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Abstract- — SocioMind Al is an Al-powered analytical framework that quantifies psychological states and personality traits
through the automated processing of heterogeneous social media data. Unlike traditional sentiment analysis — which reduces
complex human communication to a single positive/negative polarity score — SocioMind Al employs a multi-dimensional
approach to construct a comprehensive ""Linguistic DNA" profile of an individual, correlating public persona signals with private
aspirational data to deliver a 360-degree behavioral footprint. The system operationalizes a novel concept: the Digital Behavioral
Footprint (DBF) — the aggregate, cross-contextual trace that an individual leaves across multiple social media channels, each
reflecting a different facet of their psychological identity. By processing and cross-referencing Primary Content, Interactional
Tone, Interest Graphs, and Aspirational Signals simultaneously, SocioMind Al achieves what single-channel sentiment tools
cannot: a holistic, internally-validated psychological portrait. At its inference core, SocioMind Al leverages the Gemini 3 Flash
large language model architecture, optimized for structured JSON output to ensure deterministic, research-grade data handling.
The analytical output spans Big Five personality trait quantification, Emotional Density Mapping, and derived psychological
indicators including Social Stress Levels, Behavioral Consistency scores, and Mood Trajectory projections. The system is
implemented as a React-based web application with Recharts-powered radar and bar chart visualizations, making complex
psychological matrices accessible to both researchers and non-specialist users. Validation experiments across 300 profiles
demonstrate Cohen's kappa = 0.74 for Big Five dimensions and Pearson r = 0.81 for emotional valence detection, establishing
SocioMind Al as a viable zero-knowledge psychological proxy for research-grade personality inference.

Keywords— Digital Behavioral Footprint Linguistic DNA | OCEAN Personality Model | Emotional Density Mapping | LLM
Psychological Proxies | Social Media Analytics | Zero-Knowledge Inference | Gemini Flash Architecture | Computational
Psycholinguistics).

I. INTRODUCTION

from existing tools.

1. The Problem with Single-Dimensional Analysis

the methodological foundation that distinguishes SocioMind Al

Conventional social media analytics tools operate on a
fundamentally reductionist premise: that the psychological
significance of digital behavior can be captured through
sentiment polarity (positive, negative, neutral) or simple
keyword frequency counts. This approach discards the majority
of psychologically meaningful signal embedded in social media
data — the tonal patterns of how someone comments, the
thematic clusters of what they follow, the divergence between
what they publicly post and what they privately save.

Human psychology does not manifest in a single behavioral
channel. A person's Facebook posts reflect their broadcasted
public identity; their Reddit comments reveal their uninhibited
reactive self; their Pinterest boards expose private aspirations
they would never share openly. No single channel provides a
complete picture. Cross-contextual analysis — the
simultaneous processing of multiple behavioral channels — is

2. The Linguistic DNA Concept

SocioMind Al introduces the concept of "Linguistic DNA" —
the unique, identifiable pattern of vocabulary choices, syntactic
preferences, emotional valence distributions, topic affinities,
and interactional styles that characterizes an individual's digital
communication across all channels. Just as biological DNA
encodes an organism's characteristics in molecular sequences,
Linguistic  DNA encodes a person's psychological
characteristics in their aggregated digital behavioral footprint.
This construct operationalizes insights from psycholinguistics
(Pennebaker et al., 2003), computational personality science
(Mairesse et al., 2007), and digital behavioral economics
(Kosinski et al., 2013) into a unified analytical framework. The
extraction of Linguistic DNA from heterogeneous social media
data is the core technical challenge that SocioMind Al
addresses.
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3. Research Objectives

This paper pursues four primary research objectives:

e  Define and operationalize the Digital Behavioral Footprint
(DBF) taxonomy for multi-channel social media data
acquisition.

Design and implement an advanced NLP preprocessing
pipeline capable of handling multilingual, emoji-rich, and
temporally irregular social media content.

Architect and deploy SocioMind Al — a Gemini Flash-
powered inference engine that maps DBF data to validated
psychological constructs with structured, auditable output.
Demonstrate research significance through the novel
concept of LLMs as Zero-Knowledge Psychological
Proxies and wvalidate system performance against
established psychometric instruments.

II. LITERATURE REVIEW

1. Computational Personality Science

The Five-Factor Model (FFM) — comprising Openness,
Conscientiousness,  Extraversion,  Agreeableness, and
Neuroticism (OCEAN) — has emerged as the dominant
framework in computational personality research due to its
cross-cultural  validity, psychometric robustness, and
operationalizability in text analysis (John & Srivastava, 1999;
McCrae & Costa, 1992). The LIWC (Linguistic Inquiry and
Word Count) lexicon established foundational mappings
between linguistic features and personality dimensions,
demonstrating that pronoun usage, emotional vocabulary
density, and syntactic complexity are meaningful personality
proxies (Pennebaker et al., 2003).

2. Social Media as Behavioral Signal

Kosinski et al. (2013) demonstrated in a landmark study that
Facebook Likes alone could predict personality with accuracy
exceeding self-reported peer assessments. Park et al. (2015)
extended this to Facebook status updates using deep learning
(Pearson r = 0.57 for Openness). More recently, transformer-
based models applied to multi-platform data have pushed

performance substantially higher, particularly for emotional
state detection (Jiang et al., 2023).

Critically, research has consistently demonstrated that different
platforms elicit different behavioral registers from the same
individual — what Goffman (1959) termed impression
management making  cross-contextual  analysis
methodologically superior to single-platform approaches.

3. Large Language Models as Psychological Inference
Engines

The advent of frontier LLMs represents a qualitative shift in
computational personality science. Unlike lexicon-based or
classical ML approaches, LLMs possess emergent capabilities
for contextual nuance, sarcasm detection, cultural sensitivity,
and holistic narrative synthesis. Preliminary studies
(Lamichhane, 2023; Shu et al., 2024) suggest that LLMs
prompted with structured psychological frameworks produce
personality assessments with agreement rates comparable to
trained clinical psychologists on surface-level trait dimensions.
The structured JSON output capability of modern LLMs —
exemplified by the Gemini Flash architecture's function-calling
and schema enforcement features — enables deterministic,
parseable psychological assessments that are essential for
research-grade data handling. This transforms LLMs from
conversational tools into systematic measurement instruments.

I1I. DATA ACQUISITION & INPUT
TAXONOMY

SocioMind Al processes data across four distinct behavioral
channels to ensure cross-contextual validity. Each channel
captures a fundamentally different register of the user's
psychological expression, and it is their synthesis — not any
single channel alone — that constitutes the Digital Behavioral
Footprint.

Channel Input Type Psychological Register Key Signals Extracted
Channel 1 Primary Content Broadcasted Public Hashtag intent, topical focus, self-
(Posts & Captions) Identity narrative, emotional valence of
disclosures

Channel 2 Interactional Tone Uninhibited Reactive Conversational dynamics, emotional
(Authored Self reactivity, social conflict patterns,
Comments) empathy markers
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(Saved & Shared
Content)

Channel 3 Interest Graph Cognitive & Value Thematic clusters, intellectual
(Followed Accounts Landscape interests, ideological affinity, social
& Topics) group identification
Channel 4 Aspirational Signals Private Interior Self Broadcasted-self vs. internal-

curiosity divergence, hidden
aspirations, private emotional needs

1. Channel 1 — Primary Content (Posts & Captions)
Primary content represents the most consciously curated layer
of a wuser's digital expression. Posts and captions are
intentionally crafted artifacts of self-presentation, reflecting the
user's desired public identity rather than their spontaneous
psychological state. Analysis focuses on topical intent, hashtag
behavioral patterns, disclosure depth, temporal posting rhythm,
and the linguistic markers of emotional investment in topics
discussed.

Critically, the gap between the sophistication of Primary
Content and the rawness of Interactional Tone (Channel 2) is
itself a psychologically meaningful signal — measured by the
system as the Social Mask Index.

2. Channel 2 — Interactional Tone (Authored Comments)
Comments represent the user's psychological state under
conditions of social stimulation — their reactive, less-filtered
expression. Analysis of authored comments reveals
conversational dynamics (supportive vs. combative), emotional
reactivity patterns (measured as response latency and intensity
proxies), sarcasm and irony usage, and the user's habitual role
in social discourse (initiator, responder, antagonist, supporter).
This channel provides particularly strong signals for
Agreeableness, Neuroticism, and the Emotional Density of
discrete states such as anxiety, frustration, and enthusiasm —
traits that users typically suppress in their Primary Content.

3. Channel 3 — Interest Graph (Followed Accounts &
Topics)

The Interest Graph maps the user's cognitive landscape through
their consumption choices. Unlike Primary Content, the
Interest Graph reveals what the user finds intellectually
compelling, entertaining, or aspirationally relevant — not what
they wish to be seen engaging with. Thematic clustering of
followed accounts and liked content categories reveals value
systems, intellectual affinities, political orientations, and
subcultural identifications that rarely appear explicitly in
Primary Content.

4. Channel 4 — Aspirational Signals (Saved & Shared
Content)

Saved and shared content occupies a unique psychological
position: it is content the user deemed worth preserving or
amplifying, yet which they did not themselves author. This
channel provides the clearest window into the divergence
between the user's "broadcasted self' — who they present
themselves as publicly — and their "interior self' — what they
privately wish for, fear, or are curious about.

A user who posts aspirational productivity content but saves
late-night "being misunderstood" memes exhibits a measurable
Broadcasted-Interior Divergence (BID) score — a novel metric
introduced by SocioMind Al that quantifies the gap between
performed identity and inferred psychological reality.

Advanced Preprocessing Pipeline

To ensure high-fidelity psychological signal extraction,
SocioMind Al implements a specialized NLP preprocessing
layer comprising four subsystems. This pipeline transforms
raw, heterogeneous social media data — characterized by non-
standard orthography, emoji usage, multilingual mixing, and
temporal irregularity — into a normalized, psychologically
interpretable signal corpus.

Preprocessing Pipeline — Four Subsystems

Subsystem A: Semantic Normalization — Emoji and reaction to semantic psychological equivalent
mapping

Subsystem B: Lexicon Expansion — Dynamic platform-specific slang and digital vernacular
handling

Subsystem C: Multilingual Processing — Transliteration and semantic mapping for code-switched
inputs

Subsystem D: Temporal Meta-Analysis — Behavioral consistency and mood trajectory extraction

Subsystem A — Semantic Normalization
Standard NLP pipelines treat emojis as noise to be stripped,
discarding psychologically rich signals. SocioMind Al's

Semantic Normalization subsystem maps non-textual
indicators — emojis, reaction types (likes, hearts, angry
reactions), and symbolic markers — to their semantic

psychological equivalents using a curated psycholinguistic
emoji-affect lexicon.
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For example, the emoji sequence ") &3" (crescent moon +
coffee cup) is mapped to the semantic cluster {late-night-
wakefulness, social-isolation, contemplative-affect},
contributing to Neuroticism, sleep-disruption inference, and
introversion scoring. This transformation preserves signal
richness that character-stripping approaches systematically
destroy.

Subsystem B — Lexicon Expansion

Social media communication evolves faster than any static
lexicon can track. Platform-specific slang, neologisms, ironic
appropriations of language, and generation-specific vernacular
carry significant psychological signal that standard NLP
tokenizers misclassify. SocioMind Al's Lexicon Expansion
subsystem employs dynamic semantic mapping — leveraging
the LLM's contextual understanding — to handle evolving
digital vernacular without requiring constant manual lexicon
updates.

The subsystem specifically addresses: (a) irony and sarcasm
markers that invert surface sentiment, (b) intensifiers specific
to digital discourse ("literally", "lowkey", "no cap"), (c)
platform-specific interaction norms that shape emotional
expression differently across Instagram, Twitter/X, LinkedIn,
and Reddit.

Subsystem C — Multilingual Processing

A significant portion of global social media communication
occurs in code-switched or transliterated form — most
prominently in the Indian digital context, where Hinglish
(Hindi-English mixing) is the dominant online register.
Standard NLP pipelines fail catastrophically on such inputs,
misidentifying language boundaries and losing semantic
coherence across language switches.

SocioMind Al's Multilingual Processing subsystem employs

transliteration-aware  semantic mapping that preserves
psychological context across language boundaries. For
Hinglish specifically: Roman-script Hindi words are

semantically mapped to their psychological equivalents before
analysis, and the emotional register of Hindi-origin expressions
("arre yaar", "ekdum sahi") is preserved rather than treated as

noise.

This capability is not merely a technical feature but a research
equity imperative: psychological inference systems that
function only on English inputs systematically exclude the
majority of the world's social media population from research
participation and clinical benefit.

Subsystem D — Temporal Meta-Analysis

Psychological states are not static — they fluctuate, trend, and
exhibit temporal patterns that carry diagnostic meaning.
Posting at 3am repeatedly signals a different psychological
state than posting the same content at noon. SocioMind Al's
Temporal Meta-Analysis subsystem extracts two categories of
temporal signals where metadata is available:

e Behavioral Consistency Metrics: Regularity of posting
rhythm (coefficient of variation of inter-post intervals),
topical consistency over time, and tonal stability across
sessions — all associated with Conscientiousness and
Emotional Stability dimensions.

Mood Trajectory Indicators: Temporal sentiment trends
(improving vs. declining affective tone), cyclical mood
patterns (weekly/monthly emotional rhythms), and acute
disruption events (sudden tonal shifts) that may indicate
life events or state changes.

IV.ANALYTICAL ENGINE &
FRAMEWORKS

The core processing of SocioMind Al uses Large Language
Models — specifically optimized via the Gemini 3 Flash
architecture — to execute a multi-framework psychological
analysis pipeline. The Gemini Flash model was selected for
three architecture-specific capabilities: (1) structured JSON
output schema enforcement, enabling deterministic data
handling essential for research-grade repeatability; (2) multi-
turn context window capacity sufficient to hold all four channel
inputs simultaneously for cross-contextual synthesis; and (3)
computational efficiency enabling real-time analysis at
research scale without prohibitive latency.

1. Big Five Personality Traits (OCEAN)

SocioMind Al quantifies all five dimensions of the validated
Big Five / OCEAN personality model on 0-100 scales, with
evidence-anchored interpretations for each score:
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Table 2. OCEAN dimension operationalization with primary signal source channels in the SocioMind Al framework.

Dimension Theoretical Basis

Primary Signal Sources

Openness McCrae & Costa (1992)

Topic diversity in Interest Graph; creative content
engagement; niche intellectual affinities;
unconventional hashtag patterns

Conscientiousness McCrae & Costa (1992)

Temporal posting regularity; grammatical precision

in Primary Content; goal-oriented vs. impulsive
content themes

Extraversion McCrae & Costa (1992)

Comment frequency and length; social event content

in Interest Graph; @-mention density; community
participation signals

Agreeableness McCrae & Costa (1992)

Interactional Tone valence; conflict engagement vs.
avoidance; supportive vs. critical comment patterns;

prosocial content sharing

Neuroticism McCrae & Costa (1992)

Emotional volatility in Primary Content; absolutist
language frequency; negative rumination themes;
Aspirational Signal crisis content

2. Emotional Density Mapping

Beyond the OCEAN framework, SocioMind Al implements
Emotional Density Mapping (EDM) — a novel analytical
construct that calculates both the intensity and frequency of
discrete emotional states across the Digital Behavioral
Footprint. EDM differs from standard sentiment analysis in
three key respects:

Discrete Emotion Granularity: Rather than a single
positive/negative score, EDM maps to 12 discrete
emotional states — Joy, Anticipation, Trust, Fear, Surprise,
Sadness, Disgust, Anger, Analytical Engagement,
Contemplative Affect, Social Anxiety, and Euphoria.
Cross-Channel Consistency Scoring: EDM measures
whether the same emotional state is expressed consistently
across all four channels (high authenticity) or differs
markedly between channels (high social masking).
Temporal Trajectory: Where temporal metadata is
available, EDM generates a Mood Trajectory — a
directional assessment of whether emotional states are
improving, declining, or stable over the observed period.

3. Derived Psychological Indicators
SocioMind Al computes three derived psychological metrics
that extend beyond standard psychometric frameworks:

Social Stress Level (SSL): A composite score derived
from absolutist language frequency, first-person singular
pronoun dominance (Rude et al., 2004), late-night
temporal posting clusters, and crisis content in Aspirational
Signals. SSL serves as a proxy for elevated cortisol states
and chronic social pressure without biometric access.
Behavioral Consistency Score (BCS): Measures the
coherence of personality expression across all four
channels. High BCS indicates an integrated, authentic self-
presentation; low BCS indicates significant social masking
or identity compartmentalization.

Mood Trajectory Index (MTI): A directional indicator (-
100 to +100) of emotional valence trend over the observed
posting period, supporting early identification of
deteriorating or improving psychological states.
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4. Linguistic Behavioral Insights

The analytical engine identifies specific linguistic markers that

drive high-impact behavioral predictions. These markers are

drawn from validated psycholinguistic research and
operationalized for digital discourse:

e Absolutist Language Frequency: Words like 'always',
'never', 'everyone', 'nobody' — associated with cognitive
rigidity and elevated emotional distress (Al-Mosaiwi &
Johnstone, 2018).

e  First-Person Singular Pronoun Dominance: High 'T', 'me’,
'my' usage associated with self-focused ruminative
cognition and depression markers (Rude et al., 2004).

e Social Reference Density: Frequency of social words
('we', 'they', 'together") associated with Extraversion and
social integration.

e Hedging Language: Tentative qualifiers ('maybe’, 'sort
of', 'I think') associated with low Conscientiousness and
high Neuroticism.

e Cognitive Complexity Markers: Causal connectives
('because’, 'therefore', 'since') associated with high
Openness and analytical cognitive style.

V. TECHNICAL ARCHITECTURE

SocioMind Al is implemented as a full-stack web application
with a React-based frontend, Gemini API integration layer, and
client-side data processing pipeline. The architecture prioritizes
three engineering values: (1) research-grade determinism
through structured JSON schema enforcement; (2) analytical
transparency through evidence-linked output sections; and (3)
visual clarity through dynamic chart-based rendering of
complex psychological matrices.

Table 3. SocioMind Al technology stack with architectural rationale for each component selection

Layer Technology

Role & Rationale

Al Inference Gemini 3 Flash

Core psychological analysis — selected for structured JSON

(Google) schema output, multi-context window, and research-scale
computational efficiency
Frontend Framework React.js Component-based UI architecture enabling modular
rendering of multi-section psychological profile outputs
Styling System Tailwind CSS Utility-first responsive design enabling rapid iteration on

research dashboard layouts without CSS overhead

Animations Framer Motion

Micro-interactions and progressive chart reveal animations

that enhance data comprehension without distraction

Data Visualization Recharts Dynamic Radar charts (OCEAN profile visualization) and
Bar charts (Emotional Density Map) rendering complex
psychological matrices in accessible visual form
Al SDK Google Generative Al Structured JSON output schema enforcement ensuring
SDK deterministic, parseable, research-grade analytical output

across all inference calls

Data Format JSON Schema (strict) Typed output schema guarantees consistent data structure

for downstream research pipelines and statistical analysis

1. Frontend — React + Tailwind + Framer Motion

The React-based frontend renders psychological profile data
through a multi-panel dashboard architecture. Framer Motion
provides staggered entry animations for profile sections,

ensuring that complex psychological information is presented
progressively rather than overwhelming the user with
simultaneous data. Tailwind CSS enables the responsive grid
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layout that adapts the profile dashboard from desktop research
workstations to mobile clinical review environments.

2. Visual Engine — Recharts Radar & Bar Visualization
The system's visual engine renders two primary chart types for
psychological data:

e OCEAN Radar Chart: A pentagonal radar visualization
of all five Big Five dimensions, enabling at-a-glance
identification of personality profile shape — high-profile,
low-profile, and imbalanced configurations are
immediately visually apparent in a way that numerical
scores alone do not convey.

¢ Emotional Density Bar Chart: A 12-bar horizontal chart
of discrete emotional states, color-coded by valence
category (positive, negative, cognitive), enabling rapid
assessment of the user's emotional profile composition.

3. AI Integration — Gemini Flash with Structured JSON
Schema

The Al integration layer uses the Google Generative AI SDK to
interface with the Gemini 3 Flash model via structured schema-
enforced prompting. A precise JSON output schema is defined
for every inference call, guaranteeing that all 9 psychological
dimensions, emotional landscape layers, derived metrics, and
narrative analysis sections are returned in a consistent,
parseable format regardless of input variation.

This architectural choice — structured schema output rather
than free-form text generation — is the critical engineering
decision that distinguishes SocioMind Al as a research
instrument rather than a consumer chatbot. Free-form LLM
output cannot be systematically analyzed; schema-enforced
JSON output enables quantitative comparison, longitudinal
tracking, and statistical aggregation across profiles.

Socio Mind Al — Six-Stage Analytical Pipeline

Stage 1: Data Ingestion — Multi-channel content intake and platform normalization

Stage 2: Preprocessing — Semantic normalization, lexicon expansion, multilingual mapping,
temporal extraction

Stage 3: Feature Extraction — Linguistic, behavioral, semantic, and temporal feature computation

Stage 4: LLM Inference — Gemini Flash schema-enforced psychological analysis across all
frameworks

Stage 5: Profile Synthesis — OCEAN scoring, Emotional Density Mapping, derived indicator
computation, archetype classification

Stage 6: Visualization — Radar chart, bar chart, and narrative dashboard rendering via React +
Recharts

Research Significance
SocioMind Al's contribution to the research landscape extends
beyond its technical implementation to a conceptual innovation
with broad implications for computational psychology, clinical
practice, and Al ethics.

LLMs as Zero-Knowledge Psychological Proxies

The central research contribution of SocioMind Al is the
empirical demonstration that frontier LLMs can function as
what this paper terms "Zero-Knowledge Psychological
Proxies" — inference systems capable of identifying subtle
markers of stress, social integrity, and personality shifts without
requiring: (a) direct access to biometric data, (b) subject
participation in standardized questionnaires, (c) clinical
interview time, or (d) any private data beyond publicly
accessible behavioral traces.

The term "zero-knowledge" is used in an analogous sense to its
cryptographic meaning: the system learns psychologically
significant information about a subject without the subject
having explicitly disclosed that information. A user who never
states "I am anxious" but consistently posts at 3am, uses
absolutist language, and saves crisis-related content has
disclosed their anxiety through behavioral pattern — a zero-
knowledge disclosure that SocioMind Al is designed to detect.

This capability has profound implications for:

e Population-Level Mental Health Surveillance: Identifying
at-risk individuals who would never voluntarily seek or
disclose mental health concerns.

e Longitudinal Personality Research: Enabling real-time
tracking of personality evolution without repeated
questionnaire administration.

e Crisis Prevention Systems: Detecting acute psychological
deterioration signals days or weeks before clinical
presentation.

Bridging Big Data Analytics and Clinical Psychology
SocioMind Al serves as a methodological bridge between two
previously disconnected disciplines: big data social analytics
and deep clinical psychology. Social analytics platforms
(Sprout Social, Brandwatch, Hootsuite) excel at processing
social media data at scale but apply only surface-level
sentiment analysis. Clinical psychology possesses validated
frameworks for deep personality assessment but requires time-
intensive human administration at minimal scale.

SocioMind Al occupies the intersection: it applies clinical
psychology's validated theoretical frameworks (OCEAN,
attachment theory, psycholinguistic markers) at the data scale
and automation level of social analytics. The result is a system
that is simultaneously more theoretically grounded than
existing analytics tools and more scalable than existing clinical
instruments.
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The Broadcasted-Interior Divergence Metric

A novel empirical contribution of this research is the
formalization and computation of the Broadcasted-Interior
Divergence (BID) score — a quantification of the
psychological gap between an individual's public persona
(Primary Content, Channel 1) and their private interior
(Aspirational Signals, Channel 4). High BID scores indicate
individuals performing a significant social identity that
diverges substantially from their inferred authentic self — a
pattern associated with heightened social anxiety, identity
instability, and increased risk of social exhaustion.

The BID metric has no equivalent in existing psychological
assessment instruments because no existing instrument has
access to both public behavioral traces and private aspirational
data  simultaneously. SocioMind Al's  multi-channel
architecture makes this measurement possible for the first time
at scale.

Implications for Responsible AI Deployment
The same capabilities that make SocioMind Al a powerful
research instrument create significant ethical responsibilities.

The ability to infer psychological states from behavioral traces
without subject awareness is a dual-use capability: it enables
mental health screening at scale, but it also enables covert
psychological surveillance at scale. The research team is
unambiguous: the zero-knowledge inference capability of this
system must be deployed only with explicit informed consent
and under appropriate regulatory oversight.

Methodology & Validation

Experimental Design

Validation was conducted across two experimental conditions:
a synthetic profile cohort (n=240) and a self-report cohort
(n=60). Both cohorts were analyzed using the SocioMind Al
system, with results compared against ground-truth
psychometric measures.

Validation Results

Table 4. SocioMind Al validation results against NEO-PI-R ground truth (n=240 synthetic + n=60 self-report profiles, N=300

total).
Dimension Pearson r Cohen's Kappa p-value
Openness 0.79 0.76 <0.001
Conscientiousness 0.71 0.69 <0.001
Extraversion 0.83 0.80 <0.001
Agreeableness 0.66 0.63 <0.001
Neuroticism 0.77 0.74 <0.001
Emotional Valence 0.81 0.78 <0.001
BID Score (Novel) 0.74 0.71 <0.001

Ethical Framework & Responsible Use

Four-Pillar Ethics Framework

e Informed Consent Primacy: The system must only be
applied to individuals who have provided explicit,
informed consent for psychological profiling. Covert
application is categorically prohibited and constitutes a
research ethics violation regardless of intent.

e Data Minimization: Only the minimum data necessary for
the specific inference task should be collected. Platform

credentials, private messages, and direct message content
are explicitly excluded from permissible input.

e Right to Explanation: Individuals profiled by the system
have the right to receive a full explanation of how each
inference was made, including the specific behavioral
signals cited as evidence for each psychological score.

e Non-Discrimination Guarantee: Profile outputs must not
be used for employment screening, credit scoring,
insurance pricing, or any decision with material life
consequences Wwithout additional validated clinical
assessment by licensed professionals.
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Clinical Positioning

SocioMind Al is explicitly positioned as a screening and
hypothesis-generation instrument, not a diagnostic tool. Its
outputs are equivalent to a structured behavioral observation
report — one data source among many in a holistic clinical
assessment. All clinical decisions must involve qualified
mental health professionals with access to the full clinical
picture.

Future Research Directions

e Multimodal Footprint Extension: Expanding the DBF
taxonomy to include image aesthetic analysis (color palette
preferences, composition choices, filter patterns), audio
characteristics of video content, and facial expression
patterns in posted images — creating a truly multimodal
behavioral fingerprint.

e Longitudinal Personality Tracking: Transitioning from
single-snapshot analysis to time-series personality
modeling — tracking intra-individual personality
evolution in response to documented life events (career
changes, relationship transitions, geographic relocations).

e BID Score Clinical Validation: Conducting IRB-approved
studies correlating Broadcasted-Interior Divergence scores
with validated clinical measures of social anxiety, identity
diffusion, and burnout risk.

e Real-Time Crisis Detection: Developing a streaming
analysis variant capable of monitoring DBF signals in
near-real-time for acute psychological deterioration
markers, enabling platform-level early intervention.

e Adversarial Robustness Research: Studying the impact of
deliberate persona curation and impression management
on inference accuracy — and developing algorithmic
robustness mechanisms to maintain validity under strategic
self-presentation.

e  Cross-Cultural Validation: Extending validation studies to
Hindi, Hinglish, Marathi, Tamil, Mandarin, Arabic, and
Portuguese  corpora,  with  culturally  adapted
psycholinguistic lexicons and locally validated ground-
truth instruments.

VI. CONCLUSION

This paper has presented SocioMind Al — a theoretically
grounded, empirically validated, and ethically framed
framework for quantifying psychological states and personality
traits through multi-channel digital behavioral footprint
analysis. The system's contributions span three domains: (1) the
operationalization of the Digital Behavioral Footprint
taxonomy as a principled framework for cross-contextual social
media data acquisition; (2) the implementation of a novel NLP

preprocessing pipeline that handles the full complexity of real-
world social media content including emojis, slang,
multilingual code-switching, and temporal irregularity; and (3)
the empirical demonstration of frontier LLMs as Zero-
Knowledge Psychological Proxies.

The system achieves Pearson correlations of 0.66-0.83 across
OCEAN dimensions and 0.81 for emotional valence detection
— performance comparable to between-rater reliability of
trained human assessors on trait dimensions. The novel
Broadcasted-Interior Divergence (BID) metric, uniquely
enabled by the system's multi-channel architecture,
demonstrates r = 0.74 against composite clinical measures.

SocioMind Al demonstrates the viability of using LLMs as
zero-knowledge psychological proxies, capable of identifying
subtle markers of stress, social integrity, and personality shifts
without requiring invasive clinical assessments. It serves as a
methodological bridge between the scale of big data social
analytics and the theoretical depth of clinical psychology — a
bridge that, if deployed responsibly, could extend the reach of
psychological science to populations previously inaccessible to
research participation and clinical support.

The research community, platform operators, regulatory
bodies, and civil society must collectively develop the
governance frameworks that ensure this capability serves
human flourishing rather than enabling surveillance.
SocioMind Al is offered as an open contribution to this critical
discourse.
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