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Objective: This study evaluated the effectiveness of recent advancements in electroencephalography (EEG) 

technology for real-time mental health monitoring and intervention, specifically focusing on the impact of portable, 

AI-enhanced EEG devices in detecting and managing symptoms of anxiety and depression. 

Methods:  

The group consisted of 100 patients with generalized anxiety disorder or major depressive disorder who were 

randomly assigned to the experimental group (modern EEG monitoring with AI support) or control group (old-

school EEG monitoring without real-time backing). Over 6 weeks, we measured each group’s mental health 

regarding symptom reduction, engagement, and detection accuracy. Changes in mental health were measured with 

the GAD-7 and PHQ-9 scales, and EEG data were analyzed for biomarkers. 

Results: Compared with the control group, the experimental group's symptoms were significantly reduced by 30%, 

which is an extremely strong sign that feedback in real-time is good. The cutting-edge EEG system detected 87% of 

mental health biomarkers, far greater than the 60% of standard EEG recording. Participants in the experimental 

group were more engaged and satisfied thanks to the live feedback received by AI-enabled EEG machines. 

Conclusion: The evidence confirms that high-throughput EEG technology with real-time functions is better at 

monitoring and intervening in mental health. These systems can be applied to clinical practice with AI-enhanced 

accuracy and real-time symptom treatment, which would likely revolutionize mental health care through proactive 

and personalized treatment approaches. 

Introduction 

Mental health problems such as anxiety and depression are much more common now than in previous 

decades and are a critical public health issue around the world. Depression alone, according to the World 

Health Organization (WHO), affects more than 280 million people worldwide and causes disability, low 

quality of life, and loss of productivity (1). ‘Old’ methods of mental health monitoring, consisting of 

self-assessment questionnaires and regular reviews by a mental health professional, are not objective. 

They are also time-limited and don’t accurately measure actual changes in mental health (2). In this 

context, monitoring technologies that can deliver real-time, objective feedback about the condition of a 

patient’s mind have risen in demand and can be used to respond to patients immediately (3). 

Electroencephalography (EEG), an electroencephalographic test of brain electrical activity, has become 

an attractive instrument. EEG is often employed in neuroscience and sleep medicine, but more recently, 

it has been investigated to diagnose mental illness (4). Various conditions can affect the brain’s electrical 

signals, from mood to illness, which can be expressed in different patterns in EEG data. These signals 

can inform clinicians of what the profound neural basis of a specific mental-health symptom – such as 

increased anxiety or depression (5) – might be. However, these classic EEG machines are so complex, 

so inconvenient, and require expert interpretation that long-term mental health surveillance outside the 

clinic is unlikely to be feasible (6). 
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EEG systems with a recently augmented AI have been released that can provide portable, wearable data 

analysis and information in real time. Portable EEG headsets coupled with machine learning algorithms 

can now recognize biomarkers of mental illness symptoms much more consistently and earlier (7). AI-

assisted EEG systems will pinpoint patterns of neural activity relating to a particular illness and can be 

used to detect symptom progression and make interventions. It has already set the stage for new ways of 

delivering mental health care, such as biofeedback and neurofeedback treatments and individualized 

treatments based on one’s mental state in real-time (8,9). 

This paper aims to test whether these sophisticated EEG systems offer mental health monitoring and 

intervention with reduced symptom symptoms, engagement, and accuracy compared to older EEG 

systems. The theory is that real-time, AI-powered EEG machines will have higher diagnostic precision 

and more patient participation in treatment to create improved mental health. In this research, we intend 

to give empirical proof that EEG technology can help close the lag in mental health surveillance and 

intervention in real time and deliver better and easier mental health care. 

Methods 

Study Design 

It was a randomized controlled trial to evaluate whether sophisticated EEG technology improved mental 

health surveillance and intervention results. A hundred 18-45 subjects were enrolled from a mental health 

clinic and prescreened for inclusion. Those involved had to have a diagnosis of generalized anxiety 

disorder or major depressive disorder, according to DSM-5. No history of neurological illness, drug or 

alcohol abuse, or prolonged use of medications that interfered with EEG recordings were 

exclusions. Researchers randomly assigned subjects to an experimental (high-tech EEG integrated with 

AI) or a control group (old-school EEG not fully in real-time). 

Intervention 

Researchers gave the experimental group portable EEG headsets with machine-learning algorithms for 

real-time data analysis. Such headsets might pick up neural signals associated with anxiety and 

depression and offer results via a mobile app. Feedback included visual and auditory cues to warn 

subjects about altered states of mind and invite them to perform relaxation or reorganization 

techniques. The control group had standard EEG machines with no real-time function; they only had 

weekly EEG tests with no feedback or symptom alerts. 

Data Collection 

The patients had standardized mental health measures at baseline, week 3, and week 6: anxiety symptoms 

on the Generalized Anxiety Disorder-7 (GAD-7) and depression symptoms on the Patient Health 

Questionnaire-9 (PHQ-9). These scales were quantitative measures of symptom severity, which could be 

compared across the study period.The EEG recorded from each session was analyzed for anxiety and 

depression biomarkers. These biomarkers were alpha and beta wave activity changes related to emotional 

and cognitive conditions. The AI-enabled EEG system was tested to detect these biomarkers and the 

speed of symptom warnings. 

Statistical Analysis 

Statistical analysis was conducted using SPSS software. Paired t-tests were employed to compare pre-

and post-intervention symptom scores within each group. Additionally, independent t-tests were used to 

compare outcomes between the experimental and control groups. EEG system accuracy in detecting 

mental health biomarkers was assessed using receiver operating characteristic (ROC) curve analysis. 

Significance was set at p < 0.05. 

Results 
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Participant Demographics and Baseline Characteristics 

Table 1 provides an overview of participant demographics and baseline mental health scores. No 

statistically significant differences were observed between the two groups at baseline, ensuring 

comparability regarding age, gender distribution, and initial mental health status. 

Variable Experimental Group Control Group p-value 

Mean Age 29.4 ± 7.3 years 28.9 ± 8.1 0.65 

Male/Female Ratio 24/26 23/27 0.82 

Mean GAD-7 Score (Baseline) 12.3 ± 3.4 12.1 ± 3.6 0.75 

Mean PHQ-9 Score (Baseline) 14.2 ± 4.1 14.5 ± 4.0 0.68 

Symptom Reduction and Engagement 

As shown in Table 2, participants in the experimental group reported a 30% reduction in GAD-7 and 

PHQ-9 scores by week 6, compared to a 20% reduction in the control group. This demonstrates the 

positive impact of real-time feedback and supports the hypothesis that advanced EEG systems contribute 

to enhanced symptom management. 

Symptom Measure Experimental Group Control Group p-value 

GAD-7 Reduction (%) 30% 20% 0.03 

PHQ-9 Reduction (%) 30% 20% 0.04 

EEG System Accuracy 

The AI-enhanced EEG system achieved an 87% accuracy rate in detecting anxiety and depression 

biomarkers compared to 60% in the traditional system (Table 3), indicating the potential of AI-driven 

advancements in improving symptom detection. 

System Accuracy Rate 

Advanced EEG (AI-integrated) 87% 

Traditional EEG 60% 

User Engagement and Satisfaction 

Engagement and satisfaction levels differed significantly between the two groups. As shown in Table 4, 

participants in the experimental group reported higher satisfaction due to the interactive and feedback-

driven nature of the real-time EEG monitoring, with daily usage rates significantly surpassing those in 

the control group. 

Engagement Measure Experimental Group Control Group p-value 

Average Daily Usage (hours) 2.3 ± 0.6 1.5 ± 0.8 0.01 

Satisfaction Score (/10) 8.5 ± 1.2 6.2 ± 1.5 0.02 

This elevated engagement in the experimental group may reflect the motivational benefits of immediate 

feedback, potentially empowering users to take a proactive role in managing their mental health 

symptoms. 

AI-Driven Intervention Efficacy 

The efficacy of AI-driven intervention was particularly notable. In the experimental group, AI-initiated 

prompts were generated when symptoms exceeded a specific threshold identified by EEG biomarkers. 

Table 5 highlights that these interventions resulted in a 40% improvement in the timely management of 

symptoms compared to the control group. 
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Intervention Metric Experimental Group Control Group p-value 

Timely Intervention Improvement 40% 12% <0.01 

Adherence to Intervention 78% 54% 0.03 

Long-Term Symptom Management and Clinical Efficacy 

At the end of the 6-week trial, symptom scores in the experimental group showed more consistent 

reduction trends, suggesting that the benefits of real-time EEG monitoring could extend into long-term 

symptom management. Table 6 provides an overview of mental health scores recorded at follow-up 

intervals to assess potential lasting effects. 

Timepoint Experimental Group (Mean GAD-7) Control Group (Mean GAD-7) p-value 

Baseline 12.3 ± 3.4 12.1 ± 3.6 0.75 

Week 3 9.1 ± 2.8 10.5 ± 3.0 0.04 

Week 6 7.6 ± 2.5 9.8 ± 2.9 <0.01 

The experimental group showed a significantly more significant decrease in GAD-7 scores at each 

assessment time point than the control group, indicating the efficacy of real-time EEG technology in 

sustaining mental health improvements. 

Discussion 

This was a trial of the use of AI-augmented, real-time EEG for tracking and treating anxiety and 

depression symptoms. These findings suggest that more advanced EEG systems (combining portable 

devices and machine learning algorithms) can be valuable in real-time mental health care and outperform 

traditional EEG systems in multiple ways, including symptom detection, user adoption, and treatment 

efficacy. 

Comparison with Existing Research 

These results are consistent with previous research showing the promise of EEG for mental health. Old-

school EEG has been used to monitor brainwaves in psychiatric conditions, but due to issues with 

portability and data interpretation, it has been restricted to controlled lab settings in the past. This 

research confirms that AI-augmented EEG systems can overcome these challenges and offer users and 

clinicians a practical and effective real-time tracking of mental health status (10,11,12). 

Most importantly, the performance of AI-based EEG in finding symptom-associated biomarkers is quite 

good compared to previous technologies. Other reports have shown 60-70% accuracy in measuring 

emotion with conventional EEG machines (13). Our AI-enabled EEG system, by contrast, was accurate 

at 87 percent, which indicates that artificial EEG data analysis can make significant improvements in 

detecting symptoms. This higher accuracy may lead to EEG-based mental health interventions that are 

more productive and clinically relevant than they are in the personal sphere (14,15). 

User Engagement and Real-Time Feedback 

The greater attention from the experimental group members underscores the motivating effects of instant 

feedback in mental health interventions. Daily participation increased in the experimental group, with 

real-time EEG signals and AI-prompted activation of symptom management. This fits with behavior 

change theories, where the sooner feedback, the better user motivation and compliance with health 

interventions. Because traditional mental health treatments have poor adherence rates, using EEG 

technology in conjunction with live intervention prompts could help patients engage and adhere to 

treatment (16,17). 

Implications for Clinical Practice 

There are some implications for clinical practice to take away from the study results. The first is that live 

EEG monitoring could be incorporated into outpatient mental health services to give clinicians real-time 
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information about the patient’s mental state that they could use to tailor treatment. For instance, doctors 

might use EEG signals to monitor the beginnings of depression and intervene with customized 

interventions before symptoms become worse. The satisfaction ratings of participants show that EEG 

can be easily adapted by patients to be embedded into routine mental health care (18,19). 

Limitations 

For all its good news, this study has limitations. The trial was only six weeks long, which hindered 

knowledge of whether real-time EEG monitoring could be reliably used to treat mental illness over the 

long term. Second, while adequate for early efficacy studies, the sample might be under-representative 

of mental health conditions and severity in more extensive clinical populations (20, 21). Future studies 

with extended follow-up periods and larger samples must prove advanced EEG systems’ continued value 

and generalization to mental health surveillance. 

There are also current technology limitations on portable EEG equipment, like the battery life and ability 

to detect outside noise (22). Our research used high-performance, consumer-grade EEG headsets. Still, 

new device design and signal processing technologies may be needed to make these systems more usable 

for long-term monitoring. 

Future Directions 

Following these results, researchers might one day pair EEG with other physiological monitoring 

devices, such as heart rate variability or skin conductance monitors, to develop a multimodal system for 

monitoring mental health. Multiple biometric signals might be integrated to help identify a patient’s 

psychiatric symptoms more reliably and see a holistic picture of a person’s well-being. In addition, 

testing real-time EEG monitoring for other mental illnesses, like bipolar disorder or post-traumatic stress 

disorder, might expand its use in mental health care. 

Conclusion 

This work offers empirical proof that high-end, portable, and AI-enriched EEG systems can benefit live 

mental health surveillance and treatment. Such results confirm that such systems can improve symptom 

detection accuracy, engage patients, provide early interventions, and enhance mental health services in 

the clinical and personal realms. 

By providing ongoing, real-time information on neural activity linked to symptoms of mental illness, AI-

based EEG machines could be a transformative tool for mental health care in which there is a lack of 

direct, personalized intervention. These results stimulate the development and clinical adoption of newer 

EEG technology, which is promising as a potential panacea for the problem of rapid mental health 

diagnosis and care. We should seek to test whether EEG monitoring can be sustained in the long term 

and whether it could potentially support an expansive spectrum of mental illnesses and contribute 

towards a new generation of real-time, computerized mental health care. 
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