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Abstract: Emotion regulation is essential for psychological well-being, particularly in individuals 

with Major Depressive Disorder (MDD) and Post-Traumatic Stress s Disorder (PTSD), who often 

struggle with managing their emotions. Traditional methods like self-reports and behavioral 

observations have limitations in fully capturing the complexities of emotion regulation. This research 

work addresses these gaps by employing advanced audio analysis techniques to explore the 

difficulties in emotion regulation experienced by individuals with mental health disorders. The 

proposed model uses advanced audio analysis techniques on audio data from participant-interviewer 

interactions and self-reported questionnaires. Logistic regression classifiers are employed to predict 

emotion regulation difficulties and shows strong correlations between DERS subscales and severity of 

disorders. The model’s robustness is validated through Receiver Operating Characteristic (ROC) 

curve analysis and by calculating Area Under the Curve (AUC) values for each subscale of the 

Difficulties in Emotion Regulation Scale (DERS). 

Keywords: Major Depressive Disorder, Post-Traumatic Stress Disorder, Audio analysis, Machine 

Learning, Difficulties in Emotion Regulation Scale, Non-intrusive assessment 

1. Introduction 

  The integration of advanced technologies in emotion regulation research signifies a significant 

step forward, offering insights into the dynamics of emotional experiences that traditional methods 

may overlook. One notable approach integrates audio analysis, enabling researchers to capture a wide 

array of information such as verbal expressions, non-verbal cues, and physiological responses. This 

multimodal approach contributes to significant understanding of emotion regulation within the context 

of mental health disorders, potentially offering a non-intrusive and cost-effective diagnostic tool that 

could transform mental health assessment and intervention strategies. 
  By analyzing both verbal and self-reported data, researchers can develop more targeted 

therapeutic approaches, leading to improved mental health outcomes. Previous studies have 

established associations between subscales of DERS questionnaire [1], degrees of Major Depressive 

Disorder [1], PTSD [2]. Emotions triggered in response to scenarios vary in intensity and polarity 

based on an individual's capacity for emotional regulation. Research indicates that the results may 

vary due to unbalanced ratio of male and female [3], [4], highlighting the importance of addressing 

this bias for fair and accurate diagnosis across different demographics. 
  Emotion regulation, as stated by Ross Thompson, mentions the processes, both internal as well 

as external, that monitor, evaluate, and modify emotional responses to achieve individual's objectives 

[5]. Various psychological issues are associated with deficits in ERD, and several studies have 

developed tools for measuring ERD [6], focusing notably on the DERS [7]. The DERS assesses an 

individual's level of ERD across six dimensions: (i) clarity about emotions, (ii) acceptance of one's 

emotions, (iii) ability to act effectively despite emotional distress, (iv) ability to control impulses, (v) 

awareness of emotional states, and (vi) use of effective emotion regulation strategies. Deficiencies in 

these dimensions indicate the extent to which an individual struggle with emotional control. 
  This study explores the use of audio data to examine emotion regulation difficulties in 

individuals with mental health disorders. Our methodology involves recording audio of participants 

during interactions with interviewers, alongside their responses to standardized questionnaires. These 
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recordings provide comprehensive data, capturing both verbal and non-verbal aspects of emotion 

regulation. 
  During a Zoom call, participants were asked questions derived from the DERS. Responses were 

recorded using clip-on microphones and webcams to identify symptoms of MDD and PTSD. 

Alongside audio data, self-reported information through online forms including the DERS, the Patient 

Health Questionnaire-8 (PHQ-8), and the Posttraumatic Stress Disorder Checklist-Civilian Version 

(PCL-C) are collected. Self-reported data served as a reference for validating audio findings. DERS 

subscale scores were used to estimate ERD, while PHQ-8 and PCL-C total scores assessed depression 

and PTSD severity respectively. 

  Gratz and Roemer (2004) provided a comprehensive framework for understanding ERD, 

emphasizing their prevalence in various mental health conditions such as MDD and PTSD. Aldao et 

al. (2010) conducted a meta-analytic review highlighting the association between emotion regulation 

strategies and psychopathology, indicating that maladaptive strategies are commonly observed in 

individuals with mental health disorders. Gross (2015) reviewed the extended process model of 

emotion regulation, detailing the sequential nature of emotion regulation strategies and their 

differential impacts on mental health. John and Gross (2004) discussed the limitations of self-report 

measures in capturing emotion regulation processes, citing issues such as social desirability bias and 

lack of introspective accuracy. 

  Cowie et al. (2001) pioneered the use of audio analysis in emotion recognition, demonstrating 

the potential of vocal features in detecting emotional states. Scherer (2003) provided a detailed review 

of vocal indicators of emotion, highlighting the significance of prosody and speech patterns in 

understanding emotional experiences. Busso et al. (2004) developed a multimodal database for 

emotion analysis, combining audio and video data to enhance the accuracy of emotion detection 

systems. Zeng et al. (2009) reviewed the advances in multimodal emotion recognition, emphasizing 

the integration of audio, video, and physiological data for more robust assessments.  

  De Silva et al. (2003) demonstrated the efficacy of multimodal approaches in emotion 

recognition, showing significant improvements over unimodal systems. Koolagudi and Rao (2012) 

explored the role of speech emotion recognition in mental health applications, discussing the 

implications for automated diagnosis and intervention. This integrated approach holds promise for 

enhancing our understanding and treatment of mental health disorders, leveraging advanced 

technology to provide more precise assessments and interventions. 

  The paper is structured as follows: the introduction section outlines the importance of emotion 

regulation and the challenges faced by individuals with mental health disorders. It highlights the 

limitations of traditional methods and introduces the innovative approach of using audio analysis for a 

more nuanced understanding of emotion regulation difficulties. Data collection and its justification 

have been discussed in data collection section. The methodology section details the data collection 

process, including the use of audio recordings and self-reported questionnaires. The results section 

presents findings, emphasizing the ROC curve and AUC values for each DERS subscale in predicting 

PTSD and MDD. Finally, the Conclusion summarizes the work contributions and potential 

implications for future research and clinical practice. 

2. Data collection 

  The collection of data includes recording of the participants' audio through online interaction 

with the interviewer as well as their self-reported responses. The audio data is collected through zoom 

calls. The participants respond to the set of questions (self-reported), which are taken from the DERS 

questionnaire based on one to one interaction.  

2.1 Data collection protocol 

 Firstly, all participants were informed about the data collection process. Then the participants 

were requested to be seated comfortably while attending the zoom call on their computer or mobile 

phone. Initially, they were asked several questions to make them feel comfortable. Subsequently, the 

questions present in the Difficulties in Emotion Regulation Scale questionnaire [25] were asked in 

successive order. These zoom calls are recorded and retained in M4A format. As soon as the 

recordings are completed, the participants' responses to an online form consisting of DERS, PHQ-
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8[26] and PCL-C questionnaires collectively [27] are recorded which are further used as self-reported 

data (SRD). 

2.2 Participants 

 Regarding this work the data of 30 under-graduate students comprising of equal number of 

male-female participants aged between 20 to 25 years is collected. 

2.3 Audio data 

  The participants' audio responses during zoom call are recorded in M4A audio format. Their 

face is the primary focus of the webcam. In this work, free and open-source zoom application is 

utilized for recording audio data. This work involves 2.57 hours of audio recordings. 

2.4 Self-reported data 

  The authenticity for the participant's audio data is ensured by their answers to an online form, 

which is created by merging the DERS, PHQ-8, and PCL-C questionnaires. Difficulties in Emotion 

Regulation Scale subscale scores are utilized as an authenticating factor for assessment of emotion 

regulation difficulty. These scores are calculated by aggregating the weights corresponding to the 

selected choices for a particular subscale. The 5-point Likert scale is used for rating the choices 

associated with each question [28].  

  Table 1 shows the number of items belonging to each subscale, score range as well as their μ ± 

σ values. The authenticity for Major depressive disorder detection is recorded by totalizing the 

participants' PHQ-8 scores. The total score is calculated by aggregating the weights corresponding to 

the selected choices which denote the degree of depression of a participant. The 4-point Likert scale is 

used for rating the choices associated with each question [28]. The whole score lies between 0 to 24. 

A threshold of score 10 is used to detect whether a person suffers from Major depressive disorder or 

not. The authenticity for Post-traumatic stress disorder detection is recorded by totalizing the 

participant’s PCL-C scores. The total score is calculated by aggregating the weights corresponding to 

the selected choices which denote the degree of post-traumatic stress disorder detection by which a 

participant is suffering. The 5-point Likert scale is used for rating the choices associated with each 

question [28]. The whole score lies between 17 to 85. A threshold of score 30 is used to detect 

whether a person suffers from PTSD or not. 

Therefore, in this dataset 13 participants are found to be suffering from major depressive 

disorder and 22 participants are suffering from post-traumatic stress disorder. Thus, the proportion of 

people with MDD and without MDD is 13:17. Also, the proportion of people with post-traumatic 

stress disorder and without it is 22:8. Therefore, this dataset is disproportionate for Post-traumatic 

stress disorder which has been addressed in this work. 

 
Table 1. Statistical Summary of DERS Subscale Scores (Mean µ and SD σ) 

 
Subscale Items Score Boundaries μ ± σ(Mean ± SD) 

    

Clarity 5  5-25 10.23 ± 4.59 

Non-acceptance 6  6-30 13.20 ± 6.49 

Goals  5  5-25 14.6 ± 4.85 

Impulse 6  6-30 13.9 ± 4.60 

Awareness 6  6-30 12.56 ± 4.82 

Strategies  8  8-40 6.73 ± 6.07 
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2.5 Rationale for data collection protocol 

  Interviewing the participants is part of the data gathering procedure for the automated 

identification of mental diseases. Usually, during the interview, different questions are asked from the 

participants that are not included in the questionnaire used for identifying a mental disorder [29], [30], 

[31], [32].The interview between the interviewer and respective participant, stored in audio format is 

marked by the combined results of PHQ-8 and PCL-C for that participant. The purpose of this work is 

to identify Post Traumatic Stress Disorder and Major Depressive Disorder using ERD as an 

intermediary form of audio data. The Emotion Regulation Difficulties level of each participant is 

measured by the DERS subscales as featured in Section I.  

  Therefore, in order to determine a DERS subscale's score based on audio data, the interviewer 

must provide questions about that subscale. For ease of implementation, a question sheet linked to the 

respective subscale of DERS was not created. Rather, our data collecting technique involves asking 

individuals items straight out of the Difficulties in Emotion Regulation Scale question sheet. A 

comparable method has been applied in [33] to estimate quality of life. In that work, the conversation 

between participants and a computer agent are recorded in audio form. These conversations involve 

questions from the short form-36 version 2 (SF-36v2) questionnaires [34]. The authenticity of a 

participant's audio recording is derived from their SRD on the SF-36v2. 

3. Methodology 

  The primary aim is to investigate the necessity of Emotion Regulation Difficulties, inferred 

from audio data, as an intermediary form for evaluating the degree of Major Depressive Disorder and 

Post-Traumatic Stress Disorder. The suggested methodology (shown in figure. 1) involves estimating 

the DERS subscale score and leveraging these scores to gauge the severity of MDD/PTSD. 
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Figure 1: Proposed methodology 

In this order, spreadsheets are organized with the computed subscale scores for each participant, 

derived from both self-reported questionnaires and audio data. The self-reported questionnaire 

includes DERS, PHQ-8, and PCL-C questionnaires. Further, mean and standard deviation are 

calculated for each DERS subscale as indicated in Table 1, including data from all 30 participants. 

To detect MDD, the ground truth is the combined score from the Patient Health Questionnaire-

8, representing the participant's depression severity level. It is computed by aggregating the weights 

of the selected choices. For detection of Post-Traumatic Stress Disorder, the authenticity is the 

combined score from the Post-traumatic Stress Disorder Checklist-Civilian Version questionnaire, 

indicating the PTSD severity level, calculated similarly by summing the associated weights of the 

responses.  

The collected data is validated separately for both self-reported questionnaires and audio 

sources. Data validation on online form is carried out through correlation analysis, calculating 

Pearson correlation coefficients among DERS subscales, MDD severity levels, as well as acuteness 

of PTSD extent. Audio data validation is conducted using the k-fold cross-validation method to 

ensure robust evaluation of machine learning models. The three classifiers are utilized in this work: a 

support vector machine, logistic regression classifier and random forest. 

 

4. Results 

  The investigatory assessment of the preferred approach for evaluating Emotion Regulation 

Difficulties utilizing the SRD and auditory modality is presented in this section. Further, using the 

calculated ERD, the evaluation of two selected mental illnesses (PTSD and MDD) are performed. The 

tests are conducted to verify the generated dataset. These tests are implemented using Python 3.7 and 

IDLE (v3.7.0) on an Intel Core i3 7th Gen CPU. 
The following sub-sections discusses and analyzes the authentication of SRD and audio 

data. A correlation analysis is performed for self-reported data. Audio data validation involves 

detailing the use of classifiers and the evaluation of performance metrics for detecting Major 

Depressive Disorder and Post-Traumatic Stress Disorder. 

 

4.1 Analyzing the validation of self-reported data (SRD) 

Table 2 displays the Pearson correlation coefficients derived between the Difficulties 

Emotion Regulation subscale scores and the seriousness of Major Depressive Disorder and Post-

traumatic stress disorder. It is worth noting how the graveness of these both disorders has a 

logarithmically remarkable connection with all DERS subscales excluding the Strategies subscale. 

The connection between MDD and PTSD gravity levels is significant (0.83, p < 0.01). Thus, strong 

relationships across all DERS subscales excluding the strategies subscale are found. Our findings 

show comparable trends, which corroborate the SRD in our sample. 

 

Table 2: Correlations among DERS subscale scores, severeness of MDD and PTSD 

derived from SRD 

 
SUBSCALE 1 2 3 4 5 6 7 8 

         

CLARITY 1 0.41+ 0.32+ 0.34+ 0.74* 0.4+ -0.11 0.04 

 

NON-ACCEPT  1 0.21 0.5* 0.43+ 0.58* -0.09 0.08 

GOALS   1 0.57* 0.02 0.53* -0.08 -0.04 

IMPULSE    1 0.22 0.75* -0.01 0.06 

AWARENESS     1 0.32+ -0.04 0.14 
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STRATEGIES      1 0.08 0.18 

MDD       1 0.83* 

PTSD        1 

*p <0.01; +p <0.05 
 

4.2 Analysing the validation of audio data 

In this investigation, the classifiers for determining Major Depressive Disorder and Post 

Traumatic Stress Disorder are instructed as well as examined on the basis of auditory feedback of 

each subscale in our dataset individually. For both Major Depressive Disorder and Post-Traumatic 

Stress Disorder detection, the training set consists of 18 participants and the testing set consists of 12 

participants, respectively. In our experiment 13 out of 30 participants suffer from MDD and 22 out 

of 30 participants suffer from PTSD. Thus, there is an asymmetry in the dataset. To deal with the 

asymmetry in data, a threshold shifting approach is employed in the composition [35] [36]. Macro-

average F1-score [37] is used for choosing optimal decision boundary and k-fold cross validation 

method is used to identify the optimal threshold boundary. It is applied on the training partition. 

Table 3 shows the calculated macro F1 score for unbalanced data using SVM with RBF kernel. 

 

TABLE 3: Macro-F1 score for unbalanced audio data 

SUBSCALE MDD PTSD 

Awareness 0.43 0.40 

Goals 0.48 0.87 

Non-accept 0.73 0.69 

Strategies 0.74 0.62 

Clarity 0.36 0.45 

Impulse 0.65 0.69 

 
For balanced data, experiments are performed using different Machine Learning models and 

then compared. The models used for classification are Support Vector Machine (SVM), Logistic 

Regression and Random Forest classifier. Precision, recall, f1 score and accuracy are being 

calculated and the model which produces the most optimal value of all 4 parameters is chosen. 

Among the 3 models, the Logistic Regression Classifier produces the most optimal result. For our 

experiment, balanced data is used instead of unbalanced data as it has greater F1 score value for each 

DERS subscale. 

 

 
 
 
 
 
 
 
 
 
 

https://doi.org/10.71058/jodac.v9i1006


 

   
VOLUME 9 ISSUE 01 2025 

 

JOURNAL OF DYNAMICS AND CONTROL 

 

 

DOI: https://doi.org/10.71058/jodac.v9i1006 

 

 

PAGE NO: 54 

TABLE 4: Evaluation of performance metrics for each subscale using SVM 

TABLE 5: Evaluation of performance metrics for each subscale using Logistic Regression 
 

 
TABLE 6:  Evaluation of performance metrics for each subscale using Random Forest 

 
For audio modality, the key observations that are indistinguishable to those derived from online 

form are given in Table 7. 

SUBSCALE   MDD      

PTSD 

 

 

 Precision Recall F1 score Accuracy Precision Recall  F1 score  Accuracy 

Awareness 0.56 0.54 0.49 0.5                   0.61 0.65 0.41                 0.42 

Goals 0.55 0.53 0.50 0.58                 0.83 0.95 0.87                 0.92 

Non-accept 0.75 0.76 0.75 0.75                 0.70 0.85 0.70                 0.75 

Strategies 0.55 0.53 0.50 0.58                 0.67 0.80 0.62                 0.67 

Clarity 0.73 0.57 0.41 0.50                 0.56 0.60 0.56                 0.67 

Impulse 0.89 0.80 0.81 0.83                 0.75 0.90 0.78                 0.83 

SUBSCALE   MDD      PTSD  

 

 Precision Recall F1 score Accuracy Precision Recall  F1 score  Accuracy 

Awareness 0.56 0.54 0.49 0.50                   0.61 0.65 0.41                 0.42 

Goals 0.89 0.80 0.81 0.83                   0.83 0.95 0.87                 0.92 

Non-accept 0.75 0.76 0.75 0.75                   0.70 0.85 0.70                 0.75 

Strategies 0.75 0.76 0.75 0.75                   0.67 0.80 0.62                 0.67 

Clarity 0.78 0.71 0.66 0.67                  0.70 0.70 0.70                 0.83 

Impulse 0.89 0.80 0.81 0.83                 0.75 0.90 0.78                 0.83 

SUBSCALE   MDD  PTSD 

 

 

 Precision Recall F1 score Accuracy Precision Recall  F1 score  Accuracy 

Awareness 0.73 0.57 0.44 0.50                 0.61  0.65 0.41                 0.42 

Goals 0.66 0.66 0.66 0.67                0.83 0.95 0.87                 0.92 

Non-accept 0.75 0.73 0.73 0.75                0.70 0.70 0.70                 0.83 

Strategies 0.81 0.79 0.75 0.75                0.70 0.85 0.70                 0.75 

Clarity 0.75 0.73 0.75 0.75                0.95 0.75 0.81                 0.92 

Impulse 0.89 0.80 0.81 0.83                0.75 0.90 0.78                 0.83 
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i. The relationship between the graveness of major depressive and post-traumatic stress disorders is 

computationally remarkable.  

ii. The seriousness of major depressive and post-traumatic stress disorders is strongly linked with the 

majority of DERS subscales. 

iii. Except for a few situations, links among all Difficulties in Emotion Regulation subscales, 

eliminating the Strategies subscale, are statistically important. The biggest dissimilarity with 

respect to the data collected through online form is over Strategies subscale, which is substantially 

linked with the acuteness of Post-Traumatic Stress Disorder and Major Depressive Disorder in 

auditory modality. 
 

TABLE 7: Relational analysis of MDD severity level, DERS subscale scores, and PTSD 

severity levels based on audio data 

*p <0.01; +p <0.05 

 

Logistic Regression is used as a suitable classifier and for its validation, the Receiver 

Operating Characteristic (ROC) curves of MDD and PTSD against each DERS subscale are 

calculated. 

 

1. IMPULSE PTSD 

Optimal threshold: 0.68 

 

2. STRATEGIES PTSD 

Optimal threshold: 0.81 

SUBSCALE 1 2 3 4 5 6 7 8 

         

CLARITY 1 0.58* 0.24 0.54* 0.57* 0.73* 0.25 0.29 

 

NON-ACCEPT  1 0.40+ 0.76* 0.51* 0.67* 0.58* 0.64* 

GOALS   1 0.39+ 0 0.3 0.38+ 0.37+ 

IMPULSE    1 0.46+ 0.65* 0.49+ 0.57* 

AWARENESS     1 0.46+ 0.2 0.26 

STRATEGIES      1 0.45+ 0.59* 

MDD       1 0.83* 

PTSD        1 
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3. NON-ACCEPT PTSD 

Optimal threshold: 0.65 

 

 

4. CLARITY PTSD 

Optimal threshold: 0.58 

 

 

5.GOALS PTSD 

Optimal threshold: 0.71 

 

  

6. AWARENESS PTSD 

Optimal threshold: 0.78 

 

FIGURE 5: ROC CURVES of each DERS subscale for PTSD 
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1. CLARITY MDD 

Optimal threshold: 0.44 

 

 

2. IMPULSE MDD 

Optimal threshold: 0.57 

 

 

3. NON-ACCEPT 

Optimal threshold: 0.37 

 

4. AWARENESS MDD 

Optimal threshold: 0.46 

 

 

5. GOALS MDD 

Optimal Threshold:0.61 

  

 

6. STRATEGIES MDD 

Optimal threshold: 0.43 

 

 
FIGURE 6: ROC CURVES of each DERS subscale for MDD
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Figure 5 and 6 represents ROC curve which is used to assess the performance of classification 

model. The x-axis of this curve represents FPR and y-axis represents TPR. The diagonal line from (0,0) 

to (1,1) represents a classifier that makes random guesses. A model whose ROC curve is close to this 

diagonal is no better than random guessing. 

Each ROC curve helps in understanding how well each specific subscale of the DERS can be used as a 

diagnostic tool for MDD and PTSD. The closer the value of Area Under Curve (AUC) is to 1, the better 

the subscale is at predicting MDD and PTSD [38]. 

TABLE 8: AUC values of ROC curves of each DERS subscale for PTSD and MDD 

 

 

 

 

 

 

 

 

 

 
 

This table consists of AUC values of all the curves in Figure 5 and 6 which conclude that Goals and 

Impulse subscale is most efficient at predicting PTSD and MDD respectively. 

5. Discussion 

This research work further demonstrates that advanced audio analysis techniques can effectively 

identify emotion regulation difficulties in individuals with MDD and PTSD. By utilizing logistic 

regression classifiers to analyze audio data from participant-interviewer interactions and self-reported 

questionnaires, the study found significant correlations between specific DERS subscales and the severity 

of these disorders. These findings further support the potential of audio-based assessments as diagnostic 

tools for mental health conditions. 

The strengths of this work include its innovative use of audio analysis to provide a more objective and 

nuanced assessment of emotion regulation difficulties, addressing the limitations of traditional self-reports 

and behavioral observations. However, the study also has limitations, such as a relatively small sample 

size and potential for audio quality variations affecting the analysis. 

In comparison to similar research, this work aligns with previous studies that highlight the importance of 

various approaches in understanding emotion regulation. However, this research further advances in the 

field, specifically focusing on emotion regulation difficulties in clinical populations, such as individuals 

with MDD and PTSD. 

The significant correlations between DERS subscales and disorder severity underscore the utility of 

audio-based assessments in capturing the complexities of emotion regulation. These findings suggest that 

audio analysis can provide insights that are difficult to obtain through traditional methods. The 

implication is that integrating audio-based assessments into clinical practice could further enhance 

diagnostic accuracy and inform more tailored therapeutic interventions. 

 

 

CURVE PTSD MDD 

   

1. 0.86 0.66 

2. 0.76 0.75 

3. 0.86 0.71 

4. 0.65 0.46 

5. 0.95 0.67 

6. 0.55 0.65 
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6. Conclusion 

This work delves into the intricate role of emotion regulation within the realm of mental health, 

with a particular emphasis on its dysregulation across various psychiatric conditions such as anxiety 

disorders, mood disorders, and post-traumatic stress disorder (PTSD). Leveraging advanced techniques 

like audio analysis, the research endeavors to comprehensively capture a spectrum of verbal cues to 

discern patterns of emotion dysregulation. By employing audio recordings of participants engaging with 

the Difficulties in Emotion Regulation Scale (DERS) questionnaire alongside self-reported data, the 

work aims to gauge the severity of major depressive disorder (MDD) and PTSD. Through sophisticated 

correlation analysis and the application of machine learning classifiers, including Support Vector 

Machines (SVM), logistic regression, and random forest algorithms, the research seeks to validate the 

self-reported data while identifying significant patterns of emotion dysregulation that align with the 

severity of mental disorders. Logistic Regression is used as a suitable classifier and for its validation, the 

Area Under the Curve (AUC) values of the ROC curves were computed to quantify the diagnostic ability 

of each DERS subscale in predicting MDD and PTSD. The closer the AUC value is to 1, the better the 

subscale is at prediction. The results, summarized in Table 8, indicates that the Goals subscale is the 

most efficient at predicting PTSD, with the highest AUC value.  

In contrast, the Impulse subscale demonstrates the greatest efficiency in predicting MDD. 

Moreover, the work underscores the paramount importance of ethical considerations in managing 

sensitive data throughout the research process. Ultimately, the research strives to contribute to the 

development of targeted clinical interventions by demonstrating how the integration of audio analysis 

techniques can offer invaluable insights into the challenges surrounding emotion regulation in the 

context of mental health. These findings suggest that specific subscales of the DERS can serve as 

effective diagnostic tools for MDD and PTSD when using logistic regression classifiers. The 

identification of these subscales provides a targeted approach for diagnosing these mental disorders, 

enhancing the overall accuracy and reliability of predictions based on audio data. 

Future research should aim to address the limitations of this study by including larger and more diverse 

samples, improving audio data collection techniques, and integrating additional modalities such as 

physiological data. This would further validate the findings and enhance the robustness of audio-based 

diagnostic tools. Clinicians and researchers should consider adopting these innovative techniques to 

improve the assessment and treatment of emotion regulation difficulties in mental health disorders. 
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