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Abstract

Financial institutions need an independent
way to detect missing, stale, and mis-
classified corporate-event records in ven-
dor databases. We introduce SEARCH-TO-
RECORD, a database-assurance task in which
search-enabled large language models recon-
struct institution-defined event records from
public sources for a known security universe
and historical cutoff, and DELISTBENCH,
a 1,200-record benchmark for security-level
delisting announcements. We evaluate five
models in paired closed-book and web-enabled
conditions. Web access raises announcement-
date accuracy within seven days by 34.0–48.0
percentage points and event-status accuracy by
approximately 2.8–21.7 points; the best system
achieves 81.5% overall joint accuracy within
seven days. Economy web systems achieve
75.9–78.3% overall joint accuracy within seven
days at 4.5–6.6% of the API cost of the most
expensive web system. Risk-based triage iden-
tifies low-error subsets, although the highest-
coverage operating point still sends 27.3% of
the balanced test set to review. The eval-
uation identifies web retrieval as the main
source of timing gains and shows that low-
cost systems can approach the best system’s
accuracy. Together, SEARCH-TO-RECORD,
DELISTBENCH, and the evaluation provide
concrete deployment guidance: calibrate triage
to local event prevalence and market mix, pre-
serve positive-event recall, and route posi-
tive and ambiguous cases to targeted review.
DELISTBENCH is publicly available at https:
//github.com/tj-zyyyyyyy/DelistBench.

1 Introduction

Financial institutions maintain a security master
that identifies the issuers, securities, listings, ex-
changes, and identifiers in scope. Corporate-event
histories attached to that universe are often pur-
chased from global data vendors. The central oper-
ational uncertainty is therefore not usually which

companies exist; it is whether the event database is
complete, accurate, timely, and consistent with the
institution’s definition. Coverage gaps may be con-
centrated in small markets, local-language disclo-
sures, cross-listed securities, or event types whose
procedural boundaries differ across exchanges.

An independent public-source audit is expensive.
For every target listing, an analyst may need to lo-
cate exchange and issuer notices, distinguish a for-
mal action from a warning, identify the announce-
ment rather than effective date, map the stated rea-
son, and retain an evidence trail. Search-enabled
large language models (LLMs) can perform these
steps at low API cost, but fluent output is not nec-
essarily database-ready. A model can retrieve the
correct company but wrong listing, project a later
event backward across a historical cutoff, or return
a plausible date unsupported by its citations.

We study this setting as closed-universe, open-
event-status completion. The target identity and
cutoff are known; the existence and contents of a
qualifying event record are not. We instantiate the
task with delisting announcements, whose security-
level scope, heterogeneous reasons, and easily con-
fused procedural dates create a demanding test of
retrieval and temporal adjudication.

Our contributions are:

• We formulate SEARCH-TO-RECORD (S2R),
an auditable database-assurance task that re-
constructs institution-defined event records in-
dependently of a vendor feed.

• We construct and will publicly release
DELISTBENCH, a 1,200-record benchmark
with balanced positive, later-event, and still-
listed strata, public evidence, and issuer-
family-disjoint splits.

• We compare five model families in paired
closed-book and web-enabled conditions
across accuracy, evidence, cost, and latency,
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and evaluate risk-based acceptance under both
the balanced benchmark and a low-prevalence
deployment framing.

2 Related Work

Financial event extraction. Financial event ex-
traction typically assumes a supplied document.
DCFEE extracts document-level events (Yang et al.,
2018); fine-grained resources annotate business-
news triggers and arguments (Jacobs and Hoste,
2020); and FinReason targets reasons in company
announcements (Chen et al., 2021). S2R instead
includes retrieval and listing resolution and returns
a database record rather than an event mention.

Search-grounded language models. WebGPT
and ReAct established browser-assisted answer-
ing and interleaved tool use (Nakano et al., 2022;
Yao et al., 2023). FreshLLMs and RealTime QA
study retrieval for changing facts (Vu et al., 2024;
Kasai et al., 2023); financial RAG benchmarks
instead provide a bounded document collection
(Lithgow-Serrano et al., 2025). Recent financial
deep-research benchmarks study corporate analysis
and forecasting (Zhu et al., 2025; Li et al., 2026).
We use the open web but fix the target identity,
event definition, and historical cutoff.

Evidence and selective prediction. ALCE eval-
uates citation quality (Gao et al., 2023), while
LongFact decomposes claims for search-based
verification (Wei et al., 2024). Selective clas-
sification trades coverage for lower error (Geif-
man and El-Yaniv, 2017); risk-control procedures
can provide finite-sample guarantees under ex-
plicit assumptions (Bates et al., 2021). Our
calibrated-acceptance threshold enforces an empir-
ical calibration-set criterion, not a formal test-set
guarantee.

3 Methodology

3.1 Search-to-Record Task

An S2R input is

xi = (ei, si, vi, ci, zi, Ti), (1)

where ei is the issuer, si the security, vi the target
venue, ci the country, zi an optional stable identi-
fier, and Ti the cutoff. The system returns

ŷi = (qi, di, ri, Ei, ui), (2)

where qi ∈ {yes, no, unknown} is status at the cut-
off, di the formal announcement date, ri a normal-
ized reason, Ei claim-level evidence, and ui uncer-
tainty. Date and reason are null unless qi = yes.

The same output supports several database-
assurance decisions: a missing vendor event, a
stale update, an incorrect date or reason, an event
attached to the wrong listing, or confirmation that
no qualifying event existed by the cutoff. The ven-
dor record is not shown to the evaluated model;
public reconstruction therefore provides an inde-
pendent comparison rather than a paraphrase of the
incumbent feed.

Delisting event definition. A positive requires a
publicly disclosed formal decision, approved appli-
cation, exchange determination, filed withdrawal,
or completed delisting action directed at the spec-
ified security and venue. A deficiency warning,
cure period, possible delisting, suspension, last-
trading date, effective date without a qualifying
disclosure, or action concerning another listing
is insufficient. Later reversal or continued trad-
ing does not invalidate a qualifying historical ac-
tion. Current pages may reconstruct history, but
the canonical date is the first qualifying public dis-
closure identified during benchmark construction,
not the page-publication or effective-removal date.
This makes later-event projection a first-class error
rather than treating all retrieved delisting content
as relevant.

3.2 DelistBench
We instantiate SEARCH-TO-RECORD as cutoff-
aware reconstruction of security-level delisting an-
nouncements. Figure 2 summarizes the resulting
DELISTBENCH benchmark and evaluation proto-
col.

Benchmark construction and diagnostic strata.
DELISTBENCH contains 1,200 records divided
evenly among three diagnostic strata, as illustrated
in Figure 2. Stratum A contains 400 positive-
completion records for which a qualifying delisting
announcement occurred on or before the cutoff.
Stratum B contains 400 future-announcement neg-
atives: no qualifying formal delisting action had
been disclosed by the cutoff, but a qualifying an-
nouncement was issued only after the cutoff. Stra-
tum C contains 400 active controls for which no
qualifying formal delisting action was identified for
the exact listing at any time through the observa-
tion date of 6 August 2026. Although B and C both
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Figure 1: The five-stage SEARCH-TO-RECORD workflow: retrieve public evidence for a known target, apply
cutoff-aware adjudication, construct a record, and route it to acceptance or review.

have gold status no, they represent fundamentally
different failure modes.

The announcement candidates span 59 issuer
countries. Of the full benchmark, 38.2% are from
the United States and Canada, 26.3% from Asia–
Pacific, 26.3% from Europe, 4.8% from Africa and
the Middle East, and 4.4% from Latin America and
the Caribbean. Country is descriptive; evaluation
remains listing- and venue-specific. Candidate A/B
events originate from a licensed corporate-event
source used only for discovery and internal audit.
Release labels are reconstructed from permissible
public evidence, and licensed text is not sent to
evaluated APIs. Category C records are matched on
geography, industry, name shape, and approximate
difficulty. No qualifying formal delisting action
was identified for the exact listing through 6 August
2026, and the listing remained active on that date.

Label construction and provenance. Each
record is built in the same sequence. A candidate
issuer–security–venue triple is drawn from the li-
censed source (A and B) or matched as a control
(C). Annotators then locate public evidence for the
exact listing: exchange notices, issuer announce-
ments, regulatory filings, and, where necessary,
archived copies of these pages. Two annotators,
each holding at least a bachelor’s degree from a
finance-related programme or a professional certifi-

cation, independently re-annotated disjoint samples
of 100 records each (200 records in total) against
the same event definition. Every released record
carries its stratum, canonical date, disclosure type,
broad reason, difficulty, and public-evidence refer-
ences with access dates, so that any label can be
re-adjudicated from the cited evidence. The bench-
mark is thus auditable in the same sense the task
demands of the evaluated systems.

The cutoff is 2020-12-31, with a 180-day exclu-
sion buffer on each side to reduce boundary insta-
bility. Records use issuer-family-disjoint, stratified
splits: 600 for risk-model training, 300 for thresh-
old calibration, and 300 for locked testing. Gold
stratum, event date, reason, difficulty, and internal
evidence never enter model prompts.

3.3 Evaluation Protocol and Experimental
Setup

Evaluation metrics. As summarized in Figure 2,
decision accuracy is evaluated over all 1,200
records. Date and broad-reason accuracy are evalu-
ated over all 400 A records, including missed posi-
tives. Joint correctness requires the correct decision
for every record and, for A, an announcement date
within the stated tolerance together with the correct
broad reason. A correct no decision is sufficient
for B and C. Invalid outputs and abstentions count
as errors.
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Figure 2: Overview of the DELISTBENCH design and evaluation protocol. The three balanced strata distinguish
positive completion (A) from future-event negatives (B) and still-listed negatives (C). Levels 0–2 define hierarchical
record correctness, while evidence quality, retrieval cost, latency, and review requirements are evaluated separately.
The 59-country count describes the announcement-candidate pool, and the human-review panel includes an
independent reliability check. Evaluation remains listing- and venue-specific.

Model Reasoning Max Web mode

GPT-5.6 Luna low 4,096 native
DeepSeek V4 Pro high 8,192 server-side
Gemini 3.6 Flash default 8,192 native
DeepSeek V4 Flash off 4,096 server-side
Gemini 3.5 Flash-Lite medium 4,096 native

Table 1: Model configurations. Every model is evalu-
ated in closed and web conditions; reasoning policy is
fixed within each pair. Max denotes output-token limit.

Because joint accuracy can be inflated by con-
servative no answers, we also report A-only date
and reason metrics. Evidence quality, cost, and
latency are evaluated separately and do not enter
hierarchical correctness.

Model configurations. All ten systems used the
standard service tier, the same record-level schema,
and one retained response per record. Closed and
web arms differed in retrieval/evidence instructions
and web access; other within-model settings were
fixed. The within-model contrast estimates the
configured web effect, whereas cross-model re-
sults compare complete systems rather than equal-
compute architectures.

Structured-output enforcement differed: OpenAI

and Gemini used provider-native schemas, while
DeepSeek used prompt-constrained JSON with lo-
cal validation.

Costs use observed API usage and public list
prices accessed on 11 August 2026 and exclude
engineering, infrastructure, and human review. La-
tency is request wall time.

Risk-based review routing. For each system and
correctness target, an L2-regularized logistic regres-
sion predicts record error from model confidence,
schema validity, abstention, citation count, latency,
answer length, and provider-reported search re-
quests. Gold fields, category, proprietary identi-
fiers, and the independent evidence audit are ex-
cluded. On the 300-record calibration split, we
choose the largest predicted-risk threshold whose
empirical accepted-set error is at most 5%, then
apply it unchanged to the test split. Invalid outputs
and abstentions always route to review.

4 Results

4.1 Record Reconstruction Performance

Event-status accuracy. Table 2 shows that every
web-enabled system has higher status accuracy and
macro-F1 than its closed-book counterpart. The
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Model Cond. Accuracy Macro-F1 A-Prec. A-Recall B-FEPR C-FPR Abstain

GPT-5.6 Luna Closed 81.6 80.8 71.7 79.0 18.5 12.8 2.2
Web 93.8 92.9 98.2 83.0 1.0 0.5 0.4

DeepSeek V4 Pro Closed 82.9 82.2 69.2 89.8 25.0 15.0 0.7
Web 94.7 94.1 99.1 85.0 0.8 0.0 0.9

DeepSeek V4 Flash Closed 73.2 64.9 77.0 33.5 9.2 0.8 2.6
Web 94.9 94.7 99.1 86.5 0.8 0.0 0.6

Gemini 3.6 Flash Closed 94.6 93.9 91.4 92.5 6.8 2.0 0.0
Web 97.3 97.0 99.2 92.8 0.8 0.0 0.1

Gemini 3.5 Flash-Lite Closed 85.4 83.5 88.2 67.5 5.8 3.2 2.2
Web 92.0 90.9 91.1 84.2 7.8 0.5 0.0

Table 2: Announcement-decision performance by benchmark category (%). Accuracy, macro-F1, and abstention
use all 1,200 records per system. A-precision and A-recall treat Category A as the positive class. B-FEPR is the
share of Category B records incorrectly predicted as having a qualifying announcement by the cutoff; C-FPR is the
corresponding false-positive rate among Category C controls with no qualifying announcement. Invalid outputs
and abstentions count as errors in accuracy and macro-F1. Best values across all ten systems are bold; ties after
rounding are retained.

Model Cond. Date exact Date ±7 Reason A joint exact A joint ±7 Overall joint ±7 $/1k Med. sec.

GPT-5.6 Luna Closed 3.0 7.5 49.0 2.5 5.8 57.2 1.03 5.12
Web 38.2 48.2 66.0 32.0 39.8 79.4 27.33 11.58

DeepSeek V4 Pro Closed 5.0 12.2 52.8 5.0 11.0 56.7 0.96 14.26
Web 39.5 49.0 66.2 31.5 38.0 79.0 7.30 21.22

DeepSeek V4 Flash Closed 0.2 1.8 23.2 0.2 1.5 62.6 0.06 1.47
Web 39.2 49.8 65.2 29.8 36.8 78.3 1.81 8.28

Gemini 3.6 Flash Closed 14.5 24.2 63.7 13.8 20.5 70.6 8.45 4.20
Web 46.0 58.2 71.8 36.2 45.2 81.5 11.83 6.27

Gemini 3.5 Flash-Lite Closed 5.2 12.5 50.7 4.5 10.8 66.5 1.38 1.06
Web 36.5 46.5 64.2 29.2 36.0 75.9 1.23 1.99

Table 3: Record-completion and operational results. Date, reason, and A-joint metrics use all 400 Category A
records, including misses. A-joint requires the correct positive status, date tolerance, and broad reason; overall
joint-±7 also includes B/C records, for which a correct negative status is sufficient. Cost is estimated per 1,000
records.

category-specific results are less uniform: A-recall
decreases by 4.8 pp for DeepSeek V4 Pro, and B-
FEPR increases by 2.0 pp for Gemini 3.5 Flash-
Lite. Nevertheless, web access reduces C-FPR for
every model and substantially reduces B-FEPR for
the other four. Gemini 3.6 Flash web achieves
the highest status accuracy, macro-F1, A-precision,
and A-recall.

Date and reason completion. The positive-event
metrics in Table 3 show larger gains in information
recovery. A-date-±7 accuracy increases by 34.0–
48.0 pp, while A-joint-±7 completion increases by
24.8–35.3 pp. Gemini 3.6 Flash web performs best,
but it still exactly dates only 46.0% of A records
and jointly recovers the decision, date within seven
days, and broad reason for only 45.2%. Web ac-
cess therefore addresses much of the information-
access problem without making positive records
reliably database-ready. This conclusion does not
depend on the ranking among systems: within ev-

ery model, the gap between web status accuracy
and web exact-date accuracy on positive records
is between 51 and 56 points, far larger than any
cross-model difference.

Overall joint accuracy remains vulnerable to
negative-class dominance and should therefore be
interpreted alongside A-specific date, reason, and
completion metrics.

Cost and latency. Table 3 shows that the highest-
priced web system is not the most accurate. Gemini
3.6 Flash achieves the highest A-joint-±7 comple-
tion while costing less than half as much per 1,000
records as GPT-5.6 Luna. The economy systems
occupy different points on the cost–performance
frontier: DeepSeek V4 Flash web is 3.0 pp below
GPT-5.6 Luna in A-joint-±7 completion while cost-
ing only 6.6% as much, whereas Gemini 3.5 Flash-
Lite is 3.8 pp below at 4.5% of the cost and has
the lowest web latency. These figures exclude ana-
lyst review, so API cost should not be interpreted
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Joint-exact failure Count Share

Date mismatch only 1,553 41.4%
Missed announcement 741 19.8%
Date + reason 712 19.0%
Future projection on B 305 8.1%
Reason mismatch only 171 4.6%
C false positive 139 3.7%
Abstention 115 3.1%
Analysis-invalid 14 0.4%

Table 4: Mutually exclusive inventory over 3,750 joint-
exact failures from all ten systems. Shares may not sum
to 100% because of rounding.

Table 5: Submitted-evidence protocol outcomes by web
system (%).

Predicted yes Predicted no

Model Pass Fail Unver. Pass Fail Unver.

Gemini 3.6 Flash 40.8 20.4 38.8 100.0 0.0 0.0
DeepSeek V4 Pro 55.6 0.0 44.4 93.3 1.9 4.8
GPT-5.6 Luna 60.0 0.0 40.0 74.3 1.9 23.8
Gemini 3.5 Flash-Lite 38.3 17.0 44.7 99.0 0.0 1.0
DeepSeek V4 Flash 72.1 0.0 27.9 75.7 1.9 22.4

Overall 52.8 7.9 39.3 88.3 1.1 10.6

Notes: For predicted yes, Pass includes Supported and Partially supported;
Fail includes Unsupported and No evidence. For predicted no, Pass addition-
ally includes No evidence, while Fail denotes Unsupported. Unver. denotes
Cannot assess. Percentages use sum-preserving rounding within each predic-
tion block; one unknown prediction is excluded.

as total deployment cost; lower evidence quality
or acceptance coverage may shift costs to manual
verification.

4.2 In-Depth Analysis

Error analysis. Date-only and date-plus-reason
errors constitute 60.4% of failures (Table 4), while
only 14 outputs across the ten 1,200-record system
runs are analysis-invalid. The main bottleneck is
thus not JSON production. It is identifying the
formal event stage, binding it to the target listing,
and preserving the cutoff.

Evidence audit. Codex, using OpenAI GPT-5.6
Sol with high reasoning effort, audited the evidence
submitted by the five web systems for the same 150
records (750 case–system packages). It assessed
the submitted URLs jointly for accessibility, exact
listing identity, cutoff relevance, and support for
the system’s own prediction. The audit used neither
benchmark labels nor replacement searches and did
not modify predictions or annotations.

As shown in Table 5, 52.8% of evidence pack-
ages for yes predictions passed the protocol, com-
pared with 88.3% for no predictions. This differ-
ence partly reflects the asymmetric protocol: af-
firmative predictions require supporting evidence,

whereas negative predictions are not failed solely
because no evidence was submitted. Unverifiable
indicates insufficient submitted evidence, not an
incorrect prediction. The results therefore support
manual review when evidentiary reliability is im-
portant.

For validation, two human analysts each rated a
different blinded sample of 100 packages using the
same codebook. Exact human–Codex agreement
on Pass, Fail, or Unverifiable was 156/200 pack-
ages (78.0%). Much of the disagreement reflected
a more conservative Codex threshold for assess-
ability: Codex classified 37 packages as Unverifi-
able, compared with 16 by the human reviewers.
Among the 160 packages for which both Codex and
the human reviewer rendered a Pass/Fail judgment,
agreement was 143/160 (89.4%). Thus, the lower
three-way agreement primarily reflects differences
in handling inaccessible or insufficient evidence
rather than opposing substantive judgments.

4.3 Risk-Based Acceptance and Review
Routing

The risk model identifies useful low-error subsets
at the mixed-case level. As shown in Table 6, Gem-
ini 3.6 Flash accepts 72.7% of test records with
3.7% error, while DeepSeek V4 Pro accepts 65.7%
with 2.5% error. GPT-5.6 Luna reaches 6.8% test
error despite the 5% calibration target, showing that
empirical calibration is not a test-set guarantee.

The Category A decomposition shows that the
low aggregate error is driven primarily by reli-
able negative screening. Only 2.1%–18.9% of
positive records are accepted, and their condi-
tional accepted-error rates remain 44.4%–70.6%.
Even Gemini 3.6 Flash produces only 10 joint-
exact, auto-accepted Category A records. These
results motivate a differentiated workflow rather
than uniform automation: low-risk negatives can
be cleared automatically, while predicted-positive
and ambiguous records receive additional verifi-
cation. The observed review shares describe the
balanced benchmark and should not be interpreted
directly as production review loads.

5 Deployment and Discussion

5.1 Deployment Calibration

The benchmark deliberately sets πA = πB =
πC = 1/3 to expose rare but consequential fail-
ures. A production security universe may contain
substantially fewer positive event-period tasks. If
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All records Category A

Web model Accept Cov. Err. Review Accept Cov. Err. Ready yield

GPT-5.6 Luna 177/300 59.0% 6.8% 41.0% 17/95 17.9% 70.6% 5.3%
DeepSeek V4 Pro 197/300 65.7% 2.5% 34.3% 9/95 9.5% 55.6% 4.2%
DeepSeek V4 Flash 83/300 27.7% 1.2% 72.3% 2/95 2.1% 50.0% 1.1%
Gemini 3.6 Flash 218/300 72.7% 3.7% 27.3% 18/95 18.9% 44.4% 10.5%
Gemini 3.5 Flash-Lite 106/300 35.3% 2.8% 64.7% 3/95 3.2% 66.7% 1.1%

Table 6: Joint-exact calibrated acceptance at a 5% empirical calibration-error target. Category A results are a
post-hoc decomposition of the same frozen acceptance decisions; thresholds are not refitted by category. Error is
measured among accepted test records. Ready yield is the share of all 95 Category A test records that are both
accepted and joint-exact correct. Best web-system values are bold.

rs(t) is the review rate in stratum s under threshold
t, the deployment review load is

Rdep(t) =
∑

s∈{A,B,C}
πdep
s rs(t). (3)

Consequently, the 27.3% minimum review rate ob-
served on the balanced test set is not a produc-
tion estimate. If readily resolved no-event records
dominate the universe, the overall review load
may be substantially lower even when predicted-
positive candidates receive intensive verification.
This prevalence effect does not resolve the high
Category A error rates in Table 6; instead, it can
make targeted positive verification operationally af-
fordable. It reduces human-review and conditional-
escalation costs, although the initial inference cost
over the full universe remains.

This prevalence effect must not be used to hide
missed events. A production policy should be se-
lected under simultaneous constraints such as

Rdep ≤ 5%, RecallA ≥ γ,

Erraccept ≤ δ.
(4)

These constraints apply to the same unified risk
score and threshold; they do not imply category-
specific models or thresholds. The recall constraint
prevents a low review rate from being achieved
by overlooking positive events, while the accepted-
error constraint controls the reliability of records
cleared without review. The post-hoc Category A
decomposition in Table 6 remains an additional
safety diagnostic, revealing whether acceptable ag-
gregate performance is driven primarily by easy
negative records.

Because the logistic target is output correctness
rather than event occurrence, matching only the
delist/no-delist ratio is insufficient. Calibration
must also reflect market, language, source accessi-
bility, identifier quality, and the mixture of ordinary

and temporally difficult negatives. A practical ap-
proach is to train the error ranker on the balanced
benchmark, then calibrate probabilities and choose
thresholds on a representative institutional sample.
When only the target mixture is known, one can
use stratum weights ws = πdep

s /πbench
s , followed

by prospective validation.
This framing positions the system as a risk-

adaptive verification workflow. Low-risk records
can be cleared after the initial pass; medium-risk
cases can trigger additional official-source retrieval,
deterministic timeline checks, an independent ver-
ifier, or a stronger model; and unresolved high-
risk cases can be reserved for human review. The
pipeline therefore complements vendor data by au-
diting a known security universe and prioritizing
scarce analyst attention, without treating uncertain
positive records as database-ready.

5.2 Operational Implications

Detection versus record completion. The best
web system reaches 97.3% decision accuracy but
only 46.0% exact date accuracy on A. LLM-plus-
search is therefore closer to high-quality candidate
detection than to unattended complete-row gen-
eration. Separating status risk from conditional
date/reason risk is a promising deployment design.

Geographic subgroup analysis. Country perfor-
mance is a subgroup analysis of the fixed 1,200-
record benchmark rather than an additional model
run. Table 7 reports representative status and
positive-completion metrics. The announcement-
candidate pool spans 59 issuer countries; the final-
ized input-country field used for this subgroup anal-
ysis contains 51 country values, with the United
States, United Kingdom, and Canada accounting
for 65.4% of the records. To reduce instability,
Panel A includes countries with at least 20 records,
while Panel B additionally requires at least 10 Cat-
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Panel A: Announcement-status performance
Country n A/B/C Closed macro-F1 Web macro-F1 Closed A-recall Web A-recall

United States 300 90/109/101 86.5 91.9 78.4 80.2
United Kingdom 255 85/88/82 82.7 95.1 74.1 88.9
Canada 230 79/74/77 76.6 92.3 65.3 81.8
Australia 35 11/13/11 81.3 95.3 74.5 90.9
Japan 33 5/18/10 73.9 95.2 68.0 88.0
Switzerland 31 11/9/11 83.5 98.6 81.8 98.2
Sweden 29 5/13/11 84.3 96.2 88.0 100.0
Finland 22 7/6/9 89.4 100.0 85.7 100.0

Panel B: Positive-record joint completion
Country A n Closed exact Web exact Closed ±7 Web ±7

United States 90 18.0 45.6 28.4 55.8
United Kingdom 85 2.8 27.3 6.6 30.6
Canada 79 0.5 31.9 2.0 40.3
Australia 11 0.0 16.4 3.6 27.3
Switzerland 11 0.0 29.1 1.8 43.6

Table 7: Country-level performance (%), macro-averaged across the five models within each condition. Panel A
includes countries with at least 20 benchmark records and reports status macro-F1 and Category A recall. Panel B
additionally requires at least 10 Category A records and evaluates joint recovery of status, date, and broad reason on
positive records only. Country denotes the benchmark country field supplied to the systems and is distinct from
exchange country.

egory A records. Web-enabled systems improve
status macro-F1 and Category A recall in every
displayed country, but web joint-±7 completion
still ranges from 27.3% to 55.8%. Because country
is correlated with language, source accessibility,
exchange coverage, identifier quality, and event
composition, these results should be interpreted as
descriptive heterogeneity diagnostics rather than
causal country effects or stable country rankings.

Beyond delisting. The SEARCH-TO-RECORD

recipe is largely independent of the event type.
The input tuple, the historical cutoff, the require-
ment for claim-level public evidence, the three-
strata design with later-event negatives, and the
hierarchical status–date–reason metrics transfer un-
changed. What is event-specific is the definition
of a qualifying formal action and the reason tax-
onomy. Delisting was chosen first because its
procedural stages (warning, decision, last trading
day, removal) are easily confused, which makes
it a demanding test of date adjudication. Corpo-
rate events with the same announcement-versus-
effective-date structure, such as tender offers and
mergers, bankruptcy filings, and index inclusions
or exclusions, are natural next instantiations; events
without a discrete formal announcement fit the
recipe less well.

Institutional use. The intended use is not vendor
replacement. It is an independent quality-assurance
layer that flags missing, stale, or definition-

misaligned records; reconstructs permissible public
evidence; and concentrates analyst attention. The
relevant economic comparison is total cost per cor-
rected or newly recovered record, including human
review and the incumbent vendor baseline.

6 Conclusion

SEARCH-TO-RECORD reframes search-enabled
LLM evaluation around a common institutional
problem: auditing corporate-event records over a
known security universe. On DELISTBENCH, web
access sharply improves event timing and enables
economy systems to approach stronger-system ac-
curacy at low API cost. The remaining errors are
concentrated in positive-record dates, reasons, list-
ing scope, and cutoff discipline rather than output
syntax. A simple risk layer provides meaningful
triage, but balanced-benchmark coverage is not a
production review estimate and its empirical tar-
get is not a guarantee. The path to an economical
automated pipeline is therefore a combination of
stronger positive completion, market-aware deploy-
ment calibration, risk-triggered machine escalation,
and a small, explicitly budgeted human-review tail.

Limitations

The balanced benchmark does not reflect natural
event prevalence, and the reported risk estimates
are not reweighted to an institutional distribution.
Historical events are reconstructed using the cur-
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rent web rather than a sealed historical index, and
live detection latency is not evaluated. Gold dates
represent the first qualifying disclosures identified
during construction, not necessarily the earliest-
ever disclosures. Category C indicates that no qual-
ifying action was identified through 6 August 2026,
rather than proving that none existed. Country
denotes issuer geography rather than listing mar-
ket, and the absence of Vietnam-listed records lim-
its conclusions about the motivating low-resource-
market setting.

The evidence audit is Codex-assisted. Two non-
overlapping 100-package human-validation sam-
ples yielded 78.0% exact agreement with Codex;
the full set of 750 packages was not independently
double-coded. Because web pages, search indexes,
prices, and model aliases may change, reproducible
evaluation requires archiving prompts, access dates,
configurations, and raw outputs.

Ethical Considerations

We publicly release the benchmark inputs, re-
constructed labels with disclosure type and diffi-
culty, public-evidence references with access dates,
split assignments, prompts, raw system outputs,
evidence-audit labels, and evaluation code. Li-
censed discovery materials and restricted identifiers
remain private; released labels are reconstructed
solely from permissible public evidence, and no li-
censed text was sent to evaluated APIs. All records
concern public corporate disclosures about listed
securities; no personal data is involved.

Automation may propagate plausible errors into
downstream research, surveillance, or client sys-
tems. Production use should therefore preserve
provenance, prevent silent overwrites, monitor sub-
group recall and calibration drift, and retain hu-
man review for positive, conflicting, or high-impact
records.
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