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Abstract 

Purpose and Objectives: The objective of the study was to compare the quality of answers 

that the large language models (LLMs), namely ChatGPT-4 and the general AI model, provide 

concerning the perceived quality of responses provided by human participants, as perceived by 

the Pakistani professionals in the healthcare sector. These aims were to evaluate differences in 

knowledge, helpfulness, empathy, question relevance, clarity, and distractor quality and to 

establish the correlations between response features and patterns of evaluation. 

Methods: The design used was a quantitative and cross-sectional experimental design. A total 

of 197 healthcare professionals in Pakistan were selected and interviewed in May 2025. 

ChatGPT-4, a general AI model, and human experts were the participants who provided a 

response to the health-related questions. Knowledge, helpfulness, and empathy Likert-type 

scales were used to evaluate anonymized responses by the participants. The statistical tests 

(Chi-square, Spearman rank correlation, mean comparison with confidence interval 95) were 

used.  

Results: ChatGPT-4 reactions were similar to human-created reactions in dimensions all, and 

there were non-significant mean distinctions in the interpretation of the queries (MD = -.13), 

clearness (MD = -.03) and caliber of distractors (MD = -.10). The overall model of AI was 

significantly worse in all the areas, especially clarity (MD = 1.21, p = 0.001) and distractor 

quality (MD = 1.5). Chi-square measures showed that there were significant relationships 

between response type and knowledge (Cramer V = 0.099), helpfulness (V = 0.116) and 

empathy (V = 0.115). Spearman correlations revealed that there were great connections 

between the knowledge and helpfulness (r = 0.83 0.85), between knowledge and empathy (r 

=0.67 0.69), and between helpfulness and empathy (r = 0.76 0.79). 

Conclusion: ChatGPT-4 proves to be as efficient as medical expertise in producing the 

relevant, understandable, and empathetic responses, which is why it may be considered a 

helpful solution in medical education and evaluation. The presence of high required human 

supervision may suggest that other AI models have low performance. Though such findings 

are encouraging, the confidence of evidence was considerably low suggesting the necessity to 

conduct other studies using more diverse bigger samples. 

Keywords: ChatGPT-4, AI in healthcare, Pakistani healthcare professionals, knowledge, 

empathy, helpfulness, question quality, distractor quality. 

 

INTRODUCTION 

Digital transformation of healthcare has become a recent priority problem over the last years due to the necessity 

to handle the expanding administrative overheads and workforce challenges. Paperwork and growing amount of 
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patient interaction via digital systems has dramatically raised the amount of workload on healthcare professionals, 

forming a mass urgency to automate and offer effective technological remedies to the issue. It is against this 

backdrop that Large Language Models (LLMs) have developed artificial intelligence systems based on 

transformer neural network architectures that exhibit such an impressive ability to deal with complex medical 

information and produce coherent, human-like responses (1-3).  

The modern LLMs are based on the concepts of deep learning and an attention mechanism enabling the models 

to follow connections in sequential data, i.e. words in a sentence, to infer the most contextually relevant output. 

Such models are heavily pre-trained using large volumes of data, such as text on the internet, medical texts and 

clinical guidelines allowing them to learn complex linguistic patterns and medical nomenclature. In spite of the 

impressive performance of more general-purpose architecture such as GPT-4 in healthcare, an increased number 

of specialized medical LLMs, such as Med-PaLM 2, BioGPT, and GatorTron are being fine-tuned on biomedical 

corpora and electronic health records (EHRs) to enhance the accuracy of closed-domain healthcare tasks (4-5). 

The opportunities of the practical implementation of LLMs in the medical field are numerous and diverse, 

including the fields of clinical decision making, interaction with patients, and management in the administration. 

LLMs are applicable in the clinical area and can be used to reason about diagnoses, treatment plans, and generate 

patient medical background summaries on unstructured data within EHRs. LLMs will reduce clinician burnout 

by automating repetitive processes, like writing clinical notes, synthesizing discharge reports, and billing codes 

used in healthcare to enable those impacted to spend more time in direct patient care. In addition, LLMs have the 

radical potential of education and support of patients with 24/7 access to health care information, translation of 

complicated medical terms into simple language, and initial diagnosis by chatbots based on symptoms (6-7). 

The medical domain, other than clinical practice, is experiencing a revolution in the area of medical education 

and research using LLMs. Essentially, these models may be used as virtual patients or individualized tutors, token 

multiplicity strategies to create various simulation scenarios and multiple-choice questions (MCQs) on the board 

in order to improve student learning and critical decision-making. The LLMs can facilitate the procedure of 

synthesizing medical literature, write a paper, and retrieve critical data in large volumes of scientific reports in 

research. It is even possible to have some models pass tough professional examinations (like, the United States 

Medical Licensing Examination (USMLE)) with competitive accuracy with human professionals (8-9). 

Still, even as the field of healthcare education and clinical decision-making is becoming more integrated with 

artificial intelligence (AI), it is put without empirical evidence on the quality and reliability of the large language 

model (LLM) responses in the quality and reliability approaches in low- and middle-income countries such as 

Pakistan. Although there is a known literature on the evaluation of AI-generated content in high-resource contexts, 

little has been done to assess how AI-generated content is perceived by healthcare professionals based on its level 

of knowledge, usefulness, and empathy or how the content generated by AI performs in comparison to human-

generated content in both cultural and a contextually relevant setting. This is a very critical gap since the use of 

AI tools without fine-tuning can affect the quality of medical education and care provision. Thus, the present 

research was aimed to assess and compare the activity of ChatGPT-4 and general AI model with the activity of 

human answers, considering the main aspects of quality, such as question relevance, clarity, distractor quality, 

knowledge, helpfulness, and empathy. The contribution made by the study to this gap is that it offers evidence-

based information on the potential and constraints of AI tools to aid in medical education and clinical assessment 

in Pakistan. 

 

METHODS 

 

The present paper has used a quantitative experimental cross-sectional research design to systematically assess 

and compare the quality of answers that were given by large language models (LLMs) and those given by medical 

practitioners. The main aim of the study was to measure the disparities in perception of responses regarding 

predetermined dimensions, such as the accuracy of the knowledge, its helpfulness, and empathy as rated by 

healthcare workers. Due to cross-sectional character of the research, all assessments were carried out at one time 

point with the help of the static pairs of questions and answers (Q&A), but not in real-time and longitudinal 

dialogues. 

 

Setting of the Study and the participants 

The sampling was performed in May 2025 by gathering the data among healthcare professionals employed in 

Pakistan, and these were physicians, nurses, allied health professionals, and clinical educators. The participants 

were recruited in both the public and the private healthcare institutions. Participant (inclusion) criteria comprised 

(1) a recognized healthcare qualification, (2) a present clinical or academic role in healthcare services, and (3) 

control to give informed consent. Healthcare professionals who did not have complete survey questionnaires or 

represented incomplete questionnaires or were not practicing in Pakistan were not included in the final analysis. 

 

Selection of materials and Data 

The research material was provided in the form of patient-generated medical queries on medical Q&A sites and 

existing medical information repositories that were publicly available. The questions mostly covered the issues of 

disease management, treatment and prevention measures, and lifestyle changes. Open-ended questions that went 
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beyond the preset word limits in order to have clarity and readability and to reduce participant weariness were 

eliminated. 

In case of availability of source questions in other languages other than English, they were translated and culturally 

modified to illustrate the Pakistani healthcare setting. Before the materials could be included in the study, they 

were all reviewed by subject experts to make sure that they were consistent with both the national and international 

clinical practice guidelines. 

 

Generation of Responses 

LLM-Generated Responses: One of the interpretations of data generated through the use of a large language 

model, the responses generated under standardized prompting conditions are Artificial intelligence. The model 

was asked to take the place of a healthcare professional and to give evidence-based, patient-centered answers 

depending on accepted clinical guidelines by a predetermined system prompt. 

All the responses were anonymized to minimize the possibility of bias, and all information involving authorship 

or type of source was eliminated prior to the assessment. 

 

Data Collection Procedure 

The recruitment strategy involved both online and offline approaches such as broader methods like focused social 

media exposure (i.e., professional Facebook, WhatsApp groups) and face-to-face recruitment to engage 

respondents based on the placement of posters and flyers in hospitals and healthcare facilities in Pakistan. 

The process of data collection has been done through a Web-based evaluation platform that is designed to be 

desktop and mobile optimized. Following an informed consent, the participants were requested to rate anonymized 

replies on their own. The scale used to rate each response was a 5-point Likert-type scale, with possible responses 

of very poor (1), very good (5), and all the between the predetermined dimensions of quality (knowledge, 

helpfulness, and empathy). The duration that was required to consider each response was automatically noted to 

facilitate the correlation of the results later. 

 

Statistical Analysis 

All statistical applications were done under the standard statistical app. The D Agostino Pearson omnibus 

normality test was used to determine data distribution. Non-parametric statistical techniques were used as most 

variables were found to have non-normal distribution. 

Primary Analysis: Chi-square test of independence was applied to assess categorical evaluations of responses 

generated by LLM and the responses generated by healthcare professionals. To determine the strength of 

association, Cramer V was used to compute the effect sizes. 

Secondary Analysis: Spearman rank correlation coefficient (ρ) was conducted to determine relationships between 

quality dimensions (e.g., knowledge and empathy) and response characteristics; e.g., response length and 

evaluation time. 

 

RESULTS 

 

In the result section, table 1 shows that one hundred ninety-seven Pakistani healthcare professionals were involved 

in the study in May 2025. The sample size had an average age of 35.8 9.6 years with most members categorised 

in the 30-39 years range (38.6%), 20-29 years range (27.4%). Male participants were 52.3 percent (n=103) and 

female participants were 46.7 percent (n= 92). Physicians (41.6), nurses (31.0) and allied health professionals 

(19.3) were the highest in terms of professional roles. The percentage of medical educators made 8.1% of the 

respondents. As far as education is concerned, 36.0% were baccalaureate degree holders, 27.4% were master 

degree holders and 21.8% were of advanced clinical/ doctoral qualifications (FCPS/MD/PhD). 

The average years of professional experience were 9.8 ± 6.7 years of experience, and almost one-third (32.0) of 

the respondents said that they had 6-10 years of experience. Over fifty percent of the respondents worked in the 

government (52.8), with 35.0 percent being in other institutions run privately. Majority of the respondents were 

located in Punjab (54.8%), then Sindh (20.8) and Khyber Pakhtunkhaw (14.7). Concerning work environments, 

40.1 percent of the respondents belonged to tertiary care hospitals, and 15.7 percent of the respondents were 

involved in academic or teaching facilities. It is important to note that 67.0% of the respondents had previous 

experience with the use of artificial intelligence-based tools, and this number shows that the familiarity with the 

digital health technologies among the population of the study was rather high. 

 

Table 1: Sociodemographic of the participants 

Variable Category n % 

Gender Male 103 52.3  
Female 92 46.7  
Prefer not to say 2 1.0 

Age (years) Mean ± SD 35.8 ± 9.6 —  
20–29 54 27.4  
30–39 76 38.6  
40–49 43 21.8 
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≥ 50 24 12.2 

Professional Role Physician 82 41.6  
Nurse 61 31.0  
Allied Health Professional 38 19.3  
Medical Educator 16 8.1 

Highest Qualification Diploma 29 14.7  
Bachelor’s degree 71 36.0  
Master’s degree 54 27.4  
Doctorate / FCPS / MD 43 21.8 

Years of Professional Experience Mean ± SD 9.8 ± 6.7 —  
≤ 5 years 58 29.4  
6–10 years 63 32.0  
11–15 years 41 20.8  
> 15 years 35 17.8 

Type of Institution Public sector 104 52.8  
Private sector 69 35.0  
Both 24 12.2 

Geographical Location Punjab 108 54.8  
Sindh 41 20.8  
Khyber Pakhtunkhwa 29 14.7  
Balochistan 9 4.6  
Islamabad Capital Territory 10 5.1 

Primary Work Setting Tertiary care hospital 79 40.1  
Secondary care hospital 48 24.4  
Primary healthcare facility 39 19.8  
Academic / Teaching institution 31 15.7 

Prior Exposure to AI Tools Yes 132 67.0  
No 65 33.0 

 

In Table 2, the comparing the items made by the LLM and human they made it was seen that there were significant 

differences in their performance in terms of the result measurements of relevance of the questions, clarity of the 

questions and the quality of the distractors. ChatGPT-4 functioned similarly on all three dimensions as human-

generated items but yielded small mean differences that were not found to be statistically significant (question 

relevance: MD = -0.13, 95% CI =-0.44 to 0.18; question clarity: MD = -0.03, 95% CI =-0.15 to0.10; distractor 

quality: MD = -0.10, 95% CI =-0.24 to0.04). These findings imply that ChatGPT-4 can generate questions and 

distractors that are mostly similar to those that healthcare workers produce, which implies that it may be utilized 

as an aid-in-education and assessment systems. 

 

Instead, AI model in general showed worse and worse results as compared to human-made content. To ensure 

relevance of the questions, the AI showed a large negative difference in means (MD = -0.76, 95 percent confidence 

interval -1.27 to -0.25, p= 0.05) meaning that human-generated questions were better. This effect was more 

noticeable on the question clarity (MD = -1.21, 95% CI = -1.60 to -0.82, p =0.001) and distractor quality (MD = 

-1.50, 95% CI = -2.03 to -0.97, p = 0.001) items, as the items developed by AI were significantly worse. These 

results indicate an obvious drawback of the AI model to produce high quality questions and effective distractors. 

 

Table 2. Comparison of LLM-Generated and Human-Generated Items with Statistical Significance 

Outcome 

Measure 

Comparison (LLM 

vs Human) 

Mean 

Difference 

(MD) 

95% Confidence 

Interval (CI) 

Significance Certainty 

(GRADE) 

Question 

Relevance 

ChatGPT-4 vs 

Human 

−0.13 −0.44 to 0.18 Not significant Very Low 

 
AI vs Human −0.76 −1.27 to −0.25 Significant (p < 

0.05) 

Very Low 

Question 

Clarity 

ChatGPT-4 vs 

Human 

−0.03 −0.15 to 0.10 Not significant Very Low 

 
AI vs Human −1.21 −1.60 to −0.82 Significant (p < 

0.001) 

Very Low 

Distractor 

Quality 

ChatGPT-4 vs 

Human 

−0.10 −0.24 to 0.04 Not significant Very Low 
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AI vs Human −1.50 −2.03 to −0.97 Significant (p < 

0.001) 

Very Low 

 

In general, although ChatGPT-4 can be compared with human experts regarding performance, human supervision 

is imperative, especially in the case of other AI models that have major weaknesses. It is also worth mentioning 

that the confidence of all comparisons was rated very low based on GRADE, which indicated the limitations of 

study design, sample size and context and implied that more studies were needed to search and validate such 

findings in a variety of environments and large samples. 

 

Table 3: comparison the LLM Model and human 

Outcome 

Measure 

Comparison (LLM 

vs Human) 

Mean Difference 

(MD) 

95% Confidence 

Interval (CI) 

Certainty 

(GRADE) 

Question 

Relevance 

ChatGPT-4 -0.13 [-0.44; 0.18] Very Low 

Question 

Relevance 

AI -0.76 [-1.27; -0.25] Very Low 

Question Clarity ChatGPT-4 -0.03 [-0.15; 0.10] Very Low 

Question Clarity AI -1.21 [-1.60; -0.82] Very Low 

Distractor Quality ChatGPT-4 -0.10 [-0.24; 0.04] Very Low 

Distractor Quality AI -1.50 [-2.03; -0.97] Very Low 

In Table 3 and 4 Comparison of the items generated through LLM with the human generated items indicated that 

there were significant differences in the following parameters question relevance, clarity and quality of distractors. 

ChatGPT-4 was as good as human professionals in all outcome measures and meaning differences were near to 

zero (question relevance: MD = -0.13, 95% CI -0.44 to 0.18; question clarity: MD = -0.03, 95% CI -0.15 to 0.10; 

distractor quality: MD = -0.10, 95% CI -0.24 to 0.04), showing no statistically significant differences. This 

indicates that ChatGPT-4 can give rise to questions, as well as distractors, which were largely similar to those that 

have been generated by experts. Conversely, the general AI model displayed continuously worse performance, 

with the significant negative mean differences in the relevance of the question (MD = -.76, members of the interval 

-1.27 to -0.25), the question clarity (MD = -1.21, members of the interval -1.60 to -0.82), and the distractor quality 

(MD = -1.50, members of the interval -2.03 to -0.97). As such, it suggests that man-made objects were definitely 

better compared to AI-based ones, especially in regard to clarity and the effectiveness of distractors, which might 

modify the effectiveness of tests. Comprehensively, although ChatGPT-4 demonstrates the possibility of being 

used as an aid to create an educational content, it is important to note that it still needs a human to control the 

situation, at least when other AI models with inferior performance are involved. It should be noted that the 

confidence of evidence of any comparisons was low but was considered to be very low which precedence that 

more studies need to be conducted using bigger samples and more study designs to verify the results. 

 

Table 4: Participant Evaluation of Diabetes Guidance (GPT-4o vs Human) 

Dimension Chi-square () p-value Effect Size (Cramer’s V) 95% CI for Cramer’s V 

Knowledge 17.66 0.0014 0.099 [0.061 – 0.153] 

Helpfulness 24.25 < 0.001 0.116 [0.077 – 0.165] 

Empathy 23.79 < 0.001 0.115 [0.077 – 0.165] 

 

Table 4 shows the assessment of knowledge, usefulness, and empathy showed statistically significant differences 

among responses as achieved by the Chi-square tests. The Chi-square value of the knowledge dimension was 

17.66 and the p-value was 0.0014 which signifies that there was significant difference in the rating of responses. 

The resultant size of the effect (Cramer V = 0.099, 95% CI: 0.061-0.153) indicates that the relationship between 

the respondent type of reply and perceived level of knowledge is low but significant. Likewise, helpfulness 

dimension obtained a Chi-square value of 24.25 (p < 0.001) with a Cramer V of 0.116 (95% CI: 0.077- 1.165) and 

empathy dimension recorded Chi-square value of 23.79 (p < 0.001) with a Cramer V of 0.115 (95% CI: 0.077- 

1.165). These findings reveal that there were significant differences in responses between the participants between 

helpfulness and empathy, and with effect sizes slightly higher than the ones of knowledge, but the effect sizes 

remained in the small-to-moderate area. All in all, the results indicate that although all three dimensions are largely 

related to the kind of response, the degree of these relationships is relatively small, which demonstrates the finer 

nuances of depending on the quality of the responses evident among the participants. 

 

Table5: Quantitative Correlation Matrix for Communication Metrics 

Association Pair Spearman’s (GPT-

4o) 

Spearman’s 

(Human) 

Correlation Strength 

Knowledge & Helpfulness 0.85 0.83 Very Strong 

Knowledge & Empathy 0.69 0.67 Strong 

Helpfulness & Empathy 0.79 0.76 Strong 
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Question Length & Answer 

Length 

0.74 0.57 Strong (GPT) / Moderate 

(Human) 

Answer Length & Evaluation 

Time 

0.49 0.50 Moderate 

 

The table 5 shows the correlation analysis of the associations between essential dimensions showed good and 

significant relationships in both GPT-4 and human-generated responses. In the case of GPT-4, the association 

between the knowledge and helpfulness was exceptionally good (r = 0.85) which were closely reflected by human 

responses (R = 0.83), meaning that the more a response was viewed as being knowledgeable, the more helpful it 

was considered to be. Both GPT-4 (r =0.69) and human responses (r =0.67) had a strong association between 

knowledge and empathy meaning that items with a higher quality of information were more often believed to have 

greater perceived empathy. Likewise, helpfulness and empathy had a strong correlation (GPT-4: r = 0.79; Human: 

r = 0.76) indicating that the participants tended to rate the usefulness of the content practically and empathically 

expressed. 

 

On response structure, the length of the question and the length of responses showed a strong relationship with 

the GPT-4 (r = 0.74) and medium with human responses (r = 0.57), showing that GPT-4 was less stable in giving 

longer answers to longer questions than human responses. Lastly, both GPT-4 (r = 0.49) and human responses (r 

= 0.50) are both moderate when comparing the answer length and evaluation time, indicating that longer responses 

tended to take a longer time to evaluate, yet the effect was not as strong as was in the other dimensions of quality. 

In general, these correlations suggest all the similarities in patterns of internal consistency between GPT-4 and 

human response with respect to knowledge, helpfulness, empathy, and response characteristics, showing that GPT-

4 reveals slightly greater consistency between question-and-answer lengths. 

 

DISCUSSION 

 

This research compared the performance of the large language models (LLMs) two, specificallyChatGPT-4 and a 

general AI model, in when generating healthcare-related responses to the provision of human-generated responses 

based on the views of Pakistani healthcare professionals. The findings can give insight into the possibilities and 

restrictions of AI tools in clinical education and decision-support in the local environment. 

The results of the comparison of the all-LLM-generated items and human-generated items found out that the 

quality of the generated items showed a significant difference in other models. ChatGPT-4 had similar scores to 

human responses in terms of the question relevance, clarity, and the quality of distractor, mean differences were 

close to zero and non-significant p-values (10-11). This implies that medics in Pakistan have viewed ChatGPT-4-

generated answers as almost comparable to those the human specialists developed. On the other hand, the general-

AI model performed poorly in all aspects, especially in clarity (MD = -1.21) and quality of distractor (MD = -

1.50), which implies that all AI models cannot be used with satisfactory quality in education or clinical purposes. 

These results highlight that despite the opportunities offered by more advanced models such as ChatGPT-4 the 

human factor is crucial, particularly in the situations when the validity of assessment and clinical accuracy are in 

the spotlight (9, 12,13). 

The Chi-square analyses also indicated that there were significant differences in perceived quality of responses in 

the dimensions of knowledge, helpfulness, and empathy. Knowledge was moderately and significantly related 

(Cramer V = 0.099) whereas helpfulness and empathy were slightly bigger (Cramer V = 0.115-0.116). These 

findings indicate that Pakistani healthcare providers are not only factual accuracy-oriented, but also perceive 

positive usefulness and a compassionate tone of responses (9,13). The effect sizes are small-to-moderate meaning 

that there is a difference however the degree of association is small, which is indicative of subtle consideration of 

responses by experienced practitioners. 

As illustrated in the analysis of the Spearman correlation, the correlation between important quality dimensions 

shows strong positive relationships of the GPT-4 as well as the human responses. The correlation between 

knowledge and helpfulness was very high (r=0.83 -0.85) indicating that, in clinical situations, informative 

responses are equated with practical usefulness, there is also have security and privacy issues in digital tools (14-

16). The informational content and the compassionate delivery were highly related to each other (knowledge and 

empathy, and helpfulness and empathy r = 0.67 0.79), which means that the participants considered the content 

and the tendency of empathetic delivery as important. Interestingly, the correlation between question length and 

answer length was higher in case of GPT-4 (r = 0.74) than human responses (r = 0.57), indicating that GPT-4 

produces longer responses on longer questions, which can be explained by its regular pattern recognition. 

Moderate correlations between the answer length and time of evaluation (r = 0.4950) indicate that longer answers 

tend to be more time-consuming to be evaluated yet it is not that overwhelming to conclude that the participants 

hesitated to assess content more efficiently in spite of the length (14-16). 

Regarding a Pakistani medical worker, the findings have a number of implications to practice. First, the similar 

output of ChatGPT-4 shows that AI may possibly aid in medical training, assessment preparation, and clinical 

judgement, particularly in medical environments with limited resources, where the availability of expert support 

can be restricted (9,13,17). Second, it seems that the poor performance of the general AI models highlights the 

importance of human verification of AI tools in addition to their careful selection to make the content clinically 
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accurate and pedagogically correct. Third, the correlation coefficients between knowledge and helpfulness and 

empathy are substantial enough to point out that professionals consider holistic quality, rather than factual 

accuracy, however, AI systems that aim at Pakistani clinicians or students should be based on both accuracy and 

our human-centered communication (9,13,17,18). 

 

Conclusively, in spite of this knowledge the level of evidence was very low regardless of all the analyses because 

of the cross-sectional design, fair sample, and a single country setting. Although the research offers preliminary 

directions on the usefulness of AI in Pakistan, more comprehensive studies should be applied in the future using 

bigger and more varied samples and longitudinal measurements to assess the consistency, reliability, and 

applicability of AI-generated educational and clinical text in the real world. ChatGPT-4 is one of the potential AI 

tools that can generate high-quality, clinically relevant, and empathetic responses with no or minimal human 

supervision based on the views of Pakistani healthcare professionals. The findings support the need to balance the 

incorporation of AI with human expertise as AI should be used to complement, but not to replace, the expertise in 

medical education and practice (19-21). The fast development of Large Language Models (LLMs) including the 

GPT series of OpenAI and the Gemini of Google has brought a very important shift in the paradigm of medical 

information processing and sharing. This scientific review of the existing evidence demonstrates that there is a 

technology that can gradually substitute the performance of a human in Indies of health care, but it is limited by 

the very important technical and ethical restrictions (21-25-26). The synthesis of the presented sources also shows 

that the potential of LLMs, in relieving administrative burdens and improving the education of patients, is 

enormous, but the current integration must be offset through serious human control to provide patient safety. 

Patient Communication and Interaction Performance. 

 

LLMs are turning out to be useful instruments of clinical decision support (CDS) and documentation. These 

models help in diagnostic reasoning and treatment planning through mining huge amounts of data such as 

Electronic Health Records (EHRs) and clinical notes, among others. The first direct effect is the decrease of 

administrative workload. Discharge summaries, clinical notes and insurance appeal letters can be automated by 

using LLMs. It has been demonstrated that discharge summaries transformed with AI can be viewed as much 

easier to read and understand by patients, unlike their original form. This is an efficiency improvement that may 

potentially help solve workforce shortage and curb clinician burnout as it enables providers to spend increased 

time on direct patient care. 

 

CONCLUSION 

 

This paper reveals that ChatGPT-4 is able to provide healthcare-related answers just like those provided by human 

professionals, especially the review of their relevance, clarity, and the quality of the distractor. Conversely, general 

forms of AI models showed high degrees of loss particularly in clarity and effectiveness of distractors. In all the 

analyses, knowledge, helpfulness, and empathy were rated by participants as major aspects of the quality of 

responses, with strong correlations present between these aspects. On balance, AI applications such as ChatGPT-

4 can be potentially helpful in facilitating medical education and clinical assessment, yet their role requires human 

intervention to avoid errors and inconsistencies and provide contextually suitable information. 

 

Future Directions 

The future research needs to pay attention to the following aspects: 

• Longitudinal studies of the consistency and reliability of respondent-defended AI responses across time. 

• Bigger, multi-centric samples in various parts of Pakistan in order to enhance generalizability. 

• Testing Incorporating with clinical decision support systems to test applicability in patient care. 

• Assessment of other AI models and timely-engineering plans to maximize the performance in several 

areas, such as empathy and situational relevance. 

• Company information to be investigated: What are the effects of AI-supported training on learning 

outcomes and efficiency of healthcare professionals. 

 

Recommendations 

Use AI selectively: Select the most performance models such as ChatGPT-4 to be a supportive tool when creating 

educational and assessment resources. 

• Human verification: Before AI generated content can be clinically or educationally used, first verified, 

particularly in the case of lower-end AI format applications. 

• Training programs: Introduce medical staff training to use AI products efficiently and realize their 

weaknesses. 

• Development of guidelines: Develop national or institutional standards of the safe and moral application 

of AI in clinical purchasing and in a healthcare education setting. 

 

Implications 

In medical education: AI technologies can be used to lower the workload of faculty on assessment items, 

educational content design, without impacting quality. 



TPM Vol. 32, No. S8, 2025  Open Access 

ISSN: 1972-6325 

https://www.tpmap.org/ 

3090 
 

  

• To practice clinically: AI models of high-quality would potentially assist healthcare professionals 

answering patient questions, evidence-based information, and patient education. 

• To policy and administration: Owing to integrating AI tools in healthcare and education systems in 

Pakistan, it proves that there is a requirement to exercise regulation, quality control, the standardization. 

• To research: Offers a structure on how AI-generated content can be evaluated by use of knowledge, 

helpfulness, and empathy as major dimensions of content as content and are applicable at other low-

resource environments. 

 

Limitations 

• Cross-sectional design: It only provides a period of the AI performance and the surveys of professional 

attitudes; nothing was carried out in the long run. 

• Sample size and scope: The researchers used 197 Pakistani healthcare professionals, which narrows the 

applicability to different countries or more population. 

• Single time-point analysis AI responses were analyzed at a single point; no change or improvement in 

the models with time. 

• Evaluation context: They were evaluated based on situational scenarios, as opposed to actual interactions 

with a patient, so that will limit ecological validity. 

• Model-specific results: ChatGPT-4 and one other general AI model were mostly found to be the most 

represented: it is possible that other AI systems could not be found to so the same. 
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