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Abstract— In recent years, the integration of wearable 

technology with emotional intelligence coaching, powered by deep 

reinforcement learning and artificial intelligence, has emerged as 

a pioneering approach to enhance mental health support for 

graduate students. This research addresses the significant issues 

of stress and burnout prevalent in the graduate student 

community. The study utilizes wearable technology, like the 

Empatica Embrace Plus, for continuous, real-time monitoring, 

combined with customized emotional intelligence coaching. This 

strategy aims to transform existing mental health support methods 

within academic settings, especially in engineering education, 

offering a dynamic and student-centered solution. This work 

explores the potential of artificial intelligence, especially deep 

reinforcement learning techniques, to improve the efficacy and 

impact of wearable technology in mental health support for 

graduate students. Firstly, the study discusses the integration of 

wearable technology in monitoring various physiological signals, 

such as electrodermal activity and heart rate variability. Next, it 

presents applications of emotional intelligence coaching, informed 

by the insights derived from wearable data and Emotional 

Quotient Inventory 2.0 assessments. This approach facilitates 

personalized and effective interventions for enhancing students' 

emotional regulation skills and coping mechanisms for academic 

stressors. Furthermore, by highlighting successful case studies and 

initial findings of the research, it demonstrates correlations 

between physiological data from wearables and emotional 

assessments. These findings also reveal patterns of stress and well-

being linked to demographic factors among the participants. 

Artificial intelligence, particularly deep reinforcement learning, 

has shown significant promise in various fields, including mental 

health support and wearable technology. In recent years, 

researchers have begun exploring its potential in education, 

specifically for mental health support in engineering education. 

This study presents a comprehensive review of recent 

advancements in AI and reinforcement learning techniques 

applied to wearable technology for mental health support. The 

research explores how these techniques can analyze emotional 

states and stress patterns and optimize interventions for student 

mental health support. The study also discusses the future 

directions and challenges in incorporating AI-enhanced wearable 

technology with emotional intelligence coaching in engineering 

education. This research contributes to the growing body of 

knowledge on the potential of artificial intelligence, emotional 

intelligence, and wearable technology in mental health support for 

graduate students, particularly in engineering. The findings 

suggest that this integrative approach can provide more dynamic, 

personalized, and effective mental health support, enhancing the 

overall well-being and academic performance of engineering 

students.  
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I. INTRODUCTION  

Graduate education presents a transformative journey 
characterized by rigorous academic requirements, research 
pressures, and professional development responsibilities. 
However, within the pursuit of academic excellence, graduate 
students often encounter significant stressors that can precipitate 
burnout — a state of emotional, mental, and physical exhaustion 
accompanied by reduced effectiveness and motivation in 
academic and professional landscape. Research indicates that 
burnout is prevalent among graduate students, with studies 
highlighting elevated levels of stress and burnout across various 
disciplines [1]. 

In recent years, there has been a growing recognition of the 
need to address graduate student burnout proactively and 
effectively. One promising approach for intervention lies in the 
integration of advanced technologies such as artificial 
intelligence (AI), emotional intelligence (EI) training, and 
wearable technology into graduate education settings. This 
paper explores the potential of these innovative approaches to 
alleviate burnout among graduate students, drawing insights 
from recent research and theoretical frameworks.  

The use of AI-driven interventions has emerged as a 
promising strategy for addressing burnout among graduate 
students. Studies have demonstrated the effectiveness of AI 
algorithms in analyzing large datasets to identify patterns 
indicative of stress and burnout [2]. By leveraging machine 
learning techniques [3], [4], [5], [6], [7], AI systems can deliver 
real-time feedback to students about their stress levels, offer 
personalized recommendations for stress management, and even 
be able to predict burnout incidents before they occur [8]. 
Furthermore, AI-powered tools can assist educators in 
identifying course-related stressors and optimizing academic 
workload to promote student well-being [9], [10]. 

Emotional intelligence (EI) training has been recognized as 
a valuable component of burnout prevention and management 



programs for graduate students. Research has shown that 
individuals with higher levels of EI are better equipped to 
recognize and regulate their emotions, cope with stressors 
effectively, and maintain psychological resilience in challenging 
circumstances [11]. By incorporating EI training into graduate 
education curricula, students can develop essential emotional 
competencies that enhance their ability to navigate the demands 
of academic life and mitigate the risk of burnout [12]. 

Wearable technology presents new opportunities for 
monitoring and managing graduate student well-being. 
Wearable devices such as smartwatches and fitness trackers can 
collect continuous data on physiological parameters such as 
heart rate variability, sleep quality, and physical activity levels 
[13]. These data streams can be integrated with AI algorithms to 
generate personalized insights into students' stress levels and 
identify early signs of burnout [14], [15], [16]. Moreover, 
wearable technology offers the potential for delivering timely 
interventions and support strategies directly to students' 
wearable devices, enabling proactive management of burnout-
related symptoms [17]. 

Considering these developments, this research proposes a 
comprehensive framework for addressing graduate student 
burnout that integrates AI-powered strategies, EI training, and 
wearable technology into graduate education settings. By 
leveraging the synergistic potential of these innovative 
approaches, the study aims to promote student well-being, 
enhance academic performance, and cultivate a supportive and 
nurturing learning environment for graduate students. 

II. METHODOLOGY  

A. Participants  

The study involved 24 graduate students from an online 
graduate engineering education program. Participants were 
selected based on their availability and willingness to engage in 
a 10-week study involving wearable technology for real-time 
monitoring and emotional intelligence coaching. The participant 
group included both male (N=18, 75%) and female (N=6, 25%) 
students, with ages ranging from 24 to 63 years old. Among the 
participants, five were veterans (20.8%), reflecting a diverse 
group in terms of military experience. 

B. Study Design  

Participants were instructed to wear the Empatica Embrace 
Plus continuously, which is capable of tracking various 
physiological parameters such as heart rate variability, 
electrodermal activity, and physical activity levels through 
integrated sensors. The study period spanned from January 12 to 
March 21, 2024, during which participants’ physiological data 
and emotional responses were continuously monitored. It aimed 
to investigate the correlations between physiological data, 
emotional intelligence, and stress indicators. 

C. Data Collection 

The following biomarkers were collected using the Empatica 
Embrace Plus: 

• Accelerometer Readings: Measures physical motion 
and acceleration. 

• Actigraphy Counts: Tracks movement, often used to 
study sleep and activity patterns. 

• Electrodermal Activity (EDA): Measures skin 
conductance, reflecting sympathetic nervous system 
activity. 

• Metabolic Equivalent (MET): Estimates the amount of 
energy used by the body during physical activity, 
compared to resting state. 

• Pulse Rate: Number of heart beats per minute. 

• Respiratory Rate: Number of breaths taken per minute. 

• Step Counts: Number of steps taken, typically measured 
by a pedometer or accelerometer. 

• Body Temperature: The internal temperature of the 
body. 

In addition to physiological data, emotional responses were 
tagged by participants using the Empatica Embrace Plus and 
uploading to the cloud database, with tags reflecting their current 
emotional state. The tagging data helped to correlate 
physiological changes with emotional states. 

D. Psychological Measures 

1) Emotional Intelligence Assessment. Participants 

completed the Emotional Quotient Inventory 2.0 (EQ-i 2.0), 

which evaluates emotional intelligence across five composite 

scales and 15 subscales. This tool provided a baseline 

measurement of the participants’ capabilities in areas such as 

self-perception, self-expression, interpersonal relationships, 

decision making, and stress management. The results were used 

to tailor personalized emotional intelligence coaching sessions 

aimed at enhancing these competencies.  

2) Stress Perception Assessment. The Perceived Stress 

Scale (PSS) is an established tool for assessing stress levels, 

first introduced in 1983 and still widely used today. It helps to 

quantify how various situations influence individual’s emotions 

and perceptions of stress. The scale consists of a series of 

questions that reflect on participants’ thoughts and feelings 

over the past month. Each question requires you to estimate 

how frequently you experienced certain feelings, emphasizing 

quick and instinctive responses rather than overthinking or 

tallying specific occurrences. The scoring of the PSS ranges 

from 0 to 40, with higher scores indicating greater levels of 

perceived stress. 

a) Scores between 0 and 13 suggest low stress. 

b) Scores between 14 and 26 indicate moderate stress. 

c) Scores between 27 and 40 are indicative of high 

perceived stress. 

d) The significance of the PSS lies in its focus on 

individual perception. It underscores the concept that personal 

interpretation of life events plays a crucial role in stress levels. 

For instance, two people might experience identical events over 

a month but perceive and report their stress very differently, 

leading to vastly different scores on the scale. This variability 

highlights the subjective nature of stress perception and the 
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importance of individualized approaches in stress 

management.  

3) Well-being Assessment. The World Health 

Organization-Five Well-Being Index (WHO-5) is a concise, 

self-reported instrument designed to assess current mental 

well-being ([18]). Initially introduced in 1998 by the WHO 

Regional Office in Europe, it was part of the DEPCARE project 

aimed at developing well-being measures for use in primary 

health care settings. The WHO-5 is recognized for its adequate 

validity in both screening for depression and measuring well-

being outcomes in clinical trials. Research, including studies 

involving younger and older populations, has demonstrated 

that the WHO-5 possesses good construct validity and functions 

effectively as a unidimensional scale for assessing well-being. 

Respondents evaluate five statements based on their 

experiences over the past two weeks, using the following scale: 

a) All of the time = 5 

b) Most of the time = 4 

c) More than half of the time = 3 

d) Less than half of the time = 2 

e) Some of the time = 1 

f) At no time = 0 

g) The total raw score, which can range from 0 to 25, is 

multiplied by 4 to convert it into a final score on a scale of 0 to 

100. A score of 0 indicates the worst conceivable well-being, 

while 100 represents the best conceivable well-being. These 

assessments provided comprehensive insights into the 

emotional and psychological states of participants, allowing 

for a comprehensive analysis of the interplay between 

emotional intelligence, stress levels, and physiological 

responses. 

E. Data Analysis and Statistical Measures 

1) Correlation Analysis. To explore the relationships 

between various variables, a Pearson correlation heatmap was 

employed. This tool helps in visualizing the strength and 

direction of associations between multiple variables 

simultaneously. 

2) Categorical Analysis. To understand the dynamics 

within EQ-i 2.0 dataset, particularly the relationships between 

continuous variables such as Happiness and Stress Tolerance, 

both Pearson and Spearman correlation analyses were 

employed. Pearson correlation was used for assessing the 

linear relationship between these variables, ideal for data that 

meet the assumptions of normality and linear association. 

Conversely, Spearman correlation was applied as a non-

parametric alternative to assess monotonic relationships, 

which is particularly useful when the data do not meet the 

assumptions necessary for Pearson correlation. 

3) Statistical Significance. Throughout the analyses, a p-

value of less than 0.05 was considered indicative of statistical 

significance, reinforcing the reliability of the observed 

correlations and differences. This comprehensive approach 

provides a snapshot of the participants' stress and well-being 

and contributes to a deeper understanding of the interplay 

between these factors, highlighting the necessity for effective 

stress management strategies to enhance mental health and 

quality of life. 

III. RESULTS  

The analysis of data collected through this study has 
elucidated the interconnections between emotional intelligence 
scales, physiological markers, and well-being assessments. The 
results presented below are segmented into three distinct 
sections, each based on the type of analysis conducted: 
correlations among emotional intelligence scales, trends over 
time for stress and well-being, and the relationships between 
physiological biomarkers and psychological assessments. 

A. Correlation Analysis of Emotional Intelligence Scales  

The findings from the study illustrate significant correlations 
between emotional intelligence scales and physiological 
markers, supported by the data collected through wearable 
technology. The Pearson correlation heatmap (Fig. 2) visually 
encapsulates the relationships among various emotional 
intelligence scales, with notable strong correlations between 
specific components such as Happiness (HA_T) and Stress 
Tolerance (ST_T). 

Statistical analysis reveals significant correlations among 
various emotional intelligence scales. Particularly noteworthy is 
the relationship between Happiness (HA_T) and Stress 
Tolerance (ST_T), where a Pearson correlation coefficient of 
0.564 (p-value = 0.0033) and a Spearman correlation coefficient 
of 0.525 (p-value = 0.007) were observed. While other 
emotional intelligence scales also exhibited significant 
correlations, the relationship between Happiness and Stress 
Tolerance is of particular interest due to their direct influence on 
students' capacity to handle academic and personal challenges 
effectively. This finding indicates that higher levels of happiness 
are associated with improved stress tolerance, underscoring the 
potential of enhancing emotional intelligence to effectively 
manage stress among graduate students and the utility of AI-
powered EI coaching in significantly enhancing students' 
adaptive mechanisms in high-stress environments. 



 

Fig. 1. The EQ-i 2.0 model structures emotional intelligence into five 

composite categories: Self-Perception, Self-Expression, Interpersonal, 

Decision Making, and Stress Management. These categories encompass a total 
of fifteen specific competencies, which collectively contribute to an individual's 

overall Emotional Quotient (EQ).  

 

Fig. 2. Pearson Correlation Heatmap of Emotional Intelligence Scales. This 

heatmap visualizes the Pearson correlations between various emotional 
intelligence scales: Total Score (TOT_T), Self-Perception (SP_T), Self-Regard 

(SR_T), Self-Actualization (SA_T), Emotional Self-Awareness (ES_T), Self-

Expression (SE_T), Emotional Expression (EE_T), Assertiveness (AS_T), 
Independence (IN_T), Interpersonal (IS_T), Interpersonal Relationships 

(IR_T), Empathy (EM_T), Social Responsibility (RE_T), Decision Making 

(DM_T), Problem Solving (PS_T), Reality Testing (RT_T), Impulse Control 
(IC_T), Stress Management (SM_T), Flexibility (FL_T), Stress Tolerance 

(ST_T), Optimism (OP_T), and Happiness (HA_T). 

B. Longitudinal Trends in Stress and Well-being  

The graphical representation of Perceived Stress Scale (PSS) 
and WHO-5 scores over time (Fig. 3) demonstrates varied trends 
in stress and well-being over the 10-week study period. The 
varying trends highlight the substantial impact of individual 
differences in emotional intelligence and physiological states on 

perceived stress and quality of life. Generally, higher PSS scores 
correlate with lower WHO-5 scores, indicating that increased 
stress levels are associated with reduced well-being, 
emphasizing the need for targeted interventions to mitigate 
stress. 

 

Fig. 3. PSS and WHO-5 scores over time. It illustrates the trends over a 10-

week period (from January 12 to March 21, 2024) in the Perceived Stress Scale 

(PSS) and the World Health Organization-Five Well-Being Index (WHO-5) 
scores. The PSS scores are depicted with a blue dashed line and triangle 

markers, with a shaded blue area indicating scores ranging from 24 to 40, which 

signify high perceived stress. Conversely, the scaled WHO-5 scores are shown 
using a green dotted line with star markers, where a shaded green area 

represents scores between 0 and 8, indicating the lowest quality of life. This 

visual representation underscores the correlation between stress levels and well-
being over the observed period.  

C. Correlation between Physiological Biomarkers and 

Psychological Assessments  

A crucial element of this study involved examining the 
correlations between physiological biomarkers and 
psychological assessments over time. Specifically, the data 
highlighted interactions between the Perceived Stress Scale 
(PSS), the WHO-5 Well-being Index, and various physiological 
biomarkers, as depicted in the heatmap (Fig. 4). 

The heatmap displays correlations between physiological 
biomarkers (as shown in Table 1) measured biweekly and both 
PSS and WHO-5 scores. Significant findings include the 
negative correlation of accelerometer standard deviation with 
PSS (r = -0.52, p = 0.002) and its positive correlation with 
WHO-5 (r = 0.45, p = 0.011). These correlations suggest that 
greater variability in physical activity may help reduce stress and 
improve well-being. Additionally, the positive correlation 
between actigraphy counts and WHO-5 (r = 0.38, p = 0.033) 
supports the beneficial effects of increased physical activity on 
well-being. 

The compiled findings from these diverse analyses 
illuminate the complex relationships between emotional 
intelligence, physiological markers, and well-being indicators. 
They highlight the pivotal role emotional intelligence plays in 
moderating stress impacts and enhancing overall quality of life. 
The insights gained from this research advocate for the 
integration of AI-enhanced emotional intelligence training and 



wearable technology into educational settings, aimed at 
fostering healthier, more resilient academic communities. 
Future investigations should aim to substantiate these findings 
across a broader range of settings and explore the longitudinal 
impacts of such interventions. 

 

Fig. 4. Correlation between PSS, WHO-5, and Biweekly Biomarker.  

TABLE I.  BIOMARKERS SUMMARY  

Biomarker  Explanation 
Common 

Value/Range 

Accelerometer 

Readings 
 

Measures physical motion and 

acceleration. 
 

Varies widely 

based on activity 
level. 

Actigraphy 

Counts 
 

 

Tracks movement, often used to 

study sleep and activity patterns. 
 

 

Varies based on 

activity; higher 
counts indicate 

more movement. 

Electrodermal 
Activity 

(EDA) 

 

Measures skin conductance, 
reflecting sympathetic nervous 

system activity. 

 

Baseline varies; 

increases with 
arousal. 

Metabolic 

Equivalent 

(MET) 
 

 

 

A unit to estimate the amount of 

energy used by the body during 

physical activity, compared to 
resting state. 

 

 

1 MET at rest; 

higher during 

physical activity 
(e.g., 3-6 METs 

for moderate 

activities). 

Pulse Rate 

 

 

Number of heart beats per minute. 

 

 

Resting rate: 60-

100 bpm 

(adults). 

Respiratory 
Rate 

 

Number of breaths taken per 
minute. 

 

Resting rate: 12-
20 breaths per 

minute (adults). 

Step Counts 
 

 

 

Number of steps taken, typically 
measured by a pedometer or 

accelerometer. 

 

Varies widely 
based on 

individual 

activity level. 

Body 

Temperature 

  

The internal temperature of the 

body. 

 

Normal range: 

36.5-37.5°C 

(97.7-99.5°F). 

 

IV. CONCLUSIONS 

The research conducted has substantiated the significant role 
that emotional intelligence, coupled with AI-powered 
interventions and wearable technology, plays in managing stress 
and enhancing the well-being of graduate students. Through the 
integration of emotional intelligence training and real-time 
physiological monitoring, this study has provided a 

sophisticated method to understand and address the factors 
contributing to stress and burnout, particularly within 
engineering education environments. 

A. Study Outcomes and Implications  

The study revealed strong correlations between emotional 
intelligence scales such as Happiness and Stress Tolerance, 
underscoring the potential of emotional intelligence 
enhancements in aiding students to effectively manage stress. 
Additionally, the examination of physiological data through 
wearable technology illustrated how variations in physical 
activity levels correlate with changes in perceived stress and 
overall well-being. These findings highlight the value of 
incorporating comprehensive monitoring and targeted 
emotional intelligence interventions into student support 
programs to mitigate stress impacts. 

The application of physiological biomarkers in conjunction 
with psychological assessments has opened new avenues for 
understanding the physical manifestations of stress and well-
being. These insights are crucial for developing interventions 
that can proactively identify and address stress before it 
escalates into burnout, thereby supporting sustained student 
engagement and success in high-pressure academic settings. 

B. Challenges and Future Directions  

Despite the promising results, the study also brings to light 
several challenges, including the need for careful consideration 
of privacy in the use of wearable technologies and the variability 
in how individuals respond to similar interventions. These 
factors underscore the importance of personalizing approaches 
to effectively meet diverse student needs. 

The foundation laid by the current research paves the way 
for future studies, particularly in the design and application of 
deep reinforcement learning (Deep RL) models. These models 
could potentially enhance the personalization and effectiveness 
of interventions based on real-time data, driving forward the 
capabilities of educational technologies to support mental 
health. 

In conclusion, this research enriches the dialogue on the 
integration of artificial intelligence and wearable technology in 
education, highlighting its potential to transform traditional 
mental health support frameworks. The continuous evolution of 
these technologies invites further scholarly exploration and 
practical experimentation to maximize their impact on student 
well-being and educational success. 
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