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Summary

Aim. In a group of patients diagnosed with BD and MDD, an analysis was conducted to
evaluate the efficacy of Al algorithms in detecting mental state changes based on physical
voice parameters.

Material and methods. The MoodMon system was developed, including a mobile ap-
plication for smartphones. In the first stage, the Al was trained using objective data and clini-
cal assessments conducted by psychiatrists, which included 17-item versions of the HDRS
(Hamilton Depression Rating Scale) and YMRS (Young Mania Rating Scale) scales, and the
CGI (Clinical Global Impression) scale. The second stage was to further refine the Al using
individual and population data and generate alerts when subtle changes in mental state were
detected. Both stages of the study lasted a total of 944 days.

Results. Physical voice parameters can serve as biomarkers in affective disorders. The most
effective in detecting changes in mental state were 19 specific physical voice parameters.
The system showed high performance, with the following sensitivity (true positive rate —
TPR) and specificity (true negative rate — TNR) values — for both diagnoses: TPR = 89.5%,
TNR = 98.8%; BD: TPR = 89.6%, TNR = 98.9%; MDD: TPR = 89.1%, TNR = 98.5%.
MoodMon helped to accurately monitor and predict changes in the mental state of patients
with affective disorders.

Conclusions. The MoodMon system is an objective Al tool that effectively identifies the
initial period of mental state changes in affective disorders based on physical voice parameters.
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Introduction

The global prevalence of bipolar disorder (BD) is approximately 2-3%, and that
of major depressive disorder (MDD) is 6.3-10.3%, which is a challenge for healthcare
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systems [1-4]. At the same time, patients are generally willing to monitor their mental
state using mobile applications [5-7]. Individuals suffering from mental disorders
actively use the Internet as often as the general population (80%), which supports the
development of modern solutions in the field of mental health (e-mental health) [8-12].

The year 2010 marked the beginning of the development of the field of research on
the implementation of technological solutions in affective disorders [12-14]. Several
systems have been developed and tested based on the combination of two types of data:
active-subjective, i.e., reported by users themselves, and passive-objective (behavioral
or physiological), i.e., measured by sensors embedded in smartphones or connected
devices [12]. Their main advantage lies in their high usefulness for collecting objective
data through behavioral and physiological monitoring, such as: physical activity, num-
ber of telephone calls and physical parameters of the voice [12, 15-18]. These systems
could potentially facilitate the diagnosis of affective states, enable early intervention
in the case of prodromal symptoms and support continuous monitoring [12, 19-23].

In addition to collecting data, there is now a technological possibility to test the
effectiveness of artificial intelligence (Al) algorithms in predicting changes in mental
state in affective disorders [12, 19, 24-30]. The Polish contribution to the development
of the use of Al algorithms in this area of psychiatry is the creation of the MoodMon
system.

Aim

This article describes one of the goals of an extensive study — the assessment of
the effectiveness of sending alerts following the detection of changes in mental state
based on physical parameters of the voice in a group of patients with bipolar disorder
and recurrent depression.

To our knowledge, we conducted the first study worldwide with the largest cohort
in which the system collected, analyzed and used objective voice data from patients
with bipolar disorder or recurrent depression. The data collection period was also the
longest compared to other studies, exceeding 12 months.

Materials

The study was conducted from 2021 to 2023 (approved by the Bioethics Committee,
170/2021). A total of 100 patients were recruited: 75 with bipolar disorder (type I or
IT) and 25 with recurrent depressive disorder. Participants provided informed consent.
To ensure a large number of observed changes, only patients with relatively rapid phase
changes were recruited. Inclusion criteria required at least two phase changes in the
previous 12 months for patients with bipolar disorder, and at least one episode in the
previous 12 months for patients with recurrent depression.

After the first (observational) stage, 12 patients dropped out of the study. Eighty-
eight participants remained: 66 with bipolar disorder and 22 with recurrent depres-
sive disorder. Over a period of more than 18 months, 84 patients (BD-64; MDD-20)
participated in the study. Importantly, the number of patients had no direct impact
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on the quantity and quality of the data collected in the study, as this depended on the
number of phase changes and data delivery, especially voice samples. The analytical
engine (Al) was trained on data collected from patients during the study period, which
lasted 944 days (with the consent of the Bioethics Committee, Phase II of the project
was extended).

Methods

The MoodMon system was developed by a team of psychiatrists and Al specialists
on the basis of available research. It consists of:

— mobile application (for Android smartphones; collects and transmits data to
secure servers);

— wrist pedometer (records physical activity and sleep parameters; integrated
with the application);

— Al-based analytical engine (processes the collected data and learns to send
alerts based on objective data from devices and clinical assessments of psy-
chiatrists).

The MoodMon system is schematically presented in Figure 1.
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Figure 1. Flow chart of the MoodMon system and its components

The daily voice survey consisted of responses to three emotionally neutral ques-
tions. At the beginning of the study, each patient selected a convenient time for recording
(the content was not analyzed). The medical documentation of the study was stored in
an electronic Case Report Form (eCRF).
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Mental status was assessed by eight psychiatrists with extensive experience in
affective disorders. The voice data collected by the MoodMon system were not avail-
able to either the researchers or the patients. Data from the monitoring wristband on
physical activity and sleep were available to patients and psychiatrists in graphical
form. In the first stage of the study, clinical data (including initial mental state) and
demographic data were collected at the initial visit. During subsequent in-person visits
(planned once every three months; due to the COVID-19 pandemic, remote visits were
permitted), the primary outcome measures used were the 17-item versions of the Ham-
ilton Depression Rating Scale (HDRS) and the Young Mania Rating Scale (YMRS).
The Clinical Global Impression (CGI) scale was used for quantitative assessment.
The severity of symptoms did not affect the eligibility for the study, but in the case of
patients with very severe symptoms (scoring 6 or 7 on the scale), a thorough clinical
assessment was required to confirm that consent to participate in the study was given
consciously. In this study, the HDRS and YMRS scores were considered binding in
the assessment of symptom severity.

During subsequent visits, patients were asked about any significant changes in their
general health and about other important and/or sudden events (which could potentially
affect activity, mood, or sleep). Every two weeks, the psychiatrist also assessed each
patient’s condition during brief screening telephone conversations (including a CGI
assessment) to determine whether there had been a significant change in mood or activ-
ity since the previous contact. To shorten the duration of the telephone conversation,
patients answered questions from a predefined visit form. When the questionnaire
indicated that such a change had occurred, the patient was invited for an intervention
visit with a full assessment using the scales.

According to the records from the examination protocol, the psychiatrist, based
on clinical experience, assigned one of seven states observed in affective disorders:
mania, hypomania, balanced mood (euthymia), subdepression, depression, severe
depression, or mixed state. In the data analysis system, the above assessment by the
psychiatrist was recorded as a CGI value and served as a label for the behavioral data
provided by the patient on the day of the assessment. In our study, the aim was to
identify early/earliest and discrete symptoms of a phase change; therefore, we adopted
lower cut-off points than in previous studies: euthymia — HDRS < 8 and YMRS < 6,
depression — HDRS > 8 and YMRS < 6, hypomania/mania — HDRS < 8 and YMRS
> 6, and mixed state — HDRS > 8 and YMRS > 6 [18, 19, 30].

Behavioral data were continuously collected via smartphones, whereas clinical
assessments were much less frequent. Training of the Al predictive model requires
the presence of both types of data. Therefore, psychiatric assessments were extrapo-
lated during periods when the patients’ mental state was not assessed. If there was no
change in CGI between two consecutive visits, all days in that period were assigned
the same CGI value as on the initial and final day. If a change in CGI was observed,
data obtained between the two consecutive assessments with different CGI values were
excluded from the training data set.

In the second stage, visits were scheduled at 3-month intervals, as well as in re-
sponse to alerts sent to the doctor by the MoodMon system. This was followed by brief
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telephone visits (CGI assessment and screening questions) or, when clinically neces-
sary, longer in-person visits (including scale assessments). The psychiatrist evaluated
the validity of each alert based on the presence or absence of changes in the patient’s
mental state. The assessment also took into account significant life circumstances
reported by the patient.

The data were preprocessed to extract the most relevant information. At the end
of stage I, it was shown that physical voice parameters (including pitch, energy, and
mel-frequency cepstral coefficients) were the most predictive among all collected
data. Nineteen parameters with the highest predictive value were selected and used
to monitor the patient’s mood, providing alerts about upcoming changes during stage
IT of the study. In order to predict a possible change in mood and determine whether
to issue an alert, acoustic and auxiliary parameters (including seasonality and gen-
der) were analyzed by Al models both at the population level (using data from all
patients) and at the individual level. The model was retrained — CGI values assigned
by psychiatrists during the assessment of the alert in terms of validity were used for
this purpose.

A particularly innovative aspect of the presented system is the alert mechanism
implemented in the second phase of the project. This feature enables the psychiatrist
to receive notifications of potential changes in the patient’s mental state, facilitat-
ing preventive interventions if clinically necessary. Upon receiving an alert, and
with the patient’s consent, the psychiatrist can conduct a comprehensive assess-
ment, evaluating not only the patient’s current condition but also the accuracy and
urgency of the alert. A notable aspect of this assessment process is the overlay of
human knowledge onto the automated system. The psychiatrist applies their clinical
knowledge and experience to subjectively assess the validity of the MoodMon alert.
Based on this assessment, the psychiatrist decides whether therapeutic intervention
is warranted. It should be noted that the system does not provide information on the
direction of change in the mental state in the sense of “worsening” or “improve-
ment”. Additionally, the system detects changes in the mental state caused by other
circumstances that may not be related to the disorder (sometimes these are trigger
factors for episodes).

After assessing the validity of the alert, the system was provided with data to cal-
culate “success” metrics (a technical term in Al, meaning “effectiveness”), in particular
the true positive rate (TPR) and the true negative rate (TNR). The box below presents
the general form of these calculations. A more detailed description of the machine
learning and rigorous search for the most predictive acoustic voice parameters is
beyond the scope of this paper. These details can be found in the technological article
by our research team [10].
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TPR (sensitivity, true positive rate) — an indicator of correctly predicted mood changes
2tp
TPR = ——
Ztp + Zfn
TNR (specificity, true negative rate) — the rate of correctly predicted no changes
Ztn

Labels for each day of all patients included in the observation were marked:

tp — true positive = alert issued and assessed as justified
(mood change occurred since the patient’s previous clinical assessment),

tn — true negative = no alert and its absence assessed as correct
(no mood change since the patient's previous clinical assessment),
fp — false positive = alert sent but assessed as unjustified
(no mood change since the patient’s previous clinical assessment),

fn — false negative = no alert and decision assessed as incorrect
(mood change occurred since the patient’s previous clinical assessment).

Results

The average duration of the disorder in the study participants: BD — 8.6 years;
MDD - 8 years. Other demographic data are shown in Table 1.

Table 1. Demographic data

MDD BD
Category _ . _ .
N =25 (100%) N=75(100%)
Age range
18-24 6 (24%) 6 (8%)
25-34 6 (24%) 18 (24%)
35-44 6 (24%) 20 (26%)
45-54 6 (24%) 16 (22%)
55-64 1(4%) 15 (20%)
Gender
Male 7 (28%) 33 (44%)
Female 18 (72%) 42 (56%)
Martial Status
Divorced 2 (8%) 11 (15%)

table continued on the next page
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Single 13 (52%) 35 (46%)
Married 10 (40%) 27 (36%)
Widowed 0(0%) 2 (3%)
Education
Higher 13 (52%) 56 (75%)
Secondary 11 (44%) 18 (24%)
Vocational 1(4%) 1(1%)
Professional activity
Employed 17 (68%) 52 (69%)
Other 3(12%) 4(5,5%)
Retiree / disability pensioner 1(4%) 10 (13,5%)
Student 4 (16%) 7 (9%)
Unemployed 0(0%) 2 (3%)
Type of household
Alone 6 (24%) 18 (24%)
With a partner 3 (12%) 13 (17%)
With family 16 (64%) 44 (59%)
Town size

>200 000 15 (60%) 57 (76%)
5000-200 000 5 (20%) 13 (17,5%)
<5000 5 (20%) 5(6,5%)

During the entire study, 1,394 changes in patients’ mental states were recorded.
Atotal 0f 97,428 sets of behavioral data were obtained, of which 53,934 were complete
and included a clinical assessment of the patient’s condition on the day of collection.
Of these, 1,344 changes were observed for which both complete data and clinical as-
sessment were available. These data sets were used to train the artificial intelligence
models. During the entire observation period, 9 patients did not experience any change
in their mental state. Completed data sets are also treated as complete data sets. Data
completion took place when one or more parameters were missing from a set for a given
day. Missing parameters were imputed using the average from the preceding 14 days,
provided that no more than 7 days of data were missing during this period. If such an
average could not be calculated, the entire set was rejected.

During the study, 100 initial visits, 410 in-person visits, 1,908 telephone visits, 760
intervention visits, and 100 final visits were conducted. A total of 2,656 alarms were
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recorded. Of these, 1,587 were assessed by psychiatrists. The number of phases recorded
for patients during subsequent contacts across the two stages of the study was 4,589.

The effectiveness of the system for both indications together was: TPR = 89.5%,
TNR =98.8%. For bipolar affective disorder: TPR = 89.6%, TNR = 98.9%. For recur-
rent depressive disorder: TPR = 89.1%, TNR = 98.5%.

Discussion of results

Clinical studies analyzing changes in spoken language in affective disorders de-
pending on the stage of the illness date back to 1938 [31]. Healthy individuals were
also studied, though without the advanced technologies currently available. During
these analyses, it was proven that a specific vocal affect correlates with characteristic
patterns of voice modulation. During the experience of different emotions, breath-
ing, phonation and articulation patterns are modified — this is reflected in the speech
signal. Even basic features of speech such as tempo, loudness, intonation and rhythm
can differentiate affective states. Experiencing anger or fear leads to an acceleration
of speech tempo with high values of fundamental frequency (#0) and a wide range
of intonation, due to activation of the sympathetic nervous system, rapid heart rate
and increased blood pressure, which can sometimes be accompanied by dry mouth
and muscle tremors. The opposite occurs in situations of boredom or sadness [32,
33]. When speech is slow and monotonous, F0 is lowered without major changes in
intonation. This is due to stimulation of the parasympathetic nervous system, slowing
of' the heart rate, decreased blood pressure and increased saliva production. However,
more complex patterns have also shown promise in recognizing emotional states.
These include linear predictive coding (LPC) parameters and Mel-frequency cepstral
coefficients (MFCC) [34].

Technological advances in recent years have contributed to the exploration of the
variability of physical voice parameters during remission periods and affective disor-
der episodes. In the vast majority of cases, these have been short studies on small or
very small clinical populations, in which a variety of methodologies have been used.

In a pilot study by Karam et al. from 2014, speech data were collected over a pe-
riod of 6-12 months from six participants (four women and two men) diagnosed with
bipolar I disorder and a history of rapid mood changes (four or more episodes of mania,
hypomania or depression per year). Voice samples were recorded during both clinical
and non-clinical interactions (a methodology for continuous and unobtrusive collection
ofunstructured speech by recording everyday telephone conversations was described).
The study concluded that manic and depressive states could be recognized based on
physical speech data (some of which were particularly predictive). However, it was
noted that the system had difficulty detecting depression based on voice recordings
during non-clinical interactions. In this study, the most informative features for clas-
sifying bipolar states were mean binary voiced activity, SD of pitch, mean segmental
zero crossing rate, and mean segmental smoothed voiced activity [35].

Muaremi et al. in 2014 described the feasibility of voice analysis during telephone
conversations to predict bipolar episodes. Natural telephone conversations of 12 patients
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over 12 weeks were analyzed. Additionally, psychiatric interviews were conducted
every three weeks in the hospital. The most important speech features for predicting
bipolar states were shown to be the harmonic-to-noise ratio (HNR), the number of
short turns, and the pitch variance F0 [36].

In 2015, Guidi et al. described a case study (data from a 36-year-old male patient
with bipolar disorder and using an Android smartphone — the most widely used phone
worldwide). In this study, an application was designed to analyze current speech using
a smartphone device. Thirty-second voice samples from the patient were compared
to samples from a 25-year-old female and a 30-year-old male without psychiatric
disorders. The study lasted 14 weeks. The task for the participants consisted of com-
menting on a picture (done 15 times at home). The patient’s mood state was assessed
by a psychiatrist on the day preceding each voice recording session. The application
could record audio samples and estimate the fundamental speech frequency F0 and its
variations. The study concluded that changes in voice pitch characteristics could be
extracted using smartphones and that they significantly correlated with changes between
balanced, depressed and hypomanic mood states in a patient with bipolar disorder [37].

In the study by Gideon et al. described in 2016, real-life speech patterns were
monitored. It was assumed that, in a naturalistic setting, patients use different smart-
phone models, which causes acoustic changes during voice recordings. Data from 37
participants with bipolar disorder were analyzed over an average period of 29 weeks,
during which 780 weekly clinical assessments were recorded. Only these structured
calls were used for analysis. The article presents methods to improve the comparability
of the collected data through different approaches to preprocessing, feature extraction
and data modeling. The authors were able to increase the discriminative power of their
algorithms for predicting the patient’s current mood state. A major limitation of the
study was that only structured interviews from different devices were analysed [38].

The study by Maxhuni et al. was based on the assumption that speech-related motor
activity is one type of motor activity, and this is the most consistent indicator of bipolar
disorder. Audio, accelerometer, and self-report data were obtained from five patients
with bipolar disorder over a 12-week period during real-life activities. The study
presented a system capable of classifying the state of patients with bipolar disorder
using sensory information from smartphones. No previous studies have focused on
the naturalistic observation of daily telephone conversations to classify impaired life
functioning in people with bipolar disorder. The results indicated the system could clas-
sify the course of mood episodes or relapses in patients with high confidence. The use
of audio features (emotional and spectral) resulted in >80% accuracy in classifying the
mood state of patients with bipolar disorder. Testing emotional and spectral features
separately and jointly resulted in similar accuracy [39].

Faurholt-Jepsen et al. in 2016 reported an accuracy ranging from 0.61 to 0.74 in
classifying mood states based on physical voice features. These results were obtained
by analyzing data from 28 outpatients with bipolar disorder, collected daily in natural
settings over a period of 12 weeks. Voice features (extracted during daily telephone
conversations), automatically generated objective smartphone data on behavioral activ-
ity, and electronic self-monitoring data were used. Voice features were found to be more
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accurate, sensitive, and specific in classifying manic or mixed states than in depressive
states. Combining voice features with automatically generated objective smartphone
data on behavioral activity and electronic self-monitoring data slightly increased the
accuracy, sensitivity, and specificity of classifying affective states. Therefore, it was
concluded that voice features collected in natural settings using smartphones can serve
as objective state markers in patients with bipolar disorder [19].

The analyses cited above, along with a summary of the review of several other
(methodologically diverse) studies in depression and bipolar disorder, indicate that
there are many physical features of speech that can be identified as potential biomark-
ers of affective states. A preliminary consensus (based on the available fragmentary
studies) suggests that changes in speech activity and voice characteristics may be
potentially sensitive and accurate measures of objective prodromal symptoms in af-
fective episodes. Moreover, the continued application of Al technology in this area
offers opportunities for clinical use (which is helpful and anticipated by both patients
and psychiatrists) [12, 19, 27].

The most frequently used acoustic features of speech for diagnosing depression
were: prosodic features (such as pitch, fundamental frequency (£0), energy, speaking
rate, and pauses), voice quality features (such as tremor and jitter), vocal tract descrip-
tors (formants), and spectral features (such as MFCC and LPC) [40-49]. Recently, the
most technologically advanced results of research on the physical parameters of voice
in depression have been published. They use — like our study — modern analytical
capabilities based on Al [50-52].

Based on even fewer studies, several potential biomarkers of mania have been
identified in the form of physical features of speech. These include prosody, such as
pitch, intensity (energy), speech rate and pause duration, LPC, and spectral MFCC
coefficients [53, 54].

In summary, several similar solutions, but with different functionalities, were
developed and tested before MoodMon. They were based data collected over short
periods from small populations.

The innovative nature of MoodMon makes direct comparison to other solutions
difficult, as the studies cited above collected objective “static” data indicating remis-
sion or episode, without a machine learning component to predict changes in mental
state. In our project, Al was used to predict and “suggest” to the clinician discrete
changes in mental state, indicating (via alerts) the need to contact the patient for
clinical evaluation in case of the onset of an affective episode. After clinical evalu-
ation, the machine learning system improved and became increasingly accurate in
distinguishing changes in mental state resulting from a relapse of depression or an
episode of bipolar disorder.

The MoodMon system collected a uniquely large amount of data in the form of
physical voice parameters from a large population. The study is distinguished by test-
ing Al simultaneously in recurrent depressive disorder and bipolar disorder [12, 27,
34-37]. The largest amount of behavioral data and data from visits, defined as a full
data set [12, 19, 27], was analyzed. During the study, as many as 4,570 phases were
captured and labeled with one of seven affective states.
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During the study, Al algorithms combined numerous objective parameters with
clinical assessment. Statistical analyses showed that in the set of objective data collected
by the MoodMon system from mobile devices in the studied population, 19 physical
voice parameters were most strongly correlated with mental state [ 10]. It was therefore
confirmed that changes in physical voice characteristics reflect changes in mental state
and can be treated as biomarkers.

A psychiatrist assessed on an ongoing basis whether the Al was accurately per-
forming its assigned task of sending an alert when the mental state changed — these
assessments were the most numerous compared to other studies. This contributed to
improving the AI’s. The analysis system operated on both individual and group-level
data — the amount of data for training was larger than in previous studies [12, 19, 27].
The results, showing high sensitivity and specificity of the alerts for both disorders,
indicate that MoodMon has great clinical potential.

More detailed descriptions differentiating the groups in terms of, among oth-
ers, sociodemographic factors and users’ subjective evaluation of the MoodMon
application according to the type of affective disorder are beyond the scope of
this study and are therefore presented in separate publications [55, 56]. A sepa-
rate technological publication, providing the necessary technical explanations for
Al specialists, contains details on the most predictive set of 19 physical features
of the patients’ voices [10].

Conclusions

1. Our study using Al confirmed that physical parameters of the voice are
biomarkers in affective disorders.

2. The high sensitivity and specificity of MoodMon alerts indicates that the
system can be used in the very early phase of a change in mental state.

3. The human factor is still essential and superior — the psychiatrist’s role
consists of assessing the clinical validity of Al-generated alerts and, based
on this assessment, making therapeutic decisions.
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