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Abstract 

According to the World Health Organization, approximately 280 million people have depression. However, mental health 

diagnostic and intervention tools remain largely inaccessible, unaffordable, and stigmatized. To address this global need, a novel, 

accessible, and nonintrusive diagnostic and assistive system was created through the development of two machine learning (ML) 

models and a web app. Psych2Go uses two ML models to nonintrusively detect depression (model 1) and emotion (model 2). 

Both achieve their respective goals by analyzing prosodic features in speech rather than the content. The first ML model achieves 

a depression detection accuracy of 75.54% and the second achieves an emotion detection accuracy of 77.60%. The assistive 

system is powered by the GPT-3.5 Turbo API. The API, using a custom prompt template, tailors responses and therapy techniques 

to the user-provided demographic information (name, gender, age) and the detected emotion from the second ML model. The 

prompt enables the GPT-3.5 Turbo API to apply cognitive behavioral therapy principles, identifying and addressing depression-

related negative thoughts. Adhering to strict privacy standards, the chatbot eschews storage of personal conversations, focusing 

instead on session-specific data (the user’s time of a session, depression score, emotion, name, age, and gender). Psych2Go was 

deemed successful in providing privacy-focused, personalized emotional support and depression and emotion detection. The 

chatbot’s unprecedented privacy-focused approach and personalization allows for it to act as an aid for therapists to monitor 

progress and a support system for the user between therapy sessions.       
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1. Introduction 

Mental health comprises people’s psychological, emotional, 

and social welfare as a state of well-being in which individuals 

realize their abilities, cope with normal life stressors, work 

productively, and contribute to their communities (Galderisi 

et al., 2015). Conversely, mental illness refers to functional 

disorders characterized “by anxiety (neurosis) and/or disor-

ganization (psychosis)” (Gove & Tudor, 1973). Various fac-

tors, such as genetics, environment, and life experiences, con-

tribute to the development of mental illnesses (Inglis et al., 

2016). Many mental illnesses impair one’s ability to think, feel, 

and relate to others. While the scope of mental illness’s prev-

alence varies across countries, at any given time, approxi-

mately one in five adults experience it (Gopalkrishnan, 2018). 

Notably, mental illness is not limited to a specific demo-

graphic, with mood and anxiety disorders (e.g., generalized 

anxiety disorder and major depressive disorder) as the most 

common types. However, most people with either a mood or 

anxiety disorder are untreated or misdiagnosed (Puyat et al., 

2016).  

Unlike physical ailments, where symptoms may be outwardly 

evident, the internal struggles associated with mood and anx-

iety disorders can often go unnoticed by the casual observer 

(Kasper, 2006). This invisibility fosters a lack of awareness, 

perpetuating various stereotypes associated with these disor-

ders. For instance, some view those with depression as having 

weak personalities (Yokoya et al., 2018), while individuals 

with post-traumatic stress disorder may be labeled as crazy 

(Mittal et al., 2013). These misinformed perspectives lead to 

stigma, a mark of disgrace or discredit that sets a person apart 

from others. 

Many individuals avoid seeking care for their mental health 

issues because of the social distance others may maintain from 

persons seeking psychiatric therapy or the self-stigma they ex-

perience due to earlier discrimination (e.g., internalized shame; 

Schulze, 2007). In the absence of treatment, these conditions 

may worsen, having devastating effects on a person’s mental 

and physical health (Borenstein, 2020). Although seeking psy-

chotherapeutic or medical aid for mood or anxiety disorders 

may make individuals uncomfortable, at least temporarily, it 

is a crucial step to preventing the condition from worsening 

and affecting daily life (National Alliance on Mental Illness 

California, n.d.). In the realm of treatments for mood and anx-

iety disorders, two primary methods have emerged as the most 

prevalent: psychotherapy and medication (Bandelow et al., 

2022). 

Psychotherapy is a broad range of treatments that can help in-

dividuals understand their illnesses, cope with their reality, 

and adjust to their challenges (National Institute of Mental 

Health, 2023). In comparison, medication involves the use of 

drugs to treat the symptoms and underlying causes of these 

disorders. Drugs are usually palliatives rather than cures (Par-

ish et al., 2023). Among the various psychotherapeutic ap-

proaches, cognitive behavioral therapy (CBT) has been one 

that has received much attention. 

CBT is a structured, goal-oriented therapy that aims to identify 

and change negative thought patterns and behaviors that con-

tribute to and perpetuate mood and anxiety disorders. The pri-

mary goal of CBT is to equip individuals with practical skills 

to manage their disorder and reduce the risk of relapse. This 

form of therapy is grounded in the belief that people’s 

thoughts, feelings, and behaviors are interconnected, so by 

identifying and addressing maladaptive thought patterns, one 

can bring about positive changes to their emotional well-being 

and actions (Parish et al., 2023). 

Although CBT has been shown to be effective, its accessibility 

is limited since some individuals are embarrassed to enter a 

therapist’s office, admit they need treatment, or pay for its cost. 

In response to these limitations, in 1966, the first chatbot psy-

chotherapist, ELIZA, was created using pattern matching 

(Bendig et al., 2022) and template-based answers to imple-

ment a therapy approach called Socratic questioning. Today, 

Woebot (Woebot Health, Inc.), Youper (Youper, Inc.), Wysa 

(Wysa, Ltd), Replika (Luka, Inc.), Unmind (Unmind, Inc.), 

and Shim (Shim, Inc.) are a few examples of the health-fo-

cused chatbots publicly available as mobile app features (Xu 

et al., 2021). Woebot, based on CBT, was studied and shown 

to be effective in reducing depressed symptoms and increasing 

receptivity in patients compared to conventional treatments 

(Fitzpatrick et al., 2017). Consistent with the findings from 

Shim, who used the same therapeutic approach, a study found 

that the intervention was extremely engaging, increased well-

being, and decreased stress (Ly et al., 2017). The user’s moti-

vation increased while tension decreased when a chatbot was 

created using the structured association-approach counseling 

method. 

Similarly, a graph-based chatbot was suggested to utilize sen-

timent analysis to determine users’ emotional states and en-

gage in conversations to alleviate their distress (Xu et al., 

2021). Moreover, cognitive and behavioral therapies provided 

by Vivobot (HopeLab, Inc.) aim to disseminate knowledge of 

positive psychology and foster flourishing (Xu et al., 2021). 

Young individuals undergoing cancer treatment found this 

chatbot helpful for emotional support and engagement. 

 

However, chatbots are not where the ability of machine learn-

ing (ML) in mental health ends. By examining data for pat-

terns that possibly indicate a mental health disorder, ML is 

used to make diagnoses (Shatte et al., 2019). Patient charts, 

brain scans, and social media postings are examples of where 

this information may be gathered and analyzed. Both 
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supervised learning algorithms (such as the convolution neu-

ral network [CNN] used in this study), requiring labeled data 

for training, and unsupervised learning algorithms, which dis-

cover hidden patterns in data without labels, have been uti-

lized for this purpose (Osisanwo et al., 2017). Once a model 

has been trained on the acquired information, it can estimate 

the probability that a person has a specific mental health con-

dition based on data. Researchers working in ML produce this 

forecast by feeding fresh data into their models and interpret-

ing the results to draw conclusions. Nevertheless, the tradi-

tional method of diagnosis via questionnaires (such as the 

PHQ-9) is limited to the disorders they cover, while the inva-

sive and vague nature of the questionnaire can make people 

uncomfortable. 

The primary aim of my research was to develop a novel CBT 

chatbot utilizing the Generative Pre-trained Transformer 

(GPT)-3.5 Turbo Application programming interface (API) 

that is both privacy-focused and personalized. This chatbot 

was designed to discern emotion and depression indicators 

from prosodic features in spoken language. My approach was 

bifurcated into two primary components: 1) the detection of 

emotion and depression from audio and 2) the creation of an 

interactive CBT chatbot interface. 

In the first phase, I created two ML model. One detected de-

pression and the second emotion based on prosodic features in 

speech. The audio, based on which the two ML models were 

trained, was sources from two databases: the Ryerson Audio-

Visual Database of Emotional Speech and Song (RAVDESS) 

and the Distress Analysis Interview Corpus (DAIC). Leverag-

ing the capabilities of the Librosa Python module, I extracted 

Mel-frequency cepstral coefficients (MFCCs) from these sam-

ples, forming the bedrock of my 2D CNN. This model under-

went extensive training, encompassing several layers, which 

equipped it to better detect emotion and depression. 

The second phase witnessed the integration of these ML mod-

els with a web application developed in ReactJS. This integra-

tion facilitated interactions between the models and the appli-

cation via the Hugging Face inference endpoint, ensuring that 

the detected emotional state and depression level, augmented 

with user-specific data such as gender, age, and name, were 

effectively employed to tailor the chatbot’s interaction with 

the user. This level of customization enabled my chatbot, built 

from OpenAI’s GPT-3.5 Turbo API with a custom prompt 

template, to conduct adaptive CBT sessions personalized for 

each user. 

My research focused on developing a CBT chatbot to offer 

accessible, privacy-centric, and tailored mental health support. 

The study's objectives were: 1) to surpass the detection accu-

racy rate of primary medical providers' initial diagnoses, cur-

rently around 50% (Al-Huthail, 2008); 2a) to provide highly 

personalized emotional support sessions, grounded in CBT 

principles, by considering the user's emotion and demographic 

data (name, age, and gender) to select the most appropriate 

CBT technique for each individual; and 2b) to nonintrusively 

detect depression and emotion by identifying prosodic fea-

tures in speech, avoiding the analysis of recording contents or 

text chats.   

2. Materials and Methods 

The primary aim of this section was to develop a ML frame-

work for detecting emotion and depression based on prosody 

in speech. This study used the RAVDESS database for emo-

tion detection, which contains audio files of different emotions, 

including anger, calmness, fear, happiness, and sadness. For 

detecting depression, I utilized the DAIC database, in which 

there were interviews with participants exhibiting varying de-

grees of depression. 

I used the audio files from the RAVDESS database, consisting 

of audio-visual recordings of performers displaying a range of 

emotional expressions. Only five emotions (i.e., anger, calm-

ness, fear, happiness, and sadness) were chosen for investiga-

tion to reduce any confusion in emotion categorization. The 

acquired WAV dataset was split 80/20 between training and 

testing sets for each emotion. Figure 1 shows the distribution 

of target emotions in the RAVEDESS database.    

 
Figure 1. Distribution of Target Emotions 

The DAIC database, an assembly of audio-visual recordings 

featuring interactions with a virtual interviewer, was used to 

detect depression through speech and language patterns. I spe-

cifically utilized the audio component of the database, ac-

quired in WAV file format. To refine the database for analysis, 

several preprocessing steps were executed: firstly, noise re-

duction techniques were employed to eliminate background 
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disturbances such as hissing, humming, and buzzing, thereby 

enhancing audio clarity. Secondly, speech diarization was con-

ducted to isolate and remove the virtual interviewer's voice, 

which was deemed irrelevant noise in the context of this study. 

Thirdly, the speech segments pertaining to individual speakers 

were amalgamated into singular, continuous recordings. The 

database’s composition, as depicted in Figure 2, revealed a 

skewed distribution of targets. Both databases were subse-

quently divided into training and testing sets, adhering to an 

80/20 split ratio. The subsequent phase involved feature ex-

traction from these preprocessed databases. 

 
Figure 2. Target Distribution of Depression Audio 

The Librosa Python module was used to extract MFCCs from 

both databases. MFCCs are widely used in speech recognition 

and emotion detection tasks, as they provide a compact repre-

sentation of the audio signal's spectral characteristics. The ex-

tracted MFCCs are used as feature vectors, with a shape of (30, 

2584), which are then reshaped into (30, 2584, 1) to serve as 

input for the 2D CNN model. Similarly, for the DAIC database, 

MFCCs are extracted using the same Librosa library. The fea-

ture vectors in this case have a shape of (30, 216), and they are 

also reshaped into (30, 216, 1) to be used as input for the 2D 

CNN model. 

The model architecture used for both emotion and depression 

detection is based on a 2D CNN implemented using Tensor-

Flow. It consists of several layers. The first layer is a 2D con-

volutional layer with 256 filters and a kernel size of 5, using 

the ReLU (rectified linear unit) activation function. This layer 

is applied to the input feature vector to learn various features 

and patterns from the input data. Then, there is another 2D 

convolutional layer with 128 filters and a kernel size of 5, also 

using the ReLU activation function. This layer further refines 

the features learned by the previous layer. A dropout layer with 

a dropout rate of 0.3 follows, which helps in reducing 

overfitting by randomly setting input units to 0 during training. 

Thereafter, a max-pooling layer that downsamples the input 

feature map to reduce spatial dimensions and computational 

complexity is also added. Then a third 2D convolutional layer 

with 128 filters and a kernel size of 5, using the ReLU activa-

tion function, followed by another 2D convolutional layer 

with 64 filters and a kernel size of 5, also using the ReLU ac-

tivation function is integrated. Yet another dropout layer with 

a dropout rate of 0.3 is included to further prevent overfitting. 

A flatten layer that reshapes the 3D output tensor into a 1D 

tensor, allowing it to be used as input for the subsequent dense 

layer was also incorporated. Finally, a dense output layer with 

five nodes and a softmax activation function is applied to the 

emotion detection model, while for the depression detection 

model, a dense output layer with one node and a sigmoid ac-

tivation function is used. The total number of parameters for 

the emotion detection model is 2,682,245, while the total num-

ber of parameters for the depression detection model is 

2,680,897. These parameters are learned during the training 

process to optimize the model's performance in recognizing 

emotions or detecting depression from the input audio features.   

2.1. Hugging Face 

The solution deployment used a custom Hugging Face in-

ference endpoint for the ML models, complemented by a web 

server for the interface. Hence, a Supabase PostgreSQL data-

base was created by accessing the database section of the pro-

ject to retrieve the PostgreSQL connection string, which was 

essential for linking the database to the project. Simultane-

ously, a new model repository was created under the “Models” 

section within the Hugging Face interface. 

The next step pushed the ML models and the inference code 

to this repository, which begins with cloning the repository to 

a local machine using Git. The ML models and a handler.py 

file containing the inference code were added to this reposi-

tory. This included a requirements.txt file, which was also im-

perative to list all dependencies needed to run the inference 

code. This comprehensive setup ensured seamless integration 

of the ML models with the web interface, providing an effi-

cient deployment. 

The subsequent phase involved creating a custom inference 

API and setting up the front-end repository. The custom infer-

ence API was created by navigating to the solutions tab on the 

Hugging Face platform and then to the “Inference API” tab. 

Clicking it produced an option to “Create Inference API,” 

which led to a setup to choose the specific branch and the Py-

thon runtime version that best suited the project.  

Subsequently, attention was shifted toward cloning the front-

end repository, which involved laying out the structure for the 

front-end part of the project with various dependencies to be 

installed to function correctly. The first dependency was 
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Langchain, installed using the npm command. Langchain was 

essential for integrating language processing capabilities into 

the front end. The second dependency was the Supabase client. 

This client enabled the front end to interact with the Supabase 

database, allowing for operations like data retrieval. 

Finally, setting up database integration involved configuring 

environment variables in the project, including “NEXT_PUB-

LIC_SUPABASE_URL” and “NEXT_PUBLIC_SUPA-

BASE_ ANON_KEY,” which were set to the specific Supa-

base URL and anonymous key, respectively. These environ-

ment variables allowed the front-end application to communi-

cate securely and effectively with the Supabase database, en-

suring it had the necessary permissions and pathways to ac-

cess and manipulate data as required. Through these steps, the 

front end was effectively prepared to work with the back end, 

creating a seamless integration between the ML models and 

the user interface. 

The next steps involved database configuration and front-end 

development for a web application. Firstly, within the Supa-

base dashboard, the SQL editor was used to create a specific 

table to store user interactions with columns for “Name,” 

“Age,” “Gender,” “Depression,” and “Timestamp.” The de-

velopment then shifted toward creating the homepage of the 

application. 

The homepage’s primary functionality revolves around user 

interaction through a chat interface. The key tasks for this page 

include displaying a prompt that asks the user to talk about 

their day and asking the user to read the prompt. Once the user 

reads the prompt, the application records the response by 

providing a sample code structure that outlines the process of 

capturing audio input from the user using JavaScript’s “navi-

gator.mediaDevices.getUserMedia” method. 

The code snippet checks if the user’s browser supports the 

“getUserMedia” API, which is necessary for accessing the de-

vice’s audio input capabilities. If supported, the code proceeds 

to request access to the audio input. The “getUserMedia” 

method is configured to capture only audio data (“{ audio: 

true }”). A stream is obtained upon successful access to record 

the user’s voice after the prompt is read. In case of an error or 

if the browser does not support “getUserMedia,” appropriate 

messages are logged to the console. 

The next phase involves the interaction between the recorded 

audio and the Hugging Face API. The recorded audio is sent 

to the Hugging Face API. The API processes this audio input 

using the two ML models created prior. 

This interaction between the application and the Hugging Face 

API is executed through a specific request-response mecha-

nism. The request sent to the Hugging Face API is structured 

in a JSON format. It includes a key named “inputs,” within 

which the “audio_data” is embedded. This “audio_data” is the 

recorded audio from the user, encoded in base64 format. 

Base64 encoding is a standard method to convert binary data 

(in this case, audio) into a string format, making it suitable for 

transmission over the network. Upon receiving this request, 

the Hugging Face API processes the audio data. It utilizes ML 

capabilities to analyze the audio input, identifying the emotion 

and a depression score based on prosody in the user’s speech. 

The response from the Hugging Face API is also in a JSON 

format, comprising two key pieces of information: “emotion” 

and “depression_score.” The “emotion” field contains a string 

representing the detected emotional state from the audio, 

while the “depression_score” field conveys a string that quan-

tifies the score of depression. 

Subsequently, interactive user engagement and data handling 

are established, leveraging the capabilities of Hugging Face, 

Langchain, and Supabase. After receiving the text response 

from the Hugging Face API, which includes the user’s emo-

tional state and depression score, the application displays a 

form to the user to collect the user’s name, age, and gender. 

Next, the process involves creating a Langchain Chat-

PromptTemplate, which is achieved using the “fromTemplate” 

method of “SystemMessage.” The template generates a chat 

prompt, as shown in Figure 3, incorporating placeholders for 

the data received from the user and the Hugging Face API. 

A detailed prompt for using CBT techniques with the user was 

created through trial-and-error. This prompt is designed to 

guide users through simulated therapy sessions, starting with 

assessing the most suitable CBT technique for the users’ prob-

lems, followed by step-by-step navigation through the therapy 

process. The prompt is personalized with placeholders for us-

ers’ names, genders, ages, and detected emotions. The aim is 

to initiate personalized conversations with the users and assist 

them in finding resolutions to their issues, adapting the ap-

proach if necessary. Now, the application provides a respon-

sive chat interface and serves as a virtual therapist, assisting 

users through a therapeutic session tailored to their emotional 

states and personal information. This approach enhances the 

application’s utility in providing mental health support and 

personal development guidance. 
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Figure 3. Prompt Template 

Then, a MemoryPlaceholder and a HumanMessage complete 

the ChatPromptTemplate. The methodology then called for 

creating a Supabase client to upload data from each session 

including the user’s name, age, gender, emotion detected, de-

pression index (0-1), and timestamp of the session to the pre-

viously set up Supabase database. This step is crucial for 

maintaining a record of a user’s emotional assessments.   

Furthermore, an LLMChain was created using ChatOpenAI as 

the language learning model (LLM) with GPT-3.5 Turbo as 

the chosen model. The prompt created earlier was used as the 

input for this LLMChain. The LLMChain’s memory type was 

set to “ConversationSummaryMemory” to manage the con-

versation context effectively, which involved creating a new 

memory instance using the “ConversationSummaryMemory” 

and “LLMChain” from Langchain. 

Next, I implemented user interaction and integrated the Cha-

tOpenAI model into the web application. After the initial setup, 

the next step was to invoke the “run” method on the 

LLMChain with an empty input. This action prompted the 

chain to return data from the OpenAI API, serving as a starting 

point for the conversational interaction while allowing the ap-

plication to initialize the chat session and prepare for user in-

put. 

Subsequently, the application was configured to enable text 

chat input. Hence, the “run” method is called whenever users 

enter messages. This functionality is critical for creating an 

interactive chat experience where the application can process 

and respond to user inputs in real time. Modifications were 

made to the “pages/home/index.tsx” file of the application to 

implement these features. Moreover, setting the OpenAI API 

key in the “.env” file was imperative for the application to au-

thenticate and interact with the OpenAI services. 

3. Results 

3.1. Emotion Detection 

The experiment for emotion detection was performed by using 

the RAVDESS database, which consists of audio samples for 

five different emotions - anger, calmness, fear, happiness, and 

sadness. The model was trained on the train split (80%) and 

evaluated on the test split (20%). The training process in-

volved 100 epochs, using the Adam optimizer with a learning 

rate of 2e-6 and a batch size of 16. The loss function employed 

was sparse categorical cross-entropy. 

Model checkpointing was employed to retrieve the best model 

weights throughout the training process. The test loss and test 

accuracy recorded after the evaluation were 0.6908 and 

0.7760, respectively. The model's loss and accuracy plots dur-

ing training and evaluation are presented in Figures 4 (loss) 

and 5 (accuracy). 

 
Figure 4. Emotion Model Loss Plot 
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Figure 5. Emotion Model Accuracy Plot 

3.2. Depression Detection 

The depression detection experiment was conducted using the 

DAIC database. Similar to the emotion detection experiment, 

the model was trained on the train split (80%) and evaluated 

on the test split (20%). The training was carried out for 10 

epochs, using the Adam optimizer with a learning rate of 5e-6 

and a batch size of 8. The loss function used for this experi-

ment was binary cross-entropy.  

Model checkpointing was applied to obtain the best model 

weights during training. The test loss and accuracy recorded 

after the evaluation were 0.5356 and 0.7554, respectively. The 

model’s loss and accuracy plots during training and evaluation 

are presented in Figures 6 (loss) and 7 (accuracy). 

 
Figure 6. Depression Model Loss Plot 

 
Figure 7. Depression Model Accuracy Plot   

4. Discussion 

This study affirms objectives 1, 2a, and 2b, underscoring the 

success of the project in developing a privacy-focused chatbot 

that provides personalized emotional support using CBT prin-

ciples and detects depression and emotion. 

The project uses two main databases: RAVDESS for emotion 

detection and DAIC for depression detection. These databases 

were preprocessed with a number of techniques, including 

noise reduction, speech diarization, and conversion into con-

tinuous recordings. Then the preprocessed datasets were split 

into training and testing sets. Feature extraction was a critical 

step, employing the Librosa Python module to extract MFCCs 

from both databases. These features were used as input for a 

2D CNN model implemented using TensorFlow. The CNN 

model architecture consisted of several layers, including con-

volutional layers with ReLU activation, dropout layers, max-

pooling layers, and a dense output layer. The first model was 

trained to detect five different emotions and the second to de-

tect depression. Deployment involved using a Hugging Face 

inference endpoint and a web server interface. A Supabase 

PostgreSQL database was set up for data management. The 

front-end included capturing audio input and sending it to the 

Hugging Face API for processing along with a chat interface 

for user interaction. The API analyzed the audio to detect emo-

tion and depression. Interactive user engagement was facili-

tated by integrating Hugging Face, Langchain, and Supabase. 

A chat prompt template for personalization of the therapy ses-

sions was created, leveraging a Langchain ChatPromptTem-

plate with the GPT-3.5 Turbo API. This approach followed the 

prior literature on detecting emotions and depression using 

prosody in speech. 

For example, Afshan et al. (2018) focused on the effectiveness 
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of voice quality features in detecting depression. They used 

voice quality features (F0, F1, F2, F3, H1-H2, H2-H4, H4-

H2k, A1, A2, A3, and CPP) inspired by a psychoacoustic 

model of voice quality with MFCCs. The model was validated 

with an 80/20 split of each database into training and testing 

sets. The validation phase was crucial in fine-tuning the model 

parameters, ensuring an optimal balance between sensitivity 

and specificity in detecting depression. 

My ML model for depression detection achieved a peak diag-

nostic accuracy of 75.54% (see Figure 7), along with a loss 

rate of 53.56% (see Figure 6). This performance surpasses the 

initial diagnostic accuracy rate of primary medical providers, 

which is approximately 50%. Furthermore, my ML model for 

emotion detection achieved a peak accuracy of 77.60% (see 

Figure 5), along with a loss rate of 69.08% (see Figure 4). The 

support was personalized due to the use of a custom prompt 

template (see Figure 3), enabling the GPT-3.5 Turbo API to 

use the emotion detected by the ML model along with the us-

ers’ self-reported demographics to offer highly personalized 

emotional support based on CBT principles. Importantly, the 

chatbot preserved privacy by relying on prosodic speech pat-

terns instead of content analysis to detect emotion and depres-

sion. It did not store actual conversation details but retained 

only demographic data, the detected emotion, a depression in-

dex (0 to 1), and a timestamp for each session. Hence, 

Psych2Go was deemed successful in diagnosing depression 

with a greater accuracy than a primary medical provider (ob-

jective 1), providing highly customizable emotional support 

based on CBT principles by considering the user’s emotion 

and demographic information (objective 2a), and detecting de-

pression and emotion nonintrusively using prosody in speech 

(objective 2b). 

The study’s results align with previous research. For instance, 

Afshan et al. (2018) reported a 77% accuracy in depression 

detection using 10-second voice samples. Additionally, Hema 

and Marquez (2023) achieved a 78% peak accuracy in emo-

tion detection based on pitch and loudness, highlighting the 

feasibility of using prosody in speech for both depression and 

emotion detection. Psych2Go, however, is unique in its char-

acteristics as a chatbot. Unlike existing chatbots like Woebot 

that directly inquire about emotions and do not detect depres-

sion, my chatbot uniquely offers tailored techniques based on 

user demographics and detected emotion. 

A limitation of this study is the distribution of data. Figure 2 

shows far more non-depressed than depressed audio samples, 

leading to lower accuracy in depression detection. Further-

more, a limitation of the chatbot is that while it can constantly 

adjust to users’ needs, it does not build on prior conversations 

to preserve maximum privacy for the user. 

Future parts of this study could increase the amount of training 

data and improve the model’s generalization capabilities. 

Moreover, I could apply data augmentation techniques such as 

pitch shifting, time stretching, and adding background noise 

to the audio files to investigate using pre-trained models like 

OpenL3 and VGGish on the audio files to help improve fea-

ture extraction and decrease training time. 

5. Conclusions 

The significance of my research lies in its innovative approach 

to mental health support through the use of prosodic speech 

analysis. By focusing on the nuances of a user's speech pat-

terns, the ML models are able to detect emotion and depres-

sion. Beyond this, the custom prompt integrates a user’s de-

mographic information to tailor their therapeutic experience. 

This dual focus allows for the creation of a highly personal-

ized CBT framework, adaptable to each individual's emotion 

and unique demographic profile. Moreover, the nonintrusive 

nature of this technology ensures that it can be seamlessly in-

tegrated into daily life, providing users with accessible mental 

health support without the stigma or inconvenience often as-

sociated with traditional therapy methods. In practical appli-

cation, this research has the potential to function as a supple-

mentary tool for professional therapists. It could be used to 

monitor client progress and act as a support system for the user 

between therapy sessions. This represents a significant step 

forward in bridging the gap between technology and mental 

health, offering a novel, efficient, and sensitive approach to 

therapy that respects and responds to the individual needs of 

each user. 
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