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Abstract. Form 8-K is a timely public channel through which U.S. registrants disclose material events, 

including acquisition agreements, completed transactions, shareholder communications, and related 

exhibits. The density of this filing stream creates a visual communication problem: analysts need to identify 

source-linked deal cues without losing the legal and temporal provenance of each record. This study 

presents a source-grounded deal-card workflow for FinTech M&A filing triage. The analysis used the 

official SEC quarterly master indexes and included 16,439 Form 8-K and 8-K/A filings in Q4 2025, together 

with 276,261 contextual records in the complete Q4 index. Symmetric companion-form windows were 

protected against quarter-boundary truncation with the last 14 days of Q3 2025 and the first 14 days of Q1 

2026. A seven-day window identified 222 rule-defined FinTech M&A targets across 94 company names, or 

1.35% of the Q4 corpus. In five-fold cross-validation grouped by CIK, text-only logistic triage reached F1 

= 0.224 and M&A-context logistic triage reached F1 = 0.322. Integrated logistic and linear SVM 

configurations reproduced the rule-defined target exactly (F1 = 1.000). Because the target was constructed 

from the same FinTech and M&A-neighborhood cues available to those configurations, this exact 

agreement is interpreted as rule-consistency validation rather than predictive superiority. A structural 

interface audit found that the deal-card schema exposed 10 documented fields, nine visual anchors, and six 

configured decision cues. These author-defined attributes describe interface structure; they do not measure 

comprehension, trust, or review speed. The contribution is a method for organizing SEC filing evidence for 

subsequent visual review. 

Keywords: FinTech; mergers and acquisitions; Form 8-K; information visualization; visual triage 

INTRODUCTION  

Mergers and acquisitions in financial technology are information-rich events. They 

combine corporate strategy, regulatory approvals, financing structure, integration risk, and market 

interpretation into a disclosure trail that is rarely arranged for quick visual comprehension (Elena 

& Alexander, 2026). In the United States, Form 8-K is a primary channel for current reporting 

under the Securities Exchange Act. The official form states that it is used for current reports under 

Section 13 or 15(d), and its general instructions identify a four-business-day filing framework for 

many reportable events (U.S. Securities and Exchange Commission [SEC], 2025). For M&A 

analysis, Item 1.01 may report entry into a material definitive agreement, whereas Item 2.01 

applies to a completed acquisition or disposition that meets the relevant significance 

requirements. Item 9.01 addresses associated financial statements, pro forma financial 

information, and exhibits (SEC, 2024b). The filing stream is timely, but timeliness alone does not 

produce comprehension. 

Prior accounting research shows that 8-K disclosures carry information value. Lerman and 

Livnat (2010) found that the expanded 8-K regime shaped the information environment around 

material events, and McMullin et al. (2019) connected more frequent mandated disclosure to price 
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formation. At the same time, readability work in financial reporting demonstrates that disclosure 

value depends on how accessible the text is to users (F. Li, 2008), and domain-specific 

dictionaries remain necessary because ordinary word lists often misread financial language 

(Loughran & McDonald, 2011). These findings motivate a design question rather than only a 

prediction question: how can a filing stream be translated into visual units that expose the event, 

its evidence, and the next review action? 

Large language models (LLMs) provide a possible downstream wording layer for such 

interfaces. General LLMs show strong few-shot language capabilities (Brown et al., 2020), 

retrieval-augmented generation conditions language production on external documents (Lewis et 

al., 2020), and finance-oriented models such as BloombergGPT and FinGPT demonstrate the 

importance of domain context (S. Wu et al., 2023; Yang et al., 2023). Financial retrieval studies 

likewise treat evidence links, numeric verification, and hallucination controls as design 

requirements (C. Li et al., 2023; Q. Wu et al., 2023; Zhang et al., 2023; Zhou et al., 2023). This 

study evaluates the deterministic filing join, rule-defined triage logic, and deal-card schema. It 

does not treat language-model output as empirical evidence. The structured payload could 

constrain a later wording layer, but the reported results concern the source-linked data and 

interface structure. 

The paper contributes three outcomes. First, it reports a complete Q4 2025 processing run 

on the official SEC quarterly master index, covering 16,439 Form 8-K and 8-K/A filings and 

276,261 contextual filing records. Second, it develops an operational FinTech M&A deal-card 

target based on the intersection of transparent company-name cues and nearby companion-form 

evidence. Third, it audits how the deal-card schema changes visible fields, visual anchors, and 

decision cues relative to a raw SEC index row and a keyword-summary baseline. The central 

claim is that financial disclosure design can recompose filing metadata into a source-linked 

evidence object without presenting the operational rule as independent deal truth. 

Three research questions organize the empirical design. RQ1 asks how EDGAR index 

fields can be transformed into a source-linked FinTech M&A triage layer. RQ2 asks how the 

candidate set changes when FinTech cues and event-neighborhood evidence are used separately 

or together. RQ3 asks how a structured deal card changes field visibility, visual anchors, and 

decision cues relative to two computational baselines. These questions evaluate triage logic and 

interface structure rather than deal outcomes or human dashboard effectiveness. FinTech M&A 

is a useful domain for this test because the events sit at the boundary of financial services, software 

infrastructure, payment rails, banking regulation, credit products, and data governance (Xin, 

2026b). The same filing may matter to investors, designers of financial dashboards, compliance 
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teams, and product strategists. A visually coherent card can therefore serve multiple readers: it 

can help a finance specialist decide which filing to inspect, while giving a design researcher a 

repeatable way to study hierarchy, emphasis, and provenance in high-stakes information graphics. 

LITERATURE REVIEW  

Financial disclosure research provides the foundation for the study. Form 8-K is not a 

periodic report; it is an event-oriented filing used when a registrant reports current material 

information. Lerman and Livnat (2010) showed that the expanded 8-K disclosure environment 

affected how investors receive material-event information, while McMullin et al. (2019) studied 

the effect of increased mandated disclosure frequency on price formation. These studies explain 

why an interface that monitors 8-K events has practical value. F. Li (2008) established that 

financial-report readability relates to earnings and persistence, and Loughran and McDonald 

(2011) showed that financial language requires specialized textual analysis. Together, this 

literature suggests that merely placing raw filings in a searchable list does not solve the 

communication problem. 

Financial NLP and LLM research adds a second foundation. FinBERT demonstrated that 

pre-trained language models can be adapted to financial sentiment tasks more effectively than 

general models in the same domain (Araci, 2019). BloombergGPT and FinGPT extended this 

reasoning to large-scale finance-oriented language modeling and open financial LLM 

development (S. Wu et al., 2023; Yang et al., 2023). General LLM research shows why prompts 

can support flexible extraction and summarization (Brown et al., 2020), while RAG highlights 

the value of coupling language generation with retrievable evidence (Lewis et al., 2020; Su et al., 

2025). The risk is hallucination: Ji et al. (2023) documented how natural language generation can 

produce unsupported content. Recent work on evidence-chain RAG and calibrated abstention 

similarly emphasizes source attribution, provenance explanation, and refusal when retrieval 

coverage is insufficient (Jin, 2025a; C. Li et al., 2024; Zhong, Chen, et al., 2025). The present 

design responds to that risk by making the deal card a source-grounded visual object rather than 

a free-form summary. 

Information visualization and graphic design supply the third foundation. Shneiderman's 

(1996) visual information-seeking mantra argues for overview, zoom and filter, and details on 

demand. Card et al. (1999) frame visualization as a way to use vision to think, and Munzner 

(2014) emphasizes a pipeline from task abstraction to visual encoding. Tufte (2001) and Ware 

(2012) stress visual clarity and perceptual efficiency; Few (2006) translates those ideas into 

dashboard practice. Cairo (2016) argues that truthful visual communication must respect 

evidence, while Heer et al. (2010) show that different chart forms support different analytical 

questions. Hullman and Diakopoulos (2011) further show that visualization carries rhetorical 
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force, so visual choices must be accountable. Nielsen's (1994) usability heuristics support 

recognition, feedback, and reduced memory load as design goals. These principles shape the deal-

card format: a card should show filing identity, event-neighborhood evidence, display priority, 

and a source path. Recent studies of AI-enabled financial advice, machine-learning risk 

assessment, and integrated financial platforms extend this concern to decision support, 

interpretability, and data integration (Jin, 2025b; Z. Li et al., 2025; Xin, 2026a; Zhang et al., 

2025). 

A related design issue is the difference between search and sensemaking. Search can locate 

a filing, but sensemaking requires a visual relation among event identity, timing, evidence, and 

next action. The 8-K stream is particularly demanding because the same form type can report 

many kinds of events. A dashboard that treats every row identically leaves the reader to 

reconstruct the event context. A deal-card design can instead use a compact visual grammar: 

company identity, filing date, form status, evidence chips, source link, and review action. 

Financial-search reranking and accounting-aware evidence retrieval studies reinforce this 

distinction: locating a document is one step before relevance ordering, contextual evidence 

assembly, and user-facing explanation (Chen et al., 2025; Meng et al., 2026). The present paper 

links these fields through a graphic design contribution. Instead of treating FinTech M&A as a 

finance forecasting problem, it treats SEC disclosure as a visual communication medium. The 

source-grounded card is not a replacement for EDGAR, legal review, or primary-document 

reading. It is an evidence-preserving interface layer that organizes candidates for subsequent 

inspection. 

 

Figure 1. Source-grounded pipeline from official SEC filing indexes to deal-card interface components. 

METHODS  

The analysis used the official SEC EDGAR quarterly master indexes for 2025 Q3, 2025 

Q4, and 2026 Q1 (SEC, 2026). The complete Q4 index contained 276,261 filing records; all 
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16,439 records with form type 8-K or 8-K/A formed the analysis corpus. The last 14 days of Q3 

2025 and the first 14 days of Q1 2026 were used only to protect symmetric companion-form 

windows at the Q4 boundaries. Each parsed record retained CIK, company name, form type, filing 

date, SEC filename, accession number, and a filing URL constructed from the SEC archive path. 

The SEC EDGAR API documentation confirms that public submissions and filing data are 

available without API keys (SEC, 2024a). The quarterly-index layer provides a compact input for 

visual triage while retaining a direct path to each primary filing. 

Table 1. Dataset profile for the complete Q4 2025 Form 8-K corpus and master index. 

Metric Value 
Material-event records 16,439 
Unique filing URLs 16,439 
Unique CIKs 5,400 
Unique company names 5,431 
Date range 2025-10-01 to 2025-12-31 
Filing dates represented 60 
Rows with missing CIK/date/company 0 
Repeated company-date-form rows 556 
Complete Q4 master-index rows 276,261 
Q4 M&A companion-form rows 4,125 

The pipeline is shown in Figure 1. It has four stages. The first stage parses the complete Q4 

8-K index and validates required fields. The second classifies FinTech cues from company names 

with a multi-label lexicon covering banking, credit, payments, digital assets, capital markets, and 

insurance or trust terms. The third joins each Q4 filing to companion forms by CIK and filing 

date, using quarter-boundary records when necessary. The fourth creates a source-grounded deal-

card payload containing company name, CIK, filing date, accession number, form type, source 

URL, FinTech cue category, companion forms, a rule-derived display priority, and a review 

action. A deterministic formatter maps these populated fields to the card schema. This separation 

follows financial disclosure retrieval designs that keep evidence collection, field validation, and 

explanation as inspectable stages (Chen et al., 2025; Zhou et al., 2023, 2024). 

Table 2. Form-type distribution in the complete Q4 2025 corpus. 

Form type Records Share (%) 
8-K 16,082 97.83 
8-K/A 357 2.17 

Table 1 reports the parsed dataset profile. The corpus contains no missing CIK, filing date, 

or company-name values. Repeated company-date-form rows are not duplicate filing URLs; they 

are distinct same-day filings by the same registrant and form type. Table 2 reports the form 

distribution. Initial 8-K reports dominate the corpus, while amendments remain a visible status 

cue. 

M&A-neighborhood evidence was defined through companion forms that commonly 

accompany business combinations, exchange offers, tender offers, shareholder communications, 
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or merger registration processes. The companion set included 425, DEFA14A, DEFM14A, 

PREM14A, S-4, S-4/A, F-4, F-4/A, CB, SC TO-I, SC TO-I/A, SC TO-T, SC TO-T/A, SC 14D9, 

SC 14D9/A, SC 13E3, and SC 13E3/A. A Q4 filing received an M&A-neighborhood flag when 

at least one included companion form for the same CIK occurred within the selected symmetric 

date window. The one-, three-, seven-, and fourteen-day joins used the last 14 days of Q3 and the 

first 14 days of Q1 when a Q4 filing lay near a quarter boundary. The seven-day window served 

as the main operational definition because it limited associations to a one-week filing 

neighborhood while retaining more candidates than the shorter windows. 

The accession number was parsed from each filename with a fixed regular expression and 

retained as a card field. The filing URL was not shortened in the data layer because it functions 

as a source path, even when the visual card later displays it as an icon or link. The data audit 

checked record count, unique filing URLs, unique CIKs, missing values, form-type distribution, 

and repeated company-date-form clusters. These checks are design-relevant: a dashboard that 

hides repeated same-day filing clusters can make a filing event appear simpler than it is, while a 

dashboard that exposes every duplicate-looking row without grouping can overload the reader. 

The FinTech lexicon was intentionally transparent. It matched words and phrases 

associated with banking and depository institutions, credit and lending, payments and cards, 

digital assets, capital markets and asset management, and insurance or trust activity. The lexicon 

did not attempt to classify every possible business model. Its purpose was to create visible cue 

chips that can be inspected, accepted, or rejected by the user. In a graphic design context, this 

matters because a cue chip should show why the interface highlighted a record, not merely that 

an opaque model assigned a score. 

The operational target label was source-derived: a record qualified for the FinTech M&A 

deal-card view when it had at least one FinTech cue and at least one companion form within seven 

days. Three rule configurations used the FinTech cue alone, the M&A neighborhood alone, or 

their structured intersection. Five statistical configurations used logistic regression, linear support 

vector machines, or multinomial Naive Bayes. Text features were TF-IDF vectors over registrant 

names; categorical features included form type, companion-form string, and FinTech category; 

numeric features included companion count, weekday, day of month, and amendment status. 

Five-fold StratifiedGroupKFold cross-validation grouped observations by CIK so that one 

registrant did not appear in both training and validation folds. Precision, recall, F1, ROC-AUC, 

and average precision were computed. Because the integrated feature sets contain the same 

FinTech and M&A-neighborhood evidence used to construct the label, their agreement with that 

label is a rule-consistency check rather than an independent predictive test. The implementation 
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used pandas (McKinney, 2010), NumPy (Harris et al., 2020), scikit-learn (Pedregosa et al., 2011), 

and Matplotlib (Hunter, 2007). 

The evaluation therefore separates deterministic eligibility rules from statistical feature-

ablation configurations. The single-cue rules describe how broad the candidate set becomes when 

only one evidence stream is available. The integrated configurations test whether the 

implementation can reconstruct the operational intersection from its defining features. Without 

independently adjudicated deal labels, these comparisons do not establish model superiority or 

external FinTech M&A detection accuracy. 

A structural interface audit compared three display conditions. The raw SEC index row 

presented direct filing fields. The keyword-summary baseline compressed those fields into a 

deterministic sentence with FinTech and companion-form cues. The source-grounded deal card 

divided identity, evidence, display priority, source, and review action into separate visual regions 

(Mu et al., 2026). The audit recorded mean characters per record, documented fields, configured 

visual anchors, and configured decision cues. These measures describe information quantity and 

organization; human comprehension, trust, and review speed were outside the scope of the audit. 

The card wording was composed with a fixed template that preserved accession numbers 

and filing URLs and used only populated payload fields. This deterministic design is consistent 

with evidence-oriented language-system research that emphasizes source attribution, numerical 

controls, and calibrated abstention before generated text reaches a user-facing surface (C. Li et 

al., 2023, 2024; Z. Li et al., 2026; Zhong, Chen, et al., 2025). A constrained LLM could later 

rephrase the same payload, but language-model generation was not part of the reported evaluation. 

RESULTS 

The complete Q4 corpus covered 60 filing dates from October 1 through December 31, 

2025. Table 3 shows a mean daily volume of 273.98 filings and a maximum of 714. Figure 2 

shows the day-to-day volume together with the much smaller rule-defined target series. This 

contrast describes the selection problem addressed by the triage view; it does not measure the 

effectiveness of the interface for human reviewers. 

Table 3. Daily Form 8-K and 8-K/A filing-volume summary. 

Statistic Daily filings 
Count 60 
Mean 273.98 
Standard deviation 117.02 
Minimum 99 
25th percentile 213 
Median 235 
75th percentile 281 
Maximum 714 
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Figure 2. Daily Q4 2025 Form 8-K and 8-K/A volume and rule-defined FinTech M&A targets. 

Table 4 reports the full companion-form distribution in the Q4 master index. The 17 

included form types accounted for 4,125 records. Form 425 was the largest category, followed by 

DEFA14A. Figure 3 displays the 12 most frequent companion forms. These forms provide 

transaction-neighborhood context around an 8-K index row without being treated as independent 

confirmation of a completed acquisition. This use of nearby filings is consistent with financial 

retrieval studies that assemble companion evidence and numeric context before producing a risk 

memo (Q. Wu et al., 2023; Zhang et al., 2023). 

Table 4. Included M&A companion-form counts in the complete Q4 2025 master index. 

Companion form Q4 records Share (%) 

425 1,984 48.10 

DEFA14A 1,217 29.50 

SC TO-I/A 173 4.19 

SC TO-I 150 3.64 

S-4 122 2.96 

S-4/A 84 2.04 

SC TO-T/A 81 1.96 

DEFM14A 70 1.70 

CB 48 1.16 

PREM14A 46 1.12 

SC 13E3/A 44 1.07 

SC 14D9/A 32 0.78 

F-4/A 27 0.65 

SC TO-T 19 0.46 

SC 13E3 10 0.24 

F-4 9 0.22 

SC 14D9 9 0.22 

The distribution has a direct design consequence. A single 8-K index row does not 

necessarily reveal the surrounding transaction context. The visual schema therefore includes a 



 
 
 
 

   
 
 

Grounded Visual Triage Framework… 

254       International Journal of Graphic Design (IJGD) 
               Volume 4 No. 1 April 2026 
          

 
 
 
 

companion-form region beside the filing identity and source path. This region makes the matched 

forms visible within the static card without implying that the neighborhood is a legally adjudicated 

deal label. This arrangement supports financial decision review while keeping the integrated data 

path visible (Jin, 2025b; Zhang et al., 2025). 

 

Figure 3. Twelve most frequent M&A companion forms in the complete Q4 2025 master index. 

Table 5 reports the company-name FinTech cue categories. The lexicon matched 2,820 

filings in the Q4 corpus. Capital-markets and asset-management cues formed the largest category, 

followed by banking and depository cues, credit and lending cues, and insurance or trust cues. 

Digital-assets and payments or cards cues were less frequent. Figure 4 shows the multi-label 

distribution. These categories provide visible reasons for a rule match; they are not comprehensive 

business-model classifications. 

Table 5. FinTech cue categories matched in company names. 

FinTech cue category Records Unique 

companies 
Share of corpus 

(%) 
Capital markets and asset 

management 
915 293 5.566 

Banking and depository 848 202 5.158 
Credit and lending 791 179 4.812 
Insurance and trust 761 266 4.629 
Digital assets 57 19 0.347 
Payments and cards 38 19 0.231 

Table 6 reports window sensitivity. A one-day window produced 125 FinTech M&A 

records, the seven-day window produced 222 records across 94 company names, and the fourteen-

day window produced 310 records across 110 company names. The seven-day setting was 

retained as the operational window because it restricted associations to one week while retaining 
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more candidates than the shorter windows; no independent deal truth was available to estimate 

recall. Table 7 summarizes the seven-day definition. The corpus contained 1,250 M&A-

neighborhood filings and 2,820 FinTech-cue filings, with 222 records in their intersection. Figure 

5 displays all four cells of this rule matrix. 

 

Figure 4. Company-name FinTech cue categories in complete Q4 2025 Form 8-K filings. 

Table 8 reports agreement with the rule-defined target. The keyword-only rule retrieved 

every target by construction but had precision of 0.079 and F1 of 0.146 because it selected a much 

broader set. The M&A-neighborhood rule likewise had recall of 1.000, with precision of 0.178 

and F1 of 0.302. Under CIK-grouped cross-validation, text-only logistic regression reached F1 = 

0.224 and M&A-context logistic regression reached F1 = 0.322. Integrated logistic and linear 

SVM configurations reproduced the rule-defined labels exactly (F1 = 1.000), while integrated 

multinomial Naive Bayes reached F1 = 0.872. Figure 6 visualizes F1 and average precision 

against the operational label. 

Table 6. Sensitivity of rule-defined targets to companion-form window size. 

Window 

(days) 
All 8-Ks with 

companion 
FinTech 8-Ks with 

companion 
Unique target 

companies 
Target share 

(%) 
1 811 125 65 0.76 
3 956 151 82 0.92 
7 1,250 222 94 1.35 

14 1,670 310 110 1.89 

The perfect score of the structured intersection rule is definitional because the rule is 

evaluated against its own output. The same caution applies to integrated statistical configurations 

that receive the two label-defining evidence streams. Their exact agreement confirms 
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implementation consistency, not independent predictive superiority. The partial-evidence 

configurations are useful only for showing how candidate scope changes when one cue is absent. 

Table 8. Rule-consistency and feature-ablation audit for the operational FinTech M&A target. 

Configuration Precision Recall F1 Average 

precision 

Keyword-only rule 0.079 1.000 0.146 0.079 

M&A-neighborhood rule 0.178 1.000 0.302 0.178 

Structured intersection rule 1.000 1.000 1.000 1.000 

Text-only logistic 0.139 0.591 0.224 0.174 

M&A-context logistic 0.192 1.000 0.322 0.514 

Integrated logistic 1.000 1.000 1.000 1.000 

Integrated linear SVM 1.000 1.000 1.000 1.000 

Integrated multinomial NB 1.000 0.780 0.872 0.988 

 

Figure 6. F1 and average precision against the rule-defined target across cue and feature configurations. 

Table 9. Structural interface inventory for the rule-defined target records. 

Interface condition Mean 

characters 
Documented 

fields 
Visual 

anchors 
Decision 

cues 
Raw SEC index row 241.2 8 2 0 
Keyword-summary baseline 97.9 5 4 2 
Source-grounded deal card 218.4 10 9 6 

Table 9 reports the structural interface audit for the 222 target records. The raw SEC index 

row averaged 241.2 characters and contained eight documented fields, two visual anchors, and 

no configured decision cues. The keyword-summary baseline averaged 97.9 characters, with five 

documented fields, four anchors, and two cues. The source-grounded deal card averaged 218.4 

characters and was configured with 10 documented fields, nine anchors, and six cues. The card 

therefore exposes a different information structure rather than simply minimizing text. Whether 
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that structure improves comprehension or review speed requires user testing (Jin, 2025b; Z. Li et 

al., 2025). 

Table 10. Target-card field population and provenance classification. 

Deal-card field Population rate 

(%) 
Source or derivation 

CIK 100.0 direct SEC index field 
Company name 100.0 direct SEC index field 
Filing date 100.0 direct SEC index field 
Form type 100.0 direct SEC index field 
Accession number 100.0 parsed from SEC filename 
Filing URL 100.0 constructed from SEC archive path 
FinTech segment 100.0 company-name lexicon (derived) 
M&A companion forms 100.0 SEC index window join (derived) 
Confidence tier 100.0 cue intersection rule (derived) 
Review action 100.0 interface rule (derived, not a filing item) 

Table 10 reports field population and provenance for the 222 target cards. By definition, 

every target contains both a FinTech cue and companion-form evidence, so those two fields are 

populated for all target cards. CIK, company name, filing date, form type, and the archive path 

are direct or directly constructed SEC index fields; accession numbers are parsed from SEC 

filenames; segment, display priority, and review action are documented rule-derived fields. The 

review action is an interface instruction, not an actual Form 8-K item. Figure 7 shows a target 

card with the EDGAR source path visibly included. This distinction between source fields and 

derived fields follows evidence-chain and numerical-guardrail approaches that make 

transformations inspectable (C. Li et al., 2024; Z. Li et al., 2026; Zhang et al., 2023). 

 

Figure 7. Source-grounded deal-card layout for a rule-defined target record. 

DISCUSSION  

The results establish the feasibility of transforming a complete quarterly SEC index into a 

structured visual triage object. The raw index row preserves filing metadata but offers little visual 
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differentiation. The deterministic summary compresses the row but removes spatial separation 

among identity, evidence, priority, and source. The deal card retains those elements in distinct 

regions. This organization follows Shneiderman's (1996) overview-and-details principle and 

Few's (2006) dashboard design logic, and it is consistent with financial-platform studies that 

emphasize interpretable risk information and integrated data (Z. Li et al., 2025; Zhang et al., 

2025). The present structural audit does not establish that users read the card faster or trust it 

more. 

The rule comparison clarifies the scope of each cue. FinTech terms alone select many 

financial-sector filings that are unrelated to M&A, while companion forms alone include 

transaction contexts outside the FinTech cue set. The integrated configurations reproduce the 

operational target because they contain both variables used to construct it. Their perfect scores 

therefore confirm implementation consistency rather than independent detection performance. In 

design terms, the intersection links a sector cue with a transaction-neighborhood cue and shows 

both reasons on the card. 

The source-grounded payload also addresses a recurring challenge in language-model 

interfaces. Brown et al. (2020) and Lewis et al. (2020) explain why LLMs and retrieval-

augmented generation are attractive for transforming text, while Ji et al. (2023) documents the 

risk of unsupported generation. Financial retrieval studies extend this concern to corporate memo 

and disclosure settings, where numerical errors or missing evidence can alter the meaning of a 

risk communication (Q. Wu et al., 2023; Zhou et al., 2023). The present card avoids that issue by 

using deterministic wording over a fixed payload. A future language layer could be evaluated 

against the same source fields, but it would require direct output auditing before any claims about 

generated explanations (Zhong et al., 2026). 

The interface schema therefore precedes any optional language formatter. Source fields 

populate the schema, derived fields are labeled as rules, and the static renderer controls card-ready 

wording. This ordering makes the visual system inspectable and reduces the chance that fluent 

prose will be mistaken for verified disclosure content. Design-rationale and evidence-card 

research similarly treats the model as a formatter or critic over a structured brief rather than as the 

source of truth (Jin, 2025b; Y. Li et al., 2025; Q. Wu et al., 2025). 

The graphic design contribution is the visual grammar formed by identity anchors, evidence 

chips, a rule-derived display priority, and a source path. Tufte (2001), Ware (2012), and Cairo 

(2016) emphasize that visualizations should communicate without distorting evidence. The card 

follows that principle by separating observed index fields from derived interface cues (Zhong, 

Wu, et al., 2025). The display priority indicates whether the two operational signals are present; 
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it is not a probability, a measure of deal success, or a legal assessment. The review action directs 

the reader to the source filing and matched forms; it is not a claim about the filing's actual item 

numbers. Risk-card research in adjacent LLM-agent interfaces likewise separates labels, 

evidence, and human review actions (Su et al., 2026). 

Nielsen's (1994) recognition principle and Munzner's (2014) abstraction framework 

provide a rationale for making transaction-neighborhood terms visible rather than leaving them 

implicit in a filing list. The relevant analytical sequence is to notice a candidate, inspect its 

evidence, and decide whether to open the primary filing. The card maps those tasks to visible 

regions. This mapping is a design proposition; the study did not test whether people perform the 

sequence more accurately or quickly. 

Algorithmic triage and graphic design address different parts of the workflow. A classifier 

can rank records, while the interface determines which evidence accompanies that ranking. In this 

study, the integrated score is not independent because it reconstructs a label defined by the same 

cues. The design value lies in exposing the FinTech cue, companion-form context, filing date, 

and source path instead of displaying a score alone. Financial-search reranking and disclosure-

review-card studies support this auditability stance by exposing ranking cues and evidence links 

(Meng et al., 2026; Zhang et al., 2025). 

The structural metrics complement character count by documenting fields, visual anchors, 

and configured decision cues. They describe differences among the three representations but do 

not establish that one condition is easier, faster, more useful, or more trustworthy for users. A 

user study is necessary before the static card can be described as an effective dashboard. 

LIMITATION 

The study evaluates a filing-index and companion-form layer. It does not estimate 

transaction value, market reaction, or post-merger performance, and it does not replace legal 

interpretation of a filing. The M&A-neighborhood flag is based on included forms around the 

same CIK and date window; it is not a manually adjudicated deal database. The rule is suitable 

for constructing a transparent review queue, but it should not be interpreted as a definitive catalog 

of completed acquisitions. The exact F1 obtained by the structured intersection and integrated 

feature sets is likewise definitional rather than evidence of external predictive validity. This 

distinction is consistent with evidence-calibrated and numerical-guardrail research that avoids 

turning a triage signal into a legal or market outcome (Z. Li et al., 2026; Zhong, Chen, et al., 

2025). 
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The FinTech cue model is based on company-name terms rather than SIC codes or business 

descriptions. This makes each cue visible and reproducible, but it can include broad financial-

services entities and miss firms whose names do not reveal payment, lending, banking, or digital-

asset activity. The card preserves the matched term so that readers can see why a record entered 

the view. Industry codes, entity profiles, and primary-document extraction could add context 

while retaining the same provenance distinction (Chen et al., 2025; Zhou et al., 2024). The 

interface audit is computational. Character length, field population, visual anchors, and decision 

cues are properties assigned or counted by the authors. They do not measure comprehension, trust, 

task accuracy, cognitive load, or review time. Accordingly, the results support only the structural 

description of the data-to-card transformation and cannot establish real dashboard effectiveness.  

CONCLUSION 

This study developed a source-grounded visual triage framework that converts complete 

Q4 2025 SEC Form 8-K index records and nearby companion filings into structured FinTech deal 

cards. The corpus contained 16,439 filings, including 2,820 company-name FinTech matches, 

1,250 seven-day M&A-neighborhood records, and 222 records in their intersection across 94 

company names. Integrated configurations reproduced the rule-defined target exactly because 

they used the same FinTech and companion-form cues from which that target was constructed; 

F1 = 1.000 is therefore a rule-consistency result rather than evidence of predictive superiority. 

The structural audit showed that the card schema contained more documented fields, visual 

anchors, and configured decision cues than the two computational baselines, but these counts do 

not establish gains in comprehension, trust, or review speed. The contribution is a transparent 

method for organizing filing-stream evidence for visual triage, not a validated AI detector or a 

user-tested dashboard. 

FUTURE RESEARCH 

Future research can test the framework against independently adjudicated FinTech M&A 

cases and evaluate the interface with analysts, investors, and disclosure professionals. A within-

participant comparison of the raw row, deterministic summary, and deal card could measure task 

accuracy, completion time, source verification, trust, and workload. Filing-level SEC items and 

primary-document passages could also replace the current review-action rule. If a language model 

is added, its outputs should be assessed separately for supported claims, omissions, contradictions, 

numerical fidelity, and source attribution (Chen & Xu, 2026). 
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