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Abstract

Automatic Personality Prediction (APP) is a key area in affective computing, aiming to infer human personal-
ity traits from behavioural cues. This study proposes a multimodal deep learning framework for predicting Big
Five personality traits using text, audio, and video data. We employ modality-specific and multimodal datasets
annotated for the Big Five traits and explore a range of ardy proposes a multimodal deep learning framework
for predicting Big Five personality traits using text, audio, and video data. We employ modality-specific and
multimodal datasets annotated for the Big Five traits and explore a range of architectures, including transform-
ers, CNNs, and recurrent models (LSTM, CRNN). Results show that audio features, especially MFCC-1 and
MFCC-2, offer high predictive power, while sentiment-aware textual embeddings enhance linguistic model-
ling. Visual features capture non-verbal cues vital for comprehensive trait assessment. We implement both
early and late fusion strategies to integrate affective, linguistic, and visual signals, improving robustness and
generalisation. To ensure transparency, we incorporate Explainable Al (XAI) techniques, including SHAP and
Grad-CAM, to identify influential features across modalities. This enables human-centred analysis and builds
trust in model predictions. Our findings highlight the effectiveness of deep multimodal learning for personality
modelling and demonstrate how combining behavioural signals with interpretability tools leads to more adap-
tive and transparent personality-aware Al systems.
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1 Introduction

Human personality plays a pivotal role in shaping individual behaviours, communication styles, and social inter-
actions. As artificial intelligence systems become increasingly integrated into daily life, the ability to automati-
cally infer personality traits from behavioural signals—referred to as Automatic Personality Prediction (APP)-has
garnered growing interest across affective computing, human-computer interaction, and social robotics.

Among the various psychological models, the Big Five Personality Traits — Openness, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism—offer a robust, widely accepted framework for personality assess-
ment [1]. In parallel, the rapid growth of multimodal digital data, text from social media, audio from speech,
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and facial cues from videos has opened up new opportunities to assess personality in a holistic and data-driven
manner.

This paper presents a comprehensive multimodal deep learning framework for predicting Big Five traits,
utilising three complementary modalities: text, audio, and video. By designing modality-specific pipelines and
multimodal fusion strategies, we aim to capture the full spectrum of behavioural signals relevant to personality
assessment. We employ a suite of deep learning architectures, including transformer-based models for text, con-
volutional and recurrent models for audio and video, and fusion networks that integrate affective, linguistic, and
visual cues.

We structure our investigation around the following research questions:

e How do different deep learning architectures perform across individual modalities for Big Five personality
prediction?

e Which modality or combination of modalities provides the most robust and generalizable performance?

e How do early and late fusion strategies impact the overall accuracy and stability of personality prediction?

e Can explainability techniques (e.g., SHAP, Grad-CAM) reveal modality-specific contributions and model de-
cision patterns?

The key contributions of this work include:

e A unified, end-to-end deep learning framework for Big Five trait prediction across text, audio, and video
modalities.

e A comparative analysis of modality-specific models, highlighting performance trends and strengths of each
modality.

e Exploration of multimodal fusion techniques, demonstrating improved prediction accuracy and robustness.

e Integration of Explainable Al (XAI) tools to enhance the interpretability of model predictions across all three
modalities.

By modelling personality “in 3D,” this study not only advances the state of the art in multimodal APP but also
lays the foundation for the development of transparent, adaptive, and human-centred personality-aware Al sys-
tems applicable to personalised education, mental health diagnostics, virtual assistants, and beyond.

2 Related work

Personality computing has evolved at the intersection of psychology, machine learning, and multimodal signal
processing. This section first explores key psychological theories of personality that underpin computational
models of personality. We then review recent advancements in deep learning techniques applied to text, audio,
and visual modalities for Automatic Personality Prediction (APP). Subsequent subsections examine strategies for
multimodal fusion, the integration of explainable Al (XAI) to enhance model transparency, and identify current
gaps that motivate our proposed framework.

2.1 Personality psychology theories

Understanding personality structure has been a central goal in psychology for over a century, resulting in the
development of multiple theoretical frameworks. These models form the backbone of APP systems by offering
trait definitions, measurement constructs, and psychological grounding.

Big five (OCEAN) model: The Five-Factor Model (FFM), also known as the Big Five, is the most widely
accepted trait-based model in personality psychology [1]. It defines five core personality dimensions: Open-
ness (creativity and curiosity), Conscientiousness (organisation and discipline), Extraversion (sociability and
energy), Agreeableness (compassion and cooperation), and Neuroticism (emotional instability). The model has
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demonstrated strong empirical validity across diverse cultures and populations [2]. Due to its dimensional and
continuous nature, the Big Five is especially well-suited to machine learning applications in APP, including pre-
dicting traits from social media data [3], video interviews [4], resumes [5], and audio streams [6].

Myers-Briggs type indicator (MBTI): The MBTI classifies individuals into 16 personality types based on
four dichotomous dimensions: Introversion—Extraversion, Sensing—Intuition, Thinking—Feeling, and Judging—
Perceiving [7]. Despite criticisms regarding psychometric reliability and validity [8], MBTI remains popular in
career guidance, team dynamics, and NLP-based classification tasks [9, 10]. Several APP studies have applied
deep learning techniques to classify MBTI types using blog posts, tweets, and essays, revealing language-use
patterns aligned with MBTI types.

PEN model (Eysenck’s Three-Factor Model): Proposed by Hans Eysenck, the PEN model identifies three bio-
logical dimensions of personality: Psychoticism, Extraversion, and Neuroticism [11]. Though less granular than
the Big Five, PEN has been applied in early computational psychology research and remains relevant in neuro-
psychological and behavioural biometrics studies [12]. In APP, its focus on emotional and impulsive behaviour
has inspired acoustic and EEG-based personality estimation systems.

16PF (Sixteen personality factor questionnaire): Developed by Raymond Cattell, 16PF assesses 16 primary
factors derived through factor analysis [13]. While it offers a comprehensive understanding of personality, the
high dimensionality and complexity of the assessment make it less practical for APP. However, it has influenced
feature design in early machine learning models for psychological profiling and occupational screening.

DISC model: DISC theory, originally introduced by William Marston, categorises behaviour into four types:
Dominance, Influence, Steadiness, and Conscientiousness [14, 15]. DISC is widely used in leadership develop-
ment and organisational behaviour applications. In computational contexts, DISC has been applied to personal-
ity-adaptive chatbot design and job screening systems, although less frequently than trait-based models.

HEXACO model: The HEXACO model extends the Big Five by adding a sixth factor, Honesty-Humility,
designed to capture ethical and prosocial behavior [16]. HEXACO has demonstrated superior predictive power in
contexts involving trust, integrity, and cooperation [17]. While not yet widely adopted in APP due to the limited
availability of labelled datasets, its inclusion is growing in moral computing and recommender systems.

Applications across models: While each model has distinct theoretical underpinnings, their application in Al
varies depending on the use case. Recent work by Pletzer and Abrahams [18] provides a comprehensive review
of how personality traits, particularly those defined by trait-based models like the Big Five, influence job perfor-
mance across various occupational roles. Their study in Current Opinion in Psychology highlights the predictive
value of traits such as Conscientiousness and Emotional Stability (the inverse of Neuroticism) in determining
task performance, teamwork, and leadership potential. The paper also discusses emerging trends, including the
integration of Al-based personality assessments in hiring and development contexts. This reinforces the practi-
cal significance of accurate and interpretable personality prediction models, like the one proposed in our work,
especially when applied to domains involving human evaluation and decision-making.

The MBTI has been widely adopted in classification tasks and personality-driven dialogue systems. The Big
Five and HEXACO are more suitable for regression tasks and multimodal modelling due to their continuous
structure. DISC and PEN models have niche relevance in emotion-aware computing and behavioural biometrics.
These models inform the design of APP systems and guide the construction of datasets and the development of
evaluation metrics. The Big Five, in particular, remains dominant in computational research due to its strong
psychometric foundation and widespread use in benchmark datasets, such as ChaLearn First Impressions [4] and
Essays.csv [19].

2.2 Multimodal deep learning for personality prediction
Recent years have seen rapid advances in deep learning models that infer personality traits from text, audio,

and video, collectively advancing the field of affective and social signal computing. This multimodal direction
is motivated by the fact that personality is expressed not only through language but also through vocal prosody,
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facial micro-expressions, and behavioural dynamics. Deep learning enables end-to-end modelling of such com-
plex signals, and this section outlines the current state of research across modalities.

Text modality: Text remains one of the most extensively studied modalities for personality inference. Foun-
dational work by Pennebaker and King [19] highlighted the correlation between linguistic style and personality
traits, providing early evidence for feature-based personality detection. Subsequent efforts integrated NLP tech-
niques such as part-of-speech tagging, stemming, n-grams, and parse trees to infer personality from authorial
writing styles, as demonstrated in [20] using the Big Five Factor Model.

With the advent of deep learning, transformer-based architectures like BERT, RoBERTa, and XL Net have been
fine-tuned to capture contextual and affective semantics from text [9]. For instance, Ren et al.[21] proposed a
sentiment-aware BERT-based model for multi-label personality detection, significantly enhancing performance
by incorporating affective cues. Similarly, Sun et al.[10] introduced a CNN-LSTM hybrid architecture for MBTI
classification using social media posts, achieving an average F1-score of 0.82. In another study, Konakalla et
al. [22] employed RCNN and MLP classifiers on tweets from the Russo-Ukrainian conflict, achieving up to 85%
accuracy for Neuroticism and Agreeableness traits.

The predictive utility of structured professional text was also demonstrated by Agarwal et al. [S], who applied
logistic regression to resume datasets, achieving approximately 76.9% accuracy in personality classification.
These efforts have been further supported by standardised datasets, such as IPIP[23-26], which enable supervised
model training across diverse personality tasks.

Despite these advances, single-modality models often lack nuanced affective context. To address this, recent
methods integrate sentiment-aware embeddings and hybrid attention mechanisms [27], thereby improving align-
ment with psycholinguistic theory and enhancing the robustness of trait-level prediction.

Audio modality: Speech encodes prosodic, phonetic, and emotional characteristics that are closely related to
traits like Extraversion and Neuroticism. Gokul and Lalitha [6] applied auditory nerve modelling to extract psy-
choacoustic features, achieving classification accuracy up to 78% on selected Big Five traits using SVMs. Shilpa
et al. [28] proposed a DNN-based system to assess human stress levels via speech, which also correlates with
emotional instability.

More recent work [29] employed MFCC (Mel-Frequency Cepstral Coefficient) features combined with a
CRNN model, achieving F1-scores exceeding 0.84 for Extraversion and Conscientiousness. In [30], transformer
encoders were integrated with paralinguistic cues, such as pitch, formants, and speaking rate, to improve inter-
pretability. These models, however, still face challenges such as sensitivity to environmental noise and the need
for robust pre-processing pipelines.

Visual modality: Facial expressions, head pose, gaze direction, and microgestures provide powerful non-verbal
cues for inferring personality. The Chalearn First Impressions Challenge [4] established a benchmark dataset
of short interview clips annotated for Big Five traits. Participants used 3D CNNs, LSTMs, and fusion networks,
with the best models achieving up to 91% accuracy in trait prediction.

In [31], a CLIP-based transformer was fine-tuned on personality-labelled video datasets, demonstrating state-
of-the-art performance in predicting Openness and Agreeableness, but struggled with Neuroticism due to the
subtlety of visual cues. Wang et al. [32] introduced a self-supervised visual personality encoder using temporal
attention, achieving Pearson correlations above 0.75 for multiple traits. In [33], the author proposed a video-based
personality recognition framework that leverages a temporal emotion-based LSTM model to predict apparent
first impression personality traits. The model extracts sequential emotion cues from video frames and integrates
them into a single-modality architecture, demonstrating that dynamic emotional transitions play a crucial role in
inferring Big Five traits.

While visual networks show promise, they often require large-scale annotated data and are computationally
expensive, limiting real-time deployment. Additionally, generalising across cultural and lighting conditions
remains a challenge.

Multimodal insights: In the multimodal domain, combining text, audio, and video has consistently enhanced
prediction performance. Gucluturk et al.[34] proposed a deep residual network for apparent personality inference
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using visual and auditory streams. Escalante et al. [35] established multimodal fusion baselines, highlighting the
complementary cues across modalities. CR-Net [36] presented a classification-regression network with modality-
specific branches and fusion layers tailored to Big Five trait prediction. Santhosh et al. [37] extended this work by
introducing a deep cross-modal hierarchical attention model, achieving competitive performance on benchmark
datasets.

Mishra and Sagnika [38] surveyed multimodal approaches and reported a 10—15% improvement in accuracy
over unimodal baselines, emphasising the benefits of combining verbal and non-verbal cues. Patil et al. [39]
demonstrated that late fusion of CV/resume text and facial videos led to more robust trait predictions than early
concatenation. These studies collectively affirm that integrating multimodal cues yields a richer understanding of
personality, particularly for complex traits like Conscientiousness and Neuroticism.

Despite these advances, several research gaps remain:

Lack of unified architectures tested across all three modalities under consistent evaluation protocols.
Inadequate integration of explainability tools in personality prediction pipelines.

Limited exploration of cross-modality trait transfer (e.g., predicting visual traits from audio).

Sparse availability of high-quality, annotated multimodal datasets aligned with personality theories.

These gaps motivate our work, which proposes a 3D personality modelling framework using modality-specific
encoders, fusion networks, and Explainable Al tools to holistically and transparently predict Big Five traits from
behavioural signals.

2.3 Fusion strategies and 3D personality modelling

Incorporating multiple modalities: text, audio, and video, offers a more comprehensive understanding of person-
ality, often referred to as “3D personality modelling.” Each modality captures unique behavioural signals: lin-
guistic cues from text, prosodic and tonal variations from audio, and micro-expressions from visual input. Fusion
strategies aim to unify these heterogeneous signals into a single predictive model.

Broadly, fusion techniques are categorised as follows:

e Early fusion: Combines raw or intermediate features from each modality before feeding them into a shared
model. This approach enables the learning of cross-modal dependencies and synergistic representations. For
instance, concatenating MFCC embeddings, visual frame encodings, and contextual textual embeddings be-
fore classification allows the model to discover interdependencies that mirror human multimodal perception.

e Late fusion: Aggregates outputs or confidence scores from independently trained modality-specific models.
This strategy often proves more robust in noisy environments or when certain modalities are missing or cor-
rupted, as the final prediction benefits from redundancy across channels.

Studies such as Zhang et al. [40] and Wu et al. [41] compared these fusion techniques in personality and emotion
recognition tasks. They observed that while early fusion enhances performance in clean, well-aligned datasets,
late fusion offers superior generalizability in real-world scenarios with asynchronous or incomplete data streams.
Notably, Zhou et al. [42] demonstrated that hybrid strategies—incorporating both early and late fusion elements—
can further optimise performance by balancing cross-modal learning with decision-level robustness.

Recent works have also explored adaptive and attention-based fusion mechanisms. Bao et al.[43] proposed
an Adaptive Information Fusion Network (AIFN) that dynamically integrates multi-modal features via learned
attention weights, showing strong performance gains across diverse user profiles. Similarly, Wang et al.[44] intro-
duced an emotion-guided fusion model with contrastive learning objectives, effectively aligning cross-modal
embeddings while preserving trait-specific distinctions. Waqas et al. [45] employed a data fusion approach utilis-
ing a BERT-GCN hybrid, demonstrating that structural alignment between modalities improves both interpret-
ability and classification accuracy.
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Cognitive load-aware fusion mechanisms are also emerging. In [46], an attention-based fusion mechanism was
introduced that dynamically weights modalities based on task relevance and contextual salience. Their system,
evaluated on a multimodal personality corpus, achieved state-of-the-art accuracy while reducing computational
overhead.

Beyond accuracy, 3D personality modelling facilitates more context-aware and fair predictions. Foundational
surveys by Vinciarelli and Mohammadi [47] and [lmini and Fernando [48] provide a historical and contemporary
perspective on apparent personality detection, highlighting the evolution from handcrafted to deep learning-based
methods, as well as the growing emphasis on explainability and modality-specific inference. Recent reviews
by Mehta et al. [49], Zhao et al. [50], and Mostafa et al. [51] further underscore that multimodal integration
enhances trait resilience, fairness, and adaptability. However, these studies consistently point to unresolved chal-
lenges, including the scarcity of fully annotated, large-scale multimodal datasets and the absence of standardised
fusion protocols across personality prediction benchmarks.

To address these gaps, our framework systematically compares early, late, and hybrid fusion strategies using
both hand-crafted features (e.g., MFCCs, sentiment scores) and deep embeddings (e.g., BERT, 3D CNN). This
design enables robust identification of trait-modality pairings and allows us to evaluate whether certain traits
(e.g., Extraversion) are more accurately predicted through individual modalities or fused representations.

2.4 Explainable Al for personality prediction

Interpretability is crucial in personality-aware Al systems, especially given the psychological and ethical impli-
cations associated with profiling human traits. Whether applied in educational personalisation, recruitment deci-
sions, or clinical settings, stakeholders must understand not only what personality trait a system predicts, but also
why it makes that decision. To this end, our framework integrates a suite of Explainable Al (XAI) techniques,
focusing on both local (instance-specific) and modality-specific interpretability.

We focus on two widely adopted and complementary explainability methods: SHAP (SHapley Additive Expla-
nations) and Grad-CAM (Gradient-weighted Class Activation Mapping), selected for their effectiveness across
structured (text/audio features) and unstructured (images/video frames) data, respectively. These choices were
made after evaluating several alternatives, balancing explainability fidelity, modality compatibility, and compu-
tational cost.

SHAP (SHapley additive explanations): SHAP provides feature-level attribution using cooperative game the-
ory, quantifying the contribution of each feature to a model’s prediction. It is particularly effective in identifying
token-, frequency-, or pixel-level importance in transformer-based models or audio spectrograms. Liu et al. [52]
used SHAP to reveal that facial expressions like smile duration and gaze strongly influenced Extraversion pre-
dictions, while head motion variance impacted Openness. Similarly, Mishra [53] emphasised SHAP’s utility in
trust-sensitive Al, advocating for clustering and summarisation to handle high-dimensional personality data.

In our framework, SHAP is employed across all three modalities—highlighting emotionally charged or socially
significant words in text (e.g., “rude”, “honesty”), emphasising spectral regions in MFCCs for speech, and iden-
tifying facial landmarks in video frames. SHAP’s model-agnostic and locally faithful explanations make it espe-
cially suitable for complex, multimodal deep learning models like ours. However, SHAP’s computational cost
can be high for large models and datasets, and it assumes feature independence, which may not always hold in
sequential data.

Grad-CAM and class activation mapping variants: Originally proposed by Zhou et al. [54] and extended into
Grad-CAM [55], this family of techniques generates class-specific heatmaps by computing gradients of the out-
put with respect to intermediate convolutional layers. Grad-CAM highlights spatial regions in images (or spec-
trograms) that contribute most to a prediction. This method has become a standard for CNN-based interpretability
due to its ease of integration and visual intuitiveness.
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In our model, Grad-CAM is applied to the visual modalities. The CAM maps allow us to understand which
facial regions (e.g., smiles, eyes, head tilt) or which time-frequency patches in speech were most influential in
predicting personality traits. The fidelity of these explanations is measured using metrics like:

e Drop in Confidence: Expected drop in prediction confidence when the saliency region is occluded (smaller is
better).
e [ncrease in Confidence: Number of cases where explanation enhances prediction confidence (larger is better).

To further enhance the fidelity of saliency maps, we also explored advanced CAM variants, including Grad-
CAM++, EigenGrad-CAM, Score-CAM, Ablation-CAM, and Random-CAM. Each of these techniques offers
unique advantages: Grad-CAM++ handles multiple object occurrences [56]; EigenGrad-CAM improves spatial
localisation by focusing on eigenvectors; Score-CAM is gradient-free and uses class scores for weighting; Abla-
tion-CAM ablates channels to measure contribution; and Random-CAM serves as a control baseline. The 2020
CVPR Workshop paper [57] applied Score-CAM for personality prediction and demonstrated that such saliency
techniques can effectively reveal psychologically meaningful features (e.g., eye contact, posture) that correspond
to human-perceived traits.

Although many CAM variants exist, we prioritised standard Grad-CAM for our framework due to its inter-
pretability, computational efficiency, and compatibility with both video and audio spectrogram inputs. We also
validated that it produced coherent saliency maps aligned with domain expectations. However, future extensions
may incorporate Score-CAM or Ablation-CAM for improved localisation and robustness in temporal models.

Broader trends in multimodal explainability: Explainable Al (XAl) is increasingly influencing domains such
as affective computing and personality prediction, moving beyond traditional tools like SHAP and CAM. Haz et
al.[27] leveraged SHAP to uncover psycholinguistic indicators of narcissism, illustrating the potential of XAl for
trait-specific insights. Similarly,[58] proposed an attention-based interpretability framework for emotion detec-
tion in text, aligning linguistic structure with psychological reasoning. Recent studies [59, 60] further advance
this trend by integrating explainability directly into multimodal emotion recognition systems, utilising situational
knowledge and reasoning mechanisms to enhance both model performance and human trust in feedback-driven
contexts.

However, many existing models incorporate XAl only in post-hoc visualisations, lacking formal integration
into the system architecture. In contrast, our approach embeds explainability into the core of both training and
evaluation. Each modality is paired with dedicated interpretability tools, ensuring predictions are not only trace-
able and psychologically grounded but also transparent and accountable—qualities critical for responsible person-
ality recognition.

3 Methodology framework

An overview of the proposed multimodal personality prediction framework is illustrated in Fig. 1. The frame-
work is designed to leverage complementary information from visual, audio, and textual modalities extracted
from video-based inputs. Each modality undergoes modality-specific preprocessing and is subsequently passed
through a dedicated subnetwork for high-level feature representation.

For the visual modality, representative image frames are extracted from the input video and processed through
a Residual-Dilated-Separable Convolutional (RDSC) based visual subnetwork. The audio modality involves
extracting Mel-Frequency Cepstral Coefficients (MFCCs) from the raw audio stream, which are then passed
to an audio subnetwork to capture relevant temporal and spectral features. The textual modality, comprising
speech transcripts, is preprocessed through standard NLP techniques, including tokenisation and embedding,
before being processed by a transcript subnetwork. Outputs from these modality-specific subnetworks are then
integrated using fusion strategies. We explore early fusion, late fusion, and attention-based fusion mechanisms
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Fig. 1 Overall system architecture for 3D multimodal personality recognition

to effectively combine multimodal representations. The fused feature vector is subsequently passed through fully
connected layers for final personality trait classification.

In addition to prediction, the framework incorporates explainability mechanisms based on eXplainable Al
(XAI) techniques such as SHAP, Grad-CAM, and saliency maps. These tools offer interpretability at both the
feature and modality levels, thereby increasing transparency and providing insights into the decision-making
process of the model.

3.1 Data collection and preprocessing

This study utilises the Chal.earn first impressions V2 dataset [4], a widely recognised benchmark for automatic
personality perception. The dataset comprises approximately 10,000 short video clips (each lasting around 15 s),
wherein individuals speak directly to the camera. Each video is annotated with continuous scores for the Big Five
personality traits: Extraversion, Agreeableness, Conscientiousness, Neuroticism, and Openness, ranging from 0
to 1. The dataset provides three synchronised modalities: raw audio, video frames, and corresponding transcripts,
thus enabling a rich and multimodal analysis of behavioural signals.

3.1.1 Audio preprocessing

Audio tracks are extracted from each video using the FFmpeg backend and converted to mono. To ensure consis-
tent sampling conditions and suppress potential aliasing artefacts above the human-audible range, the raw wave-
form x(t) is first low-pass filtered at 20 kHz using an 8*"-order Butterworth filter and then resampled to 44.1 kHz:

zf(t) = LPFaoknz(2(1)), (1)
x,(t) = Resample(z ¢(t), 44,100 Hz). )

The filtered and resampled signal x,.(¢) is then transformed using the Short-Time Fourier Transform (STFT). A
Hann window of 1024 samples with a hop length of 512 samples is used, providing a balanced trade-off between
temporal and frequency resolution.
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From the STFT magnitude spectra, Mel-Frequency Cepstral Coefficients (MFCCs) are computed using 24
triangular Mel filterbanks: K
MFCC; ; = DCT <log (Z | X [K]|? - Hi[k:}>> : 3)
k=1

where X [k] denotes the STFT magnitude of frame j, and H;[k] is the i-th Mel filter.
The resulting MFCC matrix is zero-padded to a fixed temporal width of 1319 frames:

MFCC, = Pad(MFCC, [24 x 1319]). 4)
Coeflicient-wise z-score normalisation is then applied:M ——
MFCC, (i, j) = plin)) =i (5)
o

where (1; and o; denote the mean and standard deviation of the i-th MFCC dimension computed over the training
set.
Finally, the normalised MFCC tensor is reshaped into a 3D array suitable for convolutional processing:

A 6 R24X1319X1. (6)

3.1.2 STFT window size ablation

We conducted an ablation study to examine the sensitivity of the audio feature extraction stage to the choice of
STFT window size. Four configurations were evaluated: ng, € {256,512, 1024, 2048}. For each setting, Mel-
Frequency Cepstral Coefficients (MFCCs) were computed following the preprocessing pipeline described in
Section 3.1. To quantify feature stability, we computed the mean cosine similarity between the MFCC representa-
tions obtained with a given window size and those obtained using the default ng, = 1024.

Table 1 reports the results. As expected, the 1024-point STFT serves as a reliable baseline (similarity = 1.0).
Smaller windows (256 and 512) introduce slightly higher temporal resolution at the expense of spectral resolu-
tion, whereas the largest window (2048) provides finer frequency detail but reduced temporal precision. In all
cases, the similarity remains high (> 0.95), demonstrating that the proposed audio preprocessing pipeline is
robust to moderate variations in STFT parameters and that downstream model predictions are unlikely to be
significantly affected.

These results empirically validate our choice of a 1024-point STFT window as a balanced configuration, while
also confirming the robustness of our MFCC-based audio representation.

3.1.3 Visual preprocessing

To capture visual and non-verbal cues, six random frames are extracted from each video. Each frame undergoes
a series of transformations: colour space conversion from BGR to RGB, resizing to 248 x 140 pixels, random
cropping to 128 x 128, and normalisation of pixel values to the [0, 1] range.

Let V denote a video with F' frames. The preprocessing steps are as follows:

{f1}o_, ~ UniformSample(V, 6) (7
Table 1 STFT ablation Window size Window duration (ms) Mean cosine similarity
results measured via mean 256 5.8 0.9524
cosine similarity with 512 11.6 0.9850
respect to the baseline con- 1024 232 1.0000
figuration (ng, = 1024) 2048 46.4 0.9968
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RGB _ BGR2RGB(f) (®)
f;;esized = Resize( IE{GB’ 248 x 140) )]
]:rop _ Crop(flgesized7 128 x 128) (10)
O ) = ’“Z&“) (11)

V! e R6*128x128x3 (12)

Although only a limited number of frames are sampled from each video, temporal dynamics are explicitly mod-
elled at the feature level. Frame-wise embeddings are treated as a temporal sequence and processed using a
multi-head self-attention module, allowing the network to capture inter-frame dependencies and temporal facial
dynamics relevant to personality traits.

3.1.4 Text preprocessing

The transcripts corresponding to each video are stored in a dictionary keyed by video ID. These raw text strings
are tokenised using a pretrained transformer tokeniser (e.g., BERT), which handles punctuation, casing, and sub-
word units internally. Minimal preprocessing is applied to retain contextual richness.

Let T" denote the transcript string. The following operations are performed:

tok = T(T) = {wy,wa, ..., w,} (13)
E = [Embed(w; ), Embed(w), . . ., Embed(w,)] € R"*¢ (14)
where d is the embedding dimension (typically d = 768 for BERT-base).

3.1.5 Ground truth annotation

Trait scores are loaded from pre-defined dictionaries for each video. For every sample, a 5-dimensional vector is
extracted:

Y € R%*! (15)

corresponding to the Big Five traits: {EXT, AGR, CON, NEU, OPN}.
3.1.6 Dataset assembly

A multi-threaded pipeline is implemented to preprocess all videos in parallel. For each video instance, the audio
tensor A, video tensor V', token embedding F, and label vector Y are aggregated into a structured tuple:

D={(AV EY)}, (16)

The processed dataset D is serialised into binary “.pkl* files for efficient disk loading during model training and
evaluation.

This structured preprocessing pipeline ensures temporal alignment and modality consistency, facilitating
robust training and evaluation of both unimodal and multimodal personality prediction models.
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3.2 Model architectures

To capture the diversity of behavioural signals exhibited through spoken language, vocal prosody, and facial
expressions, we design a modular deep learning architecture consisting of three dedicated subnetworks; each
responsible for a specific modality: text, audio, or video. These subnetworks extract modality-specific embed-
dings, which are then fused and passed through a shared regression head to predict the Big Five trait scores.
The overall design supports flexible inclusion or exclusion of input modalities and is optimised using the Mean
Squared Error (MSE) loss. To formally describe the system design, we provide pseudo-algorithms detailing the
core operations of each subnetwork and the fusion step.

Computational efficiency was a key design consideration in the proposed multimodal framework. Instead
of employing computationally expensive 3D convolutional networks for video processing, we adopt residual
dilated separable convolutions combined with sparse frame sampling and attention-based temporal modelling.
This design significantly reduces the number of parameters and floating-point operations while preserving tempo-
ral sensitivity. Similarly, modality-specific subnetworks operate independently, allowing for selective activation
based on the availability of input modalities. These architectural choices allow the framework to scale efficiently
without compromising prediction accuracy.

3.2.1 Transcription subnetwork: transcriptionSubNet

To comprehensively model behavioural patterns encoded in linguistic expressions, we design a dedicated text-
based subnetwork termed TranscriptionSubNet. This subnetwork operates as a core component of the broader
multimodal architecture, which includes parallel branches for audio and visual modalities. Each subnetwork
independently extracts salient features from its respective modality, culminating in a unified multimodal repre-
sentation for personality trait prediction.

As illustrated in Fig. 2, TranscriptionSubNet processes raw textual transcripts derived from speech through a
hierarchical series of neural components. The input transcript undergoes tokenisation and embedding using a pre-
trained BERT encoder, followed by a bidirectional LSTM layer to capture contextual dependencies. Multi-head
self-attention is then applied to emphasise semantically relevant parts of the sequence. The resulting attention-
enhanced representations are pooled and passed through a projection layer to obtain a compact 128-dimensional
feature vector, which encapsulates the linguistic characteristics pertinent to personality inference. The complete
computational flow is formalised in Algorithm 1.

3.2.2 Audio subnetwork: audioSubNet

To extract affective and personality-relevant cues from the auditory channel, we employ a dedicated audio sub-
network referred to as AudioSubNet. This component is designed to capture both local spectral features and
global temporal dependencies inherent in speech signals. As depicted in Fig. 3, the audio input is represented

w
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Fig. 2 Workflow of transcription sub network.
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Algorithm 1 Transcription subnetwork: TranscriptionSubNet

1: Input: Transcript T

2: Tokenization: (input_ids, attention_mask) = BERT _Tokenizer(T')

: Embedding: £ = BERT_Embedding(input_ids, attention_mask) > BERT is
frozen

w

4: Sequence Encoding: H = BiLSTM(FE)
5: Self-Attention: A = MultiHeadAttention(H, H, H)
6: Pooling: P = Mean(A)
7. Projection: Fiey = ReLU(Linear(P))
8. Output: Feature vector Fieyy € R128
T T T T ~N 7 - - ---- - oy
d v/ — —
' ; (! !
| = (! Al I
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Fig. 3 Workflow of audio sub network

Algorithm 2 Audio Subnetwork: AudioSubNet

. Input: MFCC tensor A € R?4x1319x1
: Conv Block 1: C; = MaxPool2D(LeakyReLU(BN(Conv2D3y3 16(A4))))
: Conv Block 2: (; = MaxPool2D(LeakyReLU(BN(Conv2D3y 3 32(C4))))
Conv Block 3: C5 = MaxPool2D(LeakyReLU(BN(Conv2D3y3 64(C2))))
. Flatten: F = Reshape(C3) € REX6* [ is the flattened temporal dimension
Temporal Encoding: H = MultiHead Attention(F, F, F')
: Pooling: P = Mean(H)
: Projection: Fj,qio = ReLU(Linear(P))
. Output: Feature vector Fuugio € R'?8

© ® N G W N e

using Mel-Frequency Cepstral Coefficients (MFCCs), which are widely adopted in speech-based affective com-
puting. These MFCC features are processed through a series of convolutional layers to encode spatial hierarchies,
followed by a Multi-Head Attention (MHA) mechanism to model long-range temporal interactions in the speech
signal. The final output is a compact feature vector encoding the speaker’s acoustic behaviour. The computational
workflow of the audio subnetwork is detailed in Algorithm 2.

3.2.3 Visual subnetwork: VisualSubNet

The visual subnetwork, illustrated in Fig. 4 and detailed in Algorithm 3, extracts expressive spatiotemporal
features from input video sequences. Each frame is independently processed by a Residual Dilated Separable
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Fig. 4 Work flow for video sub network.

Algorithm 3 Visual Subnetwork: VisualSubNet

. Input: Video tensor V € RTXHxWx3 >T =6, H=W =128
:fort=1toT do
F, =Vt > Extract frame ¢
R, = RDSC_Block(F})
end for

Stack: R = Stack(Ry, Ry, ..., Ry) € RTxhxwxe

Reshape: Ry, = Reshape(R) € RT*(hw-e)

Temporal Encoding: H = MultiHead Attention(Raat, Reat, Raat)
Pooling: P = Mean(H)

Projection: Fyiqeo = ReLU(Linear(P))

. Output: Feature vector Fiiqeo € R23

© ® 3R W

=
=l

Algorithm 4 Fusion and Regression Head

Input: Feature vectors Fiext, Faudio, Fvideo
Concatenation: F = Concat(Fiexs, Faudio, Fvideo)
Dense Layer: H; = Dense(256)(F)

Dropout: Hy = Dropout(H;)

Prediction: § = Sigmoid(Dense(5)(Hz))
Output: Personality trait vector § € R®

AN S A

Convolution (RDSC) block to capture multiscale spatial information with low computational overhead. The
resulting frame-level embeddings are stacked and reshaped before being passed to a Multi-Head Self-Attention
(MHA) module, which models temporal dependencies and highlights salient facial dynamics across frames. By
applying self-attention over the stacked embeddings, the network effectively captures temporal relationships
while alleviating the limitations of sparse frame sampling. Finally, the attention outputs are temporally pooled
and linearly projected to produce a fixed-length visual feature vector representing the temporally aware facial
characteristics of the input sequence.
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Algorithm 5 Training Pipeline

1: for epoch =1 to 50 do

2 for each mini-batch (X,Y") in training set do
3: Y = ForwardPass(X)

4 L =MSE(Y,Y)

5 Backpropagate £

6 Update using Adam optimizer

7: ClipGradients (max_norm = 1.0)

8 end for

9: Save model if validation loss improves

10: end for

3.2.4 Fusion and regression head

To integrate the diverse information captured by the modality-specific subnetworks, we employ a fusion strategy
followed by a regression head to predict the five personality trait scores. As shown in Algorithm 4, the standard
approach involves concatenating the high-level feature vectors extracted from the text, audio, and visual subnet-
works. This unified representation is then processed through fully connected layers with non-linearity and regu-
larisation, culminating in a sigmoid-activated output layer for multi-trait prediction. We also experimented with
multiple fusion paradigms—namely, early fusion, late fusion, and tensor-based attention fusion to evaluate their
comparative effectiveness in capturing cross-modal dependencies.

3.2.5 Training pipeline

To optimise the multimodal personality prediction model, we adopt a supervised training pipeline grounded in
robust deep learning practices. The model is trained for a fixed number of 10 epochs using the Adam optimiser,
which is well-suited for handling sparse gradients and dynamically adjusting learning rates. Mean Squared Error
(MSE) is employed as the loss function to minimise the deviation between predicted and ground truth personality
scores across the Big Five dimensions.

To enhance training stability and prevent exploding gradients, gradient clipping with a maximum norm of
1.0 is applied. Furthermore, a validation-based checkpointing mechanism is incorporated to preserve the best-
performing model weights, ensuring generalizability. The entire pipeline operates on mini-batches to leverage
parallelism and improve convergence efficiency. The training procedure is summarised in Algorithm 5.

3.3 Multimodal fusion

Multimodal fusion lies at the core of our proposed framework, enabling the integration of complementary infor-
mation derived from text, audio, and visual streams. While each modality offers valuable cues about human
behaviour and personality, their combination provides a more complete and nuanced representation of the sub-
ject, consistent with real-world human perception. In this study, we plan to implement and evaluate three primary
fusion strategies: early fusion, late fusion, and attention-based fusion.

Early fusion: Early fusion involves concatenating the modality-specific feature representations before feeding
them into the final prediction layers. In our architecture, 128-dimensional embeddings from the text (BiLSTM),
audio (CRNN), and video (RDSN-MHA) subnetworks will be concatenated into a single 384-dimensional vector
when all modalities are active. This combined representation will then be passed through fully connected layers
for joint trait prediction. Early fusion allows the model to learn interdependencies across modalities during train-
ing, often leading to better generalisation when modalities are strongly correlated.
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Late fusion: In the late fusion framework, modality-specific features are independently processed through their
respective deep sub-networks and prediction heads, each optimised to estimate the Big Five trait scores from text,
audio, and visual inputs. Each modality produces its own set of trait-wise predictions using separate regression
layers. These unimodal outputs are subsequently aggregated using soft averaging to produce the final personality
prediction. This strategy emphasises independent learning per modality while maintaining simplicity and robust-
ness in the fusion step. It is particularly effective when the modalities contribute complementary information and
are variably informative across different traits.

Attention-based fusion: We implement an attention-driven intermediate fusion strategy that integrates modal-
ity-specific embeddings from text, audio, and visual branches. Features extracted from each unimodal backbone
are first projected into a common embedding space and then concatenated as a modality sequence. A multi-head
self-attention mechanism is applied across this stacked representation, allowing the model to dynamically learn
inter-modal dependencies and context-aware weighting of each modality. The attention output is subsequently
aggregated through mean pooling to form a unified representation, which is passed through a regression head to
predict the Big Five personality scores. This approach enables the model to capture nuanced interactions between
modalities and selectively attend to salient features relevant for each personality trait.

To further control computational overhead during multimodal fusion, we restrict cross-modal interactions to
compact feature embeddings rather than raw feature maps. Fusion is performed on low-dimensional represen-
tations (128-d per modality), thereby avoiding the high cost of tensor fusion. Additionally, late fusion enables
independent unimodal inference, reducing redundant computation when certain modalities are unavailable. This
design ensures that the framework remains suitable for deployment in resource-constrained environments.

4 Design considerations and evaluation outcomes

This section presents the empirical evaluation of our proposed multimodal framework for predicting the Big Five
personality traits. We analyse the contribution of individual modalities, assess the impact of different fusion strat-
egies, and examine interpretability using XAl methods. All models were trained for 10 epochs on two NVIDIA
DGX H100 GPU nodes using the Chal.earn dataset under consistent hyperparameter settings.

4.1 Unimodal and multimodal modality performance

To understand the role of each input modality and their combinations, we trained the model using different modal-
ity configurations: audio, visual, text (transcription), and their bimodal and trimodal combinations. Table 2 sum-
marises the train, validation, and test MSE losses. The unimodal results in Table 2 also reflect scenarios where
other modalities are absent, effectively serving as modality-missing cases. Owing to the late fusion strategy, the
proposed framework degrades gracefully when one or more modalities are unavailable.

The results reveal several important findings:

Table 2 Model perfor- Input modalities Train loss Validation loss Test loss

mance across different input Audio 0.0159 0.0182 0.0179

modalities (MSE Loss) Visual 0.0197 0.0219 0.0194
Transcription (Text) 0.0152 0.0198 0.0199
Audio + Transcription 0.0126 0.0177 0.0178
Video + Transcription 0.0145 0.0185 0.0182
Audio + Video 0.0155 0.0173 0.0170
Audio + Video + Transcription 0.0122 0.0168 0.0161
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e Unimodal insights: Among the individual modalities, audio yields the best test performance (MSE = 0.0179),
followed by visual (0.0194) and transcription (0.0199). This underscores the importance of prosodic and
acoustic features in conveying personality cues such as Extraversion and Neuroticism.

® Bimodal trends: Fusion of two modalities consistently improves performance. For instance, combining au-
dio with video or text significantly reduces test loss. Notably, the audio+video configuration outperforms the
audiottext configuration, suggesting that complementary non-verbal cues strengthen prediction accuracy.

e Trimodal advantage: The combination of all three modalities achieves the lowest test loss (MSE = 0.0161).
This supports our hypothesis that “3D personality modelling” effectively captures linguistic, vocal, and visual
traits holistically.

® Generalisation capacity: Across all configurations, training and validation/test losses are well-aligned, sug-
gesting strong generalisation and minimal overfitting.

4.2 Fusion strategy performance across big five traits

To assess the efficacy of multimodal fusion strategies in predicting the Big Five traits, we evaluated three distinct
fusion approaches: early fusion (feature-level concatenation), late fusion (ensemble of unimodal regressors), and
attention-based fusion (transformer-enabled cross-modal attention with late stacking). The models were evalu-
ated using Mean Squared Error (MSE), Mean Absolute Error (MAE), and the coefficient of determination (R?).
Table 3 presents a comprehensive comparison across these metrics.

o Trait-wise modality insights: Performance variation across traits highlights modality sensitivities. Extraversion
and Neuroticism achieve better R? scores with Late Fusion, suggesting stronger individual modality contri-
butions, particularly from audio and visual channels. Text-rich traits, such as Openness, show marginal gains
under Attention Fusion, reflecting improved representation learning.

e Fusion strategy comparison: All three strategies yield comparable average MSEs (0.0161), but Attention Fu-
sion offers the best overall MAE (0.1014) and highest average R? (0.2528), indicating slightly better generali-
sation and predictive fidelity across traits.

e Attention fusion advantage: The attention-based mechanism combines transformer-driven cross-modal inte-
gration with ensemble stacking, allowing the model to dynamically prioritise salient modalities per trait. This

Table 3 Performance com- Trait Metric Early fusion Late fusion Attention fusion
parison of fusion strategies  Extraversion MSE 0.0170 0.0168 0.0168
across big five traits MAE 0.1049 0.1039 0.1045
R2? 0.2458 0.2559 0.2554
Neuroticism MSE 0.0166 0.0171 0.0166
MAE 0.1025 0.1043 0.1025
R? 0.2929 0.2727 0.2915
Agreeableness MSE 0.0148 0.0149 0.0148
MAE 0.0970 0.0976 0.0968
R2 0.1660 0.1593 0.1687
Conscientiousness MSE 0.0171 0.0166 0.0169
MAE 0.1040 0.1042 0.1044
R2 0.2673 0.2855 0.2749
Openness MSE 0.0150 0.0153 0.0152
MAE 0.0983 0.0991 0.0987
R2 0.2815 0.2691 0.2737
Average MSE 0.0161 0.0161 0.0161
MAE 0.1013 0.1018 0.1014
R2 0.2507 0.2485 0.2528
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adaptability subtly improves performance and justifies the inclusion of such architectures in personality trait
regression tasks.

4.3 Model eXplainability through saliency analysis

To improve the interpretability of our multimodal personality recognition framework, we employed saliency-
based attribution techniques across the text, audio, and visual modalities. These visualisations offer insight into
which input features most influenced the model’s trait-specific predictions, facilitating transparency and human-
aligned explanations.

4.3.1 Text modality

For the textual stream, we computed token-level saliency scores by backpropagating gradients through the
BERT+BiLSTM encoder. As depicted in Fig. 5, tokens with emotional or social significance—such as “rude”,
“honesty”, and “opinion”, showed strong activations. These salient tokens aligned closely with predictions for
traits like Openness and Conscientiousness, suggesting that the model effectively attends to semantically rich
linguistic cues when reasoning about personality.

4.3.2 Audio modality

Saliency maps for the audio stream were generated over Mel-Frequency Cepstral Coefficients (MFCCs), high-
lighting the temporal and spectral features most influential to trait inference. As shown in Fig. 6, MFCC channel
2 exhibited consistently high activation across several time steps, which corresponds to variations in vocal pitch,
tone, and energy—acoustic attributes known to relate to emotional expressiveness. These patterns were particu-
larly relevant for traits like Neuroticism and Extraversion, reinforcing the model’s ability to localise prosodic
indicators of personality.

4.3.3 Visual modality: Grad-CAM analysis

To interpret the visual stream, we applied Gradient-weighted Class Activation Mapping (Grad-CAM) to the
outputs of the visual subnetwork. These heatmaps reveal spatial regions of input video frames that were most
influential for trait-specific predictions.

Figure 7 presents Grad-CAM visualisations for the Agreeableness (AGR) trait across three representative sam-
ples. Sample 0 shows high activation around the eyes and jawline, often associated with empathetic expressions.
In Sample 1, the model focuses on the mouth and cheeks—regions tied to expressive speech and emotional cues.
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Fig. 5 Token-wise saliency heatmap for transcription input. High-activation words correlate with psychologically relevant
features.
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Fig.6 Saliency visualisation over MFCC spectrogram (Audio input). Warm regions represent time-frequency segments with
strong predictive influence.

Fig. 7 Grad-CAM visualisa-
tions for the AGR (Agree-
ableness) trait across three
samples. Warm regions indi-
cate high visual importance in

the prediction. Sample 0 Sample 1

Fig. 8 Visual saliency maps . -

for Sample 4 across the

Big Five traits. Highlighted

regions denote the spatial

focus of the model’s predic-

tion for each personality
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Despite a neutral appearance in Sample 2, activations are concentrated on the forehead and mid-face, indicating
the model’s sensitivity to subtle facial dynamics.

All three samples correspond to a ground-truth AGR label of 0. The relatively diffuse activation across the
face reflects the model’s low confidence in predicting high Agreeableness, reinforcing its discriminative capacity.
These results suggest that the visual stream can capture fine-grained, psychologically valid indicators of personal-
ity traits.

4.3.4 Visual modality: trait-wise saliency comparison

To further investigate how facial regions contribute differently to each trait, we computed gradient-based saliency
maps across the Big Five traits for a single individual. Figure 8 displays the results for Sample 4. Each map high-
lights areas the model relied upon when predicting a specific personality dimension.

We observe that the AGR and EXT maps emphasise the mouth and cheek regions, likely reflecting the model’s
focus on expressiveness and sociability. The NEU map shows concentrated attention around the eyes and lower
face—areas associated with emotional strain or tension. In contrast, the OPN map displays widespread activation
around the eyes and brows, possibly indicating curiosity or reflective cues. These distinctions support the model’s
capability to learn nuanced, trait-specific facial representations.

These saliency-based analyses validate that the model’s decisions are grounded in modality-specific, psy-
chologically interpretable features. Across text, audio, and video, the model demonstrates coherent attention
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to emotionally and socially salient cues—supporting the trustworthiness and transparency of our system. These
findings not only affirm the internal reasoning of the model but also highlight its potential utility in real-world,
human-centric personality assessment applications.

5 Conclusion

This study introduces a modular, multimodal deep learning framework for predicting Big Five personality traits
using text, audio, and visual cues. We systematically evaluated three fusion strategies—early, late, and attention-
based—and found that attention-based fusion achieved the best overall performance, with the lowest average MSE
(0.0161), MAE (0.1014), and highest 12? score (0.2528). Attention fusion effectively captured cross-modal inter-
actions and showed superior adaptability across traits, particularly for Neuroticism and Openness.

Our results further reveal that different traits are predominantly expressed through different modalities: vocal
cues for Extraversion and Neuroticism, linguistic patterns for Openness and Conscientiousness, and visual signals
for Agreeableness. The trimodal setup outperformed all unimodal and bimodal baselines, affirming the impor-
tance of holistic 3D personality modelling.

We also incorporated interpretability through saliency-based analyses, uncovering psychologically meaning-
ful features influencing predictions—enhancing both model transparency and user trust. Overall, the attention-
based approach, supported by explainability tools, provides a balanced solution that combines performance and
interpretability.

The ChaLearn First Impressions V2 dataset is predominantly composed of samples from Europe and North
America, which may introduce cultural bias and limit cross-cultural generalisation. While the present study
focuses on architectural design and multimodal fusion strategies, future work will evaluate the proposed frame-
work on more culturally diverse datasets to enhance fairness and generalisability. In addition, future extensions
will investigate time-aligned temporal modelling, cross-cultural validation, and the integration of additional
behavioural signals—such as gaze dynamics and physiological cues—to develop more human-aware and culturally
robust personality recognition systems. Finally, advanced model compression techniques, including structured
pruning, quantisation-aware training, and cross-modal knowledge distillation, will be explored to improve scal-
ability for edge and embedded deployments.
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