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Abstract 
While large amounts of recorded speech audio data are 
collected for medical analysis, there is not a compact guideline 
available that outlines which human-rated annotations are 
important to consider when analyzing speech from individuals 
with potential mental illness. Herein, an annotation guideline is 
proposed that highlights fifty-two different speech-audio 
recording transcription considerations, including several new 
ones related to voice accent, prosodic, intelligibility, quality, 
auxiliary behavior, task compliance, disfluency, and noise 
factors. Further, a free, new software tool for recording 
recommended speech-based mental health annotations is 
provided to help scientists who may be unfamiliar with speech-
audio data collection. 
Index Terms: digital medicine, survey, transcription, voice 

1. Introduction 
Human-rated annotations derived from audio speech recordings 
are vital in understanding communication behavior, protocol 
design, real-world compliance, and noise factors that may 
adversely impact the quality of recorded audio. Speech 
annotations provide specific details about abnormal speech-
language characteristics exhibited by individuals experiencing 
mental ill-health and may be used to help screen or predict 
mental health outcomes. While automatic annotation methods 
(e.g., automatic speech recognition, signal-to-noise ratio, 
syllable durations) are available to evaluate speech recordings, 
the human-rated annotation approach is still the ‘gold standard’ 
[1]. Moreover, automatic annotation approaches require kernels 
of data with human-rated annotations to generate robust 
modeling and to establish system test performance baselines. 

While many medical speech datasets concerning 
neurological disorders (e.g., aphasia, dementia, Parkinson's 
disease) frequently contain transcripts including linguistic-level 
part-of-speech annotations, the few scarcely available mental 
health speech datasets omit this level of information [2]. 
Moreover, mental health speech datasets rarely include 
subjective human-rated insights, such as voice quality, 
paralinguistic traits, auxiliary behaviors, task compliance, and 
noise annotations. It is believed that these types of annotations 
may further reveal abnormalities in emotion and language 
patterns in individuals with mental health disorders [2]. 

While efforts have been made to create uniform, widely 
accepted annotation guidelines, most mental health research 
speech corpora still contain different sets of annotation 
taxonomies and procedures [3]. Many data collections provide 
vague details on the human annotation process, making it more 
difficult to replicate the annotation standards in future studies 
[1-3]. Thus, there is a need for a uniformly coded metadata 

annotation system and a convenient easy-to-use human-
labeling software tool for mental health speech data collections. 
Recently, voice quality, prosodic, and speech disfluency 
annotations have proven useful in detecting individuals with 
depression [4-9]. Other reported speech annotations, such as 
auxiliary vocal behaviors, task compliance, and noise have been 
explored in the mental health literature [10-12]. Speech-
language and audio-signal related annotations are of substantial 
interest since modern mental health smartphone collection 
speech recordings are often conducted in a real-world natural 
home environment without a clinician/administrator present.  

In this paper, annotations based on six different speech-
audio related categories were chosen based on previous speech-
based mental health and voice studies [4-12]. Per speech 
annotation category, this paper includes a brief literature 
review, a description of known connections to mental illness, 
and proposed annotation approaches to help capture relevant 
speech behaviors for further analysis. A newly proposed human 
annotation system and uniform software tool provides 
groundwork for scientists labeling speech-audio metadata to 
help discover new speech-related sub-symptoms in mental 
illness. Annotated dataset results may lead to the development 
of automated near-real-time annotation systems, which can be 
implemented on a large scale – reducing annotation time and 
costs. Further, automated annotation systems could also help to 
reduce possible human-rater bias, improve health annotator 
safety, and allow greater patient anonymity.  

2. Speech Annotation Categories 

2.1. Voice Quality 

There are many factors that can impact voice quality, such as 
an individual’s height, stress, personal habits (e.g., alcohol 
consumption, smoking, vaping), amount of vocal use/abuse, 
trauma injury, and diagnosed illness (e.g., voice, neurological, 
psychogenic disorders). In general populations, it is estimated 
that up to 9% of the population has a clinical voice disorder [13, 
14]. Recent speech-based studies [8, 9] have discovered strong 
correlations between mental health disorders and voice quality. 
For example, [8] found that when given read sentence tasks, 
individuals with recent suicidal ideation or attempt exhibited 
significantly poorer voice quality scores than non-suicidal 
individuals. Further, in [9], it was found that despite different 
speaker age groups (e.g., 18-34, 35-48, 49-62, 63-79), 
individuals with higher depression severity scores 
demonstrated poorer voice quality. 

Individuals' perception of their voice quality often reflects 
their degree of self-esteem and recognized changes in voice due 
to medical conditions [15]. Based on human perceptual ratings, 
undesirable vocal characteristics include unusual nasality and 
monotony [16]. For example, according to [17], individuals 
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with chronic sinusitis and nasal polyp disorders have nearly 
twice the risk of clinical depression disorders than healthy 
controls possibly in part due to self-esteem, voice quality, and 
other contributing factors (e.g., sleep habit, stress). 

Studies [18, 19] have highlighted that the GRBASI 
subjective voice quality assessment is widely used in the field 
of clinical voice evaluation and research. Currently, the 
GRBASI is the evaluation standard, even when compared to 
more objective automatic approaches [18]. Further, GRBASI 
ratings were shown to have good interrater reliability across 
many different types of voice disorders [19]. 

While all individuals have unique resonance/production 
factors that result from a blend of voice quality attributes, most 
are normal/slight and do not negatively impact verbal 
expressiveness and intelligibility. The GRBASI utilizes a four-
point scale (e.g., 0-normal, 1-slight 2-moderate, 3-severe) and 
it requires a pre-trained listener to subjectively rate a speaker 
based on six different voice quality attributes. Individual 
GRBASI scores are then added together to produce a GRBASI 
composite score. The higher the GRBASI composite score, the 
poorer an individual’s voice quality. The six different GRBASI 
voice quality attributes are described briefly as follows: (1) 
grade: hoarseness, raspy; (2) roughness: low frequency 
vibration irregularity; (3) breathiness: air escaping, leakage, 
whispery; (4) asthenia: loss of power, weakness; (5) strain: 
hyper-functional phonation, rattle; and (6) instability: 
inconsistent quality, voice fluctuation. For more details 
regarding the GRBASI voice quality assessment, see [18, 19].  

In addition to the GRBASI voice quality ratings, another 
important voice quality is nasal resonance. Nasality is unrelated 
to laryngeal function (e.g., vocal folds) and requires 
independent activation of the nasopharynx. In English, only the 
/n, m, ŋ/ sounds have nasality. Both hypo/hyper nasality can 
cause a loss of speech clarity and linguistic stress between 
syllables [20]. Hyponasality means that for nasal sounds /n, m, 
ŋ/, no acoustic vocal energy passes through the nasal passage 
(i.e., no air can escape via the nostrils). This creates a voice 
quality found in individuals with a cold or allergies with a 
stuffed-up nose. Hypernasality means that vocal energy is 
accidently escaping into the nasal passage while making all 
sounds, rather than only nasal sounds /n, m, ŋ/. In hypernasality, 
there is a faulty control in palato-pharyngeal valving, which 
results in excessive nasalization of vowels and non-nasal 
consonants. Hypernasality causes a voice quality often found in 
individuals with Down Syndrome (i.e., due to alteration in 
velopharyngeal sphincter mobility and epipharynx narrowing) 
and cleft palate. 

In addition to the recommended GRBASI voice quality 
assessment, a nasality annotation is also proposed using three 
possible presence indicators (0-normal, 1-hyponasality, 2-
hypernasality). A score of ‘0’ is normal nasopharynx function 
without noticeable hypo/hyper traits. 

2.2. Accent, Prosody, Rate, and Confidence 

Refugee/immigrant mental health studies have shown a high 
risk of mental distress due to various traumas (e.g., war, natural 
disaster, famine) and struggles (e.g., crime, discrimination, 
financial, employment) when compared with the general local 
population [21]. It has also been reported that some 
ethnicities/cultures have historically and significantly higher 
incidence of mental health issues. For example, in the United 
States, Native Americans have the highest rates of any mental 
health diagnosis than any other ethnic population [22]. Due to 
the high prevalence of mental health concerns in 

refugee/immigrant populations and potential non-native 
language skill deficits, speech accent is an important factor to 
consider when analyzing speech recordings. 

Early subjective observational paralinguistic depression 
studies [23, 24] by clinicians described patients with depression 
as having abnormal speech patterns, such as weaker loudness, 
slower rate, flattened pitch, uniform rhythm, less verbosity, and 
an unusual lifeless or hollow sounding timbre. Modern acoustic 
speech studies [7, 25] have also indicated decreases in 
depressed speakers’ loudness, stress-prosodic characteristics, 
verbal fluency, and overall rate-of-speech. A recent study [7] 
found that depressed populations exhibit more uniform syllable 
durations and flatter amplitude dynamics than healthy 
populations, resulting in less prosodic word stress and overall 
poorer intelligibility of speech.  Under experimental conditions, 
researchers found that that individuals with social anxiety 
disorder subsequently exhibited decreased vocal confidence in 
contrast to a control group [26]. 

Rate-of-speech annotations have been explored in mental 
health studies [27-29], which have indicated changes in speech 
fluency during depressive, anxiety, or schizophrenic episodes. 
It is known that depression can impair fine-motor skills and lead 
to symptomatic psychomotor retardation (i.e., decreased rate-
of-speech, increased syllable lengths, shorter sentence 
utterances) or agitation (i.e., excessive rapid gesturing, 
accelerated motor activity, and verbose activity).  

It is expected in a speech collection that most speakers will 
use a native accent. Thus, a native accent binary annotation is 
proposed using the indicators 0-native and 1-foreign. The native 
accent annotation rating is subjectively based on the native 
production of a speaker’s phonemes (i.e., often non-native 
speakers will use their native language phoneme prototypes). A 
new degree of accentedness annotation rating range is also 
proposed by the following: 0-native; 1-light foreign accent; 2-
medium foreign accent; and 3-heavy foreign accent. Further, a 
new speech intelligibility rating based on five ratings is also 
proposed using: 0-very low; 1-low; 2-moderate; 3-high; and 4-
very high. A 4-very high speech intelligibility rating is 
described as clear flawless enunciated speech (i.e., high 
comprehension), whereas a 0-very low intelligibility rating 
implies very little of what was spoken could be comprehended 
by a listener (i.e., accurately repeated/written). 

The concept of natural speech continuum is rated using a 
binary whereby any recording with a natural stream of speech 
(i.e., without unnatural pauses/breaths) is given a ‘0’. 
Conversely, a recording with a speech pattern that has abnormal 
disruptions is given a ‘1’ (i.e., abnormally broken or disrupted). 
Per recording, similarly to [8], an overall rate-of-speech is 
recommended using the following ratings: 0-very slow; 1-slow; 
2-moderate; 3-fast; and 4-very fast. The rate-of-speech is rated 
based on the average of the entire recording. If the participant 
speaks very slowly during one sentence and then very fast for 
the next, a rating of ‘moderate’ (2) is given for the recording. 

A prosodic annotation rating indicates the level of 
paralinguistic dynamics per recording. Prosodic annotation 
ratings are proposed as follows: 0-very flat; 1-flat; 2-moderate; 
3-dynamic; and 4-very dynamic. Similar to the rate-of-speech 
annotation, the prosody annotation is rated based on the average 
of the entire recording. An example of 0-very flat prosody 
annotation rating includes a speaker that uses a monotone voice 
with minimal amplitude variation, rate of speech, and pitch 
contour (e.g., Ben Stein). On the contrary, a 4-very dynamic 
prosody annotation rating includes a speaker that uses 
excessively wide amplitude, rate of speech, and pitch contour 
ranges (e.g., Robin Williams). 
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The speech task confidence rating is related to how 
confident a speaker sounds (i.e., did the participant sound more 
assertive or unsure during his/her speech task recording?). A 
speaker's confidence is inferred by a combination of vocal 
amplitude, speed, directness, dominance, and recorded 
response fluidity [31]. The proposed task confidence annotation 
relies on five ratings (0-very low; 1-low; 2-moderate; 3-high; 4-
very high). An example of a 0-very low rating is an individual 
that perceptually sounds uncertain of during an utterance. A 4-
very high rated confident individual will produce utterances 
that sound more like a factual statement with increased 
speed/loudness. Note that an individuals may sound confident 
even though they may utter incorrect responses during speech 
tasks (e.g., picture naming, read sentences, Stroop color test). 

2.3. Speech Disfluencies 

Individuals with a serious mental illness (e.g., bipolar/unipolar 
depression, schizophrenia) struggle in nearly every aspect of 
speech production when compared with control participants 
[14]. Studies [4-8] have shown that depression can be detected 
through individuals' speech disfluencies. For example, analysis 
of read speech tasks demonstrated statistically significant 
feature differences in speech disfluencies, whereby when 
compared with non-depressed speakers, depressed speakers 
showed relatively higher recorded frequencies of hesitations 
(55% increase) and speech errors (71% increase) [7]. Another 
investigation of speech recordings taken from inpatients with 
suicidal ideation and suicide attempt had approximately twice 
as many hesitations and four times as many speech errors when 
compared with individuals in a control group [8]. Also, when 
compared with the control groups, it was shown in both studies 
[7, 8] that individuals with depression tended to incorrectly 
substitute words without self-corrections. 

Disfluency annotations have been applied in previous 
speech-based mental health studies [7, 8]. Speech repeats occur 
at a syllable, word, or phrase level. Raw counts are annotated to 
record the exact number of repeats per type. In some instances, 
it is possible for a spoken utterance to include a count for all 
three repeat types. Hesitations include two proposed annotated 
forms: non-speech (e.g., pause) and speech (e.g., vocal held 
sound). A non-speech pause hesitation typically has an 
abnormal gap of silence (i.e., not due to end of phrase, breath, 
or emphasis) that occurs abruptly, disrupting the flow of what 
is being said. A vocalized speech hesitation is one which is 
achieved by abnormally holding a sound for an unusually 
longer duration during an utterance. A vocal speech hesitation 
will frequently occur when an individual is unsure or cues that 
there is more to say (i.e., holding speaker-turn-taking 
dominance, time for recollecting thoughts).  

The speech error annotation is a total raw count summary 
of any instance of a speech error, including all disfluency types 
(e.g., grammar, phonological, repetitions, hesitations, 
substitutions, deletions, insertions, malapropisms). Individuals 
with non-native accents or English-as-second language should 
not have phonological disfluency errors tracked due to normal 
phoneme-mapping shifts (e.g., Grimm’s Law). A raw count of 
specific speech error types is further provided for substitutions 
(e.g., ‘took’ / ‘take’), deletions (e.g., ‘cars’ / ‘car_’), insertions 
(e.g., ‘He left yesterday’ / ‘He also left yesterday’), and 
malapropisms (e.g., ‘amuse’ / ‘mouse’). Substitutions are 
usually a variant of the target word, target sounds, and are the 
same word class (e.g., noun, verb, adjective), whereas 
malapropisms involve the substitution of the entire word often 
with a nonsensical effect. Another annotation proposed is self-

corrections [7, 8], wherein for every self-correction opportunity 
evaded a raw count is recorded. It is easiest to score self-
correction during read speech tasks because it is known exactly 
what the speaker should have said. 

2.4. Auxiliary Vocal Behaviors 

Auxiliary vocal behaviors are common during speech 
production (e.g., coughs, laughs, throat clearing, sighs, yawns). 
Individuals with mental health disorders often have higher 
incidence of additional illness (e.g., comorbidity) [31], which 
may impact speech production and potentially increase any 
number of auxiliary vocal behaviors. Abnormal sleep patterns 
are a common symptom among individuals with depression, 
whereby roughly 75% have insomnia symptoms [32]. 

Self-comments (i.e., externalized monologue) are generally 
a coping strategy used during high cognitive load competition-
type tasks. However, under certain conditions, excessive self-
comment verbalizations can be an indicator of mental health 
disorders (e.g., schizophrenia, hallucinatory episode) [34]. For 
example, during a Stroop color test, some individuals make 
comments aloud about their test performance (e.g., “Green, 
blue, yellow, white, black, oh I really messed up there, yellow, 
damn it.”). Formulaic language is common in everyday 
discourse, where it contributes to nearly a quarter of all 
conversational speech [10, 12]. Formulaic language includes 
conventional word expressions, proverbs, idioms, expletives, 
hedges, bundles, and fillers. 

Similar to [12], reporting a raw count for common word 
filler types (e.g., ah, er, mm, uh, um, so, like, you know) 
additional proposed raw count annotations are self-comments, 
expletives (e.g., swears), and speech auxiliary behavior types 
(e.g., coughs, laughs, throat clearing, sighs, yawns). 

2.5. Task Compliance 

Task compliance is rarely reported in speech-based data 
collections. Open-source speech datasets that are frequently 
relied upon for experimental analysis and publications often 
contain recordings wherein subjects did not follow the given 
directions properly. Task compliance is useful in understanding 
what percentage of recordings were completed correctly, 
abnormal verbal responses, and also whether or not some 
speaker subsets have higher compliance than others. The task 
compliance can also provide better insight in terms of how well 
a task is explained for participants, and further, whether the task 
instructions should be revised to increase task compliance. 

The newly proposed task compliance annotation rating 
indicates whether the task directions were properly 0-completed 
or 1-non-compliant. Some examples of a marking of 1-non-
compliance include: a speaker who says nothing during the 
recording; a speaker that says something else than what the task 
specifies; the speaker has another individual speak on his/her 
behalf (i.e., can determine based on gender/age factors); and the 
speaker does not fully complete the given task. Some speech 
tasks (e.g., held vowel, diadochokinetic, word fluency, Stroop 
color test, read sentence) require the speaker to generate 
specific target examples of related word tokens. Therefore, a 
proposed task-specific count annotation is also recommended 
(i.e., raw target word count versus total word count). 

2.6. Noise Factors 

During recorded speech samples, especially those collected 
outside of a laboratory setting (e.g., natural environment), 
background and channel noise level are important to annotate. 
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Studies [34, 35] have demonstrated that individuals living in 
home environments with noise pollution have greater incidence 
of poorer health and quality of life. Noise annotations can reveal 
information that may be related to higher incidence of mental 
health disorders (e.g., noise pollution, ability to focus on single 
task). This noise-based metadata can also be useful to build 
noise-specific modeling (i.e., increase noise robustness, feature 
reliability), test specific automated system performance given 
different noise types/levels, and help explain unusual statistical 
feature analysis results found in mental health populations. 

For background noise level, four ratings are proposed (0-
none; 1-minimal; 2-moderate; 3-severe). A background noise 
level of 0-none is a very quiet environment without background 
noise, wherein the signal-to-noise ratio is very strong, and the 
speech is clear. A background noise level of 1-minimal is where 
the signal-to-noise ratio is still strong, but there may be a small 
amount of background noise, and it does not impede 
intelligibility. A background noise level of 2-moderate is when 
the noise level has increased to nearing the level of the speech 
amplitude, possibly making some part/s of speech harder to 
comprehend. A background noise level of 3-severe is when the 
background noise is so loud it surpasses the speech signal level, 
making the speech difficult to understand.  

A proposed noise duration annotation is as follows: 0-none; 
1-intermittant; 2-continous; and 3-mixed (i.e., both intermittent 
and continuous). Further, specific noise type annotations are 
suggested the following: 0-none; 1-Radio/TV; 2-babble; 3-
machinery; and 4-other. Further, the background speaker 
annotation (i.e., secondary speaker/s) is a binary value of either 
'0-absent' or '1-present'. Device noise annotation related to a 
recording device channel issues (e.g., bit-loss, buzz, clipping, 
device error, hum) is also proposed using the following scale: 
0-none; 1-minimal; 2-moderate; 3-severe; and 4-very severe.  

Similar to the standard mean opinion score (MOS) 
annotation based on audio listening speech-to-noise signal 
quality [36], a new rating scale for rating speech-to-noise signal 
quality is proposed: 1-bad (very annoying and objectionable); 
2-poor (annoying but not objectionable); 3-fair (perceptible and 
slightly annoying); 4-good (just perceptible, but not annoying; 
and 5-excellent (level of distortion imperceptible). The speech-
to-noise signal quality rating deals with how perceptually 
pleasing a recording is in terms of signal-to-noise ratio, whereas 
the previously mentioned noise level annotation is a perception 
of the clarity of the speech signal despite possible background 
noise or compression loss. A secondary activity annotation is 
also proposed as 0-none, 1-eating/drinking; 2-driving/in-
vehicle; and 3-other. 

3. Annotation Software Design 
A new survey tool for human annotations and audio listening 
capability was created using python code which is freely 
available at: https://www.researchgate.net/profile/brian_stasak. 
This includes a GUI for batch processing of audio file recording 
playback and file-by-file survey reporting. A digital survey was 
created that included all 52 annotations described in this paper. 
Further, metadata regarding the annotator, such as gender, age, 
first-language, headphone/speaker type, years annotator 
experience, and listening environment loudness, were also 
included in the digital survey app. The app exports the 
annotation survey information into a .CVS file format for later 
analysis. Currently, this app tool is helping to annotate an 
ongoing Black Dog Institute mental health data collection that 
to-date includes over 7k recordings from more than 1k school-
aged participants in naturalistic conditions [37]. 

 
Figure 2: Image of python-based human-rated annotation GUI 
for speech-audio playback listening and survey notations.  

4. Conclusion 
While previous speech-based mental health data collections 
have evaluated one or two human annotation categories, none 
have conducted a comprehensive examination that includes all 
six categories described in this paper. Due to the limited number 
of speech-based mental health databases available, it is 
imperative that maximum information is gleaned for analysis. 
This proposed speech-based mental health annotation guide 
was streamlined into a novel annotation survey tool, which is 
useful in unifying annotation standards and comparing future 
datasets. While transcription annotation software (e.g., Praat, 
SpeechTools) is commonly used in audio-speech notation, 
annotation software guides readily available that implement 
broad categorical annotations are limited. This annotation tool 
is helpful to non-audio-speech experts who are interested in 
evaluating recorded audio (e.g., medical professionals, 
linguists); and/or digital health experts designing automatic 
speech-based machine learning models, whereby human-rated 
annotations are required to generate ‘ground-truth’ 
performance baseline and test model parameter optimization. 
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