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Abstract. Major Depressive Disorder (MDD), commonly known as depression, impacts over 300 million people

worldwide. Diagnosing this condition often relies on subjective judgment, emphasizing the need for an objective

approach. Deep learning, particularly Recurrent Neural Networks (RNNs), offers a promising solution, especially

for analyzing multivariate time series data. Researchers have explored the use of RNNs and their variants to detect

depression severity. Therefore, this study conducts experimental testing to identify depression severity using first

derivative techniques and feature engineering on the RNN model and its variations. The first derivative is calculated

for each frame during the subject’s interview, and feature engineering techniques focus on the eyes and lips, known

to be associated with depression, including calculations of upper and lower lip distances, eye openness, and more.

The RNN model, incorporating feature engineering, achieved the best results among the proposed methods, with a

Mean Absolute Error (MAE) of 5.04 and Root Mean Squared Error (RMSE) of 6.03. However, further performance

enhancement is possible by increasing the number of layers and neurons, considering the current model’s relative

simplicity due to limited resources.
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1. INTRODUCTION

Major Depressive Disorder (MDD), also known as depression, is a mental disorder that af-

fects individuals psychologically [1]. Those experiencing this disorder often endure persistent

feelings of sadness, loss of interest or pleasure in once-enjoyable activities, and even thoughts

of suicide [2]. According to Yuan et al. [3], MDD is a prevalent global issue, with over 300 mil-

lion people having experienced depressive disorders. Moreover, Jiang et al. [4] also indicates

that approximately one million individuals worldwide commit suicide each year due to MDD.

The suicide rate in the United States and China is approximately 85.3 per 100,000 people and

100 per 100,000 people, respectively, due to MDD.

According to Jiang et al. [4], the rising suicide rate is attributed to patients not receiving

prompt and accurate diagnosis and treatment. The diagnostic methods employed for detecting

depression have been proven to be unreliable and subjective [5]. Diagnosing mental disorders

based on an individual’s behavior is challenging and time-consuming. Doctors require more

time for diagnosing depressive disorders, leading to potential variations in diagnoses based on

each doctor’s experience [6]. The Patient Health Questionnaire (PHQ) serves as a screening

tool, posing questions about the frequency of experiencing depression symptoms. The PHQ

score ranges from 0 to 24, with higher scores indicating more severe depression symptoms [7].

To enhance the accuracy of depression assessment, a technology known as Computer-Aided

Detection (CAD) is employed [8]. This technology utilizes neuroimaging data, offering more

objective results for diagnosing mental disorders [9]. Researchers have also tried to develop

deep learning (DL) technologies [10], such as Convolutional Neural Networks (CNNs) and

Recurrent Neural Networks (RNNs), to help doctors diagnose mental disorders [11]. Common

methods for diagnosing mental disorders often involve assessing body temperature, heart rate,

respiratory rate, and blood pressure [12]. However, this research takes a different approach by

discussing the utilization of RNN models and their variants, such as Long Short-Term Memory

(LSTM) and Gated Recurrent Unit (GRU), for detecting depression based on facial expressions.

RNNs are a popular type of DL model with effective variants [13], and this study specifically
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employs an LSTM model, which has been proven effective in learning and modeling sequential

data [14]. In previous research, considered as the baseline for this study, Rasipuram et al. [15]

employed the LSTM model (Long Short-Term Memory), a variant of RNN, achieving an MAE

(Mean Absolute Error) of 4.83 and an RMSE (Root Mean Square Error) of 5.76 for depression

detection. However, this study utilized multimodality, and the results could potentially be more

optimal if appropriate features were utilized.

This study evaluated the ability of two methods to detect depression based on facial expres-

sions, which used first derivative data and feature engineering data, respectively. In the first

derivative approach, the model learned from the changes in facial expressions between succes-

sive frames. This method was inspired by Rumahorbo et al. [1] that used the XGBoost model

on first derivative data to achieve 6.22 RMSE, which led to the development of this method

served as the baseline in this study. However, the study did not divide time segments, leading

to inconsistent training data lengths and making it hard for the model to learn.

In the feature engineering approach, the research focuses on the eyes and lips because these

regions can be affected by depression. This study also uses the concept of feature engineering

inspired by Thati et al. [16], which used feature engineering and a machine learning model

called Support Vector Machine (SVM) to achieve an accuracy of 83%. Thus, a novelty of this

study is shown in it uses feature engineering to extract specific features from facial expressions,

such as eye openness, upper and lower lip distances, lip length and height, and then uses RNN

models and their variants to detect depression based on these features.

Overall, we chose this method based on a previous systematic literature review which is re-

lated to the chosen method [17]. It is expected that the outcome of this research to assist doctors

in diagnosing depression more objectively and accurately. Furthermore, this research may open

opportunities for future researchers by providing new insights into identifying depression based

on facial expressions in videos. However, a significant challenge in this study is that employing

an excessive number of layers in the architecture may result in suboptimal model performance

and hinder its ability to adapt effectively to new datasets [18]. To address this challenge, careful

selection of layers and fine-tuning strategies are essential to balance model complexity with

generalization, ensuring robust performance across diverse data.
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2. RELATED WORKS

The research carried out by Thati et al. [16] applied complex feature engineering techniques,

including measurement of lip angles, upper lip raising, lip tilt, nose wrinkles, and others, to

analyze depression of an individual. This study used various Machine Learning (ML) methods

and demonstrated that SVM achieved an accuracy of 83%. In another study, Rumahorbo et al.

[1] used different ML models, such as XGBoost, for depression detection and obtained MAE

and RMSE scores of 5.28 and 6.22, respectively.

Additionally, other researchers have employed Deep Learning (DL) models to detect depres-

sion. Rasipuram et al. [15] utilized a variant model, namely LSTM. The study implemented

multimodality, incorporating video, audio, and text, and achieved excellent results with 4.83

MAE and 5.76 RMSE. Furthermore, Muzammel et al. [19] compared deep learning models

for depression analysis, with the LSTM + MFCC combination outperforming others with an

F1-Score of 0.85.

Flores et al. [20] and Ceccarelli et al. [21] provided new insights, indicating a strong cor-

relation between eye gaze and depression. This correlation is substantiated by their research

results, achieving an F1-Score of 0.93 and exhibiting an accuracy level of 0.7489. Additionally,

the study by Cao et al. [22] introduced a unique aspect by employing a different model vari-

ant, namely GRU, and achieving an accuracy of 89.77% using only Facial Action Unit (FAU)

features.

Overall, previous researchers have made significant contributions in their studies. Both

LSTM and GRU have demonstrated strong performance in depression analysis. Additionally,

Thati et al. [16] has opened up the potential for further studies in analyzing depression using

feature engineering techniques on facial expressions in videos. The study has paved the way

for this research to experiment with feature engineering techniques, serving as a novelty in this

study. This research will specifically focus on delving deeper into facial feature engineering

and its application in deep learning with RNN models and their variations.
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3. METHODOLOGY

3.1. Architecture. In this study, the model was trained using multivariate time series data

and was fine-tuned through Grid Search. Grid search experiments were conducted to evaluate

the following hyperparameter combinations: the number of neurons (16, 32, 64), hidden layers

(1, 2), learning rates (0.01 and 0.001), batch size (16, 32), dropout rate (0.5), and epochs (10).

Based on the experiments conducted, the optimal hyperparameter tuning for the first derivative

was presented in Table 1, and for feature engineering, was shown in Table 2. The architectural

overview of the model design for the first derivative and the engineering of the features is

illustrated in Figure 1.

TABLE 1. Best hyperparameter tuning results for first derivative

Hyperparameter RNN LSTM GRU

Learning rate 0.01 0.01 0.01
Hidden layers 2 2 2

Batch size 32 32 32
Number of neurons 64 32 32

Dropout 0.5 0.5 0.5

TABLE 2. Best hyperparameter tuning results for feature engineering

Hyperparameter RNN LSTM GRU

Learning rate 0.01 0.01 0.01
Hidden layers 2 2 2

Batch size 32 32 32
Number of neurons 64 64 64

Dropout 0.5 0.5 0.5

FIGURE 1. Architecture of the model
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3.2. Dataset. This study used the publicly available Distress Analysis Interview Corpus

(DAIC-WOZ) dataset [23], which comprised interview data recorded in various formats, in-

cluding audio, video, and text [24]. The DAIC-WOZ dataset was widely recognized for its

large size and frequent use in mental health research [25]. To distinguish between individuals

with normal mental health and those experiencing severe depression, the study relied on Patient

Health Questionnaire-8 (PHQ-8) scores. A PHQ-8 score of 10 indicated depression, while a

score of PHQ-8 < 10 was considered normal [26]. Therefore, the objective of this study was to

detect the severity of an individual’s depression based on their PHQ-8 scores. Table 3 provides

information about the DAIC-WOZ dataset.

TABLE 3. Label distribution of the subjects in the DAIC-WOZ dataset

Subset Depression Normal Total

Train 10 77 107

Development 15 23 35

Test 20 33 47

In this dataset, three modalities (audio, text, and video) were present. However, this study

specifically focused on the text and video modalities. Text was utilized for interview conversa-

tion transcripts, while the video modality encompassed Facial Action Unit (FAU), feature3D,

and eye gaze data.

Facial Action Unit (FAU) is a set of points on a person’s face used to identify specific facial

expressions and understand the emotional meaning conveyed by those expressions [27]. Fea-

tures3D comprises 68 landmark points on the face, each with X, Y, and Z coordinate lines. Gaze

pertains to how someone looks or gazes during the interview process.

3.3. Data Preprocessing. Based on Figure 2, the researcher elaborated in detail the workflow

of data preprocessing conducted in this study. In the first stage, the process began with acquiring

data from the DAIC-WOZ dataset. This dataset comprised multivariate time series data that

could be used to identify an individual’s mental health. Multivariate time series data enabled

data manipulation, such as conducting statistical calculations.



DEPRESSION SEVERITY DETECTION FROM FACIAL EXPRESSIONS IN VIDEOS USING RNN 7

FIGURE 2. Workflow of Data Preprocessing

In the second stage, which focused on data cleaning, the goal was to identify and address

missing data, outliers, and errors to ensure accuracy and reliability. For instance, in Figure 3,

anomalies were observed in the data of patient number 432. Certain parts were poorly recorded,

leading to the entry ’#IND’, which made the data invalid. Therefore, it was essential to remove

such data segments to achieve optimal results.

FIGURE 3. The anomaly in the data of patient number 432

Next, the third stage was data cropping. This stage involved trimming the interview duration

based on timestamps (start time, end time), specifically when the subject entered the video

frame and initiated interaction or concluded the interview. The purpose of this trimming was

to reduce the complexity of the data processed by the model and to focus the analysis on the

specified time range.

TABLE 4. Data segmentation rules used in this experiment

Segment Time Frames

1 0-5 minutes 1-9000
2 5-10 minutes 9001-18001
3 10-15 minutes 18002-27002
4 15-18 minutes disergarded
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In the fourth stage, the researcher proceeded with segmenting the data into several segments

for each patient, with each segment lasting 5 minutes. This was done to increase the amount

of data and facilitate the model learning process, ensuring consistent time durations within the

data and with the aim of enhancing learning performance. To perform data segmentation, it

required 9000 frames or 300 timestamps. However, if the data division in one segment did not

reach more than 5 minutes, that segment was disregarded. For example, if there was video data

with a duration of 18 minutes, the data segmentation was conducted as shown in Table 4.

In the final stage, the researcher conducted the division of previously preprocessed data. This

division covered the proposed methods, namely the first derivative and feature engineering,

which were novelties in this study. The division was carried out by duplicating the data and

categorizing it based on the proposed methods for further stages.

3.3.1. First Derivative. The first technique, known as the first derivative, referred to measur-

ing changes in intensity or differences in pixels in facial images. In the context of depression

detection, changes or variations in facial expressions could serve as indicators. This method

involved monitoring changes in facial expressions. In this study, the first derivative method was

applied to each segment in the patient data, allowing for specific change measurements. This

first derivative entailed the difference between each row and its preceding row, and the results

were exported for each segment.

TABLE 5. The p-value of correlated features

Features p-value

AU12 r 0.012
AU12 c 0.061

y h1 0.061

Next, the researcher conducted feature selection based on correlation using Pearson Correla-

tion (PC). Researchers typically used a threshold of p-value ≤ 0.05, but in this first derivative

method, only one feature was obtained using that threshold. Therefore, the researcher slightly

increased the threshold and used a p-value ≤ 0.065. The results of feature selection indicated
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that the eye and lip areas had significant features, including AU12 r, AU12 c, and y h1, as

presented in Table 5.

3.3.2. Feature Engineering. The feature engineering technique included feature selection and

manipulated features as part of this stage. Feature engineering on the face involved manipulat-

ing and adjusting facial expression features to improve the quality of information for the model.

This included feature extraction, such as lip and eye shape.

Based on the results of the previous research data collection, the eyes and lips were identified

as the most significant facial areas in detecting someone’s depression. Therefore, the researcher

plotted points on the individual’s face during interview sessions, aiding in the specific feature

selection for the eyes and lips area. In Figure 4, the areas of the eyes and lips are clearly visible.

The researcher extracted features at landmarks 36–41 for the left eye, 42–47 for the right eye,

and 48–67 for the lips.

FIGURE 4. Landmark points on the face of the subject
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The feature engineering applied in this study involved calculating the length and height of

the lips, the distance between the lower and upper lips, and measuring eye openness for both

the right and left eyes. In this context, these features were processed intricately to enhance

the model’s ability to detect depression based on the facial expressions of patients. Detailed

information on the calculation of manipulated features is shown in Table 6.

TABLE 6. Feature engineering processing

Features Feature engineering processing technique

width lips r abs(57-48)

height lips c abs(57-51)

left eye openness abs(41-37)

right eye openness abs(46-44)

upper lower lips abs(66-62)

(1) Distance = |X1−X2|

The formula shown above was used for distance calculation in this study. X1 and X2 repre-

sented the coordinates of points. The use of the absolute value (|.|) ensured that the result was

always positive, in line with the interpretation of distance. Based on this calculation, a formula

was derived to compute the manipulated features, as shown in Table 6.

3.4. Model Evaluation. To assess the performance of this model in its regression task, the

researcher employed Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE). The

primary objective for both metrics was to achieve minimal values, indicating high precision in

predictions. The novelty of this research lay in the application of RNN models and their variants

to train complex engineered feature data, such as eye openness, upper and lower lip distances,

lip length and height, and so forth. The performance results of this model were compared with

metrics from baseline studies [1], [15], which implemented XGBoost and LSTM models for

multimodal features.
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RMSE =

√
∑(yi− yp)2

n
(2)

MAE =
∑ |yi− yp|

n
(3)

yi = actual value

yp = predicted value

n = number of observations

4. RESULTS AND DISCUSSION

In this section, the researcher presents the model learning outcomes using the first deriva-

tive and feature engineering data in illustrations Figure 5 and Figure 6. The performance is

compared using the calculation of MAE and RMSE metrics. Additionally, in this section, the

researcher discussed the comparison between the baseline study, and this proposed method.

In Figure 5, the performance graph of the three models on the first derivative data continues

to show a decline, indicating the potential to achieve lower MAE and RMSE values. The RNN

model achieves the best performance with 5.20 MAE and 6.07 RMSE, the lowest values among

the models used for the first derivative. However, the GRU model has higher MAE and RMSE

than LSTM. Furthermore, on the graph, the GRU model demonstrated better performance com-

pared to LSTM. This can be observed through a smaller difference between training loss and

validation loss. The performance of this model is influenced by its simplicity, indicating a need

for increased complexity to achieve optimal results.

Figure 6 shows that the feature engineering model outperforms the first derivative model. In

this case, the difference between training loss and validation loss is not as pronounced as in

the plot of Figure 5, and the graph continues to show a decreasing trend, suggesting that the

MAE and RMSE values could be minimized. The RNN model has the lowest MAE and RMSE

values, at 5.04 and 6.03, respectively. The LSTM model may have a lower MAE but a higher

RMSE than the GRU model.
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(A)

(B)

(C)

FIGURE 5. First derivative training results: (A) RNN, (B) LSTM, (C) GRU
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(A)

(B)

(C)

FIGURE 6. Feature engineering training results: (A) RNN, (B) LSTM, (C) GRU

However, it is important to note that the model training in this study was limited to only 10

epochs due to hardware constraints. This limitation implies that the models might not have fully

converged yet, as evidenced by the continuous decrease in both training and validation losses
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in the plotted graphs. Ideally, a higher number of epochs would allow the models to learn more

deeply and potentially improve performance further. The evaluation results are presented in

Table 7.

TABLE 7. Comparison of our best model with previous studies

Method MAE RMSE

XGBoost (baseline) [1] 5.28 6.22

LSTM (baseline) [15] 4.83 5.76

RNN + first derivative (ours) 5.20 6.07

LSTM + first derivative (ours) 5.72 7.89

GRU + first derivative (ours) 5.27 6.98

RNN + feature engineering (ours) 5.04 6.03

LSTM + feature engineering (ours) 5.08 6.42

GRU + feature engineering (ours) 5.09 6.02

In Table 7, there is a performance comparison between the proposed method and the baseline

method. In Rumahorbo et al. [1], a first derivative method with a machine learning model was

proposed. However, the data patients were not segmented uniformly, unlike in the proposed

study, where segments were divided into 5-minute intervals. This inconsistency in training

data hindered the model from learning optimally compared to uniformly segmented data. In

Rasipuram et al. [15], multimodality was used, combining video, audio, and text in model

training. However, the video modality itself still needs further development. Thus, if one

modality reaches its maximum potential, it does not rule out the possibility that multimodality

may yield even better results. Therefore, in the proposed study, the focus is on video and using

feature engineering techniques to potentially enhance the results. Based on the researcher’s

findings, the eye and lip areas are relevant in detecting depression. Hence, the focus is on these

areas, and feature manipulation is conducted to process them in learning.

Based on the conducted research, the researcher found that the eye and lip areas, as well

as manipulated features, correlate with the severity of an individual’s depression. The feature
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engineering method tends to offer new insights for future research, as it can provide quite opti-

mal results. Additionally, based on the performance observed in Table 7, the proposed method,

particularly feature engineering, excels in video data analysis, as it exhibits minimal MAE and

RMSE values. Lower metric values indicate fewer errors in model learning. In Rasipuram

et al. [14], it can provide insights and new developments regarding the utilization of multi-

modality using feature engineering. When each modality’s potential, including video, audio,

and text data, is harnessed effectively, it leads to optimal outcomes in analyzing or detecting

multimodalities.

In Figure 5 and Figure 6, there is potential for further development of the model’s learning.

However, the experiments encountered challenges due to resource limitations, which neces-

sitated simplifying the model’s complexity. Therefore, researchers may consider increasing

the complexity of the model by adding more layers, neurons, and epochs. Overall, the plot-

ted graphs presented have not converged yet, indicating potential for improvement in terms of

training and validation loss. To address this, an increase in the number of epochs is neces-

sary. Additionally, the current RNN model outperforms other proposed methods in terms of

performance. This may be because the model is simple, which prevents RNN from experi-

encing vanishing gradients. However, further experiments are needed to enhance the model’s

complexity for optimal results.

This study has provided insights for future research development. Assessing the severity of

depression based on human facial expressions is a complex task. In this regard, the researcher

has discovered that calculations involving lip width and height, the distance between eyelids

when opening and closing, as well as the distance between the upper and lower lips, correlate

with the severity of depression. Future research could further explore the areas of the eyes and

lips, enriching the features used to train the model.

In conclusion, the proposed method, especially feature engineering, offers new insights into

identifying the severity of depression. This method outperforms previous studies on DAIC-

WOZ video data. The selection of features is a crucial aspect of the research. Based on the

conducted study, the areas of the eyes and lips emerge as relevant for utilization in this field, thus

warranting further exploration to enrich and enhance model learning with optimal outcomes.
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5. CONCLUSION

This research conducted experiments to detect the severity of depression in individuals using

first derivative and feature engineering. The findings provided insights that the areas around

the eyes and lips have a significant correlation with an individual’s level of depression, prompt-

ing researchers to focus more on these areas by applying feature engineering. This involved

calculations such as measuring the distance between the upper and lower lips, lip length, lip

height, and eye openness for both the right and left eyes. Based on the obtained MAE and

RMSE results, feature engineering techniques, particularly with the RNN model, demonstrated

superior performance with values of 5.04 MAE and 6.03 RMSE compared to the first-order

derivative. This research outperformed other unimodal study, Rumahorbo et al. [1], indicat-

ing that feature engineering methods are quite effective in detecting depression based on facial

expressions. However, when compared to multimodal approaches Rasipuram et al. [15], this re-

search method showed higher MAE and RMSE values. Nevertheless, this research can provide

insights to future researchers for processing video data using feature engineering techniques,

aiming for optimal results from its multimodality. However, the challenge in this research lies

in the model’s simplicity due to resource limitations. Therefore, further experiments are needed

to increase the model’s complexity, such as adding layers and neurons, with the hope of im-

proving overall performance. Additionally, there is still much to explore in terms of feature

engineering, as detecting depression in humans is complex and influenced by various factors.
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