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Abstract

The practical study of digital abuse is severely restricted by a ”Forensic Data
Gap”: privacy regulations rightfully protect users but prevent researchers from
accessing real-world logs of coercive control. To overcome this, we developed a
privacy-preserving framework that generates synthetic, clinically accurate abu-
sive conversations. By anchoring prompts to DSM-5 criteria and embedding
temporal tokens to simulate manipulative pacing, we created a highly realis-
tic dataset. Expert clinical assessment confirmed its fidelity (x = 0.84) and
statistical tests revealed low discriminability between synthetic and real human
dialogues. We trained a DistilBERT sequence model exclusively on this synthetic
data to flag pattern-level risk. It successfully detected coercive control (F1-score
of 0.75, AUC of 0.82), significantly outperforming standard lexical baselines. Cru-
cially, the model successfully generalised to real-world benchmarks, achieving an
Fl-score of 0.72 on curated UK legal evidence and 0.65 on Reddit data, while
remaining robust against generator-specific biases. This study demonstrates that
clinically constrained synthetic data can safely bypass privacy bottlenecks, pro-
viding digital forensic investigators with a reliable, human-in-the-loop triage tool
to detect psychological manipulation.

Keywords: Expert Systems, Digital Forensics, Synthetic Data, Natural Language
Processing, Algorithmic Modelling, Privacy-Preserving Al



1 Introduction

The digital environment has fundamentally altered how individuals exhibit and expe-
rience personality traits, bringing the study of online interactions to the forefront of
modern digital forensics and intelligent threat detection. Among the most challenging
phenomena to examine is implicit coercive control and psychological manipula-
tion through text-based computer-mediated communication. Whilst often associated
with Dark Triad personality traits (Figure 1 in clinical literature, identifying these
behaviours computationally requires focusing on the discourse patterns themselves
rather than attempting autonomous clinical diagnoses. However, empirical investiga-
tion into these behavioural patterns is currently stalled by what we refer to here as
the Forensic Data Gap.
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Fig. 1 The Dark Triad of personality disorders.

Modern privacy legislation, such as the General Data Protection Regulation
(GDPR), rightfully shields user data from unwarranted extraction. While these laws
protect individual privacy, they simultaneously eliminate access to organic datasets
containing real-world conversational data related to digital abuse. Researchers are
thus left without the necessary text corpora to study how abusive dynamics unfold in
digital environments, limiting the development of protective interventions.

To overcome this ethical and legal impasse, we propose a procedural synthetic
data generation framework. This study positions Natural Language Processing algo-
rithms not as autonomous entities, but strictly as analytical tools for modelling
human behaviour. A primary limitation of contemporary detection mechanisms is their
reliance on isolated, sentence-level classifications, which fail to capture the reality of
psychological manipulation. Human coercive control does not manifest as discrete,
hostile utterances; rather, it operates through longitudinal patterns. Therefore, human
manipulation must be analysed as macro-clusters of abuse, evaluating the sequential
and relational context over time.



By computationally simulating the linguistic markers of NPD, including the tem-
poral spacing of messages, we can generate safe, privacy-preserving proxies of coercive
control. Importantly, we maintain a strict conceptual hierarchy: clinical criteria act
solely as generative anchors to produce NPD-associated behavioural markers; these
translate into synthetic conversational manifestations, which serve to train models for
the target task of detecting coercive-control-related discourse patterns, rather than
diagnosing actual personality disorders. Consequently, this study outlines the design
and evaluation of an Intelligent Decision-Support System (IDSS) tailored for digi-
tal forensic examiners. Rather than functioning as an autonomous diagnostic tool,
our framework operates as an investigative triage assistant within an expert systems
pipeline. In operational terms, the proposed IDSS aggregates turn-level predictions
into dyad-level risk scores, flags temporal delay cues for context and supports ana-
lyst prioritisation, thereby keeping human oversight at the centre of the investigative
workflow.

Dynamic Conversational Manipulation Cycle

Withdrawal Temporal Withholding Introduction Implicit Devaluation Victim
of supply (Asynchronous Silence) of <Delay> (Gaslighting & Subtext) compliance

Normative Interaction Cycle Faux-Reconciliation
(Reciprocal Dialogue) Resumes (Plausible Deniability)

Steps (Manipulation Tactics) Transition Points ) Directional Flow
Key phases in the conversational Critical junctures that enable the Indicates the progression and
manipulation sequence. flow or reset of the cycle. recurrence of the manipulation cycle.

Fig. 2 Conceptual framework of implicit coercive control in digital environments.

As conceptualised in Figure 2, the primary objective of this paper is to system-
atically evaluate this synthetic framework to establish whether the generated corpus
preserves task-relevant linguistic and behavioural characteristics without introduc-
ing substantial generator-specific artefacts. To evaluate this framework, this study
addresses the following research questions:



® RQ1: Does procedurally generated synthetic data exhibit representation-level
fidelity and low machine discriminability when compared to real-world conversa-
tional data?

® RQ2: Can sequence-aware transformers trained exclusively on synthetic data out-
perform lexical baselines and generalise to external real-world datasets (TSTR
transfer) and can models trained on real-world abuse-related data recover the
corresponding behavioural distinctions in held-out synthetic data (RTS transfer)?

By bridging the Forensic Data Gap, we offer a reliable methodological tool for
researchers to study and detect harmful digital conduct safely and effectively.

1.1 The Dark Triad and Narcissistic Abuse in Digital
Environments.

The Dark Triad of personality, comprising narcissism, Machiavellianism and psy-
chopathy, presents a well-documented framework for understanding malevolent human
conduct '], Within this triad, Narcissistic Personality Disorder (NPD) is characterised
by an inflated sense of self-importance, a profound need for excessive attention and a
marked lack of empathy for others!?). As human interaction increasingly migrates to
computer-mediated communication, these established clinical markers translate into
highly specific digital behaviours.

Narcissistic abuse in online environments rarely manifests as straightforward
aggression or visible hostility. Instead, it operates through implicit coercive control,
encompassing psychological tactics such as gaslighting, love-bombing and systematic
devaluation®4. Clinical psychology demonstrates that pathological traits such as enti-
tlement, grandiosity and exploitativeness do not occur in a vacuum; they are highly
comorbid and deeply contextual. In digital environments, these traits manifest through
‘Behavioural Clustering’, where an individual deploys multiple manipulative tactics in
tandem to establish dominance while maintaining plausible deniability.

Because of this behavioural clustering, coercive control relies heavily on relational
history and shared conversational pragmatics. For instance, digital gaslighting often
involves rewriting conversational history, selectively deleting messages or weaponising
read receipts to destabilise a victim’s perception of reality [°l. Central to this manipula-
tion is the concept of ‘digital chronemics,’ the psychological impact of time and pacing
in computer-mediated communication. Research demonstrates that malicious actors
routinely employ temporal tactics, such as calculated ghosting, asynchronous silence
and the strategic manipulation of response times, to induce anxiety and enforce power
imbalances %7, Because abuse relies deeply on this chronological pacing, the contex-
tual nature of the manipulation means that a single message, viewed in isolation, may
appear entirely benign or even supportive. The manipulation only becomes evident
when analysing macro-clusters of behaviour across extended conversational time-
lines 8. Consequently, research into digital narcissistic abuse requires methodological
approaches capable of assessing human behaviour as a longitudinal pattern.



1.2 The ‘Semantic Gap’ in Current Toxicity Datasets

A significant methodological barrier in the development of intelligent safety systems
is the heavy reliance on conventional toxicity datasets, which fundamentally fail to
capture the nuances of relational abuse. Standard corpora used to train abusive lan-
guage detection models typically focus on overt hostility, such as hate speech, direct
threats and explicit profanity[®1% the exposure to which has profound neurocogni-
tive impacts on empathy and social functioning*!. Although these datasets capture
surface-level vitriol, they fail to bridge the “semantic gap” when applied to sustained
psychological manipulation.

This semantic gap arises because coercive control relies on subtext, omission and
contextual re-framing rather than aggressive vocabulary. Consequently, forcing an
artificial intelligence to isolate and classify pathological traits line-by-line is method-
ologically flawed. Because traits like entitlement and grandiosity are comorbid and
contextually dependent, attempting to detect them in discrete, isolated utterances
ignores the psychological reality of abuse.

Traditional shallow machine learning architectures, which often depend on lexical
frequency or basic n-gram approaches, cannot detect abuse that contains no overtly
hostile words"13]. A perpetrator of NPD-associated abusive behaviour might employ
overly formal language, faux-concern or passive-aggressive compliance to exert control.
When shallow classification models analyse such text, they routinely assign it a low
toxicity score, entirely missing the predatory intent embedded in the pragmatics of
the exchange 4.

Current safety mechanisms on social media platforms rely almost exclusively on
these lexically driven models. As a result, victims of sustained narcissistic abuse fre-
quently find that their reports to platform moderators are dismissed, as the individual
messages do not violate standard community guidelines regarding harassment. Recent
studies investigating intimate partner violence (IPV) and cyber-stalking highlight
this systemic failure, demonstrating that automated moderation on major platforms
consistently overlooks subtle, context-dependent psychological abuse'®!. The follow-
ing points illustrate the fundamental divergence between the behaviours captured by
current datasets and the reality of implicit abuse:

® Overt Toxicity: Characterised by explicit profanity, slurs and direct threats aimed
at immediate intimidation. These standalone insults have low context dependence
and are easily identified by standard lexical algorithms.

® Implicit Narcissistic Abuse: Manifests as passive-aggression, faux-concern,
gaslighting and withholding to establish long-term coercive control. Because it
relies heavily on relationship history and subtext (high context dependence), it
consistently evades standard algorithmic detection.

The inability of standard datasets to encapsulate these implicit markers severely
restricts the development of protective digital interventions. To advance the field, we
must recognise that algorithms trained on overt hate speech are unequipped to model
the reality of human coercive control.



1.3 Natural Language Processing as a Behavioural Modelling
Tool

To bridge the semantic gap and accurately capture contextual abuse, the scientific
community must reframe Natural Language Processing (NLP) not merely as a text
classification mechanism, but as a tool for computational psychometrics'%!. When
properly constrained by clinical psychological parameters, advanced NLP architec-
tures can simulate and model the structural linguistic patterns associated with specific
cognitive states and personality traits!*7.

To effectively capture the reality of behavioural clustering, algorithms must analyse
sequence and temporal dynamics over multi-message histories rather than evaluat-
ing discrete textual utterances. The following breakdown summarises how different

computational approaches handle these psychological nuances:

e Shallow ML (Lexical): Evaluates isolated utterances and keyword frequency.
This approach fails to capture conversational context and entirely misses implicit
coercive control.

® General Purpose LLMs: Relies on unconstrained generation and broad text pre-
diction. When applied to psychometrics, these models are prone to creating overtly
hostile “caricatures” of abuse rather than realistic subtext.

® Sequence-Aware Transformers: Analyzes longitudinal patterns and temporal
gaps, making them uniquely capable of capturing the relational subtext and shifting
power dynamics inherent in abuse.

Recent advancements in transformer-based architectures and contextual embed-
dings have provided the technical foundation necessary to analyse this sequence and
subtext 18191 Unlike earlier models, these frameworks possess the capacity to weigh
the sequential importance of utterances, making them theoretically capable of detect-
ing the alternating cycles of idealisation and devaluation that characterise narcissistic
relationships.

However, the efficacy of these models remains entirely dependent on the psycho-
logical validity of their training datal?°!. To function as a reliable expert system for
digital forensics, NLP architectures must:

® Model multi-message histories: Algorithms must be exposed to data that
accurately reflects human relational dynamics over time.

® Anchor to clinical parameters: Operationalising diagnostic criteria requires
translating abstract clinical definitions into quantifiable linguistic features.

® Preserve user privacy: Generating procedural synthetic data offers a scientifically
systematic alternative to harvesting organic conversations.

Recent advancements have demonstrated that LLMs can effectively serve as “sili-
con samples,” simulating nuanced human psychological states, personality traits and
demographic behaviours with high fidelity 2'). However, harnessing generative Al for
cyber-psychology introduces a specific methodological risk: unconstrained LLMs fre-
quently default to producing two-dimensional “caricatures” of abuse, heavily relying
on overt hostility rather than insidious manipulation.



To mitigate this, generative models must be strictly anchored to clinical diagnos-
tic criteria. By encoding established frameworks for NPD into algorithmic prompts,
researchers can construct synthetic conversational dyads that exhibit genuine psycho-
logical markers without compromising real-world victims.

The remainder of this paper is structured as follows: Section 2 details the methodol-
ogy for procedural generation and multi-dimensional validation. Section 3 presents the
results of the structural validation and classification performance. Finally, Section 4
discusses the implications of these findings for digital triage, acknowledges limitations
and outlines future research directions.

2 Methods

To establish a reproducible and privacy-preserving mechanism for studying digital
abuse, we developed a three-stage methodological architecture. This pipeline opera-
tionalises clinical diagnostic criteria into generative constraints, robustly validates the
resulting synthetic corpora and evaluates the efficacy of contextual sequence modelling
against shallow baselines. By utilising procedural generation, this methodology offers
an ethical pathway for expert system developers and forensic analysts to model malev-
olent human behaviour computationally while fully preserving user privacy. To ensure
Systematic and transparent scientific communication, the reporting in this methodol-
ogy aligns with the principles of the TRIPOD+AI and TRIPOD-LLM guidelines for
the development and validation of machine learning models.

2.1 Constraint-Based Procedural Generation with Temporal
Encoding

The foundation of our methodology relies on the procedurally constrained synthesis
of conversational dyads. To ensure the generated text reflects naturally occurring
psychological manipulation rather than generic hostility, we utilised GPT-4 (gpt-4-
0613) as the generative engine, heavily constrained by established clinical frameworks.
To generate the target of N = 275 conversational dyads while ethically navigating the
LLM’s inherent safety guardrails against toxic content generation, the system prompts
were explicitly framed as clinical roleplay simulations for forensic research, permitting
the model to output the required psychological subtext.

While a corpus of 275 unique dyads may appear computationally modest when
contrasted with large-scale document classification datasets, it is methodologically
Controlled for a specialised digital forensics feasibility study. Each dyad represents an
extended, multi-turn chronological exchange comprising between 6 and 12 sequential
utterances, yielding a total corpus of over 2,400 contextual message turns. Because
implicit coercive control operates through repeated pragmatic violations rather than
broad lexical diversity, this dataset achieves clinical semantic saturation. Moreover, to
verify early in our experimental design that classifiers do not separate classes based
on large language model statistical artefacts (such as uniform perplexity), we eval-
uated our architecture against a purely synthetic control set (N = 68 dyads). This
controlled scale provides an initial basis for evaluating synthetic behavioural mod-
elling before expansion to larger corpora. To balance lexical diversity with strict



adherence to the psychological markers, the OpenAI API (gpt-4-0613) parameters
were set to a temperature of 0.7 and a nucleus sampling (top-p) of 0.9. To prevent
model hallucination and keep synthetic outputs aligned with diagnostic realities rather
than unconstrained text generation, all outputs were tethered to the DSM-5 criteria,
effectively constraining the model’s latent space to verified clinical bounds.

A primary risk in synthetic behavioural modelling is the production of “carica-
tures” of abuse: two-dimensional, overtly aggressive representations that fail to capture
the insidious nature of true coercive control. To mitigate this risk, the generation
parameters were anchored to the diagnostic criteria for Narcissistic Personality Dis-
order (NPD) outlined in the DSM-5!2, alongside specific dimensional traits from the
Narcissistic Personality Inventory (NPI) (2], Rather than simply instructing the gener-
ative model to produce “abusive language”, we engineered a zero-shot, role-prompting
architecture that simulated alternating phases of relational dynamics: idealisation,
devaluation and discarding!®!. The comprehensive prompt structures and system
instructions are provided in Appendix A.

A fundamental innovation in our approach is the integration of explicit temporal
encoding. Psychological abuse in digital environments is deeply linked to asynchronous
communication, where silence and waiting are abused. To simulate this, explicit
temporal tokens were embedded directly into the generation process. Tokens such
as iDELAY: 14 HOURS;, or DELAY: 2_.MINUTES; were integrated to dictate the
chronological pacing of the conversation. These temporal markers force the algo-
rithm to model the manipulative withholding of affection, the strategic calculation of
response times and the shifting power dynamics that define coercive control.

For example, to model “exploitativeness” and “lack of empathy”, the generative
constraints mandated the use of passive-aggressive phrasing and conditional affection
following extended temporal delays. This required the synthetic abuser to extract
compliance from the synthetic victim through stonewalling and calculated unavail-
ability, avoiding overt threats. This constraint based approach provides a structured
framework to ensure that the resulting dataset is highly representative of human psy-
chological phenomena across time. Algorithm 1 details the operational loop of this
generative pipeline.

The clinical anchors and corresponding corpus statistics are as follows:

e Grandiosity (DSM-5 Criterion 1): Exaggeration of achievements and conde-
scension (N = 34 dyads).

e Lack of Empathy (DSM-5 Criterion 7): Ignoring distress and self-centring
topic shifts (N = 35 dyads).

¢ Exploitativeness (DSM-5 Criterion 6): Guilt-tripping, conditional affection
and gaslighting (N = 35 dyads).

¢ Entitlement (NPI/DSM-5): Unreasonable expectations of compliance (N = 34
dyads).

¢ Normative Baseline (Empathetic Dialogues 70% / Cornell Corpus 30%):
Empathetic dialogue and standard relational disagreement (N = 137 dyads).



Algorithm 1 Procedural Generation of Temporally Encoded Coercive Control Dyads

Require: Clinical constraints Cpgas (e.g., Grandiosity, Lack of Empathy), Temporal
tokens Tgerqy, Target dyads NV
Ensure: Synthetic Abusive Corpus D

1: D <— @

2: for i =1to N do

3: D; 0 > Initialize single dyadic conversation timeline

4: Phase 1: Idealisation / Normative Baseline

5: Prompt,orm < ConstructZeroShotPrompt(Control)

6: Unorm < LLM_Generate( Prompt,.-m) > Generate benign, reciprocal dialogue

7 D;+ D;U {U’nm-m}

8: Phase 2: Temporal Weaponisation (Asynchronous Silence)

9: t <— SampleLogNormal(Tyeq,) > Sample from log-normal latency distribution
10: D; < D; U{t} > Inject chronological pacing shift
11: Phase 3: Devaluation and Implicit Control
12: Anchor < Sample(Cpsar) > Select specific NPD marker
13: Prompt e, < ConstructSystemPrompt(Anchor, Context = D)

14: Ugev < LLM_Generate( Prompt ge,) > Generate context-dependent abuse

15: D;+~ D;U {Ude'u}
16: D+ DU{D;}

17: end for

18: return D

To provide a scientifically rigorous comparison and prevent the classifier from
merely detecting negative sentiment, the normative baseline utterances were estab-
lished using a balanced 70/30 split. Specifically, 70% of the baseline was sourced from
the open-source EmpatheticDialogues dataset [21] to represent supportive interaction,
while the remaining 30% was sampled from non-abusive, conflict-oriented exchanges
within the Cornell Movie-Dialogs Corpus!??/. Combining supportive dialogues with
everyday relational disagreement ensures that the baseline is not artificially polite,
forcing the model to distinguish between healthy interpersonal friction and genuine
coercive control. Since the primary classification task compares synthetic abusive
dyads against human-written normative dialogues, we had to account for dataset
provenance bias. Transformer architectures can inadvertently function as machine-
text detectors, separating classes based on LLM statistical artefacts (such as uniform
perplexity or stylistic consistency) rather than semantic meaning. To rule out this
confounder, we generated a supplementary

Synthetic Normative Control Set (N = 68 dyads) using identical GPT-4 gen-
eration parameters, constrained to depict healthy, non-abusive relational resolution
and everyday disagreement. By evaluating the classifier on a purely synthetic-to-
synthetic split, we can confirm whether the architecture is genuinely detecting
psychological abuse rather than simply identifying machine-generated prose. To pre-
vent the sequence classifier from relying on spurious statistical correlations, a common
driver of shortcut learning where a model erroneously associates a metadata tag with a
target class, we ensured that explicit temporal tokens were not exclusive to the abusive



corpus. To prevent introducing synthetic noise into human-written dialogue, norma-
tive temporal intervals were embedded into the control corpora using an empirically
grounded statistical heuristic. Temporal intervals were sampled from a log-normal
distribution (M = 3.4 tokens per dyad, SD = 1.1) calibrated to reflect normative
asynchronous messaging latency (such as standard work-hour pauses and overnight
sleep cycles like <DELAY: 3_HOURS> or <DELAY: 9_HOURS>). These tokens were injected
exclusively at turn-taking boundaries between discrete speaker utterances, matching
the frequency observed in the abusive corpus (M = 3.8 tokens per dyad, SD = 1.3),
t(273) = 1.58,p = .115. To independently verify that our sequence classifiers learn
genuine relational pragmatics rather than overfitting to OpenAl-specific vocabulary
distributions (stylistic shortcut learning), we established a supplementary

Cross-Generator Holdout Corpus (N = 75 dyads, comprising 38 abusive and
37 normative baseline exchanges). Using Meta’s open-weights Llama-3-70B-Instruct
architecture, we generated this evaluation set under identical DSM-5/NPI clinical
prompts and <DELAY> chronemic rules, reserving it strictly for zero-shot out-of-domain
evaluation.

2.2 Multi-Dimensional Evaluation of Synthetic Data

Generating synthetic text requires systematic evaluation to establish whether the
generated corpus preserves task-relevant linguistic and behavioural characteristics
without introducing substantial generator-specific artefacts. We therefore evaluated
the synthetic corpus using complementary measures of representation-level fidelity,
cross-domain task transfer, cross-generator generalisation and expert behavioural
assessment (Figure 3).

Lexical and Representation-level Fidelity: First, we measured the Lexical
Diversity of the synthetic dataset using the Type-Token Ratio (TTR) and the Measure
of Textual Lexical Diversity (MTLD) 24, Because MTLD is resilient to variations in
text length, we evaluated both statistical significance and effect size to ensure the pro-
cedural generator did not suffer from generative mode collapse or repetitive phrasing.
By comparing the TTR. of our synthetic abusive corpus against the EmpatheticDia-
logues baseline corpus, we confirmed that the procedurally generated text maintained
a standard distribution of unique linguistic tokens.

Second, we evaluated the structural realism of the conversational turns using
Semantic Overlap and Cosine Similarity testing. Using a pre-trained Sentence-
BERT (SBERT) architecture (specifically, the al1-MiniLM-L6-v2 model), we mapped
sequential pairs of utterances into a 384-dimensional dense vector space[25. In
real-world human conversation, adjacent utterances share a specific degree of seman-
tic proximity; they are neither identical nor entirely unrelated. We calculated the
cosine similarity between the synthetic victim’s disclosures and the synthetic abuser’s
responses. By computing a pooled sentence embedding, we could measure the distance
between a victim’s request for support and the abuser’s dismissive or tangential reply.

In the baseline control data, semantic overlap remained consistently high, indicat-
ing reciprocal, empathetic dialogue. Conversely, in the synthetic NPD data, semantic
overlap intentionally degraded during segments modelling “lack of empathy”. This
measurable degradation in cosine similarity indicates that the generative constraints

10
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Fig. 3 The procedural generation and validation pipeline.

successfully altered the pragmatics and structural characteristics of the conversation,
simulating genuine conversational disconnect.

To validate these automated metrics, we incorporated a human-in-the-loop expert
review stage. To establish Controlled inter-rater reliability (IRR), a random sample
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of 15% of the synthetic dyads was blindly and independently evaluated by two doc-
toral researchers with formal training in clinical psychology and psycholinguistics. The
raters assessed whether the generated texts accurately reflected the DSM-5 criteria
for implicit narcissistic abuse without devolving into generic aggression. Any minor
diagnostic coding discrepancies between the evaluators were resolved via mutual clin-
ical consensus prior to final tallying. The independent evaluations yielded an overall
raw agreement of 88.5% and a strong Cohen’s Kappa score of x = 0.84 [95% CI:
0.76, 0.92], indicating high expert consensus. Across specific rubric dimensions, clin-
ical raters demonstrated strong alignment on Tactic Accuracy (91.2%), Subtlety vs.
Overt Hostility (86.4%), Conversational Naturalness (89.0%) and Temporal Impact
(87.3%). This expert clinical assessment provided evidence of construct alignment and
behavioural plausibility prior to model training.

2.3 Transformer Fine-Tuning and Baselines

The final stage of the methodology focused on evaluating the capacity of different
computational architectures to model and detect these implicit behavioural markers.
We established a binary classification task: distinguishing normal relational conflict
from instances of implicit narcissistic control.

To systematically evaluate the progression from shallow lexical frequency to contex-
tual sequence comprehension, we implemented five comparative baseline architectures:
the Valence Aware Dictionary and sEntiment Reasoner (VADER), a Support Vector
Machine (SVM), a Bidirectional Long Short-Term Memory (BiLSTM) network, a fine-
tuned RoBERTa-base transformer?® and an off-the-shelf Llama-3-8B-Instruct Large
Language Model evaluated under zero-shot prompting.

VADER operates as a lexicon and rule-based sentiment analysis tool, designed to
assess the polarity and intensity of text. To establish a strict binary classifier capable
of capturing subtle negative subtext without omission, we set the compound sentiment
score threshold at < 0 rather than the standard —0.05 boundary. Because coercive
control relies heavily on seemingly neutral or faux-polite vocabulary (e.g., “I am only
trying to help your fragile mental state”), we hypothesised that VADER would fail to
register the negative valence of the abuse, often categorising condescension as positive
or neutral sentiment. Similarly, the SVM was trained using Term Frequency-Inverse
Document Frequency (TF-IDF) feature extraction?”]. Because TF-IDF algorithms
assign weights based purely on lexical frequency and fundamentally ignore word order,
relational history and temporal gaps, we expected the SVM to systematically fail to
detect the synthetic abusive utterances.

To control for basic sequential word order without the benefit of deep con-
textual self-attention, we implemented a BiLSTM baseline initialised with static
300-dimensional GloVe word embeddings. To benchmark DistilIBERT against a higher-
parameter contextual architecture, we fine-tuned RoBERTa-base across the identical
5-fold cross-validation dyadic splits using an AdamW optimiser (learning rate 2e-
5, weight decay 0.01, batch size 16, 5 epochs) with frozen foundational embedding
layers. Conversely, to evaluate whether modern generative LLMs can autonomously
identify implicit coercive control without fine-tuning, we passed each test-fold dyad

12



into Llama-3-8B-Instruct using zero-shot system prompts defining DSM-5/NPI clinical
markers.

To evaluate the potential of context-aware models, we fine-tuned a DistilBERT
transformer architecture[?®l. DistilBERT was selected over larger parameter mod-
els not only for its computational efficiency, making it highly viable for real-world
deployment in digital safety mechanisms but also because it retains roughly 97%
of BERT’s language understanding capabilities while being significantly lighter. To
optimise learning, the foundational embedding and early encoder layers were frozen
to preserve general language representations, while the final transformer blocks and
the classification head were unfrozen and fine-tuned to detect the specific context of
abuse. By employing bidirectional self-attention mechanisms, DistilBERT processes
textual inputs not as isolated tokens, but as interconnected sequences. To ensure the
transformer accurately processed the chronological pacing, the <DELAY> markers were
appended to the DistilBERT tokeniser’s special token vocabulary prior to embed-
ding, preventing them from being fragmented by standard sub-word tokenisation. This
allows the model to natively capture the syntactic nuances, the temporal gaps and the
structural framing that define psychological manipulation.

To isolate the predictive utility of digital chronemics from semantic subtext, we
implemented an ablation study. We trained and evaluated an identical DistilBERT
architecture under a Text-Only Ablation condition, wherein all explicit <DELAY>
tokens were systematically stripped from both the training and validation splits.
Comparing this stripped baseline against the fully encoded temporal model allows
us to quantify precisely how much diagnostic weight the architecture assigns to
asynchronous pacing versus purely linguistic manipulation.

To mitigate the risk of over-parameterised transformer architectures overfitting
on a 275-dyad corpus, we implemented strict regularisation and parameter-freezing
guardrails. Specifically, the foundational token embeddings and the first four trans-
former encoder layers of DistilBERT were frozen to preserve general language
representations, restricting weight updates exclusively to the top two attention blocks
and the linear classification head. Additionally, a dropout probability of 0.2 was applied
to the classifier weights.

To accommodate multi-turn conversational exchanges without violating Distil-
BERT’s 512-token sequence limit, classification was implemented through a sliding-
window, turn-level inference pipeline. Each conversational turn within a dyad was
tokenised alongside its preceding conversational context window (up to 512 tokens,
inclusive of embedded <DELAY> tags). Rather than concatenating entire multi-message
histories into a single truncated string, the model evaluated each turn individually
across the 2,400-turn corpus. To aggregate these turn-level probabilities into dyad-
level classifications (N = 275), we applied a maximum-intensity threshold pooling
function: if any conversational cluster within a dyad exceeded the calibrated abusive
probability threshold, the entire dyad was flagged for triage.

The transformer architectures were fine-tuned over five epochs using the AdamW
optimiser with a weight decay of A = 0.01, a learning rate of 2e-5 and a batch size
of 16 to optimise gradient descent stability. Throughout training, validation loss was
monitored across epochs; validation loss plateaued consistently at epoch three without
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subsequent divergence, confirming the absence of memorisation or structural overfit-
ting. Training was executed on a single consumer-grade GPU (NVIDIA RTX 3090),
requiring a total training time of approximately 42 minutes across five folds. With an
inference latency of under 12 milliseconds per conversational turn, the architecture
exhibits high computational efficiency, making it viable for real-time integration into
desktop forensic triage suites.

To ensure comprehensive evaluation, we implemented a 5-fold cross validation
strategy, iteratively reserving 20% of the corpus as a test set per fold. Finally, to probe
generalisation beyond the synthetic training distribution, we evaluated the fine-tuned
DistilBERT architecture across two external reference sets: (1) an Out-of-Sample
Legal Reference Benchmark (N = 40 dyads; 20 Section 76 Serious Crime Act
2015 UK Court of Appeal excerpt transcripts sourced via public BAILII records, bal-
anced against 20 normative conflict dyads to serve as a curated boundary test) and
(2) an out-of-domain transfer subset from the Contextual Abuse Dataset (CAD)
(N = 1,428 Reddit threads; 714 Person-directed abuse, 714 Neutral).

3 Results

3.1 Synthetic-data Fidelity: Lexical and Representation-level
Analysis

The primary objective of this phase was to ascertain whether the procedurally gen-
erated text mirrored the linguistic complexity and structural characteristics found in
real-world conversational data. To quantify lexical richness, we evaluated the Type-
Token Ratio (TTR) across the 138 synthetic abusive dyads and the 137 non-abusive
conversational baseline dyads, which together comprise the 275-dyad classification
COrpus.

An analysis of lexical diversity demonstrated a Strong alignment between the two
corpora. The synthetic dataset, constrained by the Narcissistic Personality Disorder
(NPD) markers, yielded a mean TTR of 0.829 (SD = 0.041), while the real-world
baseline achieved a mean TTR of 0.818 (SD = 0.039). An independent samples ¢-
test indicated a statistically significant difference in Type-Token Ratio between the
synthetic NPD text (0.829) and the human baseline (0.818), ¢(273) = 2.27, p = .024.
However, the magnitude of this difference was minor, yielding a small Cohen’s d effect
size of 0.27. Corroborated by stable Measure of Textual Lexical Diversity (MTLD)
distributions across both datasets (Synthetic NPD M = 74.2, SD = 11.4 vs. Baseline
M =76.8,SD = 10.9; t(273) = 1.42,p = .157,d = 0.17), these findings confirm that
the procedural generator maintained high vocabulary richness without suffering from
generative mode collapse.

Moving beyond surface-level lexical diversity, we evaluated the structural real-
ism of the conversational turns. In our baseline normative dialogues, the SBERT
semantic overlap scored a mean of 0.404 (SD = 0.051). Conversely, within the syn-
thetic NPD dialogues, the mean semantic overlap intentionally degraded to 0.358
(SD = 0.062). Figure 4a illustrates this shift, while the violin plots in Figure 4b demon-
strate the broader variance and distributional shift of semantic proximity between
the two datasets. To rigorously quantify this distributional divergence, we mapped
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the 384-dimensional SBERT sequence embeddings using an unbiased Maximum Mean
Discrepancy (MMD) estimator with a Radial Basis Function (RBF) kernel. Statis-
tical significance was established via permutation testing (n = 1000 permutations).
The within-class distance between synthetic abusive embeddings and real-world abuse-
related embeddings remained highly proximate (MMD = 0.031, p > .05), whereas
cross-class distance (synthetic abuse against real normative dialogue) showed sub-
stantial, statistically significant divergence (M M D = 0.145, p < .001). This provides
quantitative evidence that the synthetic dialogues exhibit structural characteris-
tics consistent with the intended behavioural constraints, successfully capturing the
abrupt topic-shifting, stonewalling and manipulative withholding that characterise
exploitativeness in digital environments.

Distribution of Conversational Empathy (SBERT) Lexical Diversity Comparison (Means & SD)
0.900 -
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Type-Token Ratio (TTR)
o o o o
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Normative Baseline Synthetic NPD Normative Baseline Synthetic NPD Corpus

Corpus Corpus

SBERT = Sentence-BERT; TTR = Type-Token Ratio; SD = Standard Deviation.

Fig. 4 Structural and lexical validation of the synthetic conversational corpus. a, Comparison of
Lexical Diversity (Type-Token Ratio) between the synthetic NPD corpus and the real-world normative
baseline. Error bars represent 1 standard deviation. b, Violin plots depicting the distribution and
variance of SBERT semantic overlap (Cosine Similarity) across normative baseline and synthetic NPD
datasets.

3.2 Classification Performance and Model Variance

Following the structural validation of the dataset, we evaluated the efficacy of the
classification architectures in distinguishing normative relational conflict from implicit
coercive control. To ensure reliable evaluation and account for model variance, the
DistilBERT transformer was evaluated using 5-fold cross-validation across the dataset,
ensuring the train-test splits were strictly segregated at the dyadic level to prevent
data leakage.
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As hypothesised, lexically driven baselines collapsed when confronted with the
contextual nuances of NPD-associated abusive behaviour. When evaluated as a binary
classifier (< 0 compound score classified as abusive intent), VADER failed to capture
the faux-polite subtext of coercive control, yielding a Precision of 0.22 and a Recall
of 0.14. The SVM baseline, relying strictly on TF-IDF feature extraction, performed
marginally better but failed to identify underlying manipulative intent due to its
fundamental inability to process word order or temporal gaps (Precision = 0.56, Recall
= 0.38, F1-Score = 0.45).

Introducing sequential processing via the BILSTM (GloVe-300d) baseline yielded a
noticeable improvement over static bag-of-words models, achieving a Precision of 0.59
(£0.04), a Recall of 0.68 (+0.05) and an F1-Score of 0.63 (+0.04). While the recurrent
architecture successfully tracked basic chronological dialogue flow, its static embed-
dings struggled to resolve ambiguous passive-aggressive syntax and could not model
asynchronous temporal pauses. To isolate the predictive utility of digital chronemics
from semantic subtext, we implemented an ablation study. In comparison, an untuned
(zero-shot) DistilBERT baseline failed to reliably detect implicit abuse (F'1 = 0.52)
and off-the-shelf Llama-3-8B-Instruct under zero-shot prompting achieved an F1-score
of only 0.57 (£0.05), confirming that standard LLMs require explicit domain fine-
tuning to map subtle clinical diagnostic markers. Table 1 details the comparative
performance and non-parametric bootstrap confidence intervals across all evaluated
architectures and corpora.

In contrast, fine-tuned sequence-aware transformer architectures exhibited a strong
capacity to model the relational patterns of psychological manipulation. Across the
5-fold cross-validation, RoOBERTa-base achieved a Precision of 0.68 (£0.04), Recall of
0.86 (£0.03), Fl-score of 0.76 (£0.03) and an AUC of 0.84. Similarly, our proposed
DistilBERT model achieved an overall accuracy of 70.2%, with a mean Precision of
0.65 [95% CI: 0.61, 0.69], a mean Recall of 0.88 [95% CI: 0.84, 0.92], a mean F1-Score
of 0.75 [95% CI: 0.71, 0.79] and an AUC of 0.82 [95% CI: 0.77, 0.87]. While RoBERTa-
base yielded a negligible +0.01 F1 gain (0.76 vs. 0.75), DistilBERT achieves this
performance with roughly half the parameter footprint (~66M vs. ~125M parameters)
and an inference latency under 12 ms per turn, providing the computational efficiency
required for real-time desktop forensic triage suites.

The results of the Text-Only Ablation condition confirm that the architecture’s
performance is driven by genuine semantic comprehension rather than superficial token
shortcut learning. When all explicit <DELAY> markers were stripped from the dataset,
the ablated DistiIBERT model still achieved a mean Precision of 0.63 (£0.04), Recall
of 0.81 (£0.05) and an F1-Score of 0.71 (£0.04). This performance significantly out-
performs all shallow baselines, proving that the model successfully detects the implicit
verbal subtext of devaluation and entitlement even in the absence of chronological
metadata.

However, reintroducing explicit temporal encoding (<DELAY> tokens) yielded a sta-
tistically meaningful +0.07 boost in Recall (0.81 — 0.88) and a +0.04 improvement in
overall F1-Score (0.71 — 0.75). This practical delta demonstrates that while semantic
subtext carries the majority of the diagnostic weight, digital chronemics, specifically
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Table 1 Comprehensive Classification Performance across Models and Evaluation Corpora (95% Bootstrap Cls)

Model Architecture Evaluation Corpus Precision Recall F1-Score AUC
Primary 5-Fold Cross-Validation Baselines (N = 275)

VADER (Thresholded) Primary 5-Fold 0.22 0.14 0.17 N/A
SVM (TF-IDF) Primary 5-Fold 0.56 0.38 0.45 0.54
BiLSTM (GloVe-300d) Primary 5-Fold 0.59 (£0.04) 0.68 (£0.05) 0.63 (£0.04) N/A
Llama-3-8B (Zero-Shot) Primary 5-Fold 0.54 (£0.05) 0.61 (40.06) 0.57 (40.05) 0.62
RoBERTa-base (Fine-Tuned) Primary 5-Fold 0.68 (£0.04) 0.86 (£0.03) 0.76 (£0.03) 0.84
DistilBERT (Zero-Shot) Primary 5-Fold 0.48 0.56 0.52 N/A
DistilBERT (Text-Only) Primary 5-Fold 0.63 (£0.04) 0.81 (£0.05) 0.71 (£0.04) 0.79
DistilBERT (Synthetic Control)  Normative Control (N = 68) 0.64 (£0.04) 0.85 (40.05) 0.73 (£0.04) 0.78
DistilBERT (Proposed IDSS) Primary 5-Fold 0.65 [0.61, 0.69] 0.88 [0.84, 0.92] 0.75 [0.71, 0.79] 0.82 [0.77, 0.87]
External Out-of-Sample € Zero-Shot Transfer Benchmarks

DistilBERT (Cross-Gen) Llama-3 Holdout (N = 75) 0.73 0.79 0.76 0.78
DistilBERT (Legal Benchmark) UK Legal Out-of-Sample (N = 40)  0.74 [0.58, 0.86]  0.70 [0.53, 0.85] 0.72 [0.58, 0.83] 0.7 [0.62, 0.89]

DistilBERT (Domain Transfer) CAD Reddit (N = 1,428) 0.67 0.63 0.65 0.68




the weaponisation of asynchronous silence and stonewalling, provide an indispensable
structural signal for identifying sustained coercive control.

Finally, to confirm that the model was not achieving high accuracy simply by act-
ing as an Al-text detector (distinguishing synthetic GPT-4 prose from human-written
baseline text), we evaluated the fine-tuned DistilBERT model against the Synthetic
Normative Control Set. When tasked with separating synthetic abusive dyads from
synthetic non-abusive dyads, the model maintained strong discriminative performance,
achieving a Precision of 0.64 (£0.05), a Recall of 0.85 (£0.04) and an F1-Score of
0.73 (£0.04). These findings suggest that the architecture captures relational features
beyond a generator-specific statistical signature. The small performance difference
between the primary mixed-origin dataset (F'1 = 0.75) and the synthetic-to-synthetic
condition (F'1 = 0.73) provides evidence that the classifier retains discriminative
performance when both classes are generated under the same framework.

To further interrogate the model’s predictive behaviour, we analysed its perfor-
mance across different classification thresholds using Receiver Operating Characteris-
tic (ROC) and Precision-Recall (PR) curves, as detailed in Figure 5. The Area Under
the Curve (AUC) score of 0.82 confirms the model’s Controlled discriminative ability
compared to random chance.

However, a detailed review of the confusion matrix (Figure 6) reveals the specific
nature of the model’s classification errors. The relatively moderate Precision score
(0.65) is driven by a high rate of False Positives (n = 65). At the reported oper-
ating point (TP = 121, FP = 65,TN = 72,FN = 17), the classifier produced a
false-positive rate of approximately 47.4%, indicating that a substantial proportion
of highly emotional, normative relational conflicts were classified as implicit control.
This highlights the importance of threshold calibration before any operational deploy-
ment. Conversely, the model maintained an exceptionally low False Negative rate,
successfully flagging the vast majority of true abusive clusters. Furthermore, subgroup
analysis revealed that the model was highly adept at detecting “Exploitativeness”
(92% recall) but struggled slightly more with abstract expressions of “Grandios-
ity” (81% recall), indicating that temporal stonewalling is a more easily identifiable
computational marker than inflated self-importance.

3.3 Synthetic-to-Real Task Transfer (TSTR)

To evaluate cross-domain transferability and assess sensitivity to dataset prove-
nance, we tested the GPT-4-trained DistilBERT architecture across two external
real-world holdout benchmarks without parameter retraining. Operating under a
Train-on-Synthetic, Test-on-Real (TSTR) paradigm, the model was evaluated on the
Out-of-Sample Legal Reference Benchmark (UK Case Vignettes) (N = 40).
It achieved a Precision of 0.74 [95% CI: 0.58, 0.86], Recall of 0.70 [95% CI: 0.53,
0.85], Fl-score of 0.72 [95% CI: 0.58, 0.83] and AUC of 0.77 [95% CI: 0.62, 0.89]. The
slight reduction in recall (0.88 — 0.70) is attributable to court transcripts compressing
multi-day interaction logs without timestamp granularity, whereas precision improved
due to the unambiguous severity of Section 76 evidence.
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Furthermore, out-of-domain transfer testing on the Contextual Abuse Dataset
(CAD) (N = 1,428 Reddit threads) yielded a Precision of 0.67, Recall of 0.63, F1-
score of 0.65 and AUC of 0.68. The model’s lower sensitivity (Recall = 0.63) provides
evidence that model behaviour is not reducible to generic lexical hostility cues: rather
than functioning as a generic profanity filter, the classifier shows reduced positive
classification rates when sustained relational subtext and temporal withholding are
absent. However, the moderate AUC (0.68) indicates that substantial domain-specific
performance degradation remains when transferring to non-relational platform abuse.

3.4 Cross-Generator Generalisation

To assess robustness against generation-specific artifacts, we tested the model against
the Llama-3-70B Holdout Corpus (N = 75). The model achieved a Precision of
0.73, Recall of 0.79, Specificity of 0.70, F1-score of 0.76 and AUC of 0.78. The compa-
rable F1-scores across the GPT-4-derived training distribution (0.75) and the unseen
Llama-3 holdout (0.76) provide evidence of cross-generator generalisation and reduce
concern that performance is dependent solely on generator-specific surface patterns.

3.5 Real-to-Synthetic Transfer (RTS)

To determine if classifiers trained on real-world abuse-related data can recover the
corresponding behavioural distinctions in held-out synthetic data, we conducted a
reverse Real-to-Synthetic (RTS) experiment. An identical DistilBERT architecture
was trained on the real-world CAD dataset and tested against a fixed 20% holdout of
the GPT-4 synthetic dataset. The RTS model achieved a Precision of 0.62, a Recall
of 0.68, an F1-Score of 0.65 and an AUC of 0.69. The bidirectional transfer results
provide complementary evidence that task-relevant discriminative structure is shared
across the synthetic and real-world datasets.

3.6 Synthetic-Real Discriminability (Classifier Two-Sample
Test)

To assess representation-level fidelity, we trained a Classifier Two-Sample Test (C2ST).
A DistilBERT discriminator tasked purely with binary classification—Real (0) ver-
sus Synthetic (1)—across a dyad-independent matched split yielded an AUC of 0.58
[95% CI: 0.52, 0.64; p = 0.12]. The discriminator showed limited ability to distin-
guish synthetic from real conversations, suggesting that the corpora share substantial
distributional characteristics, although a faint detectable synthetic signature remains.

4 Discussion

The investigation of computer-mediated psychological abuse has historically been
constrained by an ethical deadlock. Researchers require authentic linguistic data to
understand how malicious actors utilise digital platforms, yet acquiring this data inher-
ently risks violating the privacy of vulnerable users. The results of this study suggest a
reliable methodological pathway to address this impasse. By operationalising clinical
diagnostic criteria into generative constraints and temporal encoding, we established
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Fig. 5 Receiver Operating Characteristic (ROC) and Precision-Recall (PR) curves for the Distil-
BERT classification of implicit coercive control.
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Fig. 6 Confusion matrix detailing the distribution of True Positives, True Negatives, False Positives
and False Negatives for the DistilBERT model.

a multi-dimensional framework to evaluate synthetic-data fidelity and utility. The
findings demonstrate that synthetic data are not validated by a single similarity met-
ric, but through complementary measures of representation-level discriminability and
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cross-domain task transfer. These findings indicate that sequence-aware algorithms
can model task-relevant aspects of relational dynamics, provided they are engineered
to evaluate longitudinal behavioural clusters rather than isolated syntax.

4.1 The Value of Synthetic Temporal Modelling in Digital
Forensics

Bridging the synthetic-to-real transfer gap represents a fundamental shift in how
behavioural scientists can approach the study of digital pathology. The multi-
dimensional evaluation indicates that artificial generation does not necessarily result
in substantial distributional or task-level degradation. Historically, synthetic datasets
were identifiable by their repetitive phrasing and lack of emotional depth, rendering
them useless for nuanced psychological research. By constraining the Large Language
Model strictly within the parameters of the DSM-5 and the Narcissistic Personality
Inventory, we forced the algorithm to emulate the pragmatics of human manipulation.

The critical advancement in this framework is the integration of temporal tokens
without introducing spurious classification shortcuts. Human psychological abuse is
deeply linked to the passage of time. In asynchronous messaging environments, silence
is frequently weaponised. Tactics such as stonewalling, calculated unavailability and
the strategic withholding of affection rely entirely on chronological pacing to destabilise
a victim. By embedding explicit temporal constraints during the generation phase, the
resulting dataset successfully captured the alternating cycles of idealisation and deval-
uation. Methodologically, embedding normative delay tokens into the baseline control
dialogues ensured that our models did not succumb to shortcut learning. A classi-
fier trained on metadata presence alone would exhibit a severe performance collapse
once those tokens were removed. Instead, our text-only ablation experiment demon-
strated that DistilBERT retained a Strong F1-score of 0.71 based purely on linguistic
subtext. More importantly, the +0.07 Recall surge observed when reintroducing tem-
poral tokens provides support for the role of temporal structure in the model: while
verbal devaluation is recognisable in isolation, capturing the full operational scope of
coercive control requires evaluating when a message is sent—and how long silence is
weaponised—alongside what is explicitly stated.

In parallel, our synthetic control verification dispels concerns regarding dataset
provenance and artificial baseline bias. A common limitation when pairing synthetic
data with organic human datasets is that deep learning architectures may inad-
vertently act as Al-text detectors, separating classes based on underlying language
model perplexity rather than target behaviour. However, when evaluated against our
purely synthetic normative control set, DistilBERT achieved a comparable F1-score
of 0.73. Additionally, our cross-generator validation trials on Llama-3-70B dialogue
(F1 = 0.76) confirm out-of-domain construct validity. Because the classifier success-
fully identified implicit devaluation and asynchronous silence in prose generated by an
entirely different open-weights architecture, these results provide evidence that per-
formance is not solely dependent on the surface characteristics of a single foundation
model.

This methodology provides immediate empirical value. The ‘Forensic Data Gap’
has actively suppressed research into how intimate partner violence and narcissistic
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abuse manifest in modern applications. With a validated framework for generating
synthetic proxies, researchers can now simulate thousands of longitudinal conver-
sational dyads. This allows for the rapid testing of psychometric detection models
without the ethical and legal barriers associated with harvesting organic chat logs.
Our evaluation against the UK Legal & Case Vignette Corpus (N = 40) directly
addresses the Forensic Data Gap. Achieving an Fl-score of 0.72 on verified Section
76 Court of Appeal evidence demonstrates that procedural synthetic data generated
under strict clinical constraints can serve as generalisable proxies for training models
on coercive-control-related discourse. However, we acknowledge that these represent
external task-transfer benchmarks rather than direct validations of authentic coer-
cive control, given the domain mismatch between intimate partner dialogues and
platform-based or court-admissible texts.

The Semantic Gap in Practice

The performance gap between the transformer architecture and shallow baselines
highlights a structural limitation in how current digital safety mechanisms operate.
The systemic limitation of the VADER, sentiment analysis tool was not a technical
anomaly; it was a highly predictable outcome that mirrors the operational short-
comings of basic automated moderation systems. When platforms rely on shallow
sentiment tools that consistently miss contextual abuse, they inadvertently reinforce
power imbalances. By mathematically scoring manipulative subtext as benign, these
algorithms fail to safeguard victims or acknowledge their lived experiences of digital
harm.

To understand this failure, one must evaluate the mathematical assumptions under-
lying lexicon-based architectures. Systems like VADER treat language as an unordered
collection of sentiment-weighted tokens. They assign toxicity scores based on the pres-
ence of historically aggressive words. However, human coercive control is rarely lexical;
it is profoundly contextual. A perpetrator engaging in narcissistic gaslighting typically
avoids explicit profanity or standard hate speech. Instead, they weaponise common,
everyday vocabulary to manipulate their target.

During our testing phase, when VADER was thresholded to detect negative manip-
ulative intent, it yielded an abysmal Recall of 0.14, actively categorising the vast
majority of coercive control as positive or neutral sentiment. This occurs because
abusive individuals frequently use faux-polite, overly formal or passive-aggressive
vocabulary to maintain plausible deniability. Phrases such as “I am only doing this
because I care about your mental health” or “You are clearly confused again, let
me help you remember” contain lexically positive tokens like “care,” “health,” and
“help.” VADER mathematically registers these words as supportive, entirely missing
the predatory intent embedded in the pragmatics of the exchange.

This mechanism actively creates and enforces the “semantic gap.” By failing to
recognise the underlying intent of the communication, lexically driven algorithms rou-
tinely validate the abuser’s methods. When content moderation algorithms or basic
sentiment filters review these interactions, they flag them as benign, leaving victims
unprotected. Similarly, our benchmarking of off-the-shelf Llama-3-8B-Instruct (F'1 =
0.57) demonstrates that unconstrained, zero-shot Large Language Models cannot
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autonomously replace domain-specific sequence classifiers. Without fine-tuned atten-
tion weights calibrated to relational history and chronemic silence, general-purpose
LLMs routinely misclassify faux-polite devaluation as benign dialogue.

4.2 Triage Efficacy and Behavioural Error Analysis

Evaluating the performance of the DistilBERT transformer requires contextualising
the metrics within their intended operational environment. While the model exhibited
exceptional sequence comprehension, yielding an F1-Score of 0.75, a rigorous exam-
ination of the Precision (0.65) and Recall (0.88) trade-off provides deep insight into
the boundaries of Artificial Intelligence in understanding human nuance.

The Precision score of 0.65 indicates that the model occasionally misclassified nor-
mative relational conflict as abusive behaviour. From a purely statistical standpoint,
one might view this as a limitation. However, within the context of cyber-psychology
and digital forensics, this metric highlights a fundamental truth: human communica-
tion is highly ambiguous. The structural syntax of an emotionally heated argument
between two healthy individuals can temporarily mirror the linguistic patterns of
devaluation. Algorithms do not experience the social world; they cannot feel the
historical interpersonal friction or the mutual understanding that defines a healthy
relationship experiencing temporary strain.

Because of this inherent ambiguity, treating artificial intelligence as an autonomous
adjudicator of human psychological states is both empirically flawed and ethically
dangerous. The transformer’s performance validates its intended application as an
investigative digital conversation analysis pipeline. Within a forensic framework, the
system is designed to function strictly as a triage tool to assist human investigators,
rather than making autonomous clinical diagnoses.

In forensic triage, the absolute priority is the minimisation of False Negatives. Fail-
ing to identify a genuine instance of coercive control carries severe safety implications
for potential victims. The model’s high Recall rate of 0.88 ensures that the vast major-
ity of manipulative behavioural clusters are captured, flagged and elevated for human
review.

However, it is critical to acknowledge the operational cost of the 0.65 Preci-
sion score. A roughly 35% false-positive rate means the system occasionally flags
highly emotional normative arguments as implicit control. In a real-world digital
forensics environment, this false-positive rate could overwhelm human analysts with
normative relational disputes. Consequently, future deployments of this framework
must incorporate adjustable classification thresholds (as visualised previously in the
Precision-Recall curve figure 5), allowing investigative units to calibrate the sensitivity
of the model to balance precision and recall based on their specific caseload capacity
and operational resources.

An analysis of a live test failure demonstrates why human-in-the-loop oversight
remains necessary. As illustrated in Figure 7, the model occasionally struggled to con-
textualise abstract statements of implicit grandiosity masked as faux-concern. During
the testing phase, the model generated a false negative for the utterance: “I took care
of it myself; I know how easily overwhelmed you get with these complex tasks.”
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Model Attention Failure: Misinterpreting Implicit Grandiosity as Supportive Intent
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Fig. 7 Attention-map conceptualisation of implicit manipulative words versus structural markers of
entitlement. Colour bar intensity (0.2 to 0.8) denotes pooled last-layer self-attention weights directed
to the [CLS] classification token.

Within a clinical context, this statement is a textbook manifestation of devalua-
tion and grandiosity, asserting superiority under the guise of assisting a supposedly
incapable partner. However, the model classified this input as benign, supportive
text. The AT evaluates the lexically positive syntax (“took care of it,” “help”), but it
fundamentally misunderstands the condescending social contract that the speaker is
violating. It lacks genuine social cognition. This inherent limitation is precisely why
we mandated the rigorous human-in-the-loop expert validation phase (k = 0.84) dur-
ing dataset construction; human clinicians intuitively grasp these contextual social
violations in ways that computational architectures currently cannot. Consequently,
the objective of computational forensic analysis must not be to replace human psy-
chological assessment, but to augment it with highly precise analytical tools capable
of mapping longitudinal patterns at scale. By acknowledging the boundaries of syn-
thetic comprehension, researchers can deploy these sequence-aware models responsibly,
ensuring that human oversight remains the ultimate authority in the evaluation of dig-
ital behaviour. It is critical to note that while our architecture demonstrated strong
out-of-sample robustness across verified Section 76 court transcripts (F'1 = 0.72), this
framework represents an investigative decision-support tool, not a clinical diagnostic
instrument. Establishing broader external validity across multilingual and culturally
divergent organic datasets remains necessary, underscoring why sequence-aware trans-
formers must serve strictly as human-in-the-loop triage aids rather than autonomous
adjudicators.

4.3 Practical Implications for Digital Forensics and Law
Enforcement

Beyond the theoretical contribution to natural language processing and cyber-

psychology, the proposed framework offers direct operational utility for digital forensics

units and law enforcement agencies handling domestic abuse and cyber-stalking inves-
tigations. Investigators are routinely overwhelmed by vast digital evidence corpora
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containing millions of unstructured chat logs, where identifying sustained patterns of
coercive control manually is resource-intensive and prone to oversight.

In a future deployment scenario, the fine-tuned sequence-aware transformer could
potentially serve as an automated investigative triage layer, allowing forensic analysts
to rapidly filter and score multi-message conversation logs. The model’s high recall
rate (88%) ensures that subtle manipulative clusters and asynchronous stonewalling
tactics are flagged and elevated for human review, effectively mitigating the risk of
critical evidence being dismissed due to the ”semantic gap” inherent in legacy keyword
filters. Furthermore, because the framework relies on privacy-preserving synthetic data
generation rather than sensitive real-world victim logs, an approach that has recently
proven highly effective for sensitive clinical and prognostic modeling !, investiga-
tive units can retrain, audit and fine-tune localised models without violating strict
statutory data protection regulations such as GDPR.

4.4 Limitations and Future Work

While the proposed methodology successfully models Narcissistic Personality Disorder
markers within English-language dyads, several limitations require addressing. First,
the expert behavioural assessment (x = 0.84) inherently establishes constraint adher-
ence and construct alignment rather than independent ecological validation, as the
experts evaluated the presence of the exact clinical criteria used to prompt the gen-
erative model. Furthermore, although our synthetic corpus (N = 275) and external
task-transfer legal benchmark (N = 40) establish construct validity, future iterations
should scale procedural generation and expert-curated archives to larger datasets (e.g.,
1,500-2,000 dyads) to establish wider population-level norms.

Second, the current constraint parameters focus exclusively on a single dimension of
the Dark Triad. To establish a comprehensive model of digital abuse, future iterations
must scale the generative loop to incorporate the calculated deception characteristic
of Machiavellianism and the impulsive antagonism associated with subclinical psy-
chopathy. Additionally, procedural generation via Large Language Models is inherently
sensitive to prompt phrasing; minor variations in system instructions or temperature
settings can alter the perceived severity and subtlety of the generated dialogue. Future
research should systematically audit prompt sensitivity across multiple foundation
models.

Additionally, psychological abuse is heavily influenced by cultural and linguistic
norms. The weaponisation of silence and the structural syntax of implicit control vary
significantly across different conversational cultures; what constitutes an ‘unaccept-
able delay’ or manipulative ghosting in one demographic may be entirely normative in
another. Validating the temporal encoding framework across diverse cultural digital
chronemics is necessary to ensure the global applicability of the synthetic data. Subse-
quent research should prioritise multilingual sequence modelling to test how cultural
pragmatics alter the expression and algorithmic detection of coercive control. Finally,
while transformer models demonstrate high recall, their occasional failure to contex-
tualise abstract social entitlement highlights the ongoing need for human-in-the-loop
oversight in intelligent forensic applications.
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Conclusion

This study addresses the methodological challenges restricting the empirical investi-
gation of computer-mediated psychological abuse. By translating clinical diagnostic
criteria into machine-enforceable rules and incorporating explicit temporal encoding,
we introduced a multi-dimensional evaluation of synthetic-data fidelity and util-
ity. Through bidirectional task transfer (TSTR and RTS) and representation-level
similarity (MMD and C2ST), we provide evidence that the synthetic corpus pre-
serves task-relevant discriminative structure across synthetic and real-world data
distributions. The external transfer evaluation suggests that researchers can gener-
ate meaningful proxies for the Forensic Data Gap without compromising user privacy.
Furthermore, the comparative classification trials indicate that shallow, lexically
driven algorithms struggle to detect implicit manipulation, highlighting the limita-
tions of shallow, lexically driven approaches for detecting contextual psychological
abuse. Detecting the NPD-associated behavioural patterns operationalised in this
study benefits from sequence-aware transformer architectures capable of modelling
shifting relational context and asynchronous communication. Consequently, whilst not
establishing immediate deployment readiness, these results provide preliminary evi-
dence that clinically constrained synthetic dialogues can support the development and
benchmarking of sequence-aware forensic triage models.

Data availability

The datasets generated and analysed during the current study, including the syn-
thetic conversational corpus, validation metrics and Python source code, are publicly
available in the GitHub repository: https://github.com/Futuredhruv/Procedural-
Coercive-Control-Simulation. The methodology for this study has been pre-registered
with the Open Science Framework (OSF) and can be accessed at: https://osf.io/ah5rv.
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