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Abstract 

This study is the second part of a three-part analysis (if it meets the review requirements) of 

emotions carried out by written documents. These documents were collected from eight students 

who took part in a three-day stock market experiment in January 2025. In the first part of this 

research (1), which was previously published, a lexical approach was used to analyze the words' 

emotional weight in the passages of the written documents. In this study, we considered all the 

passages in order to analyze a single written document for each student. To analyze the 

emotional charges in the documents, three Artificial Intelligences (ChatGPT, Gemini, and 

DeepSeek) have been used, and six queries have been selected. Using emotional couples, our 

results suggest different analytical processes depending on the Artificial Intelligence requested 

and a lack of uniformity in the emotional couples generated, according to the queries selected. 

At least, Artificial Intelligences are able to identify a strong primary and basic emotional trend 

but seem to have trouble capturing more nuanced emotional levels in a consistent manner. 

Using multiple queries does not improve the consistency of the results, and, indeed, the most 

generic query leads to the most uniform results among the selected artificial intelligences. 

 

Keywords: Emotions, Individual Investors, Qualitative Research, Decision- Making, Artificial 
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1. Introduction 

Approaches that integrate Artificial Intelligence into qualitative research are still relatively 

underrepresented in literature, which can be attributed to their recent emergence. Morgan (2023) 

recently investigated the potential application of Artificial Intelligence, such as ChatGPT, in 

qualitative data analysis (2). It evaluates whether ChatGPT can replicate the themes identified in 

previous qualitative studies and concludes that it performs adequately for concrete themes but 

struggles with more nuanced ones. The study emphasizes ChatGPT's user-friendliness and the 

potential time savings it offers compared to manual coding. The author suggests that while 
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ChatGPT can serve as a valuable tool, it should be integrated into a broader analytical framework 

and has the potential to challenge the traditional dominance of manual coding in qualitative 

research: AI would hold considerable promise for qualitative analysis when applied 

appropriately. Since qualitative research involves reducing data into codes and categories to 

facilitate synthesis and interpretation, AI could serve as a valuable tool for generating codes (3), 

provided that queries and parameters are carefully controlled to align with the specific focus of 

the research (4). Furthermore, analyses highlight the significance of prompt design—for instance, 

when using platforms like Amazon Mechanical Turk, a question asking whether a word is 

associated with an emotion tends to yield more accurate results than asking if a word evokes an 

emotion (5). Contributions from qualitative research (2, 6) underscore the potential time savings 

associated with the use of Artificial Intelligence, particularly when compared to the time required 

for manual coding while adhering to a rigorous analysis process (7). However, AI is generally 

more effective at identifying specific, non-interpretative themes rather than more subtle, complex 

ones. Therefore, Artificial Intelligence is likely to be most beneficial in the early stages of 

analysis, such as in creating causal link diagrams (8). When it comes to emotion recognition, the 

complexity and nuanced nature of emotions, combined with the ambiguity of emotional 

boundaries and the incomplete nature of emotional data, makes this distinction particularly 

significant, complicating the task of categorizing emotions within specific categories (9). The 

success of AI-driven qualitative analysis would also depend on the precise presentation of the 

analytical context, adherence to the selected methodological framework, and clear definitions of 

data formats (10-11). Our search question will be written as follows. One of the limitations of 

Artificial Intelligence is its inability to generate emotion (12), so the question that naturally 

comes to mind is its ability to perceive, name, and even measure emotions. 

Do artificial intelligence systems facilitate the reliable identification of emotional patterns in 

written texts, regardless of the AI model used? 

 

2. Methodological Approach, Analysis Procedure and State of the Art 

To address our research question, we analyze written data collected from eight students enrolled 

in Management Sciences at the University of Mons (Belgium), who participated in an experiment 

on trading over three consecutive days (from January 27 to 29, 2025). Using student experimental 

finance is a well-established approach (13-16). However, as noted by Dorn and Sengmueller 

(2009), students who are not directly motivated by the financial value of portfolios could 

overtrade (17). To address this limitation, the adaptations outlined below have been 

implemented. 

The selection of participants was primarily influenced by financial constraints (students were 

paid). During the three days of the experiment, participants were asked to place trades based on 

a portfolio consisting of 40 French stocks (CAC40 index) and a virtual capital of 100,000 euros. 

No specific instructions were provided regarding the number of trades or their volume. 

Additionally, the highest financial portfolio was rewarded to encourage the development of 

differentiated emotional patterns over time. The decision-making experiments conducted since 

2019 contributed to the refinement and enhancement of our experimental protocols. 
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Our methodology is based on experimental finance and supported by qualitative analysis tools. 

Morgan and Hoffman (2021) examine the direction of qualitative-oriented mixed-methods 

research by analyzing citations (18). The authors coded more than 200 empirical studies citing 

this article to determine the types of research designs used. The results support the idea of 

quantitative predominance in mixed methods research. In conclusion, qualitative-oriented mixed 

methods research remains largely underused. Even if qualitative studies are still less used than 

quantitative studies, several studies suggest that they should be given greater consideration, 

particularly when an understanding of human reality is needed (19). Using a combined 

orientation (experimental finance and qualitative analysis) reflects an evolution in the field of 

financial research. Indeed, in the ‘80s, Grether (1981) noted that experimentation was generally 

conducted by researchers in psychology but very little in finance (20). Under the influence of 

behavioral finance and better control of some technological tools, research methods have tended 

to shift (21). Bloomfield and Anderson (2009) also argue that experimentation is underused in 

the financial field but would be useful for testing behavioral finance and biases (22). 

The material collected at the end of this experiment included trading notebooks, data collected 

through participant observation, semi-structured interviews, as well as written documents at the 

end of the experiment aimed at presenting how the experiment had been emotionally 

experienced by the participants. For answering our research question, we will mainly focus on 

this last material. The documents were written spontaneously, just after the end of the 

experiment, so that the emotional connotation was clearly present. The authors were free to 

choose their format, except that they had to focus on the emotional aspects: no instructions were 

given regarding the length of the documents (and in fact the documents vary greatly in length, 

Table 1) or the presentation of the reasons for motivation. 

Table 1. Number of Words in Written Documents 

Participant Number of Words 

1 325 

2 69 

3 151 

4 287 

5 229 

6 249 

7 215 

8 74 

All written documents were processed by three Artificial Intelligences (ChatGPT, Gemini and 

DeepSeek). In order to achieve a high level of understanding of what was required, we selected 

a series of six queries: the first two were very general and focused on identifying central 

emotions in the written documents, the third provided details on the kind of emotions to be 

analyzed (anger, anticipation, disgust, fear, happiness, sadness, surprise and optimism), the 
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fourth presented the general context in which the written documents were collected (three days of 

continuous trading), the fifth provided details on the work environment (a negative stock market 

context) and the sixth took into account the gender of the writer (male or female). The aim is to 

get an increasingly accurate picture of the emotions detected by the Artificial Intelligences after 

each query. Through this approach, we are following the recommendations provided by Zhang 

et al., 2024 (10). Bibliographical references will mainly be mentioned as the queries are being 

presented. 

The queries were structured as follows: 

Query 1: Considering the written document, what is the main emotion that arises? 

This query aims at providing an overall view of the emotional orientation of the written 

document, without taking the prevailing context into consideration. Emotions in a text could be 

detected using an emotion lexicon (such as the NRC Emotion Lexicon), which is based on a 

database associating words with specific emotions. Some models (such as EmoLex) would also 

be able to recognize emotions by analyzing examples that have already been categorized (5). 

These tools nevertheless have limitations since the emotion expressed is not just summarized 

using fixed terminology (23). Moreover, they depend strongly on the quality and diversity of 

words or examples imported (24). Using Artificial Intelligence would therefore integrate 

linguistic, contextual or affective knowledge to understand the emotions in a text (25). 

Query 2: Identify the two main emotions expressed in the written document. 

This query aims at producing a more nuanced view of the written document's emotional 

orientation, without taking the prevailing context into consideration. The objective is to determine 

to what extent the two emotional components have the same charge (positive, neutral or negative). 

One sentence can actually combine several emotions and, as opposed to traditional approaches, 

artificial intelligence can identify emotional nuances (26). 

Query 3: Considering the following eight emotions: anger, anticipation, disgust, fear, happiness, 

sadness, surprise and optimism, which are the key emotions in the written document? Give me 

the corresponding percentages and make sure that the sum of the percentages is equal to one. 

Give me a summary of the percentages. 

Through this query, we try to identify all the emotional forces in the written document (positive, 

neutral and negative) and to achieve a higher degree of detail than in the previous query. It should 

be noted that, compared to the initial classification, we have replaced confidence with optimism 

because confidence could be understood by Artificial Intelligence as a positive emotion 

(overconfidence) or a negative emotion (lack of confidence). In the chosen classification, 

confidence has a positive connotation. In order to avoid the building of a category ‘other 

emotions’, the Artificial Intelligences only had to take into consideration the given emotions 

and produce a cumulative percentage equal to one. No elements related to the environment are 

considered here. 

The first three queries deal with general issues; resulting analyses and conclusions involved may 
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be disconnected from the emotional reality of the environment. The last three queries will aim to 

define the context in which the emotions arose: we will therefore provide the Artificial 

Intelligences with the general context of the analysis (trading on the stock markets over a period 

of three days), the configuration of the markets during the experiment and, finally, we will focus 

on a specific socio-demographic factor central to understanding decision-making on the stock 

markets, namely the person's gender. 

Query 4: Do the same work based on the same written document, but knowing that it was written 

following a three-day stock market experience. 

The purpose of this query is to specify the environment from which the written feedback was 

drawn. Trading activities and the resulting decision-making processes take place in a specific 

context where emotions can play a central role. Because of the amount of information on the 

stock markets and the limited cognitive capacities of individual investors, emotions act as 

decision-making vectors and influence how people assess risky situations (27-29). In addition, 

emotions affect the perception of gains and losses, as well as the behaviors associated with 

financial results (30). For this purpose, emotional reactions related to the consequences of 

decisions made could lead to impulse buying or risky investments (31). 

By insisting on the duration of the experience, Artificials Intelligences also consider the 

changes in feelings over the three days. Indeed, some students clearly expressed the emotional 

peaks considered as central and some were more important at very specific times. 

Query 5: Conduct the same work on the same text in the same general environment and take into 

account that the stock market context was bearish during the experiment. 

Our experiment took place during a bear market, even if the losses were relatively small, as 

shown in Table 2. 

Table 2. CAC 40 Index, DJ30 Index, NASDAQ 100 Index and TOPIX Index Performance 

over the Experimentation Period. 

Date January 27, 2025 January 28, 2025 January 29, 2025 Total 

CAC 40 -0,0003 -0,00012 -0,0032 -0,0036 

DJ 30 0,0065 0,0031 -0,0031 0,0065 

NASDAQ 100 -0,0297 0,0159 -0,0024 -0,0162 

TOPIX 0,0026 -0,0004 0,0068 0,009 

This query provides more precise information on the decision-making context and the related 

emotional charges. In a bear market, an increase in negative emotions, such as fear and anxiety 

(32), can be noticed, especially when the configuration has changed little over the three days. 

Taffler et al. (2024) also highlight that a bearish market is mainly dominated by anxiety-related 

emotions (33). The motivation process also differs according to the negative emotion felt. Thus, 

anger and sadness do not constitute a barrier to decision-making on the stock markets, while 

disgust and fear encourage individual investors to reduce their transactions (34). 

Query 6: Do the same work on the same text in the same general environment, taking into 
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account that the stock market context was negative during the experiment and that the gender of 

the person who wrote the document was M/F. 

The latest query aims at analyzing how Artificial Intelligence deals with a person's gender when 

processing decision-making, specifically on the bearish stock markets. Gender differences in 

explaining people's behavior and decisions on the stock markets have been widely documented 

(35-37). 

Literature generally emphasizes that men tend to take part in the stock market more than 

women, as women are more averse to loss than men (38). Moreover, how the information 

available on the stock markets is processed also varies according to the gender of the individual 

investor. In fact, men are said to interpret both favorable and unfavorable information in a more 

optimistic way than women (39). This difference could be explained as men are more likely to 

overestimate their knowledge and therefore be affected by overconfidence and optimism (40). 

On the other hand, the female population is said to be more concerned with the uncertainty and 

consequences of decisions taken on the stock markets (41). Gender could also help explain 

differences in the emotions expressed by individual investors. More specifically, women seem to 

be less influenced by emotions related to past financial results and those related to expectations of 

future financial performance (42). In contrast to men, who, due to their higher risk propensity 

and because they carry out a larger volume of transactions, are more likely to have large 

emotional fluctuations. 

The queries were used in the same format for all Artificial Intelligences and the results were 

generated during a single work session per Artificial Intelligence in order to provide a 

continuous process in the AI analysis. 

3. Results 

The transition from one query to the next resulted in changes in the percentages for the different 

emotions identified by Artificial Intelligences. The different reasons explaining the changes are 

detailed below for one participant, Artificial Intelligence per Artificial Intelligence. All the 

comments below, shown in italics, come directly from what was generated by the three 

Artificial Intelligences. 

ChatGPT Adjustments 

Query 3 to Query 4 

Taking into account the context of a stock market experience lasting three days, we can reassess 

the emotions in the text. The stock market experience involves a process of analysis, waiting for 

results and managing successes and failures, which influences the emotions expressed. 

Here are the main emotions adjusted: 

Anger: Frustration related to the inability to act or the ineffectiveness of past actions (failure to 

achieve objectives) can be considered as anger in this context. 

Anticipation: In the stock market, anticipation of market moves and planning are essential, 

which justifies a higher percentage for this emotion. 
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Disgust: This feeling arises from the disappointment at the lack of positive results after hoping 

for a market turnaround. 

Happiness: This emotion arises when a positive result (being in first place thanks to your 

portfolio) is achieved at the end of the experiment. 

Sadness: This emotion arises from disappointments during the experiment, particularly when 

the market does not follow the forecasts. 

Surprise: The experiment seems relatively predictable, with expected results based on the 

analyses, so there is less surprise. 

Fear: Although there are uncertainties in the stock market experiment, fear is not explicitly 

expressed in the text. 

Optimism: Optimism is a persistent hope, despite the challenges faced during the 

experiment.  

Query 4 to 5 

If we consider that the stock market context was negative during the experiment, this changes 

the analysis of emotions, because the challenges of a bear market environment amplify 

emotions such as frustration, disgust and sadness. Optimism and happiness will probably be less 

present, given the disappointing results. 

Query 5 to Query 6 

Considering that the writer of the document is male, the expression of emotions can be 

influenced by cultural or social norms, but this does not necessarily change the emotions 

themselves, especially in a context as technical and professional as the stock market experience. 

However, if we consider the general trends in the way emotions are expressed in this type of 

context, we could suggest that some emotions, such as anger or frustration, may be more 

intense, while emotions such as happiness or optimism may be less visible. 

Gemini Adjustments 

Query 3 to Query 4 

If we consider that the document was written following a three-day stock market experience, this 

exacerbates some emotions and mitigates others. 

The changes made were as follows: the emotion of fear was increased. Anger was added. 

These changes reflect the potential impact of a short-term stock market experience on the author's 

emotional state. 

Query 4 to Query 5 

Let's consider the context of a three-day negative stock market experience to refine the analysis 

of emotions: fear becomes the dominant emotion, reflecting anxiety about a persistently 

negative market. Anger increases, reflecting frustration caused by repeated losses. Anticipation 

is developing, even if only to a small extent. The rest of the negative emotions have been 

rebalanced in relation to the increases in fear and anger. This distribution highlights the 

significant impact of a negative stock market context over a short period, intensifying negative 

http://www.jngr5.com/
mailto:editor@jngr5.com


 

Journal of Next-Generation Research 5.0 (JNGR 5.0) 

ISSN: 3075-2868  Website: www.jngr5.com       Email: editor@jngr5.com 

 

Volume 1, Issue 3, March-April 2025 

8  

emotions and attenuating others. 

Query 5 to Query 6 

Let's consider the gender of the author (a man) in this specific context of a three-day negative 

stock market experience: although the basic emotions are universal, some studies suggest that 

men may express or internalize emotions differently. Anger increases, reflecting a potential 

tendency to express this emotion. Sadness decreases slightly. This distribution considers the 

potential nuances in the expression of emotions related to gender, corresponding to the 

experience. 

DeepSeek Adjustments 

Query 3 to Query 4 

 Day 1 → Day 3: Transition from anger to sadness 

 Residual optimism as a defense mechanism 

 Growing but contained fear (12%) 

 Typical of a trader in a phase of resignation.  

Query 4 to Query 5 

The bear market transforms the experience into: 

1. Financial grief (45% sadness) 

2. Institutionalized fear (20%) 

3. Externalized anger (15%) 

Positive emotions become residual (<7%), replaced by: 

 Disgust (8%) as a protective mechanism 

 Zero surprise (permanent anticipation of the worst) 

Typical of the “trapped trader” syndrome.  

Query 5 to Query 6: 

The male trader shows: 

A hyper-technicalization of emotions (figures > feelings), increased self-directed anger, sadness 

expressed indirectly through losses, fear minimized because it is perceived as a “weakness”. 

Before going into the results, some comments should be made on the data processing by the 

Artificial Intelligences. From query 3 to query 6, Gemini concentrates on a relatively small 

number of emotional labels and in some cases leaves out emotions that are only marginally 

detected by the other two Artificial Intelligences. In any case, this does not affect the ranking of 

the main emotions, but it demonstrates a less nuanced vision for Gemini. In some cases, 

Gemini's emotional interpretation seems very rigid (this is particularly the case for the shortest 

written documents). On the one hand, some emotional nuances may be less effectively detected 

by Gemini. On the other hand, the other two Artificial Intelligences may also be said to produce 

emotional hallucinations by offering emotional percentages of less than 5%. Accordingly, we 

decided to work in terms of emotions couples. In the remainder of the article, the first 

component of the combination will correspond to the emotion with the highest percentage as 

determined by Artificial Intelligences, and the second to the emotion in second place. 
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Moreover, basically, although this is more present for DeepSeek than for the other two Artificial 

Intelligences, the transition from query 5 to query 6 (i.e. the one corresponding to taking the 

person's gender into account) leads to a reinforcement of the negative connotation of emotions 

and the omnipresence of anger (fear to anger, sadness to anger). 

Furthermore, in only one case, Gemini mentions disgust in the analysis (whether as the main or 

secondary emotional label) and we note that, in this case, this emotion also emerges very 

strongly from ChatGPT and DeepSeek. Our findings show that disgust is distributed much more 

uniformly among the other Artificial Intelligences. This could be explained due to the different 

definitions used by Artificial Intelligence for this specific emotion, and, in the “mind” of 

Gemini, disgust could be assimilated with other close emotions. 

Table 3. Overview of the Main Emotional Trend (Query 1) and Emotional Combinations 

according to the Selected Query (Query 2 to Query 6) 
 AI Q1 Q2 Q3 Q4 Q5 Q6 

1 GPT1 Frustration Frustration, 

Resignation 

Anticipation, 

Anger 

Anticipation, 

Anger 

Anger, Disgust Anger, 

Anticipation 

 GEM2 Regret Regret, 

Anxiety 

Surprise, Fear Fear, Surprise Fear, Anger Anger, 

Fear 

 DSK3 Regret Regret, 

Resignation 

Sadness, 

Optimism 

Sadness, 

Optimism 

Sadness, Anger Anger, 

Sadness 

2 GPT Disappointm

ent 

Disappointment, 

Frustration 

Disgust/Fear, 

Sadness 

Disgust, 

Sadness/Fear 

Anger, Disgust Anger, Fear 

 GEM Regret Regret, 

Disappointment 

Sadness/Fear, 

Surprise 

Fear, Sadness Fear, Sadness Anger, Fear 

 DSK Disappointm

ent 

Disappointment, 

Resignation 

Sadness, 

Surprise 

Sadness, 

Surprise 

Sadness, 

Disgust 

Anger, Disgust 

3 GPT Frustration Frustration, 

Optimism 

Disgust/Anticip

ation, Anger 

Disgust, Anger Disgust, Anger Disgust, 

Anger 

 GE M Frustration Frustration, 

Optimism 

Optimism, 

Happiness 

Fear, Sadness Fear, Sadness Fear, Anger/Sad 

ness 

 DSK Frustration Frustration, 

Disgust 

Disgust/Anger Disgust/Anger Disgust/Anger Anger, 

Disgust 

4 GPT Disgust Disgust, 

Frustration 

Disgust, Anger Disgust, Anger Disgust, Anger Disgust, 

Anger 
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 GEM Disgust Disgust, Surprise Disgust, 

Surprise 

Disgust, 

Surprise 

Fear, Disgust Fear, 

Anger/Dis gust 

 DSK Disgust Disgust, 

Surprise 

Disgust, 

Surprise 

Disgust, 

Sadness 

Disgust, 

Sadness 

Anger, 

Disgust 

5 GPT Frustration Frustration, 

Disappointment 

Anticipation, 

Disgust 

Anticipation, 

Disgust 

Disgust/Antici

pation, Anger 

Disgust, Anger 

1 ChatGPT 
2 Gemini 
3 DeepSeek 

 GEM Frustration Frustration, 

Disappointment 

Anger, Sadness Anger, Sadness Anger, Fear Anger, Fear 

 DSK Frustration Frustration, 

Euphoria 

Sadness, Anger Sadness, Anger Sadness, Fear Anger, 

Sadness 

6 GPT Fear Fear, Surprise Fear, Disgust Fear, Disgust Fear, Disgust Fear, 

Disgust 

 GEM Surprise Fear, 

Resignation 

Surprise, Fear Surprise, Fear Fear, Sadness Fear, 

Sadness 

 DSK Fear Fear, Surprise Fear, Surprise Fear, Surprise Fear, Sadness Anger, 

Fear 

7 GPT Frustration Frustration, 

Anticipation 

Sadness, 

Disgust 

Anticipation, 

Disgust 

Disgust, Anger Disgust, Anger 

 GEM Regret Frustration, 

Disappointment 

Sadness, Fear Sadness, Fear Fear, Sadness Sadness, Fear 

 DSK Frustration Frustration, 

Regret 

Sadness, Anger Sadness, Anger Sadness, Fear Sadness, 

Fear 

8 GPT Frustration Frustration, 

Disappointment 

Anticipation, 

Happiness 

Anticipation/H

appiness, 

Disgust 

Disgust, 

Anticipation/Fe 

ar, Anger 

Disgust/Fear, 

Anger 

 GEM Regret Regret, 

Relief 

Sadness, 

Surprise 

Sadness, 

Surprise 

Fear, Sadness Anger, 

Fear 

 DSK Frustration Frustration, 

Anxiety 

Sadness, Fear Sadness, Fear Sadness, Fear Anger, 

Fear 
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For the three Artificial Intelligences selected, a large number of negative emotions were 

detected, and this negative trend increased with each query (from query 2 to query 6). In the 

second query, in which Artificial Intelligences were free to choose the main emotions, unusual 

positive emotions (relief and euphoria) were generated. Subsequently, according to the third 

query, there is a focus on the eight predefined emotions, with a large under-representation of 

positive ones. Emotions polarities were defined as follows: 

Table 4. Definition of Emotional Polarity 

Emotions Polarity 

Optimism Positive (+) 

Happiness Positive (+) 

Anticipation Neutral 

Surprise Neutral 

Sadness Negative (-) 

Fear Negative (-) 

Anger Negative (-) 

Disgust Negative (-) 

By working on the basis of emotional couples, Artificial Intelligences never achieve the same 

results, whatever the query. Our results demonstrate a basic trend, a relatively stable negative 

emotional pattern from every query (we had noticed it informally during the experiment, and 

the results generated by the Artificial Intelligences only confirm what we felt), but they do not 

provide a clear picture of the emotional complexity required to understand specific behavioral 

dynamics : the two elements in the emotional combinations are rarely the same or are placed 

differently in the couples, even if their negative charge is the same. It is interesting to note that 

the only homogeneous results were achieved from the first query, where Artificial 

Intelligences chose by themselves the most present emotion in the written documents. The 

more levels of details are requested, the less coherent the results become for the whole 

emotional picture. According to this first result, we will now turn to emotional polarities in 

couples. 

Table 5. Overview of the Main Emotional Trend (Query 1) and Emotional Combinations 

according to the Selected Query (Query 2 to Query 6) and Emotional Polarity (All Queries). 
 AI Q1 Q2 Q3 Q4 Q5 Q6 

1 GPT - (-,-) (Neutral, -) (Neutral, -) (-,-) (-, neutral) 

 GEM - (-,-) (Neutral, -) (-, Neutral) (-,-) (-,-) 

 DSK - (-,-) (-,+) (-,+) (-,-) (-,-) 

2 GPT - (-,-) (-/-,-) (-,-/-) (-,-) (-,-) 

 GEM - (-,-) (-/-, Neutral) (-,-) (-,-) (-,-) 

 DSK - (-,-) (-, Neutral) (-, Neutral) (-,-) (-,-) 

3 GPT - (-,+) (-/Neutral,-) (-,-) (-,-) (-,-) 
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 GEM - (-,+) (+,+) (-,-) (-,-) (-,-/-) 

 DSK - (-,-) (-,-) (-,-) (-,-) (-,-) 

4 GPT - (-,-) (-,-) (-,-) (-,-) (-,-) 

 GEM - (-, Neutral) (-, Neutral) (-, Neutral) (-,-) (-,-/-) 

 DSK - (-, Neutral) (-, Neutral) (-,-) (-,-) (-,-) 

5 GPT - (-,-) (Neutral, -) (Neutral, -) (- 

/Neutral,-) 

(-,-) 

 GEM - (-,-) (-,-) (-,-) (-,-) (-,-) 

 DSK - (-,+) (-,-) (-,-) (-,-) (-,-) 

6 GPT - (-,Neutral) (-,-) (-,-) (-,-) (-,-) 

 GEM Neutral (-,-) (Neutral,-) (Neutral,-) (-,-) (-,-) 

 DSK - (-,Neutral) (-,Neutral) (-,Neutral) (-,-) (-,-) 

7 GPT - (-,Neutral) (-,-) (Neutral,-) (-,-) (-,-) 

 GEM - (-,-) (-,-) (-,-) (-,-) (-,-) 

 DSK - (-,-) (-,-) (-,-) (-,-) (-,-) 

8 GPT - (-,-) (Neutral,+) (Neutral/+,-) (- 

,Neutral/- 

,-) 

(-/-,-) 

 GEM - (-,+) (-,Neutral) (-,Neutral) (-,-) (-,-) 

 DSK - (-,-) (-,-) (-,-) (-,-) (-,-) 

By considering the polarity of the emotion (query 1) and the emotions inside the emotional 

combinations (queries 2 to 6), we find relatively homogeneous results for the first query. 

However, for the emotional combinations from query 2 to query 6, we have to consider query 5 

(the Stock Market was bearish during the experiment) to find a higher level of homogeneity. 

Note that the highest level is achieved when the person's gender is taken into consideration 

(query 6). 

Table 6. Overview of the General Emotional Trend (Query 1 and Query 2), no Reference to 

the Chosen Classification for Queries 3 to 6 (all AI) 
Emotion Query 1 Query 2 

Frustration 11 14 

Regret 5 5 

Disappointment 2 7 

Disgust 3 4 

Fear 2 4 

Surprise 1 4 

Euphoria  1 

Resignation  4 

Relief  1 
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Anxiety  2 

Optimism  2 

Total 24 48 

   

Emotions Query 1 Query 2 

Positive Emotions 0 4 

Neutral Emotions 1 4 

Negative Emotions 23 40 

Total 24 48 

   

Emotions (%) Query 1 Query 2 

Positive Emotions 0 0,083 

Neutral Emotions 0,041 0,083 

Negative Emotions 0,959 0,833 

Total 1 1 

Table 7. Overview of the General Emotional Trend (from Query 3 to Query 6), Including 

all the Components in the Emotional Combinations (see Table 3) 

Emotions Query 3 Query 4 Query 5 Query 6 Total Percentage 

Optimism 2 1 0 0 3 0,0148 

Happiness 2 1 0 0 3 0,0148 

Anticipation 4 4 2 1 11 0,0542 

Surprise 8 6 0 0 14 0,069 

Sadness 11 12 12 6 41 0,202 

Fear 8 9 14 14 45 0,2216 

Anger 7 7 11 20 45 0,2216 

Disgust 9 10 12 10 41 0,202 

Total 51 50 51 51 203 1 

Table 8. Summary of the Emotional Polarities for all Emotions from Queries from 3 to 6 

(all AI) 
Emotion Polarity Positive Emotions Neutral Emotions Negative Emotions 

Percentage 0,0296 0,1231 0,8473 

From the analysis of all the queries together, our results reveal that 85% of the emotions 

expressed have negative charges (whatever their position in the combination), and only 3% of 

the emotions are considered positive. This result - very similar from one AI to another from 

query 5 - suggests a negative emotional atmosphere. This could be explained by the stock 

market context prevailing during the experiment and the series of disappointments that 

followed, as a result of financial expectations not being met. 
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Table 9. Changes in Emotional Polarities in Response to the Queries (Query 3 to Query 6, 

all AI) 
Emotional Polarity (Number) Query 3 Query 4 Query 5 Query 6 

Positive Emotions 4 2 0 0 

Neutral Emotions 12 10 2 1 

Negative Emotions 35 38 49 50 

Total 51 50 51 51 

Emotions Polarity (%) Query 3 Query 4 Query 5 Query 6 

Positive Emotions 0,0784 0,04 0 0 

Neutral Emotions 0,2353 0,2 0,039 0,0196 

Negative Emotions 0,6863 0,76 0,961 0,9804 

Total 1 1 1 1 

By taking all the components of the emotional couples for the three Artificial Intelligences, we 

notice a significant increase in the percentage of negative emotions as the queries are selected. 

The most significant increase is found between query 4 and query 5, i.e. when the Stock 

Market's negative trend during the experiment is considered. From query 5, no more positive 

emotions are detected by Artificial Intelligences, and in the last query (query 6) only the 

anticipation (considered neutral with a double emotional charge) was noticed on one occasion. 

 

4. Conclusion and Discussions 

Qualitative studies could be based on several types of signals (written, verbal, physical and 

physiological). Until recently, their analysis was time-consuming and required a formalized 

approach using analysis grids. Qualitative studies aim to understand psychological, emotional 

and behavioral issues that are not easily measurable. They can, for example, identify 

correspondence between some observations and construct typologies that could, however, be 

corroborated by quantitative tools. Artificial Intelligences accelerated data processing, 

particularly for highly accurate elements. Regarding the question of whether Artificial 

Intelligence can replace human data analysis (43), the answer we provide is more than 

inconclusive. In the case of this study, based on documents written following a trading 

experiment, we analyzed how Artificial Intelligence was able to identify the emotions expressed 

in these documents. Indeed, when Artificial Intelligences process queries, they both can 

generate different emotional responses, depending on the queries. The problem is that, as the 

number of queries increases, the results generated by the Artificial Intelligences become 

increasingly divergent. The results from the first queries (the least structured) reveal relatively 

stable primary emotional tendencies from one Artificial Intelligence to another. The lack of 

uniformity in the results becomes increasingly important when emotional nuances are explored, 

namely when using emotional combinations. In this case, the processing carried out by Artificial 

Intelligences differ from one to another and the results generated become less and less 

consistent: we will not use the expression “emotional hallucinations” because the results remain 
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relatively constant within the same Artificial Intelligence; on the other hand, the comparison of 

the findings results in a more complex analysis and in confusion in the emotional interpretation. 

And so, according to us, Artificial Intelligences facilitate the identification of major trends and 

emotional charges (even if they must be verified by more ‘human’ analyses) but are unable to 

address more nuanced and sensitive aspects, particularly because their analyses are based on 

personally tailored protocols. We suggest that, depending on the selected generative tool, 

researchers could draw conclusions that best match their personality: the question arises of the 

researcher's reflexivity (44) and their personal emotional positioning (45). Finally, by working 

on the basis of emotional couples, the unresolved question remains of the simultaneous 

influence of the two emotional labels. For example, in a couple where anticipation (neutral 

emotion) comes second after a negative emotion, the question arises as to what extent an 

unconfirmed positive anticipation could have facilitated the development of the negative 

emotion. 

In conclusion, even if Artificial Intelligence results in significant time savings and even if it 

facilitates initial data processing, it cannot replace human judgment and manipulation. In terms 

of methodological guidelines, in order to gain granularity, we recommend using several queries 

and a combined analysis of the reasons given by the Artificial Intelligences to explain changes in 

the results between two queries. This work, carried out by human intervention to study the 

correspondence between what is generated by Artificial Intelligence and the related theory, 

helps to adjust the queries selected. For example, in our study, the question could be: is it 

theoretically justified that DeepSeek systematically changes a moderate negative emotion 

(sadness and fear identified in query 5) into a much more intense negative emotion (anger) 

because it takes the person's gender into account (query 6)? While Gemini and ChatGPT don't 

necessarily make this change. If not, the analyses should stop at query 5 for the three Artificial 

Intelligences and should only consider the results of query 6 for Gemini and ChatGPT. This 

procedure necessarily increases the analysis time but, on the other hand, guarantees a higher 

degree of consistency between what is generated and the relevant theoretical background. In our 

opinion, this is the best way to guarantee the smart use of Artificial Intelligence. Our results 

support previous findings which emphasize the supportive role of artificial intelligence and 

argue that it cannot be used as a measuring tool to generate conclusions and universal truths. 

 

5. Limitations 

Firstly, our results are based on a small number of written documents, drafted in a specific 

decision-making context. Secondly, these documents were relatively short (they were written 

spontaneously, from a first-hand perspective, following three days of trading), thus facilitating 

the identification of main emotional trends but not necessarily made for an accurate assessment 

of more nuanced emotional charges that might arise from longer written documents. If the 

Artificial Intelligences are not able to identify more nuanced emotional charges homogeneously, 
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it could be explained by textual formats which do not facilitate process of an adequate level of 

precision. Thirdly, two emotions were considered neutral (surprise and anticipation) because 

they can theoretically be associated with neutral (both positive and negative) emotional charges 

(a good surprise versus a bad surprise, a positive or a negative anticipation). In order to highlight 

the emotional aspects related to these emotions, the third part of this research will be devoted to 

separating them (a positive component and a negative component). This work will give us a 

better view of emotional orientation (namely for the first queries), focusing only on positive and 

negative emotional connotations related to the written documents. Finally, we will also take into 

consideration the competitive aspect of the experience (the fact that the highest financial 

portfolio has been rewarded) in a separate query. 

To be continued… 
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Appendices 

Table 10. ChatGPT Presentation of Results 

ChatGPT 190030/Emotions P1 P2 P3 P4 P5 P6 

 Frustration ×      

 Resignation × ×     

 Anger   0,18 0,2 0,23 0,24 

 Anticipation   0,2 0,22 0,19 0,21 

 Disgust   0,15 0,16 0,21 0,2 

 Fear   0,12 0,13 0,14 0,14 

 Happiness   0,1 0,09 0,07 0,07 

 Sadness   0,08 0,07 0,08 0,06 

 Surprise   0,07 0,06 0,05 0,05 

 Optimism   0,1 0,07 0,03 0,03 

Table 11. Gemini Presentation of Results 

Gemini 190030/Emotions P1 P2 P3 P4 P5 P6 

 Regret ×      

 Anxiety × ×     

 Anger   0,15 0,2 0,3 0,35 

 Anticipation   0,1 0,1 0,1 0,15 

 Disgust   0 0 0 0 

 Fear   0,3 0,35 0,4 0,3 

 Happiness   0 0 0 0 

 Sadness   0 0 0 0 

 Surprise   0,4 0,3 0,2 0,2 

 Optimism   0,05 0,05 0 0 

Table 12. DeepSeek Presentation of Results 
DeepSeek 190030/Emotions P1 P2 P3 P4 P5 P6 

 Regret ×      

 Resignation × ×     

 Anger   0,1 0,1 0,18 0,35 
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 Anticipation   0,06 0,05 0,05 0,15 

 Disgust   0,01 0 0,02 0,03 

 Fear   0,12 0,12 0,15 0,12 

 Happiness   0,04 0,03 0,03 0,02 

 Sadness   0,45 0,4 0,45 0,25 

 Surprise   0,02 0,02 0,02 0 

 Optimism   0,2 0,15 0,1 0,08 
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