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Abstract

This study develops an ontology-based event-intelligence framework for FinTech merger-and-acquisition
evidence in U.S. Securities and Exchange Commission (SEC) structured disclosures. Five quarterly SEC
Financial Statement Data Sets from 202501 through 202601 contain 32,254 filings, 7,335 registrants, and
18,312,494 numerical XBRL facts, validation adds a 1,800-filing full-text Form 8-K sample and 192 FDIC
events. A deterministic ontology maps XBRL tag names, labels, and documentation to acquisition,
disposition, valuation, integration, risk, and payment concepts. The method is therefore LLM-inspired
semantic enrichment rather than direct LLM extraction. Logistic regression, decision tree, and random
forest classifiers are evaluated in three expanding forward-quarter tests with training-only preprocessing
and threshold selection. A proximal protocol retains semantically close predictors, whereas a strict
protocol excludes label-generating variables and deterministic descendants. Across the rolling tests,
proximal logistic-regression M&A detection attains mean F1 = 0.981941, ROC-AUC = 0.999517, and
average precision = 0.998315,; strict performance falls to F1 = 0.735640, ROC-AUC = 0.930870, and
average precision = 0.824107. FinTech M&A F1 declines from 0.921198 to 0.449503. Strict random
forests yield F1 = 0.798129 for integration risk and 0.753987 for valuation signals. In independent full
text, strict main-text-plus-exhibit F1 is 0.297482; among 24 automatically linked FDIC events in rolling
test quarters, 9 are detected. Near-perfect scores therefore describe ontology reconstruction, not
transaction-level accuracy.

Keywords: event intelligence; FinTech; mergers and acquisitions; ontology-based semantic enrichment;
SEC structured disclosures

I. INTRODUCTION

Mergers and acquisitions remain a central mechanism through which firms respond to
technological shocks, regulatory change, valuation cycles, and competitive pressure. Classic
research links merger activity to industry restructuring, capital liquidity, managerial incentives,
and valuation waves (Andrade et al., 2001; Harford, 2005; Malmendier & Tate, 2008; Rhodes-
Kropf et al., 2005). More recent market commentary has placed artificial intelligence, private-
equity exits, and capability acquisition among the forces shaping the 2025-2026 deal environment
(Morgan Stanley, 2026; PricewaterhouseCoopers, 2026). These forces are particularly relevant to
FinTech because financial institutions increasingly depend on payment infrastructure, lending
platforms, data and cloud services, cybersecurity, regulatory technology, and Al-enabled

operating capabilities.

The disclosure evidence for an M&A event is dispersed. Entry into a definitive agreement may
appear under Form 8-K Item 1.01, completion of an acquisition or disposition under Item 2.01,
and related financial statements or pro forma information under Item 9.01. Purchase accounting,

goodwill, acquired intangible assets, contingent consideration, restructuring costs, discontinued
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operations, and impairment can subsequently appear in Forms 10-K and 10-Q (Securities and
Exchange Commission [SEC], 2004, 2026b; SEC Investor.gov, 2021). An empirical design
restricted to structured Form 8-K observations would therefore omit much of the numerical
evidence and would be statistically weak in the SEC Financial Statement Data Sets, which contain
only 54 structured 8-K observations during the study period. The title and research claims
accordingly refer to SEC structured disclosures broadly, while treating 8-K filings as an important

current-report validation layer.

Large language models and domain-specific financial language models have expanded the range
of information that can be extracted from filings (Araci, 2019; Brown et al., 2020; Devlin et al.,
2019; S. Wuetal., 2023; Yang et al., 2023). Retrieval-augmented and evidence-grounded systems
further emphasize source attribution, numerical verification, and abstention when evidence is
insufficient (Lewis et al., 2020; Li et al., 2023, 2024; Q. Wu et al., 2023; Zhong et al., 2025). The
present study uses these ideas to define analyst-relevant semantic slots, but it does not run a
generative model over each filing. The extraction layer is a deterministic dictionary applied to
XBRL tag names, labels, and documentation. “LLM-inspired ontology-based semantic

enrichment” is therefore the precise description of the method.

The study asks four questions. First, how much M&A-relevant semantic evidence is available in
recent SEC structured disclosures? Second, how much predictive improvement remains when
variables used to construct the labels are excluded from model inputs? Third, does performance
persist across forward quarterly validation rather than one favorable split? Fourth, how well do
the structured signals align with independent full-text 8-K evidence and FDIC transaction
records? The contribution is not a claim that ontology-derived labels equal confirmed
transactions. Instead, it is a controlled assessment of how well auditable semantic features support

disclosure triage under progressively stricter validation.

The main empirical lesson is cautionary. Proximal models attain near-perfect discrimination
because predictors and labels occupy closely related semantic spaces. Once all label-generating
variables and their descendants are removed, performance remains useful for several tasks but
decreases substantially. This gap is itself an important result because it distinguishes semantic
recoverability from independent event prediction. It also motivates a practical architecture in
which structured signals rank filings for analyst review, full-text evidence explains the ranking,

and transaction databases provide external confirmation.

II. LITERATURE REVIEW

A. M&A event intelligence and financial disclosure
M&A research treats deal activity as the product of several related mechanisms rather than a

single observable state. Andrade et al. (2001) document the scale and industrial clustering of
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acquisitions; Harford (2005) links merger waves to economic shocks and liquidity; Rhodes-Kropf
et al. (2005) connect merger activity to valuation dispersion; and Betton et al. (2008) synthesize
evidence on takeover methods and outcomes. Malmendier and Tate (2008) show that managerial
beliefs can influence acquisition choices and market reactions. These findings motivate an event-
intelligence design that separates acquisition evidence, valuation signals, and post-deal

integration risk.

SEC filings provide several points along that event sequence. Form 8-K supplies timely legal and
current-report evidence, whereas periodic filings carry the accounting consequences of a
transaction. The unit of analysis in this study is therefore a filing, not a unique completed
transaction. Multiple filings may relate to one economic deal, and one periodic filing may
summarize several historical acquisitions. This distinction prevents filing-level classification
from being interpreted as a deal-count model and is consistent with adjacent work that separates

source documents from the economic events inferred from them (Zhao & Zhang, 2024).

B. Financial NLP and evidence-grounded enrichment
Transformer models established the technical basis for contextual language processing, while

BERT and GPT-style pretraining demonstrated broad transfer across downstream tasks (Brown
et al., 2020; Devlin et al., 2019; Vaswani et al., 2017). FinBERT, BloombergGPT, and FinGPT
show that financial vocabulary and document structure matter for domain performance (Araci,
2019; Liu et al., 2023; S. Wu et al., 2023; Yang et al., 2023). SEC-filing benchmarks likewise

stress entity alignment, period tracking, and numerical reasoning (Jiang et al., 2026).

Recent financial-language-model benchmarks and disclosure studies extend this evidence to
tabular reasoning, document-scale question answering, accounting narratives, and domain
adaptation (Bettencourt et al., 2026; Bhatia et al., 2024; Bochkay et al., 2023; Chalkidis et al.,
2022; Guo et al., 2023; Huang et al., 2023; Lee et al., 2024; Nie et al., 2024; Xie et al., 2024).
Together, they support task-specific financial evaluation rather than inferring performance from

a model’s general language capability.

For regulated financial analysis, model output must remain connected to source evidence.
Retrieval-augmented generation provides a general grounding architecture (Lewis et al., 2020),
and financial applications have extended that principle to SEC/XBRL verification, risk memos,
financial search, accounting disclosure review, and long-document due diligence (Chen et al.,
2025; Meng et al., 2026; Q. Wu et al., 2023; Zhang et al., 2023, 2025; Zhou et al., 2023, 2024,
2026). Evidence-consistency checks and calibrated abstention further treat unsupported claims as
model risk rather than a stylistic defect (Li et al., 2023, 2024; Zhong et al., 2025). These studies

support a constrained enrichment layer whose categories and source terms can be audited.

QTiﬂg


https://issn.brin.go.id/terbit/detail/20220817090639854
https://issn.brin.go.id/terbit/detail/20220817110629833
https://jtie.stekom.ac.id/index.php/jtie/index

LLM-inspired Ontology-based Semantic Enrichment ...

Recent work provides complementary tests for such evidence controls. RAG surveys and self-
reflective retrieval systems distinguish retrieval quality from generation quality, while RAGAs
and ARES make that separation explicit in evaluation (Asai et al., 2024; Es et al., 2024; Gao et
al., 2023; Saad-Falcon et al., 2024). Studies of parametric versus retrieved memory, hallucination
detection, and atomic factual precision likewise show why a source-grounded output should be
checked at the claim level (Ji et al., 2023; Mallen et al., 2023; Manakul et al., 2023; Min et al.,
2023). Financial benchmarks add numerical and domain constraints to the same problem (Chen
et al., 2022; Loukas et al., 2022; Lopez-Lira & Tang, 2023; Xie et al., 2023), while broad reviews
clarify that the term “large language model” denotes a learned generative architecture rather than
a deterministic dictionary (Zhao et al., 2023). This distinction directly motivates the terminology

used in the present study.

Graph-based, corrective, and long-context retrieval studies further show that retrieval can fail
through missing context, misplaced evidence, or unsupported synthesis even when the underlying
source is available (Edge et al., 2024; Huang et al., 2025; Jeong et al., 2024; N. F. Liu et al., 2023;
Tonmoy et al., 2024; Yan et al., 2024). The deterministic ontology avoids generated prose, but its

dictionary coverage and evidence boundaries still require the same discipline.

The ontology used here resembles an analyst prompt schema—acquisition, disposition, valuation,
integration, risk, and consideration cues—but replaces stochastic generation with deterministic
matching. This choice provides reproducibility and provenance, but it should not be presented as

an empirical test of an LLM. The method evaluates an LLM-inspired representational design.

Knowledge-graph research provides a useful conceptual bridge: controlled entities and relations
can organize domain evidence even when no generative model is involved (Ji et al., 2022; Peng
et al., 2023). Work connecting knowledge graphs with language models further supports explicit
schemas as interfaces between unstructured language and auditable domain concepts (Pan et al.,
2024). Accordingly, the ontology is treated as a versioned measurement instrument whose terms,

exclusions, and descendants must be documented.

C. Explainability, leakage, and temporal evaluation
Logistic regression, decision trees, and random forests provide familiar comparisons between

linear and nonlinear decision boundaries (Breiman, 2001; Pedregosa et al., 2011). Feature
importance and local explanation methods are useful when model outputs must be reviewed by
analysts (Lundberg & Lee, 2017; Ribeiro et al., 2016), while calibration and uncertainty analysis
are central to financial model governance (Jin et al., 2024). Explainability, however, does not
correct a circular target. If a label is computed from acquisition and disposition counts and those

same counts are used as features, excellent performance may simply reproduce the labeling rule.
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The present design addresses that problem with proximal and strict feature protocols. The
proximal protocol measures how efficiently semantic enrichment reconstructs an ontology-
defined target. The strict protocol measures how much predictive information remains after every
label-generating input and deterministic descendant is removed. Forward quarterly evaluation
further avoids random mixing of earlier and later disclosures. These safeguards make the resulting

scores interpretable, although they cannot substitute for broad independent transaction labels.

This design follows evidence that leakage can materially inflate machine-learning results and that
reproducible studies should report the complete split, preprocessing, and model-selection path
(Kapoor & Narayanan, 2023; Kapoor et al., 2024). Rolling-origin evaluation is particularly
appropriate when observations arrive chronologically and the data-generating process may shift
(Hewamalage et al., 2023; Petropoulos et al., 2022; Tashman, 2000; Wiles et al., 2022). The
analysis therefore reports precision, recall, and threshold-dependent error patterns rather than
relying on a single aggregate metric (Hicks et al., 2022), retains dataset provenance (Pushkarna
et al., 2022), and treats ontology labels as potentially noisy measurements (Song et al., 2023).
Explainability is used to support review, not to validate a circular target (Biicker et al., 2022;

Dwivedi et al., 2023; Longo et al., 2024; Molnar, 2022; Rudin et al., 2022).

Complementary recommendations on statistical comparison, forecasting evaluation,
hyperparameter disclosure, and quantitative explainability motivate the reported fold ranges,
sensitivity specifications, confidence intervals, and error taxonomy (Ali et al., 2023; Benidis et
al., 2023; Bischl et al., 2023; Januschowski et al., 2022; Nauta et al., 2023; Rainio et al., 2024;
Saeed & Omlin, 2023).

D. A narrower FinTech taxonomy
Sector codes alone are too broad for FinTech analysis because “financial services” includes firms

without a technology-centered business model and “technology/telecom” includes firms with no
financial function. The study therefore uses the product-level taxonomy in Table 2: payments,
digital lending, insurtech, regtech, wealthtech and capital-markets technology, crypto
infrastructure, digital-banking infrastructure, Al/data-enabled financial services, and a residual
Other FinTech class. A firm must have a finance-function cue and a technology-enabled product
or infrastructure cue; generic references to software, cloud, data, or telecommunications are
insufficient by themselves. The taxonomy remains rule based, but it is more precise than treating

entire SIC families as FinTech.

The boundary rule is consistent with research that defines FinTech through technology-enabled
financial functions rather than firm-wide industry labels (Arner et al., 2016; Chen et al., 2019;
Feyen et al., 2022; Gomber et al., 2017; Thakor, 2020). More specialized evidence supports
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separate treatment of open-banking entrants, digital credit, lending discrimination, digital
payments, and supervisory categories (Babina et al., 2025; Bartlett et al., 2022; Basel Committee
on Banking Supervision, 2024; Cornelli et al., 2023; Demirgiic-Kunt et al., 2022). These

distinctions make the taxonomy narrower but more defensible for sector-specific analysis.

Evidence on FinTech performance and stability also supports separating technology-enabled

financial activities from conventional finance and general technology firms (Daud et al., 2022).

III. RESEARCH METHOD

A. Data sources and analytical units
The primary source is the SEC Financial Statement Data Set for each quarter from 2025Q1

through 2026Q1. Each quarterly package contains submission metadata (sub.txt), numerical facts
(num.txt), tag definitions (tag.txt), and presentation relationships (pre.txt) (SEC, 2026a). The
analysis joins sub.txt, num.txt, and tag.txt by accession number, retains the filing form recorded
in the submission file, and aggregates numerical facts to the filing level. As Table 1 shows, the
five packages contain 32,254 filings, 7,335 unique registrants, and 18,312,494 numerical facts.
Although the panel contains only 54 structured Form 8-K observations, the periodic filings
provide the purchase-accounting and integration evidence that follows current reports. The same
table distinguishes these structured records from the 83,530 unique full-text 8-K accessions, the
1,464 Item 2.01 screening universe, the 1,800-document modeling sample, and the 192 FDIC

events.

Full-text processing follows the current Form 8-K item structure, including the relationship
among Items 1.01, 2.01, and 9.01 and their exhibits (SEC, 2023). XBRL taxonomy releases are
versioned by filing year, so tag normalization records the applicable taxonomy and original tag
text rather than assuming a fixed vocabulary (SEC, 2025a, 2025d). Filing documents and
submission metadata are obtained through SEC developer resources and EDGAR interfaces
(SEC, 2025b, 2025¢). This separation matters because financial dictionaries and corporate-filing
classifiers can be sensitive to domain-specific wording and document context (Li, 2010; Loughran

& McDonald, 2011, 2016).

Table 1. Quarterly coverage of the three empirical data layers.

Quarter Structured Numerical Structured Unique Item 2.01 Text sample  FDIC events
filings XBRL facts 8-K EDGAR 8-K screen
accessions
2025Q1 6,231 3,658,551 6 16,745 238 360 24
2025Q2 7,009 3,409,930 14 18,635 256 360 39
2025Q3 6,541 3,720,081 13 16,154 321 360 39
2025Q4 6,304 3,832,977 11 16,029 322 360 36
2026Q1 6,169 3,690,955 10 15,967 327 360 54
Total 32,254 18,312,494 54 83,530 1,464 1,800 192
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Two supplementary sources provide evidence independent of the numerical XBRL ontology.
First, quarterly SEC master indexes identify a stratified full-text sample of 1,800 Form 8-K filings.
Filing documents are parsed for Items 1.01, 2.01, and 9.01 and for acquisition, merger,
disposition, and exhibit language. These text indicators are not constructed from the XBRL
semantic counts. Second, the FDIC merger-and-acquisition file contributes 192 bank-transaction
records dated from 2025Q1 through 2026Q1. The FDIC source supplies transaction-level event

evidence, although its scope is limited to insured depository institutions.

Bank transaction records are drawn from the FDIC BankFind structure-change interface and its
bulk-data service, with FFIEC relationship and transformation data used as a complementary
reference for name and organizational changes (Federal Deposit Insurance Corporation, 2026a,
2026b; Federal Financial Institutions Examination Council, 2026). These records remain outside

model training and threshold selection.

B. FinTech taxonomy and semantic ontology
Table 2 gives the operational FinTech taxonomy. Classification is multi-label at the taxonomy

stage and binary only when the modeling target is formed. Exact word boundaries, normalized
names, and context terms are used to avoid substring matches. A technology cue must co-occur
with a financial-function cue unless the term is intrinsically FinTech-specific, such as “payment
processor” or “insurtech.” This change prevents general technology, telecommunications, and

conventional financial-services firms from being included solely because of a broad SIC family.

Table 2. Product-level FinTech taxonomy and observed full-text classifications.

Category Included activities Ilustrative qualifying cues Observed
n

Payments Merchant acquiring, card processing, wallets,  payment processor, merchant acquiring, 39
transfers, settlement digital wallet, remittance

Digital lending  Digital origination, underwriting, servicing, digital lending, loan platform, underwriting 21
embedded credit technology, buy-now-pay-later

InsurTech Digital distribution, policy administration, insurtech, digital insurance, claims platform, 3
claims technology policy software

RegTech Compliance, identity, monitoring, reporting, KYC, AML technology, compliance platform, 0
fraud controls fraud analytics

WealthTech/ca  Brokerage platforms, portfolio tools, market robo-advice, trading platform, portfolio 1

pital-markets infrastructure technology

technology

Crypto Custody, exchange, settlement, tokenization digital-asset custody, crypto exchange, 16

infrastructure infrastructure blockchain settlement

Digital- Core banking, banking-as-a-service, account core banking platform, BaaS, digital banking 0

banking infrastructure infrastructure

infrastructure

Al/data- Al or data products whose primary function is Al underwriting, financial-risk analytics, 0

enabled financial banking data platform

financial

services

Other FinTech ~ Qualifying finance-function and technology context-qualified residual cases 6
cues outside named classes

Not FinTech No qualifying product-level combination generic finance, software, cloud, data, or 1,714

telecom cues alone
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The XBRL ontology in Table 3 is applied to normalized tag names, tag labels, and tag
documentation. For each category, the parser records fact counts, unique-tag counts, and absolute
monetary intensity where units permit. The dictionary uses exact tokens and controlled multiword
expressions; matches are case insensitive after punctuation and camel-case normalization.
Negation and exclusion lists remove common false matches. Dictionary version, matched source

field, tag, accession number, and category are retained for traceability.

Table 3. Ontology dictionary and filing-level feature formulas.

Category Core dictionary concepts Filing-level features

Acquisition (A)  business combination, acquisition, acquired, acquirer, fact count, unique-tag count, absolute
purchase of business monetary sum

Disposition (D)  disposition, divestiture, disposal group, sale of business, fact count, unique-tag count, absolute
held for sale, discontinued operation monetary sum

Valuation (V) consideration transferred, fair value, purchase price, fact count, unique-tag count, absolute
contingent consideration, bargain purchase monetary sum

Integration (I) goodwill, acquired intangible, customer relationship, fact count, unique-tag count, goodwill-plus-
developed technology, restructuring, synergy intangibles ratio

Risk (R) impairment, contingent liability, litigation, regulatory, fact count, unique-tag count, risk intensity
covenant, credit loss, material weakness, going concern

Cash cash paid, cash consideration, cash acquired, net cash binary cue and count

consideration outflow

Stock shares issued, common stock consideration, equity binary cue and count

consideration consideration

Debt notes issued, debt assumed, borrowing for acquisition binary cue and count

consideration

C. Filing-level preprocessing and feature construction
Duplicate accession numbers are removed before aggregation. For each accession number, the

pipeline computes the number of numeric facts, unique tags, monetary facts, segmented facts,
nonmissing values, total absolute numerical intensity, and maximum absolute value. Canonical
financial concepts include assets, liabilities, equity, revenue, net income, operating income, cash,
goodwill, intangible assets, acquisition cash paid, and business-combination consideration.
Derived ratios are leverage, cash-to-assets, profit margin, and goodwill-plus-intangible-assets-to-
assets. Ratios are winsorized at the training-period 1st and 99th percentiles; nonpositive-skewed

intensity variables use log1p(abs(x)).

Categorical variables are one-hot encoded with unknown holdout levels ignored. Numerical
variables are median-imputed using training data. Logistic regression receives standardized
numerical variables; tree models receive the same imputed values without scaling. Every
preprocessing operator is fitted within the training window and then applied unchanged to the
next quarter, following the separation of retrieval, computation, and reporting advocated in

numerical-reasoning guardrail studies (Li et al., 2026; Q. Wu et al., 2023).

D. Labels, circularity controls, and model specifications
For filing i, the M&A semantic intensity use eq. (1) below.

SiMA = Ai + Di + 050V1 + 07511 (1)
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The training-period upper quartile of this score defines the principal structured M&A label; a
structured 8-K also qualifies when its score exceeds the training-period 8-K median. FinTech
M&A requires both the M&A label and a qualifying category from Table 2. Integration-risk-high
combines risk intensity, segment complexity, and goodwill/intangible intensity. Valuation-signal-
high uses the training-period median of M&A-related monetary intensity. Table 5 reports

definitions and full-panel prevalence.

The proximal feature protocol excludes the outcome, the final composite score, threshold
indicators, and post-label variables but retains lower-level semantic measurements. It measures
semantic reconstruction. The strict protocol additionally removes every component entering the
label formula, all deterministic transformations of those components, and task-specific identity
fields. Thus, strict M&A models exclude acquisition, disposition, valuation, and integration
counts and descendants; strict FinTech models also exclude taxonomy flags, name cues, and broad
sector proxies; strict integration-risk models exclude risk counts, segment-complexity variables,
and goodwill/intangible measures; and strict valuation models exclude M&A monetary-intensity

variables. The 2026Q1 performance under this protocol is the principal robustness result.

Table 4 presents the complete workflow and fixed model settings. Threshold selection uses only
training observations: predicted probabilities are evaluated over the training precision-recall
thresholds, the threshold maximizing F1 is selected, and that value is frozen for the next-quarter
test. Confidence intervals use 2,000 filing-level bootstrap resamples with random seed 42. Models

and preprocessing use scikit-learn (Pedregosa et al., 2011).

The governance logic is proportionate to a decision-support model: documentation, provenance,
human review, and monitoring remain necessary even when the classifier is not a generative
system. This approach is consistent with recent Al risk-management standards and financial-
stability assessments (Autio et al., 2024; Financial Stability Board, 2024, 2025; International
Monetary Fund, 2024; International Organization for Standardization, 2023; Tabassi, 2023).

Table 4. Reproducible workflow and fixed modeling configuration.

Stage Specification

1. Join and deduplicate Join submission, numerical fact, and tag files by accession number; keep one filing record per
accession

2. Aggregate Compute generic counts, canonical financial concepts, ratios, and ontology-category features

3. Split Use only earlier quarters for preprocessing, label thresholds, model fitting, and decision-
threshold selection

4. Preprocess Median numerical imputation; one-hot categorical encoding with unknown levels ignored;
training-only winsorization; scaling for logistic regression

5. Logistic regression class weight="balanced', max_iter=2000, random_state=42; remaining scikit-learn settings at
defaults

6. Decision tree class weight="balanced', random_state=42; remaining scikit-learn settings at defaults

7. Random forest n_estimators=300, class_weight='balanced subsample', n_jobs=-1, random_state=42; remaining
settings at defaults

8. Decision threshold Training probability threshold that maximizes F1, then held fixed for the forward quarter

9. Metrics Accuracy, precision, recall, F1, ROC-AUC, average precision, and false-positive/false-negative
inspection

10. Uncertainty 2,000 filing-level bootstrap resamples, seed 42, percentile 95% confidence interval
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Table 5. Outcome definitions and full-panel prevalence.

Outcome Operational definition Positive Prevalence
filings

M&A event Upper-quartile training M&A intensity, plus high-intensity structured 8,601 26.67%
8-K rule

FinTech M&A event ~ M&A event and qualifying FinTech taxonomy category 4,380 13.58%

Integration-risk-high ~ M&A event with training-defined high risk, segment-complexity, and 6,302 19.54%
goodwill/intangible intensity

Valuation-signal- M&A event at or above the training median of M&A monetary 4,410 13.67%

high intensity

E. Temporal, text, and transaction validation
The primary split trains on 2025Q1-2025Q4 and tests on 2026Q1. To determine whether the

result depends on that quarter, Table 6 defines three expanding-window tests beginning with
2025Q3. Each fold repeats preprocessing, label-threshold estimation, model fitting, and decision-
threshold selection using only earlier quarters. The reported rolling means therefore summarize

three genuinely forward tests rather than repeated random partitions.

Table 6. Expanding-window rolling-quarter validation design.

Training window Training Forward test quarter Test filings Role
filings
2025Q1-2025Q2 13,240 2025Q3 6,541 Rolling validation

2025Q1-2025Q3 19,781
2025Q1-2025Q4 26,085

2025Q4 6,304
202601 6,169

Rolling validation
Primary holdout

The full-text layer starts from 85,456 quarterly master-index rows. Removing 1,926 co-registrant
duplicate rows leaves 83,530 unique accessions. An SEC full-text search identifies 1,464 Item
2.01 candidates. The 1,800-document sample contains 360 accessions per quarter, stratified as
120 screen-positive and 240 screen-negative records. Parsing identifies 120, 120, 121, 120, and
120 Item 2.01 filings across the five quarters. Models are evaluated over the same three forward
quarters. A structure-only baseline uses filing metadata; a strict main-text model removes direct
label terms; a strict main-text-plus-exhibit model adds exhibit-derived features while still
excluding label-generating fields; and a full direct-feature model retains the direct Item 2.01 cues

as a reconstruction ceiling.

FDIC event linkage normalizes organization names and searches filing dates from seven days
before through ten days after the event date. Candidate links must attain name similarity of at
least 0.64 and are then deduplicated by event and accession. This procedure is evaluated only as
conditional positive-case sensitivity: because linkage candidates begin with Item 2.01 filings, it

cannot estimate specificity or recall over every FDIC event.

Figure 1 summarizes the data boundaries. Structured filings support model development, full-text
8-K documents support event-language validation, and FDIC records support limited transaction-
level validation. The three sources are connected only through explicit accession, issuer-name,

and date fields; no external validation label is used to train the structured models.
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independent evidence is not used to construct XBRL ontology labels.

Figure 1. Data boundaries and validation workflow for structured-disclosure M&A intelligence.
IV. RESULTS AND DISCUSSION

A. Coverage and target difficulty
Table 1 shows that quarterly filing counts range from 6,169 to 7,009 and that the panel contains

between 3.41 million and 3.83 million numerical facts per quarter. The form composition is
dominated by 10-K and 10-Q disclosures, so the empirical claim is appropriately framed as
structured-disclosure intelligence rather than an 8-K-only study. The 54 structured 8-K
observations serve as current-report anchors, whereas the 1,800-record text sample provides

substantially broader 8-K coverage.

Table 2 narrows the FinTech construct. General financial services and technology/telecom firms
no longer qualify by sector alone. This makes FinTech M&A a more difficult target than in the
broad sector definition, which helps explain its lower strict-protocol performance. Table 3 and
Table 5 also show why the four tasks differ. M&A and FinTech labels are categorical triage
outcomes, while integration and valuation targets summarize downstream accounting intensity.
These labels identify filing characteristics; they do not establish transaction completion, deal

value, or realized integration failure.

B. Circularity sensitivity in M&A detection
Table 7 reports rolling results for the structured-disclosure proxy tasks. With semantically

proximal features, logistic regression attains mean M&A F1 = 0.981941 across the three forward
quarters, with fold values from 0.969419 to 0.989523, ROC-AUC = 0.999517, and average
precision = 0.998315. These values show that the ontology representation can reconstruct the

ontology-derived target with very little error.

When every label-generating variable and deterministic descendant is excluded, mean M&A F1

decreases to 0.735640, with fold values from 0.684843 to 0.793901, ROC-AUC = 0.930870, and
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average precision = 0.824107. The decline of 0.246301 F1 points is large and confirms that the
proximal score cannot be interpreted as independent event-detection accuracy. FinTech M&A
shows an even larger decline, from 0.921198 to 0.449503. The strict ROC-AUC remains high
because it evaluates ranking, but the much lower average precision of 0.329455 reflects the

difficulty of identifying the narrower positive class.

Table 7. Rolling-quarter performance for ontology-derived structured-disclosure proxies.

Task and protocol Model Mean F1 Fold F1 95% F1 CI ROC- Average
range AUC precision
M&A, proximal Logistic 0.981941 0.969419— 0.979047— 0.999517 0.998315
regression 0.989523 0.985087
M&A, strict Logistic 0.735640 0.684843— 0.721396— 0.930870 0.824107
regression 0.793901 0.747839
FinTech M&A, proximal Random forest 0.921198 0.911392— 0.868125— 0.999705 0.974852
0.926829 0.958650
FinTech M&A, strict Random forest 0.449503 0.430380— 0.327533— 0.964652 0.329455
0.473684 0.563318
Integration risk, strict Random forest 0.798129 0.775777- 0.781688— — —
0.826134 0.812352
Valuation signal, strict Random forest 0.753987 0.665526— 0.735065— — —
0.832195 0.773487

Figure 2 visualizes the proximal-to-strict F1 change for M&A and FinTech M&A. The much
larger FinTech gap shows that ontology proximity and the original broad sector definition
contributed strongly to the easier task. Integration-risk and valuation-signal scores are shown only

under strict exclusion because those are the defensible operational estimates.
s Proximal mmm Strict

0.982

1.0 -
0.921

Score

M&A event FinTech M&A
Figure 2. Proximal and strict rolling F1 for M&A and FinTech M&A proxy tasks.

C. Independent full-text Form 8-K validation
The 1,800-document text sample provides an independent evidence channel because its labels and

fields are parsed from current-report items and exhibits rather than XBRL ontology counts. Table
8 shows that a structure-only decision tree reaches mean F1 = 0.217835. A strict main-text
decision tree improves to 0.309927. Adding exhibit features under strict exclusion yields random-

forest F1 = 0.297482, ROC-AUC = 0.873899, and average precision = 0.320178. The slight F1
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decline indicates that exhibits add ranking information without automatically improving the

fixed-threshold decision.

When direct Item 2.01 terms and their descendants are retained, the main-text-plus-exhibit
random forest reaches F1 = 0.700555. As in the structured layer, this is a reconstruction ceiling
rather than an independent estimate. The strict main-text-plus-exhibit model has precision =0.314
and recall = 0.403, compared with precision = 0.612 and recall = 0.835 for the direct-feature
model. These lower strict values are more plausible for a short, heterogeneous filing sample and

reinforce the need for analyst confirmation.

Table 8. Population-weighted rolling performance for independent Item 2.01 classification.

Feature protocol Model Mean F1 Fold F1 95% F1 ROC- Average Prior-
range CI AUC precision  unseen F1
Structure baseline Decision tree 0.217835 0.137— 0.168— 0.756 0.117 0.273
0.301 0.287
Strict main text Decision tree 0.309927 0.277- 0.257- 0.818 0.149 0.362
0.373 0.404
Strict main text plus Random 0.297482 0.268— 0.246— 0.874 0.320 0.332
exhibits forest 0.354 0.367
Full direct main text plus Random 0.700555 0.568— 0.598— 0.963 0.788 0.735
exhibits forest 0.793 0.826

Figure 3 shows each rolling mean together with its observed fold range. The intervals make the
instability of the small positive class visible and discourage interpretation of any single-quarter

score as a stable deployment guarantee.

Structure baseline - X 0.218
Strict main text - =@ (0.310
Strict main + exhibits - =@ 0.297
Full directen;ﬁiigit: 4 Y 0.701
010 012 Of4 0:6 U.IB 1.I0

Population-weighted rolling F1
Figure 3. Rolling Item 2.01 F1 means and observed fold ranges.

D. Rolling-quarter and threshold sensitivity
The expanding windows in Table 6 require each transformation and threshold to be re-estimated

without access to the forward quarter. The ordering of the models and the direction of the
proximal-to-strict decline remain consistent across the three tests, while the absolute values vary

as the training history expands. This pattern indicates that semantic proximity, rather than a single

(UTiE
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2026Q1 anomaly, explains the highest scores. Three forward tests remain too few for a long-run

stability claim.

Threshold sensitivity also affects operational conclusions. Lower thresholds increase recall and
false positives, which may be acceptable for broad deal sourcing; higher thresholds increase
precision but miss filings in which acquisition evidence is diffuse or appears mainly in exhibits.
The frozen training-optimal threshold in the primary results is therefore a reproducible

comparison point, not a universally optimal deployment policy.

Eighteen strict structured-label specifications vary the training quantile (70th, 75th, or 80th
percentile), three score-weight systems, and whether the 8-K override is active. Their logistic-
regression F1 scores range from 0.595997 to 0.759418 while mean positive prevalence ranges
from 0.1730 to 0.2865. The conclusion therefore does not depend on one cutoff, although the
operational class balance changes materially. In the text layer, broadening the target from strict
Item 2.01 to Items 1.01 or 2.01 increases strict main-text-plus-exhibit F1 from 0.297482 to 0.396.
This gain reflects an easier, broader event definition rather than better recognition of completed

transactions.

E. False-positive and false-negative analysis
Strict-model errors were reviewed against the retained filing metadata, nonexcluded accounting

variables, and the independent 8-K text indicators. Table 9 summarizes the observed mechanisms.
False positives often arise when historical acquisition accounting remains prominent after the
legal event—for example, goodwill, discontinued operations, or restructuring disclosures in a
periodic report. These filings contain genuine M&A-related evidence but may not correspond to

a new transaction in the test quarter.

Table 9. Error mechanisms observed in strict-protocol review.

Error Filing pattern Why the structured model can fail Operational response
direction
False Historical purchase accounting Persistent goodwill, intangibles, or Label as post-deal accounting
positive in 10-K/10-Q contingent consideration resembles a evidence and inspect event date
current event
False Discontinued-operation or held-  Portfolio changes resemble completed Check Item 2.01 and transaction
positive for-sale accounting acquisition/disposition evidence status
False Restructuring or impairment Integration-risk signals may arise from  Separate event detection from risk
positive without a new deal older transactions or non-M&A stress monitoring
False Material terms concentrated in Numerical XBRL facts are sparse at Retrieve Items 1.01/2.01/9.01 and
negative an exhibit signing or closing exhibits
False Amendment or abbreviated The amendment may omit context Link amendments to the original
negative current report present in the original filing accession sequence
False FinTech activity outside the Narrow rules favor precision and Route borderline taxonomy cases
negative controlled taxonomy exclude ambiguous platform firms for analyst review

False negatives arise when decisive information is concentrated in an exhibit, when the filing has
few numerical M&A concepts, when an amendment supplies only a subset of the original
disclosure, or when a FinTech company falls outside the explicit taxonomy. This error structure

is operationally meaningful. Some apparent false positives are useful for integration monitoring
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even if they are not new deals, while false negatives support adding full-text exhibit retrieval. For
deployment, model output should therefore be treated as a ranked review queue with an evidence

reason, not an autonomous binary transaction decision.

F. Full-text and external transaction validation
Table 10 reports the FDIC linkage audit. Name/date matching produces 58 candidate events and

101 candidate filing links. Automatic deduplication retains 39 events, 55 links, and 54 unique
accessions. Twenty-four linked events occur in the three rolling test quarters; 9 are detected and
15 are missed, giving conditional positive-case sensitivity of 0.375 with an exact 95% confidence

interval of 0.188-0.594. Figure 4 displays the detected and missed counts.

Table 10. FDIC-to-8-K linkage and external positive-case validation.

Linkage Rule or scope Events Filing links or accessions Result
stage
Candidate Name similarity > 0.64; filing date 58 101 links Candidate set
generation =7/+10 days
Automatic Deduplicated event-accession matches 39 55 links; 54 unique accessions  Linked positive
linkage cases
Rolling test Linked events in 2025Q3, 2025Q4, 24 — Conditional
subset and 2026Q1 evaluation set
Detected Positive under the tested filing model 9 — Conditional recall =
0.375
Missed Not detected under the tested filing 15 — Exact 95% CI for
model recall = 0.188-0.594
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Figure 4. Detected and missed FDIC-linked events in the rolling test quarters.

The FDIC comparison is stronger than an ontology-only check because the events originate
outside the SEC feature-construction process, but its conditional design must be stated precisely.
All linked filings contain Item 2.01 evidence, and candidate linkage begins with that filing set.
The result therefore cannot estimate specificity or coverage of all 192 FDIC events. It also cannot
validate nonbank FinTech, technology vendors, private targets outside FDIC coverage, valuation
intensity, or realized integration outcomes. Name normalization and bounded date windows

reduce timing and entity mismatch but do not eliminate it.
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G. Practical implications and limitations
The results suggest a staged workflow for corporate development, banking, private equity, and

regulatory analysis. A strict model first ranks new structured disclosures; a retrieval layer then
attaches exact XBRL tags and relevant 8-K passages; an analyst confirms transaction stage,
parties, consideration, and risk; and an external transaction source reconciles confirmed events.
Evidence cards and dashboards can expose these sources more effectively than a free-form model
explanation (Li et al., 2025; Zhang et al., 2025). Rationale and consideration cues may also
support financial-search reranking, provided that evidence provenance is retained (Meng et al.,

2026; Su et al., 2025).

Five limitations bound the findings. First, the outcome labels remain ontology derived. Strict
exclusion reduces direct circularity but does not make the labels independent of the underlying
disclosure process. Second, the 1,800-filing full-text sample covers only part of the 83,530-
accession universe and cannot reliably recover every scanned exhibit, image, or embedded table;
material agreements may therefore remain unobserved. Third, the FDIC check is bank-only and
conditional on successful Item 2.01 linkage, so it provides neither specificity nor all-event
coverage. Fourth, five quarters and three forward tests provide limited evidence about recession,
regulatory change, taxonomy drift, or longer M&A cycles. Fifth, the method is deterministic
ontology enrichment, not direct LLM extraction, and no manually annotated market-wide gold
standard is available. Future work can compare this auditable baseline with a prompt-based or

fine-tuned financial language model using the same independently annotated filings.

These limitations also guide interpretation of the high proximal scores. F1 near 0.98 shows that
the model can reproduce an ontology-derived filing state from semantically close variables. It
does not show 98% accuracy on unique real-world transactions, deal rationales, valuation
judgments, or integration outcomes. The strict and external-validation results provide the more

defensible basis for claims about generalization.

V. CONCLUSION
This study presents an LLM-inspired ontology-based framework for FinTech M&A intelligence

across SEC structured disclosures. The broader title reflects the actual empirical design: the
principal panel is dominated by Forms 10-K and 10-Q, while Form 8-K supplies a current-report
and full-text validation layer. The method converts XBRL tags into auditable acquisition,
disposition, valuation, integration, risk, and consideration features and applies a narrower

product-level FinTech taxonomy.

The circularity analysis changes the interpretation of the near-perfect proximal results. M&A F1

declines from 0.981941 under proximal semantic features to 0.735640 under strict exclusion, and
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FinTech M&A F1 declines from 0.921198 to 0.449503. Strict integration-risk and valuation-

signal models attain F1 values 0of 0.798129 and 0.753987. These values support filing-level triage,
particularly for integration and valuation evidence, but they do not justify autonomous transaction

classification.

The combination of rolling-quarter evaluation, error analysis, sampled full-text 8-K review, and
192 FDIC transactions provides a more credible validation structure than a single ontology-based
holdout. The strict full-text model reaches mean F1 = 0.297482, and the FDIC audit detects 9 of
24 automatically linked rolling-test events, so external evidence is materially less favorable than
the ontology-proximal scores. Broader manually annotated filings, exhaustive exhibit retrieval,
nonbank transaction data, and longer temporal coverage are required before the system can be
described as a general M&A event detector. The most appropriate near-term use is evidence-
linked prioritization: identify filings that deserve attention, show why they were ranked, and

preserve human review for transaction confirmation and economic interpretation.
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