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Machine learning/natural language processing and emotions:
Some ethical considerations

Vaclav Jezek!

Abstract

This article examines how machine learning and natural language processing impact human emotional
development. The main thesis is that a reciprocal relationship exists by programming machines with specific causal
categories, we shape how they interact with us, and in turn, these machines influence human environments and
emotional experiences. This mutual shaping can encourage reductionist views by both humans and machines. To
address ethical concerns arising from this interaction, we emphasize the need to recognize the context and relativity
of emotion recognition technology. Emotions are inherently indeterminate and cannot be fully captured by any
single framework.
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Introduction

In this article, we focus on the ethical and technical challenges at the intersection of machine
learning, language processing, and emotion. Our main argument is that if designers of these
systems do not thoroughly account for the complexity of human emotions, both technology
development and people will be affected. Machine learning systems do more than process
human information—they also actively shape human behavior and perceptions via feedback
loops. Initially, machine learning treated human traits linearly, but modern approaches aim to
be more holistic. We assert this relationship is fundamentally reciprocal and continually
evolving as humans define machine processes, machines also influence human emotional
experiences, with both shaping each other’s development.

Machine learning and language processing
Two principal factors warrant consideration when analyzing online texts. First, searches may
be intentional, where users seek specific information, or unintentional, when data present
themselves without deliberate effort. Second, any search inherently involves interaction,
leading to subsequent change. Over time, the distinction between the searcher and the object of
the search becomes increasingly ambiguous.

The human mind uses association, a core element in both human thinking and machine
learning. We understand and categorize things through association and context. This forms our
emotional framework. Whether these things are real or imagined matters less. Their perceived
impact on emotion is similar to how machines use associative data. It reflects how machines
process associative data. For instance, Charles Darwin could not imagine emotion without its
‘physical’ expression and vice versa. He identified an association between a mentally ill woman
and her ‘disorderly’ appearance (Darwin, 1897, p. 296), highlighting the link between mental
states and physical manifestations.

In both machine learning and natural language processing—and in Darwin’s view—there
must be a connection between emotions and their physical manifestations. Without this,
computation or analysis is not possible. One way to establish this connection is by devising
emotional lexicons with defined emotional meanings. Language models can then capture
common language patterns, such as those identified in BERT. Use definite emotional content
for an emotional term. But this is not always accurate. Machine Learning methods, such as the
bag-of-words representation, help machines analyze texts by assuming term frequency
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indicating possible emotional content. At a basic level, things are more complex. Even terms
such as “love” are not always “emotionally” charged. On the human level, terms or expressions
acquire emotional content through complex associations or relativizations. From an ethical
perspective, some sites use various ways to associate terms to provoke an emotional response.
For instance, one website about Indian religious systems uses the title: “The Science of Self-
Realization”.> Combining “Science” with “Self-Realization” creates more emotional impact
than either word alone.

In this regard, the research of Hughes et al., who explored books from past centuries (using
the Project Gutenberg Digital Library), has shown that “content-free words” acquire meaning
through context, including conjunctions, articles, and pronouns. The combinations of “content-
free” words and words with specific content display a vector of similarity (Hughes et al., 2012).

Other research methods can be used to assess other aspects in similar analyses. For example,
the research of Twenge et al., using Google’s Ngram database, concluded that there was an
increase in “individualistic words” at the expense of “communal words” in American books in
the last decades of the twentieth century (Twenge et al., 2012). Later, Acerbi et al. used Google’s
Ngram database to analyze the mood of books over the past century. They found periods of
happiness and sadness. More importantly, the use of mood words decreased. This matches a
decline in emotional words in literature. Acerbi concludes the words may have changed, not
simply decreased (Acerbi et al., 2013).

The key distinction between machines and humans is that machines assume a strict
correspondence between form and content, while humans engage more dynamically with
meaning. In textual analysis, the relationship between meaning and form in machine analysis
remains fixed by initial criteria. As a result, machine-generated emotional data reflects the
parameters established at the outset, whereas humans interpret and adapt these relationships
more flexibly. They are more attuned to human emotional ‘“unexpectedness” and
unpredictability. It uses various models, such as the Dimensional emotional model. This model
represents emotions in three parameters: valence, arousal, and power (Denecke et al., 2024, p.
2). In the categorical model, emotions are defined discretely. Examples are anger, sadness, and
fear (Denecke et al., 2024, p. 2). Emotional analysis is now a more complex method than
popular Sentiment analysis. It does not focus solely on positivity, negativity, or neutrality, as
Sentiment analysis does (Munezero et al., 2014). The growing appreciation for “emotional
intelligence” makes things more complex. It can work at the level of complex neural networks
(Serrat, 2017). These include variables that are difficult for machines to compute (Allahyari,
2020).

As these examples show, emotionality is not an inherent quality of seemingly emotional
terms. Drawing from the theory of Special Relativity, emotions—Ilike physical phenomena—
are context-dependent and subject to change. Technically and ethically, inaccurate machine
learning can affect human emotional development. Therefore, algorithms should prioritize
contextual accuracy to prevent unintended negative effects since any functions can be limited
to the variables and forms they are constructed with. On a basic level, for example, 2+2 = four
is a valid rational assumption. However, it is limited in time and space to numbers 2 and 4, as
well as its context, temporal goal, expression, and form. The equation is a valid node that can
link to other valid, enclosed nodes. Another example is 3+3 = six. This is a separate node, not
necessarily connected to the first equation, if treated as another point in a node framework. In
human terms, my grief is something I feel and therefore exists. But it is not necessarily linked
to someone else’s happiness, which is just as real for them. Both emotions are valid, but they
are not automatically related.

This is a fundamental aspect of human psychology. Human responses to emotional stimuli
are subject to change; repeated exposure to emotionally provocative images, for example, may
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cultivate emotional resilience or alter emotional reactivity. Recent advancements in models,
such as Large Language Models with anthropomorphic properties or “Emotional Alignment”
(Huang et al., 2024), attempt to address heterogeneity in emotional responses; nonetheless,
these models continue to encounter challenges in accurately representing the dynamic nature of
human emotions, as such variables are difficult to algorithmically model.

A more serious challenge, however, is not only the inability of machine learning to fully
capture the range of emotions. The potential effects of large volumes of emotional information
on individuals have received little research attention. Only recently have studies begun to
address these implications in professional environments, indicating the need to account for them
in future work. Effective computing attempts to address potential flaws in emotional analysis
by using broader datasets, incorporating psychological knowledge, and not only textual material
but also video, audio, and related media. Here, multimodal sentiment analysis (MSA) can
combine text and images, texts and audio, or images and audio, with combinations of all
(Pandey & Vishwakarma, 2024). Recognizing emotion remains challenging, so more analytical
methods are being developed. For sentiment analysis, aspect-level (feature-level) methods add
more features for deeper review. Some approaches are used in mental disorder research or when
working with convolutional neural networks (Monisha et al.,, 2023). However, preset
mathematical models cannot always account for the role of chance in data.

There are projects that aim to circumvent the limits of predetermined categorization, such as
the Automatic Sentiment Analysis in the Wild (SEWA-EC H2020), which seeks to offer a more
complex analysis of human behavior by adopting specific machine learning and other
techniques (www.sewaproject.eu).

Emotions and machine learning
As we have emphasized, the two-way process between the human being and the Machine entails
also “emotional” consequences for the human being. The human being forms a language that
Artificial intelligence can understand. This language is usually of a “rational” kind. However,
Artificial intelligence does not necessarily adapt itself to human emotionality.

Some indication of this can be gained by, at least for now, growing clusters of sporadic
inferences. Here, for example, Almashraee notes: “The majority of reviewers, e.g., Facebook
users, bloggers, or Twitterers, express their emotional opinions using rational words rather than
emotions” (Almashraee et al., 2016). These authors have developed a formula for computing
rational statements as emotional ones and vice versa, PMI (o-w,e-w)= log, where P(0-w) is the
probability of the opinion-word, P (e-w) is the probability of the emotion, and P (o-w,e-w) is
the probability of both opinion-word and the emotion to co-occur (Almashraee et al., 2016).

Here, we may add that, generally, probability theory hinges on the N infinite number of
possibilities. In emotion and its variations and combinations, this can also be a valid
consideration.

The computation of emotions cannot automatically mirror all the possibilities. Deilamsalehy
observes that “in some cases, NLP models are so good that we can confuse consciousness with
intelligence. One thing to keep in mind is that these models have seen the entire corpus of the
internet. However, data does not automatically demonstrate “happiness” (Dooley, 2025).

In assessing the role of emotions in machine learning, we encounter a fundamental problem
that has long been a stumbling block in general psychology: what emotions are. For our
purposes, suffice it to say that while an individual can experience emotion, we assume that
emotions entail two sides. A human being cannot experience emotions in an autogenic way for
long.

Defining emotions is notoriously difficult. Ekman identifies some emotions such as
“amusement, anger, contempt, contentment, disgust, embarrassment, excitement, fear, guild,
pride in achievement, relief, sadness/distress, satisfaction, sensory pleasure, and shame”.
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However, his scheme depends on the categories he chose (Ekman, 1999, p. 56). His models
have been criticized as limited, due to his view of human behavior (Coppini et al., 2023).
Current research has developed broader categories, such as the Dimensional theory, which, for
example, assesses human emotional interaction with landscapes (Bakker et al., 2014).

The possibilities of emotions are related to the eye of the beholder. Emotions can include
touch, blood flow, blood pressure, facial expressions, infrared aspects of the body, body
movement (proprioceptive data), gait, haptic data (force sensors), speech expression, nervous
reactions, sexual arousal, and others. The most important consideration for our purposes is that
emotions are dynamic, not static. Thus, they change and evolve over time, and each person can
experience them with varying intensity and character. Obviously, this dynamism creates
problems for Machine Learning. For example, each text can be emotionally experienced
differently by different people and change over time. Further, there is no automatic
correspondence between facial expressions, other expressions, and internal emotionality.

Emotions can be characterized more reductively in relation to basic brain functions. Barrett
observes:

A brain implements an internal model of the world with concepts because it is
metabolically efficient to do so... So the brain constructs an online concept of
happiness, not in absolute terms, but with reference to a particular goal in the situation
(to be with friends, to enjoy a meal, to accomplish a task), all in the service of allostasis.
This implies that “happiness” has a specific meaning, but its specific meaning changes
from one instance to the next (Barrett, 2017, p. 11).

Barrett’s suggested contextualization of brain function again confirms the complexities of
emotional variables and our stress on the relativity and contextual variability of emotions.

One of the fundamental conclusions that stems from Machine Learning is that emotion and
reason are partners and are related to each other. For example, if I am presented with a nice
book on the World Wide Web, I can decide to buy it based on my rational assessment that it is,
in fact, good, and on my emotional disposition, which leads me to feel a consequent emotional
positivity toward this book. Or I can feel emotion when I see a war image, which leads me to
the rational conclusion that war is bad. The symbiosis of reason and emotion was already
important in ancient Greek thought; suffice it to mention Thucydides (Visvardi, 2012).

Now this traditional symbiosis is being rediscovered through Appraisal theory, which sees a
relationship between cognitive functions and emotion. Reason can stimulate emotion, and
emotion can stimulate reason. My current emotion may result from pure reason, or it may be
stimulated by an emotional predisposition. Here, emotions can paradoxically have all the
features of rationality and vice versa (Du Toit, 2014). There is something called “reasonable
emotion”. The well-known neuroscientist Antonio Damasio sees a link between functional
rationality and emotions. Without emotions there essentially cannot be a rational decision
(Damasio, 2020).

All these considerations are important for new possibilities in calculating and understanding
the relationships among image, perception, expression, and so on. In the nineteenth century,
William James proposed a new view of emotions, suggesting that the relationship between
cognition/rationality and emotion could be bidirectional, in which an experienced emotion can
have rational consequences. He writes:

Our natural way of thinking about these standard emotions is that the mental perception
of some fact excites the mental affection called the emotion, and that this latter state of
mind gives rise to the bodily expression. My thesis, on the contrary, is that the bodily
changes follow the PERCEPTION of the exciting fact directly, and that our feeling of
the same changes as they occur IS the emotion (James, 1884, p. 190).
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Here, the basic criticism of modern technology that it creates “non-reality” is not the
problem. This is because, in human psychology, “unreal”/“real” constructions existed before.
For example, I can fall in love with an unreal mental construction (falling in love with a female
I met but no longer see). For technological assessment, all my real or unreal concepts that I
form are factors to be computed and have no qualitative differential in terms of Machine
approaches. However, “true reality” is related to consciousness, which is what really
differentiates us from machines at this point.

The main ethical problem that emerges in our context is that a distortion between emotion
and rational assessment can create a condition of emotional numbness, similar to that of
psychiatric patients with various conditions. This can lead to an inability to identify one’s
emotions. The Toronto Alexithymia Scale identifies the difficulties people have in identifying
their emotions.

If there is any positivity in Machine Learning regarding emotions, it is confirmation that the
best way forward is to see emotions as essentially located between two sides or two people.
This allows for appreciating the complexities of the possibilities involved.

Broader ethical concerns
Unsurprisingly, ethics in Artificial Intelligence is becoming increasingly important in academic
literature (Ciuverca, 2024). In terms of broader emotional or sentiment analysis we must ask
the question of what its underlining goals are. As we have seen, problems arise when machine
learning ceases to be an observer and becomes a producer of emotions and other human
characteristics.

Further, as we have implied contextuality and relativization in machine learning technology
does not enable one single ethical approach. It is a false premise to assume that there is some
kind of infallible ethics or a general ethics for all circumstances. This is a fact recognized by
many authors. One of the solutions proposed by Mohammed is to create multiple ethical sheets.
He observes: “Multiple ethics sheets can be created (by different teams and approaches) to
reflect multiple perspectives, viewpoints, and what is more important to different groups of
people. We should be wary of the world with single authoritative ethics sheets per task and no
dissenting voices” (Mohammad, 2022, p. 241).

Here, ethics to some extent resemble the natural characteristics of Machine Learning itself,
a rapidly and dynamically developing field. As Townsend et al. observe: “As argued by the
Association of Internet Researchers (2012), no set of internet research guidelines can be static,
because technologies and the way that technologies are used are constantly changing.
Consequently, conversations on ethical standards in social media research need to be dynamic
too” (Townsend & Wallace, 2018, p. 196).

Here, for example, the so-called Digital Ethics Canvas

is a visual tool for assessing ethical risks from six ethical perspectives specific to the
digital domain: beneficence, non-maleficence, privacy, fairness, sustainability, and
empowerment...Depending on whether the canvas is used in the design or development
phase or at runtime, mitigation strategies can be artifact- or context-oriented. That is,
the strategies could include changing the technological artifact (e.g., avoid collecting
personal data that is not needed to reduce privacy risk) or changing the usage context
(e.g., ask users to provide a nickname rather than their actual name) (Denecke &
Gabarron, 2024, p. 4).

Apart from general ethical concerns, there is the more concrete problem of machine flaws,
which result in invalid analyses and assessments. We may argue that such flaws can disrupt the
development of human emotions. Flaws include Bias, which can be constructed, inadvertent,
or the result of chance. This relates to bias made through “training data collection, pre-
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processing, or algorithm” (Karoo & Chitte, 2023, p. 2992).

The problems with individual emotional assessment are addressed by machine learning and
by aggregate statistical methods, which we may term pattern analysis. This can be understood
by applying a statistical spiral to, for example, a hundred emails. Through this type of analysis,
a “pattern” of emotionality can emerge. However, this method has its own flaws, as it reduces
the uniqueness of each person to more general considerations and patterns, limiting the freedom
of'such approaches to account for personal variations and to utilize them for further assessment.
Here, logistic regression can serve as a more discriminative classifier than, for example, the
naive Bayes classifier, which is generative (Jurafsky & Martin, 2008).

Of course, a basic ethical concern is privacy. The misuse of personal data and so on.
However, as we have seen, the main problem here is that, even if personal data is not misused
for other purposes, it remains the fundamental building block of all media interaction. It is
almost impossible to avoid being emotionally or otherwise labeled through data processing. All
our searches and choices are automatically stored and further structure the information that we
receive. Here, the problem is not with anonymization but with causality and predetermination.
Paradoxically, we form the machine which then forms us. Further, personal data collected can
be misused or used in the future in ways that are now inconceivable. Here, medical assessments
can be problematic (Saraff et al., 2020). Chatbots can be used to treat psychological medical
conditions. However, data here can be flawed, as can the conclusions (Denecke & Gabarron,
2024, p. 7).

Chatbots in emotional exchanges are fully fledged emotional partners (of course, with their
technical limits), and their benefit or not depends on the level of the person. Emotional
attachment to the Chatbot on a personal level presents a challenge. In 2023, a Belgian man
committed suicide by speaking intensively with Chatbot Eliza. Here, as we have indicated, there
is no point in assessing whether emotions were real or imagined; the point is that all these have
consequences. As we have further implied, the problem of personal information being lost or
misused is not as great a concern as the problem of how the machine interacts with the
individual. Personal information about someone else can just as negatively impact the
machine’s interaction with me as it can with the person in question.

As we have further shown, information related to emotional disposition is dynamic. For
example, I may write on social media that I do not experience love from anyone. The machine
incorporates this information. In the meantime, I find someone who loves me. However, for all
purposes, my data could still show a state of “unlove”, which paradoxically could entail
problems for me or my relationships. Anonymization of personal data can alleviate the
situation, but not necessarily. Further, all automatic emotion recognition systems operate with
specific goals in mind. It is not a philanthropic activity. There is a purpose and goal.

Conclusions

Anyone traveling on public transport can confirm the impact of media on people who are often
fully immersed in their mobile devices. On a basic level, we may argue that nothing serious is
happening. However, these people who are commuting in public are redirecting their emotional
investment from their immediate physical surroundings (the people around them) to something
that is definitely of a different qualitative emotional meaning and value (the mobile phone).
This situation is remarkably like the ethical considerations related to emotions in Machine
learning generally, since at first glance, nothing challenging is occurring.

As we have indicated, one of the important missing assumptions in Machine Learning and
Artificial Intelligence is the fact that there is a two-way process between the Machine and the
human being. It is not only the human being who programs the machine through algorithms,
programs, and so on; this process then reverses itself, and the machine paradoxically expects
the human to behave according to the way human beings have presented their “human behavior”
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to the machine.

In terms of emotions, I can program the machine to offer emotional responses or more
physical responses. However, I will always receive what I expect, not what is necessarily
objective or beneficial to my emotional development. An obvious example would be the
increasing problem of marital crisis, which relates to social media. I can simply choose a partner
on social media solely for my own egoistic emotional needs. This is not only illusory but
destructive. This leads us to another conclusion: that any emotional programming of the
machines is problematic not only because of the possible flaws in such algorithms, but also
because of the inherent, unexplored value, processes, and meaning of emotions among human
beings themselves. The problem of individualism or communion is another issue. The machine
is programmed to give what you expect, but not necessarily what you need.

As we have seen, causality and pre-determinative structures, coupled with machine flaws,
can create an artificial environment of emotionality in machine learning contexts. The nature
of human emotions, their expression, and prevalence do not allow for easy categories. While
contemporary systems allow for a more “natural construction” of emotional recognition,
problems remain (Denecke, 2023). Here, the axiom is that what you seek is what you get. And
further, what you found is what will form you in the future.

Another problem is the dissecting of human characteristics. Here, it would be more useful
to operate on the level of the Person. The Person as a category would allow for a greater
contextuality than simply assessing individual human components. Thus, just because we see
somebody behaving emotionally in one way or another does not usually tell us much about the
person. However, if I know the person, I can contextualize their emotions more objectively.

Further, as we have seen, there can be an algorithmic problem in any emotional analysis. If
emotion is the result of interaction, and I analyze that interaction, my analysis will always be
“limited” to that interaction. This is because in any given interaction, only a limited expression
of emotions is available or possible. By virtue of the “sides” involved. For example, what is
valid in my emotional interaction with my neighbor may not be valid in my interaction with my
wife, and so on. However, any individual interaction can serve as a basis for general node
analysis. Unless, however, this unique node is properly contextualized, it can become a closed
node.

Emotions in the interaction then continue to form another node in a similar analysis. The
same process continues until I reach a limited understanding of the possibilities of emotional
expression. I started with an open, infinite number of possibilities and ended up with a limited
number. This has consequences because it begins to limit the freedom of emotional expression,
understood as an indeterminate mathematical construction. As we have seen, this kind of
unpredictability must be understood by the machine to avoid pitfalls. See figure 1.

Last but not least, emotional recognition can be dangerous in totalitarian frameworks. Here
we may quote an innocent sentence from one article: “Through the analysis of emotional
tendency in online public opinion, governments and enterprises can stabilize people’s emotions
more effectively and maintain social stability” (Xiaojie Li, 2021, p. 1).
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