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Abstract: 

Large language models are increasingly presented as emotionally intelligent systems that can adjust 

tone and mimic empathy in healthcare, education, customer service, and companionship. These 

advances promise greater accessibility, engagement, and affordable support, but they also raise 

important ethical concerns. Can machine-generated empathy be considered genuine, and what are the 

risks when people form attachments, share personal emotions, or depend on these systems during 

moments of crisis? This paper reviews current progress in emotionally responsive LLMs, highlights 

key ethical challenges such as authenticity, manipulation, dependency, bias, and privacy, and identifies 

critical gaps in evaluation, regulation, and cultural inclusivity. Without thoughtful design and 

safeguards, emotionally intelligent AI may reinforce bias, encourage unhealthy reliance, and enable 

new forms of emotional exploitation. 
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1. INTRODUCTION 

The idea of emotionally intelligent artificial intelligence has gained momentum with the development of 

advanced large language models such as GPT-4o, Gemini, and Claude. These systems are not only able to 

process and generate text but can also adjust tone, detect sentiment, and produce responses that appear 

empathetic. Companies are promoting their use in areas ranging from healthcare chatbots and tutoring 

platforms to customer service assistants and digital companions. 

The appeal is clear. Emotionally responsive systems may provide support at scale, reduce barriers to access 

in education and healthcare, and make everyday interactions with technology feel more natural. At the same 

time, they introduce complex ethical questions. Do these systems truly offer empathy, or do they only simulate 

it? What happens when users build attachments, disclose sensitive information, or rely on these systems during 

vulnerable moments? 

This paper examines the current state of emotionally intelligent LLMs through both technical and ethical 

perspectives. It reviews foundations in affective computing, surveys real-world applications, and explores the 

ethical challenges of authenticity, manipulation, dependency, bias, and privacy. It also identifies research gaps 

in evaluation, regulation, and cross-cultural inclusivity, and argues for principled safeguards to guide 

responsible design and deployment. 

 

2. TECHNICAL BACKGROUND: EMOTION IN AI SYSTEMS 

2.1 Affective Computing Foundations 

The study of emotion in artificial intelligence began with the field of affective computing [1], which aims to 

equip machines with the ability to recognize, interpret, and simulate human emotions. Traditional pipelines 

for affective computing rely on three main layers. The input layer gathers multimodal signals such as speech 

prosody, facial expressions, physiological markers, and text. The feature extraction layer processes these 

signals using models such as convolutional and recurrent neural networks for vision and audio, or sentiment 

classifiers for text. The decision layer maps features onto emotional categories such as Ekman’s basic 

emotions or more nuanced continuous models of valence and arousal. 
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While these systems established the groundwork, they often struggled with generalization. Emotional 

expressions vary widely across individuals, cultures, and contexts [2]. Traditional approaches also depended 

heavily on supervised learning with relatively small, curated datasets, limiting robustness in real-world 

settings. 

2.2 Integration with Large Language Models 

Large language models have extended the capabilities of affective computing in two key ways. First, they can 

act as emotion detectors. Through fine-tuning and prompt engineering, LLMs infer emotional states from 

language patterns. For instance, a model may recognize that a phrase like “I feel drained and hopeless” reflects 

sadness even if the wording does not match typical sentiment training data. Some research integrates 

sentiment embeddings directly into the attention layers of transformers, allowing models to track emotional 

cues across long contexts. 

Second, LLMs can serve as emotion generators. They adapt not only the content of their responses but also 

their tone, pacing, and narrative framing. Reinforcement learning with human feedback has been used to align 

these generated responses with human expectations of empathy. For example, instead of replying to “I failed 

my exam” with a neutral answer, an aligned LLM might respond, “I am sorry to hear that. It can be really 

discouraging, but it does not define your abilities.” These generative abilities make LLMs feel more 

emotionally attuned than traditional systems, even though the underlying process is statistical rather than 

experiential. 

2.3 Multimodal Emotion Models 

Recent advances in multimodal LLMs have broadened the scope of emotion recognition and generation. 

Models such as GPT-4o, Gemini 1.5, and LLaVA can process not only text but also images, audio, and in 

some cases video. This makes it possible to detect emotional states from facial expressions, body language, 

and vocal tone, and then respond with contextually appropriate affect. 

However, this multimodal integration raises significant challenges. Emotion is expressed differently across 

cultures and neurotypes [2], and training data often reflects narrow demographics. For example, facial emotion 

datasets are disproportionately drawn from Western populations, which can lead to misclassification when 

applied globally. Similarly, prosody recognition often fails for speakers with accents, speech impairments, or 

atypical intonation. These biases risk compounding inequalities if not carefully addressed. 

2.4 Benchmarks and Evaluation 

Evaluating emotionally intelligent systems is more complex than measuring accuracy in translation or 

summarization. Current benchmarks focus on sentiment classification accuracy, using standard metrics such 

as precision, recall, and F1 score. Some researchers have adapted human empathy scales, like the CARE 

measure of empathy in clinical encounters, to evaluate conversational AI [4]. Others rely on user studies 

where participants rate trust, comfort, or perceived empathy in dialogues. 

Despite these efforts, the field lacks standardized benchmarks that measure long-term impact on users. Most 

evaluations are short-term and context-limited, ignoring questions such as whether interacting with an 

empathetic chatbot improves well-being over months, or whether it risks creating dependency. Developing 

robust evaluation frameworks that capture both technical performance and human outcomes remains a major 

gap. 

 

3. APPLICATIONS OF EMOTIONALLY INTELLIGENT LLMS 

Emotionally intelligent large language models are moving quickly from research prototypes into real-world 

use. They are appearing in healthcare, education, customer service, companionship, and even workplace tools. 

Each application shows how these systems can make interactions feel more natural and supportive, but they 

also raise new risks. 

3.1 Healthcare and Therapy 

● Use cases: Mental health chatbots such as Woebot and Wysa [3] that draw on Cognitive Behavioral 

Therapy, and clinical tools that track patient emotions over time. 

● Benefits: Provide immediate, low-cost, and stigma-free support, help people in regions with limited mental 

health resources, and give clinicians more detailed emotional histories. 

● Risks: Limited ability to handle crises such as suicidal thoughts, lack of nuance in sensitive conversations, 

and unclear responsibility when systems fail to escalate urgent cases. 

3.2 Companionship and Social Interaction 
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● Use cases: Digital companions like Replika, as well as social robots in elderly care, that simulate long-

term relationships. 

● Benefits: Reduce loneliness, provide conversation partners for socially isolated individuals, and create a 

sense of continuity in daily life. 

● Risks: Users may develop deep attachments, confuse simulated empathy with genuine care, or experience 

distress when updates alter the AI’s behavior. 

3.3 Customer Service and Sales 

● Use cases: Virtual agents in retail, banking, and telecommunications that adapt tone based on customer 

sentiment. 

● Benefits: Improve customer satisfaction, calm frustration, and make interactions feel more personal. 

● Risks: Potential for emotional manipulation [5], especially in encouraging purchases, with little 

transparency about how emotions are being used commercially. 

3.4 Education and Tutoring 

● Use cases: Intelligent tutoring systems that adjust explanations based on student mood or motivation. 

● Benefits: Personalize learning experiences, help struggling students feel supported, and challenge 

advanced learners with more complex material. 

● Risks: Bias against non-Western or neurodiverse emotional expression [2], misinterpretation of student 

engagement, and concerns about storing sensitive emotional data. 

3.5 Workplace and Productivity Tools 

● Use cases: Assistants in email, meeting platforms, or project management software that suggest 

empathetic wording, monitor team morale, and offer well-being feedback. 

● Benefits: Improve collaboration, encourage respectful communication, and flag early signs of burnout. 

● Risks: Emotional monitoring can become a form of workplace surveillance [6], with data influencing 

performance evaluations and eroding trust if not handled transparently. 

 

4. ETHICAL DILEMMAS 

The rise of emotionally intelligent large language models brings opportunities for more supportive and 

human-like interactions, but it also introduces complex ethical challenges. These systems do not simply 

process information; they interact with human emotions in ways that can blur the line between genuine care 

and simulation. The dilemmas below highlight the most pressing issues. 

4.1 Authenticity and Simulation 

● Emotionally intelligent LLMs do not feel empathy; they generate responses that appear empathetic [8]. 

● This raises the question of whether presenting simulated care as genuine support is deceptive, and whether 

users deserve disclosure about the nature of the interaction. 

4.2 Manipulation and Exploitation 

● By recognizing when a person is vulnerable or emotionally charged, LLMs can adapt language to 

influence decisions. 

● In commercial contexts, this opens the door to persuasive nudges that may push users toward purchases 

[5] or commitments they would not otherwise make. 

4.3 Dependency and Psychological Harm 

● Users, particularly children, the elderly, or those experiencing loneliness, may form strong attachments to 

emotionally responsive systems. 

● Over time, reliance on artificial companionship can displace human relationships, creating unhealthy 

dependency and even distress when the system changes or fails. 

4.4 Bias and Cultural Misinterpretation 

● Emotion recognition is shaped by training data, which often reflects narrow cultural and demographic 

norms. 

● Misclassifications are common for non-Western expressions, neurodivergent individuals, or atypical 

communication styles, leading to unfair treatment and reinforcing stereotypes [2]. 

4.5 Privacy of Emotional Data 

● These systems often log user emotions and conversations to refine future responses. 

● Emotional data is highly sensitive, yet current privacy regulations do not clearly protect it [6], leaving 

space for misuse in commercial or political contexts. 
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4.6 Responsibility and Liability 

● In high-stakes situations such as mental health crises, emotionally intelligent systems may fail to provide 

adequate support or escalation. 

● It is unclear whether responsibility lies with developers, deploying organizations, or the model itself, 

creating a gap in accountability frameworks. 

 

5. RESEARCH GAPS 

Even as emotionally intelligent large language models grow more advanced, several important gaps remain 

in how they are designed, studied, and governed [7]. 

5.1 Evaluation Standards 

Most evaluations still look at short-term performance, such as whether a system correctly detects sentiment 

in a message or whether a user feels the response is empathetic in a single interaction. What is missing are 

measures of long-term outcomes. For instance, do people feel less lonely or better supported after months of 

use, or do they become overly dependent on the system? Without these kinds of benchmarks, it is difficult to 

judge whether these tools truly improve well-being. 

5.2 Scalability of Human Oversight 

Many systems rely on human review or intervention in high-stakes situations, such as when a user shows 

signs of crisis. This is valuable but not sustainable at scale. With millions of users, it is not practical to depend 

on human oversight alone. More work is needed on automated safeguards that can reliably recognize when 

professional help is needed, while still ensuring that people in serious distress are not left without support. 

5.3 Bias and Inclusivity 

The data used to train emotion recognition models often reflects narrow cultural and demographic patterns. 

As a result, emotions expressed by people from different cultural backgrounds, or by neurodivergent 

individuals, are frequently misinterpreted. This can lead to responses that feel dismissive or inappropriate, 

especially in areas like education or healthcare. Creating more inclusive datasets and testing frameworks that 

account for diversity is a key research priority. 

5.4 Legal and Regulatory Frameworks 

Emotional data falls into a gray area of privacy law. While regulations such as GDPR or HIPAA protect 

certain categories of personal information, they do not clearly cover emotional states, tone, or conversational 

histories. This leaves space for companies to store and use emotional data in ways users may not expect. There 

are also no clear standards requiring companies to disclose when empathy is simulated, which can make it 

difficult for users to know what kind of interaction they are having. 

5.5 Trust and Long-Term Relationships 

Most studies focus on short-term trials, but little is known about what happens when people interact with these 

systems over longer periods. Trust may strengthen, fade, or turn into dependence, and these dynamics are not 

well understood. Long-term research is especially important for vulnerable groups such as children, older 

adults, and people with mental health challenges, who may be more likely to form strong attachments. 

 

6. TOWARD ETHICAL DESIGN PRINCIPLES 

Designing emotionally intelligent large language models requires more than technical optimization. Because 

these systems interact with human emotions, their design must be guided by ethical principles that protect 

users from harm while enabling positive outcomes. The following principles outline a foundation for 

responsible development 

6.1 Transparency and Disclosure 

● Users should be told when empathy is being simulated rather than experienced. 

● Clear disclosure helps avoid deception and gives users the ability to decide how much trust to place in the 

system. 

6.2 Safeguards in High-Stakes Use 

● In areas such as mental health, emotionally intelligent systems should include escalation mechanisms that 

connect users to human professionals when risk is detected. 

● Automated safeguards can help ensure that vulnerable users are not left unsupported in crisis situations. 

6.3 Fairness and Inclusivity 
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● Models should be trained and tested on data that reflects cultural and neurodiverse variations in emotional 

expression. 

● Regular audits are needed to check for bias and to ensure that no group is disadvantaged by 

misinterpretation of their affective signals. 

6.4 Boundaries and Healthy Use 

● Systems should include design features that remind users they are interacting with an artificial agent. 

● Guardrails such as usage limits or prompts that encourage users to maintain human connections can reduce 

the risk of over-dependency. 

6.5 Protection of Emotional Data 

● Emotional states, tone, and conversational histories should be treated as sensitive data similar to health 

information. 

● Strong consent mechanisms, anonymization, and restrictions on secondary uses are necessary to prevent 

misuse. 

 

7. FUTURE RESEARCH AGENDA 

Closing the current gaps will require both technical progress and deeper collaboration across disciplines. 

Several areas stand out as priorities for future research. 

7.1 Stronger Benchmarks for Emotional Intelligence 

Existing benchmarks mostly assess whether a system can recognize sentiment in text or generate a response 

that sounds empathetic. These measures overlook the broader effects on users. Future benchmarks should 

evaluate outcomes such as user trust, perceived authenticity, and changes in well-being after longer 

engagement [4]. Including cross-cultural and neurodiverse perspectives will also be crucial to avoid narrow 

definitions of empathy. 

7.2 Long-Term Impact Studies 

Research has so far focused on short experiments or controlled trials. What remains unknown is how people’s 

relationships with these systems evolve when used daily for months or years. Long-term studies can reveal 

whether emotionally intelligent models help reduce loneliness and stress, or whether they encourage 

dependency and reduce human-to-human connection [7]. Such work is especially important for vulnerable 

groups like children, older adults, and those with mental health challenges. 

7.3 Collaboration Across Disciplines 

Understanding emotion requires more than computer science. Psychologists can help define what counts as 

supportive interaction, ethicists can explore the limits of simulated empathy, and cultural researchers can 

highlight variations in how emotions are expressed and interpreted. Bringing these perspectives together will 

help ensure that emotionally intelligent systems reflect human diversity and ethical priorities, not just 

technical feasibility. 

7.4 Emotion in Multi-Agent Systems 

As language models are deployed in groups of agents that negotiate, collaborate, or compete, questions 

emerge about how emotional cues are represented and shared. A healthcare system, for instance, might involve 

an empathetic triage agent coordinating with scheduling and diagnostic agents. Research is needed to 

understand how emotions influence coordination in such ecosystems and how human users respond to 

multiple emotionally aware agents working together. 

7.5 Policy and Governance 

Emotional data sits in a gray area of regulation. Future research can guide policymakers on how to classify 

and protect this type of information, whether it should be treated like health data, and how companies should 

disclose when empathy is simulated. Clear governance will be especially important in commercial settings, 

where emotionally responsive systems may be used to influence consumer choices [8]. 

 

8. CONCLUSION 

Emotionally intelligent large language models stand at the frontier of human–AI interaction. They offer the 

promise of personalized support, companionship, and empathy at scale, yet they also carry serious risks if left 

unchecked. The potential for manipulation, unhealthy dependence, and exploitation makes clear that 

safeguards are not optional. This review has shown the need for better evaluation methods, stronger regulatory 

frameworks, and ethical design principles that protect users while allowing innovation to move forward. As 
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these systems begin to take on more emotionally charged roles in healthcare, education, and daily life, the 

way they are designed will determine whether they become tools for care and connection or sources of harm. 

 

REFERENCES: 

[1] Picard, R. W. (1997). Affective Computing. MIT Press. 

[2] Barrett, L. F., Adolphs, R., Marsella, S., Martinez, A. M., & Pollak, S. D. (2019). Emotional expressions 

reconsidered: Challenges to inferring emotion from human facial movements. Psychological Science in 

the Public Interest, 20(1), 1–68. 

[3] Inkster B, Sarda S, Subramanian V: An Empathy-Driven, Conversational Artificial Intelligence Agent 

(Wysa) for Digital Mental Well-Being: Real-World Data Evaluation Mixed-Methods Study, JMIR 

Mhealth Uhealth 2018;6(11):e12106 

[4] Mercer SW, Reynolds WJ. Empathy and quality of care. Br J Gen Pract. 2002 Oct;52 Suppl(Suppl):S9-

12. PMID: 12389763; PMCID: PMC1316134. 

[5] Susser, Daniel, Roessler, Beate, and Nissenbaum, Helen. "Technology, autonomy, and manipulation". 

Internet Policy Review 8.2 (2019).  

[6] Mittelstadt BD, Floridi L. The Ethics of Big Data: Current and Foreseeable Issues in Biomedical 

Contexts. Sci Eng Ethics. 2016 Apr;22(2):303-41. doi: 10.1007/s11948-015-9652-2. Epub 2015 May 

23. PMID: 26002496. 

[7] Timothy W. Bickmore and Rosalind W. Picard. 2005. Establishing and maintaining long-term human-

computer relationships. ACM Trans. Comput.-Hum. Interact. 12, 2 (June 2005), 293–327. 

https://doi.org/10.1145/1067860.1067867 

[8] Coeckelbergh, M. (2020). AI Ethics. MIT Press. 

 


