
serves as a baseline from which comparisons can then be made.

Table 2. Selected behavioral contexts and their corresponding categories.

Behavioral Feature in a 24 h period Periods of Social Isolation Periods of Sociability

Baseline Random Unfiltered Sample Random Unfiltered Sample

Locations Visited No locations visited ≥ 1 locations visited

Calls Made No calls made ≥ 1 calls made

Calls Received No calls received ≥ 1 calls received

SMS Messages Sent No SMS messages sent ≥ 1 messages sent

SMS Messages Received No SMS messages received ≥ 1 messages received

Conversations Detected No detected conversations ≥ 1 detected conversations
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4.2 Network Structure Estimation and Description

Although participant data is initially chronologically ordered, filtering according
to a selected behavioral category, either social isolation or sociability, results in
time-series segmentation. This segmentation necessitates the identification of a
statistical model that can account for this lack of temporal consistency. Corre-
lation network models applied to cross-sectional data deal well with this lack of
consistency, as they are effective at visualizing relationships between variables
at a specific point in time [10]. As a result we can use this model to gener-
ate networks for each person that represent an aggregated average for a sample
taken from each selected behavioral category. This allows us to compare network
structures of EMAs when participants are, for instance, spending time socially
isolated (e.g. remaining at home) or engaging socially (e.g. visiting locations
outside of their home). Structurally, EMAs are represented as network nodes
with edges between nodes visualizing the linear relationship between each. The
strength and sign of any given relationship is defined by the correlation coeffi-
cient. Numerically, correlations between nodes range between −1 and 1; with −1
indicating a perfect negative relationship, 1 a perfect positive relationship, and
0 no relationship at all. Pearson’s R Correlation Coefficient is used to calculate
the associations between all 10 EMA nodes. For each behavioral context two
networks are generated, one for each category within a given behavior (Table 2).

4.3 Permutation Testing

To discern whether variations in each behavioral context and their observed
network structures differ in statistically meaningful ways, permutation testing is
used. The goal of which is to evaluate the null hypothesis that these variations
have no discernible concurrence with a participant’s self-reported EMAs.

Fig. 2. Permutation testing process for Daily Number of Locations Visited, net-
works are generated using concurrent EMAs from each behavioral category, in turn
allowing for the calculation of differences in network connectivity.

Procedurally, permutation testing requires a selected behavior to be filtered
according to predefined categories (see Table 2). A network is generated for each
category using a 25 day sample, at the end of each permutation the observed
difference in network connectivity is calculated by subtracting the sum of the
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network matrices from each other. In probability theory, Central Limit Theo-
rem (CLT) suggests a sample size of approximately 30, however, to maximise the
number of viable participants a reduced sample size of 25 days is used throughout
the permutation testing process. Repeated 2000 times, a new observed difference
in network connectivity is calculated for each permutation, from which a distri-
bution of these differences is then produced. Figure 2 demonstrates this process
using the daily number of locations visited as an example.

The resulting distribution of differences in network connectivity for a given
behavior can then be compared with a baseline distribution. This baseline under-
goes the same testing process but is generated using randomly sampled data, and
serves as an empirical distribution from which comparisons can then be made.
To measure statistical significance, paired-sample t-testing is used to compare a
given behavioral distribution with the empirical baseline distribution. The result-
ing t-score and p-value can then be used to confirm or reject the null hypothesis
that a selected sensor based behavioural context has no discernible influence over
an individual’s network connectivity.

5 Results

In this section we present the findings of our analysis; first detailing results for
a single participant, and then at a wider level for multiple participants.

5.1 Example of an Individual CrossCheck Participant

Having recorded 330 days of usable data, this individual returned results across
5 of the 6 selected behavioral contexts. Figure 3 visualizes the results produced
during permutation testing for each behavior according to networks generated
using only positive, and only negative EMAs (see Table 1).

(a) Positive EMAs Only (b) Negative EMAs Only

Fig. 3. Side-by-side comparison of permutation test results for a single individual across
all selected behavioral contexts as well a baseline test - networks generated during
testing process used positive EMAs only versus negative EMAs only

In each instance, we observe differences when comparing each behavior to
a baseline distribution, for example in Fig. 3a, we observe a baseline mean of
0 compared to a mean of 4.7 in detected conversations. Focusing in on daily
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number of locations visited, there is not only an observable difference between
behavior and baseline, but there is a notable difference when comparing positive
and negative EMAs.

(a) Positive EMAs Only (b) Negative EMAs Only

Fig. 4. More detailed analysis of participants results for both their baseline distribution
(Blue) and Number of Locations Visited distribution (Red). Figure 4a clearly shows
an observable difference between the baseline distribution and the behavioral context
distribution for positive EMAs. (Color figure online)

Figure 4 provides a more detailed visualization of this participant’s baseline
distribution (in blue) and variations in their daily number of locations visited (in
red). Upon visual inspection, there is a clear observable difference in distribu-
tions produced using positive EMAs (Fig. 4a) when compared to those produced
using negative EMAs (Fig. 4b). This suggests that, for this participant, there
is a noticeable impact on their self-reported positive EMAs when factoring in
variations in the daily number of locations visited. Table 3 provides a break-
down of these results across all EMA groups, with a consistent p-value < 0.001
indicating these results are statistical significant. Moreover, we see a more size-
able t-score for this participant’s positive EMAs (−72.78), further suggesting
that variations in this behavioral context impacts this individual’s self-reporting
habits - particularly for their positive EMAs.

Table 3. Participant’s baseline and Daily Number of Locations Visited test
results, including mean (x̄), standard deviation (σ), t-score (t) and p-value (p)

Baseline Daily Number of Locations Visited

x̄ σ x̄ σ t

All EMAs −0.44 9.06 17.30 6.22 −55.62 *

Positive EMAs 0.05 2.28 4.61 1.55 −72.72 *

Negative EMAs −0.05 3.80 1.83 3.07 −13.21 *

* p < 0.001

Whilst numerically these results indicate a statistical significance for this
particular behavioral context; network generation provides a visualization of the
relationship between EMAs. Figure 5 provides a side-by-side comparison between
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two networks that each visualize one of the two categories for variations in the
daily number of locations this individual participant has visited.

(a) Days with 0 locations visited (b) Days with 1 or more locations visited

Fig. 5. Cross-Sectional Networks for Daily Number of Locations Visited. Nodes:
DEPressed, HARm, SEEing Things, STRessed, Hearing VOIces, CALm, HOPe,
SLEep, SOCial, THInking Clearly. Thicker edges denote stronger relationships with
blue edges indicating positive correlations and red negative. As expected, one can
observe positive relations between positive EMAs (i.e., when this person reports one
positive EMA, they are more likely to report others, too); positive relations between
negative EMAs; and negative relations between positive and negative EMAs. (Color
figure online)

Both networks in Fig. 5 present strong positive relationships between audi-
tory and visual hallucinations, however, on days where this participant remained
at home (see Fig. 5a) we see a much more complex network with the presence of
stronger edges in greater numbers. A visual analysis of these two networks sug-
gests that, for this particular participant, there is a beneficial link between social
engagement (interacting with locations away from home) and improvements in
self-reported EMAs. In particular, Fig. 5a illustrates strong negative relation-
ships between each hallucinatory node and feelings of calm and hopeful, this
suggests that increased instances of one has a detrimental impact on the other.
For example, hallucinations experienced at home could have a more noticeable
detrimental impact on this participant’s ability to feel calm and hopeful; like-
wise it could also suggest that feeling calm within this participant’s own home
reduces the likelihood of them experiencing increased hallucinations.

5.2 By Behavioral Context

In the interest of brevity the following results focus on the analysis of all 10
EMAs for three specific behavioral contexts. The daily number of calls made,
daily number of conversations detected and daily number of locations visited.

Daily Number of Calls Made & Detected Conversations: Fig. 6 presents the dis-
tributions of 6 participants who each returned results for both the daily number
of calls made and number of conversations detected.
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(a) Baseline (b) Calls Made (c) Conversations

Fig. 6. Results across for all 10 EMAs for participants who returned results for both
selected behavioral contexts - Daily Number of Calls Made and Daily Number
of Detected Conversations. Plot color varies depending on statistical significance
when using pair-sampled t-testing to compare with the baseline distribution - blue if
p < 0.05 otherwise plot remains grey. (Color figure online)

As expected, the baseline distributions in Fig. 6a indicate a mean close to 0,
demonstrating the consistency of randomized sampling. However following the
same process as with the previous individual’s results, a comparison between each
participant’s baseline distribution and behavioral context distribution demon-
strates varying degrees of difference - further highlighting the individuality of
participant data.

Table 4. Participant results for paired-sample t-testing between their baseline distri-
bution and both Number of Calls Received and Calls Made. For each behavior results
include; mean (x̄), standard deviation (σ), t-score (t), and p-value (p).

ID Baseline Daily Number of Calls Made Daily Number of Conversations

x̄ σ x̄ σ t x̄ σ t

07 −0.18 8.75 15.45 4.97 −49.65 * 14.67 6.57 −46.80 *

11 −0.02 6.81 −8.47 5.43 44.06 * 0.24 5.41 −1.24

13 −0.01 5.33 −4.73 4.90 19.93 * 1.00 4.09 −4.91 *

14 −0.27 10.62 −12.40 9.58 39.43 * 3.88 9.51 −13.01 *

43 −0.42 13.63 −5.45 12.12 12.91 * 14.43 11.44 −37.31 *

64 −0.11 4.88 1.55 4.61 −9.79 * −4.16 5.00 23.47 *

* p < 0.001

Table 4 provides a breakdown of results for each participant visualized in
Fig. 6. Whilst in most cases analysis of these two behaviors produces a statisti-
cally significant p-value (p < 0.001), there is one instance where this is not the
case - participant 11 for daily number of detected conversations. A population
level analysis, or an unfiltered analysis would have obscured this outlier indi-
vidual given the variability in distributions across each participant. Moreover
participant 07, the same participant analysed previously (see Sect. 5.1), presents
significant differences for each of these behavioral contexts; further strengthen-
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ing the hypothesis that for this participant activities associated with sociability
and social engagement have a marked influence on their self-reported EMAs.

Daily Number of Locations Visited: The following results are from 8 participant’s
who returned distributions for this behavioral context across all 10 EMAs.

(a) Baseline (b) Locations Visited

Fig. 7. Results across for all 10 EMAs for participants who only returned results
for Daily Number of Locations Visited. Plot color varies depending on statistical
significance when using pair-sampled t-testing to compare with the baseline distribution
- blue if p < 0.05 otherwise plot remains grey. (Color figure online)

The side-by-side plots in Fig. 7a visualize both the baseline and behavioral
context distributions for each valid participant, again, we observe statistical sig-
nificance (p < 0.05) across each individual. Table 5 provides a numerical break-
down of these distributions.

Table 5. Results across for all 10 EMAs for participants who returned results for
Daily Number of Locations Visited. Results include; mean (x̄), standard deviation
(σ), t-score (t), and p-value (p).

ID Baseline Daily Number of Locations Visited

x̄ σ x̄ σ t

07 −0.07 8.76 17.42 6.40 −55.33 *

14 0.44 10.28 −32.71 8.16 112.87 *

30 0.09 5.60 8.96 4.15 −56.95 *

31 0.10 4.43 3.80 4.39 −21.34 *

41 −0.03 7.84 3.34 7.14 −6.05 *

44 −0.09 8.21 −6.26 8.56 22.57 *

54 0.09 10.32 10.81 6.80 −35.19 *

59 0.13 16.00 1.54 13.96 −2.25 **

* p < 0.001, ** p < 0.05

As with previous behavioral contexts, the results presented in Table 5 further
demonstrate the unique behavioral patterns of each participant. Whilst in certain
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participants we observe a reduced difference between distributions, participant
14 returns a significantly larger result (t = 112.87), suggesting that visiting
locations outside of the home has an influence over how this individual reports
their EMAs. Continued analysis of each behavioral context at a positive and
negative EMA level would yield insights into whether or not this influence is
specific to one set of EMAs more so then the other.

6 Discussion

This paper presents an application of an n-of-1 network analysis, leveraging
qualitative EMA data whilst factoring in changes and differences in behavioral
context measured via sensor data. Specifically, our method allows researchers
and clinicians to study, in both exploratory and confirmatory ways, to which
degree mental health variables collected via EMA as well as the relation among
variables in networks differ across situations. As such, the proposed method pro-
vides an inroad to combining multimodal data sources in clinical research and
practice, with the goal to enable the potential development of bespoke treat-
ment/management pathways. As an example, the results produced in Fig. 4
reveal that, for this participant at least, not leaving the home significantly
changes the way this person reports on his/her positive EMA questions. This
new insight coupled with the structure of generated networks could give qualita-
tive actionable information, enabling timely and adaptive interventions for this
person’s care going forward [34]. The next step from this approach will be to
expand this methodology and to represent this information in a format this is
comprehensible and explainable to the larger psychiatry community.

In summary, the task of how to meaningfully analyse multimodal behavioral
sensor data with a complex array of concurrent qualitative self reported data
is not well understood, particularly for SMI applications. In this analysis we
demonstrate an n-of-1 network analysis approach applied solely to self-reported
contextual behavioral data. Networks generated from these distinct periods of
behavioral context reveal differences in self-reporting habits, differences beyond
chance. This is a first stage indicative approach for datasets similar to Cross-
Check which is computationally inexpensive, easily deployed and may lead to
actionable clinical insights. However further studies are required to better under-
stand how such insights can be utilized in practice, which are clinically effective
but that are also compliant of ethical, regulator and legal requirements.
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