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Abstract: The deployment of emotion-recognition technologies expands across healthcare
education and gaming sectors to improve human–computer interaction. These systems
examine facial expressions together with vocal tone and physiological signals, which in-
clude pupil size and electroencephalogram (EEG), to detect emotional states and deliver
customized responses. The technology provides benefits through accessibility, responsive-
ness, and adaptability but generates multiple complex ethical issues. The combination
of emotional profiling with biased algorithmic interpretations of culturally diverse ex-
pressions and affective data collection without meaningful consent presents major ethical
concerns. The increased presence of these systems in classrooms, therapy sessions, and
personal devices makes the potential for misuse or misinterpretation more critical. The
paper integrates findings from literature review and initial emotion-recognition studies
to create a conceptual framework that prioritizes data dignity, algorithmic accountability,
and user agency and presents a conceptual framework that addresses these risks and
includes safeguards for participants’ emotional well-being. The framework introduces
structural safeguards which include data minimization, adaptive consent mechanisms, and
transparent model logic as a more complete solution than privacy or fairness approaches.
The authors present functional recommendations that guide developers to create ethically
robust systems that match user principles and regulatory requirements. The development
of real-time feedback loops for user awareness should be combined with clear disclosures
about data use and participatory design practices. The successful oversight of these sys-
tems requires interdisciplinary work between researchers, policymakers, designers, and
ethicists. The paper provides practical ethical recommendations for developing affective
computing systems that advance the field while maintaining responsible deployment
and governance in academic research and industry settings. The findings hold particular
importance for high-stakes applications including healthcare, education, and workplace
monitoring systems that use emotion-recognition technology.

Keywords: emotion recognition; research ethics; data autonomy; algorithmic discrimination;
observer bias; dual-use bias; psychological impact; affective computing

1. Introduction
Research in emotion recognition consists of the design of algorithms that can recognize

the emotional state of a subject from signals such as facial expressions, voice tone, or even
physiological signals like EEG and pupillometry. The purpose is to improve the understanding
of human emotions in order to design better systems that may find their application in
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almost every area of life: healthcare, education, security, or human computer interaction.
For example, Banzon et al. investigated the use of facial expression recognition technologies
in classrooms for the purpose of generating adaptive learning environments according to
students’ emotional states in real time, which would help educators to adapt their teaching
tactics accordingly (Banzon et al., 2024). However, they also pointed out the existing ethical
issues when using affective computing in educational settings, with emphasis on the issues of
privacy, informed consent, and the possibility of improper use of students’ emotional data.
The ethical approaches to human–computer interaction (HCI) research include participatory
and user-centered design, as well as transparency for us as researchers to be able to address
ethical risks when working with humans (Lazar et al., 2017).

The implementation of emotion-recognition systems through wearable technology,
including smartwatches (e.g., Apple Watch, Fitbit), EEG headsets (e.g., Muse), and biometric
wristbands, generates multiple ethical concerns about user consent and data privacy and
psychological effects. Using checklists focused on the ethics behind the data collection can
help ensure users’ autonomy and privacy (Behnke et al., 2024).

Foundational research into affective computing through Rosalind Picard’s seminal
work (Picard, 1997) and human–computer interaction (HCI) studies by Cowie et al. (2001),
which investigated the ethical aspects of emotion identification and response technolo-
gies. The initial discussions about these technologies emphasized three main concerns,
which included user autonomy, emotional privacy, and potential manipulation. Emotion-
recognition technologies have spread across healthcare education and security applications
during recent years, which has led to an intensified ethical dialogue that researchers policy-
makers and ethicists now focus on Banzon et al. (2024); Behnke et al. (2024); Mattioli and
Cabitza (2024).

However, there are numerous ethical issues that emerge when implementing emotion-
recognition technologies, chief among them being the issues of bias, equity, and the potential
for emotional coercion. Various kinds of bias can affect such systems: algorithmic bias
happens when machine-learning models learn the wrong emotion from data and often lead
to racial or gender bias as well as neurocognitive bias in emotion recognition Denecke and
Gabarron (2024). Data collection bias happens when some groups are underrepresented,
which results in the development of models that are not very accurate when applied
to a diverse population Kargarandehkordi et al. (2024). Observer bias poses another
challenge since cultural features affect the way human annotators assign emotional labels
Kargarandehkordi et al. (2024).

The proposed framework includes structural safeguards through adaptive consent
mechanisms and real-time user feedback loops to guarantee transparency and user agency
and emotional well-being. In addition, the issues of bias in interpretation, as well as the
feedback loops, only worsen the ethical problems since they enable the faulty emotion-
recognition outputs to affect real-life decisions in education, healthcare or security (Kar-
garandehkordi et al., 2024).

Psychological and cognitive biases may also have adverse impacts on neurodiverse
people or those with cognitive disabilities, which in turn may adversely affect the efficacy
of these technologies for these users (Kargarandehkordi et al., 2024). The dual-use bias,
however, poses another set of ethical issues since emotion-recognition technologies can be
used for a variety of unethical practices, including surveillance, marketing, or social control
(Elyoseph et al., 2024).

Another ethical issue is regulatory bias, which leads to unsystematic ethical standards
as AI governance may focus on specific sectors or countries and fail to address overall
ethical issues (Elyoseph et al., 2024).
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The use of algorithmic bias is particularly of concern because emotion-recognition
models are poorly prepared to work with cultural and demographic diversity and tend to
produce inaccurate classifications that are discriminatory in nature. A review of transformer-
based multimodal emotion-recognition architectures also showed that varied datasets
improve the accuracy as well as the fairness of the models (Pavarini et al., 2021). Similarly,
a different work showed the necessity of integrating emotional intelligence into AI systems,
but also highlighted possible psychological risks of constant emotional monitoring, such
as loss of autonomy and exploitation (Kissman & Maurer, 2002). The authors recommend
robust regulatory frameworks, improved consent mechanisms, and effective bias mitigation
strategies (Mattioli & Cabitza, 2024). Additionally, since the HCI research presents the best
practices of complying with the guidelines of ethical considerations in the implementation
of HCI systems, the user’s autonomy, informed consent, and transparency of the system
design should also be maintained (Lal & Neduncheliyan, 2024).

Emotion-recognition technologies are expanding rapidly across many fields including
healthcare, marketing, education, and security, which present many opportunities to
improve the user experience and the relation between human and computers. These
systems promise transformative benefits in customer service automation, mental health
diagnostics, and security surveillance, among high profile cases (Dominguez-Catena et al.,
2024; Sidana et al., 2024). However, all these advancements raise significant ethical concerns,
especially for privacy, bias, and emotional manipulation. These issues are compounded
by the sensitivity of the biometric data and the need for comprehensive ethical guidelines
in emotion-recognition research, given recent cases of data misuse and privacy breaches,
as well algorithmic biases (IEEE, 2024; Lakkaraju et al., 2024). The privacy concerns are
further exacerbated by the fact that biometric data is often collected, stored, and used
without an individual’s knowledge (Dominguez-Catena et al., 2024; Durachman et al.,
2024). In addition, current emotion-recognition algorithms have problems with cultural
and demographic shifts, which can result in misclassification (Dominguez-Catena et al.,
2024; Kotian et al., 2024; Sidana et al., 2024).

These essential ethical issues are explored in this paper, which offers a systematic
framework for the responsible application of emotion-recognition technologies. We review
privacy risks, algorithmic fairness, and the psychological effects of being monitored as a
person. We suggest transparency, informed consent, fairness, and regulatory oversight to
protect individual rights while, at the same time, optimizing societal value (Durachman
et al., 2024; Singh & Kamboj, 2024).

1.1. Problem Statement

We are referring to technologies that collect data via devices including sensors or
cameras and statistical models to identify and/or decode the emotional state of a person.
This can be achieved in different ways, such as through electroencephalogram (EEG), which
interprets brain waves, pupillometry, which is the study of the pupil response and gaze
behavior, facial expression coding, and other physiological measures (Barker & Levkowitz,
2024b). These technologies have great potential in various applications including education,
healthcare, and human computer interaction to design emotionally aware systems to
enhance learning, improve healthcare, and design better user interfaces (Banzon et al.,
2024; Florestiyanto et al., 2024; Schrank et al., 2014). Nevertheless, the growing use of these
tools brings about ethical issues such as privacy, informed consent, bias of algorithms, and
cultural sensitivity (Behnke et al., 2024; Kissman & Maurer, 2002; Vlek et al., 2012).

Hitherto, the development of emotion-recognition technologies has been widely dis-
cussed; nevertheless, the social and ethical implications of such technologies have not been
fully addressed. Important issues include protecting the privacy of biometric data col-
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lected and stored, explaining the processes that require consent and obtaining meaningful
consent, and dealing with the biases that affect marginalized populations (Behnke et al.,
2024; Hazmoune & Bougamouza, 2024; Kissman & Maurer, 2002). These challenges shall
not be met by simply designing ethical tools but by incorporating ethical principles into
the design of the systems themselves in order to tackle the perceived issues and increase
acceptance (Muir et al., 2019; Ng, 1997).

1.2. Motivation

The technology for emotion recognition shows great potential to transform educational
settings and healthcare facilities and human–computer interaction systems. In education,
they make it possible to develop smart education environments that adapt to students’
emotions, thus improving the personalized learning processes (Banzon et al., 2024; Jagtap
et al., 2023). In healthcare, these technologies can substantially enhance the diagnosis and
treatment of mental health disorders through the real-time analysis of patients’ emotional
states, which can lead to the development of specific treatment plans based on affective
changes (Lal & Neduncheliyan, 2024; Schrank et al., 2014; Vlek et al., 2012). These technolo-
gies can lead to the development of empathetic and intuitive human–computer interfaces,
which can increase user engagement and satisfaction (Hazmoune & Bougamouza, 2024;
Obaigbena et al., 2024).

The problems of collecting and storing biometric data and its further use are still
relevant, which raises questions among participants concerning the use of the data and its
possible misuse (Behnke et al., 2024; Kissman & Maurer, 2002; Mattioli & Cabitza, 2024). The
integration of emotion recognition into surveillance and marketing strategies increases the
likelihood of its misuse. Deployment is further hampered by issues of informed consent,
especially with passive emotion tracking technologies (Rizzo et al., 2003; Smith et al.,
2025). Also, algorithmic biases sustain oppression of marginalized groups through the
representation of minority groups in training datasets (Dominguez-Catena et al., 2024; Muir
et al., 2019; Sidana et al., 2024). In addition, the cultural variability of emotional expressions
and ethical requirements call for region-specific ethical guidelines to avoid the unfair and
culturally insensitive treatment of participants (Han et al., 2021; Ng, 1997).

This paper is prompted by the necessity to mitigate these ethical issues with a clear
framework for the development and deployment of responsible emotion-recognition technol-
ogy (Pavarini et al., 2021; Rizzo et al., 2003). Lazar argued that “participants must be treated
fairly and with respect” as a principle which is informed by this research to protect the user’s
autonomy and privacy in every emotion-recognition application (Lazar et al., 2017).

2. Related Works
Emotion-recognition technologies are gradually finding their application in almost

every sphere of life including educational institutions and mental healthcare (Banzon et al.,
2024; Florestiyanto et al., 2024). A vast review of the literature on automatic facial emotion
recognition (FER) conducted for this article pointed to the problems of privacy invasion
and equity in real-life scenarios (Mattioli & Cabitza, 2024) while in Behnke et al. (2024), the
authors suggested an ethical framework for affective computing with wearables, focusing
on issues of the subject’s control and data protection. In the educational environment, an-
other study investigated the implications of implementing facial expression recognition in
schools, claiming that the process of monitoring students’ emotions poses ethical concerns
with regard to consent and the possible misuse of personal emotional data (Banzon et al.,
2024). Together, these works underscore the importance of ethical frameworks for the use
of emotion-recognition technologies (Banzon et al., 2024; Behnke et al., 2024; Mattioli &
Cabitza, 2024).
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In their paper, Mattioli and Cabitza (2024) offer a clear and concise categorization of
the major ethical issues associated with automatic facial emotion recognition, which include
privacy, algorithmic bias, psychological impact, and transparency. Research is still ongoing,
e.g., the creation of a standardized multimodal database like Harmonia (Anthireddygari &
Barker, 2024), and emotion-recognition system, such as Thelxinoë (Barker & Levkowitz,
2024a, 2024b), which highlight changing ethical concerns regarding privacy, informed
consent, and algorithmic fairness in emotion-recognition research.

One of the most significant problems in emotion-recognition research is the problem
of algorithmic bias, specifically in facial expression recognition. A study was conducted to
determine the existence of racial bias in FER models, which showed that the accuracy of
emotion classification differs greatly among different demographic groups (Sidana et al.,
2024). However, another study further explored demographic bias in facial expression
recognition datasets and presented fairness-aware data augmentation strategies to improve
the bias in model predictions (Dominguez-Catena et al., 2024). In the last study, we
examined cross-cultural biases in emotion recognition and found that cultural differences
affect the way that people display and convey emotions (Han et al., 2021). These studies
also point to the problem of the lack of diversity in the datasets used for training the models,
which results in the development of the systems that are supposed to be used by a diverse
population. So, we also have to protect the input to make sure that we are not using poor
data, and we have to include more data from a diverse population.

Emotion-recognition technologies are great, but there are some issues that are not
connected with the technologies themselves, for example, psychological and social effects.
The application of emotion-monitoring technologies in psychotherapy raises issues on
patient’s rights, such as autonomy and confidentiality (Muir et al., 2019). In the therapeutic
setting, another study highlighted some potential risks of using memory control strategies
in emotion regulation, and the potential negative impact on individuals’ well-being (Elsey
& Kindt, 2016). Another study investigated the role of spirit in mental health and substance
use disorder treatment, with a particular focus on the ethical issues involved in incorporat-
ing emotion-detection devices into psychological health care (Kissman & Maurer, 2002).
These studies show the wider consequences of having emotional surveillance carried out
to the level that can be used to control how individuals feel and eventually make them do
things they may not want to do.

To deal with these ethical issues, researchers have stressed the importance of ethical data
collection and reporting practices in research (Lazar et al., 2017). A second work examined
the ethical implications of AI-based emotion recognition, calling on policymakers to develop
regulatory measures to safeguard users’ rights (Knight, 2024). Taken together, these studies
highlight the importance of upholding ethical standards in emotion-recognition research.

Banzon suggested ethical recommendations for the school setting, with focus on the
issues of privacy and informed consent (Banzon et al., 2024). Behnke offered an approach
to the problem of privacy, data management, and user engagement in wearable emotion-
recognition devices (Behnke et al., 2024). However, Rizzo et al. (2003) pointed out that
there is a need to strengthen the protection of privacy in psychological interventions, and
Kaiser et al. (2020) pointed out that the technology can be misused for surveillance and
marketing purposes.

Sidana et al. (2024) explained how data-fusion strategies can help reduce bias in facial
expression analysis, and Dominguez-Catena et al. (2024) described tools for assessing the
demographic bias of a dataset. Emotion recognition without addressing these biases would
only serve to perpetuate injustice (Muir et al., 2019; Neethirajan, 2024).

From the literature review, Behnke et al. (2024) stressed the need for well-defined
protocols of sharing data to avoid their misuse, while Elsey and Kindt (2016) discussed
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the ethical risks of using emotion-manipulation techniques. Also, Ng (1997) discussed
the cultural specificity of emotion recognition and suggested that since emotion can be
interpreted differently across regions, there is a need for region-specific ethical guidelines
to avoid prejudice and discrimination.

The continuous tracking of emotions may result in the loss of autonomy, the develop-
ment of stigma, or emotional intimidation (Cartwright et al., 2024). Schrank et al. (2014)
brought positive psychology into the discussion of ethical emotion analysis, while Pavarini
et al. (2021) investigated the use of participatory arts for ethical mental health interventions.

Previous research has investigated specific aspects of emotion recognition, including
studies using wearable devices (Behnke et al., 2024), emotion recognition via AI (Jindal &
Singh, 2025), and implications for mental health (Pavarini et al., 2021; Schrank et al., 2014).
However, these studies have identified biases in such systems (Dominguez-Catena et al.,
2024; Vlek et al., 2012), thus the need for more robust frameworks for fairness.

In their paper, Mattioli and Cabitza (2024) offer a clear and concise categorization
of the major ethical issues associated with automatic facial emotion recognition, which
include privacy, algorithmic bias, psychological impact, and transparency.

This conceptual work fills these gaps by reviewing the literature and recommending
guidelines for ethical design and implementation. Through a systematic review of the
literature on privacy issues, informed consent, and cultural aspects of ethical perceptions,
we seek to contribute to the development of future studies and support the formulation of
integrated ethical frameworks (Pavarini et al., 2021; Rizzo et al., 2003).

3. Conceptual Framework
Emotion-recognition systems have recently attracted much attention but also have the

potential to apply to various sectors such as education, healthcare, and security. Never-
theless, these developments also imply critical ethical issues that demand clear guidelines
for their use. The research presents a conceptual framework which unites technical as-
pects with ethical elements and regulatory requirements to support fair and transparent
responsible emotion-recognition technology development.

The emotion-recognition system workflow diagram presented in Figure 1 shows the
main stages, which start with data collection and end with classification and results re-
porting. The different phases present unique ethical challenges which require specific
design choices for their resolution. The ethical collection of data requires researchers to
protect participant autonomy while using clear participation agreements and implementing
sufficient data-minimization methods. Developers need to actively watch out for both
representational distortions and demographic performance gaps during feature extrac-
tion and model-training processes (Benouis et al., 2024; Dominguez-Catena et al., 2024;
Mattioli & Cabitza, 2024). System deployment requires the implementation of fairness
checks and context-aware design and clear communication protocols to maintain both trust
and integrity.

Figure 2 graphically represents the ten key ethical issues discussed in this paper as
the basic principles of ethical emotion-recognition research. At its heart is an ethical frame-
work that highlights the need for an integrated approach to address the issues inherent
in developing technologies that embed themselves in human lives. With a focus on the
participants, the surrounding components, such as informed consent, participant control,
and psychological impact, address the rights and well-being of research participants. Tech-
nical and societal elements, for instance, bias and fairness, privacy and data protection,
and transparency and contextual awareness are critical. The outer nodes also include
commercialization, regulatory oversight, and dual-use concerns that capture the broader
institutional and systemic factors. The layout of the two sections together shows that the
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ethical practice in this domain is multi-dimensional and therefore needs coordinated atten-
tion to the development, deployment, and governance of emotion-recognition technologies
to be useful and safe for the public.

Figure 1. This figure illustrates a typical emotion-recognition system workflow which shows essential
decision points from data collection to processing and output stages while requiring ethical safeguards
such as participant autonomy and system transparency and accountability (Barker & Levkowitz, 2024a).

Figure 2. Conceptual Framework for ethical emotion recognition. The figure illustrates the ethical
dimensions of privacy, consent, fairness and cultural sensitivity in relation to the central frame-
work established in this study. The links in this figure represent methodological principles that
guide the ethical development and implementation of emotion-recognition technologies in different
application domains.

In order to solve the ethical issues mentioned in the literature on emotion recognition
systems, this paper proposes a conceptual framework that combines technical, ethical, and
regulatory aspects. With the help of the recent studies on algorithmic bias, privacy, and the
psychological effects of emotion-recognition technologies, the framework is designed to
foster the sustainable design and use of these systems. While developing this framework
of the ethical issues in research in emotion recognition, the following areas need to be
addressed: informed consent (Di Dario et al., 2024; Han et al., 2021), privacy and data
protection (Benouis et al., 2024; Jindal & Singh, 2025; Khan et al., 2024; Lin & Li, 2023),
bias and fairness (Dominguez-Catena et al., 2024; Mattioli & Cabitza, 2024; Mehrabi et al.,
2021; Parraga et al., 2025), psychological impact on participants (Han et al., 2021), dual-
use concerns and misuse (Han et al., 2021), transparency and accountability, cultural and
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contextual sensitivity (Mattioli & Cabitza, 2024), commercialization and profit making,
participant control over the data (Behnke et al., 2024), and regulatory compliance and
institutional oversight (Han et al., 2021; Mattioli & Cabitza, 2024). All of these areas are
equally crucial in making sure that the participants are well informed and protected in
an emotion-recognition study because we are dealing with emotions, some of which are
intentional and others not, and some of which are controllable while others are not.

3.1. Informed Consent

According to Behnke, researchers must explain the entire data collection process
including data usage, storage practices, and sharing procedures while participants maintain
the right to withdraw their participation at any moment without facing any negative
consequences (Behnke et al., 2024). Research studies that lack proper participant agency
mechanisms risk violating individual autonomy. The complex nature of affective computing
technology makes it difficult for many participants to understand the complete meaning
of their involvement (Banzon et al., 2024). Di Dario stresses the need for educational
institutions to develop ethical guidelines that start by explaining emotional data practices
to participants while maintaining open communication about their rights and potential
risks (Di Dario et al., 2024).

Smith et al. (2025) emphasize the necessity of user-driven consent management in
decentralized virtual environments, and the need for systems that prioritize autonomy and
clear communication. Their work requires adaptive frameworks that allow individuals to
control their emotional data access, interpretation, and retention at all times. The always-on
nature of emotion recognition in immersive platforms like VR means that initial agreements
are not sufficient; instead, consent must evolve into an interactive, context-sensitive process.
Protecting affective privacy in these settings requires tools that support real-time user
control alongside transparent, user-friendly data-governance mechanisms.

Burgio’s research shows that people with mild cognitive impairment may have trouble
reading facial expressions and this can also be a problem with fully understanding data-
related participation agreements. Neurocognitive limitations, as noted in their findings,
may make it difficult for a participant to understand how their emotional data will be
collected, stored, and used. These findings suggest the need for simplified, accessible
documentation and supportive communication strategies to ensure ethical inclusion and
informed participation in emotion-recognition studies (Burgio et al., 2024).

In AI-based emotion-recognition systems used for mental health interventions, De-
necke and Gabarron stress on the importance of understandable consent procedures (De-
necke & Gabarron, 2024). The study reveals that users may not understand all the ways in
which their sentiment data is being evaluated, which raises concerns about user autonomy
and decision making.

In AI-based recruitment platforms, informed consent has to involve traditional data
protection issues as well as the consequences of the emotion analysis of the video interviews.
Jogi points out that job applicants may not understand how their microexpressions are being
captured and analyzed to determine their authenticity, which requires explicit disclosure
and participant control over their data (Jogi et al., 2024).

As a rule, in any research, the participants should be aware of and willing to participate
in the study. This is especially important for emotion-recognition studies, which imply the
collection of biometric and behavioral data. Previous studies have also highlighted the
importance of simple, easily understandable, and legally valid mechanisms for obtaining
informed consent (Di Dario et al., 2024).

Participants must be informed about:

1. What data is being collected?
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2. How their data will be used.
3. If they have the right to withdraw at any time.

The research highlights that emotion-recognition studies become dangerous to indi-
vidual autonomy and emotional data privacy when proper participant protection measures
are not established. Researchers must provide detailed instructions about the permanent
management of emotional data after the initial consent process. The researchers should
explain their data storage periods and their methods for secure data deletion and the
circumstances that allow data re-use. These practices strengthen participants’ trust and
align with evolving privacy regulations governing biometric and affective data (Denecke &
Gabarron, 2024).

3.2. Privacy and Data Protection

Emotion-recognition systems depend on the use of very intimate information such as
facial expressions, voice frequencies, EEG signals, and autonomic responses. If this data is
not properly disposed of, it can cause a great deal of harm.

Benouis et al. (2024) show a real-world application of privacy-by-design in emotion-
recognition systems. The framework employs federated learning and differential privacy to
store emotional data on user devices while distributing only anonymized aggregated model
updates. The decentralized method reduces the exposure of sensitive affective information
to a great extent and demonstrates the requirement of protective mechanisms in system
architecture from the start.

Fry conducts a legal review of emotion data processing risks while providing GDPR
and other data-protection framework compliance recommendations (Scannell et al., 2024).
The protection methods include anonymization methods that stop personal identification
along with secure storage methods to reduce leakage and role-based access control. Systems
can lack proper protection mechanisms, which makes them vulnerable to various serious
threats including data breaches and identity theft as well as unauthorized emotional
surveillance (Benouis et al., 2024; Jindal & Singh, 2025; Khan et al., 2024; Lin & Li, 2023).

The protection of affective data should be a fundamental principle in ethical emotion-
recognition research. Emotional signals are inherently sensitive and should be processed
with a high level of care to prevent misuse. Khan et al. (2024) and Benouis et al. (2024)
highlight differential privacy and federated learning as essential methods to preserve
emotional data integrity while maintaining system utility. The European Union’s AI Act
together with its proposed regulations serves as a basis for legal accountability in system
operations (Scannell et al., 2024). Surveillance-driven misuse with far-reaching ethical
consequences could occur if protective measures are not implemented (Banzon et al., 2024).

Denecke and Gabarron (2024) highlight that emotional profiling in AI-driven chatbots
for mental health becomes problematic when affective cues extend beyond therapeutic ap-
plications, thus requiring strict control over emotional information access and application.

New privacy risks are raised by multimodal emotion and engagement recognition
systems due to the deployment of highly intimate biometric information. According to
Sukumaran and Manoharan, it is crucial to guarantee the protection of data with regards to
the capturing of students’ affective states from the facial expression, gaze tracking, and eye
blinking techniques in online classes (Sukumaran & Manoharan, 2024).

This paper aims to investigate the compatibility of AI in recruitment, and in doing
so, it reveals new issues regarding privacy and data protection. Jogi explains how to
integrate NLP and emotion analysis to identify microexpressions from video interviews,
posing questions on the reliability of biometric data, the possibilities of its misuse through
emotional profiling, and legal compliance (Jogi et al., 2024).
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Studies involving individuals with cognitive impairments must guarantee very strict
data privacy measures. Burgio’s research points out the dangers of neuroimaging and
affective data collection and calls for stronger privacy measures to prevent the abuse of
biometric and neurological data of vulnerable participants (Burgio et al., 2024).

Personalized affective models enhance the accuracy of the model but at the same
time, pose new privacy risks. Kargarandehkordi argues that such models entail the storage
of the user’s affective data, which if not properly protected, can be misused or accessed
inappropriately (Kargarandehkordi et al., 2024).

3.3. Algorithmic Bias and Fairness

Emotion recognition faces persistent challenges because algorithms demonstrate
inconsistent performance when analyzing different demographic groups. Multiple
studies demonstrate that emotion-recognition systems incorrectly identify emotional
expressions in people with darker skin tones and men and people from different cultural
backgrounds (Dominguez-Catena et al., 2024; Mattioli & Cabitza, 2024; Mehrabi et al.,
2021; Parraga et al., 2025). The source of these disparities includes training data that lacks
diversity together with the incorrect belief that emotional expressions are universal and
insufficient consideration of cultural differences. Researchers need to focus on building
inclusive datasets while developing mechanisms to detect representational imbalances
in model development and conducting regular fairness assessments during deployment.
Through these initiatives, emotion-recognition systems will progress toward reducing
harm and enabling fairer applications.

The fundamental problems of algorithmic justice and representation continue to be
essential concerns for the field. Facial emotion classifiers demonstrate societal prejudices
through their results, which produce racial and gender and ethnic biases according to
multiple studies (Dominguez-Catena et al., 2024; Mehrabi et al., 2021; Parraga et al., 2025).
Mattioli and Cabitza challenge the “universality hypothesis” because it establishes rigid
emotional-expression relationships which hides how emotions manifest differently between
cultures (Mattioli & Cabitza, 2024). Parraga demonstrates that deep-learning models trained
with unrepresentative populations tend to fail at generalization, which leads to persistent
performance gaps between demographic groups (Parraga et al., 2025). The field needs to
implement broader data strategies combined with context-aware models and sustained
predictive equity audits to address these disparities.

In emotion recognition, algorithmic fairness has to take into account differences in the
level of cognitive function. Burgio reported that people with mild cognitive impairment
have distinct emotional processing, which means that AI models should be trained on
numerous people, including those with neurocognitive disorders, to prevent bias in the
classification process (Burgio et al., 2024).

The evaluation of deployed systems for bias in real-world settings requires regular
independent algorithmic audits in addition to designing representative datasets. The audits
should include fairness metrics across demographic groups and be conducted by third-
party evaluators to enhance transparency and accountability (Dominguez-Catena et al.,
2024; Mattioli & Cabitza, 2024).

Large-scale emotion-recognition models are usually not accurate in identifying emo-
tions in various populations because of the existing bias in the training data. Kargaran-
dehkordi shows that personalizing the ML models can help reduce such biases by cus-
tomization of the recognition process to the specific emotional responses of the subject
which in turn increase the fairness and decrease the chances of misclassification (Kargaran-
dehkordi et al., 2024).
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This paper finds that algorithmic bias in sentiment and emotion analysis can have
crucial implications for fairness and equity in mental health care. According to Denecke
and Gabarron, it is possible that the use of inaccurate datasets during the training
of chatbots can lead to incorrect emotional perception and, therefore, the incorrect
categorization of individuals based on their cultural and psychological differences
(Denecke & Gabarron, 2024).

Emotion recognition and engagement models are known to be biased towards the data
used in their training, which can lead to inaccurate predictions for a given population. In
addition, Sukumaran and Manoharan discuss the problem of insufficient data for engage-
ment recognition, with a specific focus on online education, and highlight the importance
of expanding the dataset to prevent the exclusion of certain populations in the assessment
process with AI-based tools (Sukumaran & Manoharan, 2024).

Automated hiring processes are convenient; however, they may continue existing
biases in the training data. Jogi pointed out that ML-based job recruitment and emotion
analysis models may prefer some candidates over others and recommended bias auditing
and fairness-oriented model reconfiguration in the case of automated hiring (Jogi et al., 2024).

Societal biases are incorporated into and, in some cases, perpetuated by AI systems.
Elyoseph argue that GenAI is also biased in learning from human cultures and that there is a
need to have a constant watch on the use of AI in emotion recognition (Elyoseph et al., 2024).

3.4. Psychological Impact on Participants

Emotion-recognition research is often conducted with no regard to the psychological
consequences of the studies. It is possible that participants will feel uncomfortable with
being watched, the system may misidentify their emotions as negative, and they will be
unsure what is being done with their feelings. Narimisaei’s research looks at the effects
of using AI-driven emotion-recognition systems and reveals possible negative impacts on
users’ mental health (Narimisaei et al., 2024).

Ethical research has to include a de-identification of participants, for example through
a debriefing, to make them aware of the impact of the study, to provide information on
where participants can find support for their mental health in case they need it, and to
ensure that participants are informed of the purposes for which their data will be used. The
consequences of not considering the psychological implications of these systems could be
adverse, especially in critical settings such as mental health diagnosis.

It is crucial to assess the psychological implications of using the emotion-recognition
systems that we design and the data collection and testing processes as part of the user
evaluation process (Han et al., 2021; Narimisaei et al., 2024). The psychological implications
of emotion-recognition technologies are another ethical concern. Narimisaei et al. (2024)
raises concerns about the emotional discomfort that participants may experience whenever
their emotions are misunderstood by the AI models. In high stake settings such as education
where emotion recognition is applied for student’s engagement monitoring, there is a high
probability of emotional manipulation and adverse psychological effects (Banzon et al.,
2024). According to Muir, it is crucial to incorporate mental health aspects into the design of
affective computing systems in order to avoid humiliating and potentially harmful scrutiny
of users’ emotions (Muir et al., 2019).

People with cognitive impairments are likely to have problems with emotion recogni-
tion that may cause them psychological distress when using affective computing systems
(Morellini, 2022). These factors should be taken into consideration by the researchers and
thus participants should be properly briefed and given mental health information (Burgio
et al., 2024).
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Autonomous engagement recognition systems are negative in effect to the students’
psychological development through constant affective state tracking. Sukumaran and
Manoharan explained that students may experience discomfort with the knowledge that
their face and eyes are being watched and controlled, and thus, ethical issues in AI-based
learning environments (Sukumaran & Manoharan, 2024).

Emotion-recognition models, including those that use a personalized approach, shape
users’ behavior and perception of the environment. Kargarandehkordi argued that the
integration of emotion recognition in the user interface may pose ethical problems as users
may rely on the emotional state as identified by AI and this may have adverse psychological
implications (Kargarandehkordi et al., 2024).

Elyoseph opined that GenAI offers a way of engaging in emotional interactions in
a human-like manner, which in turn results in the user developing an emotional de-
pendence that may have adverse psychological implications (Elyoseph et al., 2024). In
emotion-recognition research, this raises ethical questions about the kind of interaction that
participants have with the AI models in the study, so that participation is always a positive
experience and not a form of exploitation.

The following issues were identified: stress and dependence on the emotion-
recognition systems based on AI are becoming a problem. In Denecke and Gabarron
(2024), they discussed how users may rely more on chatbots for emotional support and
may avoid seeking help from human mental health professionals, which leads to increased
social isolation. There is a need to examine the psychological implications of using the
emotion-recognition systems that we are developing as well as the data collection and
testing processes (Narimisaei et al., 2024).

The effectiveness of emotion-recognition technologies presents another ethical issue.
Narimisaei also pointed out that participants may feel angry or upset when their emotions
are misdiagnosed or misunderstood by the AI models (Narimisaei et al., 2024). In education,
where emotion recognition is used for student engagement analysis, there are concerns of
emotional manipulation and other psychological risks (Banzon et al., 2024). According to
Muir, it is crucial to incorporate mental health factors into the implementation of affective
computing systems to avoid putting users in a position of emotional surveillance or distress
(Muir et al., 2019).

People with cognitive impairments who have mild cognitive impairment (MCI) face
difficulties in emotion recognition, which results in psychological distress and miscommu-
nication when using affective computing systems (Morellini, 2022). These factors should be
taken into consideration by the researchers and therefore participants should be properly
briefed and given mental health information (Burgio et al., 2024).

The automated engagement recognition systems are detrimental to the psychological
development of students as they monitor and interpret students’ emotions. Sukumaran
and Manoharan stated that students may experience discomfort with the knowledge that
their facial expressions and eye movements are being tracked, and this calls for ethical
consideration of the use of AI in learning environments (Sukumaran & Manoharan, 2024).

The interaction between users and emotion-recognition models, especially those that
are personalized, affects the two parties in the desired manner. Kargarandehkordi et al.
(2024) argued that emotion recognition may pose ethical issues if the user relies on the
emotional state provided by the AI, which may have adverse psychological implications.

In emotion-recognition research, this raises ethical concerns about the kind of interac-
tion that participants have with the AI models in the study, in that the interaction should
be positive and not negative in any way.

Studies have revealed that people with cognitive impairments have problems in emo-
tion recognition, which may lead to psychological problems when using the affective
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computing systems. Burgio also pointed out that these factors should be taken into consid-
eration by the researchers and therefore participants should be properly briefed and given
mental health information (Burgio et al., 2024).

The ethical strength of these technologies increases when participants receive psycho-
logical support resources for any unexpected emotional distress they experience during
or after studies (Pavarini et al., 2021; Schrank et al., 2014). The psychological implications
of the use of AI in recruitment are considerable. Jogi discuss issues on stress levels of
candidates who are subjected to real time emotion analysis during job interviews and raise
ethical concerns about transparency and the mental health of applicants (Jogi et al., 2024).

3.5. Dual-Use Concerns and Misuse

This paper considers emotion-recognition technology as having a dual-use potential,
that is, it can be used for better or worse purposes. Although it can benefit mental health
care, it can also be used for surveillance (tracking emotions in public spaces), workplace
monitoring (monitoring the emotions of employees without their knowledge), and ma-
nipulative marketing (understanding emotions to show particular advertisements). This
technology needs to be regulated to avoid its misuse (Han et al., 2021). As with the guide-
lines for ethical deployment of virtual reality suggested earlier, our approach focuses on
ensuring openness, voluntary participation, and the involvement of affected parties to
avoid the abuse of the technology (Raja & Al-Baghli, 2025).

The dual-use issues and possible misuse of emotion-recognition systems only increase
the ethical issues. Although these technologies can be used appropriately in mental health
care and human computer interaction, they can also be used for surveillance and behavioral
control (Han et al., 2021). Kleinrichert’s application of emotion recognition in the workplace
for performance management has important ethical implications for employee control and
choice (Kleinrichert, 2024). The main focus of the field of affective computing is mainly
commercial and this is usually in a bid to achieve profit (Knight, 2024).

Emotion-recognition technology is beneficial in the clinical environment; however,
it has its dangers. Narimisaei et al. (2024) explain how the use of sentiment analysis
in chatbots can be misused for marketing purposes or surveillance without the user’s
knowledge, and therefore needs legal framework.

The use of emotion recognition in recruitment platforms also comes with certain risks
of dual use. Jogi points out that if emotion-analysis technology is adopted for hiring
purposes, it may be used for other purposes such as constant emotional monitoring of
employees or selfish workplace analytics (Jogi et al., 2024).

The use of AI in emotion recognition is increasing and this brings with it several
problems of abuse. Elyoseph explained that in GenAI, the copying of human behaviors
leads to ethical issues in areas such as surveillance, entertainment, or business where the
AI-generated emotions are used manipulatively (Elyoseph et al., 2024).

There are dual-use risks in the deployment of AI for engagement tracking. Although
these models are useful in helping the teachers know the level of attention of the students,
Sukumaran and Manoharan explain that there are ethical issues that may arise when the
systems are used for surveillance or punishment, thus raising issues on student’s rights
and permission (Sukumaran & Manoharan, 2024).

3.6. Transparency and Accountability

In order for emotion recognition to be trusted, it has to be explainable. However,
many of the current systems are black box approaches and it is tough to understand how
they understand emotions, what data they use, and whether they are biased. To this end,
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researchers should provide comprehensive information about their models, use explainable
AI (XAI), and make it possible for other people to review the models.

This paper aims to contribute to the discussion of how to achieve transparency and
accountability in the development and usage of emotion-recognition technologies. At
present, many AI models used for emotion recognition are black box models, which
make it hard to understand the reasons behind the classifications made (Hazmoune &
Bougamouza, 2024). Cartwright’s research also supports the use of XAI techniques to
increase the understandability of affective computing systems (Cartwright et al., 2024), and
furthermore, external audits and ethical review boards should be established to watch over
the proper use of these technologies (Behnke et al., 2024).

The complexity of modern AI emotion-recognition models poses a threat to classic
ethical concepts such as accountability and understanding. Elyoseph points out that with
the growing role of AI in decision-making processes that were previously the domain of
human cognition, it is crucial to address the issue of accountability in the ethical use of
such technologies (Elyoseph et al., 2024; Scannell et al., 2024).

The use of interpretable models in AI-based emotion recognition is vital for the ethical
use of the technology. Kargarandehkordi recommends classical ML methods over deep
learning to enhance the explainability of the model and further stresses the need to make
AI decisions more understandable and justifiable (Kargarandehkordi et al., 2024).

This paper aims at contributing to the discussion on how to achieve transparency in
emotion-recognition models to increase trust and better implement ethical AI. Sukumaran and
Manoharan propose an ‘Engagement Indicator’ algorithm that combines different biometric
features and, therefore, highlight the importance of understanding the method used to
calculate the engagement score to avoid covert decisions (Sukumaran & Manoharan, 2024).

3.7. Cultural and Contextual Sensitivity

Emotional expressions are very culture specific. What is the anger face in one culture
may mean confusion in another culture (Mattioli & Cabitza, 2024). Most current emotion-
recognition systems do not consider this, which results in incorrect emotion-recognition of
people from different cultural groups. To increase the cultural relevance of the research,
it is crucial that diverse populations are engaged in the data collection process, and the
models should be able to interpret the input in the context of the culture (Banzon et al.,
2024; Mattioli & Cabitza, 2024).

Cultural and contextual sensitivity is another important aspect of ethical emotion
recognition. Facial expressions and emotional gestures are very much a function of cultural
norms and practices, yet most current systems are ignorant to this fact (Mattioli & Cabitza,
2024). Han also explored how regulatory focus and emotion-recognition biases differ across
cultures, affecting negotiation behaviors and interpersonal interactions (Han et al., 2021).
To enhance cultural sensitivity, researchers should design self-adapting models that include
the cultural dimensions of emotional display (Banzon et al., 2024).

3.8. Commercialization and Profit Driven Motives

A large number of companies are trying to create emotion-recognition technology for
the purpose of commerce and there is no regard to ethics. Ethical risks are linked to the
lack of control of users over their data, the surveillance risks of consumer applications, and
the use of personal emotions in advertising. It is important that in this rapidly developing
area, ethics must be considered alongside commercial interests.

3.9. Participant Control over the Data

Participants should have the right to control their data, i.e., the right to decide who
can use the data, how the data will be stored, and whether the data can be deleted (Behnke
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et al., 2024). Ethical research should guarantee that participants can opt out at any time,
that the data is not shared without the participant’s consent, and that the participant knows
how the data collected is being used.

3.10. Compliance with the Regulatory Authorities and Institutional Oversight

This paper argues that governments and regulatory bodies should issue specific guide-
lines on how to design emotion-recognition systems responsibly (Han et al., 2021; Mattioli
& Cabitza, 2024; Scannell et al., 2024). Some of the main recommendations are as follows:
having independent ethics boards to review new technologies before they are implemented,
strict rules for using AI in critical areas like healthcare, and independent reviews of data
protection measures and representational fairness prior to system deployment in the market.
Thus, there is a need for strong regulatory oversight in order to make these technologies to
be ethical, safe, and fair.

As emotion-recognition technologies are being applied in consumer applications,
regulatory frameworks must guarantee better user rights and protections (Scannell et al.,
2024). Without these safeguards, the prospect of having emotional data exploited for
commercial and political purposes remains high (Knight, 2024).

Table 1 summarizes the core ethical issues addressed in this paper and links them
to the best practice of informed consent, privacy, fairness, bias, and user trust. This short
summary gives clear and easily implementable guidelines for ethical practice in the con-
duct of emotion-recognition research to researchers and practitioners. In integrating these
considerations into one easy to use table, the critical regions that need to be addressed con-
sistently in order to achieve ethical integrity and public confidence in emotion-recognition
technologies are made apparent.

Table 1. The figure presents a summary of basic ethical practices in emotion-recognition research, which
includes proactive engagement, protective system design, and trust-centered human interaction.

Conceptual Framework
Areas Accuracy & Fairness Bias Mitigation User Trust & Participation

Informed consent Banzon et al. (2024);
Cartwright et al. (2024)

Privacy and data
protection

Cartwright et al. (2024);
Muir et al. (2019)

Bias and fairness
Banzon et al. (2024);

Hazmoune and
Bougamouza (2024)

Banzon et al. (2024);
Hazmoune and

Bougamouza (2024)

Psychological impact on
participants

Muir et al. (2019); Schrank
et al. (2014)

Dual-use concerns and
misuse

Banzon et al. (2024);
Cartwright et al. (2024)

Banzon et al. (2024);
Cartwright et al. (2024)

Transparency and
accountability

Cartwright et al. (2024);
Muir et al. (2019)

Cartwright et al. (2024);
Muir et al. (2019)

Cultural and contextual
sensitivity

Banzon et al. (2024);
Hazmoune and

Bougamouza (2024)

Banzon et al. (2024);
Hazmoune and

Bougamouza (2024)
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Table 1. Cont.

Conceptual Framework
Areas Accuracy & Fairness Bias Mitigation User Trust & Participation

Commercialization and
profit-driven motives Cartwright et al. (2024)

Participant control over the
data

Cartwright et al. (2024);
Muir et al. (2019)

Regulatory compliance and
institutional oversight

Banzon et al. (2024); Muir
et al. (2019)

Banzon et al. (2024); Muir
et al. (2019)

4. Methodology
Our methodology is guided by three primary hypotheses. First, we believe that

emotion-recognition systems that use multimodal information (facial expression, voice, and
physiological signals) are more accurate and equitable than unimodal systems (Hazmoune
& Bougamouza, 2024). Second, including culturally rich datasets decreases algorithmic bias
and therefore improves equitable outcomes for various demographic groups (Hazmoune &
Bougamouza, 2024). Third, we believe that publicly available and easily understandable
consent mechanisms enhance participants’ trust and compliance in emotion-recognition
research (Cartwright et al., 2024). In line with these hypotheses, we developed our method-
ological approach to address the ethical challenges identified in the previous sections of the
paper in a systematic manner.

4.1. Literature Selection and Review Strategy

The research used a narrative conceptual review method to analyze the data. A
peer-reviewed literature search was performed across databases Scopus, IEEE Xplore,
PubMed, and Google Scholar. The research used the following search terms: emotion
recognition, affective computing, ethics in AI, privacy in emotion AI, algorithmic bias in
emotion detection, and emotion AI and consent. The selection of papers depended on
their ethical focus on emotion-recognition technologies and their coverage of multiple
application fields including education and healthcare and surveillance and their conceptual
insights into fairness and transparency and informed consent and data protection. The
review includes a wide range of influential recent studies from 2020 to 2025 together with
essential foundational texts by Cowie et al. (2001); Picard (1997). The main emphasis was
on recent literature but older sources were added when necessary to support conceptual
foundations and historical background.

4.2. Conceptual Framework to Methodological Principles Mapping

The conceptual framework identifies ten ethical areas in emotion-recognition research,
each linked to one or more of three core methodological principles: accuracy and fairness,
bias mitigation, and user trust and participation. These mappings are detailed in Table 1
and visually represented in Figure 3, with each linkage supported by current literature.

All ten ethical areas are directly related to user trust and participation. Ethical domains
such as informed consent, psychological impact, and cultural sensitivity show particularly
strong alignment with this principle. Others—such as dual-use awareness, transparency,
and regulatory compliance—span multiple methodological principles, demonstrating the
interconnectedness of ethical challenges in this field. This layered distribution illustrates
the complexity and interdependence of ethical considerations in the development and
deployment of emotion-recognition systems.
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Figure 3. Methodological gaps in ethical emotion-recognition research.

Research indicates that emotion-recognition systems, which process multiple input
modalities including facial expressions and voice and physiological signals achieve su-
perior accuracy and fairness compared to systems that rely on single input modalities
(Hazmoune & Bougamouza, 2024). It has been established that the use of culturally en-
riched datasets significantly minimizes bias in algorithms and leads to fair outcomes for
different population groups (Banzon et al., 2024; Hazmoune & Bougamouza, 2024). Accord-
ing to Cartwright et al. (2024), open and easily understandable consent processes should
enhance participants’ confidence and cooperation in emotion-recognition studies.

This paper proposes a holistic approach to the ethics of designing, implementing,
and deploying emotion-recognition systems, with a focus on fairness, accountability, and
transparency. The proposed approach involves evaluating the ethical risks and possible
solutions to the risks, which will be used in the deployment of emotion-recognition systems
(Parraga et al., 2025; Scannell et al., 2024). At its core, our methodology suggests a practical
checklist approach, based on ethical best practices, which can be used by researchers to
guide the design and implementation of their studies (Lazar et al., 2017). The remaining
subsections expand on the specific measures that can be taken to address these ethical
issues effectively.

4.3. Transparency Through Interactive Dashboards

Transparent reporting and visualization contribute directly to accuracy, trust, and non-
bias in performance monitoring processes (Cartwright et al., 2024; Muir et al., 2019). Such
dashboards provide stakeholders with real-time insights into how these systems use and work
with the data. The visualizations of the data flows and the algorithmic decision making are
shown, such as how the inputs like facial expressions, vocal tones, or physiological signals
are analyzed. This is especially important in educational settings because the transparency
means that the tools for affect detection in classrooms are ethical and do not have provisions
for violating students’ privacy or autonomy (Banzon et al., 2024).
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4.4. User Empowerment Through Consent and Data Management Tools

Empowerment mechanisms are consistent with ethical compliance by putting control
in the hands of participants, thus contributing to bias mitigation through explicit, trans-
parent data practices (Cartwright et al., 2024; Muir et al., 2019). It is therefore essential to
empower users to make informed decisions about their participation for ethical compliance.
Web-based consent forms provide simple and easy to read language of the information
about the data collection and its use and other purposes for which the biometric data will
be used (Behnke et al., 2024). The interactive applications allow the users to set their prefer-
ences and opt out of certain type of data usage or erasure of data. This is in consensus with
the recommendations made by Behnke on informed consent and good data management
in wearable technologies (Behnke et al., 2024). This way, through dynamic feedback and
customization options, users are in control of their personal information and challenges to
autonomy and misuse.

4.5. Stakeholder Education and Ethical Awareness

Increased ethical awareness helps to reduce biases and achieve more equitable algo-
rithmic decisions by making stakeholders aware of the possible sources of biases and the
effects of biases (Banzon et al., 2024; Cartwright et al., 2024; Hazmoune & Bougamouza,
2024). Educational tools are crucial in the promotion of ethical practices for developers,
researchers, and end users. Cartwright argued that there is a need to include emotional
intelligence and ethical thinking in the development of emotion-sensitive learning algo-
rithms (Cartwright et al., 2024). These resources are developed with specific target groups
in mind, so that the ethical principles are understood and easily applied.

4.6. Ethical Oversight Through Virtual Audits and Stakeholder Engagement

Ethical oversight mechanisms guarantee continuous conformity to fairness standards
and the stakeholder engagement increases the ethical credibility of the research processes
(Cartwright et al., 2024; Vigil et al., 2024). Mechanisms that check emotion-recognition
systems’ compliance with the relevant rules at all stages of the product life cycle are
useful. Virtual ethical audits replicate real-world conditions to determine the possible
risks and to assess the controls in place to mitigate such risks. As pointed out by Vigil,
an interdisciplinary approach is critical for solving complex ethical issues that can occur
in various application areas, including the use of emotion recognition for animal welfare
(Vigil et al., 2024).

4.7. Continuous Monitoring and Compliance Mechanisms

Measures increase the confidence of the users and other stakeholders and also ensure
that the rules of the game and the laws are well followed (Banzon et al., 2024; Muir
et al., 2019). The mechanisms for ethical compliance should be built into the processes to
enable the monitoring of ethical compliance in real time. The system performance and
user feedback can be displayed on the ethical dashboards, and issues such as algorithmic
biases or data breaches are addressed promptly. Using built-in features that send alerts
to administrators to indicate possible ethical violations allow taking action immediately.
According to Neethirajan, the inclusion of feedback loops in the system design improves
trust and accountability as the system’s ethical practices are updated in line with the
technology (Neethirajan, 2024).

4.8. Implementation and Evaluation Strategy

Fairness, bias mitigation, user satisfaction, and regulatory compliance are the evalua-
tion metrics for ethical implementation and achieve ethical consistency in various settings



Psychol. Int. 2025, 7, 43 19 of 24

to develop a clear, ethical framework (Hazmoune & Bougamouza, 2024; Parraga et al., 2025;
Scannell et al., 2024). The proposed conceptual framework will be tested in practice during
pilot studies in various application domains, including education, healthcare, and public
safety. For instance, Hazmoune and Bougamouza highlighted the need of an unbiased and
inclusive dataset for improving the performance of the multimodal emotion-recognition
systems (Hazmoune & Bougamouza, 2024).

5. Potential Impact on Society
Using emotion-recognition systems that are both transparent and fair can help educa-

tors understand students’ emotions which in turn can help in adapting learning strategies
to the needs of diverse students (Banzon et al., 2024). However, the implementation of
these systems is not without its challenges, and the ethical considerations include user
understanding, equitable design, and accountability in emotion processing need to be
addressed (Banzon et al., 2024; Cartwright et al., 2024).

Emotion-recognition systems are thus seen as potential tools for personalized diag-
nosis and treatment in healthcare settings, which are most useful in mental health care,
for instance, in the management of emotional numbing and enhancement of therapeutic
processes (Muir et al., 2019). However, such applications raise critical ethical issues
including those to do with patient privacy, autonomy, and well-being (Muir et al., 2019;
Rizzo et al., 2003).

Lastly, the more general social deployment, including safety, security, and surveillance
uses, only stresses the importance of ethical oversight and accountability in the case
of emotion-recognition technologies (Cartwright et al., 2024; Rizzo et al., 2003). Thus,
continuous ethical oversight, transparent data management, and stakeholder engagement
will be crucial for the ethical integration of emotion-recognition technologies into society.

6. Future Works
The recent transformer-based multimodal emotion-recognition approaches show

promising results in combining different data types including facial, vocal, and physiologi-
cal signals to improve both accuracy and demographic equity (Hazmoune & Bougamouza,
2024). Further research on these models may help to reduce bias across populations and
support more realistic, inclusive deployment in real-world settings.

The current state of emotion-recognition research methodological convergence ap-
pears in Figure 3, which shows the relationships between predictive accuracy, demographic
robustness, and stakeholder engagement. The 0% value in stakeholder engagement demon-
strates an essential research practice deficiency because it shows that user trust and partic-
ipatory design and real-world feedback mechanisms are currently absent from research
methods. The absence of trust and user participation in practical methodological frame-
works demonstrates an underlying equity deficit which affects both design and evaluation
processes. Future research needs to focus on resolving these disparities especially those
concerning inclusion and outcome consistency to create ethically resilient and socially
aligned systems. The development of reliable emotion-recognition technologies requires
standards that integrate these methodological dimensions.

Another important area is the improvement of culturally enriched datasets in order to
increase the robustness of the algorithms. The reduction of the bias in the datasets with
respect to the demographic factors including age, ethnicity, and cultural background will
greatly enhance the accuracy and fairness of the emotion-recognition systems (Kissman
& Maurer, 2002). In addition, this increased diversity will allow the researchers to design
algorithms that are less likely to be biased and more likely to be effective in a variety of
emotions and environments (Behnke et al., 2024).
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The application of ethical frameworks in real conditions also needs further investiga-
tion. The pilot studies in educational and healthcare organizations can help to concretize the
assessment of algorithmic fairness, user satisfaction, and the ethical impacts of deploying
these technologies (Hazmoune & Bougamouza, 2024; Schrank et al., 2014). Formulation of
policy guidelines for the use of emotion-recognition technologies, such as wearables, will
be useful in protecting the privacy, consent, and equity of the users (Behnke et al., 2024).

Emotion-recognition research and implementation are complex and the understanding
of the ethical issues in this area is complex, thus contribution from psychology, computer
science, ethics, and policy making is needed (Pavarini et al., 2021; Rizzo et al., 2003). This
approach guarantees that the progress being made is holistic and sustainable and that it
addresses the needs of society as a whole. In general, the examined emotion-recognition
technologies have many advantages, but the right design and use of these technologies
require further partnership, research, and reflection on ethics, power, and equity (Banzon
et al., 2024; Jagtap et al., 2023; Thieme et al., 2015). Future research could build on the
ethical issues discussed here by reviewing the ethical frameworks that have been proposed
for virtual reality, in order to develop more comprehensive guidance for the new types of
interactive technologies (Raja & Al-Baghli, 2025).

The new system-level emotion-recognition approaches of Harmonia (Anthireddygari
& Barker, 2024) and Thelxinoë (Barker & Levkowitz, 2024a, 2024b) demonstrate how ethical
safeguards can be built into the fundamental architecture of these systems. These projects
demonstrate the need to link technological progress with changing ethical requirements in
practical use cases.

7. Conclusions
This work proposes a unified ethical framework for emotion-recognition research,

involving ten key considerations across the stages of design, implementation, and deploy-
ment of emotion-recognition systems as shown in Figure 2. At the level of the individual,
the framework emphasizes knowledge and participant autonomy with regard to informed
consent, so that individuals know and can control the use of their emotional data. It
also guarantees privacy and data security by ensuring that emotional data is protected
according to the data protection laws. The consideration of the psychological effects of
these technologies is also included to avoid negative emotional effects or stress that may be
incurred by the users.

On a broader system level, the framework recommends equity by addressing algorith-
mic bias, which is backed by more representative datasets that include a wide cross-section
of populations (Kargarandehkordi et al., 2024). It advocates for the consideration of cultural
factors in the development and use of emotion-recognition systems, as a way of respecting
the fact that what is considered as emotional, and how it is expressed and interpreted,
is culturally determined. The implementation of periodic ethical audits and compliance
reviews after deployment is suggested by ongoing research on algorithmic fairness and
system transparency (Hazmoune & Bougamouza, 2024).

The framework also raises concerns on the dual-use dilemma, where useful technolo-
gies can be reverted for negative purposes like surveillance or control (Elyoseph et al.,
2024). To ensure the credibility of the public, emotion data should be collected, interpreted,
and used openly and it should be possible to trace and attribute system decisions to their
source. Additionally, the ethics of commerce are also discussed to ensure that the business
vision does not overshadow the ethical principles and that vulnerable populations are
not taken advantage of in the name of innovation (Elyoseph et al., 2024). Ultimately, a
strong set of regulations is identified as crucial to guarantee the practice of these principles
(Denecke & Gabarron, 2024). Therefore, these tenets can be regarded as a strong package
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of safeguards against foreseeable misuse and harm, which will help to maintain a proper
balance between the respect for human dignity and the development of technology.

The process of turning ethical principles into actual protective measures needs more
than theoretical work; it requires coordinated participation that goes beyond academic
environments. The EU AI Act serves as a foundation for policymakers to expand existing
regulations because it already identifies emotion recognition as a high-risk category that
needs strict monitoring (Denecke & Gabarron, 2024). The successful transition from ethical
theory to operational practice depends on institutions implementing complete governance
tools, which include dynamic participant agreements and built-in data safeguards and
fairness auditing mechanisms and public-facing accountability measures.

The ethical integration process depends heavily on developers and industry leaders to
lead its advancement. The design philosophy should be based on proactive responsibility,
which includes user-facing control mechanisms and cultural sensitivity evaluations and
rigorous testing for demographic reliability before deployment. Developers need to main-
tain ongoing disclosure regarding the complete processing and storage and interpretation
procedures for affective data. A trustworthy development lifecycle requires technologists
to understand their accountability through ethics reviews and stakeholder feedback loops
and formal impact assessments at every stage of system design.

Hence, the cooperation of regulatory bodies and technology developers is impor-
tant: policymakers provide the adaptive governance and management, while developers
implement and sustain these values in the day to day design decisions. In this way, emotion-
recognition technologies can be developed in a socially acceptable and humane way with
built-in mechanisms to address ethical concerns when they appear.

For the future, this work also shows several key directions for further research of the
ethical basis of emotion recognition. A major contribution in this regard is the generation
of new, more representative and diverse datasets that include a wider range of subjects
and emotional displays to increase the diversity of the samples used to train emotion-
recognition models (Kargarandehkordi et al., 2024). This is also true for the need of
longitudinal research to explore the lasting positive and negative psychological impacts on
people who use emotion-sensing systems on a daily basis.

These would help to reveal any long term trends in effects on well being, trust, and
behavior that may not appear in short term experiments, and thus reveal thresholds for safe
use and application. Researchers should focus on the real-life testing of the proposed ethical
framework by applying it to the pilot projects of emotion-recognition systems. Applying
these ethical principles in practice—in schools, workplaces, healthcare, or other real life
settings—will help to reveal the specific problems and will help to adapt the guidelines
based on the actual experience of how the harm can be avoided.

This type of evaluation is important for transferring theory into practice and moving
beyond simply stating good practice. Finally, there is a critical need for adaptive regulation
that is able to keep up with the fast pace of development of emotion AI. Regulatory and
oversight bodies should be reviewed and revised from time to time in the light of new
technologies and experiences in the field (Denecke & Gabarron, 2024).

The proposed framework needs to be adaptable to accommodate regular updates of
new technologies while maintaining built-in safeguards and fairness-enhancing capabilities.
Global coordination is essential, as many emotion-recognition systems are deployed across
borders and require consistent oversight. To prevent regulatory blind spots, international
bodies and national governments must align legal and ethical standards with emerging
technological developments through continuous review and proactive policy adaptation.

Thus, the ethical framework suggested in this paper, together with the proposed
actions and future studies, can be considered as a step by step guide to the ethical use
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of emotion-recognition technologies. By anticipating these principles, policymakers and
developers can reduce the ethical risks that currently exist and are likely to arise in the
future, and thereby promote public confidence in emotion AI. The continued focus on
ethical design and management of these innovations in emotion recognition will make sure
that the developments in this field are contributing to the public benefit and upholding
people’s rights and dignity, thus ensuring that the technology in question is evolving in tune
with the needs and expectations of the people it affects. The ethical framework should stay
flexible while undergoing periodic assessments for updates that address new technological
challenges and applications (Raja & Al-Baghli, 2025). The framework provides a path to
turn ethical theory into measurable practice through its integration of system design and
governance principles that include accuracy and bias mitigation and user trust.
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