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Abstract: This study compares the performance of existing studies on multimodal emotion recogni-

tion, and proposes a model that fuses two modalities with the speaker's text and voice signals as 

input values and detects depression. Based on the DAIC-WOZ dataset, voice features were extracted 

using CNN, text features were extracted using Transformers, and two modalities were fused 

through a tensor fusion network. We also build a model to detect whether the speaker is depressed 

or not using LSTM in the final layer. This study suggests the possibility of increasing access to men-

tal illness diagnosis by enabling patients to detect depression on their own in daily conversations. 

If the model proposed in this study is developed and the voice conversation system is connected, it 

will be easier for patients who cannot visit the hospital periodically or who are reluctant to visit the 

hospital to check their condition and seek recovery. Furthermore, it can be expanded to multi-label 

classification for various mental diseases and used as a simple self-mental disease diagnosis tool. 
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1. Introduction 

According to the 2021 Covid-19 National Mental Health Survey released by the Min-

istry of Health and Welfare, the proportion of people who thought of suicide in 2021 in-

creased by 40% compared to March 2020, the beginning of the Covid-19 outbreak, and one 

in five showed a risk of depression [1]. The disconnection from the world negatively af-

fected public sentiment, resulting in an increase in the overall number of depression pa-

tients. As such, depression is no longer a rare disease for modern people, and it is already 

a social problem in itself because severe depression disorders can lead to suicide. Only a 

few people have access to high-quality mental health services around the world, and the 

majority do not recognize that they are suffering from mental illness [2]. Furthermore, 

there are people who are reluctant to visit hospitals and be diagnosed with negative per-

ceptions of mental illness [3]. For this reason, research related to artificial intelligence tech-

nology that can help with the initial diagnosis of depression and the treatment of depres-

sion patients has been actively conducted. Among them, studies are mainly conducted to 

detect depression using deep learning or to predict the serious level of depression. Bio-

logical signals used to diagnose depression include the speaker's facial expression, voice, 

and conversation context revealed in the image. In this study, a deep learning model was 

built by paying attention to the speaker's text and voice signals, and a study was con-

ducted to compare the method of fusion of text and voice signals. 

2. Previous works 

Text data has traditionally been used in the field of emotional recognition. The lan-

guage model is learned by predicting the probability of the next word from the given 

words. Natural language processing reflects order and interrelationship information be-

tween words. Therefore, an end-to-end learning method (seq2seq) that can take context 

into account is used [4]. The RNN-based language model has the advantage of being able 

to obtain output values considering the previous context. However, RNNs are difficult to 

imply information about long sequences due to their fixed context vector size. That is, 
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when the input sequence is too long, there is a disadvantage that the information of the 

initial token is diluted. An attention model has been proposed to solve the chronic prob-

lem of these RNN [5]. The attention model initially maintained the structure of the RNN 

and fine-tuned parameters through a backpropagation algorithm, but the RNN structure 

was time-consuming to eliminate the RNN structure and parallelize the self-attention 

layer to best express input values. Transformer models that frequently appear in recent 

natural language processing studies are end-to-end learning models created by stacking 

multiple encoders and decoders using such multi-head attention. In our study we use 

BERT, a pre-trained Transformer encoder-based language model, to perform well in emo-

tion classification [6]. In the study, we identified the problem that the BERT model was 

less learned and built a new EmoBERTa specialized for emotion classification using the 

RoBERTa model that applied an improved learning method [7-8].  

In recent studies in the field of emotion recognition, not only text data but also speech 

data are frequently used. Since voice data is an analog signal, it is necessary to convert it 

into a digital signal and input it to a computer. In this process, a method of extracting 

samples in units of one second is used to express sound waves in numbers. The feature 

must then be extracted to determine the characteristics of the speech. The voice has the 

form of a wave, and the wave consists of a time domain and a frequency domain. There-

fore, it is necessary to reduce the dimension through fast Fourier transforms that convert 

the time domain of the wave into the frequency domain. Features to be extracted are var-

ious, such as spectrum, mel spectograms (MS), and MFCC. In order to extract features, 

audio signals are first divided by frame to obtain spectra by applying high-speed Fourier 

transform [9]. Mel spectrum (MS) is the application of mel filter bank to this spectrum [10]. 

Furthermore, MFCC can be obtained by applying cepstral analysis to the mel spectrum 

[11]. In the study, we compared which feature is best to use when analyzing voice data 

[12]. Mel Spectogram (MS) and MFCC were found to have the best performance. Recent 

deep learning models using voice data convert feature-specific values or heat maps into 

images and use them. It is to learn a CNN model using a three-dimensional RGB image 

as an input value. The CNN model is a deep learning model frequently used in the field 

of computer vision, which is a useful neural network for finding patterns in images or 

images. Typical CNN models include ResNet, which skips layers and transfers residuals 

as an invariant function to reduce bottlenecks [13]. The study compared the audio classi-

fication performance by CNN model and revealed that voice feature learning using Res-

Net-50 is the most effective [14]. 

Emotional classification fields such as depression detection are evaluated in a natural 

way of thinking like humans to use various modalities together rather than simply using 

one modality. Therefore, multimodal learning methods that utilize different types of data 

at the same time are frequently used in the field of emotional recognition. The multimodal 

fusion scheme has a late fusion scheme that creates an independent model for each mo-

dality and simply ensembles each output value in the last layer [15]. This method has the 

advantage of being able to adopt and use different feature learning structures to best suit 

each modality. However, there is a disadvantage that each modality cannot consider the 

external correlation (inter-modality dynamics) that occurs in the process of interacting 

with other modalities. Next, there is an early fusion method that combines and sorts fea-

tures for each modality in advance and uses them as input values for the classification 

layer [16]. This method is not efficient because it does not reflect the intra-modality dy-

namics by modality. However, research emphasizes that a lot of information is lost be-

cause existing prior studies do not reflect both these external and internal correlations, 

and proposes a tensor fusion network (TFN) that can reflect both external and internal 

correlations [17]. Tensor fusion networks are fusion networks that can reflect all correla-

tions between up to three modalities by performing a three-layer Cartesian product oper-

ation in embedding each modality. 

3. Datasets 
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In this study, we used DAIC-WOZ dataset [18]. The DAIC-WOZ dataset is part of the 

DAIC (Distress Analysis Interview Corp.) and is a clinical interview designed to help di-

agnose psychological conditions such as anxiety, depression, and post-traumatic stress 

disorder. It contains interviews between virtual interviewer 'Ellie' and participants. At this 

time, the participants are labeled as people with and without depression. This database is 

widely used in multimodal psychiatric research because it provides all facial features, 

voice, and text information for participants. A Patient Health Questionnaire (PHQ-8) pre-

survey was used to label participants for depression on the DAIC-WOZ dataset. The PHQ-

8 survey is a measure of depression consisting of eight questions, an established survey 

item based on valid diagnosis and severity of depression in large clinical studies. There 

are 189 participants in total, and each participant provides one voice file with an average 

length of 7 to 33 minutes and an average length of 16 minutes. All voice files were recorded 

at 16 kHz. Participants filled out a PHQ-8 preliminary questionnaire before the interview, 

and labeled it after judging that if the score of the questionnaire was 10 or higher, there 

was no depression if it was less than 10 points. After removing missing and outliers from 

the DAIC-WOZ dataset, counting the numbers showed that it consisted of 107 learning 

data, 47 testing data, and 35 verification data. In addition, 133 participants showed de-

pressive symptoms and 75 participants judged that they did not have depressive symp-

toms, indicating that more participants had depressive symptoms. Table 1 presents the 

number of training, validation and test data in DAIC-WOZ dataset. 

Table 1. DAIC-WOZ dataset.. 

Label Train Dev Test 

Depression 77 23 33 

Non-depression 30 12 33 

By the authors. 

 

4. Model 

The model structure proposed in this study is largely composed of four elements. 

First, in the voice feature extraction layer, a feature is extracted by converting a voice into 

a digital signal. Next, in the text feature extraction layer, features are extracted from nat-

ural language. The modality fusion layer fuses voice and text features. Finally, depression 

is classified in the depression diagnosis layer. Figure 1 schematically shows the structure 

of the entire model. 

 

Figure 1. Overall model structure. 

4.1. Audio Feature Extraction 
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In the speech feature extraction layer, the librosa library was used to convert 

speaker-specific speech into digital signals and extract features. Librosa is a representa-

tive library that handles voice data, allowing users to load files in the form of wav and 

handle them directly, and provides voice conversion functions. First, 16,000 samples 

were extracted per second from the original voice file provided by the DAIC-WOZ da-

taset. In addition, Ellie's voice was deleted from the original voice file after additionally 

recalling the script file, considering that the voice required to detect depression was 

voice related to the participant's answer. Next, in order to make the participant's answer 

the input value, the voice interval was separated based on the start time and completion 

time of the answer. In this study, MFCC features that show good performance for speech 

classification were extracted and used. The librosa library basically extracts 20 MFCCs 

per second, but 100 MFCCs per second were extracted to better capture the complex fea-

tures contained in human speech. Since the lengths of all voice intervals are different, 

padding was applied to match the size of the input value. Since the average length of the 

entire voice section was about 2 seconds, the padding was applied as 200. Figure 2 is 

visualized after applying padding to the MFCC extracted from the first conversation of 

participant 300. The voices of all participants through the voice feature extraction layer 

proposed in this study are separated into sections corresponding to the script, and a pre-

processing process is performed with input values in the form of (100, 200) as shown in 

Figure 3. 

 

Figure 2. Example of participant 300 audio preprocessing. 

 

Figure 3. Example of participant 300 MFCC. 

4.2. Text Feature Extraction 
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In the text feature extraction layer, a script for each segment is tokenized and then a 

feature is extracted through a language model. Since the DAIC-WOZ dataset is available 

in English, tokenization was carried out with Word Tokenizer of the NLTK package pro-

vided by Python. As a result of examining the scripts of the DAIC-WOZ dataset, there 

were many missing values, and there were also many values in parentheses that indi-

cated actions or responses other than participants' answers, such as "<laughter>, so miss-

ing values, exclamations, special characters, and response descriptions were eliminated 

in advance. Next, by referring to NLTK's list of non-terms, non-terms such as I and you 

were removed, and words that were difficult to contain less than three characters were 

deleted. The root identification process was performed using the Porter Stemmer of the 

NLTK package. Root identification is the process of unifying words with the same mean-

ing but slightly different forms. This is done by cutting the end of the word through a set 

rule. Therefore, it is highly likely that the word derived as a result of root identification 

is a word that does not exist in the dictionary. Next, the text feature was entered into the 

language model to extract it. First, token embedding, segment embedding, and posi-

tional embedding were applied to add location information of each word to the BERT 

model that does not receive word input sequentially. BERT is a pre-trained language 

model based on Transformers released by Google. After completing the feature embed-

ding in this way, the feature was extracted using the BERT model. After that, it was flat-

ten and expressed as a feature. Figure 4 is a diagram illustrating how text features are 

represented as one vector. 

 

Figure 4. Extraction text features. 

4.3. Modality Fusion 

In studies fusing two or more modalities, simple merging of features in three ways 

is often used [19]. The add method is a method of simply adding two vectors. The concat 

method connects two vectors, and unlike the other two methods, the length of the vector 

increases. Next, the multiply method is a method of multiplying two vectors. In addi-

tion, in recent studies, fusion through cross attention is also underway. In this study, a 

fusion method using a tensor fusion network was used. Tensor fusion networks connect 

features extracted from each modality to a fully connected layer and represent them as 

one feature vector. In this process, voice and text features were displayed in a two-di-

mensional space by performing a two-layer Cartesian product set operation. Since the 

two-layer Cartesian product set calculates the product between all possible sets, it can 

capture correlations without loss of information, and because it is a simple extrinsic op-

eration, learning parameters do not increase, so increasing the dimension of the feature 

does not increase the likelihood of overfitting. Tensor fusion networks are used to re-

duce the amount of computation, and both internal and external correlations between 

modalities can be considered. 

 

4.4. Depression Detection 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 May 2023                   doi:10.20944/preprints202305.0663.v1

https://doi.org/10.20944/preprints202305.0663.v1


 

 

In the depression diagnostic layer, classification is performed by linking the final 

multimodal feature vector merged into one feature in the modality fusion layer to the 

LSTM model [20]. The LSTM model is a type of RNN model, which has been introduced 

to compensate for the shortcomings of RNN that do not reflect long-term memory when 

performing tasks that require a lot of context. The reason why LSTM was used in this 

study is to add time series characteristics because it is reasonable to classify depression 

considering the entire context of the interview. As a function of the output layer, sig-

moid was used because the proposed model performs binary classification into two 

groups: 0 which is a group that does not show depressive symptoms and 1 which is a 

group that shows depressive symptoms. 

 

5. Experiments 

In this study, two experiments were conducted. First, the performance of the mo-

dality fusion method was compared. Next, the performance of the classification model 

used in the classification layer was compared.  

 First, the method of fusing modalities compared the performance of the tensor 

fusion network (TFN) used in the model proposed in this study, which simply adds two 

modalities, concat increases the length by connecting two modalities, multiply multiply-

ing the two modalities. Table 2 is a table comparing classification performance according 

to the fusion method. 

Table 2. Classification accuracy by fusion method. 

Fusion method Accuracy 

Add 0.6275 

Concat 0.6837 

Multiply 0.6878 

TFN 0.8012 

By the authors. 

 

Among the early fusion methods, add, concat, and multiply, the multiply method 

showed the best performance. However, it can be seen that the fusion method using the 

tensor fusion network showed superior performance to the late fusion method. 

 The logistic regression model used for binary classification at the classification layer, 

the support vector machine (SV), a classification model that determines which of the two 

classes a new data point belongs to, and the XGBoost (XGB) and several learning machines 

using boosting techniques to minimize errors were compared. Next, the performance of 

the classification model using LSTM, the method proposed in this study, was compared. 

Table 3 is a table comparing classification performance according to the classification 

model. 

Table 3. Classification accuracy by classification model. 

Model Accuracy 

SVM 0.5873 

RF 0.5692 

LR 0.6931 

XGB 0.6024 

LSTM 0.8012 

By the authors. 
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Comparing other machine learning models, it was found that the logistic regression 

model showed the best performance. However, as proposed in this study, it was found 

that the classification method using the LSTM model showed superior performance than 

the classification method using the logistic regression model. 

 

6. Discussions 

In this study, research trends in the field of emotional classification using multimodal 

deep learning were examined, and a depression detection model using a multimodal deep 

learning model was proposed. When fusing two features in the field of emotion classifi-

cation, it is more effective to use tensor fusion networks than to use early fusion or late 

fusion methods. In addition, if the dataset used in the classification layer is an ordered 

multi-turn conversation, it is found that using a model that can reflect time series charac-

teristics is more effective in terms of performance. Furthermore, in this study, a depression 

detection model was proposed using emotion classification technology. The model pro-

posed in this study can be used in the process of preventing, diagnosing, treating, and 

post-management of mental disorders. It has the advantage of being able to easily collect 

users' voices and texts using the Internet of Things (IoT) device, which is rapidly devel-

oping recently. In addition, by applying the depression detection model proposed in this 

study, it can be simply self-diagnosed for depression and can be used as a tool to diagnose 

the condition of patients who are difficult to visit the hospital frequently. In future studies, 

after extracting patients' voice and text modalities using the Internet of Things, the model 

proposed in this study will be used to diagnose depression and design a framework that 

connects them with the voice conversation system. Not only can this framework self-di-

agnose depression, but it can also be expected to have therapeutic effects in the process of 

voice conversation between patients and voice conversation systems. In addition, further 

research will be conducted using models of good performance that have achieved SOTA 

among multimodal deep learning models in the future. However, in the process of using 

multimodal deep learning to detect depression, there is a side effect that false negatives 

and false positives can provide wrong health information to patients. Therefore, this 

model should be used as an aid for prevention or diagnosis rather than independently 

using it to detect depression, and accurate diagnosis of depression should follow the opin-

ion of a professional doctor. It is also necessary to review the adverse effects of multimodal 

deep learning depression diagnostic dialogue systems from the early stages of framework 

development, and to clearly establish and comply with ethical guides or implementation 

guidelines. 
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