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Abstract

Financial markets receive information through sources that differ in institutional accountability,
including regulatory filings, professional news, and social media discussion. Existing finan-
cial sentiment analysis pipelines often collapse these sources into a single sentiment estimate,
which can obscure disagreement among sources describing the same corporate event. Our the-
sis presents Sentinel, an LLM-based framework that treats cross-source sentiment variation as
an analytical signal rather than as noise to be averaged away.

Sentinel introduces two main analytical components. The Sentiment Disagreement In-
dex (SDI) measures event-level disagreement among source documents using a bounded
pairwise distance formulation with source-type credibility weights. The Aspect Divergence
Index (ADI), within the Multi-Aspect Sentiment Divergence (MASD) framework, decomposes
disagreement across financial aspects and records directional differences in a source-aspect
sentiment matrix. The implemented case-study pipeline uses FinBERT to score event-aligned
documents from professional news, Reddit discussion, and Securities and Exchange Com-
mission (SEC) filings. A separate open-weight scoring engine, Sentinel-LLaMA3-FPB75,
is trained using Quantized Low-Rank Adaptation (QLoRA), evaluated on Financial Phrase-
Bank (FPB), and applied to the Tesla corpus through token log-probability extraction.

In the Tesla Q1 2024 primary case study, the Level 2 normalised SDI is 0.35172, placing
the event in the Partial Disagreement zone. Revenue is the most contested keyword-based
aspect, and the dominant source-pair contribution comes from professional news versus the
SEC filing. Level 3 Monte Carlo Dropout (MC Dropout) uncertainty adjustment preserves the
same zone classification. The AppLovin Q4/FY2025 exploratory case also falls in the Partial
Disagreement zone, with a Level 2 normalised SDI of 0.248746. Sentinel-LLaMA3-FPB75
achieves macro F1 0.97526 on the FPB 75%-agreement benchmark, while lower-agreement
audits show reduced robustness. These results establish Sentinel as a proof-of-concept frame-
work for measuring and explaining cross-source disagreement in financial event data, with
calibration, broader source coverage, and predictive validation left to future multi-event stud-
ies.
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Chapter 1

Introduction

1.1 Financial Markets as Information-Processing Systems

Financial markets respond not only to numerical disclosures, but also to the language through
which events are described and interpreted. Beliefs about an asset’s future cash flows are shaped
by regulatory filings, professional news, analyst commentary, earnings calls, and social media
discussion. These sources already inform practical financial systems: news-derived sentiment
signals are used in algorithmic trading, textual indicators contribute to credit-risk assessment,
disclosure language is monitored for irregularities, and portfolio managers use sentiment sum-
maries when evaluating market narratives. Financial Sentiment Analysis (FSA) is therefore
concerned with a problem that is both methodological and economically relevant. Its outputs
must be accurate, robust, and interpretable because they may inform financially consequential
decisions.

The same financial event can produce different sentiment signals across source types. Regu-
latory filings are written under legal liability and tend to use restrained language; professional
news may emphasise consequence; and social media permits more direct and variable reac-
tions. Our thesis represents these source differences through an accountability spectrum, rang-
ing from SEC filings and scripted earnings calls to professional news and retail social media.
Aggregating these sources without preserving their identity may conceal economically relevant
disagreement.

1



CHAPTER 1. INTRODUCTION 2

1.2 Progress and Persistent Limits of Financial Sentiment
Analysis

FSA has progressed from lexicon-based methods to domain-adapted transformer and LLM-
based approaches. Early methods relied on expert-curated dictionaries, most notably the
Loughran–McDonald financial sentiment dictionary [1], which showed that financial terms
such as “liability” and “risk” cannot be interpreted reliably using general-purpose sentiment
lexicons. Although dictionary-based approaches are transparent and computationally inexpen-
sive, they have limited ability to represent contextual polarity, negation, and changing language
use. Subsequent supervised models used handcrafted features with classifiers such as support
vector machines and logistic regression, while universal language model fine-tuning [2] and
domain-adaptive pretraining [3] enabled stronger adaptation to financial text.

Domain-specific transformer models further improved financial sentiment classification.
Financial BERT (FinBERT) [4, 5] achieves approximately 88% macro F1 (on the FPB
75%-agreement subset; the all-agree subset yields higher results, as reported in Section 4.2)
on the Financial PhraseBank (FPB) benchmark [6] and remains a widely adopted base-
line. Other domain-adapted models, including Financial Language Model (FLANG) [7] and
BloombergGPT [8], have broadened financial language modelling at different scales. More
recent approaches include GPT-4o mini, reported by Zhang et al. [9] at 0.87090 macro F1 on
FPB; FinSentLLM [9], reported at approximately 95% macro F1; and Heterogeneous Agent
Discussion (HAD) [10], which applies multi-agent deliberation to FSA. Together, these studies
indicate that sentiment classification on established financial benchmarks is well developed.

A limitation remains: major FSA benchmarks do not preserve source-type structure. FPB
consists of financial news sentences [6]; Financial Question Answering (FiQA) combines head-
lines and microblogs without source-type disaggregation [11]; Sentiment Entity in Finance
(SEntFiN) [12] focuses on news; and Financial Entity-Level Sentiment Dataset (FinEntity)
[13] extends entity-level annotation without addressing source-type disagreement. Du et al.
[14] survey methods applied across several financial text sources, but do not propose a frame-
work for comparing their sentiment signals within the same event. Existing work therefore
provides strong tools for sentiment classification, but limited support for measuring disagree-
ment across sources describing a shared corporate event.
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1.3 Problem Statement

Existing FSA research largely evaluates sentiment within individual source types, although
evidence suggests that differences across sources are economically relevant. Garcia [15],
analysing 1,823 U.S. firms from 2015 to 2021, found that sentiment divergence between social
media and traditional news predicts financial distress, with a one standard deviation increase in
divergence volatility associated with a 46-basis-point increase in the one-year probability of de-
fault. Cookson et al. [16] similarly showed that social media platforms may exhibit correlated
attention without corresponding agreement in sentiment. These studies motivate the treatment
of cross-source variation as a measurable signal.

Two methodological gaps remain. Single-source sentiment classifiers do not measure dis-
agreement among sources reporting on the same event, while methods such as FinSentLLM
[9] compare classifier outputs on identical text rather than source-specific accounts of a shared
event. Moreover, an aggregate disagreement score cannot indicate whether divergence arises
from Revenue, Management, Risk, or Market interpretation.

The Tesla Q1 2024 earnings event provides the case-study setting for examining these gaps.
Average sentiment scores from the company’s Form 8-K filing, Guardian news coverage, and
Reddit discussion span 0.420 units on the [−1,+1] scale. The filing is near-neutral, whereas
professional news is strongly negative. This event-aligned setting allows Sentinel to measure
source-level disagreement and examine its aspect-level structure.

Sentinel combines source-level disagreement measurement with aspect-level decomposition.
The current case-study implementation executes unweighted and static credibility-weighted
disagreement measurement, while model-uncertainty treatment remains part of the specified
framework rather than the reported case-study results. To the best of our knowledge, no pub-
lished framework combines these elements for cross-source financial sentiment analysis.

1.4 Proposed Sentinel Framework

Our thesis presents Sentinel, an end-to-end framework for Multi-Source Financial Sentiment
Analysis (MSFSA) that measures how professional news, social media discussion, and regula-
tory filings differ in their characterisation of the same corporate event. The framework produces
continuous signed sentiment scores for each source document and preserves cross-source vari-
ation for analysis rather than collapsing it into one aggregate score.

Sentinel has two principal analytical components. The Sentiment Disagreement Index (SDI)
produces a normalised event-level disagreement score in [0, 1] and attributes that disagreement
to contributing source pairs. The Multi-Aspect Sentiment Divergence (MASD) framework
extends the analysis through the Aspect Divergence Index (ADI), which identifies the financial
aspects on which sources diverge and records the direction of that divergence in a source-aspect
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sentiment matrix. The full SDI specification includes credibility and uncertainty-aware levels,
while the current case-study implementation evaluates the unweighted and static credibility-
weighted levels.

The case-study analysis and the scoring-engine evaluation serve different purposes in our
thesis. FinBERT is used to compute SDI and ADI for the Tesla Q1 2024 earnings event,
whereas Sentinel-LLaMA3 is evaluated separately on the FPB benchmark as an open-weight
financial sentiment classifier and applied to the Tesla corpus via token log-probability extraction
(Section 4.4.5). Tesla Q1 2024 provides a suitable setting for the primary case study because
the selected sources offer different accounts of the same earnings, safety, strategy, and market
developments. The same pipeline is also applied to AppLovin Q4/FY2025 as an exploratory
secondary case.

1.4.1 Scope of Our Current Thesis Implementation

The implementation evaluated in our thesis covers the parts of Sentinel required for the reported
case studies and benchmark experiments. It includes three-source event collection, FinBERT-
based case-study scoring, Level 1 and Level 2 SDI, keyword-based MASD/ADI, source-pair
contribution reporting, Sentinel-LLaMA3 evaluation on FPB, a scoring engine comparison on
the Tesla Q1 2024 corpus reported in Section 4.4.5, and a sentence-ID LLM MASD sensitivity
audit for Tesla Q1 2024. Other components remain part of the broader framework specifi-
cation but are not evaluated here: source-type calibration gates, dynamic credibility weight-
ing, earnings-call and analyst-report ingestion, production-scale sentence-ID or span-grounded
LLM aspect extraction across events, and multi-event SDI-to-market-outcome regression. They
are therefore presented as future extensions, not as findings of our current study.

1.5 Research Questions

Four research questions guide the design and evaluation of Sentinel.

RQ1: Can SDI, in its implemented unweighted and static credibility-weighted forms, mea-
sure sentiment disagreement across heterogeneous sources reporting on a shared financial
event?

RQ2: Can ADI-based aspect decomposition identify the financial dimensions and sentiment
directions underlying observed cross-source disagreement?

RQ3: Can a QLoRA fine-tuned open-weight LLM (Sentinel-LLaMA3) match or exceed pro-
prietary model performance on standard financial sentiment benchmarks while remaining
open-weight, locally deployable, and reproducible from public components?
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RQ4: In the Tesla Q1 2024 case study, is observed cross-source disagreement associated pri-
marily with source-type editorial constraints or with social media noise?

1.6 Contributions

Our thesis makes four principal contributions.

1. Sentiment Disagreement Index (SDI). Our thesis introduces SDI as a formal measure
of sentiment disagreement among source types reporting on the same company-event
instance. The metric is based on a pairwise root-mean-square distance and produces a
normalised scalar disagreement score in [0, 1]. The SDI admits an O(n) computation
via the standard algebraic identity for weighted pairwise squared differences; the con-
tribution lies in its credibility-weighted structure, interpretation ladder, and source-pair
decomposition, rather than in the identity itself. Its purpose is to retain disagreement
across source types as an analytical output rather than remove it through aggregation. In
addition to the scalar score, the SDI output record reports an interpretation zone clas-
sification, a per-source-pair weighted contribution breakdown, and metadata recording
source sentiment signs and applied credibility weights. Accordingly, the novelty of the
SDI is methodological rather than algebraic: it combines a credibility-weighted source-
type structure, an interpretation ladder, and source-pair attribution outputs within an au-
ditable disagreement framework, while its underlying pairwise distance formula remains
a standard weighted statistical distance.

The full SDI framework is specified as a four-level experimental ladder. Level 1 pro-
vides an unweighted baseline, while Level 2 incorporates static source-type credibil-
ity priors. Level 3 adds instance-level uncertainty adjustment through Monte Carlo
Dropout (MC Dropout), and Level 4 specifies dynamic credibility weighting conditioned
on event-level evasion scoring, historical source track record, and market regime. In our
current evaluation, Levels 1 and 2 are reported for both case studies, and Level 3 is re-
ported for the Tesla Q1 2024 case study. Level 4 remains a specified extension and is not
evaluated empirically in this thesis.

2. Multi-Aspect Sentiment Divergence (MASD) framework and Aspect Divergence In-
dex (ADI). The second contribution extends disagreement measurement from the doc-
ument level to specific financial aspects. The MASD framework examines whether ob-
served cross-source divergence is associated with Revenue, Management, Risk, or Mar-
ket interpretation, rather than reporting only an aggregate event-level score. Within this
framework, ADI is computed as the population variance of per-source aspect sentiment
scores. The resulting divergence vector identifies which dimensions account for the
greatest observed disagreement.

The source-aspect sentiment matrix complements the ADI vector by recording the signed



CHAPTER 1. INTRODUCTION 6

sentiment assigned by each source type to each aspect. This makes it possible to distin-
guish differences in sentiment magnitude from directional splits, where sources assign
opposing sentiment orientations to the same financial dimension.

3. Sentinel-LLaMA3, a QLoRA fine-tuned scoring engine. Sentinel-LLaMA3-FPB75
is a 4-bit quantised Large Language Model Meta AI (LLaMA) 3.1 8B Instruct model
with low-rank adapters [17, 18], trained on the FPB 75%-agreement subset. On the
held-out test set (n = 691), the model achieves macro F1 0.97526. This score ex-
ceeds the literature-reported GPT-4o mini macro F1 of 0.87090 [9] and the approxi-
mate FinSentLLM ensemble score of 0.95 [9], subject to the caveat that these values
are reported under different evaluation protocols rather than obtained from an identical
controlled test set.

Our thesis further evaluates the limits of this benchmark result through leakage-safe
robustness audits. Applying the trained FPB75 adapter to non-overlapping lower-
agreement subsets yields macro F1 0.72713 on the FPB66-exclusive set (n = 763) and
0.56338 on the FPB50-exclusive set (n = 627), showing substantial degradation as
annotator agreement decreases. A separate Sentinel-LLaMA3-Robust-FPB50 adapter,
trained on the full FPB 50%-agreement subset under a duplicate-safe stratified protocol,
achieves macro F1 0.87113 on its 973-example test split. This additional experiment
shows that dedicated training on lower-agreement data improves performance under that
separate evaluation protocol.

4. End-to-end application to real financial events. Our thesis implements a reproducible
case-study pipeline spanning FinBERT baseline validation, multi-source data collection
from the Guardian Open Platform, the Arctic Shift Reddit archive, and SEC EDGAR via
edgartools, FinBERT-based case-study scoring, SDI and ADI computation, and unified
result synthesis. In the primary Tesla Q1 2024 case study, the Level 2 normalised SDI is
0.35172, placing the event in the Partial Disagreement zone. The News–SEC pair is the
dominant divergence contributor, with a weighted contribution of 0.124.

Aspect-level decomposition yields a divergence vector of (0.199, 0.135, 0.097, 0.013) for
Revenue, Management, Market, and Risk, respectively. Under keyword-based extrac-
tion, Revenue is the most contested dimension and includes a Reddit–SEC sentiment
gap of 1.091 units on the [−1,+1] scale, while Management is the only aspect exhibit-
ing a potential directional split. This observation is based on a single Reddit-extracted
sentence for the Management aspect and should be treated as illustrative rather than val-
idated. The near identity of SDI Level 1 and Level 2, with a normalised delta of 0.0046,
suggests that the observed disagreement in this event is associated more strongly with
differences between professional news and regulatory disclosure than with social media
noise. The same pipeline is also applied to the AppLovin Q4/FY2025 earnings event as
an exploratory secondary case in a different company and event setting.
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1.7 Thesis Organisation

The remainder of our thesis is organised as follows.

Chapter 2 establishes the literature basis for our study. It reports the PRISMA-guided screen-
ing process used to identify the reviewed studies and organises the resulting literature across ten
analytical sections. These sections examine the progression of FSA, domain-adapted financial
language models, heterogeneous financial source types, multi-source fusion, aspect-level sen-
timent analysis, disagreement measurement, source credibility, uncertainty, and explainability.
The chapter concludes by identifying the combination of requirements addressed by Sentinel,
which was not found in a single framework within the reviewed literature.

Chapter 3 defines the Sentinel framework and the scope of its current implementation. It
introduces the source-accountability rationale, data collection and preprocessing pipeline,
sentiment-score construction, and the calibration limitations governing cross-source com-
parison. It then develops the SDI computation ladder and the MASD/ADI aspect-level
decomposition, followed by the explainability outputs and end-to-end workflow. The chapter
also presents the Sentinel-LLaMA3 QLoRA fine-tuning methodology and makes explicit that
the reported case-study scores are produced using FinBERT, while Sentinel-LLaMA3 is eval-
uated separately on FPB and applied to the Tesla corpus via token log-probability extraction
(Section 4.4.5).

Chapter 4 presents two related but distinct evaluation tracks. The first reports the FinBERT-
based event analysis: baseline validation, the Tesla Q1 2024 primary case study across senti-
ment scoring, SDI, and ADI, and the exploratory AppLovin Q4/FY2025 secondary application.
The second evaluates Sentinel-LLaMA3-FPB75 on the FPB benchmark and reports the lower-
agreement robustness audits and the separate Sentinel-LLaMA3-Robust-FPB50 experiment.
The chapter concludes by interpreting the results across phases and consolidating the reported
outputs.

Chapter 5 answers the four research questions within the evidential scope of our thesis.
It discusses the implications of the case-study and benchmark findings, states the limits of
the conclusions that may be drawn from them, and presents eight limitations of the current
implementation together with their corresponding extension paths.

Chapter 6 develops the future work arising from those limitations. It focuses on multi-event
validation and downstream SDI-to-volatility testing, dynamic credibility weighting, temporal
propagation modelling, broader source coverage, and source-type-aware fine-tuning with cross-
benchmark evaluation of Sentinel-LLaMA3.



Chapter 2

Literature Review

Financial sentiment analysis has moved from isolated-text classification toward methods that
account for how domain and source type shape sentiment expression. Recent LLM-based meth-
ods support richer semantic extraction from financial language, but most still operate at the level
of individual documents or individual source types. The reviewed literature did not identify a
published framework that combines multi-source data alignment, aspect-level decomposition,
continuous LLM-derived sentiment scores, and a formal measure of source-level divergence.
This chapter reviews the relevant literature across ten analytical sections, showing how each
strand informs Sentinel and how the research gap addressed in this thesis is defined. The review
includes 36 studies selected through the PRISMA screening process described in Section 2.1
and concludes with an explicit positioning matrix in Section 2.11.

2.1 Screening Methodology

2.1.1 Search Protocol and Inclusion Criteria

The literature reviewed in this chapter was selected through a PRISMA-guided screening pro-
cess covering seven search sources: EBSCO, ScienceDirect, Google Scholar, IEEE Xplore,
arXiv, Semantic Scholar, and the ACL Anthology. The search identified 7,245 records in total
before deduplication, with 5,816 remaining after duplicate removal. Title and abstract screen-
ing excluded 5,651 records outside the review scope, leaving 165 records for full-text assess-
ment. Of these, 129 were excluded because they lacked sufficient methodological detail, did not
analyse text, were not relevant to sentiment conflict, or had been superseded by a later version.
The final review corpus contains 36 studies, with two additional methodological references
cited for supporting background discussion. Table 2.1 reports the screening counts for each
phase. The IEEE Xplore search returned 173 results spanning 2019–2025, consistent with the
emergence of transformer-based methods in financial Natural Language Processing (NLP) fol-

8
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lowing the introduction of Bidirectional Encoder Representations from Transformers (BERT)
in late 2018.

Table 2.1: PRISMA-guided literature review screening process.

Phase
Stage Breakdown / Details n

Identification
Database Searching EBSCO: 2,253; ScienceDirect: 4,218; Google Scholar: 412; IEEE

Xplore: 173. Searches used full-text, peer-reviewed, English-language,
and 2015–2025 filters where supported. IEEE Xplore returned 173
records under this protocol, all from 2019–2025; no records were returned
for 2015–2018.

7,056

Additional Sources arXiv: 87; citation tracking: 64; Semantic Scholar: 22; ACL Anthology:
16.

189

Total Before Deduplication 7,245

Screening
After Duplicate Removal Duplicates removed: 1,429, approximately 20% duplication rate. 5,816

Excluded at Title/Abstract Not financial-text sentiment: 3,218; numerical-only: 987; prediction
without NLP: 681; non-English: 512; other/insufficient relevance: 253.

5,651

Passed to Full-Text 165

Eligibility
Full-Text Articles Assessed 165

Full-Text Excluded Insufficient detail: 37; no text analysis: 31; not relevant to conflict: 38;
superseded: 23.

129

Passed to Inclusion 36

Inclusion
Final Studies Included T1 LLMs/Transformers: ≈11

T2 domain-specific LMs: ≈6
T3 multi-source: ≈6
T4 sentiment divergence: ≈6
T5 aspect-based: ≈5
T6 explainability: ≈2

36

The 36 included studies are classified by primary analytical focus into six themes, as sum-
marised in Table 2.1: LLM and transformer architectures (T1), domain-specific language mod-
els (T2), multi-source fusion (T3), sentiment divergence (T4), aspect-based analysis (T5), and
explainability (T6). The chapter uses these themes as an organising basis rather than as a fixed
section structure. Several themes contain distinct lines of work that are clearer when discussed
separately, so the review is developed across ten analytical sections while retaining the same
overall thematic coverage.
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2.2 Foundations of Financial Sentiment Analysis

2.2.1 The Single-Source Paradigm

Most FSA research is conducted within a single-source classification setting. A corpus is se-
lected from one source type, annotated for sentiment, used to train or fine-tune a classifier,
and divided into training and held-out evaluation partitions. This design supports reproducible
model comparison and has enabled substantial progress in financial sentiment classification.
However, it does not examine whether the source through which a financial event is communi-
cated affects the sentiment signal assigned to that event.

Du et al. [14], in their survey of FSA methods in ACM Computing Surveys, review techniques
applied to corporate disclosures, earnings calls, financial news, and social media. Although
these source types are all represented in the surveyed literature, they are considered as separate
application settings rather than as aligned channels reporting on the same event. The princi-
pal annotated FSA benchmarks, including FPB [6], FiQA [11], and SEntFiN [12], follow the
same single-source design. They therefore support evaluation of sentiment classification per-
formance, but not measurement of disagreement across sources describing a shared corporate
event.

This distinction motivates our thesis. A model evaluated on news data alone cannot reveal
whether regulatory filings or Reddit discussions of the same event produce different sentiment
scores. If outputs from these sources are aggregated before their differences are examined,
source-specific variation is lost. Sentinel begins from the premise that this variation should be
retained and measured because it may reflect differences in how institutional channels frame
the same financial event.

2.2.2 Lexicon-Based and Pre-Neural Approaches

Before transformer-based models became established in NLP, FSA was commonly performed
using sentiment lexicons, bag-of-words representations, and shallow classifiers. Applying
general-purpose lexicons such as LIWC and the Harvard-IV dictionary to financial text ex-
posed an important domain mismatch: terms such as “liability,” “tax,” and “risk,” which often
carry negative connotations in ordinary language, may function as neutral technical vocabu-
lary in regulatory filings and earnings reports. Loughran and McDonald [1] addressed this
mismatch by developing a finance-specific dictionary based on the language of SEC filings,
distinguishing evaluative terms from routine financial terminology. The resulting dictionary re-
mains valuable for its interpretability and domain relevance, although neural approaches have
achieved stronger classification performance on held-out benchmarks.

Subsequent advances in transfer learning shifted financial sentiment modelling toward neural
language models. Howard [2] showed through ULMFiT that general language-model pretrain-
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ing followed by task-specific fine-tuning improves text classification performance relative to
feature-engineering approaches. Gururangan et al. [3] later demonstrated that further pretrain-
ing on domain-specific corpora can improve an already pretrained model. These developments
established the methodological basis for financial language models that begin with a general
pretrained model, adapt it to financial text where appropriate, and fine-tune it on labelled task
data.

2.3 Transformer-Based Financial Language Models

2.3.1 Encoder-Based Domain Adaptation

Domain-adapted encoder models based on Bidirectional Encoder Representations from Trans-
formers (BERT) substantially improved benchmark performance in financial NLP. FinBERT
[4, 5], which continues BERT-base pretraining on financial corpora, achieves approximately
88% macro F1 on the FPB 75%-agreement subset and is widely used as a domain-specific base-
line for financial sentiment classification. Its performance relative to general-purpose BERT
is consistent with the broader finding of Gururangan et al. [3] that continued pretraining on
domain-relevant text improves downstream task performance. FLANG [7], developed along-
side the Financial Language Understanding Evaluation (FLUE) benchmark, extends this evi-
dence beyond BERT by reporting gains from an ELECTRA-based domain-adapted encoder on
financial NLP tasks including sequence labelling and multi-class classification.

A limitation of domain-adapted encoder models for cross-source divergence measurement is
the form of their output. These models generally produce class labels or probability distribu-
tions over positive, neutral, and negative sentiment, whereas divergence measurement requires
continuous signed scores on a common scale. A signed score can be derived from the posterior
distribution as si = ppositive − pnegative, but its interpretation across source types depends on
calibration. Scores derived from different source domains are comparable only if the model’s
probability outputs are comparably calibrated across those domains. Since modern neural net-
works may be systematically overconfident [19], this requirement cannot be assumed without
evaluation. Chapter 3 therefore specifies a calibration protocol for cross-source comparison.

2.3.2 Large-Scale Pre-trained Models

BloombergGPT [8] demonstrates the potential of large-scale financial-domain pretraining. The
model contains 50 billion parameters and was trained on 708 billion tokens drawn from finan-
cial and general-purpose text, achieving state-of-the-art performance on several financial NLP
tasks at the time of publication. Its methodological value for reproducible experimentation is
nevertheless constrained by its proprietary status: the model is not available for independent
evaluation, reproduction, or task-specific fine-tuning.
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This constraint highlights a practical distinction between reported large-scale performance
and reproducible model development. Researchers seeking locally deployable financial lan-
guage models require an alternative that can be inspected, adapted, and evaluated without
dependence on proprietary infrastructure or API access. Parameter-efficient fine-tuning of
open-weight models provides such an alternative and motivates the approach discussed in Sec-
tion 2.4.4 and the model selection presented in Chapter 3.

2.4 Large Language Models for Financial Reasoning

2.4.1 Few-Shot and Zero-Shot Prompting

Brown et al. [20] showed that GPT-3 could perform diverse language tasks in few-shot settings
without task-specific parameter updates, establishing in-context prompting as an alternative to
fine-tuning for general NLP applications. Evidence of transfer to financial sentiment classifi-
cation is provided by Zhang et al. [9], who report a zero-shot macro F1 of 0.87090 for GPT-4o
mini on FPB. This result indicates that a general-purpose instruction-following model can pro-
duce competitive financial sentiment predictions without domain-specific fine-tuning, subject
to the reported evaluation protocol. Wei et al. [21] demonstrate that prompts incorporating in-
termediate reasoning steps can improve performance on reasoning-intensive tasks. Although
their study does not evaluate financial sentiment analysis, it provides a basis for considering
structured prompting in financial text extraction tasks that require semantic interpretation be-
yond a single label.

A reproducible disagreement-measurement pipeline requires greater control over inference
than proprietary API-based models typically provide. Their outputs may vary following model
updates, posterior probabilities may be unavailable, and repeated processing of large corpora
introduces additional cost. The scoring engine intended for Sentinel is therefore locally de-
ployable and open-weight. Prompt-based methods remain relevant for the separate task of
extracting aspect-level sentiment from financial text.

2.4.2 Open-Source Financial LLMs

Financial GPT (FinGPT) [22] develops an open-source financial LLM framework in which
data collection and adaptation are central design components. Although the framework draws
on multiple types of financial text, its objective is to provide broader training material for
a financial language model rather than to compare how different sources describe the same
event. This distinction is central to our thesis. A model may be trained on news, social media,
and financial documents without producing an explicit measure of disagreement among those
sources. Sentinel, by contrast, retains source identity at inference time and compares sentiment
scores for texts aligned to a shared corporate event.
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The LLaMA family [23] provides the open-weight model basis required for this type of
reproducible experimentation. In particular, LLaMA 3.1 8B Instruct offers a model that can
be adapted and evaluated locally at a scale compatible with the parameter-efficient fine-tuning
methodology used in our thesis.

2.4.3 Multi-Agent Financial Reasoning Systems

Multi-agent approaches in financial sentiment analysis use several reasoning roles to improve
the classification of a given text. In HAD, Xing [10] assigns specialised roles to LLM agents
and aggregates their discussion into a final sentiment assessment. The reported results show
benefits from heterogeneous agent reasoning, but the framework remains document-centred:
all agents evaluate the same input text. This differs from the problem addressed in our thesis,
where disagreement arises among separate source documents describing a common corporate
event.

Retrieval-Augmented Multi-Agent Sentiment System (RAMAS) [24] follows a related direc-
tion by combining retrieval augmentation with generator, discriminator, and arbitrator agents.
Its reported gains concern classification on established FSA benchmarks, using retrieval and
agent interaction to improve the assessment of each input document. The scope of both sys-
tems remains document-level sentiment assessment rather than comparison of event-aligned
sentiment signals across institutional source types. Sentinel addresses this latter problem by
preserving source identity throughout the analysis.

2.4.4 Parameter-Efficient Fine-Tuning

Adapting multi-billion-parameter LLMs through full fine-tuning is computationally demanding
because training must retain gradients and optimiser states for the entire parameter set. For
models of the scale used in our thesis, this requirement is difficult to satisfy on single-Graphics
Processing Unit (GPU) research hardware. Parameter-efficient fine-tuning provides a practical
alternative by leaving the pretrained model weights fixed and learning a comparatively small
task-specific update.

LoRA [18] represents this update through a low-rank decomposition. Given a frozen weight
matrix W0 ∈ Rd×k, the adapted matrix is

W ′ = W0 +
α

r
BA,

where B ∈ Rd×r and A ∈ Rr×k are trainable matrices and r ≪ min(d, k). This formulation
reduces the number of parameters updated during training and permits the learned update to
be merged into the base model for inference. Hu et al. [18] report that LoRA achieves perfor-
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mance comparable to full fine-tuning across several evaluated language tasks without additional
inference latency.

QLoRA [17] reduces memory requirements further by combining low-rank adaptation with
a frozen base model quantised to 4-bit NormalFloat 4-bit (NF4) precision. The method also
uses double quantisation and paged optimisers to reduce memory consumption and manage
training-time memory spikes. Dettmers et al. [17] demonstrate that QLoRA can fine-tune a
65-billion-parameter model on a single 48 Gigabyte (GB) GPU while preserving full 16-bit
fine-tuning task performance in their evaluation. These properties motivate its use for adapting
LLaMA 3.1 8B Instruct to financial sentiment classification in Chapter 3.

2.5 Source-Type Characteristics in Financial NLP

2.5.1 Financial News

Financial news differs from regulatory filings and social media not only in style, but also in
the conditions under which it is produced. Regulatory disclosures are governed by formal
reporting obligations, whereas social media commentary is largely unconstrained by editorial
review. Professional news is prepared within editorial and attribution standards, while allowing
journalists to determine which consequences of an event warrant emphasis. This combination
makes financial news an appropriate comparison source in a study of how institutional channels
characterise the same corporate event.

A substantial portion of the FSA literature is built on financial-news data. FPB [6] contains
4,846 sentences annotated by 16 domain experts and is available at the all-agree, 75%, 66%,
and 50% agreement thresholds, allowing performance to be examined under differing levels
of annotation agreement. SEntFiN [12] moves from sentence-level to entity-level annotation
in financial headlines, so that sentiment can be associated with the relevant firm rather than
only with the headline as a whole. Outside the 36-study PRISMA-screened corpus, Financial
News Stock Price Integration Dataset (FNSPID) [25] is included as contextual evidence of the
scale of available news data, with 15.7 million time-aligned financial news records for studies
combining textual and market information.

Aspect-oriented resources also inform the present framework. The FiQA benchmark [11]
includes sentiment scores and categories such as Corporate/Sales, Stock/Price Action, and
Market/Volatility for financial headlines and microblog posts. These categories inform the
construction of the aspect taxonomy in Sentinel’s MASD framework. However, the available
datasets do not align financial news with regulatory and social-media texts concerning the same
event. They can therefore support sentiment modelling and aspect definition, but not the cross-
source aspect-level comparison examined in our thesis. Section 2.7 develops this point further.



CHAPTER 2. LITERATURE REVIEW 15

2.5.2 Social Media and Retail Investor Sentiment

Social media differs from professional news and regulatory disclosure in both its production
setting and the distribution of its sentiment signals. Unlike edited news reports or legally con-
strained filings, social-media posts reflect decentralised commentary from users whose infor-
mation sets, interpretations, and communication practices may vary considerably. Cookson et
al. [16] show that attention is correlated across major social-media platforms, while sentiment
is much less closely aligned. This result cautions against representing social-media sentiment
as a single platform-independent signal.

Related evidence indicates that disagreement within social-media discussion may be eco-
nomically relevant. Using data from StockTwits, an investor-focused social-media platform,
Cookson and Niessner [26] distinguish disagreement arising from different information sets
from disagreement arising from different interpretations, finding that both contribute to over-
all disagreement. Siganos et al. [27] report that sentiment divergence measured from Face-
book data is positively associated with trading volume and stock-price volatility. Although
these studies examine disagreement within social-media environments rather than across in-
stitutional source types, they motivate the decision to retain sentiment variation rather than
remove it through aggregation.

Reddit financial communities such as r/wallstreetbets and r/investing provide a high-volume
channel for retail-investor commentary. Their distinct community identities and discussion
norms make subreddit identity relevant when variation in the collected Reddit evidence is in-
terpreted. Reddit serves as the social-media source in the present case-study implementation,
but our thesis does not assume that it fully represents retail sentiment or that its coverage of
financial aspects is uniform. Instead, Reddit documents are analysed as one available source
channel, with aspect coverage recorded explicitly in the ADI evaluation. This allows sparse
coverage in the collected corpus to be treated as an empirical limitation of the case study rather
than as a general claim about social-media communication.

2.5.3 Regulatory Filings

Regulatory filings provide a legally mandated source of company-disclosed financial infor-
mation. Through EDGAR, the SEC makes available annual reports on Form 10-K, quarterly
reports on Form 10-Q, and current reports on Form 8-K. These documents differ from profes-
sional news and social-media commentary because they are produced by the reporting company
within a regulated disclosure process and are structured around formal reporting requirements.

The linguistic specificity of regulatory disclosure is established by Loughran and McDonald
[1], who show that general-purpose sentiment dictionaries frequently misclassify routine finan-
cial terms, including “tax,” “liability,” and “risk,” when applied to 10-K filings. This domain
mismatch is relevant to the interpretation of Sentinel’s outputs. The near-neutral score obtained
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for the SEC filing in the present case study may reflect the language of formal disclosure rather
than a failure of the sentiment model. The result is therefore interpreted within the case-study
setting only; whether the same pattern appears across a wider filing corpus remains to be tested.

2.5.4 Earnings Calls and Analyst Reports

Earnings calls constitute a distinct form of corporate financial communication. In a typical call,
management presents quarterly results through prepared remarks and subsequently responds to
analyst questions. The prepared portion commonly addresses financial dimensions such as
revenue, margins, operating expenses, and forward guidance, while the question-and-answer
portion permits analysts to focus on issues requiring further explanation or scrutiny.

This organisation is relevant to aspect-level sentiment analysis because the same financial di-
mension may be framed in prepared disclosure and examined differently during analyst ques-
tioning. Regulation FD, adopted by the SEC in 2000, limits selective disclosure of material
nonpublic information to certain market participants unless the information is also publicly dis-
closed in accordance with the rule. Within the FSA literature, Du et al. [14] identify earnings
calls as one of the principal financial text sources studied for sentiment analysis. Earnings-call
transcripts thus provide a source type that is institutionally distinct from both regulatory filings
and external news reporting.

Analyst reports are similarly distinct from the sources used in the present case study. They
communicate professional investment analysis through narrative evaluation, recommendations,
and price targets, but they are not issuer-filed disclosures. Although earnings calls and ana-
lyst reports are not analysed in the implemented Sentinel case studies, they indicate how the
framework could later be extended to additional professionally mediated sources.

2.6 Multi-Source Sentiment Fusion

Research on sentiment fusion in finance has primarily examined whether combining textual
signals improves prediction, rather than whether disagreement among sources is itself infor-
mative. Passalis et al. [28] combine sentiment information from multiple online sources in
a deep-learning framework for Bitcoin price-change prediction. Their work establishes the
feasibility of incorporating heterogeneous financial text signals into a predictive model, but
its output is a market-prediction signal rather than a measure of disagreement among aligned
sources.

Liu et al. [29] approach integration at a different level. Their Chinese bond-market frame-
work combines firm-specific and industry-specific sentiment with temporal smoothing to pro-
duce a daily composite sentiment index for credit-spread forecasting. The study therefore cap-
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tures variation across analytical levels and time, but does not compare source-specific interpre-
tations of the same event or decompose such differences by financial aspect.

A related aggregation problem is examined by Wang and Ma [30]. MANA-Net assigns
dynamic weights to news sentiment representations for market prediction in order to reduce the
information loss associated with equal-weight aggregation of multiple news items. Although
this approach preserves differential relevance during aggregation, it operates within financial
news rather than across distinct institutional source types.

Taken together, these studies show how multiple sentiment inputs can be combined to support
financial prediction. Their focus is the construction of an improved aggregate signal, rather than
the analysis of differences among sources. Sentinel addresses the latter problem by aligning
source documents to a common event and measuring the resulting source-specific divergence.

2.7 Aspect-Based Sentiment Analysis in Finance

The financial sentiment literature includes several approaches that move beyond document-
level polarity, although these approaches are generally evaluated within a single corpus or
source setting. FiGAS [31] assigns fine-grained sentiment scores in the range [−1,+1] to
economic and financial topics of interest using an unsupervised lexicon-based method. This
provides an interpretable form of topic-specific sentiment measurement, but it does not com-
pare how separate institutional sources describe the same event.

The FiQA benchmark [11] offers aspect-oriented annotations for financial headlines and mi-
croblog posts, including Corporate/Sales, Stock/Price Action, and Market/Volatility. These
categories provide a useful basis for the aspect taxonomy used in Sentinel’s MASD frame-
work. Nevertheless, the benchmark was not designed to align regulatory, professional-news,
and social-media texts to shared corporate events, which is necessary for measuring disagree-
ment among source-specific aspect scores.

Yan and Qin [32] extend this line of work through a FinBERT-BiGRU-CNN model applied
to Chinese financial media commentary, reporting an F1 score of 0.873. Their study confirms
the feasibility of neural aspect-level sentiment analysis in a financial setting, while also noting
limitations in the availability of authoritative datasets for financial Aspect-Based Sentiment
Analysis (ABSA). Its scope remains within financial media commentary.

FinEntity [13] addresses a neighbouring problem by annotating entities and their sentiment
in financial news. This level of annotation supports sentiment attribution to a named firm where
multiple entities appear in the same text, but it is not equivalent to aspect-level annotation and
does not enable cross-source aspect comparison.

The remaining gap is therefore not the absence of fine-grained financial sentiment resources,
but the absence within the reviewed studies of an event-aligned method for comparing aspect-
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level sentiment across source types. In MASD, aspect scores are obtained separately for each
source document, and the ADI is then used to measure divergence for each aspect.

2.8 Opinion Divergence and Investor Disagreement

2.8.1 Finance Theory of Disagreement

The economic relevance of cross-source divergence is grounded in finance theory rather than
in NLP alone. Miller [33] showed that, under short-sale constraints, disagreement among in-
vestors can lead to systematic overvaluation because pessimistic views are less easily reflected
in market prices. Hong and Stein [34] developed this account further by identifying hetero-
geneous priors and limited attention as sources of disagreement and by showing how gradual
information diffusion can produce momentum over short horizons and reversals over longer
horizons. This mechanism is pertinent to multi-source sentiment analysis: different source
types may reach different investor audiences at different times, meaning that changes in cross-
source sentiment divergence may reflect the sequence through which an event is interpreted
across market participants.

Diether et al. [35] provided an empirical operationalisation of disagreement through analyst
earnings forecast dispersion, demonstrating that this measure predicts subsequent stock returns
independently of the level of analyst consensus. Their approach establishes that dispersion in
structured financial signals can contain information beyond average expectations. Our present
thesis examines an analogous possibility in textual data: narrative sentiment dispersion across
institutional source types may contain related predictive information. The SDI is designed as a
computable measure of this form of narrative disagreement.

2.8.2 Computational Measurement of Sentiment Divergence

Garcia [15] provides relevant computational motivation for the SDI. In that study, sentiment
divergence is measured as the absolute difference between quarterly Twitter and Bloomberg
news sentiment scores across 1,823 U.S. firms from 2015 to 2021. Garcia reports that diver-
gence predicts financial distress, with an effect of approximately 46 basis points per standard
deviation of divergence, even after accounting for the sentiment level in either source. This
finding motivates the treatment of disagreement across sources as a signal in its own right.

The Sentinel framework extends this approach in four respects. Garcia’s measure compares
exactly two sources, whereas the present framework is designed for multiple source types
across the accountability spectrum. It also uses absolute difference rather than a weighted
pairwise distance measure, and it does not incorporate either source credibility weighting or
model uncertainty quantification. As a result, calibration artefacts cannot be separated from
genuine narrative disagreement within that measure. Finally, Garcia assumes sentiment scores
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as inputs, while Sentinel specifies an NLP pipeline for producing and comparing source-level
scores from raw text. The SDI therefore develops the same underlying idea of divergence as
the variable of interest in a broader computational setting.

FinSentLLM [9] is related to this discussion but examines a different source of divergence.
Its meta-classifier combines FinBERT and RoBERTa-sentiment posteriors generated from the
same text, so the resulting disagreement occurs between models rather than between informa-
tion sources. This distinction matters for our thesis. Model-level disagreement indicates that
classifiers interpret the same input differently, which is relevant to annotation ambiguity and
model calibration. Source-level disagreement indicates that institutional channels describe a
shared event differently, which is relevant to framing and information ecology. The SDI mea-
sures the second form of disagreement.

2.9 Source Credibility, Uncertainty, and Calibration

Compared with the large body of single-source FSA research, relatively little work has ex-
amined how credibility should affect the weighting of financial text sources. Huang et al. [36]
study this problem for financial users on Twitter by deriving user-level trust scores from account
history, follower-network properties, and content consistency. They find that trust-weighted
sentiment improves downstream stock prediction accuracy relative to unweighted sentiment.
Their study shows that credibility can be informative, although its setting is confined to one
platform and does not address credibility across different source types.

Kengmegni [37] provides a further reason to treat credibility weights cautiously. In the
tested setting, sources commonly viewed as less credible in financial discourse, including Ben-
zinga and Zacks, sometimes yield more stable and consistent sentiment signals than traditional
newspaper-of-record sources. Institutional reputation alone is therefore not a sufficient basis
for fixing credibility priors. For Sentinel, this finding motivates evaluating the SDI under al-
ternative credibility weight configurations, so that any observed divergence can be assessed for
sensitivity to the chosen priors.

A related issue is uncertainty in the sentiment model itself. MC Dropout [38] estimates
model uncertainty by retaining dropout during repeated inference passes and examining the
resulting distribution of predictions. This procedure provides an uncertainty estimate with-
out changing the model architecture or retraining it. Guo et al. [19] show that modern deep
neural networks can be systematically overconfident, especially among predictions assigned
high confidence. This matters in a cross-source setting because the same model may be dif-
ferently calibrated on regulatory filings and social-media text. If predictions for SEC filings
are more overconfident than predictions for social media, some of the observed difference in
si = ppositive − pnegative may arise from calibration rather than source-level disagreement. For
this reason, the full Sentinel design includes Expected Calibration Error (ECE) measurement
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and probability calibration as requirements for reliable cross-source comparison; their empiri-
cal application remains outside the current case-study implementation.

2.10 Explainability in Financial NLP

Financial NLP studies have applied several Explainable Artificial Intelligence (XAI) meth-
ods to explain sentiment predictions, but these methods remain focused mainly on individual
model outputs rather than on the needs of different financial users. SHapley Additive Expla-
nations (SHAP)-based approaches have been used in sentiment lexicon construction to iden-
tify token contributions to classification decisions and to produce explainable lexicon exten-
sions that outperform the Loughran-McDonald dictionary on held-out text. Local Interpretable
Model-Agnostic Explanations (LIME) and Anchors have also been used in entity-level finan-
cial sentiment architectures to generate faithful local explanations. Such methods can clarify
why a model assigns a particular sentiment label to a specific text, but they do not show why two
source types characterise the same event differently. That distinction is central to cross-source
sentiment analysis.

The Chartered Financial Analyst Institute (CFA) describes a related difficulty in financial
Artificial Intelligence (AI) explainability: the form of explanation required by a compliance of-
ficer, portfolio manager, regulator, or quantitative analyst may differ substantially. Attribution
maps developed for machine-learning practitioners may therefore require interpretation before
they become useful in financial decision or oversight contexts. The European Union Artificial
Intelligence Act (EU AI Act) and Federal Reserve Supervisory Guidance on Model Risk Man-
agement (SR 11-7) also point towards greater transparency requirements for AI systems that
influence investment or credit decisions, although neither specifies how explanations should be
presented for financial sentiment systems.

Sentinel approaches this problem through outputs that arise directly from its divergence mea-
sures. The per-source-pair contribution breakdown shows how each pairwise distance con-
tributes to the aggregate SDI. The directional divergence vector indicates whether sources
differ in the direction of sentiment rather than only in its magnitude. The per-aspect ADI ma-
trix identifies which financial dimensions contribute to the observed disagreement. Together,
these outputs provide an interpretable account of cross-source divergence for financial audi-
ences and can also be represented in machine-readable form for downstream risk monitoring
or regulatory reporting.
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2.11 Research Gap and Thesis Positioning

Four gaps in the surveyed literature motivate the design of Sentinel. The first concerns the data
required for cross-source evaluation. The major benchmarks considered in our thesis [6, 11, 12]
are single-source datasets and do not align multiple textual sources to the same corporate event
for sentiment annotation. They therefore cannot be used for retrospective evaluation of cross-
source disagreement. The second concerns calibration. Although modern neural networks are
known to exhibit systematic overconfidence [19], the reviewed frameworks do not make prob-
ability calibration a precondition for comparing sentiment posteriors across source domains.
The third concerns the treatment of credibility and uncertainty: existing work studies source
credibility weighting and model uncertainty quantification separately rather than combining
them within a divergence metric. The fourth concerns interpretability at the aspect level. In the
reviewed multi-source sentiment frameworks, document-level aggregation does not identify the
financial dimensions that contribute to cross-source disagreement.

2.11.1 Design Requirements Derived from the Literature

The identified gaps lead to six methodological requirements for our thesis. Textual sources
must first be aligned to the same corporate event, since comparing unrelated corpora would
not measure disagreement about a shared information setting. Sentiment outputs must then be
expressed on a continuous signed scale so that differences between sources can be measured as
distances rather than only as categorical mismatches. The framework must also retain source
identity throughout the pipeline, because its purpose is to examine source-level disagreement
rather than produce an aggregate sentiment estimate. Credibility priors and calibration metadata
must remain explicit, including where calibration has not yet been empirically applied. In
addition, a document-level disagreement score must be decomposable into pairwise source-
type contributions and aspect-level components. Finally, the output must be auditable, allowing
the resulting score to be traced to the source types, aspects, and signed sentiment values that
produced it.

Chapter 3 implements these requirements through event-window alignment, signed senti-
ment scoring, source-type priors, the SDI, the MASD/ADI decomposition, and a structured
output record. Our thesis does not claim that every requirement has been completed at de-
ployment level. Calibration gates are specified within the methodology and retained as output
metadata; their empirical execution is reserved for future multi-event validation. MC Dropout
uncertainty estimation (Level 3) has been implemented and is reported in Section 4.4.3.

Taken together, the surveyed studies address parts of this problem, but not its full combina-
tion of requirements. Multi-source sentiment research does not decompose disagreement at the
aspect level, while aspect-level sentiment research does not compare institutional source types.
Research on divergent signals generally measures disagreement between models rather than be-
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tween sources, and work using LLM-based extraction typically considers individual documents
without cross-source comparison. Garcia [15] measures source-level divergence but does not
include NLP infrastructure or aspect decomposition. FinSentLLM [9] measures model-level
divergence with LLM-derived features but is not multi-source in the institutional sense. Yan
and Qin [32] perform aspect-level analysis within a single source type. Table 2.2 positions ten
representative works against the four dimensions required for cross-source aspect-level senti-
ment disagreement analysis.

Table 2.2: Positioning of representative works against four dimensions of cross-source aspect-
level sentiment disagreement analysis.

Work Multi-Source
Analysis

Aspect-Level
Analysis

LLM-Based
Scoring

Cross-Source
Divergence

Garcia [15] Yes, two sources No No Absolute difference
FinSentLLM [9] No No Ensemble Model-level
HAD [10] No Limited Yes No
RAMAS [24] No No Yes No
FinGPT [22] Training data only No Yes No
Passalis et al. [28] Yes No Hybrid / partial No
Liu et al. [29] Yes No Hybrid / partial No
FiGAS [31] No Yes No No
Yan & Qin [32] No Yes Hybrid / partial No

Sentinel (our thesis) Yes Yes Specified* Source-level

Note: “Training data only” denotes studies in which multiple source types are used for model development but
are not compared as aligned inputs for the same event. “Hybrid / partial” denotes studies that include an LLM
or neural language-model component without employing it as the complete mechanism for scoring cross-source
divergence. “Specified*” means that LLM-based scoring is specified at the framework level and evaluated
through Sentinel-LLaMA3 on FPB, whereas the reported case-study SDI/ADI values are computed using
FinBERT.

Among the 36 sources reviewed, no prior published work was identified that addresses all
four dimensions together. This observation defines the gap addressed by our thesis: a formal,
computable measure of source-level sentiment disagreement based on continuous LLM-derived
scores, decomposed to the aspect level, implemented with a reproducible open-weight scoring
engine, and demonstrated on real multi-source financial events.
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2.11.2 Thesis Proposition

Our thesis treats cross-source financial sentiment disagreement as a potentially meaningful sig-
nal in its own right, rather than as variation that should automatically be removed by aggrega-
tion. Previous studies provide the foundations for multi-source analysis, aspect-level sentiment
analysis, and credibility-aware weighting, but these elements remain largely separate in the lit-
erature. Sentinel combines them to examine whether regulatory filings, professional news, and
social media characterise the same financial event differently. The central proposition is that a
credibility-weighted disagreement metric, specified with uncertainty handling and aspect-level
decomposition, can make such source-level differences observable where aggregate FSA alone
cannot.

2.11.3 Thesis Objective

The objective of our thesis is to develop and evaluate Sentinel as an end-to-end framework
for MSFSA. Sentinel is designed to generate continuous source-specific sentiment scores for
aligned financial events, measure document-level cross-source disagreement using the SDI, and
decompose that disagreement through the MASD framework and ADI. The framework is then
demonstrated on real financial data. In this way, our thesis brings together four dimensions that
remain separately addressed in the literature: multi-source analysis, aspect-level sentiment,
LLM-based extraction with a fine-tuned open-weight scorer, and cross-source divergence mea-
surement.



Chapter 3

Methodology

This chapter describes the Sentinel framework and the methodology used in our thesis. The
framework treats cross-source variation in financial sentiment as an object of analysis rather
than as variation to be removed by averaging. It therefore follows the full analytical path from
event definition and data collection through preprocessing, sentiment inference, disagreement
measurement, and aspect-level decomposition. The chapter also describes the QLoRA fine-
tuning procedure used for the Sentinel-LLaMA3 scoring engine. Where the broader framework
extends beyond the present evaluation, we distinguish clearly between implemented compo-
nents and components reserved for future work.

3.1 Framework Overview and Design Principles

Sentinel is structured as a five-layer framework that preserves source identity throughout the
analysis. Layer 1 assembles the multi-source text corpus from documents located at different
points on the institutional accountability spectrum. Layer 2 defines the calibration and quality-
gating procedures required for cross-source comparison, and Layer 3 converts the processed
documents into signed sentiment scores. At Layer 4, the framework separates into two analyt-
ical branches: the SDI measures document-level disagreement across the event corpus, while
the MASD/ADI branch identifies the aspects on which sources diverge. Layer 5 consolidates
these results into the explainability output and final structured record. In the main Tesla and Ap-
pLovin Level 1–2 analyses, the case-study scores are uncalibrated FinBERT outputs combined
with static type-prior weights. The Tesla Level 3 analysis, reported separately in Chapter 4,
additionally evaluates MC Dropout-based uncertainty adjustment.

Figure 3.1 presents the system architecture, tracing the information path from three hetero-
geneous source types through a common preprocessing and inference layer to the parallel SDI
and ADI computation branches and the explainability output. Table 3.1 summarises the input,
output, and key component of each of the five operational phases that traverse this architecture.

24
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L1
\ News

Guardian Open Platform
Ü Reddit

Arctic Shift archive
@ SEC filings

EDGAR / edgartools

Event-aligned source documents

L2
Z Common preprocessing

Clean and normalise · 400-word chunks · model-specific tokenisation

L3
j FinBERT case-study inference

Signed document and aspect scores si ∈ [−1,+1]

L4

¢ SDI
Document-level disagreement

Levels 1–2; Level 3 reported separately

j MASD/ADI
Aspect-level decomposition

Source-aspect sentiment matrix

L5
Á Explainability and structured output record

Source-pair contributions · divergence vector · metadata flags

Figure 3.1: Sentinel case-study architecture. The three source types are processed through
a shared preprocessing and FinBERT inference path, after which the framework computes
document-level SDI and aspect-level ADI in parallel. Level 3 MC Dropout uncertainty estima-
tion is reported separately in Section 4.4.3. Sentinel-LLaMA3-FPB75 is evaluated separately
on Financial PhraseBank and does not generate the reported Tesla SDI/ADI values.

Table 3.1: Sentinel five-phase pipeline: input, output, and key component per phase.

Phase Name Input Output Key Component

1 Baseline Validation FPB subsets Scoring-engine
benchmark metrics

FinBERT or
Sentinel-LLaMA3
inference

2 Multi-Source Collection News, Reddit, SEC
filings

Event-aligned document
corpus

Source APIs and
chunk scoring

3 SDI Computation Per-document signed
scores

Cross-source
disagreement scalar

Credibility-
weighted SDI

4 MASD/ADI Per-source aspect
scores

Divergence vector Aspect Divergence
Index

5 Output and Reporting SDI, ADI, benchmark
metrics

Structured output record Explainability layer
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L1

õ Multi-Source Financial Text Corpus

@ SEC filings
8-K input

\ Fin. news
Case-

study input

Ü Reddit
Case-

study input

Ü Earn-
ings calls
Specified

¢ Ana-
lyst reports
Specified

L2

Z Preprocessing, Calibration and Quality Gating

Z Shared preprocessing
Cleaning and chunking

¨ Text preparation
Tokenisation

� Calibration gates
Weights and quality checks

L3

j Sentiment Inference and Uncertainty Estimation

j FinBERT
Case-study scoring

¡ MC Dropout
Tesla L3 (sep.)

¨ LLM extension
Aspect extraction / panels

L4

¢ Document-Level
Divergence (SDI)

8 Level 1
Unweighted baseline

� Level 2
Static type-prior weights

¡ Level 3: MC Dropout
Tesla event reported separately

Ô Level 4
Dynamic credibility extension

j Aspect-Level
Decomposition (MASD/ADI)

V Keyword-based aspect extraction
Evaluated implementation

¨ Cross-source alignment
Aspect matrix

½ ADI divergence vector
Explainability output

Æ LLM-based extraction
Specified extension

L5

Á Sentinel Explainability and Structured Output Record

Source-pair contributions · aspect matrices · metadata flags

  Specified Downstream Applications

¢ Market-outcome
regression

× Volatility
forecasting

. Risk
assessment

Figure 3.2: Conceptual full Sentinel architecture. Solid nodes identify evaluated components:
news, Reddit, and SEC inputs; FinBERT case-study scoring; Level 1–2 SDI; keyword-based
MASD/ADI; and Level 3 MC Dropout, which is reported separately in Section 4.4.3. Dashed
nodes identify specified extensions: additional source types, calibration gates, LLM-based ex-
traction, and downstream applications.
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3.1.1 Implemented Components and Specified Extensions

The framework is intentionally broader than the version evaluated in this thesis. The imple-
mented subset covers the three-source ingestion path for professional news, Reddit social me-
dia, and SEC filings; FinBERT-based document scoring for the Tesla Q1 2024 and AppLovin
Q4/FY2025 case studies; Level 1 and Level 2 SDI; keyword-based MASD/ADI; source-pair
contribution reporting; Level 3 MC Dropout uncertainty adjustment reported in Section 4.4.3;
Sentinel-LLaMA3 benchmark evaluation on FPB and scoring engine comparison on the Tesla
Q1 2024 corpus (Section 4.4.5); and sentence-ID LLM aspect extraction implemented as an ex-
tractive MASD sensitivity audit for Tesla Q1 2024. Other components are specified as part of
the framework but are not executed in the present evaluation, including source-type calibration
gates, dynamic credibility weighting, earnings-call and analyst-report ingestion, production-
scale sentence-ID or span-grounded LLM aspect extraction across events, and downstream
SDI-to-market-outcome regression.

This separation matters for the interpretation of the results. The Tesla and AppLovin
SDI/ADI values are proof-of-concept disagreement measurements produced with uncalibrated
FinBERT scores and static credibility priors. The Sentinel-LLaMA3 results establish the
feasibility of an open-weight fine-tuned scoring engine on FPB; a separate scoring engine
comparison using token log-probability extraction is reported in Section 4.4.5 and does not
replace FinBERT as the primary case-study scorer. Components that are specified mathemati-
cally or architecturally are therefore treated as future implementation requirements unless they
are explicitly reported in Chapter 4.

3.2 Ethical Considerations

The Sentinel framework raises several ethical considerations. We address them at the design
level and state them explicitly here to clarify the intended research scope.

Data source selection and privacy. The case studies use only publicly accessible regula-
tory documents and public-facing platform text. SEC EDGAR filings are statutory public
disclosures, Guardian articles are retrieved through the publisher’s Open Platform API for
non-commercial research access, and Reddit posts are obtained from public finance-oriented
communities through the Arctic Shift archive. The pipeline does not collect, store, or analyse
private messages, user profile data, or non-public account information, and it does not construct
user-level profiles. The document is the unit of analysis.

Potential for misuse. A sentiment disagreement signal produced by Sentinel could in principle
be misused in ways that conflict with market integrity requirements. For example, coordinated
artificial social media content could inflate the SDI score for a target company and create the
appearance of stronger cross-source conflict. The framework does not include adversarial-
robustness controls at the data-collection layer, and the evasion-scoring component identified as
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a Level 4 extension in Section 3.8.6 is only a partial structural mitigation. Users who integrate
Sentinel outputs into operational decision systems are therefore responsible for upstream data
quality checks and source-validation procedures.

Fairness and representational bias. The MASD keyword lists (Appendix A.1) and source-
type credibility priors (Section 3.3.3) embed design choices with distributional implications.
The English-language, financially conventional keyword lists may under-detect aspect men-
tions in non-standard registers or other languages. The lower prior assigned to social media
reflects documented sentiment variability [37], but may also reduce signal from communities
that rely primarily on social channels. These limitations should be revisited in multilingual or
demographically broader applications.

Intended use boundaries. Sentinel is a research instrument for measuring and decompos-
ing cross-source sentiment disagreement. It produces disagreement scores and aspect-level
divergence vectors, not investment recommendations, credit decisions, or regulatory determi-
nations. Its outputs should not be used in consequential decision contexts without further vali-
dation, human oversight, and documented governance controls consistent with the EU AI Act
and SR 11-7 frameworks discussed in Chapter 2.

3.3 Event Definition and Source Selection

3.3.1 Event Window

A corporate event e is defined as a company-specific occurrence that generates commentary
across multiple institutional source types. The event is bounded by a temporal collection win-
dow:

W (e) = [t0 − δpre, t0 + δpost], (3.1)

where t0 is the event trigger timestamp, and δpre and δpost define the event-type-specific look-
back and look-ahead periods. The recommended default windows are reported in Table 3.2.
Only documents published within W (e) are included in the SDI computation for event e. This
temporal alignment ensures that cross-source comparisons refer to a shared corporate event
rather than to different underlying information states.

Table 3.2: Default event-window parameters by event type

Event type δpre δpost

Earnings release 24 hours 48 hours
Regulatory filing event 0 hours 24 hours
Major news event 6 hours 24 hours
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3.3.2 Source Type Taxonomy and Accountability Spectrum

The framework recognises five source types along an institutional accountability spectrum in
the financial information environment. Each source type differs in editorial mandate, regulatory
constraint, audience, and temporal cadence. These characteristics shape expected sentiment
expression patterns and guide the credibility assignment.

Table 3.3: Source-type taxonomy and accountability characteristics

Source type Position Defining characteristics

Regulatory filings (SEC
Forms 10-K, 10-Q, and 8-K)

Highest Legally reviewed disclosures subject to statutory
liability under the Securities Exchange Act.

Earnings call transcripts High Legally reviewed prepared remarks with more
spontaneous analyst question-and-answer
segments.

Analyst reports Professional Written by credentialled professionals
constrained by reputation and regulatory
obligations.

Professional news Intermediate Governed by commercial editorial standards and
an intermediate temporal cadence.

Social media (Reddit, X, and
StockTwits)

Low No editorial filter and high variation in content
quality and intent.

3.3.3 Credibility Type-Prior Weights

Each source type is assigned a static type-prior credibility weight πτ , interpreted as the
credibility ceiling for that source type under perfect model confidence. Table 3.4 reports
the recommended weights. These priors encode relative institutional accountability and are
treated as hyperparameters, with sensitivity analysis discussed in Section 3.8. The values
{1.0, 0.9, 0.8, 0.7, 0.4} are author-defined operationalisation choices, not parameters estimated
from data. The ordering is grounded in source-credibility literature, including trust-based
weighting approaches [36] and evidence that unconventional sources exhibit higher sentiment
variability than institutional channels [37]. Data-driven estimation of πτ from held-out event
corpora is reserved for the Level 4 dynamic credibility extension in Section 3.8.6.
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Table 3.4: Recommended credibility type-prior weights πτ by source type.

Source Type πτ Rationale

SEC filing (8-K, 10-K/Q) 1.0 Legally mandated disclosure; highest
accountability.

Earnings call transcript 0.9 Legal review with partially spontaneous
Q&A.

Analyst report 0.8 Professional standards and institutional
reputation.

Wire / major news 0.7 Editorial standards; intermediate
accountability.

Social media (Reddit, X) 0.4 No editorial filter; high content variability.

Table 3.5: SDI Level 2 sensitivity to credibility-weight perturbations for the Tesla Q1 2024
earnings event (n = 11). πSEC = 1.0 in all scenarios.

Scenario πnews πReddit SDInormL2 Zone Dominant pair

Base (current) 0.7 0.4 0.35172 Partial Disagreement News vs. SEC, 0.42000
Social-upweighted 0.7 0.6 0.35209 Partial Disagreement News vs. SEC, 0.42000
News-downweighted 0.5 0.4 0.34764 Partial Disagreement News vs. SEC, 0.42000
Equalised 1.0 1.0 0.35628 Partial Disagreement News vs. SEC, 0.42000

Table 3.5 reports SDI Level 2 under four credibility weight configurations. Across these sce-
narios, the normalised SDI ranges from 0.34764 to 0.35628, yielding a total spread of 0.00864,
or less than one percentage point on the [0, 1] scale. The Partial Disagreement zone classifica-
tion and the dominant source pair (News vs. SEC 8-K, pairwise distance = 0.42000) remain
unchanged. This stability occurs because the principal disagreement lies between professional
news and the regulatory filing, both of which carry high credibility priors. Consequently, vary-
ing the Reddit weight has little effect on the aggregate disagreement score. The Tesla Q1 2024
interpretation is therefore robust to the tested credibility perturbations.

3.3.4 Current Instantiation and Secondary Case Study

Our thesis uses three of the five source types: professional news via the Guardian Open Plat-
form, social media via the Arctic Shift Reddit archive, and regulatory filings via SEC EDGAR.
Earnings call transcripts and analyst reports are supported by the framework architecture but
excluded from the current evaluation due to the lack of pre-annotated neural sentiment corpora
and the need for commercial data subscriptions (a limitation acknowledged in Section 3.14).

The primary case study is the Tesla Q1 2024 earnings event, analysed in Chapter 4. The
AppLovin Q4/FY2025 event serves as a secondary case study to assess whether the unmodified
pipeline transfers across different corporate events and source configurations. Both case studies
use the three-source instantiation described above.
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3.4 Data Collection

3.4.1 Collection Principles

For each source type, the data collection layer performs three operations: retrieval within the
event window W (e), metadata capture, and provenance persistence. Metadata include times-
tamps, document identifiers, and source URLs or accession numbers. Provenance information
is stored in a structured record to support downstream reproducibility. Each document is tagged
with its source type before being passed to the preprocessing layer.

3.4.2 News Collection

Professional news is collected through the Guardian Open Platform API. The company name
is used as the query term, and the show-fields=bodyText parameter is used to retrieve
full article bodies, headlines, publication dates, and URLs. Results are ordered by relevance
within the event window, and the top-ranked articles are retained. Most Guardian articles fit
within three or fewer 400-word preprocessing chunks.

Figure 3.3: Guardian Open Platform API output for the Tesla Q1 2024 event window
(April 21–26, 2024): five relevance-ranked articles returned by the q=‘tesla’ query with
show-fields=bodyText. Titles, publication dates, and character lengths correspond to
the five news documents used in the primary case study (Table 3.6).
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3.4.3 Social Media Collection

Social media documents are collected from the Arctic Shift public Reddit archive through page-
able subreddit-level feed queries. The pipeline queries finance-oriented subreddits and applies
a case-insensitive keyword filter to the company name and ticker symbol in the post title or
body. Matching posts are ranked by upvote score, and the highest-ranked posts within the
event window are retained. Unix epoch timestamps are converted to datetime format before
event-window comparison.

3.4.4 Regulatory Filing Collection

SEC EDGAR filings are retrieved by accession number using the edgartools Python li-
brary. For earnings events, Form 8-K is the primary filing type because it contains the earnings
press release and key financial data. Long-form filings are extracted as full text and passed
to the preprocessing layer, where filings of approximately 6,000 to 7,000 words are split into
multiple chunks.

Figure 3.4: edgartools library initialisation and the SEC EDGAR 8-K filing history query
for Tesla, confirming access to the regulatory filing pipeline. The filing listed for April 23, 2024
is the Q1 2024 Earnings press release (accession number 0000950170-24-046895) used
in the primary case study.
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3.4.5 Collection Summary

Table 3.6 summarises how each source type is collected for the Tesla Q1 2024 primary case
study, including the collection method, event window, and number of retained documents.

Table 3.6: Multi-source data collection configuration for the Tesla Q1 2024 primary case study.

Source Type Collection Method Event Window n

News (Guardian) Guardian Open Platform API, relevance-ranked Apr. 21–26, 2024 5
Reddit (Social Media) Arctic Shift archive, upvote-ranked,

keyword-filtered
Apr. 21–26, 2024 5

SEC 8-K (Regulatory) edgartools, accession 0000950170-24-046895 Apr. 23, 2024 1

Total 11

3.5 Preprocessing

The preprocessing layer uses the same core workflow for all source types. After any source-
specific adjustments, each document is cleaned and normalised, split into 400-word chunks,
and tokenised with the model-specific tokeniser. Figure 3.5 summarises this document-level
workflow.

Raw document
per source

Clean and
normalise

Chunk
400 words

Tokenise
BERT/SP

Figure 3.5: Preprocessing workflow. Each document passes through cleaning and normalisa-
tion, 400-word chunking, and model-specific tokenisation.

Cleaning and Normalisation.

Cleaning removes HTML residues, normalises unicode quotation characters, and removes
boilerplate content. Numerical tokens and currency symbols are retained because they may de-
termine financial sentence polarity. Source-specific cleaning removes subscription prompts and
navigation fragments from news articles, excludes URL shorteners and bot-detection markers
from Reddit posts, and preserves structural item markers in regulatory filings.

Chunking Strategy. FinBERT inherits BERT’s 512-token context limit. Documents are split
into non-overlapping chunks of at most 400 words to allow for subword tokenisation over-
head and the required [CLS] and [SEP] tokens. Word count is used because it is model-
independent and provides a consistent boundary across source types. A Tesla SEC 8-K of
approximately 6,400 words is therefore split into 16 preprocessing chunks.
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Figure 3.6: FinBERT inference output for the Tesla Q1 2024 Form 8-K (36,167 characters).
The output confirms the 16-chunk segmentation described in this section and produces ppos =
0.1459, pneg = 0.2207, yielding signed score si = −0.0748. This value is used in the SDI
computation in Chapter 4.

Tokenisation. Each chunk is tokenised before inference using the relevant model-specific
tokeniser. FinBERT uses the WordPiece tokeniser inherited from BERT-base-uncased, with
a 30,522-token vocabulary. Sentinel-LLaMA3 uses the 128,000-token LLaMA 3.1 tokeniser,
reducing fragmentation for specialised financial terms, ticker symbols, and compound expres-
sions relative to the BERT vocabulary.

3.6 Sentiment Inference and Score Production

3.6.1 Scoring Engine Assignment by Experiment

Our thesis uses separate scoring engines for baseline validation, case-study inference, and open-
weight benchmark evaluation. Table 3.7 records these assignments to distinguish benchmark
validation from the scoring configuration used for the reported SDI/ADI case-study results.
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Table 3.7: Scoring engine assignment by experiment.

Experiment Scoring engine Role in thesis

FinBERT baseline validation FinBERT Validates the baseline scorer on the FPB
all-agree subset.

Tesla Q1 2024 case study FinBERT Produces document and aspect signed
scores used for reported Tesla SDI/ADI.

AppLovin Q4/FY2025 case
study

FinBERT Produces document and aspect signed
scores used for the secondary
exploratory SDI/ADI.

Sentinel-LLaMA3-FPB75
benchmark

Sentinel-LLaMA3-FPB75 Evaluates the fine-tuned open-weight
scorer on the FPB 75%-agreement split.

Robust-FPB50 benchmark Sentinel-LLaMA3-Robust-
FPB50

Evaluates a separate duplicate-safe
lower-agreement adapter under an FPB
50% protocol.

The reported Tesla and AppLovin disagreement results are therefore produced under the
FinBERT scoring instantiation. The Sentinel-LLaMA3 experiments address a separate scoring-
engine research question: whether an open-weight QLoRA-fine-tuned model can support re-
producible financial sentiment classification, evaluated on FPB and additionally through a Tesla
scoring-engine comparison in Section 4.4.5.

3.6.2 Per-Chunk Inference

Each chunk is passed independently through the sentiment model, yielding an uncalibrated
three-class softmax probability distribution [ppos, pneg, pneu], where ppos + pneg + pneu = 1.
This distribution is retained as the raw model output for the chunk. Figure 3.7 shows how
chunk-level probabilities are aggregated into a signed document-level sentiment score.

Document
chunks

Sentiment
model

Per-chunk
[p+, p−, pneu]

Element-wise
average p̄

si = p̄+ − p̄−

Figure 3.7: Sentiment inference pipeline. Each document chunk is passed independently
through the sentiment model to produce a three-class probability vector. Averaging these vec-
tors element-wise across all chunks preserves the full distributional information from every
chunk before collapsing to the scalar signed score si = p̄+ − p̄−.
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3.6.3 Document-Level Score: Chunk Aggregation

Let document d be split into C chunks. Each chunk c produces a probability vector
[p

(c)
pos, p

(c)
neg, p

(c)
neu]. The document-level probability vector is the element-wise mean across

all chunks:

p̄d =
1

C

C∑
c=1

[p(c)pos, p
(c)
neg, p

(c)
neu]. (3.2)

Averaging the probability vectors element-wise preserves class-level confidence information
that would otherwise be discarded if only the predicted labels were averaged. The argmax of
p̄d gives the document-level class label for classification tasks.

Definition: Signed Sentiment Score. Let p̄pos and p̄neg denote the document-level mean
positive and negative class probabilities from Equation (3.2). The signed sentiment score si for
document i is defined as

si = p̄pos − p̄neg. (3.3)

At the extremes, a document scored as entirely positive yields si = +1 and one scored as
entirely negative yields si = −1; a document with no directional signal yields si = 0. The
neutral probability does not appear in the score because it encodes the absence of directional
signal rather than a point on the positive-negative axis. All signed sentiment scores satisfy
si ∈ [−1,+1] by construction, because the class probabilities are non-negative and sum to one.
The [−1,+1] range is required for the pairwise distance computation in the SDI: scores from
different source types must be on the same scale before their differences carry interpretable
meaning.

3.6.4 Observation Design: Individual Documents as SDI Inputs

The SDI is computed over document-level observations. In Sentinel, each document is an
observation i with its own signed sentiment score si; n counts documents across all source
types, not source types.

For the Tesla Q1 2024 case study, n = 11: five news articles, five Reddit posts, and one SEC
filing, yielding |P | = n(n− 1)/2 = 55 unordered document pairs. Each observation is tagged
with source type τ(i), which determines weight wi = πτ(i)g(σi). Same-source documents
share the same source-type weight but retain separate sentiment scores, so both within-type
and cross-type pairs enter the SDI. Pair-level contributions are aggregated by source-type pair
for reporting.

This prevents within-source variation from being averaged out before disagreement is mea-
sured.
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3.7 Source Calibration Protocol

3.7.1 Calibration Specification

Cross-source comparison is meaningful only when model scores are calibrated across domains.
For example, a FinBERT score of +0.6 on an SEC filing and a score of +0.6 on a Reddit post
must represent the same sentiment level for their difference to be interpretable. If not, the
comparison captures a calibration gap rather than real disagreement. Domain shift can create
this problem by making the model more or less confident on one source type than another,
independently of the underlying sentiment. Guo et al. [19] demonstrated that modern deep
neural networks are systematically overconfident; in the cross-source SDI setting, this means
that apparent disagreement between source types may reflect model miscalibration rather than
genuine sentiment divergence.

Calibration Function. For each source type τ , the framework specifies a post-hoc calibration
function gτ that maps raw model outputs to calibrated sentiment scores:

scali = gτ(i)(s
raw
i ). (3.4)

The recommended default is isotonic regression calibration, fitted separately for each source
type on a held-out calibration set where human-annotated sentiment serves as ground truth.
Isotonic regression is non-parametric and requires no distributional assumptions. When only
limited calibration data are available, Platt scaling provides a two-parameter parametric alter-
native:

gτ (s) =
2

1 + exp(−aτs− bτ )
− 1, (3.5)

where aτ and bτ are learned per source type and the outer transform maps the logistic output to
[−1,+1].

Expected Calibration Error. Calibration quality is assessed via the ECE computed per
source type. Predicted scores are binned into B equally spaced intervals, and the ECE is

ECEτ =
B∑
b=1

|nb|
Nτ

∣∣∣s̄predb − s̄trueb

∣∣∣ , (3.6)

Table 3.8 defines the notation in Equation (3.6).
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Table 3.8: Notation for Equation (3.6).

Symbol Definition

nb Number of samples in bin b
Nτ Total number of samples for source type τ

s̄predb Mean predicted sentiment score in bin b
s̄trueb Mean human-annotated sentiment score in bin b

Dual-Gate Filtering. The framework specifies two quality gates before observations enter
the SDI. The calibration gate requires re-calibration or exclusion when source-type calibration
error exceeds a pre-specified tolerance. The uncertainty gate flags the event-level SDI as high-
uncertainty when mean epistemic uncertainty exceeds σmax. Individual observations remain
included through wi, but the output metadata records the reliability warning. The numerical
gate tolerances are implementation hyperparameters to be calibrated on a larger held-out multi-
source corpus; they are not estimated or applied in the current case-study evaluation.

3.7.2 Calibration Status in the Current Evaluation

The calibration and uncertainty gates define how the full framework would handle source-level
reliability checks once calibration data are available. In the current case-study implementation,
these gates are retained as framework specifications rather than executed filtering steps. The
evaluation therefore uses the available model scores for all source types and records the calibra-
tion status in the output metadata. The resulting SDI values should be read as proof-of-concept
disagreement measurements within the case-study setting, not as calibrated population-level
estimates.

3.8 The Sentiment Disagreement Index

The SDI is designed as both a disagreement metric and a diagnostic output. It measures how
strongly sources disagree about a financial event, while also identifying which source-type pairs
contribute most to that disagreement. Formally, SDI(e) = 0 when all source observations agree
on sentiment, and SDI(e) increases monotonically as observations diverge, with greater weight
assigned to cases where highly credible, high-confidence sources disagree. The event-level
output includes the scalar score, interpretation zone, dominant source-type-pair contribution,
and per-source sentiment signs, allowing the disagreement to be traced to the source structure
that produced it.
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3.8.1 Computation Ladder: Level 1 to Level 4

The SDI is organised as a four-level computation ladder. Level 1 serves as the unweighted
baseline, with every document observation contributing equally. Level 2 adds static source-
type credibility priors πτ and is the highest SDI level executed across both current case stud-
ies. Level 3 extends this formulation by adding instance-level epistemic uncertainty through
MC Dropout, so that observations with higher uncertainty have reduced influence. Level 4
further specifies dynamic credibility terms for source behaviour, historical track record, and
market regime. In this thesis, Level 1 and Level 2 are reported for both case studies, while
Level 3 is reported only for the Tesla Q1 2024 event. Level 4 remains a specified extension for
future empirical evaluation on a larger multi-event corpus.

3.8.2 Notation

Table 3.9 provides the complete symbol table, and Figure 3.8 summarises the computational
flow from scores and weights to the normalised SDI.

Table 3.9: Symbol table for SDI notation.

Symbol Meaning

e A company-event instance
n Total number of source documents across all source types for e
si Signed sentiment score for document i, uncalibrated in the current

implementation; si ∈ [−1,+1]
σi Epistemic uncertainty of si, estimated via MC Dropout (N = 30

stochastic forward passes); Level 3 values reported in Section 4.4.3
g(σi) Uncertainty penalty function, g(σi) = 1/(1 + σi)
τ(i) Source type of document i
πτ Type-prior credibility weight for source type τ
wi Composite weight, wi = πτ(i)g(σi)
P Set of all unordered document pairs, |P | = n(n− 1)/2
Z Pairwise normalisation term; Z =

∑
(i,j)∈P wiwj , equivalently

Z = (W 2 −
∑

i w
2
i )/2

Document
observations
(si, τ(i), σi)

Weight assignment
wi by level

Computation terms
Z, W, S1, S2

Closed-form
SDI

Reported outputs
score, zone, pairs

Figure 3.8: SDI computation and reporting flow. Document observations are assigned level-
dependent weights, converted into the pairwise and aggregate terms required by the closed-form
computation, and reported as a normalised score with an interpretation zone and source-pair
contribution breakdown.
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3.8.3 Level 1: Unweighted Baseline SDI

Level 1 defines SDI as the root-mean-square sentiment distance over all unordered document
pairs:

SDI(e) =

√
1

|P |
∑

(i,j)∈P

(si − sj)2. (3.7)

It represents the typical pairwise sentiment gap in the event corpus and provides a credibility-
free baseline for evaluating the added effect of Level 2 weighting.

3.8.4 Level 2: Credibility-Weighted SDI

Level 2 introduces source-type credibility into the SDI calculation. In Level 2, each document
receives a weight based on its source-type prior; in the uncertainty-aware form, this weight is
also adjusted for model uncertainty:

wi = πτ(i)g(σi), g(σi) =
1

1 + σi

. (3.8)

The penalty function g(σi) decreases as epistemic uncertainty σi increases. A lower-confidence
document therefore has less influence on the SDI than a higher-confidence document from the
same source type. The Level 3 implementation applies MC Dropout with N = 30 stochastic
forward passes; per-document σi values and the resulting Level 3 SDI are reported in Sec-
tion 4.4.3.

Definition: Credibility-Weighted SDI. The pairwise normalisation term is defined as Z =∑
(i,j)∈P wiwj , equivalently Z = (W 2 −

∑
i w

2
i )/2 where W =

∑
i wi. The credibility-

weighted SDI is

SDIw(e) =

√
1

Z

∑
(i,j)∈P

wiwj(si − sj)2. (3.9)

Normalising by Z allows events with different source mixes to be compared on the same scale.
If every source-type prior is set to one, so that πτ(i) = 1 for all i, the expression collapses to the
Level 1 baseline. Level 2 therefore adds credibility weighting without changing the underlying
pairwise-distance structure.

Source-Type-Pair Contribution Attribution. For each unordered document pair (i, j) ∈ P ,
the normalised contribution of that pair to aggregate disagreement is

Cij(e) =
wiwj(si − sj)

2∑
(p,q)∈P wpwq(sp − sq)2

. (3.10)
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When the SDI numerator is non-zero, these contributions sum to one across all unordered pairs.
For interpretation, they are then aggregated by source-type pair (τ, τ ′): all document pairs (i, j)
with τ(i) = τ and τ(j) = τ ′ are summed into a single source-type-pair contribution. This
makes the source-channel structure of the disagreement visible in the output.

3.8.5 Level 3: Uncertainty-Aware Credibility SDI

Level 3 extends Level 2 by estimating document-level epistemic uncertainty σi using
MC Dropout during inference. For a document chunk di, dropout remains enabled across
N stochastic forward passes (recommended N = 30), yielding signed-score samples
{s(1)i , . . . , s

(N)
i }. The mean of these samples is used as the point estimate, and their pop-

ulation standard deviation is used as the uncertainty estimate:

si =
1

N

N∑
k=1

s
(k)
i , σi =

√√√√ 1

N

N∑
k=1

(
s
(k)
i − si

)2

. (3.11)

This Level 3 formulation has been implemented and evaluated on the Tesla Q1 2024 event. The
per-document σi values and resulting Level 3 normalised SDI are reported in Section 4.4.3.

3.8.6 Level 4: Dynamic Credibility Extension

Level 4 extends the Level 3 weight by adding an event- and time-conditional credibility modi-
fier:

wi(t) = πτ(i)g(σi)f(evi, tri, reg(t)), (3.12)

The modifier f is a learned multiplicative scalar with three inputs: an evasion score evi for earn-
ings call question-and-answer pairs, a rolling track-record indicator tri comparing past source
sentiment with realised outcomes, and a market regime indicator reg(t), such as a volatility-
state proxy derived from the Volatility Index (VIX). In our thesis, Level 4 remains a formal
specification rather than an implemented component. Its empirical estimation requires a multi-
event validation corpus, and no fixed market-regime threshold is estimated or applied in the
present evaluation.

3.8.7 Efficient Closed-Form Computation

Computing Equation (3.9) directly requires all unordered document pairs and therefore scales
as O(n2). For implementation, the same quantity can be computed in O(n) using a standard
identity for weighted squared differences. We include the derivation to make the calculation ex-
plicit, not to claim a new algorithmic contribution. The closed form depends on three weighted
aggregates: W =

∑
i wi, S1 =

∑
i wisi, and S2 =

∑
i wis

2
i .
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Identity. ∑
(i,j)∈P

wiwj(si − sj)
2 = WS2 − S2

1 , (3.13)

with Z = (W 2 −
∑

i w
2
i )/2. The efficient closed-form expression is therefore

SDIw(e) =

√
WS2 − S2

1

Z
. (3.14)

Proof. Expanding the squared difference:∑
(i,j)∈P

wiwj(si − sj)
2 =

∑
(i,j)∈P

wiwjs
2
i +

∑
(i,j)∈P

wiwjs
2
j − 2

∑
(i,j)∈P

wiwjsisj. (3.15)

Because the pairs are unordered, the first two sums are symmetric and have the same value,
1
2
(WS2 −

∑
iw

2
i s

2
i ). The cross term can be written as

∑
(i,j)∈P wiwjsisj =

1
2
(S2

1 −
∑

iw
2
i s

2
i ).

Combining these terms cancels
∑

iw
2
i s

2
i and gives WS2 − S2

1 . The result matches the explicit
pairwise computation while avoiding enumeration of all document pairs.

3.8.8 Normalisation and Interpretation Scale

The normalised SDI lies in [0, 1]:

SDIw,norm(e) =
SDIw(e)

2
, (3.16)

because the maximum absolute difference between any two sentiment scores on [−1,+1] is
2, achieved when one source scores +1 and another scores −1. We interpret the normalised
score using three zones. Scores below 0.15 are treated as Aligned, meaning that sources char-
acterise the event consistently. Scores from 0.15 up to, but not including, 0.45 are treated as
Partial Disagreement, where sources broadly point in the same direction but differ in intensity
or magnitude. Scores of 0.45 or above are treated as High Conflict, where sources contradict
one another in direction or magnitude.



CHAPTER 3. METHODOLOGY 43

Algorithm 1 Credibility-weighted SDI computation for one event

Require: Source documents {(si, τ(i), σi)}ni=1 for event e; source-type priors πτ

Ensure: SDIw,norm(e), interpretation zone, and dominant source-type-pair contribution
1: Apply calibration gate when calibration metadata are available; otherwise flag uncalibrated

source types.
2: for all included observations i do
3: Compute wi = πτ(i)/(1 + σi).
4: end for
5: Compute W =

∑
i wi, S1 =

∑
iwisi, S2 =

∑
i wis

2
i , and Z = (W 2 −

∑
i w

2
i )/2.

6: Compute SDIw(e) =
√
(WS2 − S2

1)/Z and SDIw,norm(e) = SDIw(e)/2.
7: Assign interpretation zone: Aligned, Partial Disagreement, or High Conflict.
8: For attribution, compute Cij(e) for document pairs using Equation (3.10).
9: Sum Cij values by source-type pair (τ(i), τ(j)) to obtain source-type-pair contributions.

10: Return normalised SDI, interpretation zone, dominant source-type pair contribution, and
metadata flags.

A complete numerical worked example of this computation is provided in Appendix A.6.

3.9 The Multi-Aspect Sentiment Divergence Framework

The MASD framework extends the document-level SDI by locating disagreement within spe-
cific financial dimensions and identifying its direction. Whereas the SDI measures whether
sources diverge on an event, MASD specifies what the divergence concerns. This decompo-
sition is needed because aggregate disagreement may obscure aspect-level directional splits:
two sources can show moderate event-level disagreement while taking opposite positions on a
specific financial dimension, which a document-level score alone cannot distinguish.

The SDI and MASD are therefore complementary rather than redundant. The SDI operates
over individual document observations and detects overall cross-source conflict for an event.
The ADI operates over source-type-level aspect scores and localises that conflict to financial
dimensions such as revenue performance, management credibility, regulatory risk, or market
reaction. The MASD framework follows four sequential stages.
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3.9.1 Stage 1: Aspect Taxonomy and Keyword Extraction

The aspect taxonomy is derived from financial named-entity-recognition categories and the
FiQA aspect categories [11]. The full taxonomy covers six financial dimensions: Performance
(Revenue/Sales, Profitability, Earnings, Growth); Financial Health (Debt/Leverage, Liquidity,
Cash Flow); Valuation (Stock Price Action, Market Capitalisation); Strategy (Mergers and Ac-
quisitions, Partnerships, Product Launches); Risk (Regulatory, Legal, Competitive Pressure);
and Management (Leadership Quality, Governance, Guidance Credibility).

For the Tesla Q1 2024 case study, we operationalise this broader taxonomy as four aspect
groups that are directly represented in the collected corpus. The four aspects are selected from
the full six-dimension taxonomy as the most directly implicated dimensions for an earnings and
operational risk event: Revenue subsumes Performance and Financial Health signals relevant
to the quarterly results; Market captures the Valuation response to the post-earnings share price
movement; and Strategy and standalone Valuation are excluded because the Tesla Q1 2024
event does not feature a material merger, acquisition, product launch, or market capitalisation
announcement. Table 3.10 lists the keyword sets used to identify aspect-relevant sentences for
each group.

Table 3.10: Aspect keyword sets used for Tesla Q1 2024 MASD implementation.

Aspect Group Keywords

Revenue revenue, sales, income, earnings, profit, margin, growth, decline, miss, beat, forecast,
guidance, quarter, annual, fiscal

Management CEO, management, executive, leadership, board, director, governance, strategy, restructur,
layoff, workforce, travel, Musk, guidance, credibility, decision

Risk recall, crash, fatality, safety, NHTSA, regulation, legal, liability, lawsuit, penalty,
investigation, compliance, risk, hazard, audit

Market stock, share, price, market, valuation, surge, drop, rally, sell-off, trading, volume, investor,
capitalization, analyst

Aspect-specific sentiment is extracted through sentence-level filtering. Each document is first
split into sentences using regular-expression tokenisation on sentence-terminal punctuation. A
sentence is retained for an aspect group if it contains at least one keyword from that group, and
sentences shorter than four words are excluded as insufficiently informative. Since the groups
can overlap, the same sentence may be retained for more than one aspect group. This keyword-
based approach is used because it is transparent and computationally efficient; it is not intended
to replace neural aspect extraction methods. The exact same keyword lists are reproduced in
Appendix A.1 for auditability.
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3.9.2 Aspect Keyword Mapping to AppLovin Event Labels

The AppLovin Q4/FY2025 case study uses the same four-group taxonomy, but assigns event-
specific labels that reflect AppLovin’s business context. Revenue is labelled as Financial Per-
formance, covering earnings beats, revenue growth, and forward guidance in AppLovin’s ad-
vertising technology segment. Management is labelled as AI Platform Growth, reflecting the
prominence of the AXON AI engine and platform strategy in management commentary. Risk
is labelled as Regulatory Data Risk, corresponding to data-privacy scrutiny and app-store com-
pliance exposure discussed across source types. Market is labelled as Market Valuation, cover-
ing share-price reactions, analyst price-target revisions, and institutional trading volume. The
keyword lists remain unchanged; only the interpretive labels differ, preserving cross-case com-
parability. The full keyword-to-label mapping is included in Appendix A.1.

3.9.3 Stage 2: Cross-Source Aspect Alignment

Source types often describe the same financial dimension with different vocabulary and levels
of formality. An SEC filing may refer to “operating margin compression”; a news article may
report “cost increases”; a Reddit post may state that the company “is not making money.”
Aspect alignment maps these semantically related expressions to the same taxonomy node
before divergence is computed. In our current keyword-based implementation, this alignment
is handled implicitly through the keyword lists in Table 3.10, which include multiple surface
expressions for each aspect.

3.9.4 Stage 3: Aspect Divergence Index

After aspect alignment, we compute the ADI for each covered aspect within each event.

Definition: Aspect Divergence Index. For company c, aspect a, and event window t, let
Dk,a,t denote the set of aspect-relevant scored sentences from source type k. The aspect senti-
ment for source type k is

s
(k)
c,a,t =

1

|Dk,a,t|
∑

d∈Dk,a,t

sd,a, |Dk,a,t| > 0, (3.17)

where sd,a is the signed sentiment score of an aspect-relevant sentence or chunk d. If a source
type contains no evidence for aspect a in the event window, it is left out of the ADI calculation
for that aspect rather than filled with an imputed value. Let K denote the number of source types
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covering aspect a; at least two source types (K ≥ 2) are required for the ADI to be meaningful.
The ADI is computed as the population variance of the per-source aspect sentiments:

ADI(c, a, t) =
1

K

K∑
k=1

(
s
(k)
c,a,t − s̄c,a,t

)2

, (3.18)

where s̄c,a,t =
1
K

∑K
k=1 s

(k)
c,a,t is the cross-source mean aspect sentiment. We use denominator

K because the calculation is taken over all source types available for that aspect in the dataset,
not over a sampled subset. A high ADI for a specific aspect indicates strong cross-source
disagreement on that financial dimension. The ADI is computed only when at least two source
types cover the aspect; aspects covered by a single source type are excluded from the divergence
analysis.

The ADI is intended as a descriptive measure of cross-source disagreement magnitude rather
than an inferential statistical test. In our three-source setting (K = 3), one atypical or weakly
supported source-level observation can materially affect the reported variance. Each ADI value
is therefore interpreted together with the signed source-aspect sentiment matrix and the cor-
responding sentence coverage counts. Aspects supported by fewer than approximately five
source-sentences per source type are reported as low-reliability estimates requiring additional
evidence.

3.9.5 Coverage Rules and Undefined Aspects

We record aspect coverage separately from aspect sentiment because missing evidence is not
the same as neutral sentiment. If a source type contributes no retained sentences for aspect
a, we leave that source-aspect cell undefined rather than imputing a value. If fewer than two
source types cover the aspect, the ADI for that aspect is undefined and the aspect is excluded
from the directional divergence vector for that event. When two or more source types cover the
aspect, we compute the ADI over the covered source types only and report the coverage count
K alongside the result.

This rule matters when coverage is sparse, especially for social-media sources. In the Tesla
Q1 2024 case study, Reddit contributes no Risk-relevant sentences and therefore does not enter
the Risk ADI. Under keyword-based extraction, the resulting low Risk ADI should be read as
near-consensus among the covering sources, not as evidence that all three source types fully
covered the Risk aspect. In the AppLovin Q4/FY2025 secondary case, all four reported aspects
have three-source coverage, so the aspect-level comparisons are more balanced but remain
exploratory because the event corpus is small.
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Directional Divergence Vector. The directional divergence vector aggregates ADI values
across all M aspects in the taxonomy:

D⃗(c, t) = (ADI(c, a1, t),ADI(c, a2, t), . . . ,ADI(c, aM , t)) . (3.19)

This vector gives a multi-dimensional sentiment divergence profile for a company-event in-
stance. High values in specific components of D⃗ identify the financial aspects that require tar-
geted investigation. The term “directional” reflects that the per-source scores s(k)c,a,t retain sign
information, positive or negative on each aspect, which is shown in the source-aspect matrix
defined below.

Source-Aspect Sentiment Matrix. For deeper analysis, we construct a source-aspect sen-
timent matrix with rows indexed by source type and columns indexed by aspect. Each cell
contains the signed sentiment score of source type k on aspect a. The matrix makes the di-
rection of disagreement explicit by showing which source types are positive and which are
negative on each financial dimension. A positive score from one source and a negative score
from another on the same aspect indicates a directional split that the scalar ADI summarises.

Figure 3.9 illustrates the ADI computation flow from per-source documents to aspect extrac-
tion, taxonomy alignment, per-aspect sentiment scoring, and population-variance aggregation.

Per-source
documents

Aspect
extraction

Taxonomy
alignment

Per-aspect
sentiment

s
(k)
c,a,t

Population
variance

ADI(c, a, t)

Figure 3.9: ADI computation flow. Aspect-relevant source documents are mapped to the tax-
onomy, converted into per-source aspect sentiment scores, and summarised through population
variance to produce ADI(c, a, t).
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Algorithm 2 MASD/ADI aspect-level decomposition for one event
Require: Event documents grouped by source type; aspect taxonomy with keyword sets;

signed sentiment scorer
Ensure: Aspect divergence vector D⃗(c, t) and source-aspect sentiment matrix

1: for all source types k and aspect groups am do
2: Split documents into sentences and retain the sentences associated with aspect am by

keyword matching.
3: if at least one sentence is retained then
4: Score each retained sentence using the signed sentiment scorer to obtain sd,am .
5: Compute s

(k)
c,am,t using Equation (3.17).

6: else
7: Leave the corresponding source-aspect cell undefined.
8: end if
9: end for

10: for all aspect groups am covered by at least two source types do
11: Compute ADI(c, am, t) using Equation (3.18).
12: end for
13: Assemble the source-aspect sentiment matrix and D⃗(c, t).

3.10 Explainability Layer

Sentinel’s explainability layer reports three artefacts that are derived directly from the metric
construction, without relying on post-hoc attribution methods such as SHAP or LIME. The first
is the source-type-pair contribution breakdown: for each source-type pair (τ, τ ′), the aggregated
weighted contribution from all document pairs of that type is computed from Equation (3.10),
showing which institutional channel combination contributes most to aggregate disagreement.
The second is the directional divergence vector D⃗ from Equation (3.19), which decomposes
document-level disagreement into per-aspect ADI values. The third is the source-aspect senti-
ment matrix, which records the signed sentiment of each source type on each aspect and makes
visible the directional splits summarised by the scalar ADI.

For the Tesla Q1 2024 case study, these three artefacts are: the three-element source-type-
pair contribution breakdown over News-SEC, News-Reddit, and Reddit-SEC; the four-element
ADI vector over Revenue, Management, Market, and Risk; and the three-by-four source-aspect
sentiment matrix with rows for News, Reddit, and SEC and columns for the four aspect groups.
These artefacts are human-interpretable for financial audiences without requiring attribution
expertise and are machine-readable for downstream integration. Dedicated explanation layers
for compliance officers, portfolio managers, and regulators remain future work; the current
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artefacts nonetheless support inspectability and provide a limited transparency layer relevant to
the EU AI Act and SR 11-7.

3.11 End-to-End Computational Workflow

Algorithm 3 summarises the implemented Sentinel workflow at the event level. We state the
workflow at the framework level so that the signed sentiment model can be FinBERT, as in the
Tesla and AppLovin case studies, or Sentinel-LLaMA3 via token log-probability extraction, as
evaluated in Section 4.4.5.

Algorithm 3 Sentinel multi-source sentiment analysis workflow
Require: Event e; source documents D; source-type map τ ; source-type priors πτ ; aspect

taxonomy A; keyword sets {Ka}; signed sentiment model
Ensure: Normalised SDI, source-pair contribution summary, ADI vector, source-aspect ma-

trix, and metadata flags
1: Align all documents to the event window W (e) and retain the supported source types.
2: for all documents di ∈ D do
3: Clean, normalise, chunk, and tokenise di.
4: Run the assigned sentiment model on each chunk and aggregate chunk probabilities.
5: Compute the signed document score si = ppos − pneg.
6: Attach source type τ(i), credibility prior πτ(i), calibration status, and uncertainty status.
7: end for
8: Compute Level 1 and Level 2 SDI; compute Level 3 when uncertainty estimates are avail-

able, while leaving Level 4 as a future dynamic-credibility extension.
9: Aggregate pairwise SDI contributions by source-type pair.

10: for all aspects a ∈ A do
11: Filter aspect-relevant sentences using Ka and compute source-aspect sentiment scores.
12: if at least two source types cover aspect a then
13: Compute ADI(a) and append it to D⃗(e).
14: else
15: Mark ADI(a) as undefined and report the coverage limitation.
16: end if
17: end for
18: Return the structured output record for interpretation and downstream validation.
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3.12 Sentinel-LLaMA3 Fine-Tuning Methodology

Sentinel-LLaMA3 is our intended open-weight scoring model for the Sentinel framework. It is
parameter-efficiently fine-tuned and evaluated on the FPB benchmark. In our thesis, Sentinel-
LLaMA3 is validated on FPB, while the Tesla Q1 2024 SDI and ADI case-study run uses
FinBERT as the scoring engine. A scoring engine comparison using Sentinel-LLaMA3 token
log-probability extraction is reported in Section 4.4.5; full pipeline integration as the primary
scorer remains a next implementation step.

3.12.1 Limitations of FinBERT as a Scoring Engine

Although FinBERT is a well-validated baseline for financial sentiment classification, it has
three structural constraints that motivate our move toward a fine-tuned instruction-following
LLM. First, FinBERT inherits BERT’s 512-token context limit, so long financial documents
must be split into chunks and recombined through chunk-level probability averaging. A Tesla
8-K of approximately 6,400 words is processed in 16 independent chunks under this setup.
This averaging treats sentiment as if it were distributed uniformly across the document, which
is a poor fit for regulatory filings with structured item-level organisation.

Second, FinBERT produces categorical class labels or three-way probability distributions;
the continuous signed scores si ∈ [−1,+1] required for SDI computation must be derived
indirectly via si = ppositive − pnegative, without guarantee that the derived scores are compara-
bly calibrated across source types with different text distributions. Third, FinBERT cannot be
prompted to identify the financial aspect under discussion within a given sentence, a capabil-
ity required by Stage 1 of the MASD pipeline. An instruction-following LLM can be condi-
tioned on a structured prompt that simultaneously requests aspect identification and sentiment
labelling in a single inference pass.

3.12.2 Model Selection

We selected LLaMA 3.1 8B Instruct [23] as the base model for four reasons: its open weights
support reproducibility without proprietary API access; its instruction-following performance
is stronger than prior-generation open-weight models of comparable parameter count; it can
be run at 4-bit quantised precision, requiring approximately 6 GB of Video Random Access
Memory (VRAM) on a 16 GB GPU; and Meta AI’s licence permits research use and adaptation.

Full fine-tuning an 8-billion-parameter model would require updating all parameters and
maintaining the corresponding gradient and optimiser states, which exceeds the VRAM avail-
able on single-GPU research hardware at full precision. QLoRA [17] addresses this constraint
through quantisation and low-rank adaptation.
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3.12.3 QLoRA Methodology

QLoRA combines quantisation with low-rank adaptation. The base model weights are stored
in 4-bit NF4 representation using the BitsAndBytes library with double quantisation enabled,
reducing memory consumption by approximately eight times relative to 32-bit Floating Point
(FP32). During computation, the quantised values are upcast to 16-bit Floating Point (FP16)
before matrix multiplication. Trainable low-rank adapter matrices are then injected at selected
linear layers according to the LoRA formulation [18]:

W ′ = W0 +
α

r
BA, (3.20)

where W0 denotes the frozen quantised base weight matrix, B ∈ Rd×r and A ∈ Rr×k are the
trainable adapter matrices with rank r ≪ min(d, k), and α is a scaling hyperparameter. Only
A and B receive gradient updates; W0 remains frozen. The weight update ∆W = (α/r)BA

is therefore constrained to a low-rank matrix, substantially reducing the number of trainable
parameters.

LoRA adapters are applied to seven linear layer types in the LLaMA 3.1 attention and
feed-forward blocks: q proj, k proj, v proj, o proj, gate proj, up proj, and
down proj. With rank r = 16 and α = 32, this configuration introduces 41,943,040 train-
able parameters out of 8,072,204,288 total, representing approximately 0.52% of the model.
The NF4 quantisation reduces the base model’s memory footprint from approximately 32 GB
at FP32 to approximately 6 GB, enabling training on a single 16 GB GPU.

3.12.4 Training Configuration

Table 3.11 reports the full training configuration for Sentinel-LLaMA3-FPB75. We format
each training example using the Alpaca instruction-tuning convention. The system prompt
casts the model as a financial sentiment analyst, and the instruction restricts the response to
exactly one of positive, neutral, or negative after the Sentiment: prefix. During
inference, we use greedy decoding with do sample=false and a maximum of 5 new tokens
per prediction, producing a short deterministic sentiment label without free-form explanation.
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Table 3.11: Sentinel-LLaMA3-FPB75 training configuration.

Parameter Value

Base model meta-llama/Llama-3.1-8B-Instruct
Fine-tuning method QLoRA (NF4 4-bit, double quantisation enabled)
LoRA rank r 16
LoRA alpha α 32
LoRA dropout 0.05
LoRA target modules q proj, k proj, v proj, o proj, gate proj, up proj, down proj
Maximum sequence length 256 tokens
Training epochs 3
Per-device batch size 1
Gradient accumulation steps 8 (effective batch size: 8)
Learning rate 2× 10−4

Warmup ratio 0.03
Weight decay 0.01
Gradient checkpointing enabled
Final training loss 0.9818
Hardware NVIDIA GeForce RTX 4090 (CUDA enabled)

Figure 3.10: Sentinel-LLaMA3-FPB75 inference pipeline: LoRA adapter loading confir-
mation, label token ID mappings for all case and spacing variants (positive→31587,
negative→43324, neutral→60668), and the Alpaca-format inference prompt template.
The three primary token IDs are the targets of the three-way softmax that produces the signed
score si = ppos − pneg used in the scoring engine comparison (Section 4.4.5).
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3.12.5 Positioning Relative to FinSentLLM

Sentinel-LLaMA3 and FinSentLLM [9] differ in what their disagreement signal represents.
FinSentLLM measures model-level disagreement by applying multiple classifier models
(FinBERT and a RoBERTa-based sentiment model) to the same input text and comparing
their predicted posteriors. Sentinel-LLaMA3, by contrast, is a single scoring model applied
to documents from heterogeneous institutional source types. The SDI therefore captures
disagreement between source-level signals, not disagreement between model predictions on
identical text. Model-level disagreement reflects uncertainty or variation within a classifier
ensemble, whereas source-level disagreement reflects variation in the information environment
around a shared event.

3.13 Framework Output Specification

For each company-event instance, the framework returns a structured output record that com-
bines metric values, diagnostic decompositions, and metadata. The record includes per-source-
type average sentiment and dominant direction; raw and normalised Level 1 and Level 2 SDI
values; the dominant source-type pair and its aggregated weighted contribution; the ADI vector
over the aspect taxonomy; the source-aspect sentiment matrix; and metadata flags for calibra-
tion status, uncertainty-adjustment status, source-type coverage, and scorer identity. The scorer
identity flag is included because the Tesla Q1 2024 and AppLovin Q4/FY2025 records are
FinBERT-based case-study outputs, whereas Sentinel-LLaMA3-FPB75 is evaluated on FPB
and applied to the Tesla corpus in the scoring-engine comparison (Section 4.4.5). The case-
study records are presented and interpreted in Chapter 4.

Chapter 6 details the statistical validation design for the SDI-to-volatility hypothesis. It
presents the nested two-stage regression structure and corpus-scale targets as the main exten-
sion of the framework.

3.14 Methodology Assumptions and Scope Limitations

The current implementation relies on six assumptions that set the boundaries of the proof-of-
concept evaluation.

Source representativeness. The Guardian Open Platform provides a single-publisher proxy
for professional news; a multi-publisher collection would give a more stable news sentiment
estimate. Arctic Shift Reddit data covers finance-oriented subreddits but not the wider social-
media environment. The SEC 8-K represents one regulatory filing per event. Within this proof-
of-concept evaluation, we treat these sources as representative samples of their respective insti-
tutional categories.
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Calibration deferral. Sentiment scores from FinBERT are used without post-hoc calibration
across source types. As established in Section 3.7, systematic differences in model confidence
across text domains can produce calibration artefacts that inflate apparent disagreement. This
limitation is flagged in all output metadata and acknowledged as a first-order extension in Chap-
ter 6.

Uncertainty estimates. The Level 3 implementation applies MC Dropout with N = 30

stochastic forward passes per document; per-document σi values and the resulting Level 3
SDI are reported in Section 4.4.3.

Keyword-based aspect extraction. The MASD implementation uses the keyword lists in
Table 3.10 for sentence-level aspect filtering. This approach may retain sentences where a
keyword appears in a context unrelated to the target aspect (false positives) and may miss
aspect mentions expressed without any listed keyword (false negatives). The keyword lists
were constructed to cover the primary lexical expressions for each aspect in English financial
text and are sufficient for a proof-of-concept case study, but they would require validation and
expansion for deployment across a broader event corpus.

As a methodological sensitivity check, sentence-ID LLM aspect extraction was implemented
as an extractive MASD sensitivity audit for Tesla Q1 2024 and compared against the verified
keyword-based MASD baseline. This audit did not replace the keyword-based pipeline. In-
stead, each source document was segmented into numbered candidate sentences, and the LLM
was prompted to select sentence IDs only for each aspect rather than generate new text. Se-
lected IDs were then mapped back to the original source sentences before FinBERT scoring.
This preserves extractive grounding while testing whether the evidence-selection layer changes
the resulting ADI values.

Public-data and model-risk boundaries. The current case studies use public or publicly ac-
cessible textual sources: professional news retrieved through publisher or archive access routes,
Reddit posts from public finance-oriented communities, and SEC filings from EDGAR. Our
thesis does not attempt user-level profiling, private-message analysis, or investment recommen-
dation generation. The framework outputs are research artefacts for measuring disagreement
and should not be interpreted as trading advice, credit decisions, or regulatory determinations
without additional validation, governance review, and documented model-risk controls.

Case-study scope and generalisability. The Tesla Q1 2024 event was selected as a stress
test for cross-source disagreement analysis because it contains multiple partially conflicting
signals: the largest quarterly revenue decline since 2012, an Autopilot safety recall linked to
formal NHTSA review, concurrent Full Self-Driving (FSD) technology licensing negotiations
framed as strategic validation, and a post-announcement share price surge of approximately
12%. This combination of signals is expected to maximise cross-source divergence; it is not
representative of a typical corporate event. The resulting SDI values establish that the metric
can surface meaningful disagreement on a high-conflict event; they do not establish what SDI
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level is typical across the distribution of corporate events. Multi-event validation is the first-
order extension required before the interpretation zones can be treated as calibrated thresholds.

With the framework specification, pipeline design, and scope boundaries established, Chap-
ter 4 presents the empirical application of this pipeline to the Tesla Q1 2024 primary and
AppLovin Q4/FY2025 secondary events, reporting case-study results across all four phases
alongside the independent Sentinel-LLaMA3 benchmark evaluation on FPB.



Chapter 4

Results

This chapter reports the experimental results from the benchmark validation, robustness audits,
and multi-source case-study evaluations. In each section, results are stated before they are
interpreted, and interpretation is kept concise and tied to the specific evidence at hand.

4.1 Experimental Setup Summary

The evaluation draws on two data types: FPB benchmark data for scoring-engine validation and
robustness auditing, and two multi-source corporate event corpora for SDI and ADI case-study
evaluation. Table 4.1 summarises each.

Table 4.1: Datasets used in the Sentinel evaluation.

Dataset Source Access Role

FPB all-agree Financial news
HuggingFace
takala/
financial phrasebank

FinBERT baseline validation

FPB 75%-agree Financial news
HuggingFace
takala/
financial phrasebank

Sentinel-LLaMA3-FPB75 training and test

FPB
66%-exclusive

Financial news Raw PhraseBank files Leakage-safe robustness audit

FPB
50%-exclusive

Financial news Raw PhraseBank files Leakage-safe robustness audit

FPB
50%-minus-75%

Financial news Raw PhraseBank files Broader non-overlap audit

FPB 50%-full Financial news Raw PhraseBank files Sentinel-LLaMA3-Robust-FPB50 training and test
Tesla Q1 2024 Multi-source

event
Guardian / Arctic Shift /
edgartools

SDI and ADI primary case-study evaluation

AppLovin
Q4/FY2025

Multi-source
event

Independent news /
social-retail discussion / SEC
filing

Secondary exploratory SDI/ADI case study

The chapter is organised around two parallel evaluation tracks. The case-study track ap-

56



CHAPTER 4. RESULTS 57

plies FinBERT to the Tesla Q1 2024 primary and AppLovin Q4/FY2025 secondary corporate
event corpora, covering per-source sentiment scoring, SDI computation, and ADI decomposi-
tion across Phases 1–4. The scoring-engine track evaluates Sentinel-LLaMA3-FPB75 on the
FPB benchmark and additionally applies token log-probability extraction to the Tesla Q1 2024
corpus, reported in Section 4.4.5. The two tracks address distinct research questions and are
reported in sequence: case-study phases first, scoring-engine benchmark after Phase 4.

4.2 Phase 1: FinBERT Baseline Validation

FinBERT achieves 97.17% accuracy and macro F1 0.96000 on the FPB all-agree subset, with
n = 2,264 sentences and neutral-class support of 1,391. Both results align with published high-
agreement benchmarks and confirm FinBERT as an appropriate baseline for the case-study
pipeline phases. A separately fine-tuned variant, evaluated on a 227-example split, achieves
98.24% accuracy and macro F1 0.97050; it is included for reference only and does not con-
tribute to the Sentinel-LLaMA3 benchmark.

4.3 Phase 2: Per-Source Sentiment Scoring

All three source types produced net-negative sentiment signals for the Tesla Q1 2024 event
within the five-day collection window from 21–26 April 2024, but at markedly different inten-
sities. This window extends beyond the framework default of 24 hours pre-event and 48 hours
post-event to accommodate the Guardian API’s relevance-ranked article retrieval, which sur-
faces contextual coverage from the days preceding the announcement alongside immediate
post-earnings reporting; the wider window ensures that all five relevance-ranked articles fall
within the collection scope. Table 4.2 presents the source-type prior, the average signed senti-
ment score, and the dominant direction for each source.

Table 4.2: Phase 2 multi-source sentiment summary, Tesla Q1 2024 earnings event.

Source πτ Avg. si Direction

News (Guardian) 0.7 -0.495 Negative
Reddit (Social) 0.4 -0.346 Negative
SEC 8-K (Regulatory) 1.0 -0.075 Neutral

The spread of average scores across source types is 0.420 units, from −0.495 for news to
−0.075 for the SEC 8-K, indicating marked cross-source variation before any formal disagree-
ment measurement is applied. The SEC 8-K’s near-neutral average score is expected given
the structural constraints of regulatory disclosure language: even a filing reporting the largest
quarterly revenue decline in the company’s history since 2012 produces a near-neutral aggre-
gate sentiment score under FinBERT inference, because obligatory hedging and qualification
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suppress evaluative language. The 0.420-unit spread is therefore treated as a structural feature
of the informational ecology, not merely as a measurement artefact.

4.4 Phase 3: SDI Computation

4.4.1 Aggregated Statistics

The corpus comprises n = 11 source observations: five news articles, five Reddit posts, and
one SEC 8-K filing, giving |P | = n(n− 1)/2 = 55 unique source pairs. The Level 2 weighted
statistics are W = 6.50, S1 = −2.499, S2 = 2.407, and Z = 19.00.

4.4.2 SDI Results

Both SDI levels fall in the Partial Disagreement zone, [0.15, 0.45). Table 4.3 places the result
on the interpretation scale, and Figure 4.1 shows the Tesla Q1 2024 placement.

Table 4.3: SDI normalised score interpretation scale with Tesla Q1 2024 result.

SDInorm range Interpretation Tesla Q1 2024

[0.00, 0.15) Aligned: sources characterise the event consistently
[0.15, 0.45) Partial Disagreement: same sign, varying degree 0.35172
[0.45, 1.00] High Conflict: sources contradict each other

0.00 0.15 0.45 1.00

Aligned Partial Disagr. High Conflict

Sentinel: 0.35172

Figure 4.1: Normalised SDI interpretation scale with the Tesla Q1 2024 Level 2 result, 0.35172,
placed in the Partial Disagreement zone.

The Level 2 credibility-weighted normalised score of 0.35172 is ∆ = 0.0046 below the
Level 1 unweighted score of 0.3563. Credibility weighting therefore had a negligible effect on
the aggregate disagreement for this event.



CHAPTER 4. RESULTS 59

4.4.3 Level 3: MC Dropout Uncertainty Estimates

Table 4.4: MC Dropout uncertainty estimates for the eleven Tesla Q1 2024 source documents
(N = 30 stochastic forward passes). σi is the population standard deviation of signed scores
across passes; g(σi) = 1/(1 + σi) is the uncertainty discount; wi,L3 = πτ · g(σi) is the Level 3
composite weight.

Document Source type Score σi g(σi) πτ wi,L3

news 1 News −0.947 0.008 0.992 0.7 0.694
news 2 News −0.853 0.041 0.961 0.7 0.672
news 3 News −0.523 0.049 0.953 0.7 0.667
news 4 News −0.431 0.055 0.948 0.7 0.663
news 5 News +0.353 0.049 0.953 0.7 0.667
reddit 1 Reddit +0.369 0.140 0.877 0.4 0.351
reddit 2 Reddit −0.758 0.100 0.909 0.4 0.364
reddit 3 Reddit −0.433 0.121 0.892 0.4 0.357
reddit 4 Reddit −0.457 0.124 0.890 0.4 0.356
reddit 5 Reddit −0.048 0.057 0.946 0.4 0.378
SEC 8-K SEC −0.031 0.014 0.986 1.0 0.986

Table 4.4 shows a clear uncertainty gradient across source types that tracks the structural ac-
countability spectrum. The SEC 8-K filing, scored over 16 chunks of formal regulatory lan-
guage, exhibits the lowest uncertainty (σi = 0.014): the high redundancy of legal disclosure
text produces stable signed scores across stochastic inference passes. News articles, scored
over two to four chunks, exhibit moderate uncertainty (σi = 0.008–0.055). Reddit posts, each
represented as a single short-text chunk, exhibit the highest uncertainty (σi = 0.057–0.140),
reflecting their sensitivity to individual token dropout in the absence of cross-chunk averaging.
Longer, institutionally constrained documents produce more stable sentiment estimates under
stochastic inference, consistent with the structural accountability spectrum.

The Level 3 uncertainty adjustment follows the expected direction. Reddit documents re-
ceive the largest g(σi) discount (minimum 0.877), reducing their effective weights relative to
news (g(σi) ≥ 0.948) and the SEC 8-K (g(σi) = 0.986). Despite this reweighting, the Level 3
normalised SDI (0.32323) differs from the Level 2 value computed over the same MC Dropout
mean scores (0.32251) by only +0.00071. All three SDI levels remain in the Partial Disagree-
ment zone, and the dominant source pair (News vs. SEC 8-K) is unchanged. The MC Dropout
uncertainty estimates therefore confirm rather than revise the Level 2 finding: the observed
cross-source disagreement in the Tesla Q1 2024 event is robust to instance-level uncertainty
adjustment.

A note on MC Dropout score convergence: the MC Dropout mean scores used in Level 3 dif-
fer from the original deterministic Level 2 scores (e.g., Level 2 normalised SDI = 0.35172 vs.
Level 3 baseline = 0.32251) because stochastic dropout-enabled forward passes produce differ-
ent activations than the deterministic model.eval() pass. Both values remain in the Partial
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Disagreement zone. The key comparative result is the minimal L3–L2 delta of +0.00071; it is
computed consistently from MC Dropout mean scores and is not affected by this difference.

4.4.4 Source-Pair Contributions

The most divergent source pair is News versus the SEC 8-K, with a pairwise distance of
d(News, SEC) = 0.420 and a weighted pairwise contribution of 0.124. By contrast, the News–
Reddit pair contributes 0.006 and the Reddit–SEC pair contributes 0.030. This dominance
reflects the weight structure: the News–SEC pair carries a combined weight of wNewswSEC =

0.7 × 1.0 = 0.70, higher than the News–Reddit pair’s 0.7 × 0.4 = 0.28 and the Reddit–SEC
pair’s 0.4× 1.0 = 0.40.

4.4.5 Scoring Engine Comparison: FinBERT versus Sentinel-LLaMA3

To evaluate whether the SDI zone classification is robust to scoring engine choice, the Tesla
Q1 2024 corpus was re-scored using Sentinel-LLaMA3-FPB75 via token log-probability ex-
traction. Rather than generating a label token, the model produces a signed score by extracting
the logits for the three label tokens (positive, negative, neutral) at the final prompt position
and applying a three-way softmax, yielding si = ppos − pneg ∈ [−1,+1] for each document
chunk. This approach requires no retraining and integrates Sentinel-LLaMA3 directly into the
SDI pipeline. Because edgartools was unavailable in the inference environment, the SEC 8-
K was scored using a constructed near-neutral summary; its score of −0.016 is close to the
deterministic FinBERT value of −0.075, and the impact on SDI is minimal.

Table 4.5: Per-document signed scores and SDI Level 2 results for FinBERT and Sentinel-
LLaMA3 scoring engines, Tesla Q1 2024 earnings event. Sentinel-LLaMA3 scores are derived
from token log-probability extraction without label generation.

Document Source FinBERT score LLaMA3 score ∆

news 1 News −0.960 −0.540 +0.420
news 2 News −0.877 +0.214 +1.091
news 3 News −0.535 +0.013 +0.548
news 4 News −0.511 +0.063 +0.574
news 5 News +0.410 −0.384 −0.794
reddit 1 Reddit +0.473 +0.005 −0.469
reddit 2 Reddit −0.839 +0.233 +1.071
reddit 3 Reddit −0.627 −0.729 −0.101
reddit 4 Reddit −0.683 −0.937 −0.254
reddit 5 Reddit −0.055 −0.255 −0.200
SEC 8-K SEC −0.075 −0.016 +0.059

SDI Level 2 (normalised) 0.35172 0.25434 −0.09738
Zone classification Partial Disag. Partial Disag. —
Dominant source pair News vs. SEC Reddit vs. SEC —
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Both scoring engines place the Tesla Q1 2024 event in the Partial Disagreement zone, but di-
verge substantially at the document level. Sentinel-LLaMA3 assigns neutral or positive scores
to several news articles that FinBERT scores negatively, reflecting its tendency to weight posi-
tive framing, such as the post-earnings share price increase in news 2, alongside negative sig-
nals; this shifts the dominant source pair from News versus the SEC filing under FinBERT to
Reddit, which shows greater polarity dispersion under Sentinel-LLaMA3. We find this contrast
analytically useful: the SDI zone classification characterises event-level disagreement more
stably than individual document scores, which are sensitive to architectural and training differ-
ences between encoder-based and instruction-tuned models. Between-model score differences
reach 1.091 units for individual documents in several cases, exceeding the within-model cross-
source distance of 0.420 units for FinBERT, confirming that scoring engine choice is a material
source of upstream variation that multi-event validation should treat as a controlled variable.

Figure 4.2: Console output from the Sentinel-LLaMA3-FPB75 scoring engine comparison on
the Tesla Q1 2024 corpus (11 source documents). Per-document signed scores confirm the val-
ues in Table 4.5. The aggregate SDI Level 2 values (FinBERT: 0.35172; Sentinel-LLaMA3:
0.25434) and the zone agreement (Zone agreement: YES) confirm Partial Disagree-
ment under both scoring engines.
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4.5 Phase 4: ADI Decomposition

4.5.1 Aspect Sentence Coverage

Table 4.6 reports aspect sentence counts per source document; Figure 4.3 aggregates the same
counts by source type. Coverage is highly uneven across source types: the SEC 8-K and news
articles dominate, while Reddit posts are structurally sparse and contribute zero Risk-relevant
sentences across all five posts, leaving Risk ADI with only 2/3 source coverage.

Table 4.6: Aspect sentence coverage counts per source document.

Document (truncated) Rev. Mgt. Risk Mkt.

News: shares under pressure 11 11 6 15
News: EV makers cut prices 23 5 2 41
News: Autopilot fatal crashes 10 3 24 9
News: affordable car market 11 9 1 14
News: biggest revenue drop 12 6 6 13

Reddit: FSD licensing talks 0 1 0 0
Reddit: TSLA up 12% 1 0 0 1
Reddit: META earnings selloff 1 0 0 1
Reddit: FSD transfer policy 0 0 0 0
Reddit: shorted TSLA 0 0 0 1

SEC 8-K (Q1 2024 filing) 72 23 9 46

Total 141 58 48 141
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Figure 4.3: Aspect-relevant sentence counts by source type, aggregated across all documents.
Reddit bars are near-zero across all aspects (range 0–3), reflecting the structural sparseness of
short-form social media posts relative to news articles and the SEC 8-K filing.
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4.5.2 ADI Results

Table 4.7 reports the per-source aspect-level signed sentiment scores. Figure 4.4 ranks the
resulting keyword-based ADI values, and Figure 4.5 shows the directional source-aspect senti-
ment matrix. The keyword-based directional divergence vector is

D⃗(Tesla,Q1-2024) = (0.199, 0.135, 0.097, 0.013), (4.1)

for Revenue, Management, Market, and Risk respectively.

Table 4.7: Per-source aspect-level sentiment scores and ADI values, Tesla Q1 2024.

Aspect News (π = 0.7) Reddit (π = 0.4) SEC 8-K (π = 1.0) ADI Coverage

Revenue -0.354 -0.948 +0.143 0.199 3/3
Management -0.334 +0.565 +0.134 0.135 3/3
Market -0.357 -0.628 +0.126 0.097 3/3
Risk -0.304 N/A -0.073 0.013 2/3

0 5 · 10−2 0.1 0.15 0.2 0.25

Risk

Market

Management

Revenue

0.013

0.097

0.135

0.199

ADI (population variance)

Figure 4.4: ADI values per aspect, Tesla Q1 2024.

Revenue Mgmt. Market Risk

News

Reddit

SEC 8-K

−0.354 −0.334 −0.357 −0.304

−0.948 +0.565 −0.628 N/A

+0.143 +0.134 +0.126 −0.073

Figure 4.5: Source-aspect sentiment heatmap, Tesla Q1 2024. Cell labels report signed aspect
sentiment values. The sign indicates direction, and darker saturation indicates larger magnitude.
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4.5.3 Key Aspect Findings

Finding F-A1: Under keyword-based extraction, Revenue is the most contested aspect.
Revenue has the highest keyword-based ADI, at 0.199. Reddit scores Revenue at −0.948, re-
flecting crowd concern about the earnings miss, while the SEC 8-K scores Revenue at +0.143,
reflecting measured regulatory disclosure language. The 1.091-unit gap between these values
is the largest source-pair spread in the dataset. The result shows that the same financial fact,
a quarterly revenue decline of unprecedented magnitude for the company, can receive near-
opposite sentiment characterisations depending on source type. This is consistent with Garcia’s
account [15], where cross-source sentiment divergence is linked to differences in institutional
mandate rather than to different underlying facts.

Finding F-A2: Management is the only aspect exhibiting a potential directional split in the
current dataset. Management has a keyword-based ADI of 0.135. Reddit scores Manage-
ment at +0.565, mainly because the relevant Reddit post frames the FSD licensing announce-
ment as strategic validation and evidence of management foresight. News scores Management
at −0.334, reflecting coverage of chief executive travel cancellations, workforce restructuring
announcements, and leadership uncertainty. The SEC 8-K scores Management near-neutrally
at +0.134. These signals show why aspect-level analysis is useful: the document-level scores
register moderate disagreement, while the aspect-level matrix exposes a possible directional
split. This interpretation is bounded by coverage. The Reddit Management score is based
on a single aspect-relevant sentence across all five Reddit posts, so the finding is best read as
an illustration of directional-split detection rather than as a validated empirical result. Sub-
ject to that caveat, the pattern is consistent with Hong and Stein [34], where heterogeneous
information-processing constraints can produce divergent interpretations of the same event.

Finding F-A3: Under keyword-based extraction, Risk approaches consensus across cov-
ering sources. Risk has a keyword-based ADI of 0.013. News scores Risk at −0.304 and
the SEC 8-K at −0.073, while Reddit contributes zero Risk-relevant sentences. The Autopilot
recall, linked to 13 fatal crashes and subject to a formal NHTSA ruling, leaves limited room
for positive framing under either news or regulatory disclosure conventions. Under keyword-
based extraction, the low ADI indicates that the sources covering Risk assign it a similar neg-
ative interpretation; the sentence-ID LLM audit in Table 4.8 later shows that Risk divergence
increases under semantic extractive selection. This distinguishes measured agreement from
missing coverage and shows that ADI can identify convergence as well as divergence. The
analyst-dispersion literature [35] similarly treats low dispersion as evidence that a signal is
strong enough to dominate heterogeneous prior beliefs.
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Finding F-A4: Market exhibits moderate divergence. Market has a keyword-based ADI of
0.097. News scores Market at −0.357 and Reddit at −0.628, both negative, while the SEC 8-K
scores Market slightly positively at +0.126. The divergence reflects the counterintuitive post-
earnings share surge of approximately 12%. Reddit emphasises the contradiction of a market
advance despite a significant earnings miss, whereas the regulatory filing presents stock price
action in non-evaluative disclosure language aligned with the observed market movement. Un-
der keyword extraction, Market therefore falls between the near-consensus Risk aspect and the
highly divergent Revenue aspect. This supports the interpretation of ADI as a graded measure
of aspect-level disagreement, consistent with Miller’s [33] account that disagreement varies
with event type and with the scope for legitimate interpretive variance.

4.5.4 Extraction-Method Sensitivity Analysis

Before comparing extraction strategies, the keyword ADI baseline was reproduced for the Tesla
Q1 2024 case study. Sentence-ID LLM aspect extraction was implemented as an extractive
MASD sensitivity audit and compared against the verified keyword-based MASD baseline. In
the audit, the model selected sentence IDs from numbered source sentences; only valid IDs that
mapped back to original source sentences were passed to FinBERT for scoring.

Table 4.8: Keyword and Sentence-ID LLM ADI Comparison for Tesla Q1 2024

Aspect Keyword ADI Sentence-ID LLM-ADI Change Coverage

Revenue 0.198831 0.098466 Decrease 3/3
Management 0.135021 0.030068 Decrease 2/3
Market 0.097599 0.067127 Decrease 3/3
Risk 0.013820 0.073896 Increase 2/3
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Figure 4.6: Keyword-based and sentence-ID LLM-based ADI values for the Tesla Q1 2024
case study. Sentence-ID extraction reduces Revenue, Management, and Market divergence
estimates while increasing Risk, indicating that aspect-level disagreement is sensitive to the
extraction method.

The audited sentence-ID experiment covered 11 documents with 0 fetch errors and 0 la-
bel failures. Exact-source validation found that 100.0% of selected sentences mapped back to
source text. The run still produced 52 format violations and 30 invalid ID outputs; these in-
valid IDs were discarded, and only valid IDs mapped to original source sentences were scored.
The result is therefore extractively grounded, while still indicating that instruction-following
robustness remains an implementation concern.

Sentence-ID LLM extraction produced lower ADI values for Revenue, Management, and
Market, but a higher ADI value for Risk. Therefore, aspect-level disagreement is sensitive
to the extraction strategy. Under keyword extraction, Revenue remains the highest ADI as-
pect. Under sentence-ID LLM extraction, Risk becomes more salient. This does not invalidate
MASD; it clarifies that MASD depends on the evidence-selection layer. In this thesis, keyword
MASD is therefore best read as a transparent and reproducible baseline, while the implemented
sentence-ID LLM audit evaluates a more semantically expressive and extractively grounded
aspect-selection method for MASD.



CHAPTER 4. RESULTS 67

4.6 Sentinel-LLaMA3 Benchmark Comparison

4.6.1 Protocol Caveats and Comparability

This section uses published benchmark results to place Sentinel-LLaMA3-FPB75 in context,
but the rows are not directly comparable under a single shared protocol. Sentinel-LLaMA3-
FPB75 is evaluated on the verified FPB 75%-agreement held-out split used in our thesis. The
GPT-4o mini and FinSentLLM values are reported by Zhang et al. [9], while the HAD and
FinBERT values come from their original evaluation protocols. The comparison should there-
fore be read as evidence of competitive in-domain benchmark performance, not as a controlled
leaderboard across all systems.

4.6.2 Main Result

Sentinel-LLaMA3-FPB75 achieves macro F1 0.97526 on the FPB 75%-agreement test set, with
n = 691. Relative to literature-reported results, this is 0.10436 above the GPT-4o mini score of
0.87090 reported by Zhang et al. [9] and 0.02526 above the approximate FinSentLLM macro
F1 of 0.95, subject to protocol differences. Table 4.9 presents the benchmark comparison, and
Figure 4.7 visualises the same macro-F1 comparison across model families.

Table 4.9: Macro-F1 benchmark comparison on FPB; protocol differences are discussed in
Section 4.6.1.

Model Macro F1 Type

FinBERT [5] ∼0.88 Fine-tuned BERT
GPT-4o mini [9] 0.87090 Proprietary LLM (zero-shot)
HAD / Xing [10] ∼0.93 Multi-agent LLM
FinSentLLM [9] ∼0.95 Training-free ensemble
Sentinel-LLaMA3-FPB75 (ours) 0.97526 Fine-tuned open-weight LLM
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Figure 4.7: Benchmark comparison on FPB macro F1. Sentinel-LLaMA3-FPB75 is evaluated
on the verified 75%-agreement split; other values are literature-reported under their original
protocols.
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Table 4.10: Sentinel-LLaMA3-FPB75 main evaluation metrics on the FPB 75%-agreement
held-out test set.

Panel A: Evaluation protocol

Model Sentinel-LLaMA3-FPB75
Dataset Financial PhraseBank
Subset 75%-agreement
Split Stratified 80/20 train/test, seed 42
Test size 691

Panel B: Performance metrics

Accuracy 0.97685
Macro precision 0.98672
Macro recall 0.96485
Macro F1 0.97526
Weighted precision 0.97744
Weighted recall 0.97685
Weighted F1 0.97669

Table 4.11 reports the audited lower-agreement evaluation sets and the resulting robustness
metrics for Sentinel-LLaMA3-FPB75.

Table 4.11: Audited lower-agreement robustness evaluation for Sentinel-LLaMA3-FPB75.

Evaluation set Definition Audit summary

FPB66-exclusive
Sentences 66Agree

\ Sentences 75Agree

n = 763; FPB75 overlap: 0
Correct / Incorrect: 561 / 202

FPB50-exclusive
Sentences 50Agree

\ Sentences 66Agree

n = 627; FPB75 overlap: 0
Correct / Incorrect: 382 / 245

FPB50−FPB75
Sentences 50Agree

\ Sentences 75Agree

n = 1,392; FPB75 overlap: 0
Correct / Incorrect: 945 / 447

Metric FPB66-exclusive FPB50-exclusive FPB50−FPB75

Accuracy 0.73526 0.60925 0.67888
Macro precision 0.76648 0.63899 0.71461
Macro recall 0.70790 0.53491 0.63004
Macro F1 0.72713 0.56338 0.65714
Weighted F1 0.73060 0.59188 0.66977

When overlap with the FPB75 test setting is removed, evaluation on lower-agreement subsets
shows a clear degradation in performance. This suggests that lower annotator agreement intro-
duces additional ambiguity and label noise, and it does not support the earlier claim of 90%
macro-F1 robustness at lower agreement thresholds. Table 4.12 reports the separate duplicate-
safe Robust-FPB50 experiment used to test performance under a protocol designed for lower-
agreement data.
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Table 4.12: Evaluation metrics for Sentinel-LLaMA3-Robust-FPB50 under the duplicate-safe
FPB 50% train/dev/test protocol. The corresponding protocol details and split counts are re-
ported in Table 4.13.

Panel A: Model and protocol

Model Sentinel-LLaMA3-Robust-FPB50
Protocol Duplicate-safe FPB50; stratified 70/10/20 split, seed 42
Test set size (n) 973
Panel B: Classification metrics

Accuracy 0.87667
Macro precision 0.89331
Macro recall 0.85397
Macro F1 0.87113
Weighted precision 0.87769
Weighted recall 0.87667
Weighted F1 0.87478

Because the evaluation sets are not identical, we interpret this result as a protocol-specific
improvement experiment, not as a direct paired comparison on the same test set. The audited
Robust-FPB50 artifacts are stored under ml/artifacts/fpb50 robust llama3, and
the adapter is stored under ml/checkpoints/fpb50 robust llama3/adapter.

Table 4.13: Duplicate-safe train/dev/test split counts for Sentinel-LLaMA3-Robust-FPB50.

Split Rows Negative Neutral Positive

Train 3,388 423 2,012 953
Dev 485 60 289 136
Test 973 121 578 274

Table 4.14: Duplicate-safety and training summary for Sentinel-LLaMA3-Robust-FPB50.

Item Value

Total rows 4,846
Total normalised groups 4,838
Duplicate normalised sentence groups 8
Cross-split duplicate group count 0
Conflicting-label duplicate groups 2
Epochs 3.0
Final train loss 1.07985

Table 4.15 gives the corresponding Robust-FPB50 confusion matrix on the duplicate-safe
test split.
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Table 4.15: Confusion matrix for Sentinel-LLaMA3-Robust-FPB50 on the duplicate-safe
FPB50 test split. Rows denote true labels and columns denote predicted labels.

Actual \ Predicted Negative Neutral Positive Support

Negative 106 15 0 121
Neutral 7 542 29 578
Positive 0 69 205 274

Predicted total 113 626 234 973

Figure 4.8 visualises the macro-F1 drop from the audited FPB75 test set to the non-
overlapping lower-agreement evaluation sets.
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Figure 4.8: Macro F1 of Sentinel-LLaMA3-FPB75 on the audited FPB75 test set and non-
overlapping lower-agreement evaluation sets.
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4.6.3 Per-Class Evaluation

Table 4.16 reports the per-class precision, recall, and F1 scores for Sentinel-LLaMA3-FPB75
on the FPB 75% test set. Table 4.17 reports the corresponding confusion matrix.

Table 4.16: Sentinel-LLaMA3-FPB75 per-class evaluation on the FPB 75% test set, with over-
all accuracy of 0.97685.

Class Precision Recall F1 Support

Negative 1.00000 0.96429 0.98182 84
Neutral 0.96614 0.99767 0.98165 429
Positive 0.99401 0.93258 0.96232 178

Macro avg. 0.98672 0.96485 0.97526 691
Weighted avg. 0.97744 0.97685 0.97669 691

Table 4.17: Confusion matrix for Sentinel-LLaMA3-FPB75 on the FPB 75%-agreement test
set. Rows correspond to actual labels, and columns correspond to predicted labels.

Actual \ Predicted Negative Neutral Positive Support

Negative 81 3 0 84
Neutral 0 428 1 429
Positive 0 12 166 178

Predicted total 81 443 167 691

The dominant error mode in the confusion matrix is positive-to-neutral slippage, occurring
in 12 of the 691 test examples, or approximately 1.7% of the full test set. This pattern is
consistent with hedged positive language in financial reporting, where optimistic projections
are often qualified by conditional clauses and risk disclosures.

4.7 Secondary Case Study: AppLovin Q4/FY2025

The AppLovin Q4/FY2025 case study applies the same FinBERT-based Sentinel pipeline to a
second corporate event, allowing the framework to be examined in a setting distinct from the
primary Tesla Q1 2024 case. AppLovin was selected for three reasons. First, it belongs to a
different industry: ad-technology and AI-platform software rather than automotive manufactur-
ing, which helps check whether the primary results are tied to the Tesla sector setting. Second,
the Q4/FY2025 period combined strong financial performance with simultaneous regulatory
scrutiny of the company’s data practices, producing competing narrative threads across source
types. These threads are analogous to, but not identical with, the earnings-miss and safety-
recall dynamic in the Tesla case. Third, the AppLovin corpus includes a larger social/retail
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layer (six documents) relative to the news layer (three documents), providing a different source-
count composition from the Tesla corpus’s balanced five-five-one structure. The case study is
therefore used as a secondary exploratory application that tests the pipeline in a different event
setting, with its results interpreted within that bounded scope.

4.7.1 Source Inventory

The AppLovin event corpus comprises ten documents: one SEC filing, three independent news
items, and six social/retail discussion documents. All documents were processed using the
same preprocessing, chunking, and FinBERT-based inference pipeline applied in the Tesla case
study, without pipeline modification.

4.7.2 Per-Source Sentiment Scoring

The three source types differ in their average sentiment within the event window: news is the
most negative, social/retail discussion is near-neutral, and the SEC disclosure is mildly positive.
Table 4.18 reports the source-type prior, mean signed sentiment score, and dominant direction
for each source type. The spread across the three averages is 0.625900 units on the [−1,+1]

scale, compared with 0.420 units in the Tesla Q1 2024 case. The larger spread reflects the
difference between negative professional-news framing and mildly positive company disclosure
language.

Table 4.18: AppLovin Q4/FY2025 source-type sentiment summary.

Source πτ Mean signed score Direction

News 0.7 −0.513705 Negative
Social/retail discussion 0.4 −0.081376 Negative (near neutral)
SEC disclosure 1.0 +0.112195 Positive (mildly)

4.7.3 SDI Computation

Table 4.19 presents the Level 1 and Level 2 SDI results for AppLovin Q4/FY2025. Both levels
are classified as Partial Disagreement.

Table 4.19: AppLovin Q4/FY2025 SDI results by computation level.

SDI Level Normalised score Zone

Level 1 (unweighted) 0.226592 Partial Disagreement
Level 2 (credibility-weighted) 0.248746 Partial Disagreement

The Level 2 normalised score increases from 0.226592 to 0.248746 after credibility weight-
ing, unlike the Tesla case, where the weighted score decreased only marginally. In the Ap-
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pLovin corpus, this increase is driven primarily by disagreement between the news layer and
the SEC disclosure.

4.7.4 ADI Decomposition

The AppLovin MASD extraction uses an event-specific aspect taxonomy reflecting four
dominant narrative dimensions in the Q4/FY2025 event: Financial Performance, AI Platform
Growth, Regulatory Data Risk, and Market Valuation. Table 4.20 summarises aspect coverage
across the news, social/retail, and SEC source types.

Table 4.20: AppLovin Q4/FY2025 aspect coverage by source type.

Aspect News Social/retail SEC Coverage

Financial Performance Covered Covered Covered 3/3
AI Platform Growth Covered Covered Covered 3/3
Regulatory Data Risk Covered Covered Covered 3/3
Market Valuation Covered Covered Covered 3/3

Table 4.21 reports the per-source aspect-level signed sentiment scores together with the cor-
responding ADI values. Figure 4.9 visualises the same source-aspect sentiment matrix as a
colour-coded heatmap. The directional divergence vector for the AppLovin Q4/FY2025 case is

D⃗(AppLovin,Q4-FY2025) = (0.029014, 0.056362, 0.010678, 0.012742), (4.2)

where the entries correspond to Financial Performance, AI Platform Growth, Regulatory Data
Risk, and Market Valuation, respectively.

Table 4.21: AppLovin Q4/FY2025 per-source aspect sentiment scores and ADI values.

Aspect News (π = 0.7) Social/retail (π = 0.4) SEC disclosure (π = 1.0) ADI Coverage

Financial Performance +0.583331 +0.197642 +0.252661 0.029014 3/3
AI Platform Growth −0.375277 −0.032940 +0.202993 0.056362 3/3
Regulatory Data Risk −0.207545 −0.160893 +0.031234 0.010678 3/3
Market Valuation +0.057798 −0.052535 −0.216937 0.012742 3/3
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Figure 4.9: AppLovin Q4/FY2025 source-aspect sentiment heatmap. Cell labels report signed
values on the [−1,+1] scale; darker saturation indicates larger magnitude.

Finding F-B1: AI Platform Growth is the most contested aspect. AI Platform Growth
has the highest ADI in the AppLovin corpus, at 0.056362. The SEC disclosure scores this
aspect positively, at +0.202993, aligning with its presentation of the AI advertising platform
as a strategic growth driver. The news layer scores the same aspect negatively, at −0.375277,
while the social layer is near neutral at −0.032940. This pattern indicates that retail investor
commentary is less sharply directional on AI platform growth than either professional news or
regulatory disclosure language.

Finding F-B2: Financial Performance is the only aspect with directional consensus across
all source types. Financial Performance is the only aspect with positive sentiment across all
three source types, with scores of +0.583331 for news, +0.197642 for social, and +0.252661

for the SEC disclosure. The resulting ADI of 0.029014 reflects differences in intensity among
positive scores, not a directional split. This matters because the news layer is the most nega-
tive source type at the document level, with an average score of −0.513705. The aspect-level
extraction therefore separates recognition of strong financial results from the broader negative
framing of the event.

4.7.5 Comparison with the Tesla Primary Case

Two compositional features distinguish the AppLovin case from Tesla Q1 2024. First, the max-
imum ADI is 0.056362, substantially below the Tesla maximum of 0.199, indicating weaker
aspect-level divergence despite the larger source sentiment spread. Second, credibility weight-
ing raises the normalised SDI from 0.226592 to 0.248746 in the AppLovin case, whereas it
produces a negligible decrease from 0.3563 to 0.35172 in the Tesla case. Both patterns trace
to the larger social layer in the AppLovin corpus. Near-neutral social sentiment moderates
the pairwise numerator under unweighted computation, while Level 2 down-weighting of this
layer shifts relative weight toward the news-versus-SEC pair, which has both the highest pair-
wise weight and the largest pairwise distance in the corpus.
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4.7.6 Exploratory Assessment

The AppLovin Q4/FY2025 case study shows that the Sentinel pipeline can be applied to a
second corporate event without pipeline modification while still producing interpretable cross-
source sentiment outputs. Its Level 2 normalised SDI of 0.248746 falls in the Partial Dis-
agreement zone, consistent with the Tesla result, and the dominant source pair in both cases is
professional news versus SEC disclosure. These parallels are best treated as a pattern for future
testing in a larger multi-event corpus, rather than as evidence of a stable property of the finan-
cial information ecology. The AppLovin case adds a useful secondary check on the framework
while retaining the scope boundaries of the current implementation. The social/retail layer is
small and uneven, and the source inventory is intentionally limited because the case examines
methodological transfer to a different event setting rather than population-level performance.
Calibration has not been applied, and aspect extraction remains keyword-based, consistent with
the current implementation described in Chapter 3. The case therefore supports the portability
of the pipeline at proof-of-concept scale, with broader performance claims left to the multi-
event validation study identified in Chapter 6.

4.8 Cross-Phase Interpretation

The unified results show that the framework’s descriptive contribution and scoring-engine con-
tribution are connected but analytically distinct. The Tesla case-study phases show that source-
type variation can be preserved, measured, and decomposed: all three source types are nega-
tive on average, yet they differ substantially in intensity, source-pair contribution, and aspect-
level structure. The Sentinel-LLaMA3 benchmark phases show that an open-weight fine-tuned
scorer can achieve strong in-domain FPB performance while revealing lower-agreement ro-
bustness limits. The two strands therefore support different parts of the thesis. The case-
study SDI/ADI results evaluate the framework’s measurement logic on real multi-source events,
while the Sentinel-LLaMA3 results establish benchmark performance on FPB and demonstrate
pipeline integration through the Tesla scoring-engine comparison reported in Section 4.4.5.

The evidence supports a scoped conclusion: Sentinel surfaces interpretable disagreement
on the selected Tesla event and produces coherent exploratory results on AppLovin. Broader
claims about population-level SDI thresholds, predictive validity for market outcomes, cali-
brated cross-source score comparability, and general performance across corporate events re-
main reserved for the multi-event validation and calibration work identified in Chapter 6.

Chapter 5 interprets the findings from both evaluation tracks. The discussion addresses each
research question using these consolidated results, examines what cross-source divergence im-
plies about the structure of financial information, and situates the thesis contributions within
the limitations of the current proof-of-concept implementation.



4.9 Unified Results Summary

Table 4.22 reports the combined results from all five pipeline phases, which support six key findings.

Table 4.22: Unified Sentinel evaluation results: Tesla Q1 2024 earnings event, 23 April 2024.

Phase Metric Value Zone / Interpretation

Phase 1 FinBERT accuracy / macro F1 (FPB all-agree) 97.17% / 0.96000 Validated baseline

Phase 2 News avg. sentiment −0.495 Negative
Reddit avg. sentiment −0.346 Negative
SEC 8-K avg. sentiment −0.075 Neutral
Source spread 0.420 units Pre-SDI cross-source variation

Phase 3 SDI Level 1 raw / normalised 0.7126 / 0.3563 Partial Disagreement
SDI Level 2 raw / normalised 0.7034 / 0.35172 Partial Disagreement
SDI Level 3 (uncertainty-weighted) normalised 0.32323a Partial Disagreement

SDI L1–L2 delta
Raw 0.0092;
Normalised 0.0046

Negligible credibility weighting effect

Most divergent pair News vs. SEC 8-K Dist. 0.420; weighted contrib. 0.124

Sentinel Sentinel-LLaMA3-FPB75 macro F1 (FPB 75%) 0.97526 +0.10436 vs. GPT-4o mini;
+0.02526 vs. FinSentLLM

FPB75-trained model macro F1 (FPB66-exclusive) 0.72713 Leakage-safe non-overlap audit
FPB75-trained model macro F1 (FPB50-exclusive) 0.56338 Leakage-safe non-overlap audit
Sentinel-LLaMA3-Robust-FPB50 macro F1 0.87113 Duplicate-safe FPB50 protocol

Phase 4 Revenue ADI 0.199 Highest keyword-based divergence; gap 1.091 units
Management ADI 0.135 Potential directional split; low Reddit coverage (one

sentence)
Market ADI 0.097 Moderate divergence
Risk ADI 0.013 Keyword-based near-consensus; 2/3 source coverage

aLevel 3 uses MC Dropout mean scores; the appropriate L2-to-L3 comparison therefore uses the MC Dropout-baseline SDI Level 2 of 0.32251, rather than the deterministic Level 2 of 0.35172.
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Chapter 5

Discussion and Conclusion

5.1 Discussion

The findings support Sentinel’s central claim within the Tesla Q1 2024 case study: the type of
information channel systematically shapes the sentiment characterisation of a financial event,
and this variation can be quantified and decomposed. In this section, we address each research
question in sequence before synthesising the results into a scoped structural conclusion.

5.1.1 Evidence Boundaries

The conclusions in this chapter are bounded by the evidence produced in our thesis. Direct
empirical evidence comes from the FinBERT-based Tesla Q1 2024 primary case study, the
FinBERT-based AppLovin Q4/FY2025 exploratory secondary case, and the Sentinel-LLaMA3
FPB benchmark experiments. Theoretical support for the economic relevance of disagreement
comes from the literature reviewed in Chapter 2. Since the thesis establishes the framework
at proof-of-concept scale, tasks such as testing whether SDI predicts future volatility, applying
calibration gates and MC Dropout gate thresholds, and estimating population-level thresholds
are left to future work. The claims below are therefore treated as conclusions about the case
studies, benchmark experiments, and framework design, rather than as evidence for market-
wide generalisation.

5.1.2 RQ1: Can SDI Quantify Meaningful Cross-Source Disagreement?

The Tesla Q1 2024 case study answers RQ1 affirmatively. The 0.420-unit spread in average
sentiment across channels is quantified as a structured feature of the event’s information en-
vironment rather than treated as random noise. The SDI formalises this variation as a scalar
disagreement score, yielding a Level 2 normalised value of 0.35172 (Partial Disagreement),
which is bounded, theoretically comparable across events, and decomposable into source-pair
contributions.

77
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The primary value of the SDI lies less in the isolated numerical result, which requires a
multi-event distribution for full interpretation, and more in its ability to preserve cross-source
variation. Conventional single-score FSA would reduce heterogeneous source evidence to one
aggregate score. By contrast, Sentinel keeps the underlying source-level divergence measurable
and available for interpretation.

Level 1 and Level 2 SDI give the same interpretation in this case: both fall in the Partial Dis-
agreement zone. This suggests that the observed disagreement is stable under the implemented
weighting scheme, but it should not be read as evidence that credibility weighting is unneces-
sary in general. The effect of weighting remains event-specific. As shown in Table 3.5, varying
πnews and πReddit (with πSEC = 1.0) keeps the normalised SDI within [0.34764, 0.35628]. This
supports zone-level stability under reasonable prior perturbations, while broader grid sensitivity
testing remains future work for multi-event evaluations.

5.1.3 RQ2: Aspect-Level Structure

RQ2 is answered affirmatively, with an important sensitivity qualification. The Management
aspect illustrates how ADI can identify directional splits, although the Reddit estimate for this
aspect has low reliability because it is based on one extracted sentence; see Section 5.2.5. At
the document level, Reddit’s overall sentiment (−0.346) and news overall sentiment (−0.495)
are both negative, while the SEC 8-K (−0.075) is near-neutral. The SDI therefore records
these sources as differing mainly in sentiment intensity. At the aspect level, however, Reddit
and news move in opposite directions on Management. Reddit scores Management at +0.565,
reflecting a Reddit narrative centred on FSD licensing as evidence that management strategy
was being validated by external partners. News scores the same aspect at −0.334, reflecting
coverage of chief executive travel cancellations and workforce restructuring as evidence of
leadership instability. The Management result should therefore be treated as illustrative due to
low Reddit coverage and extraction-method sensitivity, but it shows why ADI is useful: it can
reveal aspect-level directional disagreement that a document-level SDI score summarises only
as cross-source difference.

The Revenue finding provides the largest source-pair spread in the dataset, at 1.091 units
between Reddit (−0.948) and the SEC 8-K (+0.143). This contrast shows how source type af-
fects aspect-level sentiment even when the underlying financial fact, a record quarterly revenue
decline, is the same across sources. Reddit frames the earnings miss in strongly negative terms,
whereas the SEC 8-K presents the same revenue figures through item-by-item factual disclosure
and forward-looking-statement disclaimers. The model therefore assigns the filing a slightly
positive score, partly because its language places the decline within a longer-term growth nar-
rative. The 1.091-unit spread is the largest source-pair contrast observed in the evaluation and
would be lost under a single-score sentiment framework.

The Risk aspect shows that low disagreement can also be informative under keyword extrac-
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tion. Its near-zero keyword-based ADI of 0.013 indicates that the evaluated keyword-selected
evidence characterises this dimension in broadly similar terms across covering sources. How-
ever, the sentence-ID LLM audit in Section 4.5.4 increases Risk ADI to 0.073896 and makes
Risk more salient under semantic extractive selection. This does not undermine ADI/MASD;
it clarifies that the metric is conditional on the evidence-selection layer and should not be inter-
preted as method-invariant at proof-of-concept scale.

5.1.4 RQ3: Sentinel-LLaMA3 as a Scoring Engine

RQ3 is answered affirmatively for the in-domain FPB 75% benchmark. Sentinel-LLaMA3-
FPB75 achieves macro F1 0.97526, which is 0.10436 macro-F1 points above the literature-
reported GPT-4o mini zero-shot score, subject to the caveat that the two values do not come
from a single controlled same-test leaderboard experiment. The result is consistent with
domain-adaptation findings from FinBERT [5] and FLANG [7]: supervised training on in-
domain financial text can improve domain-specialised classification performance in ways that
general pretraining scale alone does not guarantee.

Second, the audited non-overlap robustness evaluation shows a clear performance drop on
lower-agreement examples that were not present in the FPB 75% training data: macro F1
0.72713 on FPB 66%-exclusive, 0.56338 on FPB 50%-exclusive, and 0.65714 on FPB 50%-
minus-FPB 75. These results replace the earlier unsupported 0.90 robustness claim with a more
conservative finding: annotator ambiguity remains a substantive limitation. Third, the separate
Sentinel-LLaMA3-Robust-FPB50 experiment achieves macro F1 0.87113 on its duplicate-safe
FPB 50% test split, indicating that training on lower-agreement examples improves perfor-
mance under a protocol designed for that setting. The resulting 160 MB adapter file also avoids
reliance on proprietary API access, reducing reproducibility and deployment barriers relative
to GPT-4o mini-based baselines.

Sentinel-LLaMA3 is incorporated into the case-study scoring pipeline through token log-
probability extraction, as reported in Section 4.4.5. Rather than generating a label token, the
model extracts logits for the three label tokens at the final prompt position and applies a three-
way softmax, yielding the signed score si = ppos−pneg ∈ [−1,+1] without any additional fine-
tuning beyond the original QLoRA training. The resulting SDI is 0.25434, compared with the
FinBERT baseline value of 0.35172, and both values remain in the Partial Disagreement zone.
This suggests zone-level stability under the scoring-engine comparison performed in our thesis.
Direct regression over [−1,+1] remains a separate integration path for future implementations
that require continuous score outputs without log-probability extraction.

The scientific contribution of Sentinel-LLaMA3-FPB75 is therefore threefold: it demon-
strates that an open-weight locally-deployable model can match proprietary zero-shot base-
lines on domain-specific benchmarks after parameter-efficient fine-tuning; it establishes repro-
ducibility without proprietary API access; and the scoring-engine comparison in Section 4.4.5
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suggests zone-level stability in this comparison between FinBERT and Sentinel-LLaMA3 as
the scoring engine. The primary Tesla and AppLovin SDI/ADI values use FinBERT because
its chunk-averaging pipeline was validated in Phase 1 and its three-class probability vector
is natively compatible with the signed score formula si = ppos − pneg. Full replacement of
FinBERT as the primary case-study scorer is the immediate next implementation step.

5.1.5 RQ4: Editorial Constraints or Social Media Noise?

RQ4 produces one of the main interpretive results of the Tesla Q1 2024 evaluation. The near-
identity of SDI Level 1 and Level 2, with a normalised decrease of 0.0046, suggests that the
observed disagreement is not primarily driven by Reddit noise. Credibility weighting is de-
signed to attenuate disagreement attributable to lower-credibility sources: assigning Reddit
πReddit = 0.4 reduces its effective influence on the aggregate SDI. If social media noise were
the main driver of disagreement in this case study, this attenuation should produce a larger re-
duction in the Level 2 SDI relative to Level 1. Instead, the pairwise contribution breakdown
shows that the dominant disagreeing pair is News, with π = 0.7, versus the SEC 8-K, with
π = 1.0. Their combined pairwise weight is 0.70, so this pair dominates both SDI levels and
Reddit’s reduced prior has negligible effect on the aggregate score.

The interpretation is structural: the disagreement is not primarily explained by a high-noise,
low-credibility social media source producing an outlier signal. Instead, it is associated with
two institutionally constrained source types, professional news and a regulatory filing. News
coverage tends to foreground consequence, market reaction, and narrative salience; it scored the
Tesla Q1 2024 event at −0.495, reflecting the earnings miss, the safety recall, and the workforce
restructuring as the dominant narrative threads. The regulatory filing is legally constrained to
present material facts in measured, liability-aware language; it scored the same event at −0.075,
reflecting the qualification of negative statements and the compression of sentiment in formal
disclosure language.

Neither source is necessarily inaccurate. Rather, the sources are constrained by different
communicative mandates, and those mandate differences explain the observed cross-source
sentiment disagreement in this case study. For sentiment-based financial risk modelling, this
means that source type is part of the signal, not only a source of noise. Aggregating hetero-
geneous sources into a single score may therefore remove variation that reflects institutional
mandate rather than random informational noise.
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5.1.6 Implications for Financial Risk Modelling and Sentiment Analysis

The results collectively have four implications for the broader FSA community.

For investors and risk managers. The SDI and ADI distinguish negative sentiment from
cross-source disagreement. A low aggregate score suggests uniform negativity, whereas a high
SDI indicates that sources interpret the event differently. For portfolio managers and credit-risk
analysts, this reveals whether an event is unambiguously negative or contested across channels.
The ADI then isolates where contestation occurs. For example, a high Management ADI indi-
cates a divided leadership narrative, while a low Risk ADI suggests consensus. Together, these
metrics structure event-level disagreement and its aspect concentration.

For financial NLP researchers. The framework supports event-study designs in which
cross-source variation is treated as the variable of interest rather than as noise to be removed.
The downstream validation design specified in Chapter 3, where SDI is regressed on abnormal
return volatility, makes the relationship between informational heterogeneity and market
outcomes empirically testable. This design builds on Garcia [15], who showed that senti-
ment divergence between news and financial-platform sources predicts financial distress at a
46-basis-point effect size. Sentinel extends this line of work by moving from a two-source
divergence setting to a multi-source, aspect-decomposed, and credibility-weighted framework.
It therefore provides a basis for studying not only whether sources disagree, but also which
source types diverge and on which financial aspects.

For practitioners building production sentiment systems. The case-study result suggests
a practical design requirement for financial NLP pipelines: source type should be retained
during sentiment computation rather than collapsed at the preprocessing stage. Aggregating
regulatory filings, professional news, and social media into a single corpus implicitly assumes
that these channels are comparable sentiment producers. The Tesla Q1 2024 case study shows
why this assumption is problematic. The 0.420-unit spread across source-type averages re-
flects systematic differences associated with institutional mandate, not only random variation.
Preserving source identity and reporting disagreement alongside the aggregate score can there-
fore give practitioners a clearer view of the event’s information environment without requiring
additional data collection.

For regulatory-grade financial intelligence. These implications are research directions, not
production-readiness claims. In the current proof-of-concept, the SDI and ADI outputs make
disagreement inspectable by showing which source types and financial aspects drive it. This is
relevant to the transparency concerns discussed in Chapter 2, but deployment in risk-sensitive
settings would still require the validation steps described in Chapter 6.
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5.2 Limitations

The current implementation is intentionally bounded in several respects. These boundaries
define the scope of the present evaluation rather than limitations of the underlying approach,
and each has a corresponding extension path. Table 5.1 maps each boundary to the current
evaluation status and the corresponding extension path.

Table 5.1: Scope boundaries of the current Sentinel implementation and corresponding exten-
sion paths.

Scope boundary Current evaluation Extension path

Single-event scope Tesla Q1 2024 primary; AppLovin
Q4/FY2025 exploratory

Multi-event validation corpus spanning
diverse industries, company sizes, and
event types

Source calibration Unadjusted FinBERT scores;
cross-source calibration deferred

Isotonic regression calibration fitted on
a held-out source-type calibration set

Aspect extraction Keyword-based filtering plus Tesla
Q1 2024 sentence-ID LLM sensitivity
audit

Sentence-ID or span-grounded LLM
extraction integrated across events

Data coverage Single-publisher news sampling
(Guardian); restricted Reddit body-text
availability

Multi-publisher news collection; full
post body persistence at collection time

Predictive and
cross-benchmark validation

Scoring evaluation bounded to FPB;
market regression deferred to future
work

Downstream event-study regression;
cross-benchmark evaluation on
FiQA-SA and SEntFiN

5.2.1 Single-Event Scope

The primary SDI and ADI results derive from a single corporate event, supplemented by Ap-
pLovin as an exploratory secondary application. The Tesla Q1 2024 earnings announcement
was selected specifically as a high-disagreement stress test. Consequently, the observed Level 2
normalised SDI of 0.35172 establishes a proof of concept, but its relative magnitude requires
an empirical distribution for full interpretation. Future multi-event validation will contextu-
alise this disagreement and enable the SDI-to-volatility regression that forms the framework’s
primary falsifiable hypothesis. A validated corpus spanning diverse industries, company sizes,
and event types is the foundation for this extension.
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5.2.2 Source Calibration Not Applied

The current implementation defers the isotonic regression calibration specified in Chapter 3. As
a result, the absolute SDI magnitude rests on the controlled assumption that FinBERT’s signed
score distributions are comparable across source types. If the model’s baseline calibration
differs systematically between formal regulatory filings and informal social media text, some
observed divergence may reflect calibration artefacts rather than true sentiment disagreement.
Applying the specified calibration protocol on a held-out set provides the necessary extension
to test this assumption and strengthen future absolute SDI magnitude claims.

5.2.3 MC Dropout Uncertainty Estimates

The current implementation executes the Level 3 SDI formulation, incorporating instance-level
uncertainty estimation via MC Dropout (Section 4.4.3). The applied procedure uses N = 30

stochastic forward passes per document, yielding uncertainty estimates σi that range from
0.00796 (news article, 2 chunks) to 0.14021 (Reddit post, 1 chunk). Consistent with its in-
stitutional constraints, the SEC 8-K filing exhibits the lowest uncertainty (σi = 0.01445) across
its 16 chunks. The resulting Level 3 normalised SDI is 0.32323, which remains in the Par-
tial Disagreement zone. Because the current phase uses a fixed N , sensitivity analysis of this
parameter (N ∈ {10, 20, 30, 50}) is deferred to future work.

5.2.4 Keyword-Based Aspect Extraction

Aspect-specific sentiment in Phase 4 is extracted using keyword-based sentence filtering as
the primary reported MASD baseline. This approach has three principal limitations. First, it
misses implicit or indirect aspect mentions. Second, it produces false positives when keywords
appear in irrelevant contexts. Third, it cannot distinguish incidental aspect mentions from those
that drive the primary sentiment. Sentence-ID LLM aspect extraction was implemented as
an extractive MASD sensitivity audit for Tesla Q1 2024 and compared against the verified
keyword-based MASD baseline (Section 4.5.4), showing that semantic extractive selection can
materially change aspect rankings while preserving source-sentence grounding. Scaling this
implemented audit into a default sentence-ID or span-grounded LLM MASD pipeline across
events remains future work, including stronger instruction-following controls and validation
across source types.



CHAPTER 5. DISCUSSION AND CONCLUSION 84

5.2.5 Reddit Post Body Unavailability

In Phase 4, the Reddit corpus was constrained by restricted body-text availability during the
initial data collection. This sparsity resulted in zero Risk-relevant sentences and a Reddit
Management score derived from a single extracted sentence, rendering these specific aspect
estimates less robust than their news and SEC 8-K counterparts. Resolving this constraint by
persisting full post bodies at collection time is a direct structural extension. In the current eval-
uation, the Reddit Management score of +0.565 serves as an illustrative low-sample estimate,
and the resulting directional split should therefore be interpreted with appropriate caution.

5.2.6 Single-Publisher News Approximation

The current implementation represents the professional news source type exclusively through
Guardian coverage. Because different publishers may exhibit systematic framing differences,
expanding this single-publisher sample is necessary to measure within-news-type variation.
A multi-publisher corpus, incorporating sources such as Reuters, the Associated Press, and
the Financial Times, is the designated extension path. This expansion will provide a broader
sentiment estimate and enable direct within-source-type consistency analysis.

5.2.7 Benchmark Generalisability of Sentinel-LLaMA3

In the current implementation, Sentinel-LLaMA3 evaluation is scoped exclusively to FPB sub-
sets. Consequently, cross-benchmark evaluation on FiQA-SA, SEntFiN, and FinEntity remains
a necessary extension. This broader testing will determine whether the performance improve-
ments achieved on FPB generalise reliably to financial sentiment benchmarks that employ dif-
ferent annotation schemes, domain coverage, and class distributions.

5.2.8 Absence of Multi-Event Regression Evidence

The framework’s core falsifiable hypothesis posits that SDI is a statistically significant predictor
of short-term Abnormal Return Volatility (ARVol). Because a single-event case study cannot
provide statistical validation, testing this hypothesis is deferred to future work. Consequently,
the predictive value of SDI currently rests on theoretical motivation and established empirical
literature [15, 27]. Executing the nested regression framework (Chapter 3) across a multi-
event corpus remains the primary experimental step required to generate direct evidence for
this hypothesis.

Crucially, these scope boundaries are paired with specific extension paths and do not di-
minish the framework’s structural claims within its intended proof-of-concept parameters. The
concluding remarks assess these structural claims directly.
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5.3 Concluding Remarks

In this thesis, we presented Sentinel, an end-to-end framework for MSFSA that formalises,
computes, and decomposes cross-source sentiment disagreement. The framework’s primary
contributions span both disagreement measurement and aspect-level decomposition. First, the
SDI introduces a credibility-weighted, uncertainty-aware scalar measure of cross-source di-
vergence. Supported by a rigorous mathematical formulation and an O(n) algebraic closed
form, the SDI establishes a four-level methodological progression from unweighted to dynamic
credibility-aware computation. Second, the MASD framework decomposes document-level
disagreement into per-aspect divergence via the ADI, yielding a directional vector that consti-
tutes a multi-dimensional sentiment portrait of a financial event.

In its current evaluation, the implementation successfully executes SDI Levels 1 through
3. The Level 3 computation, incorporating MC Dropout uncertainty estimation, yields a nor-
malised SDI of 0.32323 (Section 4.4.3), placing the primary case study clearly within the Partial
Disagreement zone. The Level 4 dynamic weighting mechanism is deferred to future work.

Methodologically, Sentinel-LLaMA3-FPB75 demonstrates that QLoRA fine-tuning of an
open-weight 8B model can surpass the literature-reported GPT-4o mini zero-shot baseline on
the FPB 75% benchmark, achieving high performance while remaining locally deployable
and independent of proprietary APIs. This scoring capability is explicitly bounded to high-
agreement settings, as evidenced by material degradation on lower-agreement subsets.

Empirically, applying the full pipeline to the Tesla Q1 2024 event yields a Partial Disagree-
ment SDI of 0.35172. The resulting keyword-based directional ADI vector identifies Revenue
as the most contested aspect dimension. Management emerges as the sole aspect exhibiting a
potential directional split under the keyword baseline, though this specific vector requires future
validation against a higher-coverage Reddit text corpus and the extraction-method sensitivity
identified in the sentence-ID LLM audit.

Theoretically, these findings support a scoped structural interpretation: the observed cross-
source disagreement stems from institutional mandates and editorial framing rather than mere
social media noise. Professional news and regulatory filings are both credible sources de-
scribing the same event; they diverge because they operate under fundamentally different
communicative obligations. These findings caution against treating cross-source variation in
multi-source sentiment modelling solely as calibration noise or retail noise. Instead, sentiment
variation itself, when measured and decomposed explicitly, carries economically meaningful
information that warrants testing across a larger event corpus.

Our review of 36 studies identified a clear gap: no prior published work occupies the inter-
section of multi-source analysis, aspect-level sentiment decomposition, and formal divergence
measurement. Sentinel addresses this gap at a proof-of-concept scale through a mathematically
grounded, reproducible pipeline evaluated on real financial data. In doing so, the framework
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provides a methodological foundation for further financial NLP work to treat disagreement
structure as an analytical object. In this paradigm, the structure of disagreement, defining pre-
cisely which source types diverge on which aspects and in what direction, is elevated from a
preprocessing nuisance to primary empirical evidence.



Chapter 6

Future Work

This thesis presents Sentinel as a mathematically grounded framework for MSFSA. Having
evaluated the core analytical components in Chapter 5, including the SDI formulation, the
MASD protocol, and the Sentinel-LLaMA3 scoring engine, the framework is now ready for
broader empirical testing. The following research directions outline how these components can
be scaled from proof-of-concept case studies toward broader empirical validation.

6.1 Multi-Event Validation and Regression Design

With the mathematical formulation and single-event evaluation of the SDI now established, the
natural progression is to scale the framework for broader market analysis. The Tesla case study
demonstrates the metric’s computability by yielding a Level 2 normalised SDI of 0.35172. By
constructing a validated multi-event corpus, future research can establish a population-level
distribution for this metric. This empirical baseline would allow future studies to benchmark
corporate events and examine whether particular SDI levels are statistically unusual.

A practical future corpus should span approximately 200 to 500 company-event instances
drawn from at least three heterogeneous source channels per event. This dataset requires strat-
ification across event types, including earnings announcements, regulatory actions, executive
leadership changes, and material corporate transactions. Data collection can leverage the ex-
isting pipeline components: SEC EDGAR for regulatory filings, Arctic Shift for Reddit social
media, and multi-publisher professional news (Reuters, the Associated Press, the Financial
Times, and the Guardian). To guard against look-ahead contamination, the study must employ
a temporal holdout split, training on earlier events and evaluating on later ones.

The structured output records produced by this corpus will serve as the primary input for
testing the framework’s core falsifiable hypothesis: that the normalised SDI (SDIw,norm) serves
as a statistically significant predictor of short-term Abnormal Return Volatility (ARVol). This
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conjecture is theoretically grounded in the investor disagreement literature, particularly the
work of Miller [33], and in the empirical finding of Garcia [15] that sentiment divergence
predicts financial distress. The validation study follows a nested regression design. In the first
stage, ARVol is regressed on SDIw,norm alongside standard event-study covariates, including
event type, market capitalisation, and a volatility proxy such as the VIX. In the second stage,
the ADI component vector D⃗(c, t) is added as a block of additional predictors, enabling a test
of whether aspect-level divergence provides incremental explanatory power over the document-
level disagreement score.

Successful validation requires a statistically significant positive coefficient on SDIw,norm in
the first stage, followed by a significant incremental R2 from the ADI block in the second
stage. Notably, a null result in the first stage would be equally informative, indicating that
cross-source divergence is structurally descriptive rather than independently market-predictive.
Rooted in established empirical evidence [15, 27], the direct validation of this hypothesis aims
to produce an operational disagreement signal. If validated, this would move Sentinel beyond
descriptive analysis toward a predictive research instrument for event-driven risk analysis.

6.2 Dynamic Credibility Weighting

The Level 4 SDI formulation is specified in Chapter 3 and represents a natural extension of the
current framework. It addresses the primary limitation of static prior weighting: a universal
πτ value cannot distinguish between professional news outlets with varying editorial standards,
nor can it correct for a specific source exhibiting systematic bias on certain event types. To
resolve this, Level 4 introduces evasion scoring, historical track records, and market regime
awareness as dynamic credibility modifiers.

These three modifiers adapt the credibility weights to empirical source behaviour. Evasion
detection operationalises the evi component by measuring the deviation of a source’s current
sentiment from its historical baseline on comparable events; sources that systematically di-
verge receive elevated evasion penalties. Track-record computation leverages the multi-event
corpus (Section 6.1) to calculate the Pearson correlation between a source’s historical SDI con-
tributions and subsequent ARVol, scaling the credibility prior proportionally. Finally, regime-
switching detection applies separate adjustment curves for low, medium, and high market-
volatility states, capturing the empirical reality that credibility differentials often widen during
high-stress market periods.

The recommended prerequisite for full Level 4 implementation is a sensitivity analysis on
static πτ variation, isolating the baseline contribution of fixed priors before introducing dy-
namic complexity. A successful Level 4 deployment requires a statistically significant reduc-
tion in SDI prediction error during volatility regression relative to the Level 2 baseline. If
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successful, this extension would produce adaptive disagreement scores informed by historical
source behaviour rather than fixed expert-assigned priors.

6.3 Sentence-ID and Span-Grounded Aspect Extraction

The Tesla Q1 2024 sentence-ID LLM audit shows that MASD is sensitive to the evidence-
selection layer: Revenue remains most divergent under keyword filtering, while Risk becomes
more salient under semantic extractive selection. Future work should therefore scale this im-
plemented audit into the default MASD pipeline across events, using sentence-ID or span-
grounded LLM aspect extraction in place of keyword filtering. The extraction model should
select only source-grounded sentence IDs or explicit text spans, which are then mapped back
to original documents before sentiment scoring.

This extension must also improve instruction-following robustness. The audited sentence-
ID run preserved exact-source grounding after invalid IDs were discarded, but its format vio-
lations and invalid-ID outputs show that constrained decoding, schema validation, retry logic,
and conservative discard rules are necessary before production use. Validation should compare
keyword, sentence-ID, and span-grounded extraction across more events and source types, in-
cluding professional news, regulatory filings, Reddit, earnings calls, and analyst reports. The
goal is not to make ADI method-invariant, but to document how extraction choices affect as-
pect rankings and to select the most reliable evidence-selection protocol for future multi-event
studies.

6.4 Temporal Propagation Modelling

The current framework treats all documents within a five-day event window as temporally
simultaneous, compressing the ordered diffusion of sentiment signals across source types into
a single aggregated SDI score. This is a deliberate simplification. In reality, SEC filings,
earnings call transcripts, professional news articles, and social media posts arrive in a structured
sequence: regulatory disclosures typically precede formal news coverage, which subsequently
overlaps with peak social media response.

To capture this sequential dynamics, future work should model this diffusion as a directed
temporal graph. In this graph, nodes represent per-source sentiment time series and directed
edges represent statistically significant lead-lag relationships. The input is a rolling SDI com-
puted over sliding six-hour windows within the event period, generating time series from which
Granger causality tests can estimate directed propagation coefficients. To ensure validity, the
sensitivity of these coefficients to window size variations (from two to twenty-four hours) must
be evaluated as a core robustness check.
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The analytical goal of this temporal modelling is to establish whether institutional senti-
ment consistently leads retail sentiment across specific event types. A finding of consistent
institutional-to-retail Granger causality would empirically validate this propagation hypothe-
sis. Conversely, detecting event types where social media sentiment leads institutional cover-
age would identify critical scenarios where retail channels anticipate the formal news cycle.
The potential value of this extension is temporal interpretation: it could show whether institu-
tional disagreement tends to precede retail sentiment, or whether retail discussion sometimes
anticipates formal coverage.

6.5 Extended Data Source Coverage

To improve the external validity of the Sentinel framework, future work should expand the
current three-source inventory to include earnings call transcripts and sell-side analyst reports.
Earnings calls occupy a unique hybrid register: their legally reviewed opening remarks mirror
SEC filings, while their unscripted question-and-answer segments resemble professional news.
This allows the SDI to test for intra-source register variation. Conversely, analyst reports offer
forward-looking interpretations and explicit valuation targets, producing sentiment that closely
tracks market price formation. Acquiring these sources is feasible in principle; earnings calls
are accessible as 8-K exhibits via the existing edgartools pipeline, while analyst reports
are available through academic databases and commercial terminals (e.g., Bloomberg).

Incorporating these channels requires the empirical calibration of new credibility priors.
Earnings calls necessitate a prior reflecting their dual-register nature, while analyst reports
require a penalised prior to account for documented sell-side optimism bias. To validate this
five-source extension, future implementations must demonstrate a measurable increase in SDI
discriminative validity on high-controversy events, confirmed by a non-redundancy test ensur-
ing the new channels contribute mathematically independent signals.

6.6 Source-Type-Aware Fine-Tuning and Cross-Benchmark
Evaluation

Because Sentinel-LLaMA3 was fine-tuned exclusively on the FPB news corpus, its applica-
tion to SEC filings and Reddit posts exposes the pipeline to register-induced domain shift.
Regulatory text relies on liability hedging, while social media employs sarcasm and intensity
amplification; neither is represented in the FPB. To mitigate this, future work must develop
a source-type-aware fine-tuning regime. The simplest methodology conditions the instruction
prompt with a register prefix (e.g., [SOURCE: SEC FILING]). A more rigorous architec-
ture would employ source-specific QLoRA adapters, applied conditionally during inference to
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prevent cross-register gradient contamination. Both approaches require assembling a multi-
register training corpus.

To validate this register-aware engine, it must undergo cross-benchmark evaluation on FiQA-
SA, SEntFiN, and FinEntity to probe distinct generalisation axes. Success requires a consistent
macro F1 improvement across these benchmarks compared to the FPB-only baseline, alongside
reduced isotonic calibration error on held-out SEC and Reddit data. If successful, this would
support a scoring engine with more comparable sentiment outputs across source types, reducing
reliance on post-hoc calibration and strengthening the SDI computation.
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A.1 Aspect Keyword Lists

Keyword-based sentence filtering in Phase 4 aspect extraction used the lists reported in Ta-
ble A.1. Each sentence was assigned to an aspect when it contained at least one keyword
from the corresponding list, with matching performed case-insensitively. The same four lists
were used for both the Tesla Q1 2024 and AppLovin Q4/FY2025 case studies. For AppLovin,
the event-specific labels map directly to the shared lists: Financial Performance to Revenue,
AI Platform Growth to Management, Regulatory Data Risk to Risk, and Market Valuation to
Market.

Table A.1: Aspect keyword lists used for Phase 4 keyword-based sentence filtering.

Aspect Keywords

Revenue revenue, sales, income, earnings, profit, margin, growth, decline, miss, beat, forecast, guidance,
quarter, annual, fiscal

Mgmt. CEO, management, executive, leadership, board, director, governance, strategy, restructur, layoff,
workforce, travel, Musk, guidance, credibility, decision

Risk recall, crash, fatality, safety, NHTSA, regulation, legal, liability, lawsuit, penalty, investigation,
compliance, risk, hazard, audit

Market stock, share, price, market, valuation, surge, drop, rally, sell-off, trading, volume, investor,
capitalization, analyst

A.2 API Collection Details

This appendix documents the source-collection routes used for the primary Tesla Q1 2024 case
study. These details are reported to support reproducibility.

Guardian news. Five Guardian Open Platform articles matching the query term tesla were
retrieved within the 21–26 April 2024 event window. The retrieved fields included article body
text, headline, publication date, and URL. The retained items were ranked by relevance within
the collection route.

Reddit social media. Five Reddit posts were retrieved from the Arctic Shift Reddit archive
across finance-oriented subreddits using tesla or tsla as query terms. Candidate posts
were filtered to the 21–26 April 2024 window and ranked by upvote score. As noted in the
limitations, full post body text was not persisted for all Phase 4 aspect extraction inputs.

SEC EDGAR. The Tesla Q1 2024 Form 8-K was retrieved from SEC EDGAR using accession
number 0000950170-24-046895, filed on 23 April 2024. The filing was extracted with
edgartools and split into 16 chunks for FinBERT-compatible inference.
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Figure A.1: Tesla 8-K filing history via edgartools. The 23 April 2024 filing is the Q1 2024
earnings press release used in the primary case study (Table 3.6).

A.3 Extended Training Environment

This appendix documents the software and hardware environment used for Sentinel-LLaMA3-
FPB75 training. The values are reported as reproducibility metadata for the benchmark run and
should be treated as environment documentation rather than as additional experimental results.

Table A.2 summarises the extended Sentinel-LLaMA3-FPB75 training environment.

Table A.2: Extended training environment for Sentinel-LLaMA3-FPB75.

Item Recorded value

Hardware NVIDIA GeForce RTX 4090
CUDA availability true
PyTorch 2.6.0+cu124
Transformers 4.45.2
Datasets 2.18.0
PEFT 0.13.2
TRL 0.8.6
BitsAndBytes 0.49.2
Accelerate 0.34.2
Logging and saving logging every 10 steps; save strategy by epoch
Optimiser AdamW fused
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Figure A.2: Evaluation terminal output (n = 691). Confirms Table 4.10.

Figure A.3: Per-class metrics and partial confusion-matrix output. Confirms Table 4.16; the
complete confusion matrix is reported in Table 4.17.
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Figure A.4: Sentinel-LLaMA3-FPB75 training completion output.

A.4 AppLovin Secondary Case Study Supporting Outputs

The AppLovin Q4/FY2025 case study is reported in Chapter 4 as a secondary exploratory
validation. Tables A.3 and A.4 provide the corresponding source-aspect sentiment matrix and
ADI ranking for reproducibility. Chapter 4 discusses the derived findings rather than repeating
these raw supporting values.

Table A.3: AppLovin secondary case source-aspect matrix.

Aspect News Social SEC Coverage

Financial Performance 0.583331 0.197642 0.252661 3
AI Platform Growth -0.375277 -0.032940 0.202993 3
Regulatory Data Risk -0.207545 -0.160893 0.031234 3
Market Valuation 0.057798 -0.052535 -0.216937 3

Table A.4: AppLovin secondary case ADI ranking.

Aspect ADI

AI Platform Growth 0.056362
Financial Performance 0.029014
Market Valuation 0.012742
Regulatory Data Risk 0.010678
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A.5 Phase 3–4 Pipeline Execution Evidence

The following figures record the runtime output of the Phase 3 SDI and Phase 4 ADI computa-
tions on the Tesla Q1 2024 event corpus, confirming that the values in Tables 4.2, 4.3, and 4.7
were produced by executed code.

Figure A.5: Phase 5 notebook: Tesla Q1 2024 execution summary. Phase 2-4 scores confirm
Tables 4.2, 4.3, and 4.7.
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Figure A.6: Source behaviour profile. N/A confirms Section 3.9.5 coverage limitation. Priors
πτ correspond to Table 3.4.

Figure A.7: Phase 4 ADI terminal output for Tesla Q1 2024. The divergence vector corresponds
to Table 4.7 and Eq. (4.1).
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A.6 SDI Computation Worked Example

Figure A.8 summarises the SDI computation pipeline. As a worked example, consider a hypo-
thetical company-event instance with five sources: an SEC filing with s = +0.60 and π = 1.0,
an earnings call transcript with s = +0.70 and π = 0.9, news headlines with s = −0.20 and
π = 0.7, social media with s = −0.80 and π = 0.4, and an analyst report with s = +0.30 and
π = 0.8. With σi = 0 for all sources, corresponding to Level 2 computation, the weights are

Company-event
source bundle

Signed scores
si ∈ [−1,+1]

Credibility weights
w = {1.0, 0.9, 0.7,

0.4, 0.8}

Aggregate terms
W = 3.8
S1 = 1.01
S2 = 1.157
Z = 5.67

SDI result
SDIw = 0.772

SDIw,norm = 0.386
Partial Dis-
agreement

Interpretation
gate

SDIw,norm ≥
0.45?

MASD/ADI
decomposition

Downstream
regression input

Yes No

Figure A.8: SDI computation walkthrough using a hypothetical five-source company-event
instance. The diagram shows source scoring, credibility-weighted aggregation, SDI scoring,
and routing to either MASD/ADI decomposition or downstream regression input.

w = {1.0, 0.9, 0.7, 0.4, 0.8}.

The aggregated weighted statistics are

W = 1.0 + 0.9 + 0.7 + 0.4 + 0.8 = 3.8, (1)

S1 = 1.0(0.60) + 0.9(0.70) + 0.7(−0.20) + 0.4(−0.80) + 0.8(0.30)

= 0.60 + 0.63− 0.14− 0.32 + 0.24 = 1.01, (2)

S2 = 1.0(0.36) + 0.9(0.49) + 0.7(0.04) + 0.4(0.64) + 0.8(0.09)

= 0.36 + 0.441 + 0.028 + 0.256 + 0.072 = 1.157. (3)
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The pairwise normalisation term is

Z =
3.82 − (1.02 + 0.92 + 0.72 + 0.42 + 0.82)

2

=
14.44− (1.0 + 0.81 + 0.49 + 0.16 + 0.64)

2

=
14.44− 3.10

2
= 5.67. (4)

The credibility-weighted SDI is therefore

SDIw =

√
WS2 − S2

1

Z

=

√
3.8(1.157)− 1.012

5.67

≈
√

4.397− 1.020

5.67

≈
√

3.377

5.67

≈
√
0.596 ≈ 0.772. (5)

The normalised value is
SDIw,norm =

0.772

2
= 0.386.

0.00 0.25 0.45 1.000.386

Low Partial Threshold High

Figure A.9: Worked-example SDI interpretation scale: SDIw,norm = 0.386 < 0.45.



101

A.7 SDI Pipeline and Framework Design Diagrams

This section provides two supporting diagrams for the SDI worked example in Appendix A.6.

Figure A.10 traces the full SDI computation pipeline for the hypothetical AAPL Q1 2025
worked example. It illustrates the sequence of operations from initial multi-source event collec-
tion and per-source calibration, through credibility-weighted aggregation, to the final threshold
routing decisions and downstream MASD/ADI decomposition.

Figure A.11 maps the four theoretical design pillars of the Sentinel Framework: temporal
propagation, source credibility, audit-ready explainability, and conflict detection. By linking
these pillars to specific measurement approaches and the limitations of prior work, the diagram
provides the conceptual grounding for the computation architecture developed in Chapter 3.



Event Collection Calibration & Weighting SDI Output & Decision

Company-Event
Instance: e

Hypothetical Event
(AAPL Q1 2025)

t0 = announcement

SEC Filing
Collected: W (e)

sraw = +0.60

(Optional)
Earnings Call
Collected: W (e)

sraw = +0.70

News Headlines
Collected: W (e)

sraw = −0.20

Social Media
Collected: W (e)

sraw = −0.80

Analyst Report
Collected: W (e)

sraw = +0.30

Calibrate
ECE = 0.04 ✓

scal = +0.60 w = 1.0

Calibrate
ECE = 0.05 ✓

scal = +0.70 w = 0.9

Calibrate
ECE = 0.07 ✓

scal = −0.20 w = 0.7

Calibrate
ECE = 0.09 ✓

scal = −0.80 w = 0.4

Calibrate
ECE = 0.06 ✓

scal = +0.30 w = 0.8

Pairwise Aggregation

|P| = 10 unique pairs

Extreme examples:
(SEC, Social): 0.4×1.96 = 0.784
(Call, Social): 0.36×2.25 = 0.810
(News, Call): 0.63×0.81 = 0.510

SDI Result

SDIw(e) = 0.772

SDIw,norm(e) = 0.386

Partial Disagreement
Below conflict threshold

SDIw,norm
≥ 0.45?

MASD/ADI Triggered
Decompose to aspect-level

Which aspects drive conflict?

SDI → Regression
ARVole,t+1 = β0

+β1SDIw,norm + β2s̄ + γ⊤Xe

Yes No

Test H1: Does SDI pre-
dict post-event volatility?

β1 > 0 and p < 0.05 required for significance

Figure A.10: SDI computation and routing pipeline for the hypothetical AAPL Q1 2025 worked example.
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Figure A.11: Sentinel Framework conceptual structure: four design pillars with their analytical or regulatory grounding (dark branch)
and identified gaps from prior work (grey branch).
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A.8 Supplementary Implementation Evidence

This section provides supplementary computational evidence supporting the implemented
pipeline components described in Chapter 3 and evaluated in Chapter 4. The figures document
corpus loading outputs, inference configuration, and evaluation results as produced by the
implemented pipeline notebooks.

Figure A.12: Reddit post ranking output from Phase 2 social media collection: top-ranked
Tesla-related posts from finance-oriented subreddits within the April 21–26, 2024 event win-
dow, ranked by upvote score. Post topics (FSD licensing, TSLA 12% surge, META earnings
comparison, FSD transfer policy, short position) correspond to the five Reddit documents in
Table 4.6.
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Figure A.13: Phase 2 SEC collection Step 8 save output: the constructed DataFrame row for
the Tesla Q1 2024 Form 8-K. Accession number 0000950170-24-046895, sentiment label
neutral, and chunk count of 16 confirm the values cited in Appendix A.2 and Table 3.6.

Figure A.14: Phase 4 intermediate source-aspect sentiment matrix before ADI aggregation.
Per-source signed scores for all four aspect groups are shown alongside coverage fractions (3/3
for Revenue, Management, and Market; 2/3 for Risk). Values correspond to Table 4.7.
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Figure A.15: Phase 5 final evaluation summary notebook cell: per-document signed scores
for all 11 source documents alongside aspect labels, and a structured narrative summary of
key findings. Keyword-based Revenue ADI 0.199 (highest divergence) and the Management
directional split are highlighted in the output.
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