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∙ We focus on a model based on generative AI for modelling and creating a database that supports emotion recognition and handling.

∙ We define a general architecture for our generation framework.
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A B S T R A C T

In this study, we illustrate an ongoing work regarding the building of an ad hoc textual dataset for dialogues 

between a user and an agent of a customer care center. The user is required to express a given emotion and to use 

a specific level of the Common European Framework of Reference for Languages (CEFR). Once the criteria had been 

defined, we asked ChatGPT 3.5 to generate dialogues. We analyzed them to ensure an acceptable level of quality 

for the dataset. Furthermore, we measured the language complexity used both by the user and the agent through 

different readability measures. Moreover, we extracted from each turn of each dialogue the attitude that ChatGPT 

exhibited for each dialogue turn; the interaction patterns were then analyzed with algorithm Sequential Pattern 

Mining (SPM) to extract typical interaction mechanisms occurring in specific emotional contexts. The generated

dataset of dialogues, enriched with the readability measures and the extracted patterns, can be exploited as 

a system that facilitates the interaction between humans and artificial agents in specific contexts and it can 

constitute the basis of a reinforcement learning system for improving the effectiveness of the dialogues.

1. Introduction

Emotions play a key role during Human-Computer Interaction (HCI) 

and more specifically in Human-Robot Interaction (HRI). The use of 

Affective Computing (AC) techniques to recognize and analyze human

emotional states can enhance the effectiveness of HCI and HRI. At the 

same time, emotion recognition is one of the most difficult tasks for ar-

tificial systems during their interaction with humans [5,6,31]. Emotions 

have a multidimensional nature and their understanding depends on 

the context in which they are expressed [32]. In particular, Emotion 

Recognition in Conversation (ERC) has gained attention from the Natural

language processing (NLP) community in recent years. This is mainly due

to the increased availability of public conversational data. On the other 

hand, the recognition of emotions is also important for dialogue gener-

ation, since this implies the understanding of the emotional state of the 

interlocutor [1].

Emotions often can overlap and vary between individuals, with the 

same context potentially triggering different emotional responses at 

different times. However, there are commonly identifiable situations 

that can be consistently associated with specific emotions. Therefore, 

providing examples of emotions associated with specific contexts can 

contribute to a clearer understanding of this phenomenon. As sug-

gested by Ref. [1], in the context of conversational context modelling,
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considering the specific context can substantially enhance the effective-

ness of NLP systems. Consequently, creating a dataset that is highly 

specific and contextually focused can be valuable for the development 

of data-driven models.

There are many contributions in the literature regarding the con-

struction of datasets for emotion recognition. Most of them cover 

few emotions, tending only to Ekman’s basic ones. Some examples 

are EmotionX [2], Affect-Intensity Lexicon and Emotion Dataset (AILA) 

[3], CrowdFlower’s Emotion Dataset [7], Friends [4], and EmoBank 

[8]. Furthermore, many approaches build datasets using newspapers, 

books, or dialogues found on the Internet, including those found 

on social media, e.g., SemEval-2018 Task 1: Affect in Tweets (AIT-

2018) [9], Sentiment140 [10], Emotion Intensity Dataset (EmoInt) [11], 

the International Survey on Emotion Antecedents and Reactions (ISEAR) 

[12]. Others use movies, e.g., the Stanford Sentiment and Emotion 

Classification (SSEC) [13,14] or physiological signals, e.g., the Database 

for Emotion Analysis using Physiological Signals (DEAP) [15]. Other

popular datasets are the Interactive EMOtional dyadic motion CAPture 

(IEMOCAP) database, collected by the Speech Analysis and Interpretation 

Laboratory (SAIL) at the University of Southern California (USC) [28], and

DailyDialog, a dataset of dialogues about different topics of daily life 

interactions, characterized by human-written and plain language; data 

were labeled with communication intention and emotion information 

[29]. One of the most well-known fully-labeled datasets of human-

human conversations across multiple domains is MultiWOZ [46]. Each 

dialogue includes annotated states and system dialogue acts. The dataset 

aims to capture natural conversations between a tourist and an informa-

tion center clerk in a tourist city. It covers various scenarios, from asking 

about attractions to booking hotels and transportation. The corpus spans 

seven domains: Attraction, Hospital, Police, Hotel, Restaurant, Taxi, and 

Train.

On the other hand, the authors of Ref. [40] explored a method for 

developing an agent capable of handling different tasks by integrating 

dialogue self-play, crowdsourcing, and online reinforcement learning to 

produce fully annotated dialogues with natural interactions. According 

to the authors of Ref. [41], an effective chatbot should dynamically com-

bine various behaviors and skills within a single conversation, allowing 

it to adapt to different users and situations appropriately. Achieving 

this requires the development of a multi-skill dialogue dataset, featur-

ing multi-turn interactions that demonstrate diverse skills. To address 

this, the authors of Ref. [41] introduced BOTSTALK, an automated data 

curation framework that annotates multi-skill dialogues by integrating 

multiple single-skill dialogue datasets.

Given the significant advancements in Large Language Models (LLMs), 

recent research has explored their potential as generators of training 

data. Specifically, LLMs have been proposed as task-specific training 

data generators, particularly in the domain of text classification, with 

the objective of reducing reliance on manually annotated datasets [43]. 

Training examples generated by language models have demonstrated 

effectiveness across various applications through the process of data 

augmentation [44,45].

The authors of Ref. [44], generate training data using a large Pre-

trained Language Model (PLM) guided by task-specific prompts. Even 

though synthetic datasets have limitations, the authors of Ref. [45] intro-

duced PROGEN, a progressive zero-shot dataset generation framework 

that incorporates feedback from a task-specific model to refine data 

generation, utilizing in-context examples to drive the creation of more 

effective training samples.

ChatGPT [26], in particular ChatGPT 3.5, has been used as an LLM 

due to its capability of producing high-quality, human-like text in many 

approaches and contexts. As an example, the authors of Ref. [39] intro-

duced a pipeline for creating a multi-turn dialogue dataset by leveraging 

ChatGPT to converse with itself, where it alternates between simulating 

both user and AI assistant responses. This method, known as self-chat, 

constitutes the core of the data collection pipeline. The generated dataset

can be used for training and assessing chat models in multi-turn con-

versations. Furthermore, the study illustrated in [43] focuses on the 

generation of training data for topic classification in a zero-shot setting, 

where no labeled data are available.

In [42], a three-stage pipeline has been proposed for the creation of 

PERSONACHATGEN, a small-scale machine-generated dataset. To en-

sure the production of high-quality outputs, the authors established a 

hierarchical taxonomy of user profile categories, informed by social 

profiling frameworks. Subsequently, they designed prompts to guide 

the generation process. Given GPT-3’s potential to produce offensive or 

socially biased content, filtering mechanisms have been incorporated 

into the pipeline. The study shows that GPT-3 is capable of generating 

personalized dialogue datasets, as confirmed through both manual and 

automated evaluations.

Customer care interaction management is one of the most interesting 

contexts in which recognizing emotions plays a key role. In specific sit-

uations, it is crucial to detect the emotion expressed by the user quickly 

and also discern the language level used by the client to design effective 

automatic interaction systems or build artificial systems that can help a 

human agent appropriately interact with the client.

We have decided to use ChatGPT to generate examples of interactions 

between people in specific contexts while expressing specific emotions 

we want to focus on and using a predetermined language complexity. 

The emotions that we considered were joy, sadness, anger, fear, sur-

prise, disgust. Moreover, we chose three levels of language complexity,

namely the 𝐴2, 𝐵2, and 𝐶2 levels of the Common European Framework of 

Reference for Languages (CEFR).

In particular, in this paper, we describe the context of a customer care 

call center for a phone company. Provided the aforementioned directive, 

each dialogue has been completely invented by ChatGPT. For each turn 

of the dialogue, ChatGPT associated an attitude label to both the User 

(e.g., angry, exasperated, fearful, hesitant, and so on) and the Agent (e.g., 

sympathetic, apologetic, confirming, reassuring, and so on).

This is an important characteristic, since thanks to the dialogue struc-

ture generated by ChatGPT as well as the contextual semantic content 

and the different dialogue acts arising during the interaction, it is pos-

sible to design a system that analyzes and labels them according to 

specific measures, and that can be capable, over time, of providing ef-

fective examples of interactions, like those occurring in the real world. 

Furthermore, the system can mine the arising sequential patterns of in-

teraction in order to deduce frequent patterns that can be useful for 

further training an artificial agent to better interact with human users, 

showing a particular emotion and using a given language complex-

ity. The extracted patterns and sentences from the dialogues can also 

be useful as a support for human agents to better interact with users, 

suggesting to them the tone to use or sample sentences to look for. 

The whole dialogue was then stored in a repository, and it was also 

analyzed.

The sequence of attitudes provided by ChatGPT during the genera-

tion of the dialogues can be interpreted as part of an implicit emotional 

protocol or framework in conflict resolution and customer service. We

have extracted for each dialogue the sequence of attitudes. Each se-

quence is then stored and, once all the sequences of dialogues belonging 

to the same class of expressed emotion are collected, they are analyzed 

by algorithm Sequential Pattern Mining (SPM). The sequences were an-

alyzed, and their analysis led to interaction graphs that are suited for 

both the context and the emotion expressed by the user.

As regards the usage of generative AI and AI-assisted technologies, 

during the preparation of this work, the authors used ChatGPT 3.5 in 

order to create the dialogues in the examples. After using this tool/ser-

vice, the authors reviewed and edited the content as needed and take 

full responsibility for the content of the publication.

The remainder of this paper is organized as follows: the next section 

illustrates the methodology that we used to build the dataset and the 

measures that we used for the readability of the dialogues and the mining
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of the sequential attitude patterns; then the results are reported; finally, 

conclusions and future work are illustrated.

This paper is a significant extension of the paper [33]. With respect 

to the previous paper, here we: (i) improve the generative AI model; 

(ii) introduce a novel SPM algorithm to mine the derived results; (iii) 

conduct a broad and comprehensive experimental analysis on the overall 

quality of the methodology.

2. Modelling and generating an emotion-aware database via LLM 

methodologies

The aim of the work is to exploit ChatGPT to build a set of dia-

logues, provided a context, a level of language complexity used by a 

human user, and a specific emotion expressed during the dialogue by the 

user.

The generated dialogues were examined in order to validate the 

correctness of the generated dialogues in accordance with the context 

provided, the desired text complexity, and the consistency with the re-

quired emotions to be expressed during the conversation to filter out the 

dialogues that were not sufficiently suitable to be analyzed and stored 

in the repository. This phase will be removed once the dataset contains 

a sufficient number of dialogues.

We have used for the experiments the OpenAI ChatGPT-3.5 Gene-

rative AI; the context was a client interacting with a customer care 

of a hypothetical phone company and expressing one of the six ba-

sic emotions of Ekman [30], i.e., anger, sadness, surprise, disgust, fear. 

Analogously to what was reported in [32], for each dialogue we asked 

ChatGPT to generate conversations where the word directly expressing 

the emotion did not appear. As an example, if the customer is described 

in the prompt as being surprised, ChatGPT can be required not to use the 

words surprise, surprised, and so on in the dialogue. These latter kinds 

of dialogues were labeled as Without Words (WW) analogously with the 

procedure illustrated in [32].

The number of emotions used in the dialogue is six because we want 

to realize an analytics and retrieval system suitable for supporting the 

interaction of human or artificial agents with users in a specific context. 

The approach can, in principle, also be used as the base of a reinforce-

ment learning system, provided with a success score for the different 

interactions. Two aspects were in particular taken into account: the 

emotion expressed by the user and the language complexity used.

Once the questions and the possible answers are stored in the di-

alogues repository, they can be retrieved and used as a support for a 

human agent or an artificial agent to properly behave according to the 

context of the conversation, the emotion of the user, and their language 

level.

The goal is to create data that increasingly reflect real situations to 

train interactive systems that can recognize emotions based on context 

and the language used by the customer, so that a specific sample of ade-

quate answers both for tackling the expressed emotion and the provided 

language level can be of any help in improving the effectiveness of the 

interaction and ensuring a smooth resolution of possible problems that 

could arise in customer care relationships.

For each one of the six emotions and for each CEFR language level, 

we decided to generate a set of dialogues. The prompt given to ChatGPT 

was to generate a short dialogue, of about five turns, between a customer 

and an agent in a customer care situation in which a specific emotion 

emerges from the customer’s side, and the agent has to react to satisfy 

the customer’s requests in a smooth manner, trying to apply the most 

adequate dialogue register.

All the generated dialogues have been checked through an interac-

tive process to ensure that the language used is appropriate, as well as 

the general quality of interaction. Furthermore, a manual labeling of 

the gender used in the generated dialogue has been done for future de-

velopment of the system. The dialogues are then saved to constitute a 

repository that can be used to train a system that somehow acquires 

an interaction habit that could be effective. To reach this goal, we 

have exploited the explicit emotions and reactions provided as labels 

in the generated dialogue to mine the sequences and find interaction 

patterns to be used by the interaction system. The interaction patterns 

were mined by using the algorithm seq2pat [20,22,23], which also of-

fers other interesting characteristics for the future development of the 

system.

The whole process is illustrated in Fig. 1. We detail in the following 

the information flow and the task description of each module in the 

architecture.

• The ChatGPT interactive dialogue system (1) is provided with a

prompt that includes three key elements: the context of the dialogue 

to generate, i.e., for example a customer care call center of a phone 

company, a bank, a delivery company, and so on. The context also 

includes the average number of turns that characterize the dialogue, 

determining in this manner the length of the dialogue itself. The sec-

ond key element is the emotion expressed by the user. The third key 

characteristic is the language level expressed by the customer and ex-

plicitly declared in the prompt as one of the standard CEFR levels 

(from 𝐴1 to 𝐶2).
• The answer (2) of ChatGPT is therefore a set of dialogues reflecting

the expected result of the prompt. Since the answer can consist of 

a number of different dialogues, the text is split in order to obtain 

one text file for each dialogue (3). Each text file is then labeled with

Fig. 1. The dataset creation and retrieval process.
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the emotion and the CEFR language level for future reference and 

retrieval.

• Each dialogue is checked for the consistency (4) with the prompt in

order to ensure that the generated example has a satisfactory quality.

• The dialogues that pass the consistency check (5) are finally stored in

a repository (6) for further analysis. In particular, for each generated 

dialogue, two files are stored. The first one is simply the dialogue 

with the turns, labeled with the emotion and the language level. The 

second file is the extracted pattern that associates each turn with an 

emotion. The emotion label for each dialogue turn is provided by 

ChatGPT. A parser extracts the patterns and stores them in order to 

be manipulated by the algorithm SPM.

• The dialogues are analyzed for automated readability measurements

and labeling (7) in order to identify the best measure that can be 

useful for identifying the complexity of the language used for the 

interaction.

• In parallel, the dialogue patterns of interaction are analyzed by al-

gorithm SPM (8) with the aim of extracting frequent interaction 

patterns associated with a specific emotion that can be used in the 

future as a guide for the interaction with a real user by an artificial 

agent or even by a human agent.

• The patterns extracted by the mining algorithm are stored in an

“interaction pattern repository” for further retrieval (9).
• The retrieval module (10) receives as input a query that identifies the

context, the CEFR language level and the emotion expressed by the 

user and provides as a result the most frequent interaction patterns 

as well as a set of examples that can be used by an artificial agent 

or a human agent as an example or suggestion of behavior during 

the real dialogue to provide an effective interaction with a possibly 

smooth and satisfactory solution to a problem for the user.

2.1. The common European framework of reference for languages (CEFR)

The CEFR subdivides language proficiency into six levels, ranging 

from 𝐴1 to 𝐶2. These can be grouped into three broader categories: 

Basic User (A category), Independent User (B category), and Proficient

User (C category). This framework can be further adapted to specific 

contexts. Each level is defined by clear descriptions of what a learner 

can do (called can-do descriptors).

The CEFR goes beyond just levels: it describes the process of learning 

a new language, focusing on different skills and sub-skills. These descrip-

tions are universal and apply to any language, outlining a clear path of 

progression for each skill, with the six levels (𝐴1, 𝐴2–𝐵1, 𝐵2–𝐶1, 𝐶2) 

reflecting increasing mastery.

2.2. Manual analysis

We have analyzed and checked the generated dialogues, analogously 

to what is illustrated in [32], but adapting them to the required tasks 

and the tackled domain. The manual analysis has been conducted to 

be sufficiently sure of including in the dataset only the dialogues that 

adhere to the required characteristics.

In particular, being 𝑁 𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠 

the number of dialogues in the dataset, 

we have considered the coherence between the required emotion ex-

pressed by the user and the request to ChatGPT, naming it emotional 

coherence. Its value is binary (yes/no) and a general parameter that gives 

an idea of the emotional coherence is 𝐶 𝐸 

, computed as:

𝐶 𝐸 = 

𝑁 𝑒𝑦

𝑁 𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠
⋅ 100 (1)

where 𝑁 𝑒𝑦 

is the number of times the emotion of the user has been 

judged as coherent with the request.

Then, we considered the consistency between the required language 

complexity level of the user and the generated dialogue, naming it lan-

guage complexity coherence. Its value is binary (yes/no); we defined a

general measurement that provides an idea of the language complexity

coherence as 𝐶 𝐿, computed as:

𝐶 𝐿 = 

𝑁 𝑦𝑐

𝑁 𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠
⋅ 100 (2)

where 𝑁 𝑦𝑐 is the number of times the language used by the hu-

man character has been judged as coherent with the complexity level 

requested.

Moreover, similarly to what is presented in [32], we computed the 

gender distribution (𝐺𝐷 𝑚,𝑓 ,𝑛 

), counting how many times the genders

Feminine (F), Masculine (M) and Neutral (N), occurred in the dialogues.

Therefore, we computed their frequency distribution.

𝐺𝐷 𝑖 

= 

𝑁 𝑖
𝑁 𝑑𝑖𝑎𝑙𝑜𝑔𝑢𝑒𝑠

⋅ 100 (3)

where 𝑖 ∈ {𝑚, 𝑓, 𝑛}, 𝑁 𝑖 

is the number of occurrences of dialogues involv-

ing the gender 𝑖. This labeling has been done for further development of 

the system.

Finally, the general Quality of Interaction (QoI) of the generated dia-

logues has been estimated, attributing one among three possible values 

to each dialogue: Sufficient (S), Adequate (A), Fail (F). Sufficient indicates 

that the language appears natural and effectively conveys the intended 

emotion and language complexity. Adequate means that the language 

lacks complete naturalness but remains acceptable: it may include words 

that can represent other emotions or words not aligned with the re-

quested language complexity; however, overall, it fulfills its purpose. Fail 

means confusion or unusual language that fails to accurately reflect the 

specific emotion and the requested language complexity. Additionally, 

we calculated the relative distribution of these scores across the gener-

ated dialogues dataset. The dialogues whose QoI value is F are discarded 

from the analysis and are not included in the repository.

2.3. Readability tests

Readability assessment involves determining how easily a text can be 

understood and processed. It usually also associates a suitable reading 

level with a text. This can be useful both for different levels of read-

ers and second-language learners [16]. Different measures have been 

proposed in the literature with the aim of assessing the readability or, 

conversely, the difficulty level of a text.

To make an analysis of the generated dialogues, we have exploited 

the Automatic Readability Tool for English (ARTE) [25,27], which allows 

for automatically computing several readability metrics for texts. The 

tool has been chosen because it provides free and user-friendly access to 

the computation of the different metrics on the texts that have been pro-

vided as input to the system. In particular, the generated dialogues have 

been tested through readability measurements to assess their ease of 

understanding and to verify that the difference in language complexity 

requested has been maintained in the dialogues generated by ChatGPT.

In the following, for completeness, we report the measures that have 

been used in our analysis and that are available in the ARTE Tool. They 

have been exploited to determine the readability of what both the user 

and the agent said in the generated dialogues, as well as to evaluate the 

text readability difficulty of the dialogues as a whole. The parameter 

values reported in the following subsections correspond to those docu-

mented in the ARTE Index Description Sheet, which is accessible on the 

ARTE website [27].

2.3.1. Flesch reading ease

This measure provides a higher score for a more difficult text and 

a lower score for a text that is easier to read. It takes into account lin-

guistic features such as the total number of syllables (𝑛𝑢𝑚𝑆𝑦𝑙𝑙𝑎𝑏𝑒𝑠), the 

total number of words (𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠), and the total number of sentences
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(𝑛𝑢𝑚𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠) in a text. 

𝐹 𝑅𝐸 = 206835 − 84.6 ⋅ 

(

𝑛𝑢𝑚𝑆𝑦𝑙𝑙𝑎𝑏𝑒𝑠
𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠

) 

+ 

− 1.015 ⋅ 

( 𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠
𝑛𝑢𝑚𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 

) 

(4)

2.3.2. Flesch-Kincaid grade level

The Flesch-Kincaid Grade Level is a well-known readability formula, 

derived from the Flesch Reading Ease, that estimates the reading grade 

level required to understand a text. This assessment considers the 

average sentence length and the complexity of words. The resulting 

scores correspond to U.S. grade levels. Initially designed for educational 

purposes, it is now applied in a much broader range of contexts.

𝐹 𝐾𝐺𝐿 = 0.39 · 

( 𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠
𝑛𝑢𝑚𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 

) 

+ 

+ 11.8 ⋅ 

(

𝑛𝑢𝑚𝑆𝑦𝑙𝑙𝑎𝑏𝑒𝑠
𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠 

) 

− 15.59 (5)

2.3.3. Automated reading index

Automated Readability Index (ARI) is another well-known readability 

test for English texts [18]. The ARI score utilizes the characters per word 

instead of syllables per word. This allows a quicker and easier comput-

ing process, since counting characters is easier and more accurate than 

computing the number of syllables in words. The formula of the ARI 

score is the following:

𝐴𝑅𝐼 = 0.5 ⋅ 

( 𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠
𝑛𝑢𝑚𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 

) 

+ 

+ 4.71 ⋅ 

( 𝑛𝑢𝑚𝐶ℎ𝑎𝑟𝑎𝑐𝑡𝑒𝑟𝑠
𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠 

) 

− 21.43 (6)

2.3.4. New Dale-Chall readability formula

The Dale–Chall Readability Formula is a readability test that quantifies 

readers’ difficulty when reading a text. Its new version makes use of a 

A constant of 3.6365 is added if the fraction 𝑑𝑤 of difficult words, 

defined as:

list of three thousand words that fourth-grade American students can 

typically understand. The words in the text that are not included in this 

list are considered difficult to understand [17]. The readability score 

formula is the following:

𝑁𝐷𝐶 = 0.0496 ⋅ 

( 𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠
𝑛𝑢𝑚𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠 

) 

+ 

+ 0.1579 ⋅ 

(

𝑛𝑢𝑚𝐷𝑖𝑓 𝑓 𝑖𝑐𝑢𝑙𝑡𝑊 𝑜𝑟𝑑𝑠
𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠

) 

(7)

𝑑𝑤 =
𝑛𝑢𝑚𝐷𝑖𝑓 𝑓 𝑖𝑐𝑢𝑙𝑡𝑊 𝑜𝑟𝑑𝑠

𝑛𝑢𝑚𝑊 𝑜𝑟𝑑𝑠 

(8)

in the text is greater than 5 %, where numDifficultWords is the number of 

words not included in a list of about 3000 common words, and numWords 

is the number of words considered in the text to oxamine.

2.3.5. CAREC - crowdsourced algorithm for reading comprehension

This model takes into account different parameters. In particular it 

is the sum of:

⋄ a constant, set to 1.811;
⋄ +0.022⋅Average age of acquisition (Kuperman) for all content words;

⋄ +0.746⋅Average bigram range score (COCA) for all words;

⋄ −0.742⋅ Average trigram proportion score (BNC-written) for all

words;

⋄ −0.001⋅ Average imageability score (MRC) for all content words;

⋄ +0.0000625⋅ Average frequency score (Brown) for all words;

⋄ −0.699⋅ Average type token ratio of lemma trigrams for all trigrams;

⋄ −0.111⋅ Proportion of lemma types that occur in the next paragraph

for all paragraphs;

⋄ −2.067⋅ Number of temporal connectives divided by number of words

in text;

⋄ +0.035⋅ Proportion of noun lemma types that occur in the next

paragraph for all paragraphs;

⋄ +0.002⋅ Number of content word lemma types;

⋄ −0.08⋅ Positive adjective scores derived from 4 different corpora;

⋄ +0.047⋅ Average standard deviation of word length for all words;

⋄ −0.395⋅ Average character entropy for all characters.

2.3.6. CAREC_M - crowdsourced algorithm for reading comprehension

modified

The CAREC_M variant is the same as the CAREC model, except that 

the factor +0.002⋅ (Number of content word lemma types) is replaced 

with the factor +0.2⋅ (Number of content word lemma types divided by 

number of content words).

2.3.7. Coh-metrix L2 readability index (Approximated)

This model takes into account different parameters. In particular, it 

is the sum of:

⋄ a constant, set to −43.142;
⋄ +0.642⋅ Number of sentences in text;

⋄ +12.671⋅ Average frequency score (SUBTLEXus) for all content words

logged;

⋄ +29.619⋅ Proportion of noun and pronoun lemma types that occur in

the next two sentences for all sentences. 

2.3.8. Sentence-BERT

The ARTE Tool also provides a deep-learning-based readability 

model [27], which is based on Sentence BERT (SBERT) [19]. Of course, 

the process that leads to the outcome of the model cannot be trans-

lated into explainable and human-understandable linguistic features that 

characterize the text.

2.4. Sequential pattern mining

To identify and address different potential interaction patterns that 

a generative AI model like ChatGPT can give rise to, we employed SPM 

as an analytical approach [21,48]. Pattern mining involves identifying 

meaningful, valuable, and unforeseen patterns within datasets. SPM is 

widely applied across different real-world domains, including purchas-

ing patterns, communication sequences, and online user interactions 

[47]. It can be extremely useful for predicting customer intent. A pat-

tern is a sub-sequence that appears in at least one sequence within the 

database while preserving the original item order. The frequency of a 

pattern is determined by the number of sequences that contain it. SPM 

aims to identify patterns that appear more frequently than a specified 

threshold.

In particular, SPM involves the identification of subsequences that 

can be remarkable within a collection of sequences. Each sequence is 

an ordered collection of items that can also have associated attributes. 

The relevance of a subsequence is assessed based on different criteria, in-

cluding, for example, its frequency of occurrence, length, and associated 

profitability [21].

Moreover, the goal is usually not merely to find all frequent patterns 

in a sequence database: one of the most interesting possibilities of SPM 

is to identify patterns that are not only frequent but also relevant to 

the specific properties of the particular application [24]. Two recent 

surveys on SPM and parallel SPM are provided by Ref. [21] and [48] 

respectively.

More specifically, for the task tackled in this paper, analogously to 

what is reported in [21], let us consider the following formalization.

Let 𝐼 be a set of pairs (𝑎𝑖         

 

, 𝑒 , where denotes𝑗 

𝑎 the actor involved in𝑖
the dialogue, i.e., in our case, 𝑎 𝑖 

∈ {𝐴𝑔𝑒𝑛𝑡, 𝐶𝑙𝑖𝑒𝑛𝑡}, 𝑖 ∈ {1, 2} and 𝑒𝑗 is

the emotional expression or attitude expressed by the actor during a turn 

in a conversation; in our case 𝑒𝑗  

∈ { angry, calm, frustrated, confirming,

reassuring, supportive, …}. The cardinality of 𝐼 , i.e., the number of items
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in 𝐼 , is not predetermined, since it depends on the different emotional 

expressions arising during each turn of a newly generated dialogue. An 

itemset 𝑋 is in general, a set of items such that 𝑋 ⊆ 𝐼 . Let |𝑋| denote the 

cardinality of 𝑋. An itemset 𝑋 is said to be of length 𝑘 or a k-itemset if it 

contains 𝑘 items (i.e., |𝑋| = 𝑘). In our specific case, we consider itemsets 

of length one, i.e., |𝑋| = 1. For example, consider the set of symbols:

𝐼 = {(𝐶𝑙𝑖𝑒𝑛𝑡, 𝑎𝑛𝑔𝑟𝑦), (𝐴𝑔𝑒𝑛𝑡, 𝑐𝑎𝑙𝑚), (𝐶𝑙𝑖𝑒𝑛𝑡, 𝑓 𝑟𝑢𝑠𝑡𝑟𝑎𝑡𝑒𝑑), (𝐴𝑔𝑒𝑛𝑡, 𝑢𝑛𝑑𝑒𝑟𝑠
𝑡𝑎𝑛𝑑𝑖𝑛𝑔), (𝐶𝑙𝑖𝑒𝑛𝑡, 𝑖𝑟𝑟𝑖𝑡𝑎𝑡𝑒𝑑) (𝐴𝑔𝑒𝑛𝑡, 𝑟𝑒𝑎𝑠𝑠𝑢𝑟𝑖𝑛𝑔), (𝐶𝑙𝑖𝑒𝑛𝑡, 𝑎𝑔𝑖𝑡𝑎𝑡𝑒𝑑), (𝐴𝑔𝑒𝑛𝑡, 

𝑐𝑜𝑛𝑓 𝑖𝑟𝑚𝑖𝑛𝑔), (𝐶𝑙𝑖𝑒𝑛𝑡, 𝑓 𝑟𝑢𝑠𝑡𝑟𝑎𝑡𝑒𝑑), (𝐴𝑔𝑒𝑛𝑡, 𝑠𝑦𝑚𝑝𝑎𝑡ℎ𝑒𝑡𝑖𝑐), (𝐶𝑙𝑖𝑒𝑛𝑡, 𝑔𝑟𝑢𝑑𝑔𝑖𝑛
𝑔𝑙𝑦), (𝐴𝑔𝑒𝑛𝑡, 𝑎𝑝𝑜𝑙𝑜𝑔𝑒𝑡𝑖𝑐)} represent the possible pairs (𝑎 𝑖,  

 

𝑒
 

) during𝑖  an 

emotional chain of interactions.

-

-

A sequence in our case is an ordered list of itemsets 𝑠 = 

⟨𝑋1 , 𝑋 2,… , 𝑋 ⟩𝑛  such that 𝑋𝑘 ⊆ 𝐼(1 ≤ 𝑘 ≤ 𝑛). The order is  

   

determined by

the temporal sequence of the chain of interactions during a dialogue.

A sequence 𝑠  ⟨𝑎 𝐴 1       

 

=       

 

, 𝐴2 

,… , 𝐴 ⟩ is said to be of length𝑛 

𝑘 or a k

sequence if it contains 𝑘 items 𝑋𝑖 . Specifically, 𝑘 is the number of turns

in a dialogue.

-

A list of sequences [𝑠 1, 𝑠 2,… , 𝑠 𝑝] having sequence identifiers 1, 2, …  

  

, 𝑝
constitutes a sequence database. Each sequence 𝑠 𝑖     

 

is a chain of interac-

tions extracted from a dialogue.

A sequence 𝑠 = ⟨𝐴1 , 𝐴 2,… , 𝐴 ⟩ is said to be contained in 

    

another𝑎 𝑛  

sequence 𝑠 𝑏 

= ⟨𝐵1             

 

, 𝐵2 

,… , 𝐵 ⟩ if and only if there exist integers𝑚 

1 ≤
𝑖 1 

< 𝑖 2 

< … < 𝑖  

 

≤ 𝑚 such that𝑛   𝐴 1 

⊆ 𝐵 𝑖1 

, 𝐴 2 

⊆ 𝐵 𝑖2 

,… , 𝐴 𝑛 

⊆ 𝐵 𝑖𝑛 

. If a 

sequence 𝑠  

 

is contained in a𝑎   sequence 𝑠 𝑏 

, 𝑠 𝑎 

is said to be a subsequence 

of 𝑠 𝑏 

. The goal is to identify meaningful subsequences within a sequence 

database, finding sequential relationships between items that can be of 

any relevance or significance for the task to be managed.

Among the different SPM algorithms available in the literature, we 

have focused our attention on the use of a new and interesting algo-

rithm designed for constraint-based SPM. This task aims at identifying 

frequent patterns in a sequential database of items while adhering to 

constraints on item attributes. The algorithm presented in [20,22,23] 

introduces novel techniques for constraint-based SPM that rely on a 

Multi-valued Decision Diagram (MDD) representation of the database.

Specifically, the representation can handle multiple item attributes and 

various constraint types. Moreover, Seq2Pat is the first Python-based 

Constraint-based SPM library designed to support a variety of anti-

monotone and non-monotone constraint types [49]. We selected this 

approach due to its demonstrated competitiveness and superiority over 

similar methods in terms of scalability and efficiency.

In this work, we only use its basic features, without introducing 

any constraints or costs. However, the use of this algorithm triggers 

the possibility of future development and improvement of the overall 

system.

2.5. Biases in ChatGPT-generated dialogues

Even though ChatGPT 3.5 makes it feasible to quickly and effectively 

create dialogues that are aware of emotions, it is crucial to recognize 

the limitations and risks of depending on LLMs that have been trained 

on vast, online datasets. An important issue is that the training data of 

these models contain inherent biases that could influence the generated 

content in terms of linguistic style and emotional tone. These biases can 

manifest in various forms, such as:

• Emotional Stereotyping: The way emotions like anger or sadness

are expressed may be influenced by stereotypical portrayals seen 

in training data, potentially leading to exaggerated or flattened 

emotional expressions that do not reflect real-life nuance.

• Language Style Bias: The generated language may favor certain tones

or word choices over others based on the dominant patterns in its 

training corpus. For instance, responses might overuse formal po-

liteness markers or default to overly neutral tones in emotionally 

charged scenarios.

• Demographic Blind Spots: Since the system does not infer or model age,

socioeconomic status, or regional dialects, the generated dialogues

may unintentionally neglect diversity in communication styles across 

different user groups.

3. Experimental results

The experimental results presented in this Section concern two key 

aspects: (a) the generation and the analysis of dialogues, expressed at a 

designated CEFR language proficiency level, in which a specific emotion 

is also conveyed, and (b) the induction of possible interaction graphs, 

which we named attitude interaction graphs. These graphs are derived 

from the sequences of interactions arising from the dialogues generated 

by ChatGPT and exploiting an algorithm SPM provided by the literature 

[22,24]. The two aspects are illustrated in the following Section 3.1 and 

Section 3.2, respectively.

3.1. Dialogue analysis

In our experimental analysis, we prompted ChatGPT to generate a 

series of short dialogues based on user input i.e., the context, the emotion, 

and the CEFR Level as input in module (1) of the system (see Fig. 1). 

In the following, we present a selection of these dialogues, categorized 

by a specific emotion and a determined linguistic proficiency level. In 

the dialogues where ChatGPT referenced a specific commercial brand or 

phone model, we replaced the actual name with the placeholder “Brand 

Model” to avoid unintended endorsements or criticisms. The sequences

of attitude labels arising from the dialogues were extracted and stored 

in a repository to facilitate the subsequent identification and analysis of 

recurring interaction patterns. Each sequence is also associated with the 

corresponding desired emotion and the CEFR proficiency level requested 

in the prompt.

In the following, we show some examples of dialogues reflecting the 

emotions of anger and surprise. For each emotion, we present three di-

alogues corresponding to different CEFR levels, namely 𝐴2 (basic), 𝐵2 

(independent) and 𝐶2 (proficient). Subsequently, we also show the re-

sults obtained by analyzing the language used in the different clusters of 

dialogues generated by ChatGPT using the ARTE tool [27]. This analysis 

aims to identify the most effective metric or combination of metrics for 

automating in the future the assessment and validation of text complex-

ity. The presented results serve as a proof of concept, demonstrating the 

applicability of the proposed methodology to LLM-generated dialogues.

3.1.1. Anger and 𝐴2 CEFR language level

In the dialogue illustrated in Fig. 2, the client expresses anger us-

ing language appropriate for the 𝐴2 CEFR level. The agent responds 

calmly and offers assistance to resolve the issue. Between parentheses it 

is shown the emotion expressed by the subject that has been assigned 

by ChatGPT. In the dialogue, there is the use of negative expressions, 

e.g., I’m not happy at all!, which directly expresses strong dissatisfac-

tion, or It’s really annoying!, which denotes a strong negative emotion. 

Furthermore, there is the use of strong and repetitive language, such 

as I’ve tried that a hundred times!, which shows anger and impatience. 

Additionally, the client’s responses are often brief and sharp, e.g., It won’t 

turn on!. Most sentences are short and straightforward, avoiding com-

plex grammar. Moreover, words like phone, working, annoying, turn on, 

and charging are everyday words familiar to 𝐴2 learners. Furthermore, 

the dialogue shows a use of direct, simple questions and answers. No 

complex conditional structures or advanced tenses are used.

From the above interaction, it is moreover inferred that the chain of 

interaction is illustrated in Fig. 3.

3.1.2. Anger and 𝐵2 CEFR language level

In the dialogue reported in Fig. 4, the client expresses anger using 

language appropriate for the 𝐵2 CEFR level. The agent responds with 

attentiveness and offers assistance to address the issue. Compared to the 

previous dialogue, this version demonstrates anger in a more controlled, 

articulated, and sophisticated manner. The client’s frustration is con-

veyed through word choice, tone, and more formal sentence structures,

Neurocomputing 653 (2025) 131232 

6 



A. Cuzzocrea, G. Pilato and P.G. Bringas

Fig. 2. An example of a dialogue in which the client expresses the “anger” 

emotion and uses language appropriate for the 𝐴2 CEFR level.

Fig. 3. The extracted chain of interaction during the dialogue of Fig. 2, where 

the client expresses the “anger” emotion and uses a language appropriate for the 

𝐴2 CEFR level.

Fig. 4. An example of dialogue where the client expresses the “anger” emotion 

and uses a language appropriate for the 𝐵2 CEFR level.

making it appropriate for a 𝐵2-level speaker. As an example, the sen-

tence I’m quite frustrated with my phone situation. instead of I’m not happy 

at all! conveys irritation but in a more elegant manner. The use of incred-

ibly adds emphasis, making the complaint of the client more vigorous. 

The phrase I’m at my wit’s end. denotes extreme frustration. The expres-

sion completely unresponsive sounds more formal and technical than It’s

Fig. 5. The extracted chain of interaction during the dialogue of Fig. 4, where 

the client expresses the “anger” emotion and uses a language appropriate for the 

𝐵2 CEFR level.

Fig. 6. An example of dialogue where the client expresses the “anger” emotion 

and uses a language appropriate for the 𝐶2 CEFR level.

just dead. Furthermore, there is the use of a polite, indirect question by

the Agent. Besides, there are more complex and formal apologies from 

the Agent. While the 𝐴2 CEFR version had direct, precise, straightfor-

ward, and unfiltered expressions of anger, the 𝐵2 CEFR version is more 

refined and indirect, but still expresses the same emotion. Furthermore, 

we can note the use of more advanced vocabulary, e.g., Troubleshooting 

methods instead of just tried everything. There is a presence of more struc-

tured and formal sentences and more indirect expressions of emotion. In 

addition, there is the use of modal verbs for politeness.

From the above interaction, it is moreover inferred that the chain of 

interaction illustrated in Fig. 5.

3.1.3. Anger and 𝐶2 CEFR language level

In the dialogue reported in Fig. 6, the client expresses anger us-

ing language appropriate for the 𝐶2 CEFR level. The agent responds 

attentively and offers assistance to address the issue. Instead of direct 

expressions of anger, the client elegantly conveys her emotion through 

formal and elegant phrasing, e.g., in the sentence I’m deeply frustrated by 

the ongoing issue with my phone, the expression Deeply frustrated conveys 

strong emotion, while ongoing issue implies some persistent inconve-

nience, increasing the sense of urgency. The anger emotion is expressed 

by avoiding informal or exaggerated language; instead, it is managed, 

refined, or moderated. There is a more sophisticated and formal vo-

cabulary, and also an advanced structure of sentences, e.g., Could you 

please elaborate on the nature of the problem? which is a formal question

Neurocomputing 653 (2025) 131232 

7 



A. Cuzzocrea, G. Pilato and P.G. Bringas

Fig. 7. The extracted chain of interaction during the dialogue of Fig. 6, where 

the client expresses the “anger” emotion and uses a language appropriate for the 

𝐶2 CEFR level.

Fig. 8. An example of dialogue where the client expresses the “surprise” emotion 

and uses a language appropriate for the 𝐴2 CEFR level.

structure rather than a basic and straightforward Can you tell me what’s 

wrong?.

From the above interaction, it is moreover inferred that the chain of 

interaction is illustrated in Fig. 7.

3.1.4. Surprise and 𝐴2 CEFR language level

In the dialogue reported in Fig. 8, the client expresses surprise us-

ing language appropriate for the 𝐴2 CEFR level. The agent responds 

with curiosity and offers assistance to address the unexpected situation. 

This dialogue expresses surprise in a basic and informal way, using sim-

ple sentence structures, casual vocabulary, and interjections. The 𝐴2 

CEFR level language makes the conversation sound natural but not com-

plex, using everyday phrases and expressions commonly found in spoken 

English. Surprise is often shown through verbal pauses, fillers, and inter-

jections, e.g., Um, hi. or Oh, um, no, I haven’t. These short, spontaneous

reactions make the surprise sound genuine and natural. It is present in 

repetition for emphasis, e.g., in I’m, like, really surprised right now. where 

like and really add emphasis and hesitation, making the surprise sound 

spontaneous. The surprise is expressed clearly and directly, without com-

plex grammar or figurative language. The dialogue shows the use of 

short and direct sentences, a basic vocabulary and an informal tone as 

well as explicit expressions.

From the above interaction, it is moreover inferred that the chain of 

interaction is illustrated in Fig. 9.

3.1.5. Surprise and 𝐵2 CEFR language level

In the dialogue reported in Fig. 10, the client expresses surprise us-

ing language appropriate for the 𝐵2 CEFR level. The agent responds with 

curiosity and offers assistance to address the unexpected situation. The 

dialogue expresses surprise in a more structured and refined manner, 

which can be associated with a 𝐵2 CEFR level of English. The emotion

Fig. 9. The extracted chain of interaction during the dialogue of Fig. 8, where 

the client expresses the “surprise” emotion and uses a language appropriate for 

the 𝐴2 CEFR level.

Fig. 10. An example of dialogue where the client expresses the “surprise” 

emotion and uses a language appropriate for the 𝐵2 CEFR level.

Fig. 11. The extracted chain of interaction during the dialogue of Fig. 10, where 

the client expresses the “surprise” emotion and uses a language appropriate for 

the 𝐵2 CEFR level.

is conveyed through a moderately advanced vocabulary, varied sentence 

structures, and a balance between formal and natural speech. Unlike the 

𝐴2 CEFR version, which is more direct, this version sounds more pro-

fessional and fluid, showing an intermediate-advanced level of fluency. 

E.g., It’s really unexpected is a simple but more elegant manner to express 

disbelief compared to I didn’t expect this at all; the choice of unexpected 

denotes a slightly more advanced vocabulary. Instead of short sentences 

like Yeah, it’s, like, not turning on! the client says: Well, my phone suddenly 

won’t turn on. It’s really unexpected; this makes the conversation sound 

more fluid and engaging.

From the above interaction, it is moreover inferred that the chain of 

interaction is illustrated in Fig. 11.

3.1.6. Surprise and 𝐶2 CEFR language level

In the dialogue reported in Fig. 12, the client expresses surprise us-

ing language appropriate for the 𝐶2 CEFR level. The agent responds with 

attentiveness and offers assistance to address the unexpected situation.
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Fig. 12. An example of dialogue where the client expresses the “surprise” 

emotion and uses a language appropriate for the 𝐶2 CEFR level.

Fig. 13. The extracted chain of interaction during the dialogue of Fig. 12, where 

the client expresses the “surprise” emotion and uses a language appropriate for 

the 𝐶2 CEFR level.

It can be seen that dialogue denotes surprise in a highly sophisticated 

and articulate manner, which can be associated with a 𝐶2 CEFR level 

of English. The language is formal, elegant, and precise; it uses rather 

complex sentence structures, advanced vocabulary, and refined phras-

ing to convey disbelief and astonishment in an eloquent manner. For 

example, instead of basic or casual surprise phrases, this dialogue uses 

very articulate expressions, like I find myself quite taken aback by the cur-

rent state of my phone.; the expression Find myself quite taken aback is 

a refined manner of expressing shock, more advanced than I’m really 

surprised (𝐴2 level) or I’m quite surprised (𝐵2 level). Furthermore, the

phrase current state of my phone sounds formal and precise, avoiding ba-

sic phrasing like what’s going on with my phone. Another example can 

be seen in the advanced vocabulary and the formal tone used, which is 

more sophisticated than the dialogues expressed in 𝐴2 and 𝐵2 levels. 

Furthermore, the structure of the sentences is more complex.

From the above interaction, it is moreover inferred that the chain of 

interaction is illustrated in Fig. 13.

3.1.7. Readability results

All dialogues created with ChatGPT were aggregated by the CEFR 

level required in the prompt, regardless of the emotions the user was 

asked to manifest.

After setting the CEFR level, we considered separately the sen-

tences attributed to the user and the sentences attributed to the agent. 

Readability was then measured by CEFR level and by the role played in 

the dialogue.

Individual turns of the considered interlocutor were then randomly 

extracted. Each turn is appended to a list of sentences until the total num-

ber of words does not reach the maximum number allowed by the ARTE 

online tool (specifically, 1000 words). Of course, the last turn has not

been interrupted. As a consequence, if the number of words in the last 

turn to be included in the analysis is such that it exceeds the maximum 

allowed number of words, the turn is discarded and it is not included in 

the list of sentences to be evaluated.

In the end, a text of approximately 950 words was built and evaluated 

according to the different readability measures provided by the ARTE 

tool. This operation was carried out several times for each CEFR level 

and each interlocutor type (User or Agent). Because the sentences were 

taken randomly, the text considered for the analysis is varied, and it 

considers different emotions that ChatGPT was asked to express by the 

user.

The readability results provided by the ARTE tool were then saved, 

and finally, an average value was computed. Moreover, we calculated 

the standard deviation of the measures taken. The results are illustrated 

in Fig. 14–21.

As a further analysis, we merged all the dialogues concerning a given 

CEFR level that explicitly used the emotion word; we did the same with 

those dialogues that did not explicitly use the emotion word. We exe-

cuted readability tests on these types of files by using the ARTE tool [27].

Fig. 14. The ARI average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 15. The CAREC average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.
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Fig. 16. The CARECM average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 17. The CML2 average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 18. The FKG average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 19. The FRE average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 20. The NDC average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.

Fig. 21. The SBERT average readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR 

proficiency levels both for the User and the Agent.
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Fig. 22. The ARI readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

Fig. 23. The CAREC readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

The readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR levels considering 

the entire generated dialogues with or without words that explicitly refer 

to an emotion are reported in Fig. 22–29.

3.2. SPM results

Starting from the chain of interactions associated with the dialogues 

generated by ChatGPT, for each one of the six basic emotions, we cre-

ated a graph, which we named attitude interaction graph. The graph has 

been induced by exploiting the algorithm SPM that we have selected 

for extracting the most frequent sequential emotional patterns occur-

ring during the generated interaction. In the following, we illustrate 

the construction process of the attitude interaction graph: provided a 

given emotion, all the patterns that have been found by the seq2pat al-

gorithm [22,24] are collected together independently of the CEFR level 

used in the dialogue. A pattern is therefore analyzed in order to find 

the building blocks of the attitude interaction graph. Each pattern has an 

occurrence score associated, then pairs are extracted together with their

Fig. 24. The CARECM readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

Fig. 25. The CML2 readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

occurrence score. Once all the pairs have been extracted, the attitude 

interaction graph is then built. If more identical pairs are present, they 

are considered once and their occurrence scores are summed.

After the graph structure has been constructed, to each out-link 𝑖 of 

each node 𝑘 is associated a weight 𝑤 𝑖 

so that each score 𝑠𝑜 

𝑘
𝑗 of each 

out-link is summed and the fraction 𝑤 

𝑘
𝑗 is subsequently computed:

𝑤𝑘
𝑖 

=
𝑠𝑜 

𝑘
𝑖

∑ 

𝑗 𝑠𝑜 

𝑘
𝑗

(9)

Examples of graphs are provided in Figs. 30 and 31. 

We used the seq2pat algorithm by considering a maximum span of 

three in the sequences and also a threshold of three as the minimum 

frequency of the patterns to include. The value of these parameters has 

been experimentally determined and they can change according to the 

extent of the dataset, i.e., the number of dialogues and their length.

For each emotion we have also computed a similarity matrix com-

puting the Tanimoto Similarity (Eq. 10) between the sets of patterns
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Fig. 26. The Flesch-Kincaid Grade (FKG) readability scores for the 𝐴2, 𝐵2, 

and 𝐶2 CEFR proficiency levels were analyzed considering the entire generated 

dialogues, both with and without lexical items that explicitly denote emotions.

Fig. 27. The FRE readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

𝑠𝑒𝑡  

 

, 𝑠𝑒𝑡 found by the seq2pat algorithm for each class of lan𝐿1 

𝐿2
guage complexity requested from the generative AI, where 𝐿 1, 𝐿 2  

  

∈
{𝐴1, 𝐴2, 𝐵1, 𝐵2, 𝐶1, 𝐶2} i.e., are associated with the considered CEFR 

language complexity identifier. The obtained matrix, of course, is sym

metric.

-

-

𝑇 (𝑠𝑒𝑡 𝐿 1 

, 𝑠𝑒𝑡 𝐿 2
) =

‖𝑠𝑒𝑡 𝐿1 

∩ 𝑠𝑒𝑡 𝐿2
‖

‖𝑠𝑒𝑡𝐿1
∪ 𝑠𝑒𝑡 𝐿12‖

(10)

We denote with 𝐴2 the sets of patterns mined for the dialogues char-

acterized by an 𝐴2 CEFR language level; with 𝐵2 the sets of patterns 

mined for the dialogues characterized by a 𝐵2 CEFR language level; 

with 𝐶2 the sets of patterns mined for the dialogues characterized by a 

𝐶2 CEFR language level. The obtained results are illustrated in Table 1.

As can be seen from the results, for the joy, surprise, sadness, and dis-

gust emotions, the extracted sequential patterns are the same for the 𝐵2
and 𝐶2 levels. Moreover, for the surprise emotion, the extracted pat-

terns are very similar for all three CEFR levels. Different results have

Fig. 28. The NDC readability results for the A2, B2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

Fig. 29. The SBERT readability results for the 𝐴2, 𝐵2, and 𝐶2 CEFR proficiency 

levels were analyzed considering the entire generated dialogues, both with and 

without lexical items that explicitly denote emotions.

been obtained for the fear emotion. On the other hand, for angry and 

fear emotions, the sets of patterns associated with the 𝐴2 and 𝐵2 CEFR

levels have little in common.

In the Table 2–7, we report some results regarding the most fre-

quent patterns extracted from eleven dialogues generated by considering 

a specific emotion and a given CEFR language level using the seq2pat 

algorithm, identified with a maximum span of three and a minimum 

occurrence of three.

4. Limitations and research directions

This study presents a methodology-focused contribution rather than 

a model-specific tool. As a consequence, we do not directly compare 

our results to other generative models or emotion-aware datasets. The 

framework has been designed to be flexible and agnostic to the un-

derlying LLM, allowing it to evolve alongside advances in generative 

AI. While ChatGPT-3.5 is used in this study due to accessibility con-

straints at the time of writing, the proposed framework is not constrained 

to a specific generative model. Because of its modular and flexible
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Fig. 30. The interaction graph induced by exploiting the most frequent sequential patterns induced by the seq2pat algorithm regarding only the dialogues characterized 

by the anger emotion.
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Fig. 31. The interaction graph induced by exploiting the most frequent sequential patterns induced by the seq2pat algorithm regarding only the dialogues characterized 

by the surprise emotion.

Table 1 

The similarity matrix obtained by computing the Tanimoto measure (Eq. 10) 

between the sets of patterns found by the seq2pat algorithm for each language 

complexity requested from the generative AI.

Emotion T(A2,B2) T(A2,𝐶2) T(B2,𝐶2)

Anger 0.11 0.11 0.65

Fear 0.09 0.05 0.27

Joy 0.17 0.17 1.0

Surprise 0.95 0.95 1.0

Sadness 0.51 0.51 1.0

Disgust 0.69 0.69 1.0

Table 2

Patterns extracted for “anger” and 𝐴2 CEFR Language Level.

#occ Pattern

6 ‘Agent (understanding)’, ‘User (irritated)’

6 ‘User (angry)’, ‘User (frustrated)’

6 ‘User (frustrated)’, ‘Agent (understanding)’

6 ‘User (frustrated)’, ‘Agent (understanding)’, ‘User (irritated)’

6 ‘User (frustrated)’, ‘User (irritated)’

architecture, it can be integrated with newer models like ChatGPT-4 

or other cutting-edge LLMs. This adaptability guarantees that our ap-

proach can be aligned with improvements in generative AI capabilities. 

New research directions will include systematic comparisons with pub-

licly available emotion-annotated corpora and the inclusion of additional 

generative models to benchmark performance across different architec-

tures. This will make it possible to have a more thorough evaluation of 

the performance, including its efficacy in generating emotionally com-

plex dialogues appropriate for the given context. Furthermore, we plan 

to evaluate the proposed framework using more recent and domain-

adapted LLMs to assess dialogue coherence, emotional expression, and 

language complexity improvements. Incorporating these models will also 

provide an opportunity to benchmark performance across versions and

Table 3 

Patterns extracted for “anger” and 𝐵2 CEFR Language Level.

#occ Pattern

6 ‘User (irritated)’, ‘Agent (understanding)’

6 ‘User (angry)’, ‘User (irritated)’

5 ‘Agent (calming)’, ‘Agent (understanding)’

5 ‘Agent (calming)’, ‘User (irritated)’

5 ‘Agent (confirming)’, ‘User (angry)’

5 ‘Agent (calming)’, ‘User (irritated)’, ‘Agent (understanding)’

5 ‘Agent (understanding)’, ‘Agent (confirming)’

5 ‘Agent (understanding)’, ‘User (agitated)’

5 ‘Agent (understanding)’, ‘User (agitated)’, ‘Agent (confirming)’

5 ‘User (agitated)’, ‘Agent (confirming)’

5 ‘User (agitated)’, ‘Agent (confirming)’, ‘User (angry)’

5 ‘User (agitated)’, ‘User (angry)’

5 ‘User (angry)’, ‘Agent (calming)’

5 ‘User (angry)’, ‘Agent (calming)’, ‘User (irritated)’

5 ‘User (angry)’, ‘User (angry)’

5 ‘User (irritated)’, ‘Agent (understanding)’, ‘User (agitated)’

5 ‘User (irritated)’, ‘User (agitated)’

to further validate the generalizability of the methodology to different 

model architectures.

Moreover, the analysis regarding the CEFR levels of the generated 

dialogues is exploratory. Its aim consists of investigating a potential 

direction for an automatic evaluation of the adherence of the gener-

ated dialogues to a required complexity level. Next, the focus should 

be on expanding this component through the application of advanced 

linguistic metrics and tools. Furthermore, we aim to address how well 

the generated dialogues align with real-life customer care interactions by 

collaborating with organizations willing to share anonymized dialogue 

data or by simulating customer care scenarios with human-in-the-loop 

evaluations.

While the SPM analysis presented in this study is limited to its basic 

functionality, it is a foundational step toward more advanced dialogue 

analytics. At this stage, we have neither imposed constraints nor explored
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Table 4 

Patterns extracted for “anger” and 𝐶2 CEFR Language Level.

#occ Pattern

6 ‘User (aggravated)’, ‘Agent (confirming)’

6 ‘User (angry)’, ‘User (irritated)’

6 ‘User (irritated)’, ‘Agent (understanding)’

5 ‘Agent (calming)’, ‘Agent (understanding)’

5 ‘Agent (calming)’, ‘User (irritated)’

5 ‘Agent (calming)’, ‘User (irritated)’, ‘Agent (understanding)’

5 ‘Agent (confirming)’, ‘User (angry)’

5 ‘Agent (understanding)’, ‘Agent (confirming)’

5 ‘Agent (understanding)’, ‘User (aggravated)’

5 ‘Agent (understanding)’, ‘User (aggravated)’, ‘Agent (confirming)’

5 ‘User (aggravated)’, ‘Agent (confirming)’, ‘User (angry)’

5 ‘User (aggravated)’, ‘User (angry)’

5 ‘User (angry)’, ‘Agent (calming)’

5 ‘User (angry)’, ‘Agent (calming)’, ‘User (irritated)’

5 ‘User (angry)’, ‘User (angry)’

5 ‘User (irritated)’, ‘Agent (understanding)’, ‘User (aggravated)’

5 ‘User (irritated)’, ‘User (aggravated)’

Table 5

Patterns extracted for “Surprise” and 𝐴2 CEFR Language Level.

#occ Pattern

6 ‘Agent (confirming)’, ‘User (surprised)’

6 ‘User (surprised)’, ‘User (surprised)’

5 ‘Agent (friendly)’, ‘Agent (supportive)’

5 ‘Agent (friendly)’, ‘User (curious)’

5 ‘Agent (friendly)’, ‘User (curious)’, ‘Agent (supportive)’

5 ‘Agent (supportive)’, ‘Agent (confirming)’

5 ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘Agent (supportive)’, ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (curious)’, ‘Agent (supportive)’

5 ‘User (curious)’, ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘User (curious)’, ‘User (uncertain)’

5 ‘User (surprised)’, ‘Agent (friendly)’

5 ‘User (surprised)’, ‘Agent (friendly)’, ‘User (curious)’

5 ‘User (surprised)’, ‘User (curious)’

5 ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (uncertain)’, ‘Agent (confirming)’, ‘User (surprised)’

5 ‘User (uncertain)’, ‘User (surprised)’

Table 6

Patterns extracted for “Surprise” and 𝐵2 CEFR Language Level.

#occ Pattern

6 ‘Agent (confirming)’, ‘User (surprised)’

6 ‘User (surprised)’, ‘User (surprised)’

5 ‘Agent (friendly)’, ‘Agent (supportive)’

5 ‘Agent (friendly)’, ‘User (curious)’

5 ‘Agent (friendly)’, ‘User (curious)’, ‘Agent (supportive)’

5 ‘Agent (supportive)’, ‘Agent (confirming)’

5 ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘Agent (supportive)’, ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (curious)’, ‘Agent (supportive)’

5 ‘User (curious)’, ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘User (curious)’, ‘User (uncertain)’

5 ‘User (surprised)’, ‘Agent (friendly)’

5 ‘User (surprised)’, ‘Agent (friendly)’, ‘User (curious)’

5 ‘User (surprised)’, ‘User (curious)’

5 ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (uncertain)’, ‘Agent (confirming)’, ‘User (surprised)’

5 ‘User (uncertain)’, ‘User (surprised)’

cost-based weighting nor conducted a thorough analysis of the mined pat-

terns. However, recurring sequences across different emotional states 

and CEFR levels suggest the potential for further development. These 

patterns could be exploited to enhance interaction quality by inform-

ing system-level adaptations, such as customizing dialogue flows based 

on detected user emotion or language proficiency. Moreover, possible 

differences arising in patterns might suggest ways to provide more per-

sonalized emotional support or to adapt the complexity level of the

Table 7 

Patterns extracted for “Surprise” and 𝐶2 CEFR Language Level.

#occ Pattern

6 ‘Agent (confirming)’, ‘User (surprised)’

6 ‘User (surprised)’, ‘User (surprised)’

5 ‘Agent (friendly)’, ‘Agent (supportive)’

5 ‘Agent (friendly)’, ‘User (curious)’

5 ‘Agent (friendly)’, ‘User (curious)’, ‘Agent (supportive)’

5 ‘Agent (supportive)’, ‘Agent (confirming)’

5 ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘Agent (supportive)’, ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (curious)’, ‘Agent (supportive)’

5 ‘User (curious)’, ‘Agent (supportive)’, ‘User (uncertain)’

5 ‘User (curious)’, ‘User (uncertain)’

5 ‘User (surprised)’, ‘Agent (friendly)’

5 ‘User (surprised)’, ‘Agent (friendly)’, ‘User (curious)’

5 ‘User (surprised)’, ‘User (curious)’

5 ‘User (uncertain)’, ‘Agent (confirming)’

5 ‘User (uncertain)’, ‘Agent (confirming)’, ‘User (surprised)’

5 ‘User (uncertain)’, ‘User (surprised)’

conversation during the interaction. Exploring these applications will 

be a focus of subsequent research, especially as the dataset scales and 

richer annotations become available.

5. Conclusions and future work

In this paper, we have presented an analytical approach for gener-

ating a dataset of dialogues between a user and an agent of a customer 

care office using LLM Models. Specifically, we employ ChatGPT 3.5 to 

generate hypothetical dialogues in a given context. Furthermore, two 

characteristics have been considered: (i) the emotion expressed by the 

user; (ii) the complexity of the language during the interaction. Each 

dialogue has been checked for different parameters in order to en-

sure at least an acceptable level of quality for the dialogues that have 

been generated. The novelty of the presented work is the definition of 

a methodological approach that combines multiple elements, such as 

emotion awareness, language complexity evaluation, and SPM, into a 

cohesive system as a tool for enhancing human-agent interactions.

The study analyzed dialogues using two types of analyses, focusing 

on (i) language complexity; (ii) inferring interaction patterns based on 

specific emotions. The first task involved using different readability mea-

sures, and the second task involved an efficient algorithm SPM. The tool 

allows for clear interaction by creating graphs with nodes representing 

agent or user attitudes and links indicating transitions between them. It 

can be useful for reinforcement learning if a satisfaction score is provided 

at the end of the conversation, or for effectively supporting interactions 

and managing conversations in specific contexts.

The results of readability measures confirmed the effectiveness of 

ChatGPT in generating dialogues characterized by different language 

levels. The ability to exploit attitude tags associated with each turn of 

the dialogue allows for inferring effective interaction habits, provided 

an emotion is expressed by the user. Despite the limited number of dia-

logues, the preliminary findings highlight the potential of the approach 

and the need for further investigation.

Future work will regard two lines of research. The first one deals 

with the improvement of the analytics system in order to actually embed 

it in a decision support system for human-computer and human-robot 

interaction. The second one deals with combining the topics addressed 

by our current research with the ones coming from the emerging big data 

trend (e.g., [34–38]).
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