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Financial-statement agents must resolve accounting context before they calculate or 

explain a ratio. This study evaluated a guarded architecture on the U.S. Securities 

and Exchange Commission (SEC) Financial Statement Data Sets for 2026 Q1. The 

archive contained 6,169 submissions, 3,690,955 numeric facts, 91,794 tag-version 

records, and 733,134 presentation rows. Accession-, statement-, period-, unit-, 

segment-, and co-registrant-level filtering produced a 5,436-filing ratio cohort and a 

strict cohort of 3,612 original 10-K filings. A deterministic balance-sheet rule 

identified 461 observable reconciliation exceptions; this is a filing-consistency review 

signal, not fraud, default, bankruptcy, or an accounting adjudication. Across 8,400 

ratio questions, an unguarded first-fact agent attained 20.51% tolerance-based 

numeric match, whereas the context-aligned XBRL engine and independent Decimal 

calculator attained 100%. The guarded agent released 7,827 answers (93.18% 

coverage); all met the numeric-match tolerance and were supported by re-queried 

evidence tuples. On a time-ordered test set of 759 filings, LightGBM achieved PR-

AUC 0.6780 (95% bootstrap CI [0.6025, 0.7421]), ROC-AUC 0.8495, F1 0.6643, and 

expected calibration error 0.0125. Isolation Forest achieved PR-AUC 0.1968, close to 

the 0.1884 test prevalence. Strict context resolution raised numeric match from 

20.51% to 100%, and tuple/formula checks verified every released answer. 

Calibrated supervised screening improved prioritization of reconciliation exceptions 

using independent filing features. 
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1. Introduction 1 

Corporate financial statements combine consequential information with a reporting structure that is demanding for automated 

analysis. A dependable current ratio requires the correct filing, entity, period, statement, unit, taxonomy concept, and 

dimensional context. Consolidated and segmented values may coexist, and related standard tags are not always interchangeable. 

XBRL makes these distinctions machine-readable but still requires interpretation. XBRL 2.1 defines concepts, contexts, units, and 

linkbase relationships, while EDGAR rules govern their use in U.S. public-company disclosures (U.S. Securities and Exchange 

Commission [SEC], 2026a; XBRL International, 2003). Financial automation is therefore a data-resolution, computation, and 

provenance problem as much as a language problem. 

 

Language models make this problem more visible: fluent prose does not demonstrate correct arithmetic, and a filing-level link 

does not establish support for a number. FinQA formalized questions requiring evidence selection and explicit operations (Chen 

et al., 2021). Program-aided methods improve reliability by assigning arithmetic to executable code (W. Chen et al., 2023; L. Gao 

et al., 2023), but an executor cannot determine whether operands share the correct entity, duration, or statement. Safeguards are 

needed before calculation, during execution, and before release. 

 

The SEC Financial Statement Data Sets provide a strong empirical setting. Their SUB, NUM, TAG, and PRE tables link filings, facts, 

taxonomy metadata, and presentation relationships. The SEC lists the 2026 Q1 release at 81.31 MB and preserves registrants’ as-

filed values (SEC, 2026b). Context fields retain the accession, concept, period, duration, unit, segment, co-registrant, and value 

                                                             
Copyright: © 2026 The Author(s). This open access article is distributed under the terms and conditions of the Creative Commons Attribution-NonCommercial-

ShareAlike 4.0 International (CC- BY-NC-SA) License (https://creativecommons.org/licenses/by-nc-sa/4.0/), published by Stout Journals, London, United Kingdom. 

https://doi.org/10.61424/b6prv293
https://stoutjournals.org/index.php/SEFA
https://creativecommons.org/licenses/by-nc-sa/4.0/


Numerical-Reasoning-Guarded Financial Statement Agents: Auditable Ratio Analysis, Anomaly Detection, and Selective Filing-

Consistency Explanations 

Page | 2  

used. Because this is not a clean rectangular database and filing-quality issues have been documented, validation remains 

necessary (Debreceny et al., 2010). 

 

Financial ratios support distress and reporting-risk research. Altman (1968) studied bankruptcy, Dechow et al. (2011) examined 

misstatement risk, and later work compared fraud classifiers (Bao et al., 2020; Cecchini et al., 2010; Perols, 2011). The quarterly 

archive contains none of those adjudicated outcomes. An unusual ratio or XBRL inconsistency therefore cannot be relabeled as 

misconduct. 

 

The study defines anomaly detection as review prioritization. Its observable target is a balance-sheet reconciliation exception: the 

normalized difference between assets and liabilities plus selected equity exceeds fixed relative and absolute thresholds. Such an 

exception can reflect structured-data inconsistency, concept choice, or unusual entity structure; it does not prove that audited 

statements are erroneous. Isolation Forest ranks rare multivariate profiles without labels (Liu et al., 2008), while LightGBM 

estimates association with the exception from independent operating and filing-structure features (Ke et al., 2017). Target 

components, their direct ratios, and assets-denominated features are excluded to prevent algebraic reconstruction. 

 

The architecture combines four controls: an XBRL engine resolves standard consolidated USD facts on the proper statement; a 

Decimal calculator executes recorded formulas; Isolation Forest and LightGBM produce review scores; and a verifier releases a 

card only when cited tuples exist and reproduce the result. It applies tool-using language-model ideas (Schick et al., 2023) under 

accounting and verification constraints. 

 

Numerical reliability is tolerance-based agreement with a deterministic reference. Screening uses PR-AUC under imbalance (Saito 

& Rehmsmeier, 2015), while evidentiary reliability requires cited tuples and formulas to reproduce claims (T. Gao et al., 2023). 

Brier score and ECE assess probability quality (Guo et al., 2017), and selective prediction permits abstention (Geifman & El-Yaniv, 

2017). Conformal methods offer separate distribution-free guarantees (Angelopoulos & Bates, 2023); this experiment measures 

empirical selective risk, not conformal coverage. 

 

The research question is whether context-aware retrieval, deterministic calculation, and verification improve numerical and 

evidentiary reliability, and whether independent filing features are associated with observable reconciliation exceptions. The 

contribution is an auditable chain from SEC facts to ratios, calibrated review scores, and selectively released explanations. It 

supports inspection but does not replace accounting judgment or legal fact-finding. 

 

2. Literature Review 

2.1 Structured reporting and accounting context 

Under XBRL 2.1, fact meaning depends on concept, entity, period, unit, and dimensions (XBRL International, 2003). EDGAR adds 

filing and validation conventions (SEC, 2026a), while the U.S.-GAAP taxonomy and Data Quality Committee resources define 

current concepts and rules (Financial Accounting Standards Board, 2026). Ratios must therefore begin with context resolution: 

consolidated and segment values cannot be pooled, instant and duration facts require different period logic, and familiar labels 

do not make custom concepts standard totals. 

 

Calculations 1.1 specifies consistency tests for declared summation relationships (XBRL International, 2023). Neither passing nor 

failing alone establishes economic correctness or material error. Structured availability likewise does not guarantee data quality 

(Debreceny et al., 2010). Deterministic rules should establish reproducibility; statistical models can then describe review-order 

associations. 

 

2.2 Financial screening, calibration, and decision policy 

Outcome names must remain precise. Altman (1968) studied bankruptcy, Dechow et al. (2011) studied material misstatements, 

and Cecchini et al. (2010), Perols (2011), and Bao et al. (2020) used fraud-related labels. Recent applied studies make the same 

distinction through task-specific targets: calibrated default tiers, probability-of-default workflows, extreme-imbalance fraud 

detection, and going-concern prediction each depend on a defined outcome and cannot be treated as interchangeable labels (Y. 

Chen et al., 2023; Y. Chen et al., 2024; Jin et al., 2024a, 2024b). A deterministic reconciliation rule therefore cannot inherit the 

semantics or evidentiary standards of default, fraud, bankruptcy, or misstatement outcomes. 

 

Isolation Forest ranks easily isolated observations but does not explain their rarity (Liu et al., 2008). LightGBM supplies a 

supervised complement that accommodates nonlinear effects, missingness, and interactions (Ke et al., 2017). Time ordering and 

leakage control remain essential: if target components or their direct ratios enter the features, a classifier can reconstruct the 



Vol. 2 No. 1 (2026): Stout in Economics, Finance and Accounting: 01-24 

 

Page | 3  

label. Comparable model-risk concerns appear in calibrated recruiter screening and explainable credit scoring, where probability 

quality, subgroup behavior, and refusal or recourse mechanisms matter alongside ranking accuracy (Jin, 2025a; Xin, 2026b). 

Precision-recall curves expose retrieval and false-alert trade-offs under imbalance (Saito & Rehmsmeier, 2015). Brier score, ECE, 

and reliability diagrams are also needed because ranking does not guarantee meaningful probabilities (Guo et al., 2017). 

Selective classification withholds uncertain cases (Geifman & El-Yaniv, 2017); conformal prediction provides a distinct held-out 

framework under explicit assumptions (Angelopoulos & Bates, 2023). Privacy-robust uplift modeling, marketing-mix 

optimization, and earlier LLM-assisted incrementality research extend this decision-oriented view by separating predictive fit 

from the policy consequences of acting on a score (Bai, Wang, et al., 2026; Bai & Wu, 2026; Mu et al., 2023). 

 

Offline policy evaluation reinforces the same separation between prediction and action. Bandit studies evaluate whether a policy 

should be selected under logged feedback rather than assuming that a higher model score implies a better intervention (Mu et 

al., 2025; Ye et al., 2026). Related recommendation work uses behavioral retrieval, review-grounded explanations, and customer 

representations to preserve the evidence behind a ranked action (X. Chang et al., 2026; Xin, 2026a, 2026e). Profit-aware GPU 

admission illustrates the same general principle in another operational domain: costs, asymmetric errors, and the content of a 

decision memo must be evaluated together (S. Zhao et al., 2026). 

 

Financial-agent research increasingly combines these statistical controls with accounting evidence. Accounting-aware RWA 

retrieval, macro-market fusion, constrained budgeting, and evidence-constrained monitoring show why financial conclusions 

must retain both numeric inputs and the surrounding disclosure or economic context (Y. Chen et al., 2025; Y. Lu et al., 2025; H. 

Zhou & K. Zhang, 2025; S. Zhou et al., 2026). Numerical guardrails over SEC and FRED data directly motivate executable formula, 

unit, window, and citation checks (Z. Li et al., 2026), while financial-search reranking and multi-regulation legal RAG show that 

retrieval quality and jurisdictional scope remain part of the answer (J. Li & Zhou, 2026; S. Meng et al., 2026). Disclosure review 

cards and financial-risk dashboards add a presentation requirement: a reviewer should see the source, calculation, uncertainty, 

and action boundary rather than only a generated conclusion (K. Zhang et al., 2025; Z. Li et al., 2025). 

 

2.3 Numerical reasoning, retrieval, and provenance 

FinQA showed that financial questions require fact retrieval and explicit operations (Chen et al., 2021). Program-aided language 

models and Program-of-Thoughts separate reasoning from arithmetic through executable programs (W. Chen et al., 2023; L. Gao 

et al., 2023). Once operands, signs, dates, and durations are fixed, deterministic Decimal arithmetic suits ratio calculation. 

 

Execution can still use a wrong formula or unsupported operands. Toolformer demonstrated API invocation (Schick et al., 2023), 

and verifier research showed the value of checking mathematical outputs (Cobbe et al., 2021). XBRL permits direct row re-query, 

context checks, and recomputation. The present design therefore treats the calculator as one controlled component rather than 

as proof that the selected facts were appropriate. 

 

Retrieval-augmented generation grounds text in external evidence (Lewis et al., 2020), but financial evidence must preserve 

accession, tag, version, date, duration, unit, segment, co-registrant, and value. Citation research separates coverage from 

correctness (T. Gao et al., 2023). Evidence-grounded DevOps RAG, bilingual incident triage, and word-level source attribution 

similarly distinguish retrieval from supported generation (B. Zhang et al., 2024; G. Liu et al., 2024; C. Li et al., 2024). Code-

intelligence retrieval and budgeted multi-hop agents further show that finding a relevant item, preserving an evidence chain, and 

stopping within a resource budget are separate design problems (Y. Li, 2024; Su et al., 2025). 

 

Abstention is especially important when retrieval does not cover the question. Evidence-calibrated unanswerable QA connects 

retrieval coverage to abstention and hallucination analysis, while deterministic provenance work checks whether claims can be 

traced to source units (Jin, 2025b; Zhong, Chen, et al., 2025). Scientific-search evidence cards make the same distinction visible to 

a human reviewer, and learned retrieval-quality prediction provides a complementary warning signal before generation (Jin, 

2025c; R. Zhang et al., 2025). These ideas support the stricter rule used here: exact tuples and the recorded formula had to 

reproduce the number; a filing link alone was insufficient. 

 

Operations research supplies useful stress cases because logs, alerts, and runbooks also require evidence-preserving summaries. 

LLM-assisted root-cause attribution, retrieved normal prototypes, and distributed-log incident cards link a concise narrative to 

concrete operational observations (G. Liu et al., 2023; J. Nie et al., 2026; Xin, 2025a). Retrieval-grounded HDFS narratives and 

cloud-native troubleshooting copilots add deterministic or command-safety checks after retrieval (B. Zhang et al., 2026; X. Sun et 

al., 2026). Cost-aware routing across log-analysis tasks illustrates that an agent may also need to choose how much computation 

to spend before explaining an incident (C. Li et al., 2026). 
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Agent reliability depends on the trajectory, not only the final sentence. Tool-use success forecasting makes intermediate failure 

states explicit (Zhong et al., 2026), while interpretable CloudTrail stage detection illustrates how ordered event evidence can 

constrain a security narrative (Bai, Chen, et al., 2026). Narrative-aware scientific claim verification and multilingual humanitarian 

RAG likewise evaluate evidence ranking and contextual coverage rather than fluency alone (Y. Chen & Xu, 2026; Su, Chen, & 

Qian, 2026). The same logic applies to filings: a ratio explanation is reliable only if every retrieval, alignment, arithmetic, and 

release step is auditable. 

 

2.4 Guardrails, uncertainty, and distribution shift 

Guardrails must remain effective under changing inputs. Continual red-teaming and behavior-level jailbreak defenses treat safety 

as an update and utility-preservation problem, not a one-time refusal prompt (D. Zheng et al., 2023; Zheng & Li, 2024). Evidence-

based self-verification adds a second control after generation (Zheng, Zhang, & Geibel, 2024), and privacy/data-integrity risk 

cards expose prompt-injection consequences to a human overseer (Su, Rao, & Ma, 2026). Confidence-gated memory and 

differentially private preference learning show related needs to control what an agent writes, retrieves, updates, or forgets across 

sessions (Kuo et al., 2025; Sun et al., 2023). 

 

Forecasting and infrastructure studies provide transferable evidence on calibration under drift. Capacity forecasting with 

calibrated uncertainty, cross-cloud transfer, conformal oversubscription envelopes, and noisy-neighbor residual fusion all 

separate a point estimate from an operational risk boundary (S. Chen et al., 2024; S. He et al., 2023; S. He et al., 2024; Nie & 

Zheng, 2024). Multi-horizon GPU forecasting and few-shot tenant forecasting further emphasize temporal horizons, cold start, 

and workload semantics (S. He et al., 2025; S. Zhao et al., 2025). Power-aware inventory planning and GPU-memory prediction 

show that resource decisions also require a forecast-to-action translation rather than an isolated error metric (He et al., 2026; 

Wang et al., 2025). 

 

The methodological lesson is not that infrastructure and accounting are the same task. It is that uncertainty must be evaluated 

under the deployment distribution relevant to the decision. Approximately shared features can support transfer while 

acknowledging residual domain differences (Zhong, Pan, et al., 2025); uncertainty-aware fusion likewise requires calibrated 

component confidence before combining signals (Xin, 2025c). Hybrid-cloud deployment and visual capacity briefs connect 

model uncertainty to cost and reviewer-facing operating choices (G. Liu et al., 2025; Xin, 2025b). SSD health-state classification 

offers another example in which sequential representation and attention are assessed for a concrete risk category rather than 

treated as generic intelligence (Wen et al., 2025). 

 

Time-series and anomaly applications also motivate chronological evaluation. Probabilistic bike-demand forecasting evaluates 

changing weather and seasonal regimes (Xin, 2026d), while self-supervised and conformal log-anomaly studies distinguish 

representation learning from alert control and evidence generation (Xin, 2026c, 2026f). Rank aggregation and synchronization 

research make uncertainty quantification explicit even when the estimator is mathematically structured (Zhong & Ling, 2024a, 

2024b). These works support the present use of chronological splits, separate calibration data, and a selective-risk curve rather 

than a random split and a single threshold metric. 

 

2.5 Human-facing evidence and oversight 

Auditable computation still needs an interface that communicates evidentiary status. Medical-image explanation cards, patient-

facing safety cards, and their benchmark variants place calibrated scores, warning states, and supporting evidence into a visible 

hierarchy (C. Li et al., 2025; Zhong, Wu, et al., 2025; B. Zhou et al., 2025). Their domain is different from corporate reporting, but 

the communication requirement transfers directly: a probability, source fact, generated explanation, and escalation instruction 

should not be visually conflated. 

 

Evidence-card research in scientific search and e-commerce similarly makes ranking evidence inspectable rather than hiding it 

behind a recommendation (B. Zhang et al., 2025; Jin, 2025c). Structured visual briefs and text-grounded design-rationale 

interfaces show how metadata can be converted into editable decision explanations without losing the variables that motivated 

them (J. Mu et al., 2026; Wu et al., 2025). For finance, accounting-disclosure cards and RWA dashboards are the closest 

analogues because they organize source text, numeric claims, chart hierarchy, and uncertainty for review (K. Zhang et al., 2025; Z. 

Li et al., 2025). 

 

Human-in-the-loop systems also need role-appropriate language. Therapist-facing retrieval and evidence-linked counseling 

cards demonstrate that the same retrieved material may require different presentation for the professional making a decision 

and the person receiving support (Y. Zhang & H. Zhang, 2025a, 2025b). In financial review, the analogous separation is between 
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an analyst-facing audit card and any downstream plain-language explanation. The evidence, formula, uncertainty state, and 

review boundary should stay fixed even when the wording changes. 

 

3. Methodology 

3.1 Data source and context alignment 

The experiments used the SEC Financial Statement Data Sets release for 2026 Q1. The archive occupied 85,259,424 bytes and 

had SHA-256 hash d18c01c615da8f5cd46273b0dacaeee5b1163f4089171da0f84153a5f3c362f6. It contained 6,169 SUB records, 

3,690,955 NUM facts, 91,794 TAG records, and 733,134 PRE rows. Restriction to annual and quarterly study forms retained 5,812 

submissions from 5,620 CIKs. Filing dates spanned January 2 through March 31, 2026. “2026 Q1” identifies the release window; 

comparative facts from earlier fiscal periods remained contexts within their filing rather than independent 2026 observations. 

 

Table 1. Dataset profile and analytical cohorts 

Measure Value Unit 

Archive compressed size 85,259,424 bytes 

SUB records, all forms 6,169 rows 

SUB records, study forms 5,812 rows 

Distinct study CIKs 5,620 entities 

TAG records 91,794 rows 

NUM records 3,690,955 rows 

PRE records, study forms 688,107 rows 

Study filing-date start 2026-01-02 YYYYMMDD 

Study filing-date end 2026-03-31 YYYYMMDD 

Context-aligned ratio cohort 5,436 filings 

Strict annual anomaly cohort 3,612 filings 

Reconciliation exceptions 461 filings 

Source: SEC Financial Statement Data Sets, 2026 Q1; study calculations. 

 

Original 10-K filings formed 73.33% of the eligible submissions, followed by 10-Q at 16.72%, 20-F at 6.40%, and 40-F at 1.93%. 

The ratio analysis retained annual, quarterly, and specified foreign forms when a standard U.S.-GAAP concept and valid USD 

context existed. The supervised anomaly analysis was narrower and used only original 10-K filings. 
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Table 2. Eligible submissions by filing form 

Form Filings Entities Share 

10-K 4,262 4,261 73.33% 

10-Q 972 936 16.72% 

20-F 372 372 6.40% 

40-F 112 112 1.93% 

10-K/A 47 44 0.81% 

10-Q/A 30 22 0.52% 

10-KT 8 8 0.14% 

20-F/A 8 7 0.14% 

40-F/A 1 1 0.02% 

Note. Shares use 5,812 eligible submissions as the denominator. 

 

NUM was joined to SUB by accession number. PRE confirmed primary-statement membership through the joint (adsh, tag, 

version) key, and TAG supplied the authoritative custom-tag indicator. The filters retained standard us-gaap facts with 

nonmissing values, uom=USD, and empty segments and coreg. Balance-sheet concepts required stmt=BS, inpth=0, qtrs=0, and 

ddate=SUB.period; income facts required IS placement and operating cash flow required CF placement. Duration had to equal 

the form’s fiscal-period focus: four quarters for annual forms and one, two, three, or four for Q1–Q4. These rules excluded 

segment members, co-registrants, parentheticals, and mismatched periods. 

 

Concepts followed a fixed priority map. Equity preferred 

StockholdersEquityIncludingPortionAttributableToNoncontrollingInterest; revenue preferred 

RevenueFromContractWithCustomerExcludingAssessedTax; and the prioritized cash measure used 

CashCashEquivalentsRestrictedCashAndRestrictedCashEquivalents when present, otherwise 

CashAndCashEquivalentsAtCarryingValue. Facts were not added merely because labels were similar. Twelve ratio families were 

computed without accounting-value imputation. Flow-to-ending-stock ratios were annualized by 4/qtrs; their names distinguish 

them from ratios based on average balance-sheet stocks. 
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Table 3. Ratio definitions, availability, and empirical distributions 

Ratio Formula n Coverage Median P05 P95 

Equity / 

ending assets 

Equity / 

assets 
5,212 95.88% 0.3798 -2.5014 0.9094 

Annualized 

net income / 

ending assets 

(Net income 

/ assets) × (4 

/ duration 

quarters) 

5,133 94.43% 0.0066 -2.1238 0.1640 

Annualized 

operating 

cash flow / 

ending assets 

(Operating 

cash flow / 

assets) × (4 / 

duration 

quarters) 

5,131 94.39% 0.0157 -1.2186 0.2061 

Liabilities / 

ending assets 

Liabilities / 

assets 
4,801 88.32% 0.5715 0.0393 3.3739 

Current ratio 

Current 

assets / 

current 

liabilities 

4,135 76.07% 1.7612 0.0660 13.2722 

Annualized 

asset 

turnover 

(Revenue / 

assets) × (4 / 

duration 

quarters) 

3,666 67.44% 0.5317 0.0027 2.1310 

Prioritized 

cash measure 

/ current 

liabilities 

Cash / 

current 

liabilities 

3,605 66.32% 0.5098 0.0106 7.2669 

Profit margin 
Net income / 

revenue 
3,524 64.83% 0.0173 -21.8142 0.4160 

Operating 

cash flow 

margin 

Operating 

cash flow / 

revenue 

3,511 64.59% 0.0827 -11.3928 0.5707 

Operating 

margin 

Operating 

income / 

revenue 

3,029 55.72% 0.0209 -25.4940 0.3403 

Receivables / 

current assets 

Receivables / 

current assets 
2,543 46.78% 0.2137 0.0050 0.6419 

Inventory / 

current assets 

Inventory / 

current assets 
2,062 37.93% 0.2255 0.0088 0.6530 

Note. Flow-to-stock ratios are annualized by 4/qtrs. Percentiles are computed over available filings. 
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Figure 1. Guarded architecture from SEC facts to selectively released evidence cards 

Note. Deterministic context and calculation checks precede statistical screening and explanation release. 

 

At least one computable ratio and a valid filing date were required for the 5,436-filing ratio cohort. Availability ranged from 

95.88% for equity to ending assets to 37.93% for inventory share. The anomaly cohort separately required an original 10-K, 

current-period assets, liabilities, and equity, and at least four observed model features; 3,612 filings remained. Figure 2 records 

both branches and their test blocks. 
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Figure 2. Cohort construction from eligible submissions to numerical questions and anomaly testing 

Note. Ratio and anomaly branches apply different eligibility criteria. 

 

3.2 Observable target and time-ordered evaluation 

For filing i, reported assets were denoted by Aᵢ, liabilities by Lᵢ, and selected equity by Eᵢ. The symmetric reconciliation residual 

was: 

 

rᵢ = |Aᵢ - (Lᵢ + Eᵢ)| / max(|Aᵢ|, |Lᵢ + Eᵢ|, 1). 

 

The event indicator equaled one only when rᵢ > 0.005 and the absolute difference exceeded $1,000. The fixed rule identified 461 

exceptions among 3,612 filings (12.76%). This outcome is a structured-data reconciliation signal. It is not a fraud, default, 

bankruptcy, enforcement, or financial-distress label. 

 

The feature matrix excluded assets, liabilities, equity, their direct ratios, the residual, and every assets-denominated feature. 

Fourteen predictors remained: current ratio, cash ratio, profit margin, operating margin, operating-cash-flow margin, inventory 

share, receivables share, log absolute revenue, fact coverage, log presentation-line count, presentation-row custom-tag share 

from TAG, statement count, filing lag, and SIC division. For modeling only, current and cash ratios were clipped to [−20, 100]; the 

five margin/share features to [−20, 20]; filing lag to [−3,650, 3,650]; and SIC division to [0, 9]. Table 3 reports unclipped ratio 

distributions. Median imputation was fit on training data only. 

 

Filings were ordered by SEC acceptance timestamp. Training contained 2,178 filings accepted from January 8 through March 11; 

calibration contained 675 filings accepted March 12–24; and testing contained 759 filings accepted March 25–31. Event 

prevalence rose from 9.69% to 15.85% and 18.84%, respectively. The shift was retained rather than erased through random 

sampling. 

 



Numerical-Reasoning-Guarded Financial Statement Agents: Auditable Ratio Analysis, Anomaly Detection, and Selective Filing-

Consistency Explanations 

Page | 10  

Table 4. Chronological model-evaluation splits 

Split Filings Entities Events Event rate Start End 

Train 2,178 2,178 211 9.69% 2026-01-08 2026-03-11 

Calibration 675 675 107 15.85% 2026-03-12 2026-03-24 

Test 759 759 143 18.84% 2026-03-25 2026-03-31 

Note. Splits follow SEC acceptance timestamps; no filing appears in more than one block. 

 

LightGBM, logistic regression, Isolation Forest, and a maximum robust-z baseline were compared. LightGBM used 300 trees, 

learning rate 0.03, 15 leaves, minimum child size 20, 0.90 row sampling on each boosting iteration, 0.90 feature sampling, L2 

penalty 1.0, balanced class weights, and seed 20260729. Isolation Forest used 400 trees, at most 512 training observations per 

tree, and the same seed. Isotonic calibration used only the calibration block; F1-maximizing calibration thresholds were then 

frozen. PR-AUC was primary. Secondary metrics were ROC-AUC, F1, precision, recall, Precision@143 (K equaled the 143 test 

events), precision in the top 5% queue (38 filings), Brier score, and 10-bin ECE. PR-AUC confidence intervals used 200 filing-level 

bootstrap samples. 

 

3.3 Numerical agents and evidence verification 

The ratio test block contained 1,088 filings. Every finite ratio with absolute value at most 10⁶ became a question-reference pair, 

producing 8,400 questions. The context-aligned engine computed the floating-point reference, while an independent Decimal 

program executed the recorded operands, operation, and duration. The guarded agent released an answer only when both 

contexts had one distinct candidate value after four-decimal normalization, both exact tuples were found again in NUM, the 

denominator was valid, Decimal recomputation matched the reference, and the absolute result did not exceed 100. The 

unguarded ablation still used standard U.S.-GAAP, consolidated, USD facts but selected the first values without statement, 

period, or duration resolution. 

 

Tolerance-based numeric match required |prediction − reference| ≤ max(10⁻⁸, 10⁻⁶|reference|). End-to-end match treated 

abstentions as failures. Structured numerical support required exact tuple re-query, formula reproduction, and agreement with 

the strict context-selected operands. Each numerical record retained accession, CIK, tag, version, date, duration, unit, segment, 

co-registrant, operand value, tolerance, formula, and verification fields. Each model-selected card additionally retained the 

calibrated score, threshold, three reconciliation facts, and both verification results. 

 

4. Results and Discussion 

4.1 Ratio coverage and numerical reliability 

Equity to ending assets was available for 5,212 filings (95.88%), annualized net income to ending assets for 5,133 (94.43%), 

annualized operating cash flow to ending assets for 5,131 (94.39%), and liabilities to ending assets for 4,801 (88.32%). Current 

ratio coverage was 76.07%; receivables and inventory shares were available for 46.78% and 37.93%. Figure 3 shows all twelve 

ratios. 
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Figure 3. Availability of the twelve context-aligned financial ratios 

Note. Coverage uses the 5,436-filing ratio cohort. 

 

The raw distributions were heterogeneous. Median current ratio was 1.7612, with fifth and ninety-fifth percentiles 0.0660 and 

13.2722. Median liabilities to ending assets was 0.5715 and its ninety-fifth percentile was 3.3739. Profit margin had median 

0.0173 and fifth percentile −21.8142. Missing ratios were not replaced with zero, and an extreme filed ratio was not itself labeled 

a reconciliation exception. 

 

The context-aligned engine and Decimal calculator answered all 8,400 questions and attained 100% tolerance-based match. 

Independent Decimal execution differed from the floating-point reference by a mean relative error of 1.85 × 10⁻¹⁹. The guarded 

agent released 7,827 answers (93.18% coverage), all matched and structurally supported. The unguarded method answered 

8,370 questions; match was 20.51% among answers and 20.44% end to end, with median relative error 0.2492. Its actual raw 

operands were re-queried, and 19.09% of answered outputs met the strict context-and-formula support criterion. 
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Table 5. Aggregate numerical-agent evaluation 

Method Answered Coverage 

Tolerance 

match | 

answered 

End-to-end 

match 

Median rel. 

error 

Structured 

support 

Context-

aligned XBRL 

engine 

8,400 100.00% 100.00% 100.00% 0.0000 100.00% 

Decimal 

calculator 

agent 

8,400 100.00% 100.00% 100.00% 0.0000 100.00% 

Deterministic

ally guarded 

agent 

7,827 93.18% 100.00% 93.18% 0.0000 100.00% 

Unguarded 

first-fact 

agent 

8,370 99.64% 20.51% 20.44% 0.2492 19.09% 

Note. Each method received 8,400 questions. Tolerance match | answered excludes abstentions; end-to-end match counts them 

as failures. Structured support requires exact tuple re-query, formula reproduction, and strict context agreement. 

 

Guarded coverage was 100% for inventory and receivables shares, 99.85% for the cash ratio, 99.54% for current ratio, and 98.89% 

for liabilities to ending assets. It was 85.33% for equity to ending assets, 84.58% for annualized net income to ending assets, and 

71.19% for profit margin. Among 573 abstentions, 460 reflected nonunique contexts and 113 exceeded the magnitude gate. 

Every released ratio family retained 100% match; unguarded end-to-end match ranged from 14.35% to 26.96%. 

 

Table 6. Numerical reliability by ratio family 

Ratio Questions Guarded coverage 
Guarded end-to-

end match 

Unguarded end-to-

end match 

Annualized asset 

turnover 
575 96.87% 96.87% 20.35% 

Annualized 

operating cash flow 

/ ending assets 

963 99.79% 99.79% 20.98% 

Annualized net 

income / ending 

assets 

966 84.58% 84.58% 19.57% 

Prioritized cash 

measure / current 

liabilities 

669 99.85% 99.85% 14.35% 

Current ratio 873 99.54% 99.54% 26.12% 

Equity / ending 

assets 
1,036 85.33% 85.33% 17.28% 

Inventory / current 

assets 
336 100.00% 100.00% 18.15% 

Liabilities / ending 

assets 
994 98.89% 98.89% 26.96% 
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Ratio Questions Guarded coverage 
Guarded end-to-

end match 

Unguarded end-to-

end match 

Operating cash flow 

margin 
540 92.59% 92.59% 18.52% 

Operating margin 497 91.75% 91.75% 18.51% 

Profit margin 538 71.19% 71.19% 19.70% 

Receivables / 

current assets 
413 100.00% 100.00% 19.13% 

Note. Context-aligned and Decimal methods achieved 100% end-to-end tolerance match for every ratio family. 

 

Independent Decimal execution preserved 100% match. The uniqueness and magnitude gates retained zero-error answers while 

reducing coverage by 6.82 percentage points; tuple and formula checks verified every released record. 

 

4.2 Reconciliation-exception screening 

LightGBM provided the strongest time-ordered discrimination. Test PR-AUC was 0.6780 (95% bootstrap CI [0.6025, 0.7421]), 

compared with a test prevalence of 0.1884, and ROC-AUC was 0.8495. At the frozen 0.3333 threshold, precision was 0.6866, 

recall 0.6434, and F1 0.6643. Precision@143 was 0.6503; precision among the top 38 scores was 0.8947. Brier score was 0.0911 

and ECE 0.0125. Figure 4 shows the precision-recall curves. 

 

Table 7. Time-ordered test performance for reconciliation-exception screening 

Method 
PR-AUC 

[95% CI] 

ROC-

AUC 
F1 

Precisio

n 
Recall P@143 P@5% Brier ECE 

LightGB

M 

0.678 

[0.603, 

0.742] 

0.849 0.664 0.687 0.643 0.650 0.895 0.091 0.012 

Logistic 

regressi

on 

0.291 

[0.246, 

0.351] 

0.707 0.431 0.305 0.734 0.287 0.316 0.143 0.037 

Isolation 

Forest 

0.197 

[0.170, 

0.232] 

0.526 0.328 0.197 0.979 0.119 0.079 0.152 0.013 

Robust 

z-score 

0.190 

[0.167, 

0.220] 

0.505 0.318 0.190 0.993 0.126 0.105 0.153 0.011 

Note. n = 759; events = 143; prevalence = 0.188. P@5% uses the 38 highest scores. Confidence intervals use 200 filing-level 

bootstrap samples. 
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Figure 4. Precision-recall comparison on the chronological test block 

Note. The dashed reference equals the 0.1884 test prevalence. 

 

Logistic regression reached PR-AUC 0.2908 and ROC-AUC 0.7066; precision was 0.3052 at 0.7343 recall. Isolation Forest reached 

PR-AUC 0.1968 and ROC-AUC 0.5263; 0.9790 recall required 0.1969 precision. The robust-z baseline produced PR-AUC 0.1898 

and ROC-AUC 0.5046. The unsupervised methods therefore formed broad, low-precision queues near the no-skill prevalence. 

 

Isotonic calibration reduced LightGBM Brier score from 0.1199 to 0.0911 and ECE from 0.1119 to 0.0125. Logistic Brier score fell 

from 0.2539 to 0.1430 and ECE from 0.3238 to 0.0370. Figure 5 shows the reliability curves. Isolation Forest and robust z had low 

calibrated ECE (0.0130 and 0.0110) despite near-baseline ranking, so calibration and discrimination must be interpreted 

separately. 

 

Table 8. Probability calibration results 

Method Probability stage Brier score ECE (10 bins) 

LightGBM Raw 0.1199 0.1119 

LightGBM Isotonic 0.0911 0.0125 

Logistic regression Raw 0.2539 0.3238 

Logistic regression Isotonic 0.1430 0.0370 

Isolation Forest Isotonic 0.1525 0.0130 

Robust z-score Isotonic 0.1531 0.0110 

Note. Isotonic mappings were fit only on the chronological calibration block. 
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Figure 5. Reliability curves after chronological calibration 

Note. Point size represents the number of test filings in each probability bin. 

 

Figure 6 orders cases by 2|p − 0.5| and measures error with a 0.5 decision boundary; it is separate from the frozen 0.3333 

operating threshold. LightGBM maintained the lowest selective risk across most coverage levels. This empirical pattern is limited 

to the observed window and calibration block of 675 filings and 107 events. 
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Figure 6. Selective risk as a function of retained coverage 

Note. Cases are ordered by 2|p − 0.5| and classified at 0.5; lower risk means fewer retained errors. 

 

4.3 Ablations, feature interpretation, and error analysis 

The full 14-feature model had the numerically highest PR-AUC point estimate, 0.6780; metadata only reached 0.6747, with 

overlapping bootstrap intervals. Removing presentation features reduced PR-AUC to 0.5420, and ratios only reached 0.4100. 

Metadata-only precision in the top 5% was 0.9474, but the full model had higher F1, recall, Precision@143, and better Brier score 

and ECE. Metadata and filing-structure variables provided more discriminative information than the operating ratios alone. 

 

Table 9. LightGBM feature-set ablation 

Feature 

set 
p PR-AUC 

ROC-

AUC 
F1 

Precisio

n 
Recall P@5% Brier ECE 

Full 

feature 

set 

14 0.678 0.849 0.664 0.687 0.643 0.895 0.091 0.012 

Metadat

a only 
7 0.675 0.852 0.627 0.714 0.559 0.947 0.094 0.043 

No 

presenta

tion 

features 

10 0.542 0.781 0.595 0.571 0.622 0.737 0.108 0.028 

Ratios 

only 
7 0.410 0.757 0.496 0.425 0.594 0.579 0.132 0.046 

Note. All variants use identical chronological splits, calibration logic, and test filings. 
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Presentation-line count was the most frequently used LightGBM feature, followed by presentation-row custom-tag share, 

revenue scale, operating-cash-flow margin, profit margin, and current ratio. These split importances describe model use, not 

causal effects. Figure 7 presents the full ranking. 

 
Figure 7. LightGBM split importance for the full feature set 

Note. Split counts indicate model use and do not establish causal effects. 

 

The test set contained 733 nonaccelerated filers and 142 of the 143 exceptions. Their PR-AUC was 0.6845, precision 0.6970, recall 

0.6479, and ECE 0.0145. The large accelerated group had nine filings and one event; the accelerated group had 17 filings and no 

events. Table 10 reports all groups, while Figure 8 plots only groups with defined PR-AUC. The smaller samples cannot support 

stable comparisons. 

 

Table 10. LightGBM test results by accelerated-filer-status group 

Group n Events Rate PR-AUC Recall Precision ECE 

Large 

accelerated 

filer 

9 1 11.11% 0.500 0.000 0.000 0.052 

Accelerated 

filer 
17 0 0.00% — 0.000 0.000 0.136 

Nonacceler

ated filer 
733 142 19.37% 0.684 0.648 0.697 0.014 

Note. The two accelerated-filer groups are too small for stable comparative conclusions. 
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Figure 8. LightGBM PR-AUC by accelerated-filer-status group 

Note. The plot includes only groups with defined PR-AUC; Table 10 reports all groups. 

 

The target audit confirmed that all 461 positives arose from the component equation. No filing crossed the direct Assets versus 

LiabilitiesAndStockholdersEquity threshold, and the current-assets and current-liabilities hierarchy checks also returned zero. 

Two filings had nonpositive assets, but that diagnostic was not relabeled as a component reconciliation outcome. Original 10-K 

restriction made the amendment count zero by construction. 

 

Table 11. Deterministic observable-flag audit 

Observable check Filings Rule 

Amended form 0 Form name ends in /A 

Direct balance equation 0 

|Assets - LiabilitiesAndEquity| / 

max(|Assets|, |Liabilities + Equity|, 1) 

> 0.5% 

Component balance equation 461 

|Assets - (Liabilities + Equity)| / 

max(|Assets|, |Liabilities + Equity|) > 

0.5% and absolute residual > $1,000 

Current-assets hierarchy 0 
Current assets > 101% of total 

assets 

Current-liabilities hierarchy 0 
Current liabilities > 101% of total 

liabilities 

Nonpositive assets 2 Assets ≤ 0 

Note. Only the component balance equation defines the modeled outcome. 
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At the selected threshold, 574 of 616 nonexception filings were left out of the queue and 42 were false alerts. Of 143 exceptions, 

92 were prioritized and 51 were missed. The resulting 134 cards comprised those 92 events and 42 nonevents; all 134 passed 

tuple and formula verification before release. 

 

Table 12. LightGBM test confusion matrix at the frozen threshold 

Observed outcome Not queued Queued 

No observed exception 574 42 

Observed exception 51 92 

Note. The operating threshold was selected on calibration data and fixed before test evaluation. 

 

Figure 9 shows score separation with remaining overlap. Because the target is a cheap deterministic function of three available 

facts, LightGBM is a secondary association experiment, not a substitute for computing the identity. Its value is descriptive 

prioritization; the deterministic reconciliation result remains authoritative. 

 
Figure 9. LightGBM calibrated-score distributions by observed test outcome 

Note. The frozen decision threshold was 0.3333. 

 

The complete archive-to-output run finished in 62.10 seconds and used 542.91 MB of peak resident memory. Archive extraction 

took 2.21 seconds, metadata loading 4.69 seconds, alignment and ratios 28.21 seconds, modeling 13.38 seconds, and numerical-

agent evaluation 13.52 seconds on one machine using two model worker threads. 
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Table 13. Runtime and memory profile 

Phase Seconds Peak RSS (MB) 

Extract Archive 2.21 — 

Load Metadata 4.69 — 

Context Alignment And Ratios 28.21 — 

Model Training And Evaluation 13.38 — 

Numerical Agent Evaluation 13.52 — 

Total 62.10 — 

Peak resident memory — 542.91 

Note. Timings were recorded by the reproduction script on one machine; model estimators used two worker threads. 

 

Together, the experiments demonstrate complementary safeguards. Context-aware calculation prevented errors caused by 

omitting statement, period, and duration resolution; evidence verification made released numbers reproducible; and supervised 

models quantified associations between independent filing features and reconciliation outcomes. None establishes misconduct 

or future failure. Taxonomy choice, entity structure, presentation, or extraction can produce a residual even when audited 

statements are not erroneous. Substantive judgment remains with the reviewer. 

 

5. Conclusions 

The SEC 2026 Q1 archive enabled an end-to-end evaluation of guarded financial-statement analysis. Strict context alignment 

produced 5,436 ratio filings and 3,612 original 10-K filings for reconciliation screening. The unguarded ablation attained 20.44% 

end-to-end numeric match; the context engine and independent Decimal calculator matched all 8,400 references. Deterministic 

verification retained tuple-supported answers at 93.18% coverage. 

 

LightGBM achieved test PR-AUC 0.6780, ROC-AUC 0.8495, F1 0.6643, Brier score 0.0911, and ECE 0.0125 under a time-ordered 

prevalence shift. Isolation Forest and robust-z screening obtained high recall only through broad, low-precision queues. The full 

feature set had a numerically higher PR-AUC point estimate than metadata alone and delivered the best balance of threshold-

based performance and calibration. 

 

The conclusions are limited to one observable outcome and one quarterly release. A reconciliation exception is not fraud, 

bankruptcy, default, or a validated measure of corporate risk. The test block covered one week, prevalence changed over time, 

isotonic calibration used 107 events, and two filer groups were too small for stable comparison. The deterministic identity is 

simpler and authoritative once its three operands are available; model results describe association and queue ordering. Within 

these limits, calculation guards and evidence verification produced auditable numbers, while every selected review card 

preserved its source facts, formula, score, threshold, and verification state. 
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