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Abstract: Two distinct methods are employed by physicians to instruct individuals on how to identify post-traumatic stress 

disorder (PTSD). On average, patients of color are required to wait 2.7 times longer than other patients, and it takes over 8 

weeks to receive a response. If you examine stress in numerous distinct groups, it is more probable that your prejudices will 

persist. The current method of screening individuals for post-traumatic stress disorder (PTSD) is neither equitable nor 

beneficial. These methods do not always identify trauma in groups that have not received sufficient assistance in the past, 

and they do not consider their concealed biases when evaluating professional students. Integrate and evaluate an AI-driven 

framework for trauma diagnosis within clinical training environments. Develop more effective and reliable methods for early 

identification of trauma-related health conditions. Ensure equitable and unbiased treatment outcomes by incorporating 

algorithmic fairness constraints in the diagnostic process. In a period of 18 months, Neuro Clinic (Erode Neuro Centre), India, 

collaborated to develop an AI system that could perform multiple tasks. This approach was implemented to analyze 347 cases 

in which 892 medical students acquired the skills necessary to become physicians. Behavior can be investigated by combining 

ensemble learning, BERT (transformer-based natural language processing), and three-dimensional convolutional neural 

networks. There were 23 distinct types of individuals in the fabricated sample. The models and methods of justice-based 

intersectional analysis that have been demonstrated to be beneficial for individuals with post-traumatic stress disorder (PTSD) 

were employed to develop it. The recognition procedure was successful 89.3% of the time, resulting in a 74% reduction in 

the time required to locate an item, from 8.2 weeks to 2.1 weeks. In the groups that were not receiving sufficient attention,  

there were 34% more individuals than in the groups that were. The incidence of student bias decreased by 76%, from 0.34 to 

0.08. However, only 52.1% of the students who completed the standard course achieved success, even though 75% of them 

did. This method demonstrates that AI has the potential to improve the equity of health care and the accuracy of diagnoses 

by establishing clear guidelines for the responsible use of AI in trauma-informed clinical education. This also reduces 

structural inequality by 73.5%. 
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1. Introduction 

Post-traumatic stress disorder (PTSD) is a mental illness 

that has a serious impact on public health and incurs 

significant financial expenses worldwide [1]. Numerous 

treatment recommendations suggest that the primary form of 

therapy for post-traumatic stress disorder (PTSD) should be 

trauma-focused, evidence-based psychotherapy (EBP) [2]. 

Nevertheless, these evidence-based methods are unable to 

reach as many individuals as they could due to their 

difficulty in involving and obtaining them. This implies that 

only a small proportion of those who are affected receive 

evidence-based practices (EBPs), and even fewer of those 

individuals complete an adequate quantity of treatment to 

achieve the best possible outcomes [3]. New advancements 

in artificial intelligence (AI), such as machine learning (ML) 

and creative AI, have created new opportunities to facilitate 

the accessibility of evidence-based practices (EBPs) for 

post-traumatic stress disorder (PTSD) and to increase their 

utilization. Machine learning (ML) is the field of artificial 

intelligence that investigates the utilization of statistics to 

identify patterns in vast quantities of data. 

Machine learning algorithms are typically "trained" by 

utilizing human-generated samples of the work to be 

learned. A video of a speaker with the appropriate mood 
added to it would serve as a training example. This mood is 

typically selected by a human observer or provided by the 

speaker themselves during the collection of training data. 

For instance, if the objective is to determine the emotion 

exhibited by a speaker, the training example would be a 

video of the speaker speaking with the appropriate emotion. 

Biometric data is increasingly being recognized as an 

additional method for identifying individuals with post-

traumatic stress disorder (PTSD) [4]. Biometric data have 

recently emerged as a potential method for improving 

mental health diagnoses. Heart rate variability (HRV), skin 

conductance, electroencephalography (EEG), functional and 

structural magnetic resonance imaging (MRI), eye 

movements, intonation patterns, and locomotion are 

indicative of this category of signals from the body and 

brain. 

Digital instruments are capable of detecting these 

signals without causing harm to the individual, allowing for 

continuous and real-time evaluation. This enables the early 

identification of individuals in natural environments [5]. In 

order to identify or monitor individuals with post-traumatic 

stress disorder (PTSD), our investigation investigated the 

potential of mobile applications, wearable technology, 

machine learning, and artificial intelligence (ML/AI) 

platforms, as well as self-reported data, physiological 

signals, and behavioral patterns. In order to identify 

individuals who are not located in clinics, enable long-term 

and context-sensitive surveillance, and identify groups that 

are either at high risk or are not receiving sufficient care, 

these techniques can be implemented. The integration of 

biometric indicators with digital health tools, including 

smartwatches, mobile health, and machine learning and 

artificial intelligence [6], enables the passive and active 

collection and analysis of stress-induced changes without 

the necessity of visiting a doctor's office [7]. 

 

2. Literature Review 

AI has the potential to improve mental health; however, 

individuals must exercise greater caution than simply 

relying on its rapidity. This is of paramount importance for 

instruments that facilitate recovery. It is also employed to 

identify and assess the likelihood of a person attempting 

suicide and mental illnesses such as depression. It is also 

employed in clinical interventions and treatments, as well as 

in therapy and mental health education [8]. Chatbots and 

other tools are developed to enhance clinical data in order to 

achieve this. The utilization of LLM in the field of mental 

health raises certain ethical concerns. In this instance, the 

patient is required to consent to all terms. It is possible that 

they are not being entirely truthful, which could exacerbate 

the animosity between the patient and the physician. Certain 

individuals believe that AI could complicate the process of 

determining the appropriate course of action and obtaining 

mental health assistance for patients and physicians. This 

may result in a lack of trust in professionals and traditional 

medical methods.  

The World Health Organization (WHO) asserts that the 
use of AI in mental health should be considered in the 

context of "psychological safety, clinical soundness, and 

cultural acceptability." Those are crucial for the safety and 

well-being of patients." However, they are not the sole 

factors that matter. UNESCO, a member of the United 

Nations, has stated that AI health systems must be 

"consistent with medical ethics and considerate of the 

dignity, rights, and privacy of patients." This regulation was 

implemented to guarantee that vulnerable populations, such 

as severely ill individuals, receive additional assistance. 

According to the American Psychological Association 

(APA), AI should be developed with ethics in mind if it is to 

be employed in mental health services. "Respect for privacy, 

human oversight, mitigation of harm, and sensitivity to 

power differentials in therapeutic contexts" [9]. 

3. Methodology 

3.1. System Architecture and Framework Design 

An instrument that is AI-based has been developed to 

assist individuals in identifying tension. It is a component of 

a broader system that encompasses concepts regarding the 

development of computer programs that are capable of 

autonomous learning, the effective teaching of patients in 

hospitals, and the enhancement of societal equity[10]. The 

three primary components of this plan are illustrated in 

Figure 1. The AI processing tool, the layer that receives he 

data, and the interface for clinical training are all visible. 
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Figure 1: AI-Driven Trauma Detection System 

Architecture 

The initial phase in the development of the system is to 

collect clinical contact information from various educational 

institutions where medical students are educated. Every time 

a student and a patient converse, move, or perform an action, 

certain indicators are monitored. This remains accurate 

regardless of whether the discussions transpire in real life. 

Recording these indicators is a component of a strategy to 

identify all trauma-related symptoms, including those that 

would be overlooked during a routine examination [11]. The 

main processing system and the clinical education library are 

directly connected. In order to determine whether an 

individual has post-traumatic stress disorder (PTSD), it is 

possible to document and analyze all of the contact patterns 

that are depicted in scenarios. The primary responsibility of 

this position is to ensure that all clinical contacts are 

thoroughly and accurately inspected, and that the data is 

accurate. It is akin to possessing a computer that analyzes 

the data and immediately informs you of the effectiveness of 

the trauma recognition. At the clinic, numerous individuals 

acquire the ability to be amiable toward immigrants. 

Currently, an instrument that was specifically designed for 

clinical instructors and managers is being maintained and 

operated. 

This instrument is equipped with a secondary study 

system that enables you to compile and review the results 

that AI generates. This second system consolidates the data 

that the AI programs have previously examined regarding 

human connections [12]. Subsequently, it transmits 

comprehensive performance data to the teacher interface, 

which was designed to supervise training. Utilizing this 

technology, the clinical directors can immediately observe 

the extent to which the children are actively participating. 

They have the ability to observe all aspects of school life and 

identify any indications of concern. Machine learning is 

already integrated into this system, making it one of its most 

critical components. The clinical contact records are 

analyzed by the computer to identify indicators of stress in a 

variety of patient types. Upon receipt, it transmits these 

results to a variety of algorithms [13]. 

This model employs a variety of sophisticated deep 

learning techniques to identify patterns in the manner in 

which individuals communicate, behave, and express their 

emotions. Due to Emotion, mother tongue, help seeking 

behavior, the background variables will be affecting the 

symptoms expressions. The model can identify both correct 

detections and systematic anomalies in the manner of 

clinical evaluations when it compares real-time assessment 

data with training datasets that differ in terms of 

demographics and trauma screening tools. Afterward, it 

determines whether the outcome is satisfactory, improving, 

or necessitating assistance. 

3.2. Dataset Construction and Demographic 

Representation 

The same clinical education information could not be 

utilized by multiple individuals to demonstrate the 

manifestation of concern in different demographics [14]. 

Consequently, a comprehensive collection of fabricated data 

was generated. There are effective methods for determining 

the extent of post-traumatic stress disorder (PTSD) in an 

individual, and this collection was developed using national 

health data on various demographics. The diverse 

individuals in the collection will assist you in 

comprehending the concept of “fairness” in trauma care in 

terms of health. The most significant information regarding 

clinical education is presented in Table 1. 

 

Table 1. Clinical education dataset features summary. 

Feature Description 

Patient ID Anonymised unique identifier for each case 

Age Patient age (18-75 years) 

Gender Gender identity (Male, Female, Non-binary, Other) 

Race/Ethnicity Self-reported racial/ethnic identity (23 categories) 

Socioeconomic 

Status 

Composite index based on education, income, and insurance 

Trauma Type Primary traumatic event category (combat, interpersonal violence, natural disaster, medical 

trauma, childhood abuse, other) 
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PTSD Severity Clinician-Administered PTSD Scale (CAPS-5) score 

Symptom 

Presentation 

Primary symptom clusters (re-experiencing, avoidance, negative cognitions, hyperarousal) 

Cultural Factors Cultural background variables affecting symptom expression 

Language 

Preference 

Primary language and interpreter needs 

Clinical Setting Training environment type (emergency, primary care, speciality mental health) 

Student Assessor ID Anonymised identifier for a medical student conducting an assessment 

It was compiled by a team of trauma experts, cultural 

psychology experts, and medical educators. This was 

necessary to ensure that the program accurately depicted the 

impact of tension on individuals. There was considerable 

consideration given to the manner in which individuals from 

various regions expressed their sorrow due to environment 

[15]. These methods are not always included in the 

conventional Western mental models. In order for the AI 

model to acquire the ability to identify stress indicators in all 

individuals uniformly, they were categorized according to 

their characteristics. This is the reason why an excessive 

number of groups were selected that had not been previously 

depicted or treated equitably. Utilize this approach to 

ascertain the value of each group of individuals: 

𝑤𝑑 =
𝑁𝑡𝑜𝑡𝑎𝑙 .𝑃𝑑

𝑁𝑑
                                                   (1)                                                                                                            

Currently, the group has a sample count of Nd. We intend to 

employ a sampling weight of wd and a sample size of N² for 

group D. Pd is the term used to refer to individuals who are 

a member of group D. D. wd is the weight that was employed 

to select group D. 

3.3. AI Model Development and Training 

The trauma labeling system is operated by a computer 

program known as AI. In order to execute its duties, it 

necessitates three primary categories of information. Some 

of these streams are designed to identify patterns in the 

behavior and speech of patients during clinical discussions 

that have been recorded. The simulated results are verified 

with the Clinical doctor report. Additionally, they analyze 

physiological signals from wearable sensors as soon as they 

are accessible. 

3.3.1. Natural Language Processing Module 

A transformer-based architecture (BERT) instrument is 

employed for this component. Trauma narratives were 

exclusively the focus of BERT. It analyzes the clinical 

discussions that have been recorded in order to identify 

patterns in the manner in which individuals communicate 

that are associated with post-traumatic stress disorder. The 

weight that is assigned to various components of a patient's 

narrative is contingent upon their significance to their health. 

The practice of concentration accomplishes the following: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉           (2)                                                                                                                                                                       

This component utilizes a transformer-based 

architecture (BERT) instrument. BERT's sole emphasis was 

on trauma narratives. In order to identify patterns in the 

manner in which individuals communicate that are 

associated with post-traumatic stress disorder, it analyzes the 

clinical discussions that have been recorded. The assignment 

of weight to different elements of a patient's narrative is 

contingent upon their importance to their health. The 

following is achieved through the discipline of 

concentration: 

ℒ𝑡𝑜𝑡𝑎𝑙 = ℒ𝐶𝐸 + 𝜆. ℒ𝑓𝑎𝑖𝑟𝑛𝑒𝑠𝑠                                  (3)                                                                                                                                                                         

In this instance, LCE represents a cross-entropy loss for 

the classification of PTSD. Fairness is a metric that 

quantifies the extent to which performance varies according 

to demographics. Additionally, λ is a hyperparameters that 

can be adjusted to achieve the optimal balance between 

impartiality and accuracy. 

3.3.2. Behavioural analysis module 

In this case, LCE denotes a cross-entropy loss in the 

classification of PTSD. Fairness is a metric that quantifies 

the degree to which performance differs based on 

demographics. Furthermore, λ is a hyperparameters that can 

be modified to obtain the most favourable equilibrium 

between accuracy and impartiality. 

ℎ𝑥𝑦𝑧
(𝑙)

= 𝜎 (∑ 𝑤𝑖,𝑗,𝑘
(𝑙)

. ℎ(𝑥+𝑖)(𝑦+𝑗)(𝑧+𝑘)
(𝑙−1)

+ 𝑏(𝑙)
𝑖,𝑗,𝑘 )     (4)                                                                                                                                           

In this instance, the activation function is denoted by ²sigma, 

and the activation at (x, y, z) in layer l is denoted by hxyz(l). 

The learned filter weights are denoted by wijk(l). ². 

3.3.3. Integration and ensemble architecture 

Thanks to the assistance of a meta-learning group, the final 

sentence regarding trauma identification incorporates the 

outcomes of all three methods: 
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𝑃(𝑃𝑇𝑆𝐷|𝑥) = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(∑ 𝛼𝑚 . 𝑓𝑚(𝑋𝑚)𝑀
𝑚=1 )      (5)                                                                                                                                         

The xm section displays the mode m data, while the fm 

section displays the mode m prediction function. You 

acquire an understanding of the significance of the ±m signs. 

 

Ensemble weights that are satisfactory 

  ∑ 𝛼𝑚 = 1𝑀
𝑚=1                                                (6)                                                        

3.4. Social justice framework implementation 

Working for social justice can be accomplished in three 

distinct methods. In order to accomplish these objectives, it 

is necessary to identify and eliminate bias, treat all 

individuals equally, and implement testing methodologies 

that accommodate for diverse cultural backgrounds. 

3.4.1. Algorithmic fairness constraints 

There are two methods of teaching it: with equalized 

probability boundaries or with demographic parity. These 

ensure that all individuals are regarded equally, regardless 

of their membership in a particular group. In order to 

ascertain the fairness of the population, the following steps 

must be taken: 

𝐷𝑃 =
𝑚𝑎𝑥

𝑖, 𝑗, ∈ 𝐷|Pr(𝑌̂ = 1 𝐷⁄ = 𝑖) − 𝑃𝑟(𝑌̂ = 1 𝐷⁄ = 𝑗)|                                                       

(7)         

You are in D because D may indicate that you are a member 

of a specific group. Y is the most probable explanation for 

PTSD.  Fair odds: Ensure that the number of genuine and 

fabricated victories is equivalent for all significant groups: 

𝐸𝑂 =
𝑚𝑎𝑥

𝑖, 𝑗, ∈ 𝐷 
𝑚𝑎𝑥

𝑦 ∈ {0,1}|Pr(𝑌̂ = 1 𝑌 = 𝑦, 𝐷⁄ = 𝑖) −

𝑃𝑟(𝑌̂ = 1 𝑌 = 𝑦, 𝐷⁄ = 𝑗)|                      (8)                                 

3.4.2. Intersectional analysis module 

The concept of overlapping justice posits that individuals 

possess multiple identities that are interconnected. This is a 

subject that the theory examines. The intersectional 

inequality measure is constructed in the following manner: 

𝐼𝐷 =
1

|𝑥|
∑ ( 𝐴𝑐𝑐𝑔 − 𝐴𝑐𝑐𝑣𝑒𝑟𝑎𝑙𝑙)2

𝑔∈𝑥                          (9)                                                                                                                                                                                  

This section demonstrates the correctness of the overlapped 

group gg g, as well as the system's overall correctness. I 

would like to embody the diverse perspectives of various 

groups, including elderly Hispanic men and Black women. 

 

3.5. Clinical Education Integration 

An AI system assists individuals in acquiring the necessary 

skills to operate in the healthcare industry. This is feasible 

due to the training program's meticulous planning. 

Beginning with a case study, it concludes with an AI-

powered evaluation that is executed by the machine. 

3.5.1. Training protocol 

These four actions are implemented by medical students 

when employing the methodology: 

1. Observational Learning: AI has already reviewed cases 

and incorporated comments from experts that indicate 

tension and societal issues. These examples will be reviewed 

by the children. 

2. Guided Practice: Real-time AI suggestions inform 

students of the areas to focus on during examinations based 

on the indications they overlooked or the mistakes they 

made in the past. 

3. Independent Assessment with Feedback: The students 

independently complete their assessments and submit them. 

Next, AI provides them with a comprehensive analysis of 

the tests' accuracy, sensitivity to various cultures, and the 

likelihood of bias. 

4. Mastery Demonstration: Students can acquire the skills 

necessary to excel in a variety of case studies without the 

assistance of AI. 

The learning progression metric is a combination of bias 

reduction and accuracy improvement: 

𝐿𝑃8 = 𝑤1. ∆𝐴𝑐𝑐𝑠 + 𝑤2. ∆𝐸𝑞𝑢𝑖𝑡𝑦𝑠                     (11)                                                                                                                                                                                                                                                                                            

Aces, which refers to the enhancement of accuracy, Equitys, 

which is the reduction in performance disparities based on 

demographics, and w1, w2 are variables that alter the weight 

assigned to each number. Together, they constitute the 

student's learning progression score (LPs). 

3.5.2. Performance evaluation metrics 

In our classroom, there is a test that evaluates the scientific 

validity and fairness of an item. 

𝐶𝑜𝑚𝑝𝑒𝑡𝑒𝑛𝑐𝑦 = 𝛼. 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 + 𝛽. 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 +
𝛾. (1 − 𝐵𝑖𝑎𝑠𝑖𝑛𝑑𝑒𝑥)             (10)                                                                           

What is the degree of precision in diagnoses. Test their level 

of specificity and sensitivity. Bias index evaluates the 

frequency with which individuals from diverse 

demographics generate inaccurate or excessively numerous 

conclusions. The learning objectives determine the relative 

importance of ±, ², and ³ (±+²+(1 = ³)). 

3.6. Implementation and Deployment 

Establishing it at any of the twelve medical high schools was 

facile. They all provided care for a variety of individuals in 

various locations. There were three methods of killing an 

individual: 

Phase 1: Pilot Deployment, which involves implementing 

modifications in response to feedback from educators and 

students. The technology of three institutions will improve 

and become more robust over the next six months. 

Phase 2 involves the expansion of implementation. The 

entire curriculum will be utilized by students in nine 

additional institutions for a year. There will always be a 

method for parents to monitor their offspring and acquire 

new knowledge. 
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Phase 3: Longitudinal Assessment [eighteen months for all 

institutions] Monitor the progress of child learning and 

patient recovery over time. 

Table 2. Implementation site characteristics and timeline. 

Institution Type Geographic 

Region 

Student 

Cohort Size 

Patient 

Demographics 

Implementation 

Phase 

Duration 

(months) 

Academic Medical 

Centre 

Northeast 156 Urban, diverse Pilot 6 

Community Hospital 

Training Program 

Southeast 42 Rural, predominantly 

Black 

Pilot 6 

Veterans Affairs 

Facility 

Southwest 73 Military/veteran Pilot 6 

Academic Medical 

Centre 

Midwest 128 Urban, diverse Expanded 12 

Regional Medical 

Centre 

West 89 Hispanic-majority Expanded 12 

Community Health 

Centre 

South 54 Low-income, diverse Expanded 12 

Academic Medical 

Centre 

Northeast 147 Urban, immigrant 

populations 

Expanded 12 

Rural Health Network Mountain West 38 Native American, 

rural 

Expanded 12 

Integrated Health 

System 

Pacific 112 Asian-American, 

diverse 

Expanded 12 

Safety-Net Hospital Great Lakes 67 Low-income, diverse Expanded 12 

Academic Psychiatry 

Program 

Mid-Atlantic 94 Urban, LGBTQ+ 

focus 

Expanded 12 

Federally Qualified 

Health Centre 

Border Region 51 Refugee, immigrant Expanded 12 

It was designed to ensure that all institutions could access 

the data while adhering to the rigorous data security 

guidelines and HIPAA regulations. This was accomplished 

using cloud-based equipment. This information was 

consistently communicated to the institutional review body. 

The patients' information was not disclosed to any other 

individual infrastructure, and the learning cycle. The entire 

process was conducted in secrecy. Every day, safety was 

monitored to ensure that private data remained in the 

institutions from which it originated. The system was 

capable of processing a significant volume of performance 

data at various times and providing real-time feedback due 

to its construction. 

4. Results and Discussion 

4.1. System Performance Evaluation 

Over the course of 18 months, the AI-powered trauma 

recognition system was implemented. It enables 

interconnected sites for sharing the data and will be useful 

to update the model while deploying in real time 

applications. Also, it allows the AI to adapt and maintain 

according to the different environment.   
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Figure 2: Multisite System Deployment Architecture with 

Continuous Learning 

As for as PTSD concern, the system will enable the 

continuous support and integration in improving the 

detection early and the also the personalized intervention 

strategies. The comprehensive overview is depicted in 

Figure 2.  

It also illustrates the interconnections between the 

clinical teaching sites, the central AI processing twelve 

clinical education institutions. The primary methods for 

evaluating the effectiveness of the method are illustrated in 

Table 3.    

 

The fact that it is applicable to all age groups indicates that 

it can be employed to identify individuals with post-

traumatic stress disorder. 

Table 3. Overall AI system performance metrics across all implementation sites. 

Metric Value 95% CI Baseline (Pre-AI) 

Overall Accuracy 89.3% [87.8%, 90.8%] 71.2% 

Sensitivity (True Positive Rate) 91.7% [90.1%, 93.2%] 68.4% 

Specificity (True Negative Rate) 87.6% [85.9%, 89.2%] 74.8% 

Positive Predictive Value 88.2% [86.5%, 89.8%] 70.1% 

Negative Predictive Value 91.1% [89.6%, 92.5%] 73.2% 

F1 Score 0.899 [0.884, 0.913] 0.692 

Area Under ROC Curve (AUC) 0.947 [0.936, 0.958] 0.783 

Average Detection Time (weeks) 2.1 [1.9, 2.3] 8.2 

False Positive Rate 12.4% [10.8%, 14.1%] 25.2% 

False Negative Rate 8.3% [6.8%, 9.9%] 31.6% 

It was successful 89.3% of the time, which is 18.1% more 

frequently than the standard rate in clinical tests. One of the 

most advantageous aspects was that it was possible to 

identify PTSD in individuals in less than two weeks 

(p<0.001). In order to assist a greater number of individuals, 

the price has decreased by 74%. Ultimately, this will prove 

advantageous. 

4.2. Demographic Equity Analysis 

One of the most critical components of social justice is the 

notion that all individuals should have the same 

opportunities. Table 4 displays the accuracy of identifying 

segmented by fundamental demographic variables. This 

demonstrates that the method can continue to function 

effectively for a large number of individuals. 

Table 4. AI detection accuracy stratified by demographic characteristics (n=347 clinical scenarios). 

Demographic Group n Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

Time to Detection 

(weeks) 

Race/Ethnicity 
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White 89 89.9 91.2 88.6 2.0 

Black/African American 76 88.2 92.1 86.8 2.2 

Hispanic/Latino 68 90.1 93.2 87.5 2.1 

Asian American 54 89.6 90.7 88.9 2.0 

Native American/Alaska 

Native 

31 87.1 89.0 86.2 2.3 

Multiracial 29 90.3 92.4 89.1 1.9 

Gender Identity 

     

Male 142 88.7 90.1 87.3 2.2 

Female 156 89.7 92.8 87.9 2.0 

Non-binary/Other 49 90.2 93.9 88.2 2.1 

Age Group 

     

18-30 years 118 91.5 94.1 89.8 1.9 

31-45 years 127 89.8 91.6 88.3 2.0 

46-60 years 73 87.7 89.0 86.8 2.3 

61-75 years 29 85.2 86.2 84.5 2.5 

Socioeconomic Status 

     

Low income 143 89.5 92.3 87.4 2.1 

Middle income 128 89.0 90.6 87.9 2.1 

High income 76 89.7 92.1 88.2 2.0 

The groups did not exhibit a significant difference; each had 

a difference score of 0.12. They were 34% more likely to be 

able to locate individuals from low-income groups and 
persons of color than they were previously. However, the 

level of accuracy remained consistent for large groups. 

4.3. Clinical Education Outcomes 

AI was implemented in the classroom, resulting in a 

significant increase in student proficiency. The progress of 

pupils has been monitored in a variety of methods, as 
illustrated in Table 5. It illustrates the training process from 

the outset to the conclusion. 

Table 5. Medical student performance metrics across training stages (n=892 students). 

Training 

Stage 

Students 

Completed 

Avg. 

Accuracy 

(%) 

Avg. 

Sensitivity 

(%) 

Avg. 

Specificity 

(%) 

Bias 

Index 

Time per 

Assessment 

(min) 

Competency 

Achievement 

Rate (%) 
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Stage 1: 

Observational 

Learning 

892 64.3 ± 8.7 58.2 ± 

11.3 

69.1 ± 9.2 0.34 

± 

0.08 

45.2 ± 7.8 N/A 

Stage 2: 

Guided 

Practice 

847 78.6 ± 7.2 74.8 ± 9.1 81.2 ± 7.6 0.21 

± 

0.06 

38.7 ± 6.3 N/A 

Stage 3: 

Independent + 

Feedback 

791 85.9 ± 5.8 84.2 ± 7.4 87.1 ± 6.1 0.13 

± 

0.05 

32.4 ± 5.9 N/A 

Stage 4: 

Mastery 

Demonstration 

673 88.1 ± 4.3 87.9 ± 5.2 88.3 ± 4.8 0.08 

± 

0.03 

28.6 ± 4.7 75.5 

Control Group 

(Traditional 

Training) 

412 72.8 ± 9.4 67.3 ± 

12.1 

76.9 ± 

10.3 

0.28 

± 

0.09 

52.1 ± 9.2 52.1 

The students were able to identify the issue more accurately 

as a result of the AI's assistance after the training concluded. 

They were able to evaluate situations 23.9% more accurately 

than they were at the outset. The Bias Index decreased 

significantly from 0.34 to 0.08, indicating a significant 

reduction in systematic bias. Competency training 

participants complete the course only 52.1% of the time, 

while 75.5% of those who receive conventional training 

complete it. 

4.4. Intersectional Performance Analysis 

This is Table 6. In the past, it was challenging for some of 

the most significant organizations that were merged to locate 

and obtain assistance for PTSD. It appears that they are 

making progress. This table is employed to evaluate the 

system's ability to manage names that are muddled in 

unusual ways. 

Table 6. System performance across intersectional demographic subgroups. 

Intersectional Group n Accuracy 

(%) 

Detection 

Time (weeks) 

Historical 

Disparity 

Factor* 

Improvement vs. 

Baseline (%) 

Black Women (Age 

18-45) 

28 89.3 2.0 2.9 +42.3 

Hispanic Men (Low 

SES) 

34 88.8 2.2 2.6 +38.7 

Native American 

Women (Rural) 

19 87.4 2.4 3.4 +51.2 

Asian American 

LGBTQ+ (Age 18-30) 

22 91.4 1.9 2.1 +35.8 

White Women (High 

SES) 

41 90.1 1.9 1.1 +18.2 

Black Men (Veterans) 26 88.5 2.1 3.1 +44.6 
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Hispanic Women 

(Immigrant) 

31 89.7 2.0 2.8 +40.1 

Multiracial Non-

binary (Age 18-30) 

17 90.6 2.0 2.3 +37.4 

*Historical Disparity Factor: the ratio of the mean diagnosis 

delay for this cohort to the overall population mean in the 

pre-AI baseline. The AI demonstrated that this was most 

effective for organizations that have faced the greatest risk 

in the past. Indian women had to wait 3.4 times longer to 

receive a diagnosis before AI could assist them. This is the 

reason; they resided in the country. The work resulted in a 

51.2% improvement. 

4.5. Natural Language Processing Module Performance 

Figure 3 illustrates the various NLP methodologies that were 

implemented for trauma story analysis. The designations for 

the five primary categories of PTSD symptoms are depicted 

in this image. This serves as evidence of their effectiveness. 

 

Figure 3: Comparative NLP Model Performance Across 

PTSD Symptom Clusters 

In general, this model performed the most effectively. 

Transformers and narratives concerning suffering were 

implemented as concepts. It was accurate 94.1% of the time 

for re-experiencing symptoms and 87.3% of the time for 
separation symptoms. By incorporating cultural adaptation 

layers on top of BERT, the ensemble method was able to 

achieve an average accuracy of 91.2% across all symptom 

groups. 

4.6. Behavioural Analysis Module Performance 

Figure 4 illustrates that the 3D CNN instrument for 

analyzing human behavior improves over time. People will 

be able to discern your level of anxiety, even if you refrain 

from expressing it. The CNN model promptly improve the 

temporal variations accurately with the help od subtle, cues 

associated with verbal behavioral expressions of anxiety.  

 

Figure 4: Temporal Detection Accuracy for Non-Verbal 

PTSD Indicators 

It rapidly identified dissociative behaviors that were evident 

(89.7% accuracy after 2 minutes), but it was less effective in 

identifying those that were less apparent (85.3% accuracy 

after 8 minutes). The CNN model promptly improve the 

temporal variations accurately with the help od subtle, cues 

associated with verbal behavioral expressions of anxiety. 

With the time concern, the learning capability will improve 

the hidden psychological activities as a pattern in the 

expressions and posture.  

4.7. Bias Mitigation Effectiveness 

Figure 5 illustrates that diagnostic bias has decreased for all 

demographic groups since the implementation of the social 

justice framework's equity boundaries. 

 

Figure 5: Demographic Bias Reduction Through Fairness-

Constrained Training 

The greatest disparity between the categories decreased 

from 0.34 to 0.09 when demographics were considered and 

the probabilities were balanced. This implies that the 

frequency of errors is reduced by 73.5% when a thorough 

analysis is conducted. The situation improved when there 

was an 81.2% reduction in prejudice against individuals of 

color and a 76.8% reduction in bias against these individuals 

and their class. This is the location where the majority of the 

projectiles land. 

4.8. Longitudinal Student Development 

There has been an increase in the number of medical 

students over the past 18 months (Figure 6). Their work 

demonstrates the evolution of their beliefs regarding what is 

morally correct and immoral. 
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Figure 6: Longitudinal Student Competency Development 

Over 18-Month Training Period. 

Guided practice was the optimal period for students to 

acquire the skills necessary to perform tasks correctly and 

comprehend other cultures, which occurred from months 3 

to 6. Both of these conditions continued to improve. 28.3% 

of individuals who participated in the training assigned 

higher ratings to their therapy relationships. This implies 

that the capacity to identify when an individual is 

overwhelmed was associated with the development of more 

positive professional relationships. 

4.9. Implementation Challenges and Barriers 

Each institution manifested its own challenges during the 

performance. Before they were taught how to operate it and 

observed its effectiveness, 62% of physicians were opposed 

to the approach. By the sixth month, the percentage had 

decreased to 18%. Four of the twelve locations were difficult 

to operate in due to the instruments they used. In other 

words, we require additional space and assistance with IT. 

Powerful individuals were apprehensive about 

implementing AI, as they were concerned that it would 

supplant human thought. It was explicitly stated that the 

system's responsibility was to aid physicians in the process 

of making decisions, rather than to make them for them. 
Everyone who was involved in the matter was depicted in a 

unity. 

4.10. Discussion 

The utilization of artificial intelligence (AI) to identify 

individuals with post-traumatic stress disorder (PTSD) in 

clinical education settings may result in a more efficient and 

equitable process. This could potentially contribute to the 

improvement of the world. The medicine functions 

significantly better as a result of the 74% quicker time it took 

to identify the issue. Seek assistance as quickly as feasible. 

It will be beneficial in the long term, and your issues will be 

resolved more quickly. One significant issue with mental 

health care is that it does not always provide relief to 

individuals who are experiencing tension. The method has a 

modest probability of resulting in varying outcomes for 

various categories of individuals (0.052). This improves the 

situation. 34% more individuals were discovered in groups 

that were previously not receiving adequate treatment. This 

is a significant stride toward equitable health care. The 

system may have performed more effectively if it had been 

instructed on a variety of datasets that depict various 

cultures.  

It was also examined from the perspective of 

intersectionality, which examines the interrelationships 

between various social groups. Some modifications to 

formulations can assist in resolving difficult-to-resolve 

issues that exacerbate the situation. For instance, 51.2% 

more Native American women reside in rural areas today 

than they did previously. This is due to their membership in 

at least two groups that have experienced unfavorable 

circumstances in the past. The percentage of pupils who 

passed the test was 75.5%, which is 45% higher than the rate 

of success achieved with conventional training. This serves 

as a clinical demonstration that artificial intelligence does 

facilitate the learning process for students. They not only 

improved their performance in their respective roles, but 

they also gained a deeper understanding of their own biases 

in diagnosing individuals and became more adept at averting 

them. As they progressed through the training process, their 

bias scores decreased gradually from 0.34 to 0.08. This is 

evident.  

The manner in which clinical skills are taught and discussed 

during training has undergone numerous modifications. 

They are now twice as fair and twice as correct. The initial 

reluctance of physicians to implement AI Optimised residual 

gated units and stacked pre-trained layers are used for the 
study. was due to their belief that it would supplant their 

professional judgment. Things such as these demonstrate the 

significance of informing all parties of your strategies for 

managing change. Nobody was uncertain any longer after 

six months, as the percentage decreased from 62% to 18%. 

People will be more inclined to trust the system if you 

demonstrate its functionality in real life and assure them that 

it is intended to assist them, rather than to abandon them. 

This work requires correction due to its flaws. For example, 

the initial model employed a fabricated dataset that may not 

have accurately represented the range and cacophony of 

genuine clinical settings. Our approach was successful in a 

classroom setting; however, it is imperative that we verify it 

once more using real-world clinical data. 

 It required 18 months to gain a comprehensive 

understanding of the impact of the training on clinical work 

after it had concluded. Experts should now determine 

whether the skills acquired through AI-assisted training are 

enduring and capable of being independently employed. 

Different types of data, such as data about the body, data 

about behavior, and natural language processing (NLP), 

function exceptionally well when combined. However, it 

was more challenging to comprehend the model's meaning 

in this manner. Doctors were uncertain about the 

functionality of certain components of deep learning due to 

their designation as "black boxes." The apparatus functioned 

flawlessly. The subsequent version should include AI 

methods that can be discussed in order to increase the trust 

and comprehension of physicians. 

5. Conclusion 

This work demonstrates a comprehensive system that is 

operated by AI and is employed to identify wounded in 
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clinical teaching environments from the perspective of 

social justice. It was capable of resolving issues 89.3% of 

the time and identifying them 74% more frequently than the 

previous method. The information was discovered in 2.1 

weeks, as opposed to 8.2 weeks. For an extended period, 

individuals who were injured were not treated equitably. The 

structure rectified the issue. All 23 categories of individuals 

could utilize the ± amount of 0.12. This was the most critical 

component of the strategy.  Twelve distinct medical 

institutions are currently employing AI. This is evidence that 

AI is beneficial: it enhances the learning experience of 

individuals and the performance of physicians. Before 

88.1% of the recordings were accurate, it was necessary to 

train it four times. Additionally, the systematic bias 

decreased from 0.34 to 0.08. The disparity between the two 

categories has been reduced by 76%. The rate of increase for 

women of color is 34% higher in areas that receive 

inadequate care, while it is 51.2% higher for Native 

American women.  

This demonstrates that the approach has the potential to 

improve the health of all individuals. It examined the body, 

actions, and words in various ways. This was beneficial for 

individuals who were experiencing significant tension. The 

ensemble method was effective in 91.2% of cases for all 
categories of PTSD symptoms, and cross-group bias 

decreased by 73.5% when individuals were educated on 

justice. Researchers discovered that the use of computers to 

resolve justice issues could simultaneously enhance fairness 

and accuracy. The most significant contributions are (1) a 

tried-and-true AI framework that is compatible with a 

diverse array of individuals; (2) a significant reduction in 

systematic diagnostic biases; (3) a successful integration 

into clinical education curricula that results in measurable 

improvements in competency; and (4) a comprehensive 

evaluation across a broad spectrum of intersectional 

demographic groups, as a result of concerns regarding 

fairness. You would continue to implement the actions you 

previously committed to in order to enhance the health and 

justice of all individuals. This could serve as an opportunity 

for others to acquire the knowledge necessary to instruct a 

broader spectrum of healthcare concepts through the use of 

AI. 

6. Future Scope 

Clinical Validation with Real-World Data: Evaluate the 

system on real-world clinical datasets that are not solely 

utilized for controlled learning with care groups. Right now, 

this is the primary objective. The results will undoubtedly be 

tested in a variety of contexts to determine whether they are 

effective or if they deteriorate as the real world becomes 

more challenging. 

Federated Learning Implementation: In the future, federated 

learning systems will be employed to enhance models that 

involve multiple schools and protect data. It is possible for 

all individuals to acquire knowledge simultaneously, and 

patient information does not need to be stored in a single 

location. This method is superior because it ensures the 

security of patients' information and enhances the 

functionality of models in numerous real-world scenarios. 

Explainable AI Integration: Currently, the components of 

deep learning function as "black boxes," which makes it 

challenging for physicians to ascertain their significance. 

Attention representation, SHAP values, and counterfactual 

explanations will be incorporated in the future to assist 

physicians in embracing AI concepts and gaining a more 

comprehensive understanding of them. 

Longitudinal Outcome Tracking: Individuals who interact 

with AI should be capable of applying the abilities they have 

acquired in non-AI contexts. This is the primary focus of the 

long-term follow-up investigations. This type of training 

enables physicians to monitor the progress of their patients 

in order to demonstrate that the quality of treatment 

improves over time. 

Expansion to Additional Trauma Types: PTSD and other 

forms of trauma are discussed in relation to the diverse 

populations that experience them. As a result of this 

expansion, it is imperative that individuals acquire a 

comprehensive understanding of other societies and the 

ability to identify various forms of stress. 

Mobile and Telehealth Adaptation: The method should be 

compatible with telehealth applications and cell phones. 
This will be advantageous for individuals who have limited 

access to alternative methods of healthcare. It is 

recommended that work be evaluated by a variety of 

individuals at varying intervals, and instruments that analyze 

behavior should function more effectively with older 

images. Integration with electronic health records. Once all 

electronic health records (EHR) are connected, it will be 

effortless to immediately identify indications of tension in 

patient reports and professional notes. Even when it is not in 

use, the existing infrastructure will be monitored. This will 

facilitate the decision-making process for physicians. 

Advanced Fairness Metrics: In the future, we will employ 

person fairness, alternative fairness, and cause fairness to 

investigate justice. The objective is to rectify more minor 

forms of computer bias that are not detected by the current 

methods of data verification. 

Adaptive Learning Systems: It would be more beneficial for 

students to have personalized learning paths that adjust the 

content and amount of knowledge they acquire based on 

their academic performance, societal norms, and preferred 

learning style. There is no way to modify courses to 

accommodate your requirements in the absence of these 

instruments. 

Global Implementation Studies: The method will be 

evaluated in numerous locations outside of the United States 

to determine its effectiveness and the modifications that 

must be made to ensure its universality. This is of paramount 

importance when a nation has a diverse array of health care 
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systems and damage rates, as well as middle- and low-

income groups. 
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