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Abstract
Anthropomorphizing, which involves attributing human-like characteristics to non-human entities, is common
in users’ conversations with text-based conversational agents and can lead to a misalignment between the
users’ expectations and the agent’s actual capabilities. Detecting users’ ascriptions of humanness automatically
may enable systems to identify when users adopt a human-like style when conversing with an agent and to
adapt its responses accordingly to tune their expectations. In this paper, we introduce HumaniCA, a benchmark
resource comprising three annotated datasets of user turns from real dialogues with three different types of
conversational agents (task-oriented, Q&A, and LLM-based) aimed at indicating whether the user is ascribing
humanness to the conversational agent. We also identified a set of linguistic indicators of user ascription of
humanness to conversational agents and validated their utility with benchmark experiments. We then compared
performance of our linguistic features and other well-known textual features (TF-IDF weights and SentenceBERT
word embeddings), as well as their combinations. The evaluation highlights the central role of our linguistic
features: whether used individually or in combination, they consistently achieve higher accuracy across all agent types.
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1. Introduction

A conversational agent is a virtual agent that uses
natural language to interact with users, either
through text or speech (Jurafsky and Martin, 2000).
These agents leverage artificial intelligence to make
interactions more efficient by mimicking human con-
versational patterns or appearance, enhancing their
ability to perform tasks typically done by humans
(Crolic et al., 2022; Seymour and Van Kleek, 2021).

Recently, conversational agents based on Large
Language Models (LLMs), such as OpenAl’'s Chat-
GPT, have become widespread (Zhao et al., 2025).
Their human-like text generation often leads users
to ascribe human-like characteristics to them, more
than non-LLM-based agents (Luger and Sellen,
2016). This phenomenon, known as humaniza-
tion or anthropomorphizing, may lead users to
have unrealistic expectations about an agent’s abil-
ities (Chaves and Gerosa, 2021), creating a signifi-
cant misalignment between their expectations and
the agent’s actual performance (Luger and Sellen,
2016). Despite rapid advancements, LLM-based
agents still suffer from issues such as inappropriate
responses, lack of context awareness, misunder-
standings (Jain et al., 2018), and hallucinations (Ji
et al., 2023), which can disappoint users and even
be harmful, especially in collaborative situations
where they can lead to poor decisions (Nguyen
et al., 2022).

To reduce the gap between users’ expectations
and an agent’s actual capabilities, it is crucial to de-
tect when a user is anthropomorphizing the agent.

Such detection would allow the agent to adjust its
responses accordingly, by correcting the user’s mis-
perceptions, encouraging them to adopt a more
effective communication strategy, and thus lower-
ing the likelihood of abandoning the conversation.
However, identifying user humanization is typically
a post-hoc, manual task, consisting in cumbersome
and time-consuming qualitative (Jain et al., 2018;
Rapp et al., 2024) or quantitative analysis (Araujo
and Bol, 2024) of human-agent conversations, or
in collecting self-reported data from questionnaires
and interviews. However, there are currently no
resources that enable the automatic detection of
user humanization.

In this paper, we address this gap by introducing
HumaniCA, a benchmark resource specifically de-
signed to support and evaluate automatic detection
of users’ ascriptions of humanness to conversa-
tional agents. In particular, we identified a set of
linguistic indicators associated with the users’ ten-
dency to anthropomorphize an agent, based on pre-
vious studies, and formalized them into a suite of
heuristic features designed to capture interpretable
cues of human-like conversational strategies, such
as politeness, social references, and personal in-
formation disclosure.

To assess their utility, the heuristic features
have been compared to TF-IDF weights, named
frequency-based features, and SentenceBERT
word embeddings, named semantic-based fea-
tures. Then, we compiled three datasets of users’
turns from real-world human-agent dialogues cov-
ering three different types of conversational agents
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(task-oriented, Q&A, LLM-based), which we anno-
tated with binary labels indicating whether the user
is ascribing human-like characteristics to the agent.
In total, HumaniCA includes 2,100 user turns.

We then trained baseline machine learning models
(Naive Bayes, Logistic Regression, and Support
Vector Machine) to evaluate the predictive power
of each feature set and their combinations in au-
tomatically detecting user humanization. Our find-
ings demonstrate that the heuristic features play a
key role in distinguishing when users anthropomor-
phize a conversational agent, exhibiting superior
performance across all agent types.

2. Related Work

2.1.

Detecting user features from human-agent conver-
sations is challenging, especially for large-scale
applications, as collecting user profiles is costly
and time-consuming. However, user utterances
can convey significant information beyond their se-
mantic content (Mairesse et al., 2007). Previous
work has used baseline machine learning to de-
tect users’ internal states, such as emotions, from
linguistic features in human-agents’ conversations.
For instance, Sekhar et al. (2021) detected users’
emotions from word frequency in conversations
with agents, using standard Natural Language Pro-
cessing (NLP) libraries to split user text based on
keywords and compare them with an emotion clas-
sifier. Mairesse et al. (2007) detected users’ person-
ality traits (Big Five) in conversations using lexical,
stylistic, and syntactic markers with classification
and regression models. Their results showed that
choosing the right features for each model is impor-
tant, as their effectiveness varies by trait.
Similarly, D’'mello et al. (2008) detected learners’
affective states in tutoring systems from conver-
sational features, such as timing, verbosity, and
conceptual quality, confirming that these features
can predict boredom, confusion, flow, and frustra-
tion. Ferrod et al. (2021) successfully applied a
neural model for short-text classification to detect
user expertise in real-time conversations. Finally,
Kuvar et al. (2023) trained a tree-based model to
detect task-unrelated thoughts from manually la-
beled conversations and various features to find
the best feature combination and model for the de-
tection.

Other studies have focused on detecting users’ at-
titudes towards conversational agents. Zhao et al.
(2016) detected conversational strategies like self-
disclosure, shared experience, praise, and vio-
lation of social norms using Support Vector Ma-
chine, Naive Bayes, and Logistic Regression mod-
els, achieving high accuracy scores. Novielli et al.

User linguistic features detection

(2010) detected users’ social attitudes in dialogues
with an embodied conversational agent, mapping
seven indicators of social attitude to 32 linguistic
categories, employing a Bayesian classifier.
While these studies detect various user states
through linguistic features, none investigate users’
communicative behavior to infer the humanization
of the conversational agent.

2.2. Conversational agents humanization

The humanization of conversational agents is stud-
ied with different goals: some analyze character-
istics and cues that make agents appear human-
like, such as identity, style, verbal and non-verbal
behaviors (Go and Sundar, 2019), while others
focus on how humanness affects user satisfac-
tion (Luger and Sellen, 2016), trust, and engage-
ment (Jain et al., 2018; Crolic et al., 2022). Nowa-
days, conversational agents can exhibit personality
traits (Mairesse and Walker, 2009), social skills
(Niculescu and Banchs, 2019), empathy (Zhou
et al., 2020), and human-like conversational be-
haviors like politeness (Mukherjee et al., 2023).
Some studies show that anthropomorphizing an
agent can create significant mismatches between
user expectations and the agent’s actual perfor-
mance, affecting user satisfaction (Luger and
Sellen, 2016). Jain et al. (2018) found that con-
versational agents with human-like conversational
styles increase trust and engagement but also raise
expectations about the agent’s capabilities, sug-
gesting that agents should clarify their capabilities
to manage user expectations. Luger and Sellen
(2016) noted that non-expert users often overesti-
mate conversational agents’ intelligence, expecting
them to understand any request. Also, Crolic et al.
(2022) showed that anthropomorphizing conversa-
tional agents does not always improve satisfaction:
angry costumers may be less satisfied when agents
exhibit human-like features, affecting their intention
to make purchases.

User’s perception of conversational agents’ capa-
bilities significantly impacts interaction quality and
dialogue flow, influencing conversation success.
Unrealistic expectations can hinder dialogue, lead-
ing to user frustration and dissatisfaction (Luger
and Sellen, 2016). Moreover, excessively anthro-
pomorphizing an agent may lead to unintended
consequences, such as increased disclosure of pri-
vate data due to heightened trust and perceived
social presence (Thomaz et al., 2020). For this
reason, detecting when users ascribe humanness
to an agent may be essential, enabling designers
to adjust the agent’s behavior and provide timely
strategies to realign user expectations. However,
achieving such detection requires dedicated anno-
tated resources.
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2.3. Human-like communication
behaviors with agents

This section reviews studies that identify commu-
nication patterns linked to users’ ascription of hu-
manness to conversational agents.
Cho (2018) analyzed users’ interactions with
Google Home Assistant, distinguishing two com-
munication strategies or “models”:

* Push Model, used by users who assume the
agent has human-like abilities, by providing de-
tailed information through complex sentences,
believing this helps the agent understand better
(e.g., “Hey Google, can you tell me who Sports
Illustrated predicts will make it to the NBA playoffs
in2018?”).

» Pull Model, when users treat the assistant like
a search engine, using simple, imperative ques-
tions (e.qg., “Tell me the highest rated TVs”).

Likewise, Rapp et al. (2024) analyzed dialogues
between users and a customer care chatbot, identi-
fying linguistic features indicating users’ perception
of the chatbot’'s humanness:

» High humanness: greetings, formalities, polite-
ness, verbose explanations, and second-person
pronouns (in Italian).

* Medium humanness: imperative tone, minimal in-
formation, second-person pronouns, formal tone,
and complex sentences.

* Low humanness: Imperative requests and refer-
ring to the chatbot as “it”.

As already seen, Novielli et al. (2010) identified
seven linguistic signs of social attitude towards chat-
bots, indicating humanization:

+ Friendly introduction: greetings, self-introduction.

* Colloquial style: use of non-lexical component
in conversations (e.g., “/”), terms from spoken
language or diminutive expressions.

« Self-disclosure: first-person pronouns.

* Questions about the agent: second-person pro-
nouns referring to the chatbot.

 Positive or negative comments: expressions of
agreement/disagreement, evaluations about the
agent.

« Politeness: courtesy and encouragement expres-
sions.

» Friendly farewell: expressions of farewell and
thanksgiving.

Automatic detection of communication behaviors
from text remains challenging: some features like
request complexity and imperative tone can be iden-
tified easily, while politeness and self-disclosure
require more nuanced analysis. To gain insights,
we expanded our research beyond conversational
agents.

We considered the work of Danescu-Niculescu-
Mizil et al. (2013), who developed a framework
to identify politeness in Wikipedia and Stack Ex-
change, assigning politeness scores from -1 to 1
to various linguistic elements. Features indicating
greater politeness include gratitude expressions
(e.g., “I appreciate”), greetings, positive lexicon
(e.g., “That is great!”), apologies, and conditional
verbs. Less polite behaviors include negative lexi-
con (e.g., “If you are going to accuse me...”), direct
questions (e.g., “What is your native language?”),
and indicative verbs. For self-disclosure, we con-
sidered Wang et al. (2016), who trained a machine-
learning model to measure self-disclosure on social
networks, using features from theories about per-
sonal information disclosure:

+ Positive and negative emotions: revealing per-
sonal feelings, detectable through sentiment anal-
ysis.

+ Social distance: mentioning close relationships,
relatives, nicknames (e.g., “darling”), or first
names.

We draw on communication behaviors and linguis-
tic features from these studies to build the set of
heuristic features included in our resource to sup-
port the automatic detection of users’ tendency to
humanize conversational agents, as detailed in the
next section.

3. HumaniCA

Our goal was to create HumaniCA, a benchmark
resource that enables the automatic detection of
users’ ascription of humanness to conversational
agents. To achieve this, we annotated user turns
from real-world human-agent dialogues to identify
whether users humanize the agent, and we de-
signed a set of heuristic features inspired by previ-
ous literature. These feature set is the foundation of
our resource and is later evaluated through baseline
machine-learning models for humanization detec-
tion and compared to other sets of features, TF-IDF
and SentenceBERT.

3.1.

To build a resource to detect humanization in users’
turns, we identified linguistic features indicative of
users’ ascription of humanness to the agent. Re-
viewing previous works on humanizing communica-
tion behaviors, we derived a list of users’ linguistic
indicators suggesting humanization, summarized
in Table 1.

Then, we mapped the indicators identified in previ-
ous research, presented in Table 1, to specific lin-
guistic features (second column of Table 2). For ex-
ample, politeness is indicated by conditional verbs,

Heuristic features
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Studies Indicator Description Degree
Cho (2018), Rapp et Give a lot of information A large amount of information, which produces verbose utterances. High
al. (2023a)
Cho (2018), Rapp et Use of complex requests/utterances Utterances with a complex form, with many and complex coordi- ~ High
al. (2023a) nates and subordinates.
Cho (2018), Rapp et Use of simple questions A direct type of question or a question with indicative verbs with  Low
al. (2023a) just a few words (5-6).
Cho (2018) Use of indicative verbs or wh-  Adirecttype of question or a question with indicative verbs, usually ~ Medium
questions referring to the chatbot with “you”.
Cho (2018), Rapp et Use of imperative questions An imperative request that generally refers to the chatbot as a  Low
al. (2023a) search machine.
Cho (2018), Wang et  Disclosure of sensitive data User’s disposition to share personal or private data to help the  High
al. (2016) chatbot understanding their request.
Rapp et al. (2023a), Use of politeness expressions User’s disposition to act politely towards the chatbot, by using  High
Novielli et al. (2010), greetings, conditional verbs, gratitude expressions, being sorry or
Danescu-Niculescu- thanking it.
Mizil et al. (2013)
Rapp et al. (2023a), Use of first-person pronouns for self-  User’s disposition to refer to themselves, generally used when the  High
Novielli et al. (2010)  references user wants to talk about something personal.
Rapp et al. (2023a), Use of second-person pronouns for  User’s disposition to directly refer to the chatbot as a living being.  High
Novielli et al. (2010)  the chatbot
Novielli et al. (2010)  Use of positive expressions/lexicon A positive disposition towards the chatbot, e.g., through expres-  High
sions of agreement.
Rapp et al. (2023a),  Use of negative expressions/lexicon A negative disposition toward the chatbot, e.g., through expres-  High
Novielli et al. (2010) sions of disagreement.
Table 1: Linguistic indicators and humanization degree
Indicator Linguistic features NLP technique Degree
Give lots of information Number of words Count tokens in text, excluding punctuation. High
Use of complex requests/utt. ~ Number of sentences Count sentences using sentence segmentation. High
Use of simple questions Simple question Presence of a question mark and a maximum of six words. Low
Use of wh-questions or in-  Wh-question (or indica-  Presence of a question mark and “what”, “why”, “who”, “where”, “when”, = Medium
dicative verbs of questions tive question) “how”, “whose” or indicative verbs.
Use of imperative questions  Imperative question Presence of an imperative verb at the beginning of sentences. Low
Services, Places Presence of names of services or places (GeoText (Hu, 2018)). Medium
Sensitive data Regular expressions (regex) for dates, hours, email addresses, street ad-  High
dresses and fiscal code.
Disclosure of sensitive data Relatives Presence of common nouns of types of relatives, e.g., “husband”, “daugh-  High
ter”, etc.
First names Presence of first names, from a dataset of 6.7k English names from Kaggle  High
(https://www.kaggle.com/)
Conditional verbs Presence of conditional verbs, like, “could”, “would”, etc. Medium
Gratitude Presence of gratitude expressions, like “grateful”, “(I) appreciate”, “thankful”.  High
Use of politeness expres-  Thanksgiving Presence of thanksgiving, like “thanks”, “thank”, etc. High
sions
Excuse Presence of excuses, like “sorry”, “excuse”, “please” etc. High
Greetings Presence of greetings, like “hello”, “bye”, etc. High
Use of first-person pronouns  Self-references Presence of direct reference to the self, like “/”, “me”, “my”, “myself”. Medium
for self-references
Use of second-person pro-  You-references Presence of second-person references towards the chatbot, like “you”,  High
nouns for chatbot “your”, “yourself”.
Use of third-person pro- It-references Presence of abstract references towards the chatbot, like “it”, “itself”. Low
nouns for chatbot
Use of positive expres- Positive Turn’s positive score through Vader from nltk (Hutto and Gilbert, 2014) Medium
sions/lexicon
Use of negative expres- Negative Turn’s negative score through Vader from nltk (Hutto and Gilbert, 2014) Medium
sions/lexicon
Use of natural expres- Neutral Turn’s neutral score through Vader from nltk (Hutto and Gilbert, 2014) Low

sions/lexicon

Table 2: Overview of communication strategies, linguistic features, NLP techniques, and degree.

gratitude expressions, thanksgiving, excuses, and
greetings (Danescu-Niculescu-Mizil et al., 2013).
For each linguistic feature we specified the NLP

technique for extracting the feature from texts (third
column of Table 2). For example, thanksgiving ex-
pressions include phrases like “thank you”, while ex-
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cuses include words like “sorry” or “excuse”. Finally,
we considered the degree of humanization (fourth
column of Table 2), indicating how much a feature
suggests the user is humanizing the agent. For
instance, the use of gratitude expressions, thanks-
giving or greetings towards a conversational agent
is a sign of a high degree of humanization, as it is
unusual to use these expressions when speaking
with an agent. Asking something through an im-
perative question results in a low degree of human-
ization as the user is interacting with the chatbot
like a machine or a search engine. The humaniza-
tion degree supported the annotation process in
defining users’ humanization of the agent in single
turns. In the following, we will term these linguistic
features as heuristic features, as they are extracted
by means of hard-coded rules, listed in Table 2.

3.2. Datasets description

Conversational agents vary in context of use, type
of requests they can process and how they gener-
ate their responses, which shape how users com-
municate and the degree to which they may ascribe
humanness to the agent. For example, people in-
teract with task-oriented agents to solve specific
problems with circumscribed requests (Rapp et al.,
2023), while users of dialogue systems that employ
LLMs to generate their responses may have more
complex and ambiguous demands (Skjuve et al.,
2023). To ensure that our resource captures this di-
versity, we included three datasets originating from
previous studies, each representing a distinct type
of conversational agent: task-oriented, Q&A, and
LLM-based. These datasets provide real examples
of human-agent dialogues across complementary
domains, allowing us to annotate users’ turns for
humanness and to evaluate the generalizability of
our heuristic features across interaction types.

The first dataset is MultiWOZ (Budzianowski
et al., 2018), a corpus of 10K human-to-human di-
alogues collected using the Wizard-of-Oz method,
where a human simulates an intelligent system in-
teracting with users who believe they are engaging
with a computer (Maulsby et al., 1993). MultiWOZ
contains task-oriented interactions across seven
domains, including tourist attractions, hotel book-
ings, and restaurants, with varying complexity (e.g.,
“I am looking for a place to eat in town center” or
“Is it in the expensive price range?”). This variety
enables to uncover different user communication
behaviors reflecting different levels of agent human-
ization.

The second dataset comes from the Black-Box
Agent Interaction (BBAI) task (Clarke et al., 2022).
Clarke et al. (2022) aimed to unify a set of black-box
conversational agents (e.g., Google Home, Alexa)
under a single agent, One For All, trained on a
dataset of 105K human-to-machine conversations

collected from real-world interactions across 37 do-
mains, such as weather and recipes. The authors
focused only on the One For All ability to effectively
respond to direct questions, so the dataset is en-
tirely composed of specific questions and answers
(Q&A) turns: unlike task-oriented datasets, here
users’ interactions are usually direct, short requests
on everyday topics, and do not focus on task com-
pletion (e.qg., “Recipe for a bundt cake” or “How do
| make tomato sauce?”).

Finally, we included LMSYS-Chat-1M, a dataset
of 1M real-word conversations from 25 Large Lan-
guage Models, like GPT-4, Vicuna-13b, and Koala-
13b (Zheng et al., 2024). The dataset is conceived
to fine-tune small LLMs as content moderators: it
includes real-world conversations about general
topics, but also unsafe and toxic content, coming, in
particular, from generation requests of explicit con-
tent stories. It includes long and intricate requests
(e.g., “The sum of the perimeters of three equal
squares is 36 cm. Find the area and perimeter of
the rectangle that can be made of the squares”)
and we retained only users’ turns in English.

For each dataset, we kept the dialogue IDs and
the users’ turns and organized in CSV format for
consistency across them.

3.3. Annotation process

Two annotators annotated the three datasets, deter-
mining if each user turn was humanizing the agent
(label 1) or not (label 0), based on the linguistic fea-
tures and their degree of humanization converted
into numerical values (High = 1.0, Medium = 0.5
and Low = 0.0) presented in Table 2.

To annotate a user’s turn, annotators had to
check for the linguistic features present in the text,
consider the degree of humanization of each fea-
ture in the numerical form and then compute the
average of all the features degrees. The final value
defines the degree of humanization of the whole
turn and suggests the annotation label to assign
to it: if the final degree value was > 0.5, the label
was 1; if < 0.5, the label was 0. For instance, many
user requests may include imperative language
(suggesting low humanization), but they often in-
corporate polite expressions like “thank you” (in-
dicative of high humanization), e.g., “Please, find a
restaurant called Galleria” from MultiWOZ. The low
degree (0.0) of the imperative form is mitigated by
the high degree (1.0) of the thanksgiving expression,
resulting in a medium degree of humanization for
the whole turn (0.5). Considering the final degree
of humanization, the turn is labeled as containing
the user’s humanization of the agent. Annotators
maintained some interpretive flexibility, especially
with ambiguous cases, to avoid overly rigid assess-
ments. An example of the annotation process is
shown in Table 3.
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Dataset User turn Heuristic features Degree Label
MultiWOZ  Excellent. Can you book that for me  Indicative verb (high = 1.0), self-reference  0.88 1
please? (medium = 0.5), you-reference (high = 1.0),

excuse (high = 1.0)
BBAI Can you find me a recipe for baked Indicative verb (high = 1.0), self-reference  0.83 1
Alaska? (medium = 0.5), you-reference (high = 1.0)
LMSYS- Please make organized conclusion  Gratitude (high = 1.0), imperative verb (low 0.75 1
Chat-1M in bullet list on all types of US’s sanc- = 0.0), high number of words (high = 1.0),
tions that you have had given the an-  you-reference (high = 1.0)
swers
MultiwOZ  Pick one that is free and give me the  Imperative verb (low = 0.0), self-reference  0.25 0
address and phone number. (medium = 0.5)
BBAI How many brownie recipes have Simple question (low = 0.0) 0.0 0
soy?
LMSYS- How many terms can the president Wh-question (medium = 0.5), low number  0.25 0
Chat-1M hold office in the USA? of words (low = 0.0)

Table 3: Examples of the annotation process.

To ensure annotators’ understanding and agree-
ment, we initially had them annotate the first 100
records of each dataset and compared their la-
bels. Inter-annotator agreement, measured using
Cohen’s kappa coefficient (Grandini et al., 2020),
yielded k = 0.85 for MultiwOZ, k = 0.73 for BBAI,
and k£ = 0.88 for LMSYS-Chat-1M. These values
indicate near-perfect agreement between annota-
tors, affirming their consistent classification and
understanding of the annotation task.

Initially, the first 100 records of each dataset were
labeled based on unanimous agreement between
annotators, for example, if both agreed on label 1,
it received a final label of 1. If there was disagree-
ment, they discussed and reached a consensus to
assign a final label of either 1 or 0. Subsequently,
each annotator manually labeled 300 new records
from each dataset, resulting in a total of 700 anno-
tated records per dataset: 100 from the initial agree-
ment and 300 from each annotator. In total, 2,100
user turns were annotated across all datasets.

3.4. The HumaniCA Resource

In the end, we release HumaniCA, a benchmark re-
source to support reproducible research on users’
ascription of humanness to conversational agents.
It consolidates three annotated datasets of real
users turn from human-agent dialogues with differ-
ent types of conversational agents (task-oriented,
Q&A, and LLM-based), each turn being manually
labeled with a binary indication of whether the user
humanizes the agent. Beyond the annotated data,
HumaniCA includes a comprehensive set of pre-
computed linguistic heuristic features extracted for
every user turn. These features reflect interpretable
cues of humanization, such as empathic expres-
sions, social references, and human-like language
patterns.

The resource is distributed in a unified format
across all three datasets: for each user turn, we
provide the identifier, turn text, the assigned human-
ness label, and the full vector of heuristic feature
values. This structure allows researchers to use
HumaniCA directly for studying linguistic markers
of humanization, testing new detection models, or
comparing their systems with our provided base-
lines. The interpretability of the heuristic features
make them particularly valuable for both qualita-
tive analyses and quantitative modelling of user
humanization.

Researchers are also encouraged to enrich
the resource by adding new feature sets or re-
annotating specific turns subsets; the modular data
structure facilitates such extensions. All datasets
are publicly available in CSV format (link: https:
//github.com/SabVvill/HumaniCAa).

4. Experimental Setup

We assessed the feasibility of automating human-
ization detection through benchmark experiments
with baseline machine learning models. To this
end, we used Naive Bayes, Logistic Regression,
and Support Vector Machine (SVM) as these are
effective for similar tasks, easy to use, computation-
ally efficient, and have a low risk of overfitting (Zhao
et al., 2016). We tested the models separately on
each dataset across three different features sets
and their combinations.

4.1. Frequency- and semantic-based
features

Besides our heuristic features, we evaluated stan-
dard well-known textual features for information
retrieval and text classification, widely used in NLP
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Dataset Set of features Naive Bayes Logistic Regression SVM
Prec Rec Macr Acc Prec Rec Macr Acc  Prec Rec Macr Acc
MultiwOz Heuristic 0.80 0.85 0.81 0.84 0.84 0.84 0.84 0.88 0.84 0.89 0.86 0.89
Frequency 0.59 0.60 0.59 0.65 0.81 0.65 0.67 0.81 0.75 0.70 0.71 0.80
Semantic 0.68 0.73 0.65 0.69 0.80 0.60 0.60 0.78 0.76 0.65 0.66 0.79
Heuristic-Frequency  0.59 0.60 0.59 0.65 0.83 0.82 0.83 0.88 0.83 0.82 0.83 0.87
Heuristic-Semantic 0.77 0.83 0.78 0.81 0.83 0.82 0.83 0.87 0.83 0.84 0.83 0.87
Frequency-Semantic 0.59 0.61 0.59 0.65 0.81 0.69 0.72 0.83 0.77 0.74 0.75 0.83
BBAI Heuristic 0.76 0.83 0.74 0.81 0.92 0.80 0.84 0.94 0.87 0.81 0.83 0.93
Frequency 0.59 0.65 0.60 0.75 0.88 0.57 0.58 0.88 0.86 0.80 0.83 0.93
Semantic 0.61 0.70 0.61 0.73 0.43 0.50 0.46 0.86 0.88 0.55 0.55 0.88
Heuristic-Frequency  0.60 0.67 0.61 0.76 0.91 0.80 0.83 0.93 0.89 0.86 0.87 0.94
Heuristic-Semantic 0.67 0.83 0.68 0.77 0.92 0.80 0.83 0.93 0.88 0.85 0.86 0.93
Frequency-Semantic 0.59 0.65 0.60 0.75 0.89 0.60 0.61 0.88 0.89 0.81 0.82 0.93
LMSYS-Chat-1M  Heuristic 0.69 0.67 0.68 0.72 0.72 0.70 0.71 0.74 0.75 0.75 0.75 0.77
Frequency 0.62 0.63 0.61 0.61 0.76 0.69 0.70 0.75 0.74 0.73 0.73 0.76
Semantic 0.67 0.67 0.67 0.70 0.75 0.67 0.68 0.74 0.72 0.69 0.70 0.74
Heuristic-Frequency  0.61 0.62 0.60 0.60 0.76 0.73 0.74 0.77 0.76 0.75 0.76 0.78
Heuristic-Semantic 0.71 0.70 0.70 0.74 0.77 0.75 0.76 0.79 0.77 0.76 0.76 0.79
Frequency-Semantic 0.61 0.62 0.60 0.60 0.77 0.70 0.71 0.76 0.76 0.74 0.74 0.78

Table 4: Accuracy metrics for each dataset and model.

tasks with limited labeled data. We chose features
that convey two diverse types of information out of
users’ turns:

Frequency-based features. These features de-
note the importance of each word in a user’s turn,
represented as a vector of words weighted by Term
Frequency (TF) and Inverse Document Frequency
(IDF). TF measures how often a word appears in
a text, while IDF, the logarithm of the total number
of texts divided by those containing the word, high-
lights rare, more informative terms. TF-IDF thus dis-
tinguishes common stop words from topic-specific
terms, suggesting, for example, the text’s subject
or intent (e.g., “booking”, “weather”, “election”) or
emotional content (e.g., “appreciate”, “waste”, “irri-
tating”). That is why TF-IDF is employed in various
tasks, such as hate speech detection (Akuma et
al., 2022) and emotion recognition (Cahyani and
Patasik, 2021), gaining good accuracies. TF-IDF
helps identify salient words that reveal human-like
interactions, such as emotional expressions, or
domain-specific terms that contextualize user intent.
Integrating these features can improve classifica-
tion accuracy and deepen the understanding of
users’ humanization behavior.

Semantic-based features. These features are
text embeddings computed with SentenceBERT
(SBERT), a pre-trained BERT model using siamese
and triplet network structures to derive semanti-
cally meaningful sentence embeddings (Reimers
and Gurevych, 2019). SBERT is pre-trained on a
large text corpus to understand context and seman-
tics, and fine-tuned on semantic similarity tasks
to generate embeddings encoding the semantic

meaning of sentences. These embeddings capture
the semantics of sentences, enabling tasks like
semantic similarity computation, text classification,
and question-answering.

Word embeddings capture semantic information,
handle out-of-vocabulary words, and leverage pre-
trained knowledge through transfer learning, mak-
ing them ideal for feature extraction in classification
tasks. Semantic-based features enhance classifi-
cation by encapsulating linguistic patterns and nu-
ances, such as expressions of empathy (Yang and
Shen, 2021) or humor (Annamoradnejad and Zoghi,
2024), which may not be fully captured by heuris-
tic or frequency-based features. This helps dis-
cern human-like behaviors indicative of humaniza-
tion. Finally, we considered three combinations of
our set of features: heuristic and frequency-based
features, heuristic and semantic-based features,
frequency- and semantic-based features. Once
the feature sets were defined, we aimed to evalu-
ate which of them could more effectively capture
users’ ascription of humanness for different types
of conversational agents.

4.2. Baseline experiments results

Evaluation was performed using k-fold cross-
validation (k = 5), and results for precision, recall,
macro-F1, and accuracy were averaged across
folds. Table 4 presents the results, highlighting the
best accuracy scores in bold.

Our results show that humanization can be in-
ferred from users’ turns using machine learning
models with satisfactory accuracy across different
types of conversational agents. In particular, the
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evaluation shows that heuristic features, alone or
combined, significantly improve the detection of
users’ humanization of agents. This underscores
the relevance of specific linguistic features identi-
fied in previous research. The heuristic features
we selected were sufficiently significant and com-
plete for detection. In contrast, frequency- and
semantic-based features alone were less effec-
tive, but combining them with heuristic features en-
hanced the performance, particularly for BBAI and
LMSYS-Chat-1M. Specifically, heuristic features
alone were best for task-oriented agents, heuristic
and frequency-based combinations worked better
for Q&A agents, and heuristic and semantic-based
combinations were more effective for LLM-based
chatbots.

Results also suggest that humanization detection
depends on agent type. For task-oriented agents,
SVM with heuristic features performed best (acc =
0.89). Task-oriented agents focus on completing
users’ tasks, but request formulations can signal
different humanization behaviors (e.g., “Could you
give me the phone number for that hotel?” indicates
humanization, while “Give me the phone number of
the hotel” is more machine-like). Heuristic features
effectively capture these distinctions.

For Q&A agents, both Logistic Regression and
SVM achieved high accuracy (acc = 0.94) with
heuristic features alone and the combination of
frequency-based and heuristic features, respec-
tively. Heuristic features effectively detect human-
ization in Q&A agents, but combining them with
frequency-based features helped to uncover more
patterns and topics.

Finally, for LLM-based chatbots, the best models
were Logistic Regression and SVM with combined
heuristic and semantic-based features (acc = 0.79).
LLM-based chatbots pose a significant challenge
for detecting user humanization due to their content-
generating capabilities across various domains.
Heuristic features capture key linguistic characteris-
tics, while semantic-based features provide crucial
word meaning information, which is more important
given the variety of requests made to LLM-based
chatbots. Word embeddings help manage out-of-
vocabulary words, spelling variations, typos, and
rare words, enhancing detection accuracy.
Notably, users tend to humanize certain agents
more than others: 74.1% of turns in task-oriented di-
alogues exhibited humanization, indicating a higher
tendency to ascribe human-like features, compared
to 13.4% in the Q&A agents and 35.7% in the LLM-
based chatbots. This difference likely reflects the re-
quests nature: Q&A agents receive simple queries
on various topics, while LLM-based agents are of-
ten used like search engines. In both cases, users
have fewer opportunities to exhibit humanization
behaviors.

5. Conclusion and future directions

Humans tend to ascribe human-like qualities to non-
human entities (Epley et al., 2007). In the context
of conversational agents, this humanization can
generate unrealistic expectations, frustration, and
conversation abandonment when the agent fails to
meet perceived human abilities (Chiang et al., 2020;
Rapp et al., 2021). Understanding when and how
users humanize conversational agents is therefore
essential to improving dialogue quality and agent
design. In this paper, we introduced HumaniCA, the
first benchmark resource explicitly designed to sup-
port the automatic detection of users’ ascriptions
of humanness to conversational agents. The re-
source comprises three annotated datasets of real
users turns and a set of heuristic features that cap-
ture interpretable cues of humanization. Through
baseline experiments, we demonstrated that these
heuristic features play a central role in detecting
humanization behaviors, achieving strong perfor-
mance on their own and improving accuracy when
combined with other textual representations.

By making this resource publicly available, we
enable the research community to explore user
humanization at scale and test new detection mod-
els. HumaniCA also opens avenues for longitudinal
and real-time analyses of user-agent interactions,
offering insights into how perceptions of human-
ness evolve over time. Ultimately, automatic identi-
fication of humanization patterns can help design-
ers develop conversational agents that dynamically
adapt their responses, recalibrate users’ expecta-
tions. Personalized conversations are expected
and appreciated by users (Luger and Sellen, 2016;
Nuruzzaman and Hussain, 2018) and could im-
prove user satisfaction and dialogue efficacy by
adapting the agent’s answers to user expectations
revealed through their humanizing behavior. For
instance, an agent perceived to have human-like
skills could inform users of its actual limitations, ad-
justing unrealistic expectations, which can reduce
frustration and prevent conversation abandonment
(Rapp et al., 2021).

6. Limitations

This study presents some limitations. Firstly, the
number of records used for training and testing
the models is limited to 700 records manually an-
notated per dataset. For this reason, we used
the k-fold cross-validation. Additionally, we did
not directly measure users’ perceptions or beliefs
about the agent’s humanness, relying solely on the
conversations themselves. Consequently, some
conversational behaviors classified as humanizing
might not align with the users’ actual experiences.
Without data on how users intended their language
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use, different interpretations of their behavioral
traces are possible. Nevertheless, it is important to
note that even with interviews, researchers never
have direct access to people’s mental states; we
can only study the linguistic traces of subjective
experiences (Rapp et al., 2019). In this context,
the value of our study lies in examining real-world
conversations rather than relying on user reports.
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