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Figure 1: Overview of theMixed Profiling approach

Abstract
While Large Language Models (LLMs) are transitioning into the
role of companions, human-LLM interaction remains largely in-
different to the nuanced individualities of the human user. Most
current personalization of LLMs relies on behavioral data, while es-
tablished psychometric methods, such as questionnaires that assess
individual traits and states, are rarely leveraged. We propose Mixed
Profiling, a novel approach that combines standardized short ques-
tionnaires with adaptive LLM dialogs to create precise user profiles.
We implemented and evaluated the Mixed Profiling approach for
the mental health context as an example in an online study (N=40).
Participants completed questionnaires and participated in an LLM-
based chat. They rated the Mixed Profiling approach’s results as
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significantly more trustworthy than those of a basic questionnaire-
based profile. By bridging explicit psychometrics and data-driven
personalization, our work lays the foundation for a more psycho-
logically grounded and transparent personalization in human-LLM
interaction.
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1 Introduction
Large Language Models (LLMs) have rapidly evolved from research
prototypes to everyday companions, supporting users in domains
such as productivity [16], education [36], and mental health [9, 28,
29]. However, while these systems engage millions of users [3],
personalization in most LLM interactions relies solely on behav-
ioral data such as chat history or query frequency [17, 33]. Users’
individual traits and state characteristics are largely neglected. This
stands in contrast to decades of psychological research, which offers
validated and reliable methods for capturing individual traits and
states, such as personality, depression severity, or mood [10].

Personalization can be grounded in explicit data, as chat-based
user inputs represent deliberate self-expression rather than implic-
itly observed behavioral data [22]. However, by combining estab-
lished psychometric approaches with personal user input, we argue
that personalized user profiles can be more firmly grounded in
established psychological foundations.

As the field advances towardmore personalized LLM-based inter-
actions, accurately capturing a user’s psychological profile without
disrupting conversational flow remains a critical challenge [13].
Researchers must therefore develop lightweight profiling meth-
ods that balance depth, user burden, and ethical transparency [15].
Traditional psychological questionnaires provide comprehensive
insights but are often too static or intrusive for real-world inter-
action [32]. Conversely, LLM-based profiling purely based on chat
content may produce inaccurate or biased profiles due to limited or
noisy input. Consequently, developing approaches that integrate
rigorous psychometric assessment with seamless, chat-based in-
teractions presents an important research priority. We followed
the research question: "How can a mixed profiling approach com-
bining standardized psychometric questionnaires with open-ended
chat be operationalized to create user profiles for personalized LLM
interactions?"

To address this question, we propose a novel Mixed Profiling
approach that combines standardized, context-specific short-form
questionnaires with personalized open-ended LLM-based dialogue.
To evaluate our approach, we chose the field of mental health as the
context. Accurate user profiling is crucial for personalization in this
field, as tailored interventions based on individual psychological
characteristics significantly improve therapy outcomes [20].We aim
to refine the user profile with personal information in a natural way
and get more precise insights beyond the questionnaire answers.

With this work, we contribute to the HCI community:

(1) conceptually, by introducing and defining Mixed Profiling
as a novel approach for constructing personalized user pro-
files that combine standardized psychometric questionnaires
with open-ended personal user input;

(2) practically, by providing an open source system implemen-
tation, including a structured prompt framework for LLM
interactions; and

(3) empirically, by providing insights into how users perceive
and evaluate the Mixed Profiling process and the resulting
profiles compared to approaches without open-ended user
input.

2 Related Work
User Modeling and Profiling in HCI: User modeling has a long tradi-

tion in HCI, where models of users are employed to improve usabil-
ity, relevance, and contextual responsiveness [12]. Early approaches
primarily represented user preferences, goals, and behaviors, often
assuming relatively stable user characteristics [12]. More recent
work, including guidelines for Human–AI Interaction, emphasizes
that user models should evolve over time to reflect changes in user
behavior and system use [1]. However, evaluating the effective-
ness of such continuously adapting models remains challenging, as
user models co-evolve with user acclimation and increasing system
familiarity [5]. In practice, many contemporary systems rely on
behavioral traces to infer user characteristics implicitly. For exam-
ple, adaptive user interfaces infer personality traits or preferences
from social media activity [8, 31] or phone usage logs [31]. While
these approaches scale well, they risk inaccuracies and trust is-
sues [30]. At the same time, users appear willing to share personal
and sensitive data, including emotional states [35]. Hybrid user
modeling approaches combine implicit unstructured behavioral
data with explicit user input, such as questionnaires or preference
settings [4, 24]. These approaches acknowledge the limitations of
purely implicit inference [30] while retaining scalability, but need
some time to acquire initial user data [26]. However, explicit and
implicit inputs are often treated as interchangeable signals rather
than as qualitatively different forms of knowledge about the user
[4, 24]. Moreover, reliable explicit data collection frequently relies
on static or intrusive questionnaires that can disrupt interaction and
reduce engagement [11]. Prior work suggests that conversational or
qualitative questionnaires can be more engaging than static forms
[11], yet such approaches are rarely combined with standardized
psychometric measures in adaptive, real-time user modeling. Our
proposed Mixed Profiling closes these research gaps in hybrid user
modeling by leveraging the advantages of explicit approaches while
addressing the limitations of static and item-based, intrusive, and
user-context-free modeling methods.

Personalization of Chatbots: Despite extensive research on user
modeling, many chatbots still employ largely “one-size-fits-all” in-
teraction strategies [30]. This lack of personalization is particularly
problematic in (behavioral) change domains such as mental health
[23] and learning [14], where alignment with individual needs is
critical. Prior work highlights the importance of balancing user
control over personalization with system transparency [5], as both
excessive opacity and excessive configuration complexity can un-
dermine autonomy and trust. Recent systems have explored more
explicit personalization options, allowing users to adjust chatbot
personas, shared user profiles, visual representations, modalities,
or technical parameters such as model temperature [7, 35]. While
such flexibility can increase engagement and foster open interac-
tion [35], it often places substantial effort on users or designers
to define appropriate settings. As a result, alternative approaches
such as community-based personalization have been proposed to
reduce individual burden [35]. Conversely, limited opportunities
for user input can lead to reduced trust and perceived loss of auton-
omy [5]. Empirical studies indicate that users can successfully per-
sonalize chatbot behavior without expert knowledge [6], and that
customized chatbot personas can increase engagement [6]. Other
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work shows that grounding personalization in concrete examples
or contextual information can improve conceptual alignment be-
tween users and systems [34]. Nevertheless, how personalization
strategies evolve over longer-term use remains insufficiently un-
derstood [35]. Across this literature, personalization is typically
framed either as user-driven configuration or as system-driven in-
ference from interaction data. No approaches integrate validated
psychological constructs into conversational personalization in a
way that remains lightweight, transparent, and adaptive.

Contribution in Relation to Related Work: Prior research on user
modeling and chatbot personalization lacks a framework that unites
quantitative, psychometrically grounded user profiles with qual-
itative, conversational refinement. Our Mixed Profiling approach
responds to this need by offering a scalable and transparent path
toward psychologically grounded personalization in human–AI
interaction.

3 IntroducingMixed Profiling: Positioning,
Process and Implementation

Positioning: In Figure 1, we introduced Mixed Profiling as a user
modeling approach that deliberately combines quantitative psycho-
metric profiling, based on standardized and stable measurements
of user characteristics, with qualitative profiling, which captures
interpretive understandings of user context. Rather than treating
these approaches as interchangeable or additive, Mixed Profiling
positions quantitative measures as anchors whose meaning and use
are shaped through evolving qualitative context. Table 1 summa-
rizes how Mixed Profiling is positioned in relation to quantitative
and qualitative profiling.

Process: OurMixed Profiling approach for personalizing human-
LLM interaction follows the process shown in Figure 1. We in-
stantiate the process using a specific example in the context of
building a user profile for a mental health chatbot. Specifically,
we want to capture personality using the Big Five Inventory (BFI)
questionnaire[25] as an individual trait and depression severity
using the Depression, Anxiety and Stress Scale (DASS) question-
naire [19] as an individual state. The corresponding process looks
as follows:

(1) Let the user fill out an individual trait questionnaire: In this
first step, we capture personality as an important individual
trait for human-LLM interaction in mental health using the
established 10-item BFI questionnaire [25].

(2) Let the user fill out an individual state questionnaire: In the
second step, we capture an individual state as input for the

LLM interaction. In our example, we chose the 21-item DASS
questionnaire [19].

(3) Based on the user responses in the questionnaires, an initial
user profile is created by the LLM in the role of a psychologist
and therapist with the task to generate a user profile for a
mental health chatbot. All questions with answers from the
questionnaires are embedded. The profile should include, for
each dimension of the questionnaires, a paragraph; in our
example, 8 (5 from Big5 and 3 from DASS-21).

(4) Let the user perform an LLM-based dialogue for profile re-
finement: For this purpose, the created profile is added as a
system prompt, and the task is to conduct an interaction with
the LLM. The LLM will ask questions about the dimensions
that need clarification. It works through the dimensions one
by one, without getting stuck on any one dimension if several
need clarification.

(5) Profile contextualization: To this end, the LLM receives the
profile from the questionnaires and the dialogue, including
all questions and answers. Furthermore, the profile is to
be expanded with the new information. In the case of an
information conflict, the LLM was instructed to prefer the
information from the dialogue. The existing structure and
dimensions remain unchanged.

Technical Implementation:We leveraged Otree [2] to implement
the system. For LLM integration, we built on the GitHub repository
of "Otree GPT." 1 We used GPT-OSS [21] hosted on servers at the
research facility as the LLM. We prompted the system as follow-
ing: (1) role description, in our case a mixture of psychologist and
therapist, (2) then the specific task, such as creating a profile or
reconciling a profile with follow-up questions, (3) the information,
such as questionnaire answers, existing profile, or questions and
answers, (4) a brief description of the procedure and thoughts that
the LLM should do step by step, and (5) what the output should
look like and limitations for the output, such as the profile should
contain all dimensions of the questionnaires, or messages should
end with a question. The code of the artefact is available on GitHub.

4 Evaluation Method
The study uses an online experiment to evaluate the proposedMixed
Profiling approach in a controlled setting as a proof-of-concept. Two
different measurements were chosen for the evaluation: (1) Par-
ticipants evaluated the profile before and after the LLM dialogue
according one User Experience Questionnaire (UEQ) criteria (trust-
worthiness of content) [27] to assess the profiles individually, and

1https://github.com/clintmckenna/oTree_gpt [18]

Table 1: Positioning Mixed Profiling in relation to quantitative and qualitative profiling.

Quantitative Profiling Qualitative Profiling Mixed Profiling
Epistemology Measurements Interpretation Measured anchors, interpreted context
Knowledge Orientation Nomothetic (Population) Idiographic (Individual) Nomothetic, idiographic enriched
Temporalities More sparse, stable More contextual, dynamic Stable core and evolving context
Adaption Level Coarse, predefined Fine-grained, flexible Layered, some flexibility
Data Structure High structure, standardised Low structure, latent Standardised and latent data
Legibility System-facing User-facing Shared, combined, and user validated

https://github.com/human-centered-systems-lab/mixed-profiling
https://github.com/clintmckenna/oTree_gpt
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(2) participants were able to manually refine the contents of the
profile after the LLM interview to observe qualitatively what had
been adjusted. The study was approved by our institutional ethics
review board.

Study Procedure: For this purpose, the study was divided into
two parts. The participants followed the process described above.
At the beginning, the short forms of the BFI and DASS were ad-
ministered, and the order of the questionnaires and questions was
randomized for each participant. After the profile was created in
the background, a chat dialogue opened, and eight questions were
asked. After the new profile was created, the participants evaluated
both profiles, with the order randomized. The participants rated all 8
dimensions on a 4-item scale, the trustworthiness of content criteria
of UEQ: useful, plausible, trustworthy, and accurate. Furthermore,
each dimension was also explained so that the participants were
supported in understanding the terminology. After both profiles
were evaluated, participants could refine and validate all 8 profile
dimensions following the LLM interaction. For this purpose, a text
field was pre-filled with the text for each dimension.

Participants: We recruited 40 participants via Prolific. The me-
dian study time was 25.5min and participants received 6 £. Partici-
pants were recruited from Europe only, and fluency in English was
required. 23 identified as women and 17 as men. The average age
was 33.45 with a standard deviation of 10.5.

5 Results
Quantitative Evaluation of Profile Evaluation Assessment: The four

items useful, plausible, trustworthy, and accurate of the UEQ were
used to evaluate each dimension of the two profiles. The UEQ
(scale from −3 to 3) was 1.97 (𝑆𝐷 = 1.01) for dialogues and 1.65
(𝑆𝐷 = 1.22) for the questionnaire. The main analysis was conducted
on ratings averaged across items using a linear mixed-effects model
with method and dimension as fixed effects and participant as a
random effect. The model revealed a significant main effect of dia-
logue vs. questionnaire-based profile, with dialogue-based profiles
receiving higher trustworthiness ratings than questionnaire-based
profiles (𝛽 = 0.32 and 𝑝 = 0.001). This effect was consistent across
all eight questionnaire dimensions. To assess robustness, we fit-
ted an additional mixed-effects model at the item level, including
item as a fixed effect. Results were consistent with the aggregated
analysis, indicating that the observed difference was not driven
by any specific item. Because the interaction between method and
dimension did not improve model fit, results are reported from the
more parsimonious additive model. No significant differences were
found for 3-ways interaction model, including item level, but the
comparison between the two profile versions at dimension and item
level is, on average, higher for mixed profiles in all comparisons,
by an average of 0.32.

Time of Interaction for the steps: For the BFI, participants need
a median of 39.24 s (mean: 59.19 s, SD: 65.48 s). The median time
taken to complete the DASS is 76.25 s (mean: 90.78 s, SD: 43.58 s).
The median time taken to complete the chat section is 522.14 s
(mean: 573.29 s, SD: 228.73 s). The evaluation of questionnaire-based
profil with UEQ has a median completion time of 208.07 s (mean:
227.17 s, SD: 116.18 s). The median duration of the evaluation of
the profile based on the questionnaire profile and LLM dialogue is

206.45 s (mean: 217.52 s, SD: 121.91 s). The median duration of the
refinement step is 106.26 s (mean: 138.84 s, SD: 134.99 s).

Profile Refinements: A total of 20 users made refinements, mak-
ing between 1 and 5 changes over all dimensions. In terms of dimen-
sions, extraversion and depression were adjusted most frequently,
while stress was not adjusted at all. The refinements relate to in-
serting spaces (30 times), adding text (19 times), deleting text (12
times), and changing text (9 times). The most common refinement
was adding examples of statements, such as "Also some alone time
walking works." or "Yet the user has a tendency to continuously think
about the project or work until finished correctly." The second most
common refinement was adjusting the emphasis of statements in
the profile, such as changing "occasional" to "very mild" or "[modest
to] moderate" to "[modest to] high." The third most common refine-
ment was deleting concrete examples mentioned in the profile, such
as "racing heart" or "paced breathing."

6 Discussion
We propose a Mixed Profiling approach for LLM-based interac-
tion. This method builds on and combines existing user modeling
approaches, enabling us to use standardized, well-founded ques-
tionnaires with open-ended questions to gain more personalized
insights, thereby increasing trustworthiness. Existing approaches
have obtained this information implicitly from chat history, but
need time to gain user data. However, this time is relevant in vari-
ous contexts and can increase the dropout rate. We argue that our
approach could increase engagement, as a faster, more accurate
profile can enable targeted LLM-based interactions.

We implemented the proposed Mixed Profiling method and con-
ducted an online study to evaluate it. Thereby, two different user
profiles were generated. The first uses information from the ques-
tionnaires, and the second extends the first with our Mixed Pro-
filing method, including the LLM dialogue. Our results indicate
that profiles generated using the Mixed Profiling approach exhibit
significantly greater trustworthiness across all dimensions of BFI
and DASS. Trustworthiness compromises the items’ usefulness,
plausibility, trustworthiness, and accuracy. For analyzing the inter-
action at the item level, the number of participants was too low.
Nevertheless, the descriptive analysis showed that participants, on
average, rated the mixed profile higher across all dimensions and
items. These findings provide initial validation for Mixed Profiling
as a trustworthy user profile approach for LLM-base interaction.
However, the ratings are based solely on users’ subjective views,
not on experts’ views, such as those of therapists. Half of the par-
ticipants chose to further refine certain dimensions of their profiles
without any additional incentive. Moreover, the average time spent
on the refinement page indicates that participants meaningfully
engaged with the provided content, although the high standard
deviation points to variability in engagement levels. Participants
refined their profile in several ways, including adding examples,
removing specific examples by the LLM, or adjusting points of
content. This suggests that Mixed Profiling may foster a sense of
involvement between users and the system.

LLMs carry the risk of hallucinating, which is a risk that needs to
be taken into account, especially in the context of mental health. In
our study, the profiles could contain false information. However, in
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our investigation of refinements made by the users, we did not find
that participants made changes due to hallucinations, but further
investigation could be conducted to determine the extent to which
participants experienced hallucinations.

Overall, we believe that the Mixed Profiling approach represents
an innovative and, at the same time, practical process for user
profiling. In addition, we argue that our findings from the online
study are transferable to the real world, as we motivated our test
subjects extrinsically, but users in the real world have an interest
in making the process as good as possible to personalize their LLM-
based interaction and enhance the trustworthiness when using the
profile.

This work makes several contributions to the HCI community.
First, it conceptualizes and introduces Mixed Profiling as a method
that combines classic user modeling via item-based questionnaires
with contemporary LLM-based dialogues to build a more personal-
ized user profile. Second, we implemented an artefact including a
structure for an LLM-Prompt used in the proposed method. Finally,
we contribute empirical findings from an online study using this
artefact.

This work comes with the following limitations. First, the ap-
proach depends on our prompt design choices. Different prompt for-
mulations may lead to different outcomes. Secondly, the evaluation
study used a small European sample and no information on prior
experience, limiting the generalizability of the findings. Thirdly, a
within-subjects design was chosen for the proof-of-concept evalu-
ation; however, to gain greater, more specific insight, more treat-
ments would need to be evaluated in a between-subjects design.
Finally, participants were recruited via Prolific and were motivated
via fixed incentives. The findings are not necessarily transferable
to the real world, where users may have different motivations and
interact differently.

7 Future Work
Building on the study’s results, we outline directions for future
research. First, a systematic comparison across different dialogue
strategies and conditions, such as Chat-only, in a between-subjects
study design could provide insights into their effects on the profile’s
satisfaction and trustworthiness, and the between-subjects design
could also eliminate various order effects. Second, remapping the
final user profile to the original quantitative measures could provide
insights into information retention and identify opportunities to
improve it. Third, field studies, combined with the application of
the profile, are needed to investigate how Mixed Profiling performs,
compared to other strategies, in the real world. In particular, it
would be interesting to observe whether such a profile not only
personalize the interaction but also reduces the risk of hallucina-
tions, as the profile provides more guidelines for the LLM. Finally,
future research should examine whether the method is applicable
in other contexts, such as learning styles or emotion regulation.
Overall, Mixed Profiling invites psychologically informed
personalization across a range of HCI applications.
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