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Abstract

Understanding a user’s personality is crucial
for personalized Al, and the MBTI provides
a widely recognized operational framework
for personality modeling. Existing text-based
MBTI prediction methods often treat labels
as fixed categories, neglecting the prototype-
based nature of personality emphasized in cog-
nitive psychology. To address this, we pro-
pose ProtoMBTI!, a prototype-based reason-
ing framework for social-media text: it aligns
LLM inference with the cognitive structure of
personality via prototype retrieval-driven rea-
soning. Specifically, PROTOMBTI constructs
a balanced, high-quality prototype library and
performs a retrieve-reuse—revise—retain cycle
during inference to achieve accurate, inter-
pretable, and transferable predictions. On the
Kaggle (85.14%) and Pandora (71.41%) bench-
marks, PROTOMBTI significantly outperforms
neural and LLM baselines, and under distri-
bution shift achieves an average accuracy of
96.41% on the Pandora test set, covering all 16
MBTI types.

1 Introduction

Understanding a user’s personality is an important
enabler of personalized Al: it allows systems to
adapt content and interaction style to individuals
rather than rely on one-size-fits-all heuristics. In
education, personality-aware tutors can adjust pac-
ing and feedback framing to sustain engagement
(Sajja et al., 2023); in recommendation, personality
signals inferred from everyday text can help mit-
igate cold-start and disambiguate intent when be-
havioral history is sparse (He et al., 2018; Li et al.,
2023); and in organizational settings, personality-
sensitive analysis of internal communication can
support team formation while accounting for indi-
vidual styles (Wang, 2024). Across these settings,
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a common requirement is to infer relatively stable,
person-level dispositions directly from language
produced in the wild, without administering stan-
dalone psychometric tests.

In this work we focus on inferring personality
using the Myers-Briggs Type Indicator (MBTI),
a widely adopted typology in practice and online
communities, and a common operational target in
NLP benchmarks (Myers, 1962; Gjurkovi¢ et al.,
2020). Given a user’s text, the task is to predict
the user’s MBTI type (four dichotomies yielding
sixteen types) by extracting latent trait signals from
user-generated language (Pan and Zeng, 2023; Li
et al., 2025). Prior approaches span lexicon-based
feature engineering, end-to-end neural models, and
LLM-based methods using prompting or few-shot
inference (Taboada et al., 2011; Ryan et al., 2023;
Ashraf et al., 2024; Li et al., 2024; Hu et al., 2024,
Liet al., 2025). While MBTT’s psychometric status
is debated in psychology, it remains a practical and
widely used code for studying personality signals
in text (McCrae and Costa, 1989).

Two limitations of most existing MBTI predic-
tors are that (i) they treat personality types as fixed
categorical targets, optimizing direct label predic-
tion with little explicit structure for reasoning from
representative evidence(Bi et al., 2025; Li et al.,
2025, 2024; Patil et al., 2024; Zhu et al., 2024b;
Shobha et al., 2024); and (ii) MBTI-related text
in social media exhibits substantial noise, class
imbalance, and cross-style variability, with ex-
tensive overlap in language use across personal-
ity types, making the assumption of strictly dis-
crete labels difficult to sustain in practice(Hu et al.,
2024). Motivated by prototype-based views of cate-
gorization(figure 1), where judgments are made by
comparison to central exemplars rather than strict
rules (Rosch and Mervis, 1975), we ask whether
prototype-guided inference can provide a stronger
and more interpretable basis for MBTI prediction
from text. Recent work suggests that conditioning
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Figure 1: The figure shows how people form, apply, revise, and accumulate category judgments in daily life by recalling similar
past cases and adjusting their decisions as new information becomes available, reflecting a case-based and prototype-driven

cognitive process rather than a specific computational model.

LLMs on prototypical examples can improve task
performance and make predictions more evidence-
grounded (Zhu et al., 2024a; Deng et al., 2024; Wei
et al., 2025; He et al., 2025; Ren et al., 2024). We
therefore investigate: (1) how to construct an op-
erational set of MBTI prototypes from text, and
(2) how to retrieve and integrate these prototypes
during inference to obtain predictions that are accu-
rate, evidence-grounded, and robust across datasets.
We study these questions in MBTI inference from
social-media posts.

To address these questions, we propose Pro-
toMBTI, a prototype-guided framework for MBTI
inference from social-media text. ProtoMBTI re-
places direct label prediction with retrieve-then-
reason inference: it retrieves representative pro-
totypes from a curated prototype bank using a
learned embedding space, and conditions an LLM
on these prototypes to generate evidence-grounded
dichotomy (and type) predictions. We construct
the prototype bank with quality-controlled aug-
mentation to reduce imbalance, and filter noisy
synthetic samples using a four-dimension agree-
ment criterion. Our main contributions are: (i)
a quality-controlled prototype bank construction
pipeline for MBTI text, (ii) a prototype-guided
retrieval-and-reasoning inference procedure, and
(iii) empirical and qualitative analyses demonstrat-
ing accuracy gains and evidence grounding. Em-
pirically, we evaluate on two standard MBTT text
benchmarks, Kaggle (Pan and Zeng, 2023) and
Pandora (Gjurkovic et al., 2020), and report both
average dichotomy accuracy and 16-type accuracy
under a consistent protocol. ProtoMBTI achieves
85.14% (Kaggle) and 71.41% (Pandora) average
dichotomy accuracy, improving over the strongest
prior baseline (ETM) by +7.35 and +5.64 points;
in a cross-dataset setting, it attains 90.87% average

dichotomy accuracy and 81.15% 16-type accuracy
on Pandora, suggesting improved robustness under
domain mismatch.

2 Related Work and Main Motivation

2.1 Predicting MBTI Types from Text

Automatically detecting personality from text has
become an increasingly prominent topic in compu-
tational psycholinguistics. Although the Big Five
framework dominates psychological research (John
and Srivastava, 1999), the Myers-Briggs Type In-
dicator (MBTI) (Myers, 1962; McCrae and Costa,
1989) remains widely used in online communities,
self-assessment platforms, and workplace settings
(Quenk, 1999). MBTI categorizes individuals into
16 types based on four dichotomies: Extraver-
sion vs. Introversion (E/I; outward- vs. inward-
oriented engagement), Sensing vs. Intuition (S/N;
preference for concrete details vs. abstract pat-
terns), Thinking vs. Feeling (T/F; analytic vs.
value-oriented decision making), and Judging vs.
Perceiving (J/P; structured planning vs. flexible
adaptation).

Existing MBTI prediction approaches can be
broadly grouped into three families. Lexicon-based
methods extract handcrafted psycholinguistic fea-
tures (e.g., LIWC-style dictionaries) and use con-
ventional classifiers for prediction (Taboada et al.,
2011; Komisin and Guinn, 2011; Tadesse et al.,
2018). Deep learning methods employ CNNs,
RNNs, and Transformers to learn representations
from raw text end-to-end, typically improving
over lexicon-based approaches (Xue et al., 2018;
Tandera et al., 2017; Ryan et al., 2023; Ashraf
et al., 2024; Shanmukha et al., 2024), and can
be further enhanced using hierarchical modeling
or auxiliary signals (Jiang et al., 2020; Keh et al.,



2019; Patil et al., 2024; Zhang, 2023; Tareaf, 2022;
Shobha et al., 2024; Lynn et al., 2020; Zhu et al.,
2024b; Yang et al., 2022; Ma et al., 2022; Yang
etal., 2021a). More recently, large language model
(LLM)-based methods achieve zero-shot or low-
resource prediction via prompting, few-shot learn-
ing, or data augmentation (Li et al., 2024; Hu et al.,
2024; Li et al., 2025; Bi et al., 2025). Despite
steady progress, most approaches formulate MBTI
inference as direct label prediction, with limited
explicit use of representative evidence at inference
time, which can make decisions harder to interpret
and potentially brittle across data sources.

2.2 Prototype Theory as Design Motivation

Prototype theory (Rosch, 1973; Rosch and Mervis,
1975; Rosch, 1975) describes categorization as
comparison to central, highly representative ex-
emplars, with other instances judged by graded
similarity rather than strict rules. We use this view
as design motivation for MBTI inference from text:
for example, within the E/I dichotomy, prototyp-
ical expressions such as “I enjoy going out with
friends” or “I prefer solitude and reflection” can
be treated as representative textual cues for the un-
derlying category(see more in Appendix B). This
perspective suggests an operational alternative to
direct label prediction: (i) construct a library of
representative prototypes that capture typical traits
of each MBTI category, and (ii) infer labels for a
new input by retrieving similar prototypes and rea-
soning from their cues. Recent studies also indicate
that conditioning LLLMs on prototypical examples
can improve task performance and make outputs
more evidence-grounded (Zhu et al., 2024a; Deng
et al., 2024; Wei et al., 2025; He et al., 2025; Ren
etal., 2024).

2.3 Closest Technical Relatives: Exemplar
Retrieval and Case-Based Reasoning

Our retrieve-and-reason formulation is related
to exemplar-based methods in NLP, including
retrieval-augmented prompting and example selec-
tion for in-context learning, which use retrieved
instances to guide prediction. It is also reminiscent
of case-based reasoning (CBR), which solves new
problems by retrieving similar past cases and adapt-
ing their solutions (Aamodt and Plaza, 1994; Kolod-
ner, 1992; Wiratunga et al., 2024; Hatalis et al.,
2025). In contrast to classical CBR pipelines, our
focus is on an LLM-centered instantiation where
retrieved prototypes serve as evidence for person-

ality inference, and where the prototype library is
explicitly constructed and filtered for quality in the
MBTI setting.

3 Task Formulation

We view MBTI types as a structured label space
composed of four binary axes. Let C) = {0,1}
fori € {1,2, 3,4} denote the label set for the i-th
MBTI dimension, where the two labels correspond
to: E/I, S/N, T/F, J/P. An MBTI type is the 4-tuple
of choices across these axes, yielding the 16-type
space CMBTL — (1) x ¢(2) x ¢() x ¢,

A prototype p is defined as a structured represen-
tation p = (a, e, ¢), where a denotes the attribute
(e.g., a user-generated text), e € R? denotes the em-
bedding encoding the relational features between a
and the category ¢, and ¢ € CMBTT denotes a MBTI
personality type. Although the label space has a
natural dimension-level factorization, we treat 16-
type prediction as the primary task; the dimension
labels are used only to guide augmentation and to
validate prototypes during quality control.

Task Definition. Given a user-generated text a,
the objective is to infer the author’s MBTI person-
ality type ¢ € CMBTL,

4 Methodology

ProtoMBTI proposes a two-stage prototype-driven
framework for personality inference, where pro-
totype quality is central to effective reasoning.
However, existing personality datasets are insuf-
ficient for constructing strong and representative
prototypes due to limited scale, severe class imbal-
ance, and weak expressive diversity (Appendix G).
We therefore enhance the data to build a class-
balanced and expressive prototype library. Based
on these prototypes, ProtoMBTI adopts a CBR-like
paradigm to align test instances with historical pro-
totypes and perform prototype-based personality
inference using LL.Ms.

4.1 Data Augmentation and Prototype
Building

We introduce an LLM-driven data augmentation
pipeline prior to prototype construction (shown in
Figure 2, see more in Appendix E, Algorithm 1).
Let the labeled dataset be U = {(a;,¢;)}l 4,
where a; denotes a user-generated text and ¢; €
CMBTI i5 the corresponding personality label. We
denote by U’ C U the subset used for data aug-
mentation. We formalize the augmentation process
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Figure 2: Overview of the data augmentation, prototype construction, and prototype-based reasoning framework. Rare MBTI
categories are augmented using an LLM with few-shot prompting and filtered by a four-dimensional classifier, after which
posts are interpreted along semantic, sentiment, and linguistic dimensions and stored in a structured prototype bank. Given a
query, relevant prototypes are retrieved to generate candidate predictions, which are then refined through a judging process, with

validated cases optionally retained for future reasoning.

as a composite operator A = Ay o A7, where A; :
U — Ubal, ./42 : Ubal — Upmto. Here, A1
performs class-balanced augmentation with quality
filtering, while A5 applies multi-dimensional repre-
sentation expansion along semantic, linguistic, and
affective dimensions.

Class-balanced augmentation with quality fil-
tering (A1). To mitigate imbalance across MBTI
categories, we first perform class-conditional data
generation on samples in U’. Specifically, for any
original sample (a,c) € U’, we guide the LLM
using category-specific prompt templates (see Ap-
pendix G, Table 17) to generate a new text a’ while
preserving the original personality label, yielding
a candidate sample (a’,c). To ensure label con-
sistency and usability, we introduce a 4D person-
ality classifier(see Appendix C) as a quality filter.
This classifier consists of a shared pretrained en-
coder, four binary classification heads correspond-
ing to the MBTI dimensions (I/E, S/N, T/F, J/P),
and an additional head for overall 16-type MBTI
classification. Once trained to a performance level
comparable to prior work (Lin et al., 2024), the
classifier is fixed and used for filtering. A can-
didate sample (a’,c) is accepted if and only if
¢MBTL — ¢ and ¢ = ¢, vi € {1,2,3,4},
where éMBTT denotes the predicted MBTI type and
¢ denotes the prediction for the 7-th binary dimen-

N

sion. This process yields a class-balanced dataset
Ubal-

Multi-dimensional representation augmentation
(Az). After class-balanced augmentation, let
|Upal| = m + m, where n is the number of original
samples and m is the number of newly generated
samples. To further enrich prototype expressive-
ness, we apply the multi-dimensional augmenta-
tion operator As to every sample in Up,. Con-
cretely, guided by prompt templates defined in Ap-
pendix G, Table 4, A2 expands each text along
semantic, linguistic, and affective dimensions with-
out increasing the dataset size (Hu et al., 2024). For
any sample (a;, ¢;) € Upy, the augmented repre-
sentation is defined as a = As3(a;). The resulting
{<a;’ Cj > | J =
1,2,...,.n+ m}, where a;*- denotes the attribute-
CMBTI ¢

augmented dataset is Uproto =

expanded text representation and c; €
the corresponding personality label.

Prototype Building. We fine-tune a compact
encoder with LoRA on Upeto to learn relation
embeddings between texts and personality cate-
gories. To avoid notational ambiguity, we decom-
pose the representation learning process into two
stages. First, a text encoder extracts a latent repre-
sentation from the input text: z = fy(a) € R%
Then, a category-conditioned relation mapping



operator ¢ injects category information into the
text representation, yielding a relation embedding:
e = ¢(z,¢) = ¢(fo(a),c) € Re Accordingly, we
formally define the relation embedding operator
as &€ : (a,c) — e = ¢(fp(a), c). During training,
the model produces an overall MBTI type predic-
tion ¢ € CMBTI yja a 16-class classification head,
and supervision is applied only at the fine-grained
type level using the cross-entropy loss: Lproto =
CE(¢, ¢). The resulting prototype set is denoted as
P =A{pj|Jj=12,...,n+ m}, where each
prototype is constructed from an augmented sam-
ple (a},cj) € Upwoto as pj = (aj, ¢j, ¢;), and
stored in the prototype library (see Appendix E,
Algorithm 3).

4.2 Prototype-Based Reasoning

Let the test set be U = {a}, which is disjoint from
the training data and all augmented samples. At
inference time, for any test instance & € U, we first
obtain its augmented representation a* = Ay (a)
and extract a latent text representation using the
same encoder: Z = fy(a*). We then obtain an
initial MBTI type prediction ¢ € CMBT! which is
used to construct a category-conditioned relation
embedding: é = £(a*,¢) = ¢(Z,¢) € R4,

Retrieve. We define a similarity operator S us-
ing cosine similarity to measure the proximity be-
tween the test embedding € and a prototype embed-
ding e: S(é,e) = W Based on this similarity
measure, we define the prototype retrieval operator
Ry : (€, P) = Py, where Py, = {p;}%_, denotes
the set of the top-k prototypes most similar to €.

Reuse. As shown in Figure 2, given the retrieved
prototype set Pr, we define an LLM-based infer-
ence operator Z. Conditioning on the target text
a* and its associated prototypes, Z explicitly mod-
els the alignment between the test sample and his-
torical prototypes via prompt templates (see Ap-
pendix G, Table 5), and outputs N predictive MBTI
types: Z(a*,Px) — [81, 82, ...,8n], where each
3; € CMBTI denotes a single predicted personality
type, and duplicate predictions are allowed. The fi-
nal predicted type ¢ is obtained by majority voting
over [§;]V,.

Revise & Retain. In evaluation or online in-
ference scenarios where ground-truth labels c are
available, if the prediction is correct, i.e., § = c,
the test sample is converted into a new prototype
p = (a*,é,y), which is then added to the proto-
type set to support subsequent inference (see Ap-
pendix E, Algorithm 2): P < P U {p}.

S Experiments

Research Questions. To systematically evaluate the
effectiveness of the ProtoMBTI framework and its
cognitive plausibility, we formulate the following
research questions:

* RQ1 (Section 6.1): Does prototype-based per-
sonality detection achieve better performance
than existing state-of-the-art (SOTA) models?

* RQ2 (Section 6.2): Can the effectiveness of
the framework and the contribution of proto-
types to the reasoning process be empirically
validated?

* RQ3 (Section 6.3): Do prototypes preserve
generalization ability across different test
sets?

Experimental Design. To address RQ1, we com-
pare ProtoMBTI with multiple baseline methods
on the Kaggle and Pandora datasets under the
dichotomy-level setting. For RQ2, we conduct ab-
lation studies to examine the contribution of pro-
totypes to model performance and the reasoning
process under different conditions. For RQ3, mod-
els are trained on a mixed training set constructed
from Kaggle and Pandora, while the validation set
and test set are drawn from different datasets to
assess cross-dataset generalization.

Datasets and Evaluation Metrics. We use two
standard MBTI datasets: Kaggle (8,675 samples
from PersonalityCafe) and Pandora (9,067 sam-
ples from Reddit) (Gjurkovié et al., 2020). Both
datasets are split into training, validation, and test
sets with an 8:1:1 ratio, and the mixed training
data is formed by directly merging the respective
training sets. Data augmentation is applied only
to the training and validation sets, while the test
sets remain unchanged to ensure a fair evaluation
of generalization. Model performance is evaluated
using accuracy, including: (i) accuracy on the four
MBTI dichotomies and their average (Hu et al.,
2024; Bi et al., 2025), which is used for compar-
ison with prior work; and (ii) fine-grained accu-
racy over all 16 MBTI types, serving as a more
challenging metric for ablation studies and gener-
alization evaluation. To ensure fair comparison,
newly inferred samples are not incorporated into
the prototype bank during inference. Additional
experimental details are provided in Appendix D.

Model Configurations and Baselines. We select
representative models for different components to



Methods Kaggle Pandora

VE SN T/F PJ Avg | VE SN T/F PIJ Avg
Vanillagyen 58.86 56.17 58.41 53.53 56.74|51.47 52.01 56.84 55.05 53.84
ICLQwen 50.23 44.31 47.86 48.19 47.65|46.18 47.57 53.30 52.26 49.83
TAE (Huet al., 2024) 70.90 66.21 81.17 70.20 72.07 | 62.57 61.01 70.53 59.34 63.05
ETM (Bietal, 2025) 68.97 71.21 86.19 84.78 77.79 | 68.57 6491 66.07 63.53 65.77
ProtoMBTIjo, 81.92 87.70 86.04 82.47 84.03|69.05 68.85 68.98 70.82 69.43
ProtoMBTIgyen 83.74 88.10 84.54 84.18 85.14 |71.63 66.98 73.25 70.33 70.55
ProtoMBTIgpr40 82.36 85.55 82.70 80.04 82.66|70.41 70.65 73.32 71.27 71.41

Table 1: Performance comparison of ProtoMBTI and LLM baselines on the Kaggle and Pandora datasets (see additional results
in Appendix F). Metrics include the accuracies of four MBTI dimensions and their average, with subscripts denoting different

backbone LLMs.

Kaggle

Method UE SN TF PJ  Avg 16T
ProtoMBTI-qwen 83.74 88.10 84.54 84.18 85.14 7142
ProtoMBTI-Rand 81.54 83.60 80.62 70.77 79.66 50.77
ProtoMBTI-Zero 83.08 82.77 81.85 73.23 80.73 54.15
ProtoMBTI-2nd  80.92 82.77 80.92 78.15 80.69 59.08
ProtoMBTI-Sem 81.54 81.54 81.85 71.08 79.50 50.15
ProtoMBTL-Expl 82.77 89.45 78.66 73.58 81.12 56.62
ProtoMBTI-Raw 79.02 88.63 71.51 70.69 77.96 45.37
EncOnly-LLaMA 82.46 83.08 8338 76.92 8146 59.69
EncOnly-Qwen  80.00 83.69 83.38 76.62 80.92 60.62
EncOnly-DS  80.92 81.54 84.00 74.77 8031 56.22

Table 2: Ablation results (accuracy, %) on Kaggle.

ProtoMBTI-Qwen
Train Val Test| JE S/N T/F P/J Avg

16-T

k+p k k |93.54 93.54 95.69 93.23 93.50 85.54
ktp p p [96.25 97.08 96.75 95.54 96.41 92.13
ktp p k [91.08 90.77 94.46 90.15 91.62 81.23
ktp k p [9044 9125 91.35 90.44 90.87 81.15

Table 3: Generalization results with mixed training data
(Kaggle + Pandora). Validation and test sets are drawn from
either Kaggle (k) or Pandora (p).

systematically evaluate ProtoMBTTI under diverse
configurations. For post generation and interpreta-
tion, we use GPT-40 and GPT-40-mini to compare
the effects of different model scales. In the data
augmentation stage, BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), and DeBERTa (He
et al., 2020) are employed as backbone models for
the four-dimensional classifier to control the qual-
ity of LLM-generated text. For feature extraction,
we adopt DeepSeek-1B (Bi et al., 2024), Qwen2.5-
1.5B (Bai et al., 2025), and Llama3-1B (Dubey
et al., 2024) to examine the impact of encoder ar-
chitecture and scale on personality representation
learning. During inference, we compare GPT-4o-
mini, Qwen2-72B (Bai et al., 2025), and Llama3.1-
70B (Dubey et al., 2024) to evaluate the influence
of different reasoning engines on final predictions.

MBTI 16-type
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Figure 3: t-SNE visualization of the prototype bank on the
Kaggle dataset. Each point represents the embedding of an
MBTI type, with colors distinguishing personality categories.
Large numbered circles denote prototypes most frequently
retrieved during testing.

In the main text, we report comparisons between
ProtoMBTTI and recent LLM-based SOTA methods
based on Qwen2-72B, including both vanilla and in-
context learning (ICL) (Dong et al., 2024) settings,
TAE (Hu et al., 2024), and ETM (Bi et al., 2025).
Comprehensive comparisons with all baselines and
detailed prompts are provided in Appendix H.

Implementation and Experimental Environ-
ment. All experiments are implemented using
PyTorch (Paszke et al., 2019) and Huggingface
Transformers (Wolf et al., 2019). Model training
is conducted on NVIDIA A100 and RTX 4090
GPUs, while large-scale inference relies on offi-
cial APIs. Random seeds are fixed throughout all
experiments to guarantee result stability. Further
implementation and training details are available
in Appendix D.

6 Results and Discussion

Overall, we address RQ1 through performance
comparisons, RQ2 through ablation studies, and
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1. Semantic: The post emphasizes a pragmatic and no-nonsense
approach to life, advocating for focusing on problem-solving...

2. Sentiment: The tone conveys determination, assertiveness,
and a sense of control...

3. Linguistic: The writing style is direct, concise, and informal
with a commanding and motivational tone...

Topl: We process feelings, just not on display. We fix problems
instead of talking through them. If you want drama, go
elsewhere...

Top2: We don’t need to explain every move or feeling. If it
makes sense, we do it. If not, we drop it...

Top3: Actions speak louder. If it matters, we handle it quietly,
efficiently, and move on. Overthinking gets in the way...

Type: ISTP

Figure 4: Comparison of ISTP personality traits (left) and ProtoMBTI model outputs (right). Highlighted words

indicate cues aligned with ISTP attributes.

RQ3 through mixed-data generalization experi-
ments. All reported results correspond to aver-
aged performance across the evaluated datasets and
experimental settings. In addition, we derive psy-
chological insights from the experimental results
and conduct a case study. Discussions on data
augmentation, hyper-parameters, and additional ex-
perimental results are provided in Appendix L.

6.1 Performance Comparison (RQ1)

As shown in Table 1, the proposed ProtoMBTI
framework consistently outperforms existing meth-
ods under the evaluation metrics adopted in
prior work. On the four MBTI dichotomies,
ProtoMBTIgwen achieves an average accuracy
of 85.14% on the Kaggle dataset, substan-
tially surpassing the previously best-performing
model ETM (77.79%). On the Pandora dataset,
ProtoMBTIgpr4, reaches 71.41%, again exceed-
ing ETM (65.77%). These results indicate that,
under single-dataset settings, ProtoMBTI outper-
forms current state-of-the-art methods on the four-
dimension classification task.

6.2 Ablation Study (RQ2)

Table 2 presents the ablation results on the Kag-
gle dataset. These results highlight the cen-
tral roles of prototypes, data augmentation, and
prototype-based reasoning in the model. We take
ProtoMBTIqwen as the full model and compare it
with its ablated variants on the Kaggle dataset.
First, effective prototype selection is cru-
cial: when only suboptimal prototypes are used
(ProtoMBTI,pg), the 16-type accuracy drops by
12.34 percentage points compared to the full model

(from 71.42% to 59.08%). When random proto-
types (ProtoMBTIgr,nq) or simple semantic retrieval
(ProtoMBTlIs.p,) are employed, the average accu-
racy over the four dichotomies decreases by 5.48
and 5.64 percentage points, respectively, while the
16-type accuracy drops by 20.65 and 21.27 per-
centage points. Performance under these settings
is even worse than that of ProtoMBTIy.,,, which
does not use any prototypes and exhibits a 17.27
percentage-point decrease in 16-type accuracy rel-
ative to the full model. These results suggest that
prototype selection directly determines model per-
formance: inappropriate prototypes not only fail
to provide useful information but can also substan-
tially interfere with the reasoning process.

Second, removing category balancing or
explanation-based data augmentation also signif-
icantly degrades performance: ProtoMBTIgyy),
which retains only explanation-based augmenta-
tion, shows a 14.80 percentage-point drop in 16-
type accuracy, while ProtoMBTIR,y, which re-
moves augmentation entirely, suffers a larger drop
of 26.05 percentage points. This indicates that high-
quality and well-controlled data augmentation is
critical for effective prototype construction.

Third, removing prototype-based reasoning
leads to the most severe performance degra-
dation. Encoder-only models achieve a maxi-
mum 16-type accuracy of 60.62%, corresponding
to a 10.80 percentage-point decrease relative to
ProtoMBTIgywen, and remain substantially inferior
to the full model with prototype-based reasoning.

Moreover, the 16-type metric is more sen-
sitive than the average accuracy over the four



dichotomies: the performance gap between
ProtoMBTIgyen and ProtoMBTIR,, reaches 26.05
percentage points on the 16-type task, whereas
the average accuracy over the four dichotomies
decreases by only 7.18 percentage points. This
further demonstrates that fine-grained personality
classification relies more heavily on model struc-
ture and reasoning mechanisms.

6.3 Generalization Experiments (RQ3)

When trained on mixed data from Kaggle and Pan-
dora(Table 3), with validation and test sets drawn
from the same dataset, ProtoMBTI consistently
outperforms single-dataset training across all met-
rics, indicating that mixed training facilitates the
learning of more generalizable representations. On
the 16-type classification task, the model achieves
85.54% on Kaggle and 92.13% on Pandora.

Under the cross-dataset setting, where valida-
tion and test sets come from different datasets,
ProtoMBTT still maintains stable performance:
the 16-type accuracy reaches 81.23% on Kaggle
and 81.15% on Pandora, while the average accu-
racy over the four dichotomies reaches 91.62%
and 90.87%, respectively. Although performance
slightly decreases compared to the same-domain
setting, it remains substantially better than single-
dataset training, demonstrating strong cross-dataset
generalization.

6.4 Psychological Analysis

Prototype theory suggests that human category
judgments typically rely on a small number of rep-
resentative exemplars and proceed through increas-
ingly fine-grained abstraction levels, rather than
being based on rigid and sharply defined category
boundaries (Rosch, 1973, 1975; Rosch et al., 1976).
As a result, typical members are more easily rec-
ognized, higher-level category judgments tend to
be more stable, and category membership often
exhibits continuity and overlap.

Our experimental results align with these cog-
nitive characteristics in several respects. First, as
shown in Table 1, ProtoMBTI prioritizes repre-
sentative prototypes rather than averaging over all
samples, leading to consistent improvements over
existing methods across all metrics. The ablation
results further indicate that only highly represen-
tative prototypes contribute positively to perfor-
mance, whereas random or non-typical prototypes
tend to interfere with inference and even degrade
performance. Second, under mixed-training and

cross-dataset settings, the model maintains stable
performance, suggesting that it captures patterns
shared across data sources rather than relying on
dataset-specific surface features.

In addition, predictions on the four MBTI di-
chotomies are consistently more stable than fine-
grained 16-type classification, particularly in abla-
tion and generalization settings. This observation
suggests that higher-level categories are more re-
liably distinguished, consistent with the cognitive
tendency to reason at coarser levels of abstraction.

Finally, the prototype distributions shown in Fig-
ure 3 exhibit both clustering tendencies and over-
laps among different MBTI types. This finding
is consistent with prior psychological studies in-
dicating that personality type boundaries are not
strictly separable (Stein and Swan, 2019; Capraro
and Capraro, 2002; Erford et al., 2025), and sug-
gests that prototype distributions capture not only
clustering structure but also cognitive confusability
across categories.

6.5 Case Study

Figure 4 presents a case from the real test set to-
gether with the prototypes retrieved from the proto-
type bank. The left panel shows the official MBTI
description of the ISTP type, characterized by prag-
matism, rationality, problem-solving orientation,
and restrained emotional expression. The right
panel illustrates ProtoMBTI’s reasoning process
on a social media post: expressions such as “cut
the noise,” “fix problems,” and “don’t waste time
whining or explaining” reflect a direct and prag-
matic stance; sentiment analysis indicates determi-
nation and a sense of control, while linguistic style
analysis reveals concise, forceful, and emotionally
restrained language. The high-frequency retrieved
prototypes further emphasize patterns such as prior-
itizing action over words and avoiding unnecessary
explanations, leading the model to classify the post
as ISTP, in close agreement with the official MBTI
description.

7 Conclusion

We introduce ProtoMBTI, a prototype-based frame-
work for MBTI personality detection. By ground-
ing inference in prototype theory, ProtoMBTI
achieves robust performance and improves inter-
pretability, demonstrating the potential of cogni-
tively motivated modeling for personality infer-
ence.



8 Limitations

Despite the strong empirical performance of Pro-
toMBTI, several limitations remain. For details
regarding the usage of LLMs, please refer to Ap-
pendix A.

First, while LLM-based data augmentation plays
a crucial role in improving performance, we fix
prompt templates and generation protocols to en-
sure reproducibility and release these details for
verification. Although the proposed framework is
not tied to a specific backbone, different choices of
LLMs may lead to performance variations, which
are not exhaustively explored in this work.

Second, although prior studies have not directly
reported 16-type MBTI classification accuracy,
and ProtoMBTI substantially outperforms existing
methods under both average and dimension-level
metrics, future work should incorporate stronger
direct multi-class baselines to further strengthen
empirical comparisons.

Third, we view ProtoMBTI as a promising step
rather than a final solution. Broader validation
across additional datasets, domains, and usage sce-
narios is required to assess its robustness beyond
the benchmarks considered in this study.

Fourth, the theoretical grounding of this work
primarily draws on classical prototype theory.
While this provides a cognitively motivated founda-
tion, future studies may integrate recent advances
in computational cognitive science to further ex-
tend and refine the proposed framework.

Fifth, although the datasets used in this study
cover the major publicly available MBTI text re-
sources, they are limited to a single language. Con-
sequently, the applicability and robustness of Pro-
toMBTI in multilingual and cross-cultural settings
remain unexplored, which is particularly relevant
given the ACL community’s emphasis on multilin-
gual evaluation.

9 Ethical Considerations

ProtoMBTI is designed to model MBTI-based per-
sonality categories as an operational and descrip-
tive framework rather than as a clinical or psy-
chological diagnostic tool. Predictions produced
by ProtoMBTI reflect probabilistic patterns in lan-
guage use and should not be interpreted as defini-
tive, authoritative, or prescriptive assessments of
an individual’s personality.

As with prior work in computational personal-
ity analysis, there is a risk of overinterpretation or

misuse if such models are applied in high-stakes
or consequential settings, such as hiring, screening,
or psychological evaluation. We therefore caution
against deploying ProtoMBTI in decision-making
scenarios that may materially affect individuals
without appropriate human oversight, domain ex-
pertise, and contextual understanding. ProtoMBTI
and its associated artifacts are intended exclusively
for research and exploratory analysis of personality-
related patterns in text, particularly for advancing
methodological understanding in computational
modeling and cognitively grounded Al systems.

All datasets used in this work are publicly avail-
able and were released with prior anonymization
and content moderation by their original creators.
ProtoMBTI does not introduce, infer, or reconstruct
personally identifying information, nor does it at-
tempt to associate textual data with real-world iden-
tities. While the source datasets may contain natu-
rally occurring subjective opinions or emotionally
charged language, this work does not curate, am-
plify, or generate offensive content beyond what is
already present in the original data sources. Nev-
ertheless, responsible use of ProtoMBTI requires
awareness of broader ethical considerations related
to user consent, fairness, and potential downstream
societal impacts.

All artifacts associated with ProtoMBTI, includ-
ing source code, prompts, and configuration files,
are released under a permissive open-source license
(e.g., MIT License). The license permits use, mod-
ification, and redistribution for research and non-
commercial purposes, while disclaiming warranties
and limiting liability. Users are responsible for en-
suring that any downstream use of the artifacts
complies with applicable legal, ethical, and insti-
tutional requirements and remains consistent with
the intended scope of the framework.

To promote transparency, reproducibility, and
responsible reuse, we provide comprehensive doc-
umentation covering model architecture, training
procedures, prompt design, and evaluation proto-
cols. The anonymized codebase and accompanying
documentation are publicly available at:

https://anonymous.4open.science/
r/ProtoMBTI-6F00


https://anonymous.4open.science/r/ProtoMBTI-6F00
https://anonymous.4open.science/r/ProtoMBTI-6F00
https://anonymous.4open.science/r/ProtoMBTI-6F00
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A The Use of Large Language
Models(LLLMs)

In this work, Large Language Models (LLMs) were
used in the following auxiliary capacities:

1. Data augmentation: Prompt templates for
generating synthetic posts were drafted with the
assistance of GPT-4o, ensuring linguistic diversity
and alignment with MBTI personality categories.
The final prompts were manually verified and re-
fined by the authors.

2. Code generation: Portions of the experi-
mental codebase were initially drafted using an
editor equipped with an LL.M assistant (based on
GPT-4.1). These drafts were strictly treated as
scaffolding; all implementations were subsequently
checked, rewritten where necessary, and validated
by the authors to guarantee correctness and repro-
ducibility.

3. Manuscript refinement: GPT-5 was em-
ployed for polishing the writing, including gram-
mar correction, wording suggestions, and restruc-
turing of some paragraphs. Importantly, the intel-
lectual contributions—including research design,
theoretical framing, dataset construction, experi-
ments, and analyses—were carried out entirely by
the authors.

4. Dataset handling: All datasets used in this
study are publicly available (Kaggle and Pandora
MBTT corpora). Prior to any use with LLMs, we
performed preprocessing and cleaning to ensure
that no sensitive or personally identifiable informa-
tion (PII) was input into the models.

All other aspects of this study—including litera-
ture review, methodological design, data process-
ing, model training, evaluation, interpretation of re-
sults, and theoretical grounding—were performed
solely by the human authors. The LLMs served
only as auxiliary tools to improve efficiency and
clarity; they did not contribute to the conceptual
novelty or scientific insights of this work.

B Prototype Theory Insights

Details on Prototype Construction and Reason-
ing. Prototype construction aligns with the Pro-
totype Effect in psychology: prototypes are ab-
stracted from long-term experience and serve as
cognitive anchors that represent the most typical
members of a category. In our setting, Kaggle and
Pandora posts are regarded as accumulated experi-
ential data, and semantic embeddings are trained
to internalize these experiences. To ensure psy-

13

chological plausibility, we balance sample distri-
butions across MBTI categories and apply quality
filtering, so that embeddings faithfully represent
their categories rather than spurious artifacts. This
construction ensures that frequently invoked pro-
totypes occupy central positions within clusters,
mirroring the notion that typical members are more
cognitively salient than atypical ones.

Beyond the prototype effect, the construction
also reflects graded membership: within each
MBTI type, some posts are more representative
than others, and our selection strategy assigns
higher weight to prototypes that are more fre-
quently retrieved during inference. This graded
salience ensures that the prototype bank does not
treat all members as equal, but rather reflects the
natural hierarchy of typicality within categories.

Prototype-based reasoning follows a re-
trieve—reuse—revise—retain cycle: new inputs are
matched against existing prototypes, adapted
through linguistic and behavioral cues, corrected
if inconsistent, and retained if verified. This
cycle parallels Case-Based Reasoning (CBR)
(Hatalis et al., 2025; Wiratunga et al., 2024;
Aamodt and Plaza, 1994; Kolodner, 1992), but
differs by explicitly modeling the cognitive
internalization process suggested by prototype
theory. Specifically, retrieval captures the family
resemblance principle: inputs are not compared on
rigid boundaries but by overlapping features with
prototypes, reflecting the fuzzy nature of MBTI
category boundaries observed in psychology.

Finally, the dual-level supervision design (di-
mensions vs. types) embodies the notion of basic-
level categories. The four MBTI dichotomies act
as higher-level categories, while the 16 MBTI
types correspond to finer-grained subcategories.
By grounding inference at both levels, ProtoMBTI
captures the cognitive process of transitioning
smoothly from coarse categories to specific exem-
plars. This hierarchical organization reflects the
graded structure between superordinate, basic, and
subordinate levels emphasized in prototype theory.

In summary, prototype construction operational-
izes the prototype effect and graded membership,
while prototype-based reasoning integrates family
resemblance and basic-level categories. Thus, Pro-
toMBTI does not merely apply prototypes as a com-
putational trick, but instantiates them as cognitively
grounded mechanisms of categorization.
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Figure 5: Overview of the 4D classifier training framework for MBTI prediction. User post data are first encoded
by a shared language module to obtain a unified textual representation. This representation is then fed into four
parallel MLP classifiers, each corresponding to one MBTI dimension: Extraversion—Introversion (E/I), Sensing—
Intuition (S/N), Thinking—Feeling (T/F), and Judging—Perceiving (P/J). Each MLP produces a binary probability
distribution for its respective dimension and is supervised with an individual loss. The four dimension-wise
probabilities are subsequently composed into a joint 16-type MBTI distribution via factorized combination (e.g.,
p(ENFJ) = pg - pn - pr - py). A final loss is applied on the composed distribution, and all loss terms are jointly
optimized in an end-to-end manner, enabling simultaneous learning of dimension-level discrimination and coherent

type-level inference.

C 4D C(lassifier

Training setup. The raw data are split into train-
ing, validation, and test sets with an 8:1:1 ratio, see
in figure 5. Formally, given an input post x, an
encoder fy maps the text into a latent representa-
tion. This representation is shared across multiple
prediction heads: four dichotomy heads gé;),i €
{1,2, 3,4} corresponding to the four MBTI dimen-
sions, and one type-level head ¢'"P®) correspond-
ing to the full 16-type classification. The predic-

tions are given by ¢(?) = géﬁ?( fo(x)), &WPe =
9" (fa(a)).

Loss functions. Let ¢ denote the ground-
truth label of the ¢-th MBTI dimension and
c the ground-truth 16-type label. We em-
ploy standard cross-entropy loss for both
dimension-level and type-level tasks: Lgi, =
IS L CE(@ED, ), Lipe = CE(EYPe c).

The dimension loss Ly, encourages correct
classification across the four dichotomies, while the
type loss Liype directly supervises the fine-grained
16-type prediction.

Gradient updates.

chotomy head ggi)

During training, each di-
is updated with gradients from
its own cross-entropy loss VCE(¢(®, ¢(?)), and the
type-level head ggy Pe) i updated by V Liype. The
encoder fy is updated by a balanced combination of
both supervision signals: Lene = %(ﬁtype—i—ﬁdim).

This design ensures that the encoder simultane-
ously learns to capture broad dichotomy-level in-
formation and fine-grained 16-type discriminative
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features. In practice, this joint optimization stabi-
lizes training and improves generalization across
datasets.

Rationale for joint supervision. The use of both
dimension-level and type-level supervision is mo-
tivated by the cognitive principle of basic-level
categories in prototype theory (Rosch, 1975). In
human categorization, individuals tend to reason at
an intermediate level of abstraction: basic-level cat-
egories (e.g., “chair”) are cognitively more salient
than superordinate categories (e.g., ‘“furniture”) or
subordinate categories (e.g., “rocking chair”).

In the MBTI setting, the four dichotomies (I/E,
S/N, T/F, J/P) can be viewed as higher-level dimen-
sions, whereas the 16 types represent finer-grained
subcategories. By jointly supervising the encoder
with both dimension-level and type-level signals,
ProtoMBTI encourages representations that are
consistent across levels of categorization. This
allows the encoder to learn (i) robust general fea-
tures that align with dichotomous personality di-
mensions, and (ii) discriminative features necessary
for fine-grained type prediction.

From a modeling perspective, this joint training
mitigates the risk of overfitting to either overly
coarse (dimension-only) or overly fine-grained
(type-only) supervision. From a cognitive perspec-
tive, it operationalizes the graded relationship be-
tween superordinate, basic-level, and subordinate
categories as described in prototype theory, ensur-
ing that the learned prototypes function as psycho-
logically plausible category exemplars.



D Experiment Setup

Detailed Experimental Design. For RQ1, we de-
sign Main Experiment I, comparing ProtoMBTI
and baseline models on Kaggle and Pandora in
both the four MBTI dichotomies (I/E, S/N, T/F,
J/P) and the full 16-type classification. For RQ2,
we run a series of ablation studies to isolate the
role of prototypes in reasoning. The conditions
include: (i) top-k prototype retrieval; (ii) interval-
based retrieval ([k + 1,2k]); (iii) random proto-
type selection; (iv) no prototypes, with only multi-
dimensional explanation of raw data; and (v) no
data augmentation. For RQ3, we conduct cross-
domain transfer experiments by training on mixed
datasets while validating on a single source, and
by evaluating transfer between Kaggle and Pan-
dora in both directions. We analyze performance
degradation in both dichotomy-level and 16-type
classification to assess generalization under distri-
bution shift.

Dataset Details. The Kaggle dataset consists of
8,675 users, each with a four-letter MBTI type and
excerpts from their 50 most recent posts. The Pan-
dora dataset comprises 9,067 Reddit users, offering
a more diverse linguistic distribution. Detailed pre-
and post-augmentation distributions across MBTI
types and dimensions are shown in Tables 6, 7, 8,
and dataset splits are listed in Table 9. Only train-
ing and validation sets undergo augmentation; test
sets remain original.

Metric Details. For comparability, we adopt ac-
curacy as the main metric. At the higher level, ac-
curacy is reported for each MBTI dichotomy (I/E,
S/N, T/F, J/P) and their average. At the finer level,
we report accuracy over all 16 MBTI types, which
offers a more comprehensive measure of model
performance. Since prior studies did not directly
report 16-type performance, we compute theoreti-
cal results by multiplying the four dichotomy accu-
racies under MBTI logic.

Implementation  Details. We use Py-
Torch (Paszke et al., 2019) with Huggingface
Transformers (Wolf et al., 2019) for all implemen-
tations. Optimization follows AdamW (Loshchilov
and Hutter, 2017) with an initial learning rate
of 2 x 1075, batch size of 32, and 10 epochs.
Experiments are run on an NVIDIA A100 GPU
(80GB) and, for smaller-scale runs, on an NVIDIA
RTX 4090. For large-scale inference with models
exceeding local GPU memory, we rely on official
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APIs. All experiments are conducted with fixed
random seeds to guarantee result stability.

E Algorithm

Algorithm 1 LLM-Driven Data Augmentation

Require: Original labeled dataset U = {{a,¢)};
class set CMBTIL: subset U’ ¢ U; LLM with
prompt templates (see Appendix); a trained 4D
Classifier as gatekeeper

Ensure: Augmented dataset Upyoto

Stage Al: Class-balanced augmentation

with quality filtering

for all class ¢ € CMBTI do
Determine target count to balance class ¢
while class c is under target do

Select seed (a, ¢) from U’ (or U)

Use LLM + class-specific prompt to
generate candidate (d’, ¢)

Run 4D Classifier on a’ to obtain pre-
dicted type and four dichotomies

if predicted type = ¢ and each pre-
dicted dichotomy matches c then

Accept (d’, ¢) into Ay (U’)
end if
end while

end for
Form UM « U U A, (U")

A

10:
11:
12:

Stage A2: Multi-dimensional augmentation
for all (a,c) € UM do

Apply LLM-based semantic augmentation
to obtain variant(s)

Apply LLM-based linguistic augmentation
to obtain variant(s)

Apply LLM-based sentiment augmentation
to obtain variant(s)

Merge attribute-extended representation(s)
into a*
end for
Assemble Upyoto < {(a*,¢) | (a,c) € UM}
Optional: run a final quality-control pass on
generated items; remove low-quality samples
21: return Upot0

13:
14:

15:

16:

17:

18:

19:
20:

Analysis of Algorithm 1. The augmentation al-
gorithm proceeds in two major stages designed
to address distinct challenges in MBTTI text clas-
sification. Stage Al targets class imbalance by
iteratively generating synthetic samples for under-
represented categories. Instead of blindly trusting



LLM outputs, a dedicated 4D Classifier acts as a
gatekeeper to ensure label fidelity at both the di-
chotomy and full-type levels. This filtering step
is essential to prevent label noise, which would
otherwise dilute the quality of the prototype bank.

Stage A2 enriches the representational space
by applying multi-dimensional augmentations (se-
mantic, linguistic, sentiment) to all available sam-
ples. Rather than expanding the dataset size in-
definitely, each instance is transformed into an
attribute-extended representation, ensuring diver-
sity of expression without inflating sample counts.
This design maintains computational efficiency
while increasing robustness to stylistic and affec-
tive variability in real-world posts.

Overall, the algorithm ensures that the final
augmented dataset Upoto achieves three desirable
properties: (i) balanced distribution across MBTI
types, (ii) high fidelity through classifier-verified
filtering, and (iii) rich expressiveness via con-
trolled augmentation dimensions. These charac-
teristics jointly improve the stability of prototype
construction and inference, especially under cross-
domain distribution shifts.

Analysis of Algorithm 3. The prototype con-
struction procedure transforms the augmented
dataset Uproto 1nto a structured prototype bank P.
The process begins by fine-tuning a compact LLM
encoder fy using LoRA. This choice balances two
competing objectives: (i) sufficient capacity to cap-
ture MBTI-specific textual nuances, and (ii) compu-
tational efficiency compared to large-scale models.
Training is supervised at the 16-type classification
level, ensuring embeddings reflect personality dis-
tinctions at the most granular MBTI resolution.
Each sample is then mapped to a prototype triplet
(a,r, c), where r denotes the semantic embedding
aligned with label c. Unlike traditional label-only
storage, this triplet representation preserves both
the linguistic surface form (a) and its learned re-
lational embedding (r), enabling exemplar-driven
retrieval during inference. Optional organization by
class further facilitates efficient prototype access.
Overall, Algorithm 3 ensures that the result-
ing prototype bank has three desirable properties:
(i) discriminative power, since embeddings are
trained with supervised MBTI signals; (ii) inter-
pretability, as each prototype links a real text in-
stance to its embedding and type; and (iii) extensi-
bility, allowing incremental updates as new verified
cases are added during inference. These properties
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make P a cognitively plausible and computation-
ally tractable foundation for prototype-driven rea-
soning.

F Additional Experiments

Analysis of Algorithm 2. The inference proce-
dure integrates prototype retrieval with LLM-based
reasoning to align prediction with psychological in-
tuition. Each unseen post is first augmented (A4s) to
enrich stylistic and semantic variability, ensuring
that inference is not overly sensitive to surface-
level expression. The post is then encoded into
an embedding 7’ via the inference encoder £* and
compared against the prototype bank P using co-
sine similarity. This design enables inference by
analogy, where predictions are grounded in simi-
larity to previously observed exemplars.

The operator Z incorporates both the target post
and the retrieved prototypes into a prompt, guiding
the LLM to perform case-based reasoning. This
step provides interpretability: the model’s decision
can be traced to specific prototype examples. The
final prediction is obtained via arg max g, but the
process also includes an adaptive retention mech-
anism. If the prediction matches the ground truth,
the system adds a new prototype to P. This revise-
and-retain step continuously refines the prototype
bank with verified instances, enhancing robustness
under distributional shifts.

Overall, Algorithm 2 ensures three desirable
properties: (i) cognitive plausibility, by reasoning
through exemplar similarity; (ii) interpretability,
as predictions are linked to retrieved cases; and
(iii) adaptivity, since the prototype bank evolves
over time. These properties make the inference
process more faithful to human categorization be-
havior while maintaining practical efficiency.



Algorithm 2 Prototype-Driven MBTI Inference

Algorithm 3 Prototype Construction

Require: Test set U* = {post*}; augmentation
operator As; inference encoder £*; prototype
bank P; similarity operator S retrieval opera-
tor Ry; LLM-based inference operator Z

Ensure: Predictions {7}; updated prototype bank

P

for all post* € U* do

1:

2 Apply augmentation: a’ < As(post™)

3: Encode representation: 7’ < £*(a’)

4 Retrieve  prototypes: {pi =
(aj,mi,ci) Y% | < Ry(r',P) using S

5: Infer prediction distribution: ¢ <
Z(alv {ai, Ci}?:l)

6: Obtain predicted type: ¢ < arg max gy

7: if ¢ matches ground-truth c then

8: Construct new prototype: p/ <
(a',r' c)

9: Update bank: P < P U {p'}

10: end if

11: end for

12: return predictions {¢} and updated P

G Data Augmentation and Split

Analysis of Table 17. The prompt templates in
Table 17 define style-specific instructions for each
of the 16 MBTI types. The design rationale is to
enable LLMs to generate augmented samples that
not only preserve semantic content but also reflect
personality-consistent linguistic patterns. Each
template encodes a concise description of the target
type’s stylistic traits (e.g., emotional expressiveness
for INFP, logical precision for ISTJ, or energetic
spontaneity for ENFP) and provides explicit rewrit-
ing instructions. This ensures that generated texts
maintain category fidelity while diversifying sur-
face realizations.

Compared to generic augmentation, these
prompts introduce cognitively aligned variation,
grounding synthetic data in psychological theory
rather than arbitrary transformations. The resulting
augmented corpus therefore exhibits (i) stylistic
fidelity, where rewritten samples better capture
MBTI-consistent tone and expression; (ii) seman-
tic stability, since prompts emphasize preservation
of meaning while altering style; and (iii) inter-class
contrast, as differences between MBTI types are
explicitly reinforced through tailored instructions.
Together, these properties improve the robustness
of prototype construction and enhance the inter-
pretability of downstream inference.
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Require: Augmented dataset Upoto; compact
(<2B) encoder fy (LoRA-enabled)
Ensure: Prototype bank P
1: Initialize fy with LoRA adapters
2: Train fy on Uproto With 16-type supervision
(details omitted)
P10
for all (a, c) € Uproto do
Compute embedding r < fp(a)
Predict overall MBTI type ¢ (for monitor-
ing only)
Create prototype triplet p < (a, , c)
Insert p into prototype bank: P < PU{p}
9: end for
10: Optional: organize P by class; (e.g., index or
shard by c)
return P

A

® A

11:

Analysis of Table 4. The explanation prompt
template in Table 4 is designed to elicit structured,
multi-view interpretations of social media posts
from an LLM. By framing the model as a psycholin-
guistics expert, the prompt encourages analysis
along three complementary axes: semantic content,
sentiment polarity, and linguistic style. The explicit
JSON output format enforces consistency, facilitat-
ing automatic parsing and integration into down-
stream pipelines without post-hoc cleaning. This
structured approach ensures (i) semantic ground-
ing, by summarizing communicative intent; (ii) af-
fective coverage, by capturing emotional tone; and
(iii) stylistic profiling, by characterizing writing
mannerisms. Together, these outputs provide rich
annotations that enhance prototype construction,
improve interpretability of MBTI inference, and
enable reproducible evaluation of model behavior
across diverse posts.



Role You are a psycholinguistics expert.

Task Analyze the following social media
post from three perspectives:
1) Semantic Summary: main idea or
intention.
2) Sentiment Analysis: emo-
tions/attitudes. -
3) Linguistic Style: writing style (e.g.,
emotional, rational, informal, formal,
vague).
Output  Return ONLY valid JSON with the
Format exact keys below and no extra text:
“semantic_view’: ...,
“sentiment_view’: “...”,
“linguistic_view”: “...”
Input <POST_TEXT>
Post

Table 4: LLM explanation prompt template for analyz-
ing social media posts.

Analysis of Table 5. The inference prompt tem-
plate specifies how the LLM performs prototype-
driven MBTI classification. By positioning the
model as an “expert in MBTI personality typing
and linguistic style analysis,” the template aligns
the reasoning process with human expert judgment.
The structure explicitly combines the target user
post with a set of retrieved reference examples
from the prototype bank, enabling case-based rea-
soning through direct comparison. The stepwise
instructions ensure that predictions are not only
label-oriented but also accompanied by linguistic
analysis (style, tone, logicality, emotionality) and
similarity assessment against exemplars. This de-
sign yields three advantages: (i) faithfulness, since
predictions are grounded in concrete prototype evi-
dence; (ii) interpretability, as reasoning steps are
made explicit; and (iii) adaptivity, because the tem-
plate can naturally incorporate varying numbers of
retrieved cases. Overall, this prompt operational-
izes the “retrieve—reason—revise—retain” cycle and
provides a cognitively aligned interface between
prototype retrieval and LLM inference.
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Role You are an expert in MBTI personality
typing and linguistic style analysis.
Input User Post: <USER_POST>

Reference Examples:
[Reference Example 7]

Post Content: <post_casebank>
MBTI Type: <type>

Instructionis Final Type:
2. Analyze the writing style, tone, log-

icality, and emotionality.
3. Compare it with each reference ex-

ample and explain similarities.
4. Conclude with the most likely

MBTI type.

Table 5: LLM-based inference prompt template for
prototype-driven MBTI classification.

Analysis of Table 6. Table 6 reports the raw dis-
tribution of MBTI categories in the Kaggle and Pan-
dora datasets prior to augmentation. Both datasets
are highly imbalanced, with a few intuitive pat-
terns. First, introverted intuitive types dominate:
INFP and INFJ together account for nearly 38%
of Kaggle and 24% of Pandora, while INTP and
INTJ cover another 28% and 46% respectively.
Conversely, sensing—judging and extroverted sens-
ing types (e.g., ESFJ, ESTJ, ESFP, ESTP) are
severely under-represented, each contributing be-
low 1%-2% of total samples. Such skew mirrors
broader trends observed in online MBTI commu-
nities, where intuitive and introspective users are
more active in text-based self-expression.

The imbalance poses two key challenges: (i)
training bias, as models trained on these datasets
may overfit dominant types and underperform on
minority ones; and (ii) generalization risk, since
low-resource classes lack stylistic variety needed
for robust prototype construction. These obser-
vations motivate the augmentation strategy intro-
duced in Algorithm 1, which aims to achieve class-
balanced coverage and stylistic diversity before
prototype learning.



MBTI Kaggle Pandora
Count Percent | Count Percent
INTP 1304 15.03% | 2336 25.76%
INTJ 1091 12.58% | 1847 20.37%
INFP 1832 21.12% | 1074 11.85%
INFJ 1470 16.95% | 1051 11.59%
ENTP 685 7.90% | 631 6.96%
ENFP 675 7.78% | 617 6.80%
ISTP 337 3.88% | 407 4.49%
ENTJ 231 2.66% | 320 3.53%
ISTJ 205 2.36% | 195  2.15%
ENFJ] 190 2.19% | 163 1.80%
ISFP 271  3.12% | 123 1.36%
ISFJ 166 191% | 109 1.20%
ESTP 89 1.03% 72 0.79%
ESFP 48  0.55% 50  0.55%
ESTJ 39 045% 43 0.47%
ESFJ 42 0.48% 29 0.32%
Total 8675 100% | 9067 100%

Table 6: Distribution of MBTI types in Kaggle and
Pandora datasets before augmentation

Analysis of Table 7. Table 7 presents the MBTI
distributions in Kaggle and Pandora after apply-
ing the proposed augmentation procedure. In con-
trast to the skewed pre-augmentation distributions
(Table 6), the post-augmentation datasets exhibit
near-uniform coverage across all 16 types. Each
type constitutes approximately 6% of the total, with
only minor fluctuations (within £0.3%).

This balanced distribution addresses the two ma-
jor issues observed earlier: (i) class imbalance
is mitigated, ensuring that minority types such as
ESFJ, ESTJ, and ESFP are equally represented
alongside dominant types like INFP and INTJ;
and (ii) stylistic diversity is enhanced by multi-
dimensional augmentation, which increases vari-
ability within each class without inflating dataset
size arbitrarily.

As a result, the augmented datasets provide a
more equitable training signal for prototype con-
struction, reducing the risk of bias toward majority
classes and improving cross-class generalization.
This uniformity also simplifies downstream eval-
uation by aligning per-type accuracy with overall
performance, making improvements interpretable
and comparable across categories.

19

Kaggle (Aug) | Pandora (Aug)

MBTI

Count Percent | Count Percent
INTP 2144 6.30% | 2336 6.87%
INTJ 2115 6.21% | 2147 6.32%
INFP 2235 6.56% | 2155 6.34%
INFJ 2120 6.23% | 2142 6.30%
ENTP 2120 6.23% | 2127 6.26%
ENFP 2117 6.22% | 2111 6.21%
ISTP 2102 6.17% | 2106 6.20%
ENTJ 2105 6.18% | 2088 6.14%
IST] 2062 6.06% | 2093 6.16%
ENFJ 2126 6.24% | 2104 6.19%
ISFP 2188 6.43% | 2098 6.17%
ISFJ] 2103 6.18% | 2116 6.23%
ESTP 2148 6.31% | 2102 6.19%
ESFP 2068 6.07% | 2077 6.11%
ESTJ 2120 6.23% | 2090 6.15%
ESFJ 2177 6.39% | 2102 6.19%
Total 34050 100% |33994 100%

Table 7: Distribution of MBTI types in Kaggle and
Pandora datasets after augmentation

Analysis of Table 8. Table 8 compares the dis-
tributions of the four MBTI dimensions before
and after augmentation for Kaggle and Pandora.
In the pre-augmentation setting, both datasets ex-
hibit strong biases: introversion (I) dominates over
extraversion (E) with ratios exceeding 3:1; intu-
ition (N) heavily outweighs sensing (S), particu-
larly in Pandora where nearly 89% of users fall
into the N pole; thinking (T) and feeling (F) distri-
butions are skewed differently across datasets, with
T-dominance in Pandora and F-dominance in Kag-
gle; and perceiving (P) is systematically overrepre-
sented compared to judging (J). These imbalances
reflect community-level self-selection effects, as
certain personality types are more active in online
MBTI forums.

After augmentation, each pole within a dimen-
sion is balanced close to 50%—-50%, with devia-
tions under 0.5%. This equilibrium ensures that the
augmented datasets no longer privilege one side
of a dichotomy, thereby reducing systemic bias in
downstream classifiers. Importantly, balancing at
the dimension level complements type-level aug-
mentation (Table 7): while type-level balancing
equalizes the 16 categories, dimension-level bal-
ancing guarantees consistent representation of the
four psychological dichotomies. Together, these
adjustments provide a more cognitively plausible
and statistically robust foundation for prototype
construction and MBTI inference.

Analysis of Table 9. Table 9 summarizes the
dataset splits for Kaggle and Pandora after augmen-
tation. The design follows two principles. First, the



Dimension Pole Kaggle | Pandora
Count (Pre / Aug) Percent | Count (Pre / Aug) Percent
E/1 E 1999 / 16963 23.04% [/ 49.8% 1925/ 16870 21.23% 1 49.6%
I 6676 /17069 76.96% / 50.2% 7142 /17124 78.77% 1 50.4%
S/N S 1197 / 16968 13.80% / 49.9% 1028 /16902 11.34% / 49.7%
N 7478 /1 17064 86.20% / 50.1% 8039 /17112 88.66% / 50.3%
T/F T 3981/ 16898 45.89% 1 49.7% 5851717021 64.53% / 50.0%
F 4694 /17134 54.11% / 50.3% 3216/ 16993 35.47% / 50.0%
J/P J 3434 /16928 39.59% [/ 49.7% 3757 /16972 41.44% [/ 49.9%
P 5241 /17104 60.41% / 50.3% 5310/ 17042 58.56% / 50.1%
Total 8675 / 34068 100% / 100% | 9067 /34079 100% / 100%

Table 8: Distribution over the four MBTI dimensions in Kaggle and Pandora datasets before and after augmentation

train and validation sets are constructed from the
augmented corpora to ensure class balance across
all four MBTI dichotomies. This prevents learn-
ing bias toward majority poles and provides stable
supervision signals during prototype construction.
Second, the fest sets remain unaugmented, preserv-
ing the natural class skew observed in the raw data.
This choice makes evaluation more realistic, as
models must generalize to authentic distributions
rather than artificially balanced ones.

Across both datasets, training and validation
counts are tightly matched across poles (differences
< 1%), reflecting the success of augmentation in
balancing the data. In contrast, the test sets re-
veal the original imbalances (e.g., far more N than
S, and more I than E), which allows us to assess
robustness under distribution shift. This split strat-
egy thus provides (i) fair training, with balanced
supervision signals; (ii) realistic evaluation, by
retaining natural skew in the test data; and (iii)
generalization stress-testing, by forcing models
trained on balanced data to handle unbalanced dis-
tributions at inference time.

H Baselines

We select several representative baseline methods
in our experiments, ranging from traditional ma-
chine learning approaches to deep learning archi-
tectures and the latest large language model (LLM)-
based methods. These baselines not only reflect
the developmental trajectory of personality detec-
tion research but also provide a solid comparative
foundation for evaluating ProtoMBTTI.

Traditional machine learning methods. SVM
(Cui and Qi, 2017) and XGBoost (Tadesse et al.,
2018) are widely used in early personality detec-
tion studies. These methods typically concatenate
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all user posts into a single long document, extract
statistical features using a bag-of-words model, and
then apply classification algorithms such as SVM
or XGBoost for prediction. The advantages of these
methods lie in their simplicity and low computa-
tional cost, but they fail to capture semantic infor-
mation and contextual relationships effectively.

Neural network methods. BiLSTM (Tandera
et al., 2017) model the contextual information of
text by employing bidirectional LSTM networks,
and they merge post embeddings into a unified rep-
resentation using average pooling for personality
prediction. Compared with traditional methods,
BiLSTM provides stronger sequence modeling ca-
pability, yet it still struggles with long-text model-
ing and global semantic understanding.

Pretrained language models such as
BERT_mean (Keh et al., 2019) and BERT _concat
(Jiang et al., 2020) introduce transformer-based
architectures into personality detection tasks.
BERT_mean encodes each post with BERT and
applies average pooling to generate a user-level
representation, which is then mapped to personality
labels. BERT_concat concatenates all user posts
into a single long document, encodes the text with
BERT, and then applies fully connected layers
for classification. Both approaches significantly
improve semantic modeling capacity, but they
remain limited in capturing personality consistency
across multiple posts.

AttRCNN (Xue et al., 2018) employs a hierar-
chical deep neural network that combines an AttR-
CNN structure with an Inception variant to capture
deep semantic features, while also incorporating
statistical linguistic features to enhance recognition
accuracy. AttnSeq (Lynn et al., 2020) introduces
a hierarchical attention mechanism that applies at-



Dataset Types

Train(Aug)

Validation(Aug) Test(Raw)

I/E 13656 /13568 1706 / 1698 652 /201
Kaggle S/N 13650/13574 1697 /1707 111/742
T/F 13520/13704 1689 /1705 403 /450
P/J 13682/13542 171171693 514 /339
I/E 13820/13470 1720/ 1690 480 /355
Pandora S/N 13710/13580 1705 /1690 118 /725
T/F 13560/13730 1690/ 1705 395 /460
P/J 13680/13610 1708 / 1692 505 /340

Table 9: Dataset Splits for Kaggle and Pandora Datasets (After Augmentation)

tention at both the word level and the message
level, enabling the model to capture personality-
related signals at multiple granularities. These ap-
proaches partly alleviate the challenges of long-text
modeling and emphasize the contributions of dif-
ferent semantic levels. Transformer-MD (Yang
et al., 2021a) is specifically designed for multi-
document personality detection. It employs a Multi-
Document Transformer architecture with memory
tokens and shared positional embeddings, allowing
dynamic information access across posts, mitigat-
ing order bias, and constructing coherent personal-
ity representations over multiple documents.

TrigNet (Yang et al., 2021b) integrates psycholin-
guistic knowledge by introducing a psycholinguis-
tic tripartite graph network. This method combines
a BERT-based initializer with a graph attention
mechanism to incorporate psycholinguistic features
into the task, significantly enhancing the model’s
ability to capture the relationship between language
use and personality traits.

D-DGCN (Yang et al., 2023) further proposes a
Dynamic Deep Graph Convolutional Network that
models user posts as dynamic graphs with posts as
nodes. It captures cross-post relationships through
multi-hop connectivity and deep graph convolu-
tion layers. This approach reduces the influence
of post order bias and improves the robustness of
personality feature representations.

LLM-based methods. TAE (Hu et al., 2024) ap-
plies large language models for data augmentation
and combines them with smaller models for effi-
cient inference. Its central idea is to leverage the
generative capability of LLMs in semantic, affec-
tive, and linguistic dimensions to augment posts,
thereby improving downstream training effective-
ness and generalization. ETM (Bi et al., 2025)
further exploits the dual capability of LLMs in per-
sonality detection, using them both as generators
for synthesizing high-quality training samples and
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as embedding extractors for semantically rich rep-
resentations. This approach enhances performance
in data-scarce scenarios and demonstrates the po-
tential of LLMs in this domain.

Qwen vanilla and in-context learning. Table 10
summarizes the prompt templates used for the
Qwen-based LLM baselines under both vanilla
and in-context learning (ICL) settings. The vanilla
prompt directly queries MBTI dimension predic-
tions, while the ICL prompt conditions the model
on exemplar-driven language styles corresponding
to each MBTI type. All prompts are kept fixed
across datasets to ensure a fair and controlled com-
parison.
Source of MBTI knowledge. The language-
style descriptions associated with each MBTI type
are grounded in officially published MBTI theory
and practitioner-oriented materials released by the
Myers—Briggs Foundation. They reflect canoni-
cal interpretations of preference dimensions and
are reformulated to characterize language style and
reasoning patterns rather than explicit personality
labels.
Source of examples. All example sentences are
manually constructed illustrative instances for ex-
perimental prompting purposes. They are not direct
quotations from official MBTI materials and are
intended solely to demonstrate typical language
styles in a neutral and non-stereotypical manner.

ISTJ. Individuals with this preference are typi-
cally characterized by a concise, factual, and struc-
tured language style, emphasizing responsibility,
established procedures, and reliability, with mini-
mal emotional expression. An illustrative example
is: “Based on the available information and estab-
lished procedures, this option appears to be the
most reliable.”

ISFJ. This language style is warm yet reserved,
focusing on practical support and attentiveness to
others’ needs, conveyed through a polite and con-



Setting Prompt Template

Vanilla

You are a professional MBTI personality type analyst. Please analyze the author’s

MBTI personality type across four dimensions based on the following text content:
E/I (Extroversion/Introversion), S/N (Sensing/Intuition), T/F (Thinking/Feeling),

J/P (Judging/Perceiving).
Text: {text}

Please output the results in the following format. Only output the letters for the

four dimensions, with no other content: E/I: X

S/N: X T/F: X J/P: X

ICL

You are given examples of language produced by individuals with different MBTI

personality types. MBTI types reflect stable preferences in: - Energy orientation
(Extroversion vs. Introversion) - Information processing (Sensing vs. Intuition) -
Decision-making (Thinking vs. Feeling) - Lifestyle orientation (Judging vs.

Perceiving)
IMPORTANT CONSTRAINTS: 1.

You must NOT explicitly mention MBTI, personality labels,

or typology terms in your response. 2. You must express personality ONLY through
language style, tone, structure, and reasoning patterns. 3. Focus on HOW the person
speaks, not on describing the personality. 4. Stay consistent with the speaking
style demonstrated in the examples. 5. Do not exaggerate or caricature the style.
Below are reference examples illustrating the typical speaking styles of each MBTI

type.

[Insert the 16-type style exemplars here, unchanged.]
TASK: Now respond to the user query as if you were a person with MBTI type:
<MBTI_TYPE>. Follow the corresponding language style strictly.

Table 10: Qwen Baseline Prompts under Vanilla and In-Context Learning (ICL) Settings.

siderate tone. An illustrative example is: “This
approach should help everyone feel more comfort-
able and reduce unnecessary pressure.”

INFJ. The language style is reflective and ab-
stract, with an emphasis on meaning, long-term
impact, and underlying intent, expressed in a calm
and thoughtful manner. An illustrative example is:
“What matters most is whether this decision aligns
with the direction we ultimately want to move to-
ward.”

INTJ. This style is strategic and analytical,
future-oriented, and focused on systems and long-
term planning, while remaining emotionally re-
strained. An illustrative example is: “If the ob-
jective is sustainable progress, this step follows
logically.”

ISTP. The language style is direct and pragmatic,
oriented toward problem-solving and immediate
functionality, often with minimal explanation. An
illustrative example is: “Let’s test this first and
adjust if necessary.”

ISFP. This style is gentle and personal, valuing
authenticity and individual preference, and gener-
ally avoiding confrontation. An illustrative exam-
pleis: “I feel more at ease with this option; it seems
right to me.”

INFP. The language style is value-driven and ide-

alistic, expressing internal alignment and personal
meaning with emotionally sincere but understated
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language. An illustrative example is: “If this choice
conflicts with what I believe in, it would be difficult
for me to support it.”

INTP. This language style is abstract and theo-
retical, relying on hypotheses and conceptual rea-
soning while maintaining emotional neutrality. An
illustrative example is: “From a theoretical perspec-
tive, several interpretations are possible.”

ESTP. The style is action-oriented and decisive,
focused on immediacy and real-world impact, often
conveyed with an energetic tone. An illustrative
example is: “Let’s move forward and see what
happens instead of overanalyzing.”

ESFP. This language style is expressive and
present-focused, emphasizing experience, engage-
ment, and openness in emotional expression. An
illustrative example is: “This would make the ex-
perience more engaging for everyone involved.”

ENFP. The style is enthusiastic and possibility-
focused, using imaginative and future-oriented lan-
guage with a positive and inspiring tone. An il-
lustrative example is: “This could open up several
new directions we haven’t explored yet.”

ENTP. This language style is playful and debate-
oriented, characterized by questioning assumptions
and reframing perspectives. An illustrative exam-
ple is: “What if we approached this from a com-
pletely different angle?”

ESTJ. The language style is assertive and struc-



tured, emphasizing efficiency, rules, and execution,
conveyed with a confident tone. An illustrative ex-
ample is: “This is the most efficient approach and
should be implemented accordingly.”

ESFJ. This style is cooperative and socially atten-
tive, focusing on harmony, consensus, and shared
understanding, with a warm yet organized tone.
An illustrative example is: “We should choose an
option that everyone feels comfortable supporting.”

ENFJ. The language style is encouraging and
people-focused, emphasizing growth, motivation,
and collective purpose through emotionally sup-
portive language. An illustrative example is: “I
believe this decision can help everyone move for-
ward more confidently.”

ENTJ. This style is decisive and goal-oriented,
focused on vision, leadership, and outcomes, ex-
pressed in a direct and authoritative manner. An
illustrative example is: “The goal is clear; execu-
tion is what matters now.”

I More Results and Analysis

Performance Comparison Our proposed Pro-
toMBTI framework surpasses all existing meth-
ods across all metrics, as shown in Table 11, and
achieves the best generalization performance on
mixed datasets. Comparison on single datasets.
For the four MBTI dimensions, ProtoMBTIgyen
achieves an average accuracy of 85.14% on the
Kaggle dataset, significantly higher than the pre-
vious best model ETM (77.79%). On the Pandora
dataset, ProtoMBTIgpr4, reaches 71.41%, again
exceeding ETM (65.77%). For the 16-type classi-
fication task, the best theoretical value reported in
prior work is only 35.89% (ETM) on Kaggle, while
ProtoMBTIqwen achieves 71.42%, representing a
remarkable improvement. These results demon-
strate that under single-dataset settings, ProtoMBTI
outperforms the current state-of-the-art methods in
both four-dimension and 16-type classification. For
LLM-based baselines, vanilla prompting consis-
tently outperforms ICL across both datasets and all
four dichotomies, suggesting that the subtle, fuzzy,
and implicit nature of MBTI personality traits may
not be well suited to in-context learning.
Comparison on mixed datasets. When Kaggle
and Pandora are combined for training while valida-
tion and test sets remain consistent within a single
dataset, ProtoMBTI,ix performs substantially bet-
ter than single-dataset training. For the 16-type
accuracy, performance on Kaggle increases from
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71.41% to 85.54%, and on Pandora from 60.22%
to 92.13%. The model also achieves the best per-
formance across all four MBTI dimensions under
this setting.

Cross-dataset evaluation. When validation
and test sets are swapped across datasets,
ProtoMBTI yix.ex still maintains strong generaliza-
tion. For the 16-type classification, the model
achieves 81.23% on Kaggle and 81.15% on Pan-
dora. For the four-dimension average, Kaggle
reaches 91.62%, only 1.88 percentage points lower
than the same-domain ProtoMBT]I,,,;x, and Pandora
reaches 90.87%, 5.54 percentage points lower. Al-
though performance decreases compared to the
same-domain setting, it remains far superior to
single-dataset training.

Table 2 presents the ablation results on the Kag-
gle dataset, reporting accuracies for the four MBTI
dimensions, the average accuracy, and the 16-type
classification accuracy. The table is organized into
three parts: the full ProtoMBTI model, ablations
on the prototype bank and data augmentation strate-
gies, and encoder-only baselines without prototype
reasoning.

Effect of prototype selection. The results show
that appropriate prototype selection is critical to
model performance. ProtoMBTI[,1 2k achieves
an average accuracy of 80.69%, slightly lower
than the full ProtoMBTIqyen (85.14%), indicating
that using secondary prototypes results in limited
degradation. In contrast, ProtoMBTIRrandomproto
and ProtoMBTIgemantc reduce the average accu-
racy to 79.66% and 79.50%, respectively, and
further decrease the 16-type accuracy to 50.77%
and 50.15%. Notably, both perform worse than
ProtoMBTIze0proto, Which excludes prototypes en-
tirely, suggesting that inappropriate prototype se-
lection can interfere with classification.

Effect of data augmentation. Removing data
augmentation components leads to a substantial per-
formance drop. ProtoMBTIgxplain_only achieves a
16-type accuracy of 56.62%, while ProtoMBTIR,y
further decreases to an average accuracy of 77.96%
and a 16-type accuracy of 45.32%. These results
indicate that category balancing and explanation-
based augmentation are both important, particularly
for fine-grained 16-type classification.

Effect of prototype reasoning. Performance de-
grades markedly when prototype reasoning is re-
moved and classification relies solely on encoder



Methods Kaggle Pandora
IVE S/N T/F P/ Avg 16-Type| /E S/N T/F P/J Avg. 16-Type

SVM 53.34 47.75 76.72 63.03 60.21 12.32 |44.74 46.92 64.62 56.32 53.15 7.64
XGBoost 56.67 52.85 75.42 65.94 62.72 14.89 |45.99 48.93 63.51 55.55 53.50 7.94
BiLSTM 57.82 57.87 69.97 57.01 60.67 13.35 [48.01 52.01 63.48 56.21 54.93 8.91
BERT concat 58.33 53.88 69.36 60.88 60.61 13.27 |54.22 49.15 58.31 53.14 53.71 8.26
BERT 1ean 64.65 57.12 77.95 65.25 66.24 18.78 [56.60 48.71 64.70 56.07 56.52 10.00
AttRCNN 59.74 64.08 78.77 66.44 67.25 20.03 |48.55 56.19 64.39 57.26 56.60 10.06
SN+Attn 65.43 62.15 78.05 63.92 67.39 20.29 |56.98 54.78 60.95 54.81 56.88 10.43
Transformer-MD 66.08 69.10 79.19 67.50 70.47 24.41 |55.26 58.77 69.26 60.90 61.05 13.70
TrigNet 69.54 67.17 79.06 67.69 70.86 25.00 |56.69 55.57 66.38 57.27 58.98 11.98
D-DGCN 68.41 65.66 79.56 67.22 70.21 24.02 |61.55 55.46 71.07 59.96 62.01 14.55
D-DGCN+4 69.52 67.19 80.53 68.16 71.35 25.64 |59.98 55.52 70.53 59.56 61.40 13.99
GPT3.5 65.86 51.69 78.60 63.93 66.89 17.11 |55.52 49.79 71.25 60.51 59.27 11.92
Vanillagyen 58.86 56.17 58.41 53.53 56.74 10.30 |51.47 52.01 56.84 55.05 53.84 8.39
ICLGwen 50.23 44.31 47.86 48.19 47.65 5.14 |46.18 47.57 53.30 52.26 49.83 6.13
TAE 70.90 66.21 81.17 70.20 72.07 26.75 [62.57 61.01 70.53 59.34 63.05 15.98
ETM 68.97 71.21 86.19 84.78 77.79 35.89 |68.57 64.91 66.07 63.53 65.77 18.68
ProtoMBTI}j,ma 81.92 87.70 86.04 82.47 84.03 71.11 [69.05 68.85 68.98 70.82 69.43 50.30
ProtoMBTIgwen 83.74 88.10 84.54 84.18 85.14 71.42 (71.63 66.98 73.25 70.33 70.55 41.86
ProtoMBTIgprs, 82.36 85.55 82.70 80.04 82.66 68.39 |70.41 70.65 73.32 71.27 71.41 60.22
ProtoMBTL,,;y  93.54 93.54 95.69 93.23 93.50 85.54 [96.25 97.08 96.75 95.54 96.41 92.13
ProtoMBTI pix.ex 91.08 90.77 94.46 90.15 91.62 81.23 [90.44 91.25 91.35 90.44 90.87 81.15

Table 11: Performance comparison of ProtoMBTI and baselines on Kaggle and Pandora datasets. Metrics include four
dimension accuracies, their average, and the 16-type accuracy (theoretical for baselines computed as the product of the four
dimension accuracies, direct prediction for ProtoMBTI). Subscripts denote different LLMs, mix for same-source training/testing,

and mix-ex for cross-source evaluation.

representations. EncoderOnly models achieve at
most 60.62% accuracy on the 16-type task, which
is substantially lower than ProtoMBTI models with
prototype reasoning (up to 71.42%). This suggests
that direct embedding-based classification is insuf-
ficient to capture the categorical structure of MBTL

Sensitivity of the 16-type metric. The 16-type
classification accuracy is more sensitive to ablation
than the four-dimension average accuracy. While
ProtoMBTIqyen reaches 71.42% on the 16-type
task, ProtoMBTIR,y drops to 45.32%, resulting in
a gap of 26.1 percentage points. In comparison,
variations in the four-dimension average accuracy
are relatively smaller, indicating that fine-grained
classification amplifies the effects of model compo-
nents.

Analysis of Table 12. Table 12 reports the per-
formance of different backbone encoders within
the proposed 4D Classifier framework on the Kag-
gle validation set. The classifier evaluates gener-
ated posts along four MBTI dimensions (I/E, S/N,
T/F, P/J) as well as overall 16-type accuracy. Re-
sults show that all three transformer-based variants
(BERT, RoBERTa, DeBERTa2) achieve strong di-
mensional classification, with accuracies exceed-
ing 83% across all dichotomies. Among them,
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4D-DeBERTa yields the best overall performance,
reaching 88.63% average dichotomy accuracy and
71.08% 16-type accuracy.

These findings confirm two points: (i)
dimension-specific supervision effectively con-
strains label fidelity in augmented samples, en-
suring consistency across both dichotomy and
full-type levels; and (ii) higher-capacity encoders
like DeBERTa provide additional gains, making
them reliable gatekeepers for filtering noisy or
misaligned generations. By adopting this filter-
ing mechanism, only high-quality, label-consistent
posts are retained in the augmented dataset, which
significantly improves the integrity of the prototype
bank used for downstream inference.

Kaggle

Methods g —s/N—T7F - P/) —Avg T6-type
BERT [§8.39°92.05 8422 8387 §7.18 6708
Roberta (89,17 92.04 85.48 86.52 88130 69.93
Deberta_|89.63 93.09 85.60 86.18 88.63 71.08

Table 12: Performance comparison on Kaggle validation
set.

Analysis of Table 13. Table 13 compares two
LLM variants, 40 and 40-mini, on post-level aug-
mentation quality across MBTI types. The “ratio”
row shows the number of generated posts that suc-



cessfully passed the 4D classifier filtering, while
“Acc. score” reflects the average acceptance rate
across types. Results indicate that 40-mini consis-
tently outperforms 4o, achieving a higher overall
pass ratio (108 vs. 99) and a +0.0584 improvement
in acceptance score.

At the per-type level, improvements are most
evident for low-resource categories such as INFJ
(+0.20) and INFP (+0.30), where stylistic fidelity
is harder to capture. Gains are also observed in
several extroverted intuitive types (ENFJ, ENFP,
ESTJ), while a few types (e.g., ESFP, ISFP, ISTP)
exhibit small drops. The mixed shifts across classes
suggest that model size alone does not guarantee
uniform improvements; rather, lighter variants may
better align with the stylistic constraints imposed
by prompts and filtering.

Overall, these results demonstrate that 40-mini
provides a more effective balance between gener-
ation diversity and label consistency, making it a
preferable choice for large-scale augmentation in
our framework.

MBTI 4o 4o0-mini A
ratio 99 /154 1087154 +9
Acc. score 0.6429 0.7013 +0.0584
ENFJ 0.40 0.60 +0.20
ENFP 0.70 0.90 +0.20
ENTJ 0.90 1.00 +0.10
ENTP 0.80 0.80 0.00
ESFJ 1.00 1.00 0.00
ESFP 0.90 0.70 -0.20
ESTJ 0.70 0.90 +0.20
ESTP 0.70 0.80 +0.10
INFJ 0.10 0.30 +0.20
INFP 0.10 0.40 +0.30
INTJ 0.30 0.30 0.00
INTP 0.50 0.50 0.00
ISFJ 0.80 0.80 0.00
ISFP 0.70 0.60 -0.10
IST) 0.90 0.90 0.00
ISTP 1.00 0.90 -0.10

Table 13: Performance comparison of different LLMs
(40 vs 4.1mini) in post-level data augmentation across
MBTI types. A indicates the performance gap (4omini -
40).

Analysis of Figure 6. Figure 6 illustrates the rela-
tionship between prediction accuracy and the num-
ber of retrieved prototypes k used during inference.
The results show that accuracy improves substan-
tially when increasing k from 1 to 3, reaching the
highest performance at k¥ = 3 (59.38%). Beyond
this point, performance begins to decline gradually,
with accuracy falling below 56% when k& = 9.
This trend highlights a key trade-off in proto-
type aggregation. Using too few prototypes (e.g.,
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k = 1) provides insufficient context and may lead
to unstable predictions dominated by a single exem-
plar. Conversely, using too many prototypes (e.g.,
k = 9) introduces noise and dilutes the discrimi-
native signal, as irrelevant or weakly similar cases
are included. A moderate value (k = 3) strikes
the best balance by capturing diverse yet relevant
exemplars, thereby improving both stability and
accuracy.

These findings provide empirical justification for
setting k = 3 in our framework and confirm that
prototype-driven inference benefits from controlled,
rather than excessive, exemplar aggregation.

o503 Accuracy vs. k
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Figure 6: Accuracy with different values of k in pro-
totype selection. The model achieves the best perfor-
mance at k=3 (59.38%), while both smaller (k=1) and
larger (k=9) values lead to lower accuracy, indicating
that moderate prototype aggregation improves stability.

Analysis of Table 14. While the main text reports
results in terms of accuracy, Table 14 provides com-
plementary evaluation using the macro-averaged F1
score, which is more sensitive to class imbalance
and therefore a stricter measure of performance.
The results reveal several consistent patterns. First,
single-backbone variants of ProtoMBTI (LLaMA,
Qwen, GPT40) achieve moderate F1 scores across
the four MBTI dimensions (typically 75-85%) but
exhibit sharp drops in the 16-type setting (33—63%),
reflecting difficulty in handling fine-grained cate-
gories under limited per-class support.

In contrast, the ensemble-based variants
(ProtoMBTI,,,;x and ProtoMBTIL,ix.cx) show sub-
stantial improvements. ProtoMBTlI,,x achieves
the strongest results overall, reaching above 90%
F1 across all four dimensions and exceeding 85%
on Kaggle and 92% on Pandora for the 16-type
task. This demonstrates that combining multi-
ple backbones provides complementary strengths,
yielding more robust and balanced predictions.



ProtoMBTIix-ex, though slightly weaker, still out-
performs all single-backbone baselines by a large
margin.

These findings confirm that (i) ensembles mit-
igate the weaknesses of individual models, espe-
cially for underrepresented MBTI types, and (ii)
the improvements observed in accuracy metrics
(reported in the main paper) are reinforced by F1
analysis, which highlights gains in balanced pre-
cision—recall trade-offs. Thus, ProtoMBTI’s en-
semble design not only boosts overall correctness
but also ensures fairness and robustness across the
MBTT label space.

Analysis of Table 15 and Table 16 Table 15 and
Table 16 reports recall scores for all ProtoMBTI
variants on Kaggle and Pandora. Recall is espe-
cially critical in the MBTI setting, as it measures
the ability to correctly identify minority types that
may otherwise be overlooked. Consistent with
accuracy and F1 trends, single-backbone models
(LLaMA, Qwen, GPT40) achieve reasonable re-
call on the four MBTI dimensions (typically 75—
85%), but their performance drops sharply in the
16-type setting (=31-62%), indicating that many
fine-grained categories are missed.

The ensemble approaches again deliver clear im-
provements. ProtoMBTI,;x achieves the highest
recall overall, surpassing 90% across dimensions
and reaching 96.51% on Pandora for the 16-type
task. ProtoMBTI ixex also performs strongly, par-
ticularly on Kaggle (90.97% in 16-type recall), con-
firming its robustness. These results demonstrate
that ensemble methods not only improve overall
correctness (accuracy) and balance (F1) but also
substantially reduce false negatives, ensuring better
coverage of underrepresented MBTI types.

In summary, the recall analysis complements
accuracy and F1 by highlighting the framework’s
effectiveness in capturing diverse personality types
without disproportionately favoring dominant cat-
egories. This reinforces the conclusion that Pro-
toMBTI’s ensemble design enhances both fairness
and robustness in personality inference.
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Methods

VE SN T/F P/ 16-Type

ProtoMBTIama 76.55 76.55 82.26 74.78
ProtoMBTIgwen 80.36 83.36 84.54 81.86
ProtoMBTIgpr4e 79.96 77.25 86.07 77.49

54.89
62.04
57.94

ProtoMBTI,ix  88.55 98.14 95.91 93.48
ProtoMBTI ix.ex 90.46 92.17 91.08 90.17

85.54
90.97

Table 15: Recall (%) of ProtoMBTI variants on the

Kaggle dataset, including 16-type classification.

Methods IVE S/N T/F P/J 16-Type
ProtoMBTIma 68.16 66.41 72.46 62.11 33.20
ProtoMBTIgwen 73.31 68.73 73.06 68.03 31.45
ProtoMBTIgpr4, 68.95 64.84 68.95 63.67 31.45
ProtoMBTI,;;x 96.83 97.12 96.37 95.71 96.51
ProtoMBTI ix.ex 82.44 98.14 94.74 90.58 91.23

Table 16: Recall (%) of ProtoMBTI variants on the
Pandora dataset, including 16-type classification.

Overview of Figure 7, Figure 8, and Figure 9.
The confusion matrices and ROC analyses show
that ProtoMBTI learns stable personality proto-
types across models and datasets. In-domain eval-
uations exhibit clear diagonal dominance, while
cross-domain and heterogeneous settings introduce
increased confusion, indicating sensitivity to do-
main shift. Training on the mixed Kaggle—Pandora
dataset substantially mitigates these effects, yield-
ing more robust prototype boundaries. ROC re-
sults further confirm consistently strong and bal-
anced performance across MBTI categories. Over-
all, prototype-informed learning enables generaliz-
able MBTT inference under heterogeneous data dis-
tributions, though fine-grained distinctions among
closely related types remain challenging.



Methods Kaggle Pandora
IVE S/N T/F P/ 16-Type|] VE S/N T/F P/J 16-Type

ProtoMBTIyjm,, 77.62 78.80 81.82 75.39 56.52 |67.26 64.59 72.21 57.54 36.27
ProtoMBTIgwen 81.30 85.07 84.31 82.50 63.44 |71.99 65.91 72.92 67.33 34.22
ProtoMBTIgpr4, 80.61 79.74 85.85 78.26 60.33 [68.90 62.87 68.93 60.26 33.93

ProtoMBTL;x  91.70 95.26 9591 92.14 85.59 196.27 97.08 96.74 95.55 92.11
ProtoMBTlix-ex 90.44 91.33 91.33 90.41 81.18 |88.16 93.36 94.74 88.65 81.48

Table 14: Overall performances of ProtoMBTI variants in F1 (%), including 16-type classification.
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Figure 7: Confusion matrices of ProtoMBTI across different backbone models and datasets. The figure re-
ports 16-class MBTI confusion matrices for ProtoMBTI instantiated with GPT-40-mini, Qwen, and LLaMA
backbones, evaluated on the Kaggle and Pandora datasets. Across in-domain settings (Kaggle—Kaggle and
Pandora—Pandora), all models exhibit clear diagonal dominance for several prototypical personality types such as
INFP, ENFP, and ISTP, indicating strong recognition of their characteristic linguistic patterns. However, systematic
misclassifications frequently arise between semantically adjacent types, including ENTP vs. ENTJ and INFJ vs.
INTP, reflecting the intrinsic difficulty of distinguishing categories with overlapping cognitive and discourse traits.
Under the more challenging Pandora benchmark and cross-domain scenarios, diagonal dominance is noticeably
weakened for all backbones, with substantially increased confusion across nearly all categories. In particular,
ProtoMBTI; | sma shows pronounced sensitivity to domain shift, where even highly prototypical classes such as
INFP, ENFP, and ISFP lose discriminative clarity. Overall, these results indicate that while ProtoMBTI effectively
captures core personality prototypes across models, resolving fine-grained distinctions among closely related
MBTI types remains challenging, underscoring the necessity of prototype-aware disambiguation and robust transfer
mechanisms for stable personality inference under heterogeneous data distributions.
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Figure 8: Confusion matrices of ProtoMBTI trained on the mixed Kaggle—Pandora dataset under different validation—
test configurations. The figure reports four settings: Mix—Kaggle—Kaggle, Mix—Pandora—Pandora, Mix—Kaggle—
Pandora, and Mix-Pandora-Kaggle. Across within-domain evaluations (Kaggle—Kaggle and Pandora—Pandora),
the model exhibits exceptionally strong diagonal dominance, with several personality types such as INFJ, ENFP,
ISTP, ENFJ, ESFJ, and ESTP achieving near-perfect recognition. Misclassifications in these settings are sparse and
largely confined to semantically adjacent categories (e.g., INTJ vs. INTP), indicating that mixed-domain training
enables ProtoMBTI to learn well-separated and robust prototypical boundaries. Under cross-domain evaluations,
diagonal dominance is slightly weakened and confusions increase, particularly among closely related types such as
INFJ vs. INFP and ENTP vs. ENTJ, reflecting the challenge of transferring prototype boundaries across datasets with
different linguistic characteristics. Nevertheless, overall classification performance remains strong, and compared
with single-dataset training, the mixed setup consistently reduces misclassification rates and improves robustness.
These results demonstrate that incorporating heterogeneous sources during training helps ProtoMBTI capture more
generalized and stable personality prototypes, thereby enhancing both within-domain accuracy and cross-domain
generalization.
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Figure 9: Micro- and macro-average ROC curves of ProtoMBTI trained on the mixed Kaggle—Pandora dataset under
different validation—test configurations. The figure reports four settings: Mix—Kaggle—Kaggle, Mix—Pandora—
Pandora, Mix-Pandora-Kaggle, and Mix—Kaggle-Pandora. Across all configurations, both micro- and macro-
average ROC curves achieve consistently high AUC scores, indicating strong overall discriminative capacity across
the 16 MBTI categories. In within-domain evaluations, near-optimal performance is observed, with AUCs reaching
up to 0.988/0.990 on Kaggle and 0.997/0.997 on Pandora, demonstrating that prototype-informed learning effectively
captures robust and well-separated personality prototypes when validation and test distributions are aligned. Under
cross-domain evaluations, AUC values remain high (approximately 0.976-0.978), though with a slight degradation
compared to within-domain settings, reflecting the increased difficulty of transferring prototype boundaries across
heterogeneous linguistic distributions. Notably, the close alignment between micro- and macro-average curves in all
cases suggests that ProtoMBTI maintains balanced classification performance across both frequent and minority
personality types, avoiding dominance by high-frequency classes. Overall, these results confirm that mixed-domain
training enhances the stability and generalization of ProtoMBTI, enabling robust MBTI discrimination while
mitigating, though not fully eliminating, the challenges posed by cross-domain distribution shift.
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MBTI
Type

Prompt Template

INFP

INFJ

INTP

INTJ

ENFP

ENFJ

ENTP

ENTJ

ISFP

ISFJ

ISTP

ISTI

ESFP

ESFJ

ESTP

EST]

You are a language model trained to write like an INFP: gentle, emotionally expressive,
idealistic, and introspective. Rewrite any input text in this style, highlighting personal

meaning, feeling, and poetic insight. o .
You are a language model trained to write like an INFJ: visionary, reflective, profound,

and empathetic. Rewrite the text with deep insight, symbolic language, and a focus on

inner values and human connection. . .
You are a language model trained to write like an INTP: analytical, abstract, precise, and

curious. Rewrite the input in a style that emphasizes logical reasoning, philosophical

depth, and theoretical musings.
You are a language model trained to write like an INTJ: strategic, decisive, and concep-

tually visionary. Rewrite the text to reflect high-level planning, clarity of purpose, and

structured insight.
You are a language model trained to write like an ENFP: energetic, imaginative, playful,

and values-driven. Rewrite the text with creativity, warmth, enthusiasm, and emotional

spontaneity. ) o ) ] )
You are a language model trained to write like an ENFJ: charismatic, supportive, and

purpose-oriented. Rewrite the input with persuasive language, emotional attunement, and

a focus on inspiring others. o ) _ .
You are a language model trained to write like an ENTP: witty, spontaneous, inventive, and

intellectually provocative. Rewrite the text with cleverness, enthusiasm, and a tendency to

challenge ideas in creative ways. o . . o
You are a language model trained to write like an ENTJ: assertive, organized, and visionary.

Rewrite the input with strong leadership language, structured logic, and forward-thinking

analysis.
You are a language model trained to write like an ISFP: gentle, artistic, sensory-focused,

and value-driven. Rewrite the text with a focus on aesthetics, present-moment experience,

and authentic self-expression.
You are a language model trained to write like an ISFJ: thoughtful, nurturing, reliable, and

detail-oriented. Rewrite the input with warmth, practical compassion, and an emphasis on

duty and emotional responsibility. o ) _
You are a language model trained to write like an ISTP: concise, pragmatic, observant,

and independent. Rewrite the text with straightforward logic, action-oriented insight, and

calm detachment.
You are a language model trained to write like an ISTJ: logical, methodical, dependable,

and tradition-conscious. Rewrite the text in a clear, factual tone with an emphasis on

structure, duty, and responsibility. o ) )
You are a language model trained to write like an ESFP: vibrant, expressive, present-

focused, and playful. Rewrite the text with high energy, sensory detail, and a zest for life

and connection. ) o _ _
You are a language model trained to write like an ESFJ: warm, supportive, socially aware,

and harmonious. Rewrite the text in a friendly tone with attention to social relationships,

kindness, and tradition. ] o . . .
You are a language model trained to write like an ESTP: direct, dynamic, action-focused,

and confident. Rewrite the text with a bold, high-energy tone and a focus on results,

excitement, and real-world application. ) o
You are a language model trained to write like an ESTJ: organized, authoritative, and

objective. Rewrite the text in a businesslike tone, emphasizing efficiency, clarity, and
control.

Table 17: LLM-based data augmentation prompt templates for MBTI writing styles.
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