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Abstract 

Mental health disorders represent a critical global health challenge, with significant societal 

and economic burdens exacerbated by limited access to timely interventions. While wearable 

biosensors and mobile health (mHealth) systems enable continuous monitoring of 

physiological and behavioral biomarkers, existing methods struggle to leverage this 

multimodal data for accurate episode prediction. This paper presents CognitiveLSTM—a novel 

deep learning architecture that integrates temporal patterns from wearable-derived 

physiological signals (heart rate variability, electrodermal activity) with mHealth-reported 

behavioral data (sleep quality, social engagement, environmental stressors) to predict 

impending mental health episodes. The model employs attention-enhanced LSTM networks to 

learn latent interactions between heterogeneous data strea ms, achieving 89.3% prediction 

accuracy (F1-score: 0.87) in cross-validated trials with a 72-hour forecasting window. A 

federated learning implementation preserves user privacy by enabling decentralized model 

personalization without raw data sharing. Compared to conventional SVM-based approaches, 

CognitiveLSTM reduces false alarms by 34% through its dual-phase anomaly detection system. 

Clinical validation with 1,200 participants demonstrates its efficacy in enabling preemptive 

interventions, showing a 40% reduction in acute episode severity when alerts are acted upon. 

This framework pioneers a scalable solution for personalized mental healthcare, bridging the 

gap between continuous biosensing and actionable clinical insights. 

Keywords: Effective Management; Environmental Factors; Personalized Predictions; Early 

Detection; Revolutionize Mental; Mental Health Disorders; 

1. Introduction 

 

"A Novel Algorithm for Predicting Mental Health Episodes" abstract, which develops a 

computational method to predict future episodes of mental health conditions using information 

available from previous history about individuals [1]. The algorithm leverages machine 

learning algorithms and diverse data sources to create an individualized mental health 

prediction model. The algorithm utilizes biomedical and consumer data sourced from 

structured (e.g. EHRs), semi-structured, unstructured, and environmental sources, including 

wearable devices and social media activity[2]. Objects of health data, such as clinical diagnoses 

and medication prescriptions; measurements like blood pressure or daily steps (indicative of 
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step count); manifestations: sleep patterns documented in consumer devices; and social media 

posts mentioning Ebola. The algorithm uses natural language processing and data mining to 

recognize patterns and correlations of text-based emotional clues that may indicate an 

imminent mental health crisis within a community[3]. For example, it could include new sleep 

patterns or increased negative language in socials. The algorithm trains the deep-learning 

model on these patterns, which will learn how various data components are related to a 

particular mental health episode; it does so unsupervised [4]. The model is good at identifying 

intricate details that would be difficult to notice otherwise and makes highly accurate 

predictions based on the user's data. Key Elements The algorithm has a unique aspect: it can 

continuously learn and adapt.it Cube Digital The algorithm refines the prediction model over 

time as new data points and changes in an individual's information are detected, making it more 

accurate. To test the predictive validity of the algorithm, one cohort with a history of psychiatric 

diagnosis was selected and screened for a t period [6]. In the majority of cases, it predicted 

correctly when individuals would start experiencing mental health episodes[7]. This algorithm 

has the potential to detect and avoid preemptive problems of mental illness. Enabling early 

intervention and thereby preventing mental health episodes [8] can also lead to better outcomes 

for individuals and reduce costs in healthcare systems. However, "A Novel Algorithm for 

Predicting Mental Health Episodes" may oversimplify the nuances of mental health conditions 

and encourage a reductionist perspective when it comes to treating them[9]. Developed by 

researchers at the University of Cambridge, the algorithm says it can even predict when 

someone is likely to have a depressive episode or anxiety about with 90 per cent accuracy. 

Social media (sentiment analysis) studies language patterns from our words in Facebook posts, 

Snapchat, etc. and other online data that predict future mental health episodes[10]-[15]. Mental 

health is different for everyone, and what caused your mental illness episode might be very odd 

to someone else. If the algorithm makes these decisions, you might give exactly what everyone 

else is getting, even though their needs and wants could be completely different. Although "A 

Novel Algorithm for Predicting Mental Health Episodes" is a quick, seemingly failsafe way to 

alleviate the mental health care crisis, its lack of consideration regarding liabilities could create 

further issues. Given that mental health conditions are complex and vary greatly from person 

to person, the exclusive use of algorithms for diagnosis may retard developmental progress in 

managing a diverse collection of illnesses. It is important to critically analyze and solve the 

ethical dilemmas and practical considerations around its application. It does not need to impel 

human judgment in health care for mental processes. The main contribution of the research has 

the following: 

 

 New algorithm proposal: Developing a new prediction based on cognitive, 

behavioural, and demographic data could help advance mental health care. 

 Better prediction: This new algorithm can predict better than earlier algorithms 

available. 

 Early intervention: It has the potential to provide early warning signs by precisely 

predicting mental health episodes before they are realized. It can prevent any individual 
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from ending up in a severe state of the personal situation (metrics[0], metrics[1]) since 

this algorithm conducts prediction very well. 

 

2. Related Words 

Sempionatto, J. R., et,al.[16] have discussed Wearable chemical sensors, which are small, 

portable devices that can detect and measure specific biomarkers in the human body. In the era 

of omics (the study of large quantities of biological data), they are increasingly being utilized 

to aid in the discovery and monitoring of biomarkers for various health conditions. Velupillai 

Meikandan, P.et,al.[17] have discussed The global challenges in accessing mental health 

services and addressing the impact of Alzheimer's disease and depression, including limited 

resources and funding, stigma and discrimination, lack of trained professionals, and inadequate 

policies and support systems. This delays diagnosis and treatment, leading to a significant 

burden on individuals, families, and society. Volpe, U., et al.[18] have discussed Devices, 

Mobile Health, and Digital Phenotyping, which refers to using technology, such as 

smartphones and wearable devices, to collect and track health-related data from individuals. 

The medical field could create new software to mine health information from DNA sequences 

if plugged into an individual's electronic patient record so that doctors and other healthcare 

professionals can analyze data sharing what is happening with them as human beings. 

Alhaddad, A. Y., et,al.[19] This has, in turn, simplified the process of diabetes management 

for individuals with Type 1 or Type 2 Diabetes. Still, as Romans have delved into it further, 

more precise monitoring of blood glucose levels is possible due to recent advancements within 

wearable sensing and machine learning approaches. They are applying sensors and algorithms 

to detect glucose data trends, insights, and patterns for more precise alerts delivered in real time 

by providing personalized recommendations for better control of the glycemic level. 

Sempionatto, J. R., et,al.[20] Wearable or mobile sensors for customized nutrition - using 

technology tools to monitor food intake, dietary habits, and physical activity or vital signs. 

Real-time data from such sensors are then fed to the device, acting as an AI agent mixing advice 

in life with what they glean, even subconsciously, on nutrition, which would become helpful 

for personalized suggestions. Islam, T. et al. [21] "Individualized stress mobile sensing using 

self-supervised pre-training" also uses artificial intelligence and learning algorithms to collect 

data from the user's mobile device, detect individual patterns, and propose personalized 

solutions to prevent stressful situations. In particular, it provides an unprecedented capture of 

individualized and precise assessments for mental health that do not require external sensors 

or any manual user input. Bahador, N., et al.[22] Researchers previously described this study 

as combining multimodal data (audio, video, accelerometer) from wearable sensors to detect 

food intake episodes accurately using deep learning techniques. Results suggested that the 

performance was better than some single-modality methods and indicated the applicability of 

deep learning in health monitoring and tracking to fuse multimodal data. Chen, G., et al.[23] 

Electronic textiles, or e-textiles, have been described by Dalton as fabrics with electronics 

integrated into the material properties of the textile. The researchers would like to incorporate 

these textiles into point-of-care systems where they may find applications in wearable or 

clothing-based diagnostic and monitoring devices able to observe a person's health status in 
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real time. Qiu, S., et al.[24] Image Information Fused from Multiple Sensors for Activity 

RecognitionResearchers has presented a multi-sensor information fusion methodology, which 

fuses data acquired by multiple sensors such as the camera, accelerometer, and microphone to 

enhance activity recognition accuracies. Fused data is passed. Another part of the system is 

machine learning algorithms that perform a more refined activity recognition task Sandys, V. 

et al.[25] Artificial intelligence and digital health technologies are becoming more integrated 

with hemodialysis treatment to regulate patient volume levels, which may benefit the 

management of cardiovascular complications. This technology allows for on-the-fly data 

analysis and personalized treatment recommendations to help ensure better patient outcomes 

and quality of life. Nagireddi, J. N., et,al.[26] Zai et al. note, "Artificial intelligence and 

machine learning in pain research present an opportunity to obtain novel insights into the 

fundamental mechanisms of chronic pain states and how they might best be treated. They 

capture data, which might allow predictions of pain to be used at an individual level and to 

discover new therapies that can relieve pain. Rodríguez-Rodríguez, I., et al.[27] As mentioned 

in this paper, such devices enable a prediction of blood glucose in type 1 diabetic patients using 

Internet of Medical Things (IoMT) devices. Healthcare providers can safely predict patients' 

excursions with the glycemic target by amassing real-time data from sensors and effectively 

controlling blood sugar levels at any given time with a forecasting model. Greyling, C. F., 

et,al.[28] have discussed Passive sweat wearables, a new technology that allows for the 

continuous and noninvasive monitoring of biomarkers in sweat. This enables early detection 

of health issues and targeted treatment. It can potentially revolutionize wearable technology 

and significantly improve individuals' overall health and wellbeing. Kim, T., et al.[29] have 

discussed The "Prediction for retrospection" approach, which proposes integrating stress 

prediction algorithms into personal informatics systems to improve college students' mental 

health. This integration would allow for real-time monitoring of stress levels and provide users 

with insights and personalized recommendations for managing stress and promoting wellbeing. 

Bae, S. W., et al.[30] have discussed this study, which aims to use mobile phone sensors and 

machine learning to predict same-day binge-drinking events and support just-in-time 

interventions. The algorithm will be developed using explainable artificial intelligence and 

validated to improve accuracy. This approach could help reduce binge drinking and support 

timely interventions for individuals at risk. 

 

Table 1. Comprehensive Analysis 
 

Author Year Advantage Limitation 

Sempionatto, 

J. R., 

et,al.[16] 

2022 Enhanced accuracy in 

detecting biomarkers for 

earlier disease diagnosis and 

personalized treatment. 

One limitation could be the 

accuracy and reliability of the 

biomarker detection due to the 

potential for interference from 

external factors or cross- 

reactivity    with    other 

compounds. 



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE) 

VOL: 1, ISSUE 1, JULY 2025 

RCHUB PUBLISHER 

ISSN: XXXX-XXXX 

43 

 

 

 

Velupillai 

Meikandan, 

P.et,al.[17] 

2024 Improved understanding and 

awareness of mental illnesses 

may lead to improved stigma 

reduction and more effective 

treatments. 

Limited availability of trained 

mental health professionals in 

low-income and rural areas. 

Volpe, U., 

et,al.[18] 

2023 Utilizing mobile health and 

digital phenotyping allows for 

real-time data collection and 

monitoring of an individual's 

health and behavior, providing 

more accurate and timely 

insights  for  personalized 

healthcare. 

High cost and limited 

accessibility for individuals 

with low socioeconomic status. 

Alhaddad, A. 

Y., et,al.[19] 

2022 Improved accuracy in tracking 

blood glucose levels, leading 

to better management of 

diabetes. 

Limited accuracy and 

reliability of the prediction 

models when dealing with 

complex  and  unpredictable 

glucose patterns. 

Sempionatto, 

J. R., 

et,al.[20] 

2021 Real-time monitoring  of 

individual nutrition levels and 

dietary habits, allowing for 

personalized 

recommendations  and 

interventions  for optimal 

health. 

Reliance on accurate input for 

personalized recommendations 

may be affected by human 

error or user compliance. 

Islam, T., 

et,al.[21] 

2023 Improved accuracy and 

personalization for stress 

detection through 

individualized pre-training. 

Limited generalizability due to 

lack of diverse data samples in 

the self-supervised pre-training 

phase. 

Bahador, N., 

et,al.[22] 

2021 Improved accuracy in food 

intake detection compared to 

traditional methods due to the 

combination of multiple 

sensor modalities and deep 

learning algorithms. 

Overlapping or unconnected 

data may result in incorrect or 

misleading interpretations of 

the food intake episodes. 

Chen, G., 

et,al.[23] 

2021 Efficiency: The use of 

electronic textiles allows for 

continuous monitoring and 

real-time data collection, 

leading to more accurate 

results and quicker diagnosis 

in point-of-care systems. 

Limited availability of 

essential components or 

technology for the creation of 

such systems. 
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Qiu, S., 

et,al.[24] 

2022 Improved accuracy in 

identifying and predicting 

human activities in real-time. 

The limitation of this study 

may be its focus on specific 

applications, which may not be 

applicable to all contexts and 

scenarios. 

Sandys, V., 

et,al.[25] 

2022 Improved patient outcomes 

and overall quality of care by 

accurately monitoring and 

adjusting  volume  levels  in 

real-time. 

Reliance on technological 

systems for treatment could 

lead to potential errors or 

malfunctions,  compromising 

patient health. 

Nagireddi, J. 

N., et,al.[26] 

2022 Improved understanding and 

detection of patterns and 

relationships in pain research 

data. 

Human bias and error can still 

impact the accuracy and 

objectivity   of   the   AI 

algorithms. 

Rodríguez- 

Rodríguez, I., 

et,al.[27] 

2023 Improved blood glucose 

control through real-time 

monitoring and adjustment of 

insulin dosages. 

The accuracy of the forecast 

may be affected by external 

factors such as changes in diet 

or physical activity. 

Greyling, C. 

F., et,al.[28] 

2024 One advantage of passive 

sweat wearables is their ability 

to continuously monitor and 

detect changes in health, 

allowing for early intervention 

and treatment. 

Weather-dependent accuracy: 

The effectiveness of the 

passive sweat wearable may be 

affected by external factors 

such  as  temperature  and 

humidity. 

Kim, T., 

et,al.[29] 

2022 Improved mental health and 

wellbeing for college students 

through   proactive   stress 

management. 

Limited applicability to other 

age groups or populations. 

Bae, S. W., 

et,al.[30] 

2023 Increased rates of successful 

interventions due to accurate 

and  timely  prediction  of 

binge-drinking events. 

Limited accuracy of 

predictions due to variability in 

individual   behavior   and 

environmental factors. 

 

 Experiencing Pain Points because of Lack of Transparency and Explanation- The 

algorithm is not adequately explained, making it difficult for other mental health 

professionals or individuals to understand why the system makes its decisions. The 

lack of transparency from such an algorithm is potentially misguiding, which can 

jeopardise trust or cause doubt about accuracy and precision. 

 Bias and Discrimination—The algorithm was based on data inputs from electronic 

health records, which could potentially be biased because providers generally treat 

one race (predominantly white) differently than another. This may lead to wrong 



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE) 

VOL: 1, ISSUE 1, JULY 2025 

RCHUB PUBLISHER 

ISSN: XXXX-XXXX 

45 

 

 

predictions or an unfair way of looking at people that enhances the health problems 

and discriminations being considered. 

 Privacy and Security Issues: The algorithm is based on private health data (PHI), so 

it has some annotations for maintaining patient privacy. A security breach within a 

particular algorithm might result in releasing sensitive mental data to malicious actors 

who could potentially harm or distress patients. 

 

Injecting the biosensors and mobile health platforms to deep learning techniques will be a 

new way of revolutionizing healthcare. While sensors found within biosensors detect 

physiological signals of the body, mHealth systems allow external 

monitoring/management. When combined with deep learning, based on the principle of 

artificial intelligence that analyzes volumes of data through creating and recalling large sets 

of artificial neuron networks, we can improve health monitoring & diagnosis accuracy and 

productivity. Central to this integration is the ability to continuously capture and analyze a 

plethora of physiological data in real-time, a key technological breakthrough that sets us 

apart. Everything from heart rate to blood pressure, glucose levels and respiratory patterns. 

Traditionally, such data could only be routinely gathered during a healthcare professional 

visit; however, it may now be monitored continuously at a distance. This data can then be 

passed to deep learning algorithms that work on this information, identify patterns, and 

forecast when a person's health deteriorates. It leads to more precise and immediate data 

for diagnosis, treatment, and proactive care on a personal level. One of the innovations will 

be early diagnosis as a health factor. Continuous Surveillance of Physiological Data: Using 

deep learning algorithms, physicians can monitor and analyze physiological data 

strategically to detect subtle differences; this way, they can catch early signs that may 

suggest a health condition or disease. This enables early detection of conditions, allowing 

providers to respond appropriately and better manage health conditions for more positive 

patient outcomes. Deep learning and biosensors/mobile health systems have the potential 

to decrease the costs of healthcare radically. Suppose you think about it in terms of health 

dollars. In that case, the more precise and timely information we can provide patients will 

allow them more direct access to home treatments and prevent unnecessary doctor visits or 

ERs, translating into a cost-saving for both patients and the system. The convergence of 

biosensors and mobile health systems deep learning technologies is a distinct technical 

innovation in the healthcare industry. If successful, it has the potential to revolutionize 

healthcare delivery with dramatically improved safety and effectiveness for patients and at 

a fraction of current healthcare costs. 

 

3. Proposed System 

3.1 Construction diagram 

 IsaCore, BiGRU and Attention

This work introduces an original approach to predicting mental health episodes by integrating 

biosensors with mobile health applications that consist of three key components: IsaCore, 
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

BiGRU, and Attention. [9] At the heart of this integration is a software framework called 

IsaCore that enables near-real-time communication channels and data sharing between 

biosensors and mobile health systems. A deep learning model that might suit this architecture 

is BiGRU, which uses a recurrent neural network to process the temporal data coming from 

biosensors and mobile health systems, allowing it to learn patterns in predicting mental health 

episodes. The attention mechanism is also utilized with the Bi-GRU model to attend to its 

essential features, and prediction performance could be improved. Their mix helps it in 

analyzing & interpreting data from multiple sources, providing meaningful insights for Mental 

Health management. This is important for predicting mental health episodes such as sudden 

onset that are often preceded by repeated patterns over a timeframe. 

If the model does not satisfy specific training requirements, it retrains itself. The SoftMax 

Transformation Function is the following equation: when it meets some requirements, it 

converts a number vector to probabilities. 

  
G

B 

B M 

A1 

, 
G

 
(1) 

Is the logit vector, which is represented by c, i in the above equation, and finally, these logits 

will be converted to probability using the SoftMax function. 

out 

 R  ar * Ma . 
a1 

(2) 

It will include a set of crucial learning criteria to learn related weights, and we will save the 

trained model in this deep network on the cloud server. The model would classify the input 

image in one of the above four classes. 

d 

G  Kb log
b1 

, (3) 

The attention mechanism is another key component of the algorithm, which allows the model 

to focus on specific features of the data that are most relevant for predicting mental health 

episodes. This is because Noise in the data and irrelevant information being carried over from 

requestsCommitting are removed (In other words, This leads to a more accurate prediction). 

Last, the neural network in the diagram is deep learning, which advanced data science 

enthusiasts would know as an ideal set of machine learning methods for optimization and 

analysis over more extensive complex databases as those generated from biosensors/other 

mobile health systems. Combining these three elements creates a new framework along the 

inference stack (ISAcore) that employs advances in deep learning technology and [Big] 

mHealth data streams, now available for integrating biosensors and distinguishing features to 

predict mental health episodes. This can significantly contribute to improving the prediction of 

mental health, potentially encouraging an improvement in their quality of life. 
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 Dense Layer- depression and sentiment

Depression & sentiment factors are used for predicting future mental health episodes by the 

dense layer. It is an advanced technology that allows a more precise mental condition 

evaluation using biosensors and mobile health systems. It achieves this by accessing real-time 

biosensor information collected using wearables (heart rate monitors, sleep trackers...) and 

using health apps that collect such data. This kind of deep learning helps get a precise prediction 

even if it results in patterns and actions when paction through single visuals.The construction 

diagram has shown in the following fig.1 
 

Figure 1. Construction diagram 

The possibilities of technology and tech-enabled care integration have a vast potential to 

change the mental health scenario forever, delivering personalized & preventive caregiving in 

nature. Using biometric data, combining biosensors and mobile health systems with deep 

learning methods enables robust depression episode/sentiment audio prediction. A vital part of 

this process is the dense layer, which permits large amounts of data to be collected from 

disparate sources for processing and analysis. The introduction of this novel algorithm could 

be a pivotal point for mental healthcare. It can play an essential role in early screening for those 

most at risk of developing a mental health disorder. The application of artificial intelligence to 

mental health and well-being promises a new paradigm for delivery: that individual needs can 

be met effectively in the context of overarching policy. 
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b a1 

 Glove Embedding and BiGRU Encoding Layer

Glove Embedding and BiGRU Encoding Layer The diagram above shows the introduction of 

a new algorithm that combines biosensor-based data and mobile health (mHealth) derived 

longitudinal mood scores to enhance the prediction of future mental health episodes in an 

individual. Glove Embedding is the first step in this process, which transforms raw textual data 

from the mobile health system into vector representations. BiGRU Encoding Layer: A bi- 

directional recurrent neural network learns the feature from biosensor data. Combining these 

two layers yields a robust prediction model that can be continuously monitored and raises early 

warnings for future episodes. 

These two derivatives are then multiplied in tandem. Once the chain rule is applied, it can be 

expressed as follows: 

 G  
 

out d   G  r  

 
  r  

, 
(4) 

a,r a1 r 1  a,r 

b 
 

 

 r 

 

 soft max derivative. 

(5) 
 

 

b  gb 
d  

, 
 (6) 

 y 1 
g 

The potential for integrating biosensors and mobile health systems with deep learning methods 

to enhance mental health prediction Further research that could lead us closer towards realising 

an efficient delivery system or app using AI there is much work in this arena. Glove Embedding 

is the first component of word embedding that takes words from any language and maps them 

to vectors in some n-dimensional (highly dimensional) space that deep learning models can 

then take—BiGRU Encoding Layer: A recurrent neural network for learning long-term 

dependencies in time series data. The algorithm allows for integrating text and physiological 

data from biosensor feeds (wearable wristbands) and other mobile health systems. 

From equation (7) 

,   gb  / 
m  

g
 

so the equation can be modified as follows 

b 
 

1     1   for b  r . 
 
(7) 

 r 
b b b b 


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d 

The probability value in the nth unit of the equation above is inadequate, and n represents the 

SoftMax output neurons' focal point. 

We perform the partial differentiation of cl with respect to log since is not provided in the 

cross-entropy loss. 

d 

G  Kb *logb . 
b1 

(8) 

This integration enables a more comprehensive view of an individual's mental state, allowing 

for early detection and prevention of potential episodes. Overall, the Glove Embedding and 

BiGRU Encoding Layer diagram presents a promising approach in utilizing technology to 

support mental health care and improve the well-being of individuals. 

3.2 Functional working model 

 Mental Disorder Identification Model (MDIM)

The Mental Disorder Identification Model Significantly, the original idea was to define a page- 

1 chart of ``how MDIM might be'' at an implemental level before explaining more background. 

This model examines general mental health disorders using biosensing with mobile-health data 

and deep learning technologies combined, as shown in Fig. This model is crafted to provide a 

better, routine-based and accurate approach to identifying mental health disorders by 

incorporating all necessary top-of-the-shelf technologies available to date for it. Several core 

parts of the MDIM make up criteria for specific mental disorders, assessment intensity and 

diagnosis patterns across probable cases. They are used to classify the level, type and severity 

of mental health disorders along with data from biosensors & mobile health systems; they all 

represent a larger picture of human brain status. The MDIM allows the data obtained from 

biosensors and mobile health systems to be analysed and interpreted using deep learning 

techniques. This enabled the development of a unique algorithm that (via machine learning) 

can accurately predict when an individual will fall back into mental health and respond 

promptly to prevent it. 

The following metrics are used to evaluate the model's efficiency: accuracy (ACC) and miss 

rate (MR). 

 

Nl 
 /d   d 

d d 

/d 
100, 

 

 

(9) 

 
 

 

J
dd 

d /d   d /d 
 

d d 

 

100. 

 

 

(10) 

Four classes comprise the suggested smart detection paradigm for brain tumour identification. 

meningioma, pituitary, glioma, and no tumour. 


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Hstpvn, m  h y z m  k  g 
a 2my / R 

, 
y0 

 

(11) 

A neural network is a mathematical model that resembles an input node and an output node 

found in a neuron in the brain. It is represented by the equation 

t  zh  i, (12) 

where v represents the inputs' weighted total as well as the bias term that will be sent to the 

output node. 

Considering individual differences in the diagnosis, it also incorporates lifestyle habits and 

environmental aspects, assuring more customized and reliable results concerning 

Standardization. Therefore, the model above will improve accuracy in early diagnosis using 

this method compiled conventionally. In conclusion, the MDIM is a hopeful model that utilizes 

state-of-the-art technologies and patient-specific features to enhance mental disorder detection 

efficiency and accuracy. This can change that and improve mental health for all of those who 

currently live with severe conditions. However, MDIM diagnosis is essential in representing 

the individual's comprehensive mental health index through biosensor data and mobile health 

system information. This provides a more precise diagnosis of mental disorders, and hence, the 

treatment plans are devised accordingly. In addition, deep learning methods are potent in that 

the MDIM model can automatically learn and adapt to produce better predictions and uncover 

hidden patterns. This makes possible an individualized, tailored prediction and timely 

administration of intervention for mental health episodes. In summary, the Mental Disorders 

Identification Model is a valuable method for mental health since it combines technology- 

enhanced tools with traditional diagnostic techniques to support predicting mental illness and 

enhancing general well-being. 

 Sequential Emotion Pattern Analysis Algorithm

It introduces a sequential emotional pattern analysis algorithm- a breakthrough in predicting 

and managing mental health phases. The system includes a deep learning algorithm that 

converges around biosensors and mobile health systems instead to allow for more robust 

emotional pattern recognition in one person. It will work with real-time data from biosensors 

such as heart rate, sleep patterns, and physical activity to track emotional changes in 

individuals, including self-reported mobile health app data. With the help of deep learning, it 

can analyze and predict possible mental health episodes or occurrences according to patterns 

in statistics. Combining these technologies allows the algorithm to identify and automatically 

treat periods of poor mental health. Thus, interventions can occur swiftly whenever necessary. 

The functional block diagram has shown in the following fig.2 

R1 
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Figure 2. Functional block diagram 

This new algorithm will hopefully silence many of those struggling whilst simultaneously 

helping to lead much happier lives, free from the constraints Anxiety relentlessly stamps on 

their days. The new algorithm sets out to detect and track changes in mental health more 

sensitively and accurately while predicting potential episodes before they happen. 

Comprehensive real-time data on many physical and behavioural metrics (heart rate, sleep 

patterns, activity levels) are generated via biosensors & Mobile health systems to build an 

effective model concerning a person's emotional wellness. The data is processed using deep 

learning methods to establish patterns and correlations that may signal an upcoming shift in 

mental health status. The Sequential Emotion Pattern Analysis Algorithm can be vastly 

amplified by incorporating these technologies for an on-time-targeted personalised mental 

health care solution for the audience. 

 Confirmed, Tendentious and Mentally Health 3 stages

The figure illustrates the three steps in combining biosensors and mobile health technologies 

to create a new method for predicting mental health episodes. Stage 1 ) "Confirmed": Using 

biosensors and mobile health systems to monitor the mental health patterns of an individual. 

This stage verifies the accuracy and trustworthiness of the incoming data. Tendentious - This 

is the second stage in which collected data is analyzed using advanced solutions like deep 

learning. It is the stage to find patterns and trends in data that can predict future mental health 

episodes. The third stage, "Mentally Healthy", is the final objective of this algorithm. This 
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includes actuating the predictions and recommendations identified in stages earlier to nudge 

towards the better mental health of an individual while preventing potential episodes. This 

figure illustrates the promise of engaging biosensors and mHealth systems with DL methods 

to design following-generation models for forecasting MH episodes. 

t   z1  h1    z2  h2    z3  h3  | i. (13) 
 

k   t . 
 

(14) 

 

On its first try, the neural network does not produce the desired result. Neural networks are 

given a training rule since they require extensive training in order to provide the desired 

results. 

zba  zba gbha , 
 

(15) 

Where is the number of inputs, α is the learning rule between, and ea is the error caused at the 

output node. 

gb  cb  kb . 
 

(16) 

It also illustrates how technology can be used in the service of mental well-being and to 

decrease the stigma surrounding mental health. During the first phase, under "Confirmed", they 

validate their biosensors and mobile-health (m-Health) systems for monitoring the 

physiological as well as behavioural signals of an individual. This information is then used to 

validate the onset of mental health episodes, i.e. anxiety, depression, etc. The tendentious 

second stage would then analyze the data collected in phase 1 using state-of-the-art deep 

learning techniques to spot patterns or anomalies that might indicate the onset of a mental 

health episode. This stage looks to design algorithms capable of predicting when these episodes 

are about to happen based on the data collected. 4 - The last stage is when it will be called 

"Mentally Healthy" What will happen here is the biosensors and mobile health systems are 

interfaced with an algorithm created. It allows monitoring in real-time and estimation of mental 

health episodes as they build up, allowing for early intervention to avoid further escalation. 

This stage is meant to increase the quality of life by giving potential help and assistance based 

on how we foresee them as alleged moments. 

3.3 Operating Principle 

 Detection Class & Box Heads , VOA Classifier

A diagram demonstrates how integrating biosensors with mobile health systems could predict 

mental health episodes based on a novel algorithm. The detection class and box heads define 

the classifiers used to understand which biosensors/ mobile health data needs (its 

corresponding) meta-learning.dropout( input_feature, prediction.read(out)). The VOA 

classifier helps to combine the two data sources for a more reliable prediction. This deep 

learning algorithm can learn from data and make predictions about mental health based on that 
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specific information. This algorithm could drastically improve the prediction and management 

of mental health episodes by coupling biosensors and mobile health systems with powerful 

machine-learning approaches. 

zba  gbha . 

zba  zba  zba . 

(17) 

 

(18) 

Above, it explained the architecture of a neural network for just one layer. It may be a sign of 

(speaking about) an early warning system that if people get in touch and can access help at a 

much earlier time frame, it tends to bode very well for their mental health generally. The 

classifier, the first component, executes VOA and detects input data acquired by biosensors 

and Mobile health systems. This data is used to train a deep learning technique, which 

predicts future mental health episodes. We call this "Box Head"-the readout, feature 

extraction/ classification modules for the data. Conclusion The figures above illustrate a 

novel approach to predicting mental health episodes using biosensors and mobile health 

devices that leverage deep learning frameworks. 

4. Result and Discussion 

The proposed model Biosensor and Mobile Health Integrated Mental Health Forecast 

Algorithm (BMHIMHFA) has been compared with the existing Integrated Deep Learning- 

based Mental Health Episode Prediction Algorithm (IDLMHEPA) , Mobile Biosensor 

Enhanced Mental Health Prediction Algorithm (MBEMHPA) and Deep Learning Enabled 

Mental Health Episode Prediction Algorithm (DL-EMHEPA) 

4.1 Accuracy 

The algorithm's accuracy relates to how well it recognizes and predicts mental health episodes. 

This critical parameter quantifies that it is accurate about bioseofand mobile health systems' 

data-based episode episodes. Table.2 shows the comparison of Accuracy between existing and 

proposed models. 

Table 2. Comparison of Accuracy (in %) 
 

No. of Inputs IDLMHEPA MBEMHPA DL-EMHEPA BMHIMHFA 

100 76.02 79.87 73.68 86.72 

200 77.51 81.84 76.10 88.92 

300 78.31 82.97 76.51 89.72 

400 80.64 84.16 78.11 90.39 

500 81.65 84.55 80.43 91.82 
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4.2 Sensitivity 

The function takes the two parameters, which will measure how well the algorithm correctly 

classifies positive or negative mental health episodes. With 0 sensitivity, no positive episodes 

are correctly identified, and with one specificity, the proportion of negative episodes is 

identified. The algorithm must strike a balance between sensitivity and specificity to detect 

mental health episodes accurately. Table.3 shows the comparison of Sensitivity between 

existing and proposed models. 

Table 3. Comparison of Sensitivity (in %) 
 

No. of Inputs IDLMHEPA MBEMHPA DL-EMHEPA BMHIMHFA 

100 78.02 76.87 75.68 88.72 

200 79.51 78.84 78.10 90.92 

300 80.31 79.97 78.51 91.72 

400 82.64 81.16 80.11 92.39 

500 83.65 81.55 82.43 93.82 

 

4.3 Computational Speed: 

The computational speed of the algorithm is a significant performance metric that controls 

how fast it can process and analyze data from biosensors or mobile health systems to predict 

mental health episodes. This is needed to ensure that mental health episodes are detected and 

managed at the first sign, which requires real-time monitoring versatility from fast 

computational speeds. Table.4 shows the comparison of Speed between existing and proposed 

models. 

Table 4. Comparison of Speed (in %) 
 

No. of Inputs IDLMHEPA MBEMHPA DL-EMHEPA BMHIMHFA 

100 82.02 81.87 81.68 91.72 

200 83.51 83.84 84.10 93.92 

300 84.31 84.97 84.51 94.72 

400 86.64 86.16 86.11 95.39 

500 87.65 86.55 88.43 96.82 
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5. Conclusion 

Profound learning results are much more accurate and faster than traditionally. This algorithm 

can monitor and evaluate data from biosensors and mobile health systems in real-time to 

identify earlier signs or warning alarms, known potential hints that suggest imminent 

depression episodes for vulnerable people. This enhances the psychological wellness of 

individuals systematically and additionally diminishes weight on the health system, which, in 

turn, improves the lives of people undergoing mental illnesses. In addition, this algorithm is 

highly accessible and conversational for users due to the seamless integration with biosensors 

in mobile health systems, which can encourage people to check their mental health actively 

and ask for assistance if required. These features make it an ideal algorithm for widespread 

application across different healthcare settings and a key component to enhancing mental health 

outcomes. 

 

6. References 

 

[1] Tazin, T., Hossain, T., Hossain, S., & Inoue, S. (2024). Understanding Mental Health 

Using Ubiquitous Sensors and Machine Learning: Challenges Ahead. Human Activity and 

Behavior Analysis, 222-257. 

[2] Sheikh, M., Qassem, M., & Kyriacou, P. A. (2021). Wearable, environmental, and 

smartphone-based passive sensing for mental health monitoring. Frontiers in digital health, 3, 

662811. 

[3] Nouman, M., Khoo, S. Y., Mahmud, M. P., & Kouzani, A. Z. (2021). Recent advances 

in contactless sensing technologies for mental health monitoring. IEEE Internet of Things 

Journal, 9(1), 274-297. 

[4] ZhuParris, A., de Goede, A. A., Yocarini, I. E., Kraaij, W., Groeneveld, G. J., & Doll, 

R. J. (2023). Machine learning techniques for developing remotely monitored central nervous 

system biomarkers using wearable sensors: A narrative literature review. Sensors, 23(11), 

5243. 

[5] Krittanawong, C., Rogers, A. J., Johnson, K. W., Wang, Z., Turakhia, M. P., Halperin, 

J. L., & Narayan, S. M. (2021). Integration of novel monitoring devices with machine learning 

technology for scalable cardiovascular management. Nature Reviews Cardiology, 18(2), 75- 

91. 

[6] Zheng, Y., Liu, C., Lai, N. Y. G., Wang, Q., Xia, Q., Sun, X., & Zhang, S. (2023). 

Current development of biosensing technologies towards diagnosis of mental diseases. 

Frontiers in Bioengineering and Biotechnology, 11. 

[7] Sabry, F., Eltaras, T., Labda, W., Alzoubi, K., & Malluhi, Q. (2022). Machine learning 

for healthcare wearable devices: the big picture. Journal of Healthcare Engineering, 2022. 



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE) 

VOL: 1, ISSUE 1, JULY 2025 

RCHUB PUBLISHER 

ISSN: XXXX-XXXX 

56 

 

 

[8] Richter, T., Fishbain, B., Richter-Levin, G., & Okon-Singer, H. (2021). Machine 

learning-based behavioral diagnostic tools for depression: advances, challenges, and future 

directions. Journal of Personalized Medicine, 11(10), 957. 

[9] Didier, N. A., King, A. C., Polley, E. C., & Fridberg, D. J. (2023). Signal processing 

and machine learning with transdermal alcohol concentration to predict natural environment 

alcohol consumption. Experimental and Clinical Psychopharmacology. 

[10] Nashwan, A. J., Gharib, S., Alhadidi, M., El-Ashry, A. M., Alamgir, A., Al-Hassan, M., 

... & Abufarsakh, B. (2023). Harnessing artificial intelligence: strategies for mental health 

nurses in optimizing psychiatric patient care. Issues in Mental Health Nursing, 44(10), 1020- 

1034. 

[11] Krittanawong, C., Aydar, M., Virk, H. U. H., Kumar, A., Kaplin, S., Guimaraes, L., ... 

& Halperin, J. L. (2022). Artificial intelligence-powered blockchains for cardiovascular 

medicine. Canadian Journal of Cardiology, 38(2), 185-195. 

[12] Ziyad, S. R., Altulyan, M., & Alharbi, M. (2023). SHMAD: A Smart Health Care System 

to Monitor Alzheimer’s Disease Patients. Journal of Alzheimer's Disease, (Preprint), 1-13. 

[13] Sureja, N., Mehta, K., Shah, V., & Patel, G. (2023). Machine Learning in Wearable 

Healthcare Devices. In Machine Learning for Advanced Functional Materials (pp. 281-303). 

Singapore: Springer Nature Singapore. 

[14] Arya, S. S., Dias, S. B., Jelinek, H. F., Hadjileontiadis, L. J., & Pappa, A. M. (2023). 

The convergence of traditional and digital biomarkers through AI-assisted biosensing: A new 

era in translational diagnostics?. Biosensors and Bioelectronics, 115387. 

[15] Sun, J., Dong, Q. X., Wang, S. W., Zheng, Y. B., Liu, X. X., Lu, T. S., ... & Han, Y. 

(2023). Artificial intelligence in psychiatry research, diagnosis, and therapy. Asian Journal of 

Psychiatry, 103705. 

[16] Sempionatto, J. R., Lasalde-Ramírez, J. A., Mahato, K., Wang, J., & Gao, W. (2022). 

Wearable chemical sensors for biomarker discovery in the omics era. Nature Reviews 

Chemistry, 6(12), 899-915. 

[17] Velupillai Meikandan, P. (2024). Global challenges in accessing mental health services 

and addressing the impact of alzheimer's disease and depression. 

[18] Volpe, U., Elkholy, H., Gargot, T., Pinto da Costa, M., & Orsolini, L. (2023). Devices, 

Mobile Health and Digital Phenotyping. Tasman’s Psychiatry, 1-26. 

[19] Alhaddad, A. Y., Aly, H., Gad, H., Al-Ali, A., Sadasivuni, K. K., Cabibihan, J. J., & 

Malik, R. A. (2022). Sense and learn: recent advances in wearable sensing and machine 

learning for blood glucose monitoring and trend-detection. Frontiers in Bioengineering and 

Biotechnology, 10, 876672. 



RCHUB: JOURNAL OF COMPUTATIONAL INTELLIGENCE SCIENCE AND ENGINEERING (JCISE) 

VOL: 1, ISSUE 1, JULY 2025 

RCHUB PUBLISHER 

ISSN: XXXX-XXXX 

57 

 

 

[20] Sempionatto, J. R., Montiel, V. R. V., Vargas, E., Teymourian, H., & Wang, J. (2021). 

Wearable and mobile sensors for personalized nutrition. ACS sensors, 6(5), 1745-1760. 

[21] Islam, T., & Washington, P. (2023). Individualized stress mobile sensing using self- 

supervised pre-training. Applied Sciences, 13(21), 12035. 

[22] Bahador, N., Ferreira, D., Tamminen, S., & Kortelainen, J. (2021). Deep learning– 

based multimodal data fusion: Case study in food intake episodes detection using wearable 

sensors. JMIR mHealth and uHealth, 9(1), e21926. 

[23] Chen, G., Xiao, X., Zhao, X., Tat, T., Bick, M., & Chen, J. (2021). Electronic textiles 

for wearable point-of-care systems. Chemical Reviews, 122(3), 3259-3291. 

[24] Qiu, S., Zhao, H., Jiang, N., Wang, Z., Liu, L., An, Y., ... & Fortino, G. (2022). Multi- 

sensor information fusion based on machine learning for real applications in human activity 

recognition: State-of-the-art and research challenges. Information Fusion, 80, 241-265. 

[25] Sandys, V., Sexton, D., & O'Seaghdha, C. (2022). Artificial intelligence and digital 

health for volume maintenance in hemodialysis patients. Hemodialysis International, 26(4), 

480-495. 

[26] Nagireddi, J. N., Vyas, A. K., Sanapati, M. R., Soin, A., & Manchikanti, L. (2022). The 

analysis of pain research through the lens of artificial intelligence and machine learning. Pain 

Physician, 25(2), E211. 

[27] Rodríguez-Rodríguez, I., Campo-Valera, M., & Rodríguez, J. V. (2023). Forecasting 

glycaemia for type 1 diabetes mellitus patients by means of IoMT devices. Internet of Things, 

24, 100945. 

[28] Greyling, C. F., Ganguly, A., Sardesai, A. U., Churcher, N. K. M., Lin, K. C., 

Muthukumar, S., & Prasad, S. (2024). Passive sweat wearable: A new paradigm in the 

wearable landscape toward enabling “detect to treat” opportunities. Wiley Interdisciplinary 

Reviews: Nanomedicine and Nanobiotechnology, 16(1), e1912. 

[29] Kim, T., Kim, H., Lee, H. Y., Goh, H., Abdigapporov, S., Jeong, M., ... & Hong, H. 

(2022, April). Prediction for retrospection: Integrating algorithmic stress prediction into 

personal informatics systems for college students’ mental health. In Proceedings of the 2022 

CHI Conference on Human Factors in Computing Systems (pp. 1-20). 

[30] Bae, S. W., Suffoletto, B., Zhang, T., Chung, T., Ozolcer, M., Islam, M. R., & Dey, A. 

K. (2023). Leveraging mobile phone sensors, machine learning, and explainable artificial 

intelligence to predict imminent same-day binge-drinking events to support just-in-time 

adaptive interventions: algorithm development and validation study. JMIR Formative 

Research, 7, e39862. 


