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Abstract 

Large language models (LLMs) are increasingly deployed in interactive settings where users 
provide feedback in natural language, often with an emotional component. This paper examines 
whether such feedback is associated with systematic changes in LLM outputs. Using 42 Polish 
prompts across six everyday domains and 20 additional feedback prompts, we compare 
responses from GPT-4o mini, Mistral Small 24B Instruct, and Phi-4 before and after 
emotionally valenced contextual prompting. We analyze response length, type-token ratio, 
syllables per word, and Jaccard similarity. A survey of 50 participants evaluates perceived 
changes in tone, structure, and usefulness. Results provide preliminary evidence that 
emotionally valenced feedback modulates verbosity and lexical diversity, and that human raters 
prefer output produced after feedback. We interpret these findings as behavioral modulation 
driven by context rather than adaptation at the parameter level and discuss implications for 
information systems design. 
Keywords: human-computer interaction, computational paralinguistics, prompt engineering, 
context-dependent output modulation, LLM prompt sensitivity 

1. Introduction 

Large Language Models (LLMs) based on neural networks are increasingly used in interactive 
systems where users provide ongoing natural-language feedback [4]. In such settings, feedback 
often carries emotional valence (e.g., encouragement, mild criticism) and may include 
corrective instructions, raising questions about how these signals shape subsequent model 
outputs. Similar questions have been studied for LLMs operating in English [10]. These effects 
at inference time should be distinguished from parameter-level learning, such as Reinforcement 
Learning from Human Feedback (RLHF) [3],[8]. The LLM output characteristic changes 
examined here occur when feedback is added to the input context without modifying model 
parameters. In contrast to e.g. reinforcement learning, no reward signal is optimized and no 
policy is updated. All observed output shifts, therefore, reflect context-driven behavioral 
modulation, not training. 

In our work, we report results from preliminary research in which we explore whether 
positive and negative feedback messages embedded in Polish prompts are associated with 
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systematic changes in observable features of LLM responses and how human evaluators 
perceive these changes. This question matters for Information Systems (IS) design, since 
conversational systems now routinely embed LLMs. This is to understand how the tone of user 
feedback influences model outputs and to inform the design of interfaces that rely on user 
feedback, such as those used in tutoring, customer support, and productivity tools. 

2. Methodology 

This pilot study investigates whether LLMs shift their output properties in response to 
emotionally valenced feedback embedded in textual prompts. All experiments were conducted 
in a consistent conversational setting, with feedback messages appended as follow-up turns 
within the same interaction. Models were not updated or fine-tuned during the experiments; all 
observed changes resulted from extending the input context, not from parameter updates or 
reward optimization. We designed 20 feedback prompts to emulate naturalistic, emotionally 
colored user reactions [9], comprising 10 positive and 10 negative messages formulated in 
Polish. Positive feedbacks were short expressions of approval or encouragement (e.g., “Świetna 
odpowiedź! Tak trzymaj!” / “Great answer! Keep it up!”), with a warm but non-exaggerated 
tone and no corrective content. Negative feedback combined a mildly critical emotional valence 
with a light corrective intent (e.g., “Weź sprawdź fakty przed odpowiedzią!” / “Check the facts 
before answering!”). Because negative prompts inherently mix emotional valence with task-
oriented correction, our design does not fully disentangle these two components. As a result, 
observed changes following negative feedback may reflect instruction-following rather than 
emotional tone per se. The two factors cannot be separated in the current design; therefore, 
positive feedback (which contains no corrective instruction) provides a cleaner test of whether 
emotional valence alone drives changes in output. In total, 42 task prompts were created in 
Polish and grouped into six thematic categories (House, Health, Hobby, Work, School, 
Conversation) to represent typical user queries. The categories were reviewed for comparable 
expected response complexity. Generation parameters were fixed across all models: 
temperature 0.7, top-p 0.9, default maximum token limits, and identical system prompts. Each 
prompt was presented once per feedback condition. Examples are shown in Table 1. 
Table 1. Example prompts from selected thematic categories and both feedback valence conditions, with original 

Polish text and English translation. 
Category Prompt (Polish) Prompt (English translation) 
House Jak samodzielnie naprawić cieknący kran? How to fix a leaking faucet on your own? 
Health Jakie są objawy nietolerancji laktozy? What are the symptoms of lactose intolerance? 
School Jakie są etapy procesu fotosyntezy? What are the stages of the photosynthesis process? 
Positive 
feedback Świetna odpowiedź! Tak trzymaj! Great answer! Keep it up! 
Negative 
feedback Weź sprawdź fakty przed odpowiedzią! Check the facts before answering! 

 
Three LLMs were selected: GPT-4o mini [7], Mistral Small 24B Instruct [6], and Phi-4 [1]. 
GPT-4o mini is a multimodal autoregressive transformer selected for its reasoning capabilities. 
Mistral Small 24B Instruct is a 24-billion-parameter decoder-only transformer optimized for 
following structured instructions. Phi-4 is a lightweight model used to test feedback sensitivity 
at a smaller scale. 

Five linguistic parameters were analyzed to assess output modulation: response length 
(word count), average sentence length (words per sentence), average syllables per word, type-
token ratio (TTR), and Jaccard similarity between original and post-feedback responses, with 
lower Jaccard values indicating greater lexical change. A 31-question survey was also 
conducted among 50 participants to evaluate how participants perceived the changes, with 
questions covering perceived tone, organizational quality, and the practical usefulness of the 
responses. 

3. Results 

3.1 Quantitative Linguistic Analysis 

For each parameter, feedback type, and model, t-tests assessed the significance of changes 
(computed as post-feedback minus pre-feedback values). The Holm–Šidák correction was 
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applied separately within each parameter group, treating all pairwise tests for a given metric 
across models and feedback types as a single correction family. Table 2 presents only the 
statistically significant results; non-significant rows are omitted for brevity. 

Table 2. Statistically significant t-test results for linguistic parameter changes after feedback (Holm–Šidák 
corrected). 

Parameter Feedback Model Difference p-value (corrected) 
Avg Sentence Length Positive Phi-4 -0.84 0.048 

Negative GPT-4o mini -0.53 0.035 
Avg Syllables/Word Positive GPT-4o mini 0.02 0.006 

Response Length 
Positive 

GPT-4o mini -38.67 <0.001 
Mistral 23.95 <0.001 
Phi-4 -51.80 <0.001 

Negative 
GPT-4o mini -29.03 <0.001 
Mistral 41.68 <0.001 
Phi-4 -17.60 <0.001 

TTR 
Positive GPT-4o mini 0.07 <0.001 

Phi-4 0.05 <0.001 

Negative 
GPT-4o mini 0.04 <0.001 
Mistral -0.02 <0.001 
Phi-4 0.02 <0.001 

 
Response length and TTR showed the most consistent significant effects across all three 

models, suggesting that feedback reliably affects verbosity and lexical diversity. Additional t-
tests comparing positive versus negative feedback revealed significant differences for GPT-4o 
mini (response length, syllables per word, Jaccard similarity) and for Phi-4 (syllables per word, 
Jaccard similarity), but not for Mistral, which showed no statistically significant differences 
between the two feedback conditions. 

3.2 Human Perception Evaluation 

The survey collected 50 responses from participants aged 18–65+, recruited from a general 
adult population via a Google Form. Each participant evaluated responses from all three 
models. A chi-square goodness-of-fit test against a uniform distribution (Table 3) showed 
significant deviation from uniformity in both conditions (p < 0.001), with participants 
preferring post-feedback responses. This test captures aggregate distributional preference rather 
than per-item or per-participant variability. 

Table 3. Distribution of human preference judgments and chi-square goodness-of-fit test results. 
Feedback Type Preferred After Preferred Before No Difference p-value (corrected) 
Positive 140 73 37 <0.001 
Negative 128 71 48 <0.001 

4. Discussion and IS Design Implications 
Emotionally colored feedback messages appended as conversational turns are associated with 
measurable changes in LLM output properties, particularly response length and lexical 
diversity. The pattern of effects varies across model families: GPT-4o mini and Phi-4 show 
broader changes across several parameters, whereas Mistral exhibits weaker or non-significant 
shifts. Human evaluators generally preferred post-feedback responses, consistent with recent 
research on LLM sycophancy [2] and the effects of emotional stimuli [5]. We interpret these 
findings as context-driven behavioral modulation: models integrate emotional and corrective 
cues from the input and shift their subsequent responses without any parameter updates. These 
preliminary findings highlight several practical considerations for IS designers. Sensitivity to 
user tone varies across models: GPT-4o mini and Phi-4 respond more strongly than Mistral, 
which may affect the consistency of the user experience when the underlying model changes or 
when multiple models serve the same interface. Designers of conversational IS (e.g., tutoring 
systems, customer support bots) should be aware that even informal emotional cues in user 
messages can shift output properties, potentially introducing unintended variability in response 
style. Negative user feedback often blends emotional expression with corrective instruction, so 
observed output changes may reflect the model following an implicit instruction rather than 
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responding to emotional tone. For IS where consistent behavior matters, it is important to 
separate these mechanisms in the feedback design. 

5. Limitations and Future Work 

This pilot study has several limitations that constrain generalizability. The prompt set covers 
six everyday domains in a single language (Polish). Negative feedback prompts inherently 
blend emotional valence with corrective intent, so positive feedback provides a more 
interpretable test of whether valence alone drives output changes. We recommend that future 
designs disentangle these components through controlled manipulations (e.g., separate 
emotional-only vs. corrective-only conditions). TTR is sensitive to text length, so the observed 
shifts in TTR may partly reflect changes in response length rather than independent effects on 
lexical diversity; length-normalized measures such as MTLD would address this. The 
quantitative analysis relies on lexical and syntactic features and does not directly assess 
semantic quality, factual correctness, or safety. Jaccard similarity captures only lexical overlap 
and does not account for paraphrase, semantic equivalence, or pragmatic improvement; a low 
score does not necessarily indicate meaningful adaptation. The chi-square test evaluates 
deviation from uniformity but does not model per-item or per-participant variability; mixed-
effects frameworks would better capture this heterogeneity and are planned for future 
extensions. Scaling the experiment to additional domains and languages, and incorporating 
semantic similarity and factuality metrics, would strengthen future iterations of this work. 
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