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Background

The utility of vocal biomarkers for mental health assessment has gained increasing attention. This study aims to further this line of research by introducing a novel vocal scoring system designed to provide mental fitness tracking insights to users in real-world settings.





Methods

A prospective cohort study with 104 outpatient psychiatric participants was conducted to validate the “Mental Fitness Vocal Biomarker” (MFVB) score. The MFVB score was derived from eight vocal features, selected based on literature review. Participants’ mental health symptom severity was assessed using the M3 Checklist, which serves as a transdiagnostic tool for measuring depression, anxiety, post-traumatic stress disorder, and bipolar symptoms.





Results

The MFVB demonstrated an ability to stratify individuals by their risk of elevated mental health symptom severity. Continuous observation enhanced the MFVB’s efficacy, with risk ratios improving from 1.53 (1.09-2.14, p=0.0138) for single 30-second voice samples to 2.00 (1.21-3.30, p=0.0068) for data aggregated over two weeks. A higher risk ratio of 8.50 (2.31-31.25, p=0.0013) was observed in participants who used the MFVB 5-6 times per week, underscoring the utility of frequent and continuous observation. Participant feedback confirmed the user-friendliness of the application and its perceived benefits.





Conclusions

The MFVB is a promising tool for objective mental health tracking in real-world conditions, with potential to be a cost-effective, scalable, and privacy-preserving adjunct to traditional psychiatric assessments. User feedback suggests that vocal biomarkers can offer personalized insights and support clinical therapy and other beneficial activities that are associated with improved mental health risks and outcomes.
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1 Introduction

Associations between psychiatric conditions and alterations in vocal and speech characteristics are well documented in clinical practice and the domain of speech research (1, 2). These associations have prompted considerable research on methods that could quantify the presence or severity of such conditions using automated vocal analysis and modeling approaches (3–13). The interest in vocal biomarkers can be explained by several attractive characteristics: they are non-invasive, easy to obtain on consumer devices, allow for frequent or continuous monitoring, and can carry rich information about health and wellness. For example, a smartphone application could analyze changes in speech patterns over time to detect early signs of depressive states. Such vocal biomarker applications are considered among the promising digital approaches in psychiatry (14, 15). Moreover, “smart” personal devices equipped with microphones and signal processing capabilities (e.g., phones, speakers, TVs, vehicle cabins) offer convenient and scalable means of reaching large populations and could help people track their mental wellbeing in ways that go beyond simply logging moods and feelings (16, 17). Finally, because vocal biomarkers are predicated on the acoustic and prosodic features of speech—the qualities of sound rather than the content—they do not require speech recognition, presenting comparatively minimal privacy concerns.

Vocal feature selection for detection or monitoring of psychiatric conditions is complex. Common mood disorders like depression, anxiety, and stress are associated with numerous physiological or behavioral changes that impact vocal and speech production, for example: increased muscle tension leading to throat strain, fatigue, or tightness (18, 19), heightened vocal effort and frequent throat clearing (20), vocal cord dryness (21), certain medications prescribed for psychiatric conditions (22–25), dietary changes or sleep disturbances (26), alterations in muscle control or tension due to neurotransmitter imbalances or hormonal shifts (19), chronic inflammation or frequent infections of the vocal cords (27), changes in brain activity, connectivity or functioning (28, 29), psychomotor retardation leading to slowing of speech, increased pauses, and a flattening of prosody (30–34). Conversely, voice disorders may also create a predisposition for individuals to develop mental health issues. For instance, voice disorders can lead to social withdrawal, communication challenges, stigma, and an overall reduced quality of life. These consequences may give rise to feelings of loneliness, low self-esteem, stress, anxiety, and depression (35–38).

Studies such as those referenced in the first paragraph have addressed the vocal feature selection issue using machine learning approaches, with vocal feature values as inputs, diagnoses or symptom severity as training labels, and model scores as outputs. While some of these studies have showed high levels of performance, very few have been validated on new datasets. Most studies were also retrospective case-control designs, where data was obtained from research participants in controlled settings that did not interact with a digital application that could provide them with feedback regarding their mental wellbeing. Comparatively less work has been done to demonstrate technology that can both accurately measure and inform users about relevant vocal characteristics related to mental wellbeing outside of such controlled settings and then incorporate these into an application that provides results in a way that is understandable and informative to users. The present study aims to demonstrate that digital health tools can maintain strong user engagement and retention, overcoming typical barriers such as negative attitudes towards apps and wearables, lack of measurement agreement with gold standards, and missing evidence around efficacy (39). We do this by showing that a vocal biomarker-based journaling application can provide objective information regarding mental wellbeing that is calibrated against validated assessment tools, in a way that engages and benefits users, using previously identified vocal features relevant to a range of psychiatric conditions.

To test the potential for vocal biomarkers in real-time mental health tracking, this report presents a prospective cohort study with a predesigned vocal biomarker application that provides users with direct feedback. Our vocal feature selection was hypothesis-based, using accumulated evidence from published research, and visualize the results in a digital health app that study participants use on their personal smartphone. To simplify interpretation of results, these features are further aggregated into a single composite score which we call “Mental Fitness”. This terminology is intended to convey the non-medical nature of the score, avoid stigma associated with illness or disorders, and suggest an analogy with physical fitness – strength, resilience, and ability to rapidly recover from injury or setbacks. The “Mental Fitness” concept underscores the opportunity for individuals to engage in healthy behaviors that can proactively mitigate mental health risks, fostering well-being and mental resilience akin to how physical fitness promotes overall health and vitality.

In parallel to the success of tools that monitor and enhance physical activity, our focus on Mental Fitness aims to foster mental well-being and enhanced mental self-awareness through engagement and objective measurement. Much like the established benefits of activity self-monitoring for promoting physical health (40), we envision Mental Fitness tracking as a catalyst for fostering mental resilience. Providing users with this familiar fitness tracking framework could facilitate better understanding and improving of their mental well-being within an integrated digital ecosystem, extending the benefits seen in the physical health domain to empower individuals in actively managing their mental fitness.

The objective of our study is to evaluate whether a smartphone application, designed to capture Mental Fitness vocal biomarkers as part of day-to-day activities, produces results that align with established mental health assessments. Additionally, we aim to assess the application’s ability to maintain user engagement over a four-week period and to collect user feedback on its usability and effectiveness. We tested the approach in a clinical population receiving outpatient treatment for common mental disorders. The study was conducted at a single site (Cognitive Behavioral Institute, Pittsburgh PA), although a pilot phase also included St Joseph’s Healthcare Hamilton (Hamilton, ON).




2 Materials and methods



2.1 Mental fitness study app

Vocal biomarker analysis and visualization was accomplished using a smartphone app developed by Sonde Health, described in detail in the Supplementary Material. Briefly, the app implements a voice journaling capability where users can record 30 second voice samples in response to a range of predefined prompts or talk about their own thoughts and feelings. The response is automatically transcribed and stored in a journaling section, while the recorded audio is used for vocal biomarker analysis using methods similar to those described in OpenSMILE (41) and Praat (42). A “Mental Fitness” Vocal Biomarker (MFVB) score and its feature components are presented to the user after each journaling session and stored in a history section.

The MFVB score components were selected based on a literature review of well supported vocal features relevant to mental health, in particular depression. The features measure different systems involved in vocal production – briefly, they include jitter and shimmer (43–45), pitch variability (43, 45–48), energy variability (43, 49), vowel space (50, 51), phonation duration (11), speech rate (3, 45, 48, 52), and pause duration (3, 45, 48, 53, 54). More information on these features is provided in Table 1 and the Supplementary Material.


Table 1 | Mental health related vocal features implemented in the Mental Fitness study app.



These features were used as inputs to the MFVB summary score using an averaging approach, resulting in an output range of 0-100 with higher scores indicating higher mental fitness (lower likelihood of elevated mental health symptoms). No machine learning models were used in any part of the MFVB score algorithm. Before averaging, the vocal feature values were normalized using distributions (see Table 1) calculated from a large proprietary digital biobank previously acquired through clinical studies across many hospital sites in India. To facilitate interpretation by the user, score categories indicating relatively high, medium, or low ranges were created using MFVB score distributions from the India-based reference population. The score ranges are “Excellent” (MFVB range: 80-100), “Good” (MFVB range: 70-79), and “Pay Attention” (MFVB range: 0-69). The MFVB result is presented to the user as the score and its associated label.




2.2 Study design

This study was designed and reported in accordance with STARD (55), and aimed to demonstrate that MFVB-based mental health symptom severity information could be obtained in consumer-grade products from users that are not guided or trained by a coordinator or clinician.



2.2.1 Study site, recruitment and participant instructions

Participants were recruited from Cognitive Behavior Institute (Pittsburgh, PA), a provider of mental health counseling to people with a range of mental disorders, including depression, anxiety, trauma and stress, obsessive compulsive disorder, and others. The study was advertised via an email campaign that included all patients with either a recent or upcoming counseling appointment. The advertisement included a link to an online consent form where patients were able to review study details, including potential benefits and risk, incentives, and participant expectations. Patients that wished to participate could provide electronic consent and leave a contact email address, which was used by the study team to email a study instruction document.

Study instructions included details on how to install and set up the Mental Fitness app and how to get best results from the recordings. An online video with explanation of how to properly use the app and interpret the results was also made available. Product and study support was available to participants via email if needed, although few participants required assistance.




2.2.2 Eligibility criteria

Patients treated at the study site were eligible for the study if they had at least one clinician-verified symptom of depression according to DSM-5 (56), 14 years or older, and have English as their first language or have conversational proficiency in English as judged from the audio recordings. Participants must own a smartphone device and willing to install and use the Mental Fitness app.

Potential participants were excluded if having a diagnosis of severe cognitive disability precluding informed consent, diagnosis of dementia, schizophrenia, or a speech disorder, or use of certain medications. Although most medications are not formally evaluated for effects on voice and speech, psychiatric, metabolic or other physiologic side effects can occur (22–25). In the context of this study, a short list of psychiatric medication that may have such side effects was excluded, including first-generation antipsychotics (chlorpromazine, haloperidol, loxapine, thioridazine), two or more second-generation antipsychotics (amisulpride, aripiprazole, clozapine, iloperidone, lurasidone, olanzapine, paliperidone, quetiapine, risperidone, ziprasidone, or use of high-dose benzodiazepines (diazepine>=30 mg/day, clonazepam>=2 mg/day, lorazepam>=4 mg/day, alprazolam>=2 mg/day). Additional exclusion criteria were substance abuse, defined as any of the following behaviors in the prior 12 months: 5+ alcoholic drinks in a single day, use of prescription drugs for non-medical use, use of illicit drugs, to avoid potential confounding effects on vocal production (57, 58).

Because participants were recruited via email advertisements, we relied on participant self-report in the onboarding survey to verify the exclusion criteria, in particular the criteria involving medical diagnoses and medication use. Language ability and speech disorders were subjectively judged from manual quality control by trained staff on the voice recordings from the study app (noting participants with excessively poor articulation, stuttering, excessively hoarse or breathy voice, fragmented speech, irregular prosody or disfluencies). Any participant who met any of the exclusion criteria was not removed from the study, but their data was omitted from the analysis cohort (described in the Statistical section below).




2.2.3 Study schedule and incentive structure

The study flow is further illustrated in Figure 1. Consent and onboarding questionnaires are hosted online through the SurveyLex platform (59). Completion of the onboarding survey was used to define Day 1 for each participant. At the end of week 4, participants received a second online questionnaire as their final study activity. Participants were informed that the study app was intended for daily use in voice journaling, although app use was self-guided.




Figure 1 | Study design and participant flow. Patients under treatment for mental health disorders at the study site receive an email invitation for the study with a link to the online consent form. After consenting and providing contact information, they receive study instructions containing a link to the onboarding survey and guidance for how to use the Mental Fitness study app. Participants use the study app for voice journaling and Mental Fitness tracking on their own for 4 weeks and receive weekly gift card incentives if they use the app at least 4 times per week. At the end of the study, they receive an offboarding survey.



Participants received a $50 Amazon gift card upon completion of the onboarding and also the final questionnaire. To incentive app use, a $15 gift card was provided on a weekly basis to participants that used the app at least 4 times during the preceding week. Participants that did not meet this requirement did not receive any reminders to promote app usage during the study. App usage was monitored by the study team using dashboards hosted on the Sonde Health infrastructure.

The 4-week per-participant duration of the study was chosen to support the study goals by allowing participants sufficient time to use the app so that they could provide meaningful feedback. It also provides a reasonable amount of time to study engagement and retention. Finally, it provides the opportunity to obtain two self-reported mental health questionnaires with sufficient separation in time, each of which can be associated with vocal biomarker results from voice recordings conducted around the time of the questionnaires.





2.3 Assessments and data collection



2.3.1 Voice recordings

Voice recordings were collected through the Sonde Mental Fitness app on participants personal smartphone device. These were 30-second recordings of responses to predefined randomized prompts or the participant’s own topic. The voice journals were transcribed and logged in the app for the user, but transcriptions were not part of the study data set and not considered in any analysis. Acoustic features were extracted from the voice recordings and used to calculate MFVB scores and categories (see Supplementary Material). The number of voice recordings per participant varied as app use was self-directed.




2.3.2 Questionnaires and mental health assessment

SurveyLex, an web-based platform for research (59), was used to collected various questionnaires:

	Onboarding questionnaire including demographic (gender, age, race, ethnicity), medical (excluded medications, other medication use, diagnosed medical conditions) and behavior (smoking, vaping, substance abuse, use of mental health focused apps) questions.

	M3 Checklist, collected once at onboarding and once at the end of the study in week 4.

	App use and level of understanding using 5-item Likert response scales (completely disagree, somewhat disagree, neither agree nor disagree, somewhat agree, completely agree): liking to use the study app, understanding of the results, helpfulness of the results, helpfulness as addition to treatment, and desire to keep using the study app after the end of the study.

	Free text responses were obtained to questions about how the study app was used and how it was or was not helpful and the best and worst aspects about the app and the study.



The M3 Checklist was used to gather patient-reported mental health symptoms and includes 27 questions related to depression, anxiety, post-traumatic stress disorder (PTSD) and bipolar disorder, as well as questions related to substance abuse and impact of symptoms on work, school, social, and home life. The M3 has been validated vs. MINI mental states diagnoses and compared with existing screening instruments for mental disorders (60, 61). We used the M3 due to the convenience of covering multiple mental disorders in one instrument and the ability to assess mental health symptom severity using established score ranges (normal, mild, moderate, severe) for overall transdiagnostic mental health as well for each of the 4 subdomains.

The M3 Checklist results include a score and symptom severity category, including normal, mild, moderate and severe; these scores and categories are provided for overall mental health and in each of the four categories of depression, anxiety, post-traumatic stress disorder (PTSD), and bipolar. For analysis purposes in the study, severity categories of moderate and severe will be referred to as “elevated” vs. normal and mild as “lower”.




2.3.3 Medical record data

The following data was collected from patient medical records at the study site (with participant permission granted through the informed consent process):

	Diagnosis from treating clinician, reflecting the primary focus of treatment at the time of the study. Typically, this also reflects the condition having the most significant impact on the participant’s mental health, if other conditions are present.

	Treatment duration at the study site at the time of onboarding.

	Treatment elsewhere immediately prior to treatment the study site.

	Date and results of most recent PHQ-9 administered as part of the participant’s treatment.

	Initial (start of treatment) and most recent depressive symptoms noted by the treating clinician.






2.3.4 Data linking

Data were linked across platforms by matching patient name and email as reported in the informed consent document to medical records at the study site, survey responses, and study app account information.





2.4 Endpoints



2.4.1 Primary endpoint

The primary endpoint is the Relative Risk Ratio (RR Ratio) based on relative risk (RR) estimates for elevated overall M3 symptom severity in MFVB ranges of 0-69 (“pay attention”) vs. 80-100 (“excellent”). RR is calculated as the prevalence of elevated symptom severity within a specified MFVB range divided by the analogous prevalence for the reference cohort, which will in general be the analysis cohort (defined in the Statistical section below), unless otherwise specified. An RR Ratio of 1.0 indicates that the MFVB scores have no ability to differentiate mental symptom severity risk. The primary endpoint is also computed for the four mental health domains of the M3 Checklist and also for subgroups based on demographic, clinical, and engagement-related factors1.

RR Ratio based on relative risk was selected as the primary endpoint instead of other measures like accuracy, sensitivity, specificity, positive/negative predictive value as these other measures are more typically applied to diagnostic or screening instruments, which is not consistent with the intended use of the MFVB scores. Rather than providing a prediction about the likely absence or presence of mental health symptoms with a binary outcome, RR provides a more nuanced way to convey increasing or decreasing likelihood of elevated symptoms.

RR Ratios will be reported with 95% confidence intervals, derived using the standard error of the natural logarithm of the RR Ratio, and back-transformed to the original scale. Statistical significance will be assumed if the confidence interval does not include the null value of 1.0, with corresponding two-tailed p value less than 0.05.




2.4.2 Secondary endpoints

Secondary endpoints are the engagement levels with the study app, measured as number of app sessions in study week 1, 2, 3 and 4; as well as retention in week 4, defined as the percentage of participants that use the study app at least once in week 4. Engagement groups were defined based on total app sessions: high engagement was defined as 16 or more sessions, medium engagement as 8-15 sessions, low engagement as fewer than 8 sessions.

The criteria for defining engagement groups were based on the app’s incentive structure and were aimed to differentiate consistent from intermittent usage patterns. High engagement, requiring near-daily app interaction, aligns with the incentive of consistent weekly usage (four or more sessions per week). Medium engagement represents a moderate interaction frequency, roughly once every 2-3 days. Low engagement indicates sporadic use, insufficient for app use incentive and potentially less conducive to habit formation; this group is anticipated to have suboptimal outcomes.

Secondary endpoints also include participant feedback, including the multiple choice questions regarding usability and helpfulness of the app and free-text responses, which will be summarized by theme. Both engagement and feedback will be assessed in the same subgroups as mentioned in the primary endpoint description to uncover potential variations in performance or feasibility of the tool within these subgroups.





2.5 Statistical considerations



2.5.1 Cohort definitions

The following cohorts are defined:

	Enrolled cohort: all participants that provided informed consent.

	Onboarded cohort: subset of the enrolled cohort which completed the onboarding questionnaire at the start of the study.

	Analysis cohort: subset of the onboarded cohort which completed at least 1 Mental Fitness app voice recording session within a period starting 2 weeks before onboarding and ending 2 weeks after the final study survey in week 4 and did not meet any of the exclusion criteria. This cohort allows comparison between MFVB results and mental symptoms per the study’s primary endpoint as well as the engagement analysis in the secondary endpoints.

	Completer cohort: subset of the analysis cohort which also completed the final study survey in week 4. This cohort allows assessment of the feedback responses per the study’s secondary endpoints.



The 2-week time window mentioned in the definition of the analysis cohort was used because some participants used the study app before completing the onboarding questionnaire (or after the offboarding questionnaire). As described below, a 2-week window is used to associate study app voice recordings to M3 surveys.




2.5.2 Statistical analyses

The association between MFVB scores and M3 results was conducted in two ways, illustrated in Figure 2:

	Closest-MFVB: The single MFVB result that was nearest in time (before or after) to the completion of the M3, but not more than 2 weeks before or after.

	Time-weighted MFVB: Using all MFVB scores that were available from 2 weeks before to 2 weeks after the M3 was completed. Each MFVB result was weighted as function of its temporal proximity to the M3 with a linear decreasing function of absolute time separation (weighting of 1 for no separation, weighting of 0 for 2 weeks separation). After the initial weights were thus assigned, they were all scaled by a constant so that the weights would sum to 1.






Figure 2 | Illustration of time-weighted method to link M3 assessments (right-hand scale, square symbols) to Mental Fitness Vocal Biomarker (MFVB) scores (left-hand scale, round symbols). M3 assessments are obtained on Day 1 (blue) and Day 28 (red) and are each paired with weighted averages of MFVB scores obtained in a period from 2 weeks prior to 2 weeks after the M3 timepoint. Weighting emphasizes MFVB scores closer to the M3 time point, indicated by the size of the MFVB symbol and the decreasing shading applied around each M3 time point. Weights are normalized to sum to 1. Note that in this example, the M3 total score declines over time, paired with a positive trending MFVB score, as intended (recreation of actual participant data).



The rationale and interpretation for the closest-MFVB approach is that this demonstrates the association between a single voice recording analysis to the M3 result, which is useful for one-time or screening-like approaches.

The time-weighted approach evaluates whether the association between MFVB scores and M3 results can be enhanced through repeated app usage over time. This is particularly relevant for scenarios like fitness tracking, where users engage with the application repeatedly. The chosen 2-week window aligns with the M3 survey’s duration, mirroring similar time frames in mental health questionnaires like PHQ-9 and GAD-7. This window encourages participants to consider symptoms over time, reducing the risk of momentary biases during assessments. Aggregating vocal characteristics over a 2-week period enhances alignment with survey results, offering a more comprehensive evaluation compared to a single time point measure.

The implementation of decaying weights in the time-weighted MFVB approach introduces a recency bias, assuming that M3 responses are more influenced by recent feelings and moods during the 2-week window. The linear weighting function was selected for its simplicity in incorporating this recency bias into the MFVB aggregation. Associating MFVB scores from both before and after the M3 questionnaire is suitable under the assumption that symptoms change gradually, allowing mental states after the M3 completion to remain correlated with the result for some duration. This ensures that vocal characteristics during this time window remain pertinent to the mental health assessment.

Engagement was assessed descriptively in each of the engagement groups (high, medium, low) as the number and percentage of participants in each group, as well as the average number of app sessions in each of the 4 study weeks and retention in week 4 (percentage of participants with 1 or more app session in week 4).




2.5.3 Handling of missing data

In defining the analysis cohort, which comprises individuals who completed the M3 assessment at onboarding and provided at least one MFVB result, we ensure that all participants contribute to the calculation of the primary endpoint. Nonetheless, there may be instances where participants do not complete the offboarding questionnaire, resulting in a lack of week-4 M3 assessment data. No imputation methods will be used for the primary endpoint calculation; instead, we acknowledge this limitation and will conduct a sub-analysis using only the onboarding M3 assessment. This will help determine any potential bias introduced by missing offboarding assessments.

For participants who do not complete the offboarding questionnaire, their feedback on the study app will also be absent. We do not have a strategy for imputing this feedback data; the implications of such missing data will be considered and discussed in relation to our findings if it affects a large number of participants.

Variability in the number of MFVB results across participants is expected due to differing levels of engagement with the study app. Since engagement is a key variable of interest, we plan to conduct a subgroup analysis to determine if alignment between MFVB and M3 assessments is influenced by engagement.

Medical record data (psychiatric diagnosis, time in treatment, etc.) are retrieved directly by the study team, and no missing data in this area is anticipated.





2.6 Ethical considerations

The study was conducted in accordance with the principles of Good Clinical Practice as described by the study designs and controls previously. Furthermore, the research protocol was reviewed and approved by WCG IRB (Protocol #20220961) prior to study initiation, and the Hamilton Integrated Research Ethics Board (Project #14494) for the pilot phase at St Joseph’s Healthcare Hamilton. All participants provided electronic informed consent in the online SurveyLex platform before participating in the study. The study app and databases were hosted on Amazon Web Services cloud servers with various security mechanisms in place, described in more detail in the Supplementary Material. Participants were made aware in the informed consent information about financial incentives in the form of electronic gift vouchers upon completion of onboarding and final questionnaire ($50 in each case) and $15 for any of the 4 study weeks if they used the study app at least 4 times during that week. Total potential incentive amount was $160. Incentives were provided solely based on the completion of these study activities and were not contingent on specific outcomes.





3 Results



3.1 Enrollment

The participant cohorts are illustrated in Figure 3: a total of 147 participants from the study site provided electronic informed consent on the web application between May and August 2023. All these participants were emailed study instructions and a link to the onboarding questionnaire, which was completed by 120 participants. Of these, 115 participants met eligibility criteria (exclusions were all due to unallowed medication use only), and of those 104 participants used the study app at least once during the study. This set of 104 participants forms the analysis cohort and will be used to report results, unless otherwise indicated. The offboarding survey at the end of week 4 was completed by 81 participants, forming the completer cohort.




Figure 3 | Cohort definitions and participant counts.






3.2 Demographics and treatment factors

Demographic and treatment factors of the analysis cohort are provided in Table 2. The analysis cohort was majority female (73%); skewed to younger adults with proportion in age ranges below 30, 30-39 and over 40 of 41%, 27% and 32% (age range 16-80); mostly white (93%) and non-Hispanic (99%). Most participants have been in longer-term treatment (66% for >1 or 2 years) and were not treated elsewhere prior to their current therapy (75%). Most participants (73%) reported using prescription medications for their mental health treatment (main reported medications being fluoxetine, sertraline, escitalopram, bupropion, lamotrigine, buspirone, lisdexamfetamine, methylphenidate, venlafaxine, and duloxetine). About half of the participants (47%) reported one or more diagnosed health conditions, including obesity (19%), asthma (15%), hypertension (12%), diabetes (3%) and other conditions (19%).


Table 2 | Demographics, treatment, and medical characteristics of the study participants. Information was reported by participants, except treatment information which was obtained from medical records.






3.3 Clinical presentation

Psychiatric diagnoses were extracted from participant medical records at the study site and grouped into high-level categories as indicated in Table 3. Anxiety-related diagnoses were the most common (38% of the analysis cohort), followed by trauma and stress-related disorders (31%), and depression disorders (20%). The most prevalent specific diagnoses were generalized anxiety disorder (22% of the analysis cohort), major depressive disorder (16%), adjustment disorder (19%), obsessive-compulsive disorder (11%), and post-traumatic stress disorder (PTSD, 10%). Various other conditions were also present in smaller numbers, e.g., attention-deficit hyperactivity disorder, bipolar disorder, and borderline personality disorder.


Table 3 | Psychiatric diagnoses obtained from patient medical records.



Among consented participants that failed to onboard onto the study, a relatively large number included participants with diagnoses of generalized anxiety disorder (11, or 30% of the consented group with this diagnosis). The relative proportion of diagnoses in the consented, onboarded, analysis and completer cohorts were otherwise similar. Most participants in the analysis cohort (80%) also completed the offboarding questionnaire (completer cohort).

Table 4 offers insights into mental health symptom severity through M3 Checklists, encompassing 104 participants and 185 M3 assessments (5 M3 assessments could not be linked to any participant and were excluded from analysis). Results are presented at onboarding for both the analysis and completer cohorts, allowing for direct comparisons with offboarding outcomes available exclusively from the completer cohort. At onboarding, the analysis cohort presented the following severity distribution: normal (0%), mild (31%), moderate (48%), and severe (21%). The cumulative prevalence of elevated (moderate-to-severe) symptoms was 69%. Examining mental health categories, elevated symptoms were prevalent in 53% for depression, 30% for anxiety, 27% for PTSD, and 11% for bipolar.


Table 4 | Mental health symptom severity prevalence reported using the M3 Checklist at onboarding (analysis and completer cohorts) and offboarding.



Symptom severity at onboarding was correlated with the likelihood to complete the offboarding survey: completers vs. non-completer (participants from the analysis cohort that are not included in the completer cohort) demonstrated the following elevated symptom severity distribution: Total (65% vs. 81%), depression (47% vs. 71%), anxiety (29% vs. 33%), PTSD (27% vs. 29%), and bipolar (9% vs. 14%).

Symptom severity reported in the offboarding survey at the end of week 4 indicates a notable reduction in elevated symptom severity within the completer cohort over the study period. The prevalence decreased from 65% at onboarding to 53% at offboarding, reflecting a 13% reduction—suggestive of the potential impact of treatment provided at the study site. These improvements were also noted on functional impairment outcomes of the M3: 25-30% of participants reported improvements in functioning at work or school and relationships with friends or family. These numbers rose to 35-40% for those participants that reported significant impairment in functioning on their initial M3.




3.4 Voice sample recordings

Participants conducted 1,336 app sessions with voice recordings during their 4-week study period, resulting in an average 12.8 sessions per participant, or 3.2 per week – nearly exactly once every other day. Additional detail regarding app use will be provided in the Participant Engagement section below. Vocal feature distributions from the study data set were compared with those from the reference dataset that was used to develop the MFVB scoring algorithm and were found to be in close alignment (see Table 1).




3.5 Vocal biomarker correlation with mental health symptom severity



3.5.1 Total symptom severity

Out of 185 M3 assessments, 177 were included in analysis of the primary endpoint due to having 1 more associated MFVB results within the 2-week time window. The prevalence or risk of elevated mental health symptom severity across this dataset was 62% (110 out of 177), defining the Relative Risk (RR) level of 1.00.

Visual representation of the alignment between MFVB score categories and total symptom scores from the M3 assessment is shown in Figure 4, using the closest-MFVB and time-weighted MFVB approach. Both approaches indicate that M3 scores and thus symptom severity distributions increase from MFVB categories of “Excellent” to “Good” to “Pay Attention”, as intended.




Figure 4 | M3 total symptom score distributions by MFVB score category, indicating the correlation between vocal analysis results and participant reported mental health symptom severity. The left-hand side of the panel associated the MFVB result closest in time to the M3, whereas the right-hand side of the panel uses a time-weighted average of MFVB results within 2 weeks of the M3 (see Methods). Results in Table 5 are calculated on the same data as displayed here.



RR was determined within MFVB score categories of Excellent, Good, and Pay Attention. Table 5 outlines the RR estimates and 95% confidence intervals (omitted here for brevity) for these MFVB score categories as 0.82, 1.02, and 1.25 when using the closest-MFVB method and 0.62, 1.07, and 1.23 when using the time-weighted method.


Table 5 | Relative Risk (RR) and RR Ratio for MFVB score categories compared to the analysis cohort (“all”) for total mental health symptoms and symptom categories of depression, anxiety.



Notably, both methods show that the “Excellent” and “Pay Attention” MFVB categories reflect RR below and above 1.00 respectively, as originally intended, as well as an RR near 1 for the MFVB score category of “Good”. The RR Ratios between Pay Attention and Excellent MFVB score categories for these two methods are statistically significant at 1.53 (1.09-2.14, p=0.0138) and 2.00 (1.21-3.30, p=0.0068), respectively, meeting the primary endpoint of the study. A principal effect of the time-weighted versus the closest-MFVB method is an increased distinction in RR away from 1, presumably benefiting from “multiple looks” at the MFVB results across the 2-week aggregation period.

Taken together, these results confirm the primary objective of the study in that the MFVB results provide users with objective information about mental health symptom severity in alignment with clinically validated reference instruments. The Relative Risk Ratios capture to what extent users with MFVB scores in the “Pay Attention” range are more likely to experience elevated mental symptoms vs. users in the MFVB score range of “Excellent”.




3.5.2 Symptom severity for depression, anxiety, PTSD and bipolar

The same principles observed for the total M3 can be extended to the subcategories for depression, anxiety, PTSD, and bipolar (Table 5). MFVB efficacy for depression is more pronounced compared to total symptoms: this heightened distinction may be attributed to the selection of vocal features, which were primarily chosen for their established association with depression. RR Ratios for closest and time-weighted methods are both statistically significant at 1.78 (1.08-2.93, p=0.0237) and 2.60 (1.45-4.66, p=0.0013), respectively. Results for anxiety and PTSD indicate consistent RR trends despite wider confidence intervals and non-significant RR Ratio due to a lower prevalence of elevated symptoms in these categories. It is particularly challenging to accurately assess RR for bipolar due to the limited total number of reported cases of elevated symptom severity (only 14 M3 results fall into this category). Additionally, hypomanic patients may manifest a mixture of vocal qualities, some of which are normally associated with strong mental health.





3.6 Participant engagement

As indicated in Table 6, participants engaged with the study app an average of 12.8 total times over the course of the 4-week study period, with 70% of users remaining active in week 4. These average usage patterns can be further examined by categorizing engagement into three levels, as described in the Methods section.


Table 6 | Participant engagement during the 4-week study period, measured as average weekly sessions and retention in week 4.



The high engagement category included 38% of participants, with a consistent 5-6 app sessions each week, 100% retention in week 4 and an average of 21.1 sessions in total (approximately 10 minutes of voice recordings over the study period). The medium engagement group (8-15 sessions) comprised 33% of participants. This group typically utilized the app 3-4 times per week with a gradual decrease over time, had 71% retention rate in week 4, and an average of 11.6 sessions overall. The remaining 29% of participants exhibited low engagement and had minimal app usage, even in the initial study week; only 14% of these users were retained in week 4, with an average of 3.5 total app uses. The engagement groups thus differed both on total app usage but also persistence of use over time.

To find potential reasons for these very different levels of engagement, cohorts defined by the engagement groups were constructed and assessed for variations in demographics, health characteristics, and clinical presentation. Statistical significance was assessed in each case using chi-square test and 5% significance level. The only statistically significant factor was age (p=0.0131), with older age groups displaying higher levels of engagement. The oldest age group (40+ years) comprised 45% of the high engagement group, 26% of the medium engagement group, and 20% of the low engagement. While the middle age group (30-39 years) trended similarly, for the youngest age group (<30 years) the analogous proportions were 20%, 53%, and 57%, revealing an opposite trend.

Other factors, including male gender (p=0.1273), absence of prescription medication use in mental health treatment (p=0.3157), lower symptom severity (p=0.4425, comparing completer and non-completer participants), and having a psychiatric diagnosis other than anxiety-related, exhibited positive trends toward increased engagement, although statistical significance was not reached. Notably, age and these non-significant factors, which trended positively with higher engagement, were also linked to lower symptom severity. This suggests that symptom severity may be a primary determinant of engagement, with higher symptom levels associated with reduced engagement and vice versa. This aligns with the expectation that individuals experiencing more severe symptoms might be less engaged.




3.7 Participant feedback



3.7.1 Level of agreement with statements about MFVB tool and score characteristics

Participant agreement with five statements presented in the offboarding questionnaire at the conclusion of week 4 is summarized in Table 7. This questionnaire was completed by 80 participants, 77% of the analysis cohort. The high response rate reduces potential responder bias in the response analysis.


Table 7 | Participant level of agreement with statements in the feedback portion of the offboarding survey; 80 participants included (completer cohort, except 1 participant that did not provide feedback responses).



In general, a substantial majority of participants expressed partial or full agreement with all statements. The highest level of agreement (81%) was in response to the statement expressing contentment with the capability to assess Mental Fitness through voice recordings on their smartphone, underscoring the favorable reception of this activity and application among participants. The lowest level of agreement (55%) was noted in response to the statement asserting that the Mental Fitness app constituted a beneficial adjunct to their treatment at CBI. Here, a relatively large proportion of participants indicated a neutral opinion. The remaining three statements (pertaining to comprehension of MFVB scores, the perceived utility of MFVB scores for self-assessment, and the intention to continue using the Mental Fitness app in the future) received partial or full agreement from approximately 70% of participants.

Participant responses to the statements were also analyzed based on level of engagement to determine if satisfaction correlated with usage (Table 7). Results showed that participants in the high engagement group agreed more frequently, with 82% somewhat or completely agreeing on average across all statements. Using the same calculation, the medium engagement group had a 61% agreement rate, while the low engagement group had a 57% rate. Interestingly, the statement about understanding the MFVB scores showed a modest 9% difference between the high and low engagement groups, indicating that level of understanding of the scores wasn’t a significant factor driving app usage. Conversely, the statement about the app being a helpful addition to treatment at CBI had the most substantial differences between engagement groups, ranging from 71% agreement in the high engagement group to 50% in the medium engagement group and 29% in the low engagement group. This suggests that the perceived value of the app as an addition to treatment was closely tied to consistent app usage. Overall, engagement and satisfaction were strongly correlated.




3.7.2 Open response feedback

The offboarding survey at the end of week 4 also included several free response questions where participants could provide more detail about how they used the app, whether it was a helpful addition to their treatment at the study site, and what was perceived as the best and worst things about the study app. The combined response set from these questions provided a rich source of insight on how participants used the app and what sources of benefits they perceived, with approximately 40% of participants reported making some change in their behavior or lifestyle as a result of using the MFVB tool and approximately 30% mentioned perceived benefits to their wellbeing. The following sections highlight key themes in participant responses to the questions, selected to best illustrate the types of preferences and behaviors mentioned by participants.



3.7.2.1 How the app was used

Participants were asked to “Briefly explain how you’ve used the mental fitness app and how it has (or has not) been helpful to you”. Participants reported a variety of uses, with some describing the app as akin to a therapeutic self-reflection exercise, while others found it challenging to use consistently due to issues with notifications and varying levels of engagement. Many noted that the app helped them track and reflect on their mental health, recognize patterns, and provided a structured daily check-in. However, some participants questioned the accuracy of the MFVB assessment, as it did not always align with their self-assessment. The time constraint for recordings (30 seconds) was a concern for several participants, who desired a longer recording option.




3.7.2.2 Complement to clinical treatment

Although neither the app nor the study was integrated with treatment at the study site, participants were also asked to “please briefly explain how the mental fitness app has (or has not) been a helpful addition to your treatment at CBI”. This question was intended to reveal whether participants would develop their own ways to complement their treatment and how it might be most helpful in a treatment context.

Feedback themes partially overlapped with responses to the previous question, as several participants noted that it helped them reflect, self-assess, and maintain a routine. Some mentioned that it offered a moment for self-reflection and set a positive tone for the day or helped them track their emotions when they didn’t have therapy appointments. However, others found it challenging to remember daily use or believed that it didn’t significantly contribute to their treatment. A few participants mentioned discrepancies in the MFVB score, which didn’t always align with their self-assessment. While some found it beneficial for voicing their thoughts and feelings, others felt it did not align with the specific needs of their therapy.




3.7.2.3 Best and worst things

Participants valued the app’s convenience and ease of use, highlighting its quickness and ability to track emotions over time. They appreciated the score system for visualizing feelings and patterns. The prompts, speech-to-text journaling, and the reminder for positivity were well-received. The app served as a bridge between therapy sessions, offering structured daily check-ins and journaling. Participants also found the tips and score breakdowns into the 8 vocal features helpful, providing a consistent and reassuring external perspective on their emotions.

On the other hand, participants encountered various challenges and limitations with the app, including difficulties in consistently remembering to use it, technical issues such as app glitches and notifications, and the need to find a quiet place to record. The fixed 30-second recording time posed a constraint, leading to desires for greater self-expression flexibility. Repetitive prompts caused some users to lose interest, while doubts about the accuracy of mood interpretation based on voice recordings emerged. Some concerns were raised about privacy and potential data mining.






3.8 Vocal biomarker correlation: subgroup analyses



3.8.1 Gender and age

With reference to Table 8, RR patterns using the time-weighted MFVB approach for total symptom severity appear to indicate better performance in males vs. females as the RR Ratio is higher (5.00 vs. 1.94). However, confidence intervals for males are wide due to relatively fewer participants, and the data does not provide conclusive evidence for a difference. Still, differences in vocal changes that may impact MFVB effectiveness cannot be ruled out, because gender differences in depressive symptom profiles have been described for other non-voice related behaviors (62).


Table 8 | Relative Risk (RR) and RR Ratio for MFVB score categories by selected subgrouping variables.



Analysis by age was hampered by the fact that the middle age group had only one MFVB score in the “Pay Attention” range, and the estimated RR Ratio at 0.61 for this age category has very wide confidence intervals (0.05-7.47, p=0.2276). The younger and older age groups were somewhat better balanced in MFVB scores, and both had RR Ratios consistent with the population at 1.47 and 3.61, the latter being statistically significant.




3.8.2 Clinical diagnosis

Subgrouping by clinical diagnosis revealed the most consistent relationship between MFVB score category and RR for depression and stress- and trauma-related conditions, although neither reached statistical significance. For conditions in the anxiety and “other” categories, RR for MFVB scores of “Excellent” and “Good” were as expected (RR<1.0 and ~1.0, respectively) but showed little increase in the “Pay Attention” range.

Note that the analysis reported here using total M3 score stratified by clinical diagnosis differs from the previously reported analysis by mental health symptom type (Sec. 3.5.2, Table 5), where RR estimates were reported on the entire analysis cohort (all clinical diagnoses combined) separated by symptom type. That said, both analyses indicate best performance in depression and stress- and trauma-related categories, followed by anxiety.

While such correspondence in MFVB performance measured either as a function of clinical diagnosis or symptom type appears reasonable on grounds that patients with a given diagnosis would be expected to have the strongest symptoms within that condition, other factors that may impact MFVB effectiveness—such as engagement with study procedures, proper use of the study app, overall severity of symptoms or ability to provide accurate self-reported information—could differ between these subgroups.




3.8.3 Engagement level

Subgrouping by engagement level reveals that for the high engagement group the RR estimates are considerably more pronounced than for the overall study sample. This subgroup has an RR Ratio of 8.50 (2.31-31.25, p=0.0013). For the medium engagement subgroup a less pronounced RR Ratio of 1.71 (0.90-3.26, p=0.0996) is observed, and finally in the low engagement subgroup an RR Ratio <1.0 is observed but with wide confidence intervals. This subgroup is characterized by higher symptom burden and fewer M3 scores in the normal-to-mild range, posing limitations on accurate RR estimation.

To investigate whether the marked RR improvements with increasing engagement were due to having more MFVB scores available for association with M3 results during the 2-week aggregation window or other factors, RR estimates and RR Ratios were calculated as function of engagement group using the closest-MFVB approach, which uses a single MFVB score only with each M3 result. This approach should diminish the potential advantage of more MFVB scores in the high engagement subgroup. Indeed, this yielded lower RR Ratios of 2.5, 1.3, and 0.90 for the high, medium and low engagement subgroups, suggesting the important contribution of aggregating MFVB results over time.

To further balance the comparison between engagement groups, the closest-MFVB analysis was conducted again using the onboarding M3 only, as the low engagement group was comprised of a large proportion of non-completers which did not provide responses to the offboarding survey at the end of week 4. Isolating the analysis to the onboarding M3 only (which was provided by all participants) will further equalize the data available for association of MFVB results to M3 assessments. This yielded an additional decrease in RR Ratios to 1.5, 1.2, and 0.79 for the high, medium, and low engagement subgroups, respectively. This further solidifies the notion that aggregation of MFVB results over time is the main driver for improving effectiveness of vocal analysis.






4 Discussion



4.1 Vocal biomarker scores stratify participants into mental health symptom severity categories

This study marks a significant step forward in the practical application of vocal biomarker technology through the use of a smartphone-based tool within a prospective cohort. By analyzing 30-second free speech voice recordings, the tool provides participants with immediate quantitative feedback on their mental health symptom severity. The correlation between the Mental Fitness Vocal Biomarker (MFVB) scores and established mental health assessments was not only statistically significant but also meaningful for participants. The tool maintained participant engagement over the duration of the 4-week study, with participants expressing mostly favorable opinions and noting various tangible benefits. This research overcomes previous limitations in the field by successfully operationalizing voice-related feature analysis into a user-friendly technology and testing in a longitudinal study, a combined approach that has not been documented in published literature to date.

A few recent studies share some similarities with our work. One recent smartphone app-based speech analysis approach used semantic analysis to screen for depression and anxiety in an older demographic, requiring 5-minute voice recordings, which were then compared with PHQ-8 and GAD-7 scales for validation (63). While this study demonstrated good performance, it differed from our methodology by not utilizing acoustic features and providing only binary outcomes, limiting its utility as a personalized mental wellness resource. In contrast, our approach requires substantially less recording time by focusing on acoustic and prosodic features. A uniquely long-term (6-month) study in bipolar patients tested whether a machine-learning based vocal biomarker approach could make use of repeated observations over time to identify euthymia, hypomania, and manic episodes in participants via weekly telephone interactions (64), and reported good performance for differentiating hypomania and depression from euthymia. As we found in our study, continuous observations over time proved essential, especially for bipolar disorder, characterized by fluctuating mood over time. Our study not only reaffirms the value of continuous data collection but also expands on it by providing immediate feedback to users, enhancing the application’s role in regular mental health self-assessment and management.

Our method, averaging normalized values of eight vocal features from a 30-second speech sample (see Supplementary Material), facilitates measurement of moderate-to-severe (elevated) mental health symptom severity in terms of Relative Risk (RR), laying a foundation for application-specific products that offer objective and quantitative mental fitness information. RR offers comparative understanding of the likelihood of elevated symptom severities being present within a range of Mental Fitness Vocal Biomarker (MFVB) scores compared to an overall population average.

The use of RR instead of accuracy or sensitivity and specificity, typically employed as outcome measures in vocal biomarker studies, is appropriate given the likely intended uses, which would not primarily involve the identification or differentiation of mental health conditions. The underlying vocal features were selected based on reported correlations with depression but do not have well-supported threshold values that separate clinical categories. Interpretation of MFVB score in terms of RR avoids potentially incorrect interpretation by users that a high (or low) MFVB score rules out (or in) the presence of a mental health condition, whereas the risk concept more appropriately conveys a change in likelihood of underlying symptoms.

We found that MFVB scores also stratified symptom severities within subdomains of depression, anxiety, and PTSD. The RR Ratio was greatest for depression, perhaps explained by the fact the underlying vocal features were primarily selected based on pre-existing evidence for that condition. What is unique about the current study is the transdiagnostic participant sample, applying a uniform vocal processing approach to demonstrate MFVB efficacy for multiple and potentially comorbid mental health conditions. Another differentiating feature of our work is the inclusion of diagnosed individuals only, without healthy controls, aiming to differentiate symptom severity rather than diagnosis status.




4.2 Optimal vocal biomarker performance requires frequent observation over time

We employed two methods for linking MFVB scores to M3 results: one associating a single MFVB score closest in time to the M3, and the other averaging all MFVB results within 2 weeks before or after the M3 (applying weights to diminish the contributions of more distant MFVB scores). Both approaches affirm that MFVB scores provide information about symptom severity that is aligned with validated mental health assessments. Notably, the time-weighted method exhibits superior risk stratification ability, capitalizing on the accumulation of vocal information over time and aligning more closely with the M3 time window. This distinction, pointing toward the significance of longitudinal observations, is not merely an accidental statistical outcome but an expected behavior. Analogous to understanding a region’s climate, reliable insights into overall mental fitness—the backdrop against which day-to-day mood fluctuations occur—require frequent observation over time. Vocal biomarker tools are inherently well positioned to gather and refine insights over time, emphasizing the need for future studies and product designs to leverage this intrinsic quality.

Our results confirmed the utility of frequent measurement over time in another way, by revealing significantly enhanced RR estimates in participants that were more highly engaged with the study app. We were able to determine that the enhancement was primarily the result of more frequent “observation” (voice sample recordings). This is good news, because it implies that improvements in MFVB performance can be achieved by boosting engagement for users that would otherwise have low engagement levels. Achieving this goal will require research into strategies that can increase engagement, perhaps tailored to specific user characteristics. An alternative option is to develop passive voice monitoring tools that can continuously observe the user’s voice in the background, once consent has been provided. This would remove the engagement element completely and allow a maximum of observation to occur for all users.




4.3 Participant engagement factors

As we found above, achieving and sustaining high engagement is essential for many health apps, but often proves challenging in practice. Although the duration of this study is relatively brief, the observed engagement levels are promising. This is evident from the proportion of participants engaged, which combined the mid and high engagement groups, reaching 71%, and the persistence of that engagement, with an observed 87% retention in week 4 averaged across these two groups.

These metrics compare favorably to most other app-based or mHealth studies (65, 66). Study design factors that have previously been found to promote retention that were present in this study are the recruitment method (study invitation sent from participant’s clinical treatment organization), financial compensation for participation, and having a relevant condition to the app design (mental health concerns). Aside from study design factors, a potentially important factor was delivering real-time useful information (MFVB scores) back to users through the study app, a characteristic not shared by many other digital health apps (65, 66). The combination of insight and engagement that this approach fosters could be a natural way to enhance the perceived value and success of other digital therapeutic products.

Although participants were offered a financial incentive of $15 per week to encourage app usage of 4 or more times weekly, the incentive did not drive high levels of engagement among all participants. The proportion of participants receiving gift cards in each week was, not surprisingly, correlated with engagement level. That proportion was about 80% in the high engagement group, about 40% in the medium engagement group, and near zero in the low engagement group. Further, a potential small positive effect on app usage in weeks where a gift card was not received for the prior week was observed for participants in the low and medium engagement groups.

Engagement was negatively correlated with mental health symptom severity, both for total symptoms and within symptom categories. In particular, the prevalence of elevated depressive symptoms was relatively high in the low engagement subgroup, consistent with previous findings on barriers to engagement with digital mental health interventions (67). Individuals experiencing more severe symptoms may find it challenging to engage consistently with the study app due to the potential impact of their mental health condition on motivation, energy levels, and overall well-being. Higher symptom severity often correlates with increased psychological distress and reduced functional capacity, making it difficult for individuals to sustain regular and active participation in the study.

Engagement was positively correlated with age, an effect that has been observed previously in digital health app studies (65, 66); although it is contrary to conventional expectations that it is more difficult to engage older populations with digital tools. In this study, age was also negatively correlated with symptom severity; it is therefore possible that age and symptom severity both reinforced the observed engagement trends.

Varying engagement levels observed in this study underscore the importance of tailoring the user experience to individual needs. Although MFVB scores demonstrate efficacy across a spectrum of mental symptom categories and severities, a uniform solution approach may not optimally engage and thus fall short for users facing particular mental health challenges. Better understanding and addressing the engagement barriers would help to create solutions that are not only more accessible and inclusive but also resonate strongly with those who may stand to benefit the most.




4.4 Vocal biomarker perception and benefits as a function of engagement

Comments made by participants from the high engagement group indicate a strong commitment to the Mental Fitness app, appreciating the daily check-ins and addition to their daily routines. They found the app beneficial for tracking their mental wellbeing and for self-expression. Participants in the medium engagement group displayed more mixed sentiments, with concerns about notifications and scoring accuracy affecting their overall engagement. This group also indicated the lowest level of agreement with the statement that the MFVB scores are helpful in understanding how they are doing. The low engagement group participants exhibited the least enthusiasm in their feedback, with limited app use due to forgetfulness or perceived inconvenience, although some participants still acknowledged potential benefits from more frequent use.

Although the Mental Fitness app nor the study were positioned as supplement to mental health treatment, about half of the study participants organically discovered meaningful ways to incorporate the app into their treatment regimens, considering that 55% of participants agreed that it was a helpful addition to their treatment. Participants that frequently used the app said that they generally found the app to be a valuable addition to their treatment as a tool for self-reflection, providing reminders to relax and a way to practice the skills they worked on in therapy. It helped them focus on positive thoughts and stay in a mental health routine. Less engaged users also appreciate the tool as a platform to voice thoughts and feelings but did not perceive it as contributing to their treatment as much, either because they did not use it as frequently or because they viewed it more as a mental exercise.

We may conclude that engagement with digital health tools like the MFVB app is strongly influenced by perceived relevance of features to the individual user’s needs and preferences, consistent with previous findings (65, 66). On the other hand, the feedback has also indicated user-driven discovery of value beyond the initial app design intentions, which can lead to strong engagement and satisfaction.




4.5 Limitations



4.5.1 Study population

The main limitations of the present study are related to the study population, which was an outpatient psychiatric sample with limited demographic diversity in race and ethnicity. Although a large age range was represented (16–80), most participants were young adults to early middle age. All were native or fluent English speakers and clients of a mental health care provider based in Pittsburgh, PA. On the other hand, the MFVB scoring algorithm was developed based on vocal feature analysis from a large Indian outpatient population speaking 5 different Indian languages, which would suggest that our results are not particularly sensitive to linguistic, geographic, or cultural differences. Reliance on acoustic features vs. linguistic analysis is likely a major contributing factor to this robustness. Given the marked difference in the development and validation cohorts, we hypothesize that many of the findings in this report would generalize to other populations as well.

The study implemented certain exclusion criteria that might have influenced the vocal attributes of the analysis cohort. However, the applied exclusions pertained exclusively to the use of prohibited medications, impacting a small subset of potential participants (n=5). Note that the use of other medications was permitted, with most participants (n=76) reporting such use. Given the limited scope and number of exclusions, their effect on the principal outcomes of the study is likely minimal.

The clinical population included in this study may exhibit certain characteristics that would be different in a more general population. For example, the study participants are actively engaged in mental health treatment and volunteered for the study, which suggests a certain level of motivation to engage with tools intended for mental fitness tracking. They were also financially incentivized to use the app. Other populations may exhibit different interests and uses for the tool studied here. We also found that those participants with more severe symptoms, in particular those related to depression, were on average less engaged relative to the participants with milder symptoms. These participants with milder symptoms may share many characteristics with a portion of the general population, given estimated levels of depression and anxiety in United States in the 30-35% range (68).




4.5.2 Study app functionality and user interface

Our findings regarding engagement levels and participant feedback are influenced both by the MFVB scoring algorithm and the overall app experience. Because our MFVB tool was presented as a voice-to-text journaling app, many participants reported valuing the combination of recording thoughts and moods, self-reflection, and tracking their wellbeing through the MFVB scores. Users also valued other aspects including notifications to help build habits, tips for healthy activities and behaviors, etc. This points to the need to consider the entire product experience and user journey in the context of digital health products like vocal biomarker assessment. Because this app was built primarily as demonstration and limited research tool, the positive reception and usage levels would likely further increase in an application more optimized for user experience and customization.




4.5.3 Lack of diagnostic specificity

Our results demonstrate a general ability of MFVB score categories to differentiate mental health symptom severity levels, but do not distinguish what type of symptoms these may be (e.g., depression, anxiety, PTSD, or bipolar). The eight acoustic and prosodic features that underlie the MFVB score algorithm (see Supplementary Material) capture enough voice acoustic changes that accompany the presence of these conditions that the resulting MFVB score is generally responsive transdiagnostically, serving as a kind of “mental wellbeing thermometer”. Rather than viewing the lack of diagnostic specificity as a limitation, it is a valuable feature if the intended use is to provide broad mental symptom severity information to users rather than serve as a diagnostic tool. Its broad applicability and possible use cases can accelerate validation and adoption versus tools that are more narrowly focused.

The 8 vocal features that underlie the MFVB score may still provide information that could differentiate among common mood disorders, although no existing work is known to the authors that has demonstrated such capability. In a vocal biomarker study of people with depression, bipolar, schizophrenia and healthy controls, it was found that it was possible to train classification models to differentiate the disordered participants from healthy controls, but not depression from bipolar (69). Schizophrenia could be differentiated from depression and bipolar but falls outside the scope of common mood disorders that is being targeted with our Mental Fitness approach.





4.6 Potential applications and future work



4.6.1 Application examples

While specific applications may require additional studies and validation, the positive findings reported here suggest several potential use cases of MFVB tools. The most obvious might be the one in which this study was conducted: mental health treatment, where patients can benefit from objective insights into their mental wellbeing over time. The information may also be useful to providers, allowing a complementary source of insight and, through a non-fatiguing assessment at relatively greater time resolution, filling temporal gaps between treatment sessions. Additionally, even users who are not actively undergoing mental health treatment may benefit from monitoring their mental fitness. Further exploration could involve integrating MFVB scores into workplace wellness programs, offering employers a tool to support employee mental health. This technology could be integrated into digital health platforms and wearables, extending the reach of these offerings and offering a more holistic view of well-being that includes mental aspects as well as traditional fitness measures such as step count, sleep, and cardiovascular metrics. Another avenue for exploration is the development of prognostic outcomes that could be used, for example, in primary care to identify those individuals most likely to be diagnosed with a mental disorder upon referral to a specialist. The potential extends to services targeting adolescents and college-age populations, considering that approximately 20% of our study participants belonged to this age range, with results consistent with the overall study cohort.

Because the MFVB algorithm is by design intended to broadly measure mental health symptom severity and is not trained or tuned to a specific outcome, its adoption across potentially multiple use cases could be relatively faster vs. a new and unique tool for each scenario. As the aforementioned “mental wellbeing thermometer”, the MFVB approach would function as a standard component integrated into a range of platforms designed for different applications.




4.6.2 Vocal biomarkers in the background

While we have shown that the active journaling component of the MFVB approach is valued by many users, some did not use it and others forgot to use the app consistently or found it difficult to incorporate into their daily life. Sonde Health has already developed passive measurement capabilities to analyze user voice in the background, which allows the MFVB results to be provided without active user engagement. The technology runs on edge devices rather than hosted on cloud platforms, eliminating the need for recording or transmitting voice data. This not only addresses privacy concerns but also aligns with evolving data protection standards. Passive monitoring also includes user voice identification to ensure that analysis pertains solely to the intended user, further enhancing confidentiality of the mental fitness solutions. Future studies will incorporate such passive measurement capabilities to address engagement and privacy challenges.




4.6.3 Optimizing processing and scoring algorithms

This study did not seek to optimize MFVB scoring algorithms to maximize risk stratification abilities; therefore, a relatively simple combination of pre-selected voice acoustic features was used for scoring. The current algorithm’s simplicity likely contributed to its robustness from the calibration data set (outpatient clinics across regions in India) to this validation cohort. Additionally, this study’s positive results are an encouraging foundation for future algorithm development, including machine learning or artificial intelligence approaches, to improve alignment of MFVB scores and mental health symptoms. The study app also did not include any voice sample quality control mechanisms to reject recordings with high background noise, which, if present, could negatively impact score accuracy. Including such control mechanisms may further enhance MFVB score performance.




4.6.4 Personalized change detection

The MFVB scoring algorithm in the study app, derived from cross-sectional data, assigns scores and category labels based on population vocal feature distributions, limiting direct applicability to individual users due to voice variations and smartphone device differences across users. While participants found tracking MFVB changes over time useful, determining the clinical significance of individual score changes was not possible. Longitudinal studies, assessing concurrent symptom and vocal changes, are needed. The study’s 4-week duration was inadequate to capture meaningful mental condition changes for most participants; for instance, 74% of participants did not change in symptom severity category, perhaps because most participants had been in treatment for an extended period of time already (66% >1 year, Table 2). A 12-week extension phase of the study aims to assess individual changes and potentially inform personalized scoring algorithms and will be reported in future communications.




4.6.5 Contributing to mental wellbeing

Given the positive experiences participants reported with the MFVB tool, it would be of interest to study if and how mental fitness tracking might improve mental wellbeing, akin to the well-establish impact that step-count monitoring has on physical activity and its attendant physical health benefits (40). Via the study feedback, approximately 40% of participants reported making some change in their behavior or lifestyle as a result of using the MFVB tool and approximately 30% mentioned perceived benefits to their wellbeing – while neither of these themes were specifically included as questions in the survey. These are remarkable statistics for a basic smartphone app that merits follow-up studies designed to measure the potential impact of an MFVB tool as health intervention.






5 Conclusions

We have demonstrated that a Mental Fitness Vocal Biomarker (MFVB) scoring algorithm, using pre-selected vocal features reported in the literature, incorporated into a smartphone voice journaling application can indicate increased or decreased risk for elevated mental health symptom severity using a single 30-second voice sample. This risk stratification improves by aggregating recordings over a 2-week period and is particularly effective for users who frequently engage with the tool. Similar performance was observed within mental symptom categories of depression, anxiety, and PTSD. Most study participants were consistently engaged and enjoyed using the tool, finding the MFVB scores helpful in understanding how they were doing. Participants mentioned benefits such as creating helpful daily routines, therapeutic benefits from self-expression, and valuing the fact that they could contrast their self-perception with an objective assessment.

While the MFVB tool is not intended to diagnose or treat mental health conditions, these findings provide a robust initial foundation upon which to further explore its potential in personalized wellness tracking, which has so far not yet been able to extend measurement of physical health to mental wellbeing. Its functional appeal, consistent use, and positive reception highlight its significant potential to benefit users. The key insight from this work – aggregating MFVB scores over time and integrating information amid day-to-day mood variations – is an important factor in attaining optimal performance levels. Vocal biomarker-based wellness tools are well-suited for continuous observation, engaging users to cultivate healthy habits and behaviors, ultimately contributing to improved wellbeing.
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1The RR Ratio as defined in this paragraph is equivalent to the risk ratio between the “Pay Attention” and “Excellent” categories, as the reference group used in the relative risk calculation factors out when calculating this ratio. However, in some subgroup analyses the contingency tables include zeroes that would cause computational problems, and in those cases a value of 0.5 is added to all cells. This is done separately for the calculation of relative risk by MFVB category and risk ratio between the aforementioned MFVB categories. This results in a few instances where the ratio of reported relative risks values for “Pay Attention” vs. “Excellent” appear numerically different from the reported RR Ratio values (which are calculated with a different contingency table).
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None of the above 60 (50%) 55 (53%) 42 (51%)

(1) 10 most prevalent medications: fluoxetine (n=21), sertraline (n=18), escitalopram (n=16),
buproprion (n=14), lamotrigine (n=8), buspirone (n=7), lisdexamfetamine (n=6),
methylphenidate (n=6), venlafaxine (n=5), duloxetine (n=5).

(2) More than one category may apply, so the percentages may sum to more than 100%.
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Comparison of symptom categories between onboard and offboard should refer to the completer cohort, as 23 out of 104 participants in the analysis cohort did not complete the offboarding
survey. These non-completers had somewhat higher symptom severity vs. the completer cohort (see Main text).
The bold indicates the total M3 result.
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Anxiety

Generalized anxiety disorder 37 26 23 18
Obsessive-compulsive disorder 11 11 11 9
Social anxiety il 3 3 3
Anxiety - other 3 2 2 0
Panic disorder 1 1 1 1
All anxiety disorders 55 43 40 31
Depression

Major depressive disorder 25 21 17 13
Depression - other 5 4 2 2
Persistent depressive disorder 2 2 2 1

All depressive disorders 32 27 21 16

Trauma- and stress-related disorders

Adjustment disorder 23 21 20 17
Post-traumatic stress disorder 13 12 10 9

Trauma - other 3 2 2 2

All trauma- and stress-related disorders 39 35 32 28
Other 7

Attention-deficit hyperactivity disorder 8 4 4 3

Bipolar disorder 4 3 2 1

Borderline personality disorder 3 3 2 1

Feeding or eating disorder 1 1 0 0

Autism 1 1 0 0

Unspecified 4 3 3 1

All other disorders 21 15 11 6

These reflect the disorder which most impact participant functioning, for individuals with multiple diagnosed disorders.
The bold indicates the sums of the numbers for the associated specific conditions.
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These results are computed with the time-weighted MFVB method (see main text and Figure 2).
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(5) Completely agree 34 23 14 20 28
(4) Somewhat agree 33 38 42 26 32
(3) Neither agree 8 5 9 28 10
nor disagree
) 5 11 13 3 7
Somewhat disagree
(Y] 0 3 2 3 3
Completely disagree

Proportion somewhat or completely agree

All participants 81% 73% 67% 55% 72%
High engagement 92% 82% 79% 71% 87%
Med engagement 75% 64% 54% 50% 64%
Low engagement 65% 71% 65% 29% 53%
Average response 41 37 3.5 3.6 38
score (1-5 range)

The bold indicates “all participant” numbers.
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Features were selected based on available evidence from published studies on vocal biomarker research in depression. A summary score algorithm was developed using normalized values of the
individual features, which were obtained from a reference dataset described in the main text. Feature value distributions obtained from the current study closely matched the
reference distributions.
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PTSD and bipolar. Results are shown for the association of a single MFVB score to the closest M3 assessment (closest-MFVB) and for the association of potentially multiple MFVB scores within a
2-week window around the M3 assessment (time-weighted MFVB). See main text and Figure 2 for details on the calculation methodology. Elevated M3: moderate or severe; lower M3: normal

or mild.





