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Abstract

The availability of mobile technologies has enabled the efficient collection of prospective
longitudinal, ecologically valid self-reported clinical questionnaires from people with
psychiatric diagnoses. These data streams have potential for improving the efficiency
and accuracy of psychiatric diagnosis as well predicting future mood states enabling
earlier intervention. However, missing responses are common in such datasets and there
is little consensus as to how these should be dealt with in practice. In this study, the
missing-response-incorporated log-signature method achieves roughly 74.8% correct
diagnosis, with f1 scores for three diagnostic groups 66% (bipolar disorder), 83%
(healthy control) and 75% (borderline personality disorder) respectively. This was
superior to the naive model which excluded missing data and advanced models which
implemented different imputation approaches, namely, k-nearest neighbours (KNN),
probabilistic principal components analysis (PPCA) and random forest-based multiple
imputation by chained equations (rfMICE). The log-signature method provided an
effective approach to the analysis of prospectively collected mood data where missing
data was common and should be considered as an approach in other similar datasets.
Because of treating missing responses as a signal, its superiority also highlights that
missing data conveys valuable clinical information.

Introduction

The rapid emergence of mobile technologies has transformed the way in which mental
health data can be collected. Until recently clinicians were wholly reliant on anamnestic
approaches and were hampered by the inaccuracy of retrospective recall regarding
psychiatric symptoms. Mobile technologies have enabled the efficient capture of
self-reported symptoms in an ecologically valid and prospective manner. A number of
different approaches to the analysis of longitudinal mood data have been

employed [3,4,6]. However missing data is ubiquitous and poses a significant
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methodological challenge. Mood data may be missing unrelated to mood state or in fact
be a consequence of current mood state. Such missingness could be considered as a
complex status of the three missingness mechanisms defined in [16], namely, missing
completely at random (MCAR), missing at random (MAR), and missing not at random
(MNAR). Standard approaches such as mean imputation may inadvertently lead to the
loss of important information [7].

We therefore proposed a missing-response-incorporated log-signature-feature-based
(MRLSF) machine learning model which encodes missing values to a signal. The real
challenge of incorporating missing data as a channel is that the resulting data stream is
asynchronous. That is to say, events in different channels happen at different times. In
particular, one does not get mood data and the omission of mood data happening at the
same time. Rough path theory and (log-)signatures provide a robust theoretically

justifiable framework for analysing multi-dimensional asynchronous streamed data [17].

By pipe-lining these two processes: a) recording the omission of data as a new channel,
b) the signature approach to analysing the resulting asynchronous data, we establish a
novel and moderately generic approach to handling missing data and demonstrate its
value for the analysis of the mood data.

In a previous analysis we demonstrated that a signature-feature model could be
successfully applied to 6-dimensional self-reported mood data [3], however missing data
was excluded for analysis. In this study, we used this missing-response-incorporated
log-signature-feature-based machine learning model to re-analyse weekly mood data
collected from the AMoSS study [31] which used self-reported mood data and wearables
to distinguish between individuals with bipolar disorder (BD), borderline personality
disorder (BPD) and healthy controls (HC). We sought to test whether this new analytic
approach was superior to a standard approach to mood quantification, which adopts the
mean metric without considering missing values [31], in its ability to distinguish these
diagnostic groups. The performance was further compared to various commonly-used
imputation methods: k-nearest neighbors (KNN) [30], probabilistic principal
components analysis (PPCA) [10,13] and random forest-based multiple imputation by
chained equations (rfMICE) [22,26].

Methods

Data

Participants with BD or BPD and healthy volunteers reported their mood and health
using Altman Self-Rating Mania Scale (ASRM) [1], the Quick Inventory of Depressive
Symptoms (QIDS-SR16 or QIDS for short) [23], EQ-5D (EuroQoL) and the Generalised
Anxiety Disorder Assessment (GAD-7) [27]. ASRM is a short, five-item self-assessment
questionnaire assessing the presence and severity of manic or hypomanic symptoms. A
score of ASRM above 5 is claimed to indicate a manic episode [1]. QIDS-SR16 contains
16 items covering the nine DSM-IV symptom criterion domains [2] with the total score
ranging from 0 to 27. A score of QIDS above 10 indicates moderate or very severe
depression. EQ-5D is a standardised validated instrument assessing mental health
status, and only the item where participants quantify their quality of life (0-100%) was
used. The reported population mean in the UK is 82.8 [28]. GAD-7 contains seven
items which measure severity of various signs of GAD, with the total score ranging from
0 to 21. A score of GAD-7 above 10 indicates moderate or severe anxiety. These four
questionnaires allow one to track participant’s mood and health over time.

ASRM, QIDS, EQ-5D and GAD-7 data were collected from 142 individuals as part
of the AMoSS study [31] and the participants completed standardised questionnaires on
a weekly basis using the True Colors mood monitoring system [9] after receiving a text
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or email prompt. Two of the 142 participants either withdrew consent or had no clinical
diagnosis and were therefore excluded from analysis. We further excluded one
participant who failed to provide at least ten weeks data as part of the analysis is based
on information in data of at least ten weeks. Of the remaining 139 participants, 53 were
diagnosed as bipolar disorder and 34 were borderline personality disorder. The
demographic details of the participants are summarised in Table 1. The four different

types of data were aligned based on calendar weeks during per participant’s entire study.

The duration of one participant’s entire study is defined as the time period of their
task-active weeks. All identical duplicate values were checked and removed, and only
the first response of a week was kept if multiple responds happened within that week.
Each participant was associated with a stream of four-dimensional scores for ASRM,
QIDS, EQ-5D and GAD-7. A score of ‘-1’ represents a missing response.

Table 1. Demographic characteristics of the three groups (the appropriate distributions are summarised in
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Group | Recruited | For analysis | Weeks in study | Ages | Gender(males)
BD 54 53 52+12 38+20 | 19

HC 52 52 5242 37420 | 19

BPD 34 34 52+1 34+13 | 3

Recruited: The number of participants in each of the three groups who participated in the study without withdrawing
consent or having no clinical diagnosis;

For analysis: The number of participants in each of the three groups who have been identified as recruited and also
provided at least two weeks data

For each participant we computed the mean of their weekly scores for the mood
vector [ASRM, QIDS, EQ-5D, GAD-7]. We can associate with any collection of
participants a covariance matrix reflecting the correlations of the moods. We computed
these correlations for each diagnostic group and compared them. In the following
matrix, each cell contains correlations between outcomes of two tests, listed for BD, HC
and BPD sub-populations. Note different diagnostic groups give different pairwise
correlations.

ASRM QIDS EQ-5D GAD-7
ASRM 1.00 0.11,0.19,—-0.10 0.04,0.18,0.42 0.19,0.19, —0.07

QIDS 1.00 ~0.72,-0.14,-0.64  0.81,0.71,0.82
EQ-5D 1.00 —0.56, —0.15, —0.60
GAD-7 1.00

We had two ways of summarising the data streams and investigating the prevalence
of missing responses in different diagnosis groups. Looking at one of ASRM, QIDS,
EQ-5D and GAD-7 and one of the diagnostic groups, we can ask what percentage of the
group failed to complete the assessment, what percentage of the group got a score below
the cutoff, what percentage of the group got a score above the cutoff. This data is
presented in Fig 1. One notes both BD and BPD patients were more likely to have
missing responses.

(a) ASRM.
(c) EQ-5D.

(b) QIDS.
(d) GAD-T.

Fig 1. Bar charts: the proportion of time each participant group spent in the
respective clinical states for each questionnaire (ASRM, QIDS, EQ-5D and GAD-7),
where the total numbers of weeks for BD/HC/BPD are 3143/2816,/1991.
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Furthermore, for each participant we calculated the proportion of weeks giving
missing responses per type of questionnarie over the period of the study. Within each
diagnostic group, we computed and plotted the medians (4 the interquartile range) as
in Fig 2. Consistent with Fig 1, HC had clearly the lowest median values for the number

of unreturned questionnaires and BPD, on the contrary, had the highest median values.

Fig 2. Boxplot: the proportion of missing responses per participant (median + the
interquartile range) in each of three diagnosis groups.

Ten-week windows

To make the most of the small dataset, we split each participant’s mood data into a
sequence of ten-week windows, and analysed this collection of ten-week data streams.
This generated 6690 four dimensional streams with ten-week data drawn from 139
participants. If instead using 20-week observations as described in [3], we would have to
exclude 13 of 140 participants whose duration is less than 20 weeks. One consequence of
this approach is that the mood sequences captured in the different streams maybe
highly correlated since there will be many windows from any individual. For this reason,
the validation of our analysis needs to be done with care. Because of this we used k-fold
cross-validation such that each individual was in the hold-out set once and the model
was retrained without them. We then tested the model on this individual’s windowed
data.

Ethic Statement

The study protocol was approved by the NRES Committee East of England—Norfolk
(13/EE/0288) and all participants gave written informed consent.

Features extraction
Log-signature features

In recent year, signatures of continuous paths generated from longitudinal data is
considered as an efficient feature set for learning purpose because of its nature to
capture the order in which events occur and the nonlinear effect of the evolving
systems [18]. So far, the signature method has significantly contributed to automated
recognition of Chinese handwriting [8,34], formulation of appropriate stochastic partial
differential equations to model randomly evolving interfaces [11,12], skeleton-based
human action recognition [15,34, 35], diagnosis of Alzheimer’s disease [19] and speech
emotion recognition [32,33]. Some of them utilised log-signature features instead of
signature ones to benefit from dimension reduction, where the log-signature of a path is
indeed the logarithm of its signature.

Signatures: the definition Consider R%valued time-dependent,
piecewise-differentiable paths of finite length. Such a path X mapping from time
domain [a, b] to R? is denoted as X : [a,b] — R?. For short we will use X; for
X(t),t € [a,b]. Each coordinate path of X is a real-valued path and denoted as
X' i € [d] with [d] := {1,...,d}. The signature of a path X : [a,b] — R, denoted by
S(X)a,p, is the infinite collection of all iterated integrals of X. That is,

S(X)ap = (1,8(X)L,, ..., S(X),, S(X)b), 8(x)2 ), (1)

a,br a,b» a,b? a,b’
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where, the first term is 1 by convention, and the superscripts of the terms after the first

term run along the set of all multi-index {(41,...,9)|k > 1,41,...,% € [d]} with the
coordinate iterated integral being
S(X) = / = / dX;r .. dX k. (2)
’ a<tp<b a<ty<ts

The finite collection of all terms S(X )Zl g'"i’“ with the multi-index of fixed length k is
termed as the kth level of the signaturej The truncated signature up to the pth level is
denoted by |S(X)a,p]p- In machine learning context, truncated signature features are
always obtained by truncating the original signature to some finite level.

Signatures as a natural feature set For a path of finite length, the corresponding
signature is the fundamental and faithful representation that ensures that the
incremental effects of the path can be locally approximated by linear combinations of
signature elements and any functionals on the path can be rewritten as a function on
the signature (also known as universality of the signature). Moreover, the signature
feature is able to deal with data streams of various length and unequal time spacing by
its nature. Reparameterising a path does not change its signature, which allows
signature features remain the same regardless of different sampling rates of data streams
or time series.

Log-signatures The log-signature of a path is defined as the logarithm of the
signature of the path X, i.e., log(S(X)), denoted by 1S(X). Because the logarithmic
map is bijective, there is a one-to-one correspondence between the signature and the
log-signature. The big advantage of logarithmic signatures compared to signatures is
that they further reduce the dimension of the input while preserving most of signature
properties. Note that the log-signature does not have universality as the signature, and
thus it needs be combined with non-linear models for learning task.

Log-signatures from discrete data For a discrete data stream x = (xl, . ,xn),
where x contains n observations, and the ith observation x;, i € [n], is assumed to be a
d-dimensional column vector at the ¢th time point, one needs to convert it to a
R?-valued path of finite length via piecewise linear interpolation or other transforms in
order to compute log-signature. The availability of Python packages disignature [21] and
esig allows easy calculation of log-signature, where the linear interpolation is
implemented automatically by the packages.

Encoding missing data

Among all the 139 valid participants in our study, 90% missed a response on a least one
occasion during their task-active weeks. Log-signature features allow missing responses
to be included in the analysis without the need for imputation. To achieve this, the
missing events are translated into a new counting process [16] in an accumulative
manner. An example is illustrated below for the procedure.

ASRM QIDS ASRM QIDS Missing
Week 1 T 1 T Y1 0
Week 2 -1 Y2 T Yo 1
Week 3 1 1 | = 1 Yo 3
Week 4 T4 Y4 Ty Y4 3

The left block contains 2 dimensional data of four consecutive observations, where -1
represents one missing observation; in the right block all missing places are filled with
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valid values that happened in the corresponding nearest past, while an additional
dimension is added to count missing events cumulatively at each time points.

In the general case, if one works on data with N many time points, the accumulative
missing counts can be generated for each of the N time points by calculating the sum of
missing observations up to that particular time point; meanwhile each missing
observation, i.e., input ”-1” in our case, is replaced by the valid value that happened in
the nearest past, which is referred as the feed forward method. This does not imply that
the missing responses are assumed to take the same value as their nearest valid
responses. By doing this, the increments in both observation and missing counts can be
preserved and captured, which are indeed the most critical characteristic in the
log-signature method together with their functionals [18].

After transforming missing responses, one then normalises and accumulates the data
like in [3] to make it scale-free in order to apply log-signature transformation. Note that
the description above can be applied to signature features.

The workflow

For our purpose, we extracted the consecutive concatenated observations for each
participant, incorporated the missing data, divided it into ten-week streams and then
calculated the corresponding log-signature features via Python package iisignature,
where the log-signature features were truncated to level 3. To distinguish from standard
log-signature features, our features were named the missing-response-incorporated
log-signature features (MRLSF).

Fig 3. The workflow of feature extraction.

Signature-based classification

In order to investigate the role of ASRM, QIDS, EQ-5D and GAD-7 scores in
differentiating between healthy controls and different patient groups, a
missing-response-incorporated log-signature-based classification model (MRLSM) was
developed to classify the diagnostic group a participant belonged to. We conducted a
3-fold cross-validation on participant level. For each of 139 participants, all streams of
10 consecutive concatenated observations, no matter missing or not, was collected and
transformed to MRLSF for this task, with their labels the same as the diagnostic group
of this particular participant. Note that there are no cross-over between the streamed
data of participants in the train set and the ones in the corresponding hold-out set. The
proposed model was based on a random forest classifier and was trained on the
input-output pairs, i.e., MRLSF and their labels, of each training set and predicted
class probabilities on MRLSF from the hold-out set. As a by product, ten most
significant variables of MRLSF were identified.

Participant-level classification Note that the predicted probabilities and therefore
the predicted labels obtained above are for ten-week data streams. Both hard and soft
voting [14,20,24] were applied to obtain predicted labels for each participant. In a hard
voting, also known as majority voting, the majority wins. The soft voting predicts a
label based on the largest predicted value of the sum of the predicted probabilities.

Comparison models For comparison, we attempted a naive method which was
justified by clinic practice and several state-of-the-art imputation methods. For the
naive method, a random forest classifier was trained on features extracted through a
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clinic-used metric based on the average score in each category over the valid scores in
ten consecutive observations. We assessed three different imputation methods:
K-nearest neighbors (KNN), probabilistic principal component analysis (PPCA) and
randon-forest-based-multiple imputations by chained equations (rfMICE), where the
last two have been used and compared in healthcare research [13]. The mechanics of
three imputations are different: KNN defines a set of K-nearest neighbors for each
weekly observation and then replaces the missing response for a given variable by
averaging non-missing values of its neighbors; PPCA as a variant of vanilla PCA,
estimates missing data on an expectation-maximization algorithm [29]; MICE creats
multiple imputations for multivariate missing data through an iterative algorithm based
on chained equations which utilises an imputation model specified separately for each
variable and involves the other variables as predictors. For these imputation methods,
we imputed missing responses first, extracted all the four-dimensional ten-week streams
for each participant and trained a random forest classifier on the flattened vectors of
data streams. The performance of MRLSM at level 3 and the ones from comparison
models for classifying the diagnostic groups were measured in terms of accuracy.
Meanwhile the confusion matrices of methods were generated to allow more detailed
analysis, from which f1 scores for different diagnostic groups were computed. To assess
the separation ability of different methods, we created the receiver operating
characteristic curves (ROC) at various threshold settings and computed areas under
curve (auc). Separately, we examined the raw data of these patients who were only
identified by MRLSM.

Spectrum analysis To further test the performance of the MRLSM (level 3), we
investigated the likelihood of each of the three groups being categorised into the correct
group. The probability vector of each participant being classified into each group was
calculated and then projected onto the equilateral triangle, with each vertex
representing one of the three groups. For example, if the inferred probabilities of one
participant being classified as BD, HC and BPD are 0.1, 0.5 and 0.4 respectively, then
the corresponding probability vector is [0.1,0.5,0.4]. This vector is indeed on a
3-dimensional triangle surface [p, ¢, 1 — p — g], with non-negative p,q and p+ ¢ < 1.
This triangle is the equilateral triangle that all the inferred 3-dimensional probability
vectors will be sitting on. In order to demonstrate group-dependent characteristics, the
probability vectors of patients from the same group were visualised in the same
3-dimensional equilateral triangle surface.

Summary We used the publicly available Python iisignature package (version 0.23)
to calculate log-signatures of data streams, Python numpy package (version 1.19.0) for
data manipulations and processing, Python scikit-learn package (version 0.24.0) for
KNN imputation, machine learning tasks and matplotlib for plotting and graphics
(version 3.2.1). For PPCA and rfMICE imputation, we relied on pca-magic package
(https://github.com/allentran/pca-magic) and miceforest (version 2.0.3) respectively.

The study was approved by the NRES Committee East of England—Norfolk
(13/EE/0288).

A summary of models can be found in Table 2.

Results

Classification of the diagnostic group

Under majority voting, MRLSM (level 3) categorised 74.8% of participants into the
correct class while the naive model only classified 64.0% of participants correctly. The
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Table 2. A summary of models, where MR is short for missing responses, RF short for random forest.

Task Base model | Raw data | Model Feature extraction
length MR integration Signatures

Classification | RF classifer | 10 MRLSCM (level 3) | Yes Yes

Naive model No No

KNN model Yes No

PPCA model Yes No

rfMICE model Yes No

accuracies from KNN, PPCA and rfMICE were 70.5%, 68.3% and 67.0% respectively.
Accuracies of the performance under soft voting can be found in Table 3. The accuracy
from MRLSM improved with transformation of missing responses, indicating that
missing responses bring additional information and therefore enhance the performance
of the model.

Table 3. Accuracies for group classification under hard and soft voting schemes using different models.

Voting scheme | MRLSM | Naive model | KNN | PCCA | ffMICE
Hard 74.8% 64.0% 70.5% | 68.3% 67.0%
Soft 72.7% 62.5% 69.8% | 67.6% 67.2%

We also output confusion matrices from different models, which illustrated the
detailed correct and false classification for each group and allowed for computing f1
scores in Table 4. Table 4 shows that the MRLSM had the highest f1 score in all three
classes. All models achieved their lowest f1 scores for classifying BD. However, by
encoding the missing information into the model, the ability of classifying BPD was
significantly enhanced by 24% from 0.533 (the naive model) to 0.660 (MRLSM). Note
that all imputation-based models were superior to the naive model in recognising
bipolar patients. Among imputation methods, KNN achieved the best performance. For
further comparision, we presented confusion matrices from MRLSM, the naive model
and KNN in Fig 4.

Table 4. f1 scores for group classification under hard and soft voting schemes using different models.

Model BD HC BPD

Hard Soft Hard Soft Hard  Soft
MRLSM 0.660 0.634 | 0.830 0.822 | 0.750 0.714
Naive model | 0.533 0.514 | 0.741 0.741 | 0.646 0.615
KNN 0.610 0.604 | 0.811 0.807 | 0.687 0.676
PPCA 0.580 0.574 | 0.792 0.811 | 0.667 0.620
rfMICE 0.603 0.602 | 0.784 0.796 | 0.600 0.613

Fig 4. Confusion matrices of MRLSM, the naive model and KNN model. Upper:
MRLSM. Middle: the naive model. Bottom: KNN.

The receiver operating characteristic curves for three groups from all models under
hard voting were plotted with 95% confidence level in Fig 5 with areas under curve
(auc) recorded in the brackets. AUC values were calculated in the one-vs-rest fashion.
MRLSM had the best ability in identifying all diagnostic groups in terms of auc.
Consistent with f1 scores in Table 4, all models had their lowest auc from ROC of
bipolar group, which implies it is more likely for bipolar participants to be misplaced
into the other two groups.
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Fig 5. Receiver operating characteristic curves with 95% confidence interval for all
models. Upper: MRSCM (left) and naive model (right); Middle: KNN (left) and PPCA
(right); Lower: rfMICE.

Further comparison

We examined the raw weekly data from participants who were recognised by MRLSM
only. For this purpose we picked two participants as examples, one with high proportion
of missing responses and another one with full record.

The first example is a participant who missed over 70% weeks during their entire
study. To be de-identifiable, Fig 6a shows weekly data of a randomly picked ten-week
window, where one can observe three responses among the ten weeks. Given the high
prevalence of missingness, we were not surprised that the imputation methods KNN,
PPCA and rfRICE did not give reliable inference and thus led to wrong classification
results. MRLSM on the other hand, treated missing values as a new signal, extracted a
more faithful representation features and concluded a correct diagnosis.

The second example is a participant who did not miss a week during their
participation in the study. In this case, no imputation is required and the naive model,
which averages weekly scores, draw a wrong conclusion. Perhaps because this
participant had comparably higher or lower average scores than other participants in
the same diagnostic group. MRLSM recognised this participant. A significant part of
the signature score came from the sudden mood changes, which you may observe from
Fig 6b, even though this event occurred over short period of time.

(a) One participant who missed over 70%  (b) One participant who who did not miss a
weeks. week.

Fig 6. Randomly sampled ten-week data trajectory (weekly self-reported scores from
ASRM, QIDS and missingness) of two participants who were recognised by MRLSM
only. One participant missed over 70% weeks and another one did not miss a week.

Feature importance

The random forest algorithm we used presents a ranking of feature importance. We
examined this ranking. The ten features of MRLSM ranked most significant are briefly
summarised in Table 5. This ranking placed the accumulated incremental effects from
scores of the four questionnaires and the missing signal as the most important. However,
the higher-order interaction effects involving the missing signal also played an important
role in decision making for classification.

Spectrum analysis

In Fig 7, the triangle spectrum of the predicted diagnosis from MRLSM are plotted. In
each of the plots, the regions of highest density of participants are located in the correct
corner of the triangle. The greatest consistency is with the healthy participants.
Meanwhile, the probabilities of misdiagnosis to other groups can be measured by
comparing the distances to the other two vertices to the distance to the right vertex.
For instance, one can deduce from the middle subplot that the likelihood of misplacing
healthy participants into the borderline group is very low. The lower subplot shows the

other way around: BPD participants are unlikely to be misidentified as healthy control.

The upper subplot shows that the bipolar participant can be misidentified as healthy
control or BPD with similar probability.

October 23, 2022

9/14

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

283

284

285

286

287

288

289

290

291

292

293

294

295



Table 5. Feature
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importance of the MRLSM.

Rank | Importance | Feature interpretation

1 0.1506 Incremental effects of QIDS

2 0.1113 Incremental effects of GAD-7

3 0.0990 Incremental effects of EQ-5D

4 0.0512 Incremental effects of ASRM

5 0.0126 Incremental effects of the missing signal

6 0.0119 Interaction among EQ-5D, GAD-7 and the missing signal
7 0.0111 Interaction among QIDS, GAD-7 and the missing signal
8 0.0108 Interaction between QIDS and GAD-7

9 0.0108 Interaction between EQ-5D and the missing signal

10 0.0107 Interaction between GAD-7 and the missing signal

Fig 7. Density plots for the predicted diagnosis from MRLSM: darker blue areas
indicate higher density values, i.e., events that are more likely to happen, and vice versa;
red lines indicate the 75% (the lightest red), 50%, 25% (the darkest red) boundaries of
density contours, i.e., the events within the area enclosed by the 75% contour line is
with probability 75% to happen. Upper: density plot of the predicted diagnosis for BD
group. Middle: density plot for the predicted diagnosis for HC group. Lower: density
plot for the predicted diagnosis for BPD group.

Discussion

This paper introduces the missing-response-incorporated log-signature random forest
models and have them tested on the concatenated ASRM/QIDS/EQ-5D/GAD-7 data.
The original database consists of longitudinal self-reported mood data. The participant
was reminded to respond once a week, but could respond anytime they wished. The
missing response is defined as having not reported their mood before the next reminder
a week later. At least 25% of the participant enrolled weeks had a missing response (Fig
1). These missing response records are informative and in our view they should be
ignored. By integrating the missing response records into the multimodal stream as an
extra coordinate, and using a genuinely multimodal data analysis, it is straightforward
to extract exact amount of additional information allowing better discrimination
between the diagnostic classes (ie, bipolar disorder, healthy control and borderline
personality disorder). Note that the overall strategy for dealing with missing data we
presented is not specific to this psychiatric context but does rely on having a flexible
and robust approach to analysing multimodal and irregularly arriving data.

Our approach to analysing the irregular multimodal data is effective and has been
successfully used in the range of different applications over the last couple of years.
Signature-based methods were adopted by Perez et al [3] and outperformed
neuroimaging [25] and verbal fluency [5]. We focus on differentiating between the three
diagnostic classes and demonstrate that the missing-response-incorporated
log-signature-based model is superior to a commonly used metric (the naive model) and
to various imputation models. Our result outperforms the approach in [3] because we
take account of the information contained in the missing data. It is interesting to
compare Fig 3 in [3] and Fig 7, the classifications are significantly tighter (more
localised). In addition, a bipolar diagnosis can be confused with a healthy participant or
a borderline personality participant, but there are almost no cases where an individual
with the bipolar diagnosis might be scored equally as a healthy and a borderline
personality participant. Without the missing data information, this case occurred more
frequently in the previous analysis (cf Fig 3 in [3]).
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For most models, the performance of diagnostic group classification (Table 4 and Fig
5) for BD participants was the worst among the three groups, partly due to their
greater range of mood states compared with BPD and partly due to their sparser
trajectories compared with HC. The corresponding f1 score for classification using naive
model was just above 0.5. The poor performance alerted the unreliability of this
commonly used metric in identifying BD participants when missingness commonly
exists. On the other hand, by incorporating extra valuable information like missing
responses into features, the log-signature-based model lifted the f1 score for identifying
BD participants to above 0.65 and for BPD participants to around 0.75, with less than
one fourth BD (resp. BPD) participants being misclassified as BPD (resp. BD).
Compared to KNN, the best model of all imputation methods, MRLSM showed its
significant advantage in recognising BPD and BD, both groups having high proportion
of missing data. This demonstrates the ability of the missing-response-incorporated
log-signature features to capture and learn the inherent differences in patterns of mood
and missingness between BPD and BD.

The good performance of all models in identifying HC is a consequence of much
lower prevalence of missing responses compared to other two groups (Fig 1 and Fig 2).
Under such condition, imputation methods were able to draw reasonable inference based
on adequate available information and MRLSM was still superior to the rest models due
to its ability of capturing the intrinsic patterns and trends of the data streams and
giving faithful representation features. Note that its advantage in fl scores to KNN was
reduced from 5.0% (BD) and 6.3% (BPD) to 1.9% (HC). This implies that the signature
approach is more applicable and favourable when there is more missing data.

By treating missing responses as a signal, the proposed signature approach makes
the previously hidden information visible and the superiority of the signature approach
in turn highlights that missing data conveys valuable clinical information. This was also
supported by the example shown in Fig 6a and feature importance of features involving
the missing signal in Table 5. Note that the top four features in Table 5 have the same
effect as the average scores from naive model. This is because the incremental effect of a
score trajectory can be treated as the difference between the accumulated score in the
initial week and the accumulated score in the ending week, where the latter one amounts
to a multiple of the average score over the period. Equivalently, the features used in the
naive model (and any other models) can be recovered by the (log-)signature features
based on the fact that any functionals on the path can be rewritten as a function on the
signature. This implies that the signature approach outperformed the naive model due
to its correctly extracting useful information hidden in the missing signal.

Spectrum analysis showed the clear separation between BPD and HC in Fig 7 (the
middle and bottom subplots). As a consequence, we had the "V’ shape in the top
subplot, and the overlap between BD and HC groups and the one between BD and BPD
groups were resulted from different causes. The former overlap is consistent with the
analysis in [3] and with clinical experience. While BD is defined by episodes of elated
and depressed mood it is also associated with periods of stable mood. It is also likely
that monitoring of mood enables people to better understand their condition and
proactively take steps to prevent subsequent mood episode. For both of these reasons
an overlap with HC participants is to be expected. Similarly for the latter overlapping,
when one BD participant suffered from depression and mood instability during their
entire study, the corresponding data is much like the data patterns given by most BPDs
and leads to a wrong classification. These effects both suggest that for some participant,
their study length may not be long enough for a conclusion, or that the diagnosis was
wrong or had changed. However, we found a much clearer differentiation between
diagnostic groups than previous work [3] suggesting that the inclusion of missing data
added useful information.
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Compared to the middle subplot of Fig 7, the overlap between BPD and BD in the
bottom one is significant. With the lowest participant number, BPD therefore had the
fewest features for the classification task, which in turn leveraged misclassification.

Limitations and implications

The missing-response-incorporated signature-based features offer a systematic approach
to the analysis of longitudinal self-reported mood data with the presence of
non-randomly distributed missing values. It can be easily utilised with various machine

learning methods for learning tasks on other databases containing missing information.

The reasons for the moderate accuracies using MRLSF are three-fold: the full potential
of signature features is hindered by the small and unblanced dataset, the proposed
feature extraction method might not be the optimal, and the concatenated mood data
was analysed on the overall-score level instead of on the question-score level. In the
future, we would prioritise on two explorations: assessing our proposed method on
different mental health datasets, and adjusting MRLSF to the “optimal”
signature-based feature by adding reasonable metrics/transformations which account for
different attributes.

Acknowledgements

YW and TL received funding from Alan Turing Institute through Engineering and
Physical Sciences Research Council (EPSRC) grant EP/N510129/1 and funding from
EPSRC through the project EP/S2026347/1, titled 'Unparametrised multi-modal data,
high order signature and the mathematics of data science’. GMG is supported by the
Wellcome Trust through a Centre Grant #098461,
https://doi.org/10.35802/098461, titled "The University of Oxford Sleep and
Circadian Neuroscience Institute (SCNi)” and by a Wellcome Trust Strategic Award
(CONBRIO: Collaboration Oxford Network for Bipolar Research to Improve Outcomes,
Reference #102616, https://doi.org/10.35802/102616). KEAS is supported by the
NIHR Oxford Health Biomedical Research Centre. The views expressed are those of the
authors and not necessarily those of the NHS, the NIHR or the Department of Health.
The funders had no role in study design, data collection and analysis, decision to
publish or preparation of the manuscript.

References

1. Altman EG., Hedeker D, Peterson JL., Davis JM. The Altman self-rating mania
scale. Biological psychiatry, 1997; 42.10: 948-955.

2. American Psychiatric Association. Diagnostic and statistical manual of mental
disorders. BMC' Medicine, 2013; 17: 133-137.

3. Arribas IP, Goodwin GM, Geddes JR, Lyons T, Saunders KE. A signature-based
machine learning model for distinguishing bipolar disorder and borderline
personality disorder. Translational psychiatry, 2018; 8.1: 274.

4. Bopp JM, Miklowitz DJ, Goodwin GM, Stevens W, Rendell JM, Geddes JR. The
longitudinal course of bipolar disorder as revealed through weekly text messaging:
a feasibility study. Bipolar disorders, 2010: 12.3: 327-334.

5. Costafreda SG, Fu CH, Picchioni M, Toulopoulou T, McDonald C, Kravariti E,
et al. Pattern of neural responses to verbal fluency shows diagnostic specificity
for schizophrenia and bipolar disorder. BMC psychiatry, 2011; 11.1: 18.

October 23, 2022

12/14

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406


https://doi.org/10.35802/098461
https://doi.org/10.35802/102616

Identifying psychiatric diagnosis from missing mood data through the use of log-signature features

6.

10.

11.
12.

13.

14.

15.

16.

17.
18.

19.

20.
21.

22.

Faurholt-Jepsen M, Frost M, Ritz C, Christensen EM, Jacoby AS, Mikkelsen RL,
et al. Daily electronic self-monitoring in bipolar disorder using smartphones—the
MONARCA T trial: a randomized, placebo-controlled, single-blind, parallel group
trial. Psychological medicine, 2015; 45.13: 2691-2704.

Faurholt-Jepsen M, Geddes JR, Goodwin GM, Bauer M, Duffy A, Kessing LV, et
al. Reporting guidelines on remotely collected electronic mood data in mood
disorder (eMOOD)—recommendations. Translational psychiatry, (2019): 45.13:
1-10.

Graham B. Sparse arrays of signatures for online character recognition.
aarXiv:1808.0871, [Preprint]. Available from: https://arxiv.org/abs/1308.0371

Goodday SM, Atkinson L, Goodwin G, Saunders K, South M, Mackay C, et al.
The true colours remote symptom monitoring system: a decade of evolution.
Journal of Medical Internet Research, 2020; 22.1: e15188.

Grung B, and Manne R, Missing values in principal component analysis.
Chemometrics and Intelligent Laboratory Systems, 1998; 42.1-2: 125-139.

Hairer M. Solving the KPZ equation. Annals of Mathematics, 2013; 559-664.

Hairer M. A theory of regularity structures. Inventiones mathematicae, 2014;
198.2: 269-504.

Hegde H, Shimpi N, Panny A, Glurich I, Christie P, and Acharya A. MICE vs
PPCA: Missing data imputation in healthcare. Informatics in Medicine Unlocked,
2019; 17.100275.

Lam L, and Suen CY. A theoretical analysis of the application of majority voting
to pattern recognition. In Proceedings of the 12th IAPR International Conference
on Pattern Recognition, Vol. 3-Conference C: Signal Processing, 1994; 2: 418-420.
IEEE.

Li C, Zhang X, Liao L, Jin L, and Yang W. Skeleton-based gesture recognition
using several fully connected layers with path signature features and temporal
transformer module. In Proceedings of the AAAI Conference on Artificial
Intelligence, 2019; 33:8585-8593.

Little RJ, Rubin DB. Statistical analysis with missing data, John Wiley & Sons;
2019; 793.

Lyons T, Qian Z. System control and rough paths, Oxford University Press; 2002.

Lyons, T., Rough paths, signatures and the modelling of functions on streams.
Proceedings of the International Congress of Mathematicians, 2014; 5: 163-184.

Moore PJ, Lyons TJ, Gallacher, J, Alzheimer’s Disease Neuroimaging Initiative.
Using path signatures to predict a diagnosis of Alzheimer’s disease. PloS one,
2019; 14.9.

Raschka S, Python machine learning. 2015; Packt publishing Itd.

Reizenstein J, Graham B. The iisignature library: efficient calculation of
iterated-integral signatures and log signatures. arXiv:1802.08252, [Preprint].
Available from: https://arxiv.org/abs/1802.08252

Rubin DB. Multiple imputation for nonresponse in surveys, 81. John Wiley &
Sons.

October 23, 2022

13/14



Identifying psychiatric diagnosis from missing mood data through the use of log-signature features

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Rush AJ, Trivedi MH, Ibrahim HM, Carmody TJ, Arnow B, Klein DN, et al. The
16-Ttem Quick Inventory of Depressive Symptomatology (QIDS), clinician rating
(QIDS-C), and self-report (QIDS-SR): a psychometric evaluation in patients with
chronic major depression. JBiological psychiatry, 2003; 54.5: 573-583.

Ruta D, and Gabrys B. A theoretical analysis of the limits of majority voting
errors for multiple classifier systems Pattern Analysis and Applications, 2002; 5.4:
333-350.

Sato JR, de Araujo Filho GM, de Araujo TB, Bressan RA, de Oliveira PP,
Jackowski AP. Can neuroimaging be used as a support to diagnosis of borderline
personality disorder? An approach based on computational neuroanatomy and
machine learning. Journal of psychiatric research, 2012; 46.9: 1126-1132.

Shah AD, Bartlett JW, Carpenter J, Nicholas O, and Hemingway H. Comparison
of random forest and parametric imputation models for imputing missing data
using MICE: a CALIBER study. Journal of psychiatric research, 2014; 179.6:
764-774.

Spitzer RL, Kroenke K, Williams JB, and Lowe B. A brief measure for assessing
generalized anxiety disorder: the GAD-7. Archives of internal medicine, 2006;
166.10: 1092-1097.

Szend, A, Janssen B. and Cabases J. Self-reported population health: an
international perspective based on EQ-5D, 2014; Springer Nature.

Tipping ME, and Bishop CM. Probabilistic principal component analysis.
Journal of the Royal Statistical Society: Series B (Statistical Methodology), 1999;
61.3: 611-622.

Troyanskaya O, Cantor M, Sherlock G, Brown P, Hastie T, Tibshirani R, et al.
Missing value estimation methods for DNA microarrays. Bioinformatics, 2001;
17.6: 520-525.

Tsanas A, Saunders KEA, Bilderbeck AC, Palmius N, Osipov M, Clifford GD, et
al. Daily longitudinal self-monitoring of mood variability in bipolar disorder and
borderline personality disorder. Journal of affective disorders, 2016; 205: 225-233.

Wang B, Liakata M, Ni H, Lyons T, Nevado-Holgado AJ, Saunders K. A Path
Signature Approach for Speech Emotion Recognition. Proc. Interspeech 2019,
ISCA 2019; 1661-1665.

Wang B, Wu Y, Taylor N, Lyons T, Liakata M, Nevado-Holgado AJ, et al.
Learning to detect bipolar disorder and borderline personality disorder with
language and speech in non-clinical interviews. Proc. Interspeech 2020, ISCA
2020; 437-441.

Xie Z, Sun Z, Jin L, Ni H, Lyons T. Learning spatial-semantic context with fully
convolutional recurrent network for online handwritten Chinese text recognition.
IEEFE transactions on pattern analysis and machine intelligence, 2017; 40.8:
1903-1917.

Yang W, Lyons T, Ni H, Schmid C, Jin L, Chang J. Developing the Path
Signature Methodology and its Application to Landmark-based Human Action
Recognition. tochastic Analysis, Filtering, and Stochastic Optimization, 2022;
431-464; Springer, Cham.

October 23, 2022

14/14



	Abstract
	Introduction
	Methods
	Ethic Statement
	Features extraction
	Signature-based classification

	Results
	Discussion
	Acknowledgements
	References



