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Abstract: The development of Artificial Intelligence (Al) and Natural Language Processing
(NLP) offers new opportunities to make psychological assessments more interactive and
meaningful. However, personality tests such as the International Personality Item Pool -
Big Five Factor Markers (IPIP-BFM-50) still rely on static self-report questionnaires, which
may limit engagement and contextual interpretation. This study proposes an InterviewBot-
based Big Five Personality system (IB-BSP) that combines rule-based IPIP scoring with
Large Language Model (LLM)-driven conversational assessment using GPT-3.5 Turbo. The
system generates both quantitative personality scores and qualitative narrative profiles.
Evaluation results show moderate to strong correlations (r = 0.31-0.71) between IB-B5P
and IPIP scores, with Openness and Extraversion showing statistically significant relation-
ships. These findings suggest that the hybrid rule-LLM approach can approximate IPIP
tendencies while providing richer context-aware interpretations. The novelty of this study
lies in integrating LLM-based conversational intelligence with a standardized psychomet-
ric framework, with potential applications in career guidance, educational counseling, and
digital psychological assessment in higher education.

Keywords: Big Five Personality, Career Recommendations, Interview bot, IPIP-BFM, Large
Language Model

1 Introduction

Large Language Models (LLMs) have rapidly transformed higher education by enabling
intelligent conversation agents and learning support systems [1]. As Al adoption rises
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globally—from 20 percent in 2017 to 72 percent in 2024 [2]—LLMs offer the potential to ad-
dress persistent challenges in career guidance: subjective assessments, counselor shortages,
and the difficulty of personalizing support for many students [3]. Consequently, higher
education institutions urgently need innovative systems that deliver objective, consistent
personality assessments and recommend career paths tailored to student profiles.

Several previous studies have highlighted LLMs’ ability to express personality through
generated text. Jiang et al. [4] showed, through their Persona LLM study, that LLMs can
display consistent personality traits when guided by instructions based on the Big Five
Personality Traits. Even the model’s personality test results proved quite stable and recog-
nizable to human evaluators. Another study by Jiang G et al. [5] proposed the Machine Per-
sonality Inventory (MPI) as an instrument for measuring personality traits in pre-trained
models, while introducing personality prompting techniques capable of inducing specific
traits; however, consistency remains a challenge in long-term interactions. Wang et al. [6]
also found that LLMs exhibit high internal reliability and convergent validity when asked
to mimic real personality profiles based on the Big Five framework, although predictions of
external variables, such as organizational behavior, are not yet optimal. Another approach
developed by Zheng et al. [7] is the Language Model Linguistic Personality Assessment
(LMLPA), which uses linguistic features to quantitatively assess model personality and has
been shown to effectively distinguish the Big Five personality traits. Additionally, Mahar-
jan et al. [8] demonstrated that LLM embedding representations can be used to predict
personality traits with fairly high psychometric validity, while Li et al. [9] highlighted the
importance of assessment methods, showing that the forced-choice approach is more ef-
fective than the Likert scale in minimizing model response bias. Finally, Goldberg [10]
emphasized that the Big Five Personality Traits framework remains the most widely used
personality theory in psychology, making it a relevant basis for Al-based assessment sys-
tems.

Conventional personality assessments such as the International Personality Item Pool —
Big Five Factor Markers (IPIP-BFM-50) have been widely used and validated in psycholog-
ical research. However, they require respondents to answer a fixed set of Likert-scale items,
which can be monotonous, time-consuming, and limited in scope. These instruments mea-
sure only predefined aspects of personality, without allowing respondents to elaborate
on their unique experiences or demonstrate behavioral nuances in natural communica-
tion. Moreover, interpreting IPIP scores still requires significant effort on the part of career
counselors to translate numerical values into meaningful career guidance, creating ineffi-
ciencies in practice. In contrast, an InterviewBot approach leveraging LLMs can transform
this process by asking open-ended, natural questions, interpreting free-text responses, and
extracting not only personality traits but also additional indicators such as competencies
or communication style. The InterviewBot can also combine and generalize conventional
items into fewer, more engaging prompts, making the assessment process more effective in
gathering rich information while reducing participant fatigue. This highlights a critical gap
between the rigid, questionnaire-based IPIP method and the more dynamic, conversational
assessment approach that modern LLMs can support. In our preliminary development, we
have explored the concept of an InterviewBot that poses interview-style questions and has
the human user provide narrative responses [11]. These responses can then be processed
using Natural Language Processing (NLP) and machine learning techniques to score and
interpret them [12]. In this study, we extend that approach by employing LLMs as the pri-
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mary engine for question generation, response interpretation, and profile summarization,
thereby advancing the capabilities of automated personality assessment systems.

Compared with traditional psychometric questionnaires, Large Language Models
(LLMSs) offer several advantages for assessing personality. Static questionnaires use fixed
response options for each item. In contrast, a conversational LLM elicits more open-ended,
richly descriptive text from users, better capturing personal experiences and behaviors [13].
This conversational approach allows for a more flexible, engaging, and detailed assess-
ment. It can reveal psychological content often missed by standard questionnaires [14].
LLMs also generate human and natural-sounding narrative summaries and career sugges-
tions, which benefit both counselors and students. Integrating LLMs with psychometric
methods enables more efficient and meaningful personality assessments [15].

In terms of state-of-the-art, there is a growing trend of integrating Al and natural lan-
guage processing into psychological and educational tools. For example, conversational
agents have been adopted in mental health contexts to deliver scalable support [16], while
adaptive testing systems have been used to shorten assessment length without compro-
mising validity [17]. Recent advancements in multimodal LLMs also hold promise for an-
alyzing diverse inputs, such as text and speech, to produce more holistic assessments [18].
However, few studies have attempted to directly integrate LLM-driven conversational as-
sessments with established psychometric frameworks such as the Big Five, especially in the
context of career guidance for students. This positions the proposed research at the inter-
section of psychology, education, and Al system design. Unlike prior studies that primarily
evaluate personality traits in LLM behavior, this study develops a practical InterviewBot
system that integrates conversational LLM interaction with the validated IPIP-BFM-50 in-
strument. This integration enables both quantitative personality scoring and qualitative
narrative interpretation for career guidance in higher education.

This research aims to design and develop an InterviewBot system using LLMs for au-
tomated Big Five personality assessment in higher education. The system will provide
engaging, open-ended interactions that help students better understand their own person-
alities and identify suitable career paths. These interactions will yield both quantitative
trait scores and qualitative narrative profiles, offering actionable guidance for students.
Career path recommendations will align with students’ personalities. IPIP will serve as
a validated benchmark to evaluate the system’s reliability and validity. This approach im-
proves interactivity and efficiency while aligning with established psychometric standards.

2 Research Method

This study proposes InterviewBot (IB-B5P), a novel system for personality assessment that
uses Large Language Models (LLMs) within the Big Five framework. Unlike existing ap-
proaches, our system enables automated, interactive assessment via conversational Al To
guide its development, we adopt the Design Science Research (DSR) methodology, a struc-
tured approach to designing, building, and evaluating systems [19]. The DSR framework
ensures scientific rigor and practical relevance by integrating analysis and problem iden-
tification, design, and system evaluation. Figure 1 illustrates the detailed stages of the
research process in this study.
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2.1 Identification Problem & Analysis

In this phase, the study identified several key issues in the current practice of personal-
ity assessment in higher education. Conventional methods such as the International Per-
sonality Item Pool — Big Five Factor Markers (IPIP-BFM-50) rely on structured self-report
questionnaires, where respondents must answer a fixed set of 50 items with Likert-scale
responses. To better understand the role of the International Personality Item Pool (IPIP) in
this study, it is important to briefly review the attributes and traits it measures. The IPIP is
designed to operationalize the Big Five Personality Traits (OCEAN), which consist of five
major dimensions: Openness to Experience, reflecting creativity, curiosity, and willingness
to engage with new ideas; Conscientiousness, indicating organization, responsibility, and
goal-directed behavior; Extraversion, representing sociability, assertiveness, and energy
in interpersonal interactions; Agreeableness, associated with empathy, trust, and cooper-
ativeness; and Neuroticism (sometimes referred to as Emotional Stability in the reversed
form), which reflects the tendency to experience negative emotions such as anxiety, stress,
or mood instability. Each trait is assessed by multiple items in the IPIP-BFM-50 instrument,
allowing quantitative evaluation of personality across these five dimensions (Table 1). The
early phases of problem identification and business requirement elicitation are essential, as
they ensure that the solutions developed are contextually relevant and aligned with organi-
zational needs, thereby supporting their successful application in the business world [20].

This structured measurement provides a strong foundation for personality assessment
and will serve as the benchmark for comparison with the proposed InterviewBot system.
This instrument is widely used because it is open, validated, and highly reliable in person-
ality psychology research [21,22]. Respondents provided answers using a Likert scale (1 =
strongly disagree with 5 = strongly agree). Positively keyed items were calculated directly
according to the scale values, while negatively keyed items were reversed for consistent
interpretation. The total score per dimension was obtained by summing all items, then
dividing by the number of items to produce an average representing the individual’s per-
sonality traits. This average value was then used as ground truth to compare the results of
the LLM-based interview bot assessment [23,24].

Table 1: Example of IPIP scoring

No Item Question (Example) Keyed Respon Likert Score
1 ‘Tlike trying new things.’ + Very Accurate (5) 5
2 ‘I often put off important tasks.’ - Moderately Accurate (4) 2
3 ‘I getalong easily with other people.’ + Moderately Accurate (4) 4
4  ‘Irarely help other people.’ - Very Inaccurate (1) 5
5  ‘I'feel anxious in many situations.’ + Neither (3) 3

The calculations for Table 1 are as follows:

1. Item (+) keyed, scores follow the Likert scale (1-5).

2. Item (-) keyed, scores are reversed (e.g., Very Accurate = 1, Very Inaccurate = 5).

3. Total dimension score = sum of all item scores. Eq. (1) shows the final dimension
score.

Average total score

1)

Final Dimension Score = -
Number of items
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As an example of the calculation results, the scores for the five IPIP items given by
respondents were 5, 2, 4, 5, and 3. When added together, the total score obtained was 19.
Next, the total score was divided by the number of items (5) to obtain an average dimension
score of 3.8. This average value then represents the respondents’ tendencies towards the
personality dimension being measured [10,25].

While scientifically validated, this method is often perceived by students as rigid, repet-
itive, and monotonous. It captures only direct responses to predefined questions and
does not allow deeper exploration or elaboration of the respondent’s unique characteris-
tics. Furthermore, interpreting scores requires additional effort from career counselors,
which can reduce the efficiency with which timely and personalized guidance is deliv-
ered. In higher education, career guidance services are important for student readiness but
remain constrained by limited counselors, limited-service scale, and the subjectivity of as-
sessment [26]. Although the IPIP has certain limitations in terms of interactivity, it remains
a validated and widely recognized instrument. Therefore, in this study, IPIP will serve as a
benchmark for comparing the proposed system’s results.

To address these limitations, a system analysis was conducted by mapping the user per-
spective, psychological insights, and available technological opportunities. From the user
side, both students and counselors expect an assessment tool that is not only accurate but
also engaging, interactive, and capable of producing meaningful narrative insights beyond
raw numerical scores. From the psychological framework, the Big Five (OCEAN) remains
the dominant and widely adopted model for measuring personality. On the technologi-
cal side, recent advancements in Large Language Models (LLMs) enable the generation of
interview-style questions, the processing of open-ended responses, and the production of
human-like summaries of personality profiles. Unlike conventional IPIP, the InterviewBot
approach allows the extraction of additional information, such as indicators of competen-
cies, communication styles, and other relevant behavioral attributes, from the interviewee’s
elaborated answers. Moreover, LLM-driven question design can combine or generalize
multiple aspects of conventional items into fewer, more natural questions, making the as-
sessment process more efficient while still comprehensive.

This analysis highlights a potential solution: an InterviewBot system that integrates
LLMs with structured scoring mechanisms. Such an approach offers not only efficiency
and engagement but also the flexibility to extract richer data from participants, ultimately
enhancing the value of personality assessment for higher education. At this stage, we use
IPIP as a validated method, ensuring that the evaluation of the InterviewBot system can be
rigorously compared against an established standard.

2.2 Design System

In this stage, we introduce the InterviewBot for Big Five Personality (IB-B5P) as the core
system design. The IB-B5P framework combines the Big Five personality model with Large
Language Models (LLMs) to deliver interactive personality assessments through natural
language conversations. The system generates interview-style questions, captures open-
ended responses, transforms them into structured trait scores, and provides both narrative
summaries and career recommendations. Figure 2 illustrates the overall architecture and
workflow, showing the main components and their interactions.

The proposed InterviewBot system, referred to as IB-B5P, is designed to automate the
personality assessment process through structured interactions between participants and
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an LLM-powered interviewer bot. As illustrated in Figure 2, the process begins with the
Question Generator, which formulates interview-style questions aligned with the Big Five
Personality Traits framework. These questions are delivered to the participants who pro-
vide text-based responses during the interview session.

The collected responses are then processed by the system in two sequential steps. First,
the Answer Reception module stores the participant’s input as text. Second, the Answer
Conversion module transforms these responses into quantifiable scores based on the Big
Five dimensions: Openness, Conscientiousness, Extraversion, Agreeableness, and Neu-
roticism. This scoring process utilizes prompt engineering strategies within the LLM to
map open-ended answers onto structured personality scales.

Following the scoring phase, the system moves to Profile Generation, where the LLM
creates a comprehensive personality profile with both numerical trait scores and narrative
summaries providing context for each participant. Finally, the results are presented, en-
abling participants to gain concise, interpretable insights into their personality profiles.

The system development in this research focuses not merely on traditional develop-
ment, but on designing an LLM-based framework that integrates prompt engineering
strategies and a structured data processing pipeline [27]. At this stage, the system uses a
Large Language Model (OpenAl GPT-3.5 Turbo) via an API management module to gener-
ate adaptive interview questions and process student responses. To ensure more consistent,
easily processed model outputs, a structured, template-based prompt engineering strategy
is used, requesting results in JSON format with elements such as title, percentage, and the
reason for each mapped category. The LLM-generated outputs are then combined with the
IPIP score calculated through the rule-based scoring engine, enabling the system to present
a quantitative and narrative Big Five-based personality assessment.

2.3 Prompt Engineering Strategy

To ensure reliable, easy-to-understand results, the proposed system uses a clear prompt
engineering approach when working with the Large Language Model (LLM). Prompt en-
gineering helps the model create questions about personality and understand user answers
using the Big Five personality model [28]. With simple instructions, the model provides
structured replies that the system can automatically use, turning the usual paper personal-
ity tests into a more natural conversation.

The prompt design follows an instruction-based structure consisting of role definition,
task specification, contextual information, and output constraints. The model is instructed
to act as a psychological assessment assistant, generating behavioral questions and analyz-
ing user responses. The generated outputs follow a structured JSON format that includes
attributes such as the scenario description, narrative question, personality trait identifier,
and keying indicator. This structured format enables the system to automatically parse the
generated outputs and integrate them into the personality scoring module [29].

Since users provide responses in natural language rather than selecting predefined op-
tions, an additional prompt is used to classify each response into a numerical score. Specif-
ically, the model assesses the semantic relationship between the question scenario and the
user’s narrative response, assigning a score on a five-point Likert scale. Next, the scores
are aggregated across the five personality dimensions, with reverse scoring applied to neg-
atively keyed items. In this way, the mechanism ensures compatibility with established
psychometric assessment approaches while leveraging the flexibility of conversational in-
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teraction enabled by LLMs [30]. To further clarify this methodology, the prompt engineer-
ing components used during the interaction with the language model are summarized in
Table 2.

Table 2: Prompt engineering structure used in the proposed system

Component Description Example

Role Instruction Defines the role of the lan- “You are psychological assessment
guage model in the assess- assistant based on the Big Five per-
ment process sonality framework”

Task Instruction Specifies the task performed “Analyze the user’s response and
by the model determine its alignment with the

personality indicator”
Context Information =~ Additional contextual infor- User academic major and preferred
mation used to personalize language
prompts
Output Constraint Defines the required output Returnascore from 1-5 representing
format for system processing  the personality indicator

Table 2 summarizes the key elements of the prompt engineering framework applied
in the proposed system. The prompt architecture comprises role specification, task de-
lineation, contextual augmentation, and output formatting constraints. Each component
directs the language model during the psychometric evaluation process. Role specification
articulates the model’s function as a psychological assessment tool. Task delineation de-
tails operations required of the model, such as analyzing respondent inputs or constructing
personality-diagnostic questions. Contextual augmentation tailors the generated content to
the respondent’s demographic or psychographic profile. Output formatting constraints re-
quire the model to deliver responses in a machine-readable format for automated process-
ing. This configuration enables the language model to consistently generate unambiguous
outputs supporting the personality-scoring algorithm.

3 Results

3.1 Implementation Result

This part describes the application developed to support the personality assessment pro-
cess using Big Five Personality and advanced analysis based on Large Language Model
(LLM). The application is designed to provide an interactive assessment experience. Users
begin by entering initial data and then complete questionnaire items and open-ended ques-
tions. The results are presented with graphical visualizations and narrative descriptions,
along with quantitative scores for each dimension of the Big Five Personality Traits. Thus,
this application serves as a psychometric measurement instrument and a tool for student
self-reflection and career planning, powered by the latest artificial intelligence technology.

The front-page form, as shown in Figure 3, serves as the starting point for the as-
sessment, where users fill in basic information before beginning the test. This screen
displays the assessment title and the five main personality dimensions to be measured,
namely Extraversion, Agreeableness, Conscientiousness, Emotional Stability, and Intel-
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Figure 3: The system front page form.

lect/Imagination. Additionally, there are several input fields, such as name, preferred
language, and study program, that aim to contextualize the assessment results based on
the user’s background. The Start Assessment button starts the IPIP-BFM-50 test. With
this design, the front page not only functions as a user-friendly initial interface but also
ensures that the user’s basic data is properly recorded to support the interpretation of the
assessment results.

Figure 4 shows the interview form used in the proposed system. This interface enables
participants to respond to questions generated by the InterviewBot. The system presents
each question in the main area, along with a relevant description or scenario that reflects
one of the Big Five Personality Traits. Participants provide narrative or experience-based
answers in the supplied text field. To help users navigate, the system organizes all items
by their respective personality dimensions using a Question Navigator, letting participants
track progress and revisit earlier questions as needed. Additional options allow partici-
pants to proceed to the next question or cancel the session, ensuring flexibility in the inter-
view process. Overall, this form serves as an interactive medium, allowing participants to
engage in interviews and supply input for subsequent personality analysis.

The result page, as shown in Figure 5, is the final stage of the personality evaluation
process, based on five main dimensions: Extraversion, Agreeableness, Conscientiousness,
Emotional Stability, and Intellect/Imagination. At this stage, the system displays person-
ality scores in an easy-to-read graph, accompanied by a narrative description of the par-
ticipant’s psychological tendencies. Each dimension is explained separately to highlight
behavioral characteristics, social interaction patterns, and potential related to academic
and professional contexts. In addition, the system provides personal recommendations
on career direction, learning style, team role, communication patterns, and social com-
patibility. This additional information is obtained through LLM response analysis, so the
results displayed are more adaptive and tailored to each individual’s profile. By combining
quantitative data from IPIP scores with qualitative analysis using an LLM, the results page
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serves as a medium for self-reflection and a practical guide for participants in planning
their self-development and career direction.

Chatbot Assessment s Cancel
a
As a Computer Science major, you eagerly participate in a hackathon event, showcasing
your coding skills and collaborating with other students. You feel energized by the
P and enjoy with industry professionals. (+)
I will ask you questions about your personality and experiences. Please answer naturally as we

have a conversation.
| felt really excited and motivated during the hackathon. It was a great opportunity to o
challenge myself, work under pressure, and collaborate with peaple who shared the same
passion for technology. | also enjoyed learning from others and seeing different
approaches to problem-solving.

During a study group session for your Computer Science course, you prefer to listen

more than speak, absorbing information and processing complex algorithms in silence.

You feel most productive when you can focus without distractions. (-)

Your Answer

Figure 4: Assessment page.

3.2 Evaluation

The evaluation involved 40 undergraduate students who participated in both the IPIP-
BFM-50 questionnaire and the IB-B5P interview-based assessment. Each participant com-
pleted the conventional IPIP personality test and the interview interaction with the pro-
posed system. In the evaluation stage, the study compares the results from the proposed
IB-B5P system (Method A) with those from the conventional personality assessment in-
strument, IPIP-BFM-50 (Method B). Specifically, the comparison is carried out across the
five personality dimensions of the Big Five framework: Openness (O), Conscientiousness
(C), Extraversion (E), Agreeableness (A), and Neuroticism (N). For each respondent, the
percentage scores generated by both methods are recorded, and the difference (A) between
them is calculated. Notably, a larger A value indicates a greater divergence between the
proposed system and the established IPIP assessment in identifying specific traits, whereas
a smaller A suggests that the IB-B5P system produces more consistent results with the
validated conventional method. To further assess consistency, each respondent was tested
using both methods to examine whether the results remain stable across approaches.

An example of raw evaluation data from several respondents is presented in Table 3,
which compares Method A and Method B across the five traits. This tabular representation
provides an initial overview of how closely the IB-B5P system aligns with the reference
standard and highlights areas where differences are more pronounced.

To evaluate the proposed IB-B5P system, two statistical tests were conducted to com-
pare its results with the standard IPIP scores, which served as the reference tool. As shown
in Table 4, the comparison was intended to assess the connection and any potential dif-
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Your Assessment Results

Thank you for completing the azzezzment, Khania!

Figure 5: Result page.

Table 3: Example of evaluation result from respondents

No Name O C E A
A B A A B A A B A A B A A

Respondent-1 59 84 -25 93 94 -1 58 58 0 71 78 -7 65 64 1
Respondent2 59 54 5 62 60 2 46 56 -10 46 64 -18 48 62 -14
Respondent-3 40 40 0 41 60 -19 41 52 -11 60 68 -8 35 60 -25
Respondent-4 76 74 2 60 56 4 8 75 5 70 57 13 56 68 -12
Respondent-5 45 54 -9 8 70 18 68 8 -14 8 8 4 80 74 6

vz

Tl W N -

ferences between the two systems for the five personality traits. The Pearson correlation
measures how strongly the IPIP and IB-B5P results are linked, indicating whether both
systems yield similar high and low trait scores. The Wilcoxon signed-rank test checks if
the differences between the two tools are meaningful. Together, these tests help show how
closely the IB-BSP matches the established IPIP system.

Table 4: Comparative analysis of personality trait scores between IB-B5P and IPIP

Trait Mean (IPIP) Mean (IB-B5P) Mean Diff. Pearsonr Interpretation (r) Wilcoxonp  Significance
Openness 54.65 62 7.35 0.662 Moderate-strong positive correlation 0.002 Significant
Conscientiousness 724 71.03 —1.38 0.559 Moderate positive correlation 0.428 Not significant
Extraversion 50.78 58.05 7.28 0.708 Strong positive correlation 0.006 Significant
Agreeableness 62.58 67.28 4.7 0.312 Weak correlation 0.054 Borderline
Neuroticism 58.8 61.88 3.08 0.479 Moderate correlation 0.27 Not significant

4 Discussion

Table 4 shows that the proposed IB-B5P system and the IPIP instrument generate consistent
results across the five personality traits. Correlation coefficients (r = 0.312-0.708) indicate
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that IB-BSP matches IPIP patterns, especially for Extraversion (r = 0.708) and Openness
(r = 0.662), which show strong positive correlations. Conscientiousness and Neuroticism
have moderate correlations, while Agreeableness shows a weaker yet positive relation-
ship. Overall, IB-B5P generally mirrors the trait rankings found by IPIP, but the alignment
strength varies by trait.

The Wilcoxon signed-rank test results indicate that most differences between the two
instruments are not statistically significant, except for Openness and Extraversion, where
significant differences were observed (p < 0.01). This implies that, while the two systems
are directionally consistent, IB-B5P may yield slightly higher or lower absolute scores for
certain traits. Nevertheless, the overall pattern supports the conclusion that IB-B5P yields
outcomes comparable to IPIP in assessing personality tendencies. Hence, the proposed sys-
tem demonstrates acceptable validity as an alternative approach, capable of approximating
IPIP trait measurements while maintaining similar interpretive trends, as discussed in the
following section.

In interpreting the results, it is important to note that the observed mean differences
between IB-B5P and IPIP scores remain relatively small when considered within the 0-100
scale. Such variations are expected in psychological assessments, as even standardized in-
struments like IPIP do not always yield identical scores when administered multiple times
to the same respondent. Instead, consistency is typically reflected in maintaining similar
tendencies, for instance, whether a respondent consistently scores in the lower, middle, or
higher range of a trait. This characteristic reflects the inherent variability in self-reported
measures rather than a flaw in the instrument. To support this notion, a repeated-measures
test was conducted using IPIP itself (see Table 5), which shows that individual scores fluc-
tuate slightly across trials while maintaining stable overall personality tendencies.

Although numerical differences may exist between the two measurement systems, it is
unnecessary to expect identical or near-identical scores across instruments. What is more
important is the directional consistency - whether the scores from both systems fall within
the same general range of low, medium, or high tendencies. As shown in Tables 3 and 4, the
IB-B5P system may yield slightly different mean scores than the IPIP benchmark; however,
the overall correlation and rank-order consistency indicate that both instruments capture
similar personality patterns. This suggests that the proposed interview-based IB-B5P sys-
tem can effectively approximate the IPIP assessment and serve as a reliable alternative for
personality trait evaluation, particularly when a structured interview format is more suit-
able than a self-report questionnaire.

Table 5: Stability of IPIP personality trait scores in repeated measurements

No Name (@] C E A N
T1T T2 A T1 T2 A T1 T2 1T T2 A T1 T2 A

Respondent-1 28 59 31 26 22 4 74 70 45 45 0 8 8 0
Respondent-2 59 34 25 64 76 12 50 41 72 56 16 80 66 14
Respondent-3 3 11 8 92 8 5 78 78 7%6 82 6 66 74 8
Respondent-4 65 70 5 80 92 12 21 19 40 25 15 74 91 17
Respondent-5 46 59 13 80 67 13 84 74 74 89 15 36 66 30
Respondent-6 34 59 25 67 22 45 34 41 30 10 20 16 26 10

Ul W N =
NS NvOo | D>

From the empirical evaluation, the comparison between IB-B5P and IPIP (Table 3)
demonstrates that the proposed system produces results that are directionally consistent
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with the standard instrument. Despite small mean differences across traits, the moderate
to strong positive correlations (r = 0.56-0.71 for most traits) indicate that both systems cap-
ture similar personality tendencies. In addition, the Wilcoxon signed-rank test showed that
most differences were statistically insignificant, suggesting that the IB-B5P scores are not
meaningfully different from IPIP at the group level. Therefore, the interview-based IB-B5P
can be considered a valid approximation of IPIP in identifying high, medium, and low
personality tendencies. The results of developing an interview bot system based on the
IPIP-BFM-50 and a Large Language Model (LLM) show that a hybrid approach combining
a rule engine and generative Al can support student personality assessment. This aligns
with previous studies that emphasize the importance of structured prompting to improve
the stability of language model output [31].

In addition to generating personality profiles, the system provides career recommenda-
tions based on Big Five assessment results. After identifying dominant traits, it interprets
these findings in relation to job preferences. For instance, high Extraversion suggests a fit
for roles that involve communication and teamwork, while high Conscientiousness indi-
cates a fit for structured, meticulous work. High Openness aligns with creative or research
fields, and high Agreeableness with collaborative or service-oriented professions. The sys-
tem then suggests career options aligned with students’ personality characteristics.

From a practical perspective, the system can present assessment results in quantita-
tive graphs and interpretative narratives. The results page not only provides information
about personality scores but also offers additional insights, such as career recommenda-
tions, communication styles, and social compatibility. This feature makes the system more
useful than conventional methods that only present numerical scores. Thus, the developed
application has the potential to serve as a tool for self-reflection and support career guid-
ance services in higher education.

Overall, this study contributes to two main aspects. First, it presents an integration
framework between standard psychometric instruments (IPIP-BFM-50) and an LLM that
enables richer, more adaptive assessments. Second, it provides practical implications for
career guidance services in higher education through an interactive, flexible, and easy-to-
use web-based system. Moving forward, the research can be further developed by con-
ducting more comprehensive validity and reliability tests, expanding the sample size, and
comparing the system’s results with those of other psychological assessment methods.

This study acknowledges several limitations, including the relatively small sample of
40 undergraduate students used in the evaluation, which may limit the generalizability
of these findings to a broader, more heterogeneous population. Furthermore, the person-
ality assessment process relied solely on text-based responses, raising the possibility that
individual variations in communication style and written language proficiency may have
influenced the quality and consistency of the collected data. In addition, the career rec-
ommendations generated by the system remain broad in scope, as they stem from general
interpretations of the Big Five personality dimensions, rather than from empirically val-
idated job profiles or detailed, specific job criteria. Given these limitations, it is hoped
that future research will expand the participant pool by including a larger, more diverse
sample. It is also recommended that subsequent studies integrate additional psychological
assessment methods to complement the existing framework and use more comprehensive,
structured job datasets to enhance the accuracy and practical application of the career rec-
ommendation component.
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5 Conclusion

This study presents the design, implementation, and evaluation of an InterviewBot system
(IB-B5P) that integrates the International Personality Item Pool — Big Five Factor Markers
(IPIP-BFM-50) with Large Language Model (LLM) technology for personality assessment
in higher education. The results demonstrate that combining a rule-based scoring mecha-
nism with generative Al enables a balanced approach that produces both quantitative and
qualitative outputs, maintaining psychometric rigor while enhancing user engagement.
The evaluation results indicate that the IB-B5P system achieves moderate to strong cor-
relations (r = 0.31-0.71) with the standard IPIP assessment, particularly for the traits of
Openness and Extraversion, for which statistically significant relationships were observed.
These findings suggest that the proposed system can effectively replicate the personality
tendencies measured by IPIP, thereby validating its potential as a complementary or al-
ternative assessment tool. Moreover, structured prompt engineering and JSON-formatted
outputs improve the consistency, interpretability, and traceability of LLM-generated re-
sults.

From a practical standpoint, IB-BSP extends beyond traditional questionnaire-based
approaches by providing interactive, interview-style assessments that generate narrative
interpretations, career recommendations, and behavioral insights. This makes the sys-
tem particularly useful for career guidance and self-reflection, offering students a more
personalized and engaging assessment experience. In conclusion, this research advances
Al-assisted psychometric assessment by demonstrating how LLMs can be integrated with
standardized psychological instruments to create adaptive, interpretable, and efficient per-
sonality assessment systems. Future work will focus on expanding the participant base,
performing comprehensive validity and reliability tests, and exploring integration with
multimodal inputs or other psychological frameworks to enhance the robustness and ap-
plicability of the InterviewBot system in educational and organizational contexts.
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