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Abstract

A printed trade reports that a transaction happened, not that an order could have traded
there: odd lots, off-exchange prints, and condition-coded trades are unreachable by a
marketable order or excluded from the official high, low, and last. A bar built from all
prints therefore sits above the executable high and below the executable low, so every
stop, target, and breakout is scored against prices that never existed. From one trades
feed we build naive and executable bars by print-time condition codes, across the US
equity top-1000 (2007–2026, 1.46 billion regular-hours bars); three results follow.
First, 42.3% of bars carry a phantom-affected extreme, rising to 90% by 2026, led by
odd-lot prints (76% of the range inflation). Second, the headline is selection fidelity,
not profit: across 7,232 strategies in an edge-free universe, in-sample selection on
executable bars predicts the executable out-of-sample ranking better than on naive
bars (rank-IC 0.9987 versus 0.9948; gap +0.0039, p < 0.001 under an effective-N
cluster bootstrap). Third, a CME futures negative control near zero and the 2013
odd-lot-tape-onset natural experiment isolate the effect to equity microstructure. A
formal companion traces the mechanism partly to persistence, so a strategy can pass
naive validation in and out of sample yet die on execution (the deployment trap); a
known-answer planted-drift experiment on a 60-name panel finds the clean-selected
book higher at every tested drift strength, consistent with a deployment flip it suggests
rather than directly observes. The claim is one-sided: cleaning restores selection
fidelity rather than manufacturing an edge.
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1 Introduction
A trader reads a chart. The bar’s high is a number printed on the tape, and the natural
assumption is that the number is a price someone paid and therefore a price the trader
could have paid. That assumption is wrong often enough to overturn a backtest. The
US consolidated tape carries a print whenever a transaction is reported, and a transaction
is reported under many conditions that do not correspond to a price a marketable order
could have reached at that instant: the trade was an odd lot too small to set a protected
quote, it was executed off-exchange and reported to a FINRA facility seconds late and
possibly out of sequence, or it carried a sale condition (average price, prior reference price,
derivatively priced, extended hours) saying the price was set by a formula or an earlier
time rather than the current market. The exchanges know this. The SIP plan specifications
mark, for each sale condition, whether the trade may update the official high, low, and last,
field by field, and the rule is that if a condition says a trade may not update a given field,
suppression wins for that field. The official OHLC the exchanges publish already applies
these per-field eligibility rules. The defect this paper measures lives one layer down, in
the raw trades feed that most practitioners actually consume and aggregate themselves: a
bar builder that runs a maximum and a minimum over raw prices reintroduces every print
the exchanges deliberately suppressed.

The reason this matters for a backtest, and not merely for a descriptive statistic, is that
the contamination is structural. The bar high is almost always set by a buyer-initiated
print and the low by a seller-initiated print, so even a perfectly clean trade-only range is
wider than the executable range by about a spread (Corwin and Schultz [11]). Phantom
prints widen the wicks further, and the range can only widen, never narrow (Proposition 1).
But the effect on a strategy is not one-directional. A breakout that triggers off a phantom
high books a winner the market never offered, which flatters it; a long strategy whose
protective stop sits just above a phantom-depressed low records a spurious stop-out, a loss
the market never offered, which deflates it. Across the full universe the inflating case is
the more common one (it flatters the in-sample Sharpe of most strategies), but a material
minority are deflated. So phantom prints do not uniformly flatter a backtest; they push
different strategies in different directions by strategy-specific amounts, and in doing so
they scramble the in-sample performance ranking. A scrambled ranking is one that no
longer predicts which strategies will work out of sample. The question this paper answers
is how much that ranking corruption costs, and whether selecting strategies on cleaned
bars is more faithful to live performance than selecting on the contaminated ones.

Contributions. This paper contributes four parts. First, a measurement of the prevalence
and magnitude of untradeable prints in OHLC extremes: how often, and by how much
in basis points, the naive high or low is set by a print the exchanges themselves do not
count, resolved by name and time of day. Second, a diagnostic decomposition of the
range inflation by print source (an order-dependent attribution, not a causal identification),
separating odd-lot, off-exchange “D”, other ineligible-condition, and residual bid-ask-
bounce contributions, with the bounce baseline anchored to the Corwin-Schultz and
EDGE estimators so the phantom-print share is identified net of the spread component that
survives any cleaning. Third, a structural result, Proposition 1: the executable print set
is a subset of all prints up to a rare late-tape edge case, so the naive bar’s high is weakly
above the executable high and its low weakly below, and the phantom range inflation
is sign-definite. We are careful to scope this to the range only: the resulting backtest
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distortion is two-sided, and we measure it to inflate the in-sample Sharpe of the majority
of strategies (85% of the corpus) through phantom breakouts while deflating a minority
(15%) through spurious stop-outs, a two-sided scramble of the in-sample ranking rather
than a uniform shift in either direction. Fourth, the centerpiece: a strategy-selection
experiment across 7,232 strategies spanning twelve structural families (reduced to ≈ 20
mutually uncorrelated cross-symbol portfolios), in which the only thing varied is the bar
set used to select and optimize each strategy in-sample, and the out-of-sample truth is
always the executable bar set, because a live order can only fill at an executable price. The
finding is not profit. The universe is edge-free by construction (intraday strategies net of
real costs leave nothing profitable out-of-sample), which is the cleanest setting in which to
isolate the contamination, because any apparent in-sample edge is by construction false.
The pre-registered primary endpoint is selection fidelity: how faithfully an in-sample
ranking of strategies predicts their executable out-of-sample ranking. Selecting on clean
executable bars (Arm C) predicts the executable out-of-sample ranking with rank-IC
0.9987, higher than selecting on the naive bars practitioners use (Arm N, 0.9948), a gap of
+0.0039 that is positive and significant under an effective-N cluster bootstrap (p < 0.001)
and rises to +0.020 on the mutually uncorrelated subset. Both arms exceed 0.99 because
a strategy’s persistent cost-and-turnover signature dominates the ranking in an edge-free
universe, so the quantity that matters is the naive-versus-clean gap, not the absolute level.
An internal-validity control (Arm N scored on its own naive out-of-sample, rank-IC 0.991)
confirms the naive backtest looks self-consistent precisely because it is contaminated
identically in and out of sample. This is the paper’s central claim, and it is a null on
profit: cleaning restores fidelity, it does not manufacture a real edge. A battery of controls
supports it: the dose-response is within-equity specificity evidence, a tick-resolved intrabar
measurement shows the tie-breaking channel is small, a random-print-drop placebo makes
selection no better than naive (ruling out a “fewer prints” explanation), and a two-arm
CME futures negative control running the identical twelve-family universe finds the futures
phantom analog rare and the fidelity gap statistically zero, isolating the contamination to
equity microstructure.

Scope. We scope every headline to what is tested. The universe is the full US equity
top-1000 names by dollar volume, point-in-time and including delisted names, with
prevalence and decomposition measured over the full 2007–2026 tape and the strategy
experiment confined to the odd-lot era 2014–2026; the strategy family is the structural
shapes a path-dependent intraday backtest exercises (breakout and channel, stop-limit
bracket, intrabar take-profit and stop-loss, mean reversion); the cleaning is the print-time
condition-code filter described in Section 5. The window begins in 2014 because odd-lot
executions were absent from the consolidated tape before December 2013 (Section 3),
so the phantom-print mechanism operates only in the odd-lot era; the 2013 onset itself
is our cleanest natural experiment (Section 10). The claim is a null on profit: removing
phantom prints raises the fidelity of an in-sample selection and removes the differential
harm of naive selection, and it does so because the phantom prints were distorting in-
sample performance in both directions, scrambling the ranking, not because cleaning adds
information. Cleaning cannot manufacture an edge in a strategy that has none; what it
does is stop a contaminated backtest from mis-ranking strategies, which is exactly what
we observe here, where nothing is profitable and naive selection still does measurable
damage. The complementary positive claim, that clean bars let a genuinely profitable
strategy survive while naive bars degrade it, requires a universe that contains profitable
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Figure 1: The phantom candle. A naive one-minute bar (left) takes its high and low over every
print on the tape, including an odd-lot print above the executable high and an off-exchange/late
print below the executable low; the executable bar (right) keeps only prints reachable at or inside
the NBBO. The wicks a path-dependent strategy trades against shrink to the prices a marketable
order could actually have reached.

strategies. The full top-1000 universe over 2014–2026 is edge-free as well: net of real
costs no naturally occurring strategy has a positive executable out-of-sample Sharpe. We
therefore establish that claim two ways, by proof and by a known-answer experiment that
plants a controllable edge in the tape. Theorem 3 shows that naive selection forfeits a
strictly positive amount of executable out-of-sample performance whether or not an edge
is present, Corollary 2 gives the band of genuine edge on which the difference is between
a deployable book and a losing one, and Remark 3 evaluates the resulting penalty at our
measured contamination parameters; a planted-drift experiment (Section 13.8) then finds
the clean-selected book higher at every tested drift strength, consistent with that band,
although the opposite-sign interval is interpolated from the reported settings rather than
directly observed. Sections 11 and 12 give the controls and corollary nulls that hold us to
this reading.

2 Related Work and the Gap
Four literatures meet at this paper, and it fills a stated white space between them.

Odd-lot information content. O’Hara, Yao, and Ye [20] established, using proprietary
Nasdaq message data matched to TAQ, that before the December 2013 tape change a
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median stock had roughly a fifth to a quarter of its trades missing as odd lots, more than
60 percent for high-priced names, and that those missing odd lots carried roughly a third
of price discovery because informed and high-frequency traders deliberately shred orders
into sub-round-lot clips. Bartlett, McCrary, and O’Hara [8] supplied the quote-side analog,
documenting an inside market of better-priced odd-lot quotations the NBBO ignores
because protected quotes must be round lots. These papers prove odd lots are informative
and that excluding them biases volume and order-flow measures. They are about the
information in odd lots, not about what odd-lot prints do to a backtested trading rule.

TAQ data-quality bias. Holden and Jacobsen [14] are the closest prior art and the most
important contrast. Comparing cheap Monthly TAQ against expensive Daily TAQ, they
show timestamp granularity and quote handling change measured effective spreads by
a large margin and produce many more nonpositive spreads, distorting trade-location
and price-impact estimates. Their result is that the data product materially changes a
measurement. Ours is the missing companion: the data product, specifically whether the
bar excludes phantom prints, materially changes whether a backtested strategy survives
out of sample. They bias liquidity estimation; we bias strategy selection and optimization,
which is the practitioner-facing failure mode.

OHLC range bias and microstructure noise. Corwin and Schultz [11] make the on-
point observation that the bar high is almost always a buyer-initiated trade and the low
a seller-initiated trade, so the high-low range is inflated by the spread, and they turn
this into a spread estimator. The trade-direction sign underlying that observation is the
classic Lee and Ready [15] inference, and the spread the range is inflated by is, in the
informed-trading account, compensation for adverse selection (Glosten and Milgrom
[12]). Ardia, Guidotti, and Kroencke [2] generalize it to all four OHLC prices in their
EDGE estimator and show the bias is worst when trading is infrequent. Roll [21] gives
the bid-ask-bounce mechanism. The realized-variance literature (Zhang, Mykland, and
Ait-Sahalia [24]; Ait-Sahalia, Mykland, and Zhang [1]; Bandi and Russell [6]; Hansen
and Lunde [13]; Barndorff-Nielsen, Hansen, Lunde, and Shephard [7]) shows that naive
variance from the finest prints diverges to the noise variance rather than converging to true
volatility. We use these as the residual baseline: the spread component is the part of range
inflation that survives any cleaning, so the phantom-print contribution must be measured
net of it. Our claim is not that we discovered the OHLC range is biased; it is that a specific,
removable, condition-coded subset of that bias drives backtest non-replication.

Intrabar fills and backtest overfitting. Maier-Paape and Platen [18] and Low, Maier-
Paape, and Platen [17] formalize intrabar fill ambiguity: with only OHLC, when a stop
and a target both sit inside one bar the engine cannot know which was hit first, the case is
not uniquely decidable, and engines that resolve it optimistically overstate performance.
Bailey, Borwein, Lopez de Prado, and Zhu [3] prove backtest overfitting is near-certain
once enough configurations are tried, and the deflated Sharpe ratio and PBO via CSCV
(Bailey and Lopez de Prado [5]; Bailey, Borwein, Lopez de Prado, and Zhu [4]) deflate
a winning backtest by its effective number of trials. We treat both as machinery our
experiment must respect, not as the contribution: the intrabar ambiguity is a separate
channel we measure on ticks in Section 9, and the overfitting deflation is applied at the
assembly step in Section 5.5. Independently, Mesfin [19] runs a systematic falsification of
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fourteen OHLCV intraday signal families on a single futures instrument and finds none
clear realistic costs, a strategy-corpus null adjacent to our edge-free finding but on one
instrument and without the naive-versus-executable bar contrast that is our subject.

Practitioner tooling and vendor infrastructure. The phenomenon is not unknown
to practitioners; parts of it are encoded in market-data infrastructure. The SIP high/low-
eligibility rules themselves already exclude odd-lot and many condition-coded prints from
the official OHLC (Nasdaq Equity Technical Update 2013-33 and the CTA and UTP output
specifications; see Section 3), and data vendors expose the per-condition eligibility as a
field. On the cleaning side, practitioner tooling names the artifact directly: the Concretum
Group’s concretum_tests library detects “phantom highs/lows” in one-minute OHLCV
data alongside stale and missing bars [10]. What none of these does is measure what the
contamination costs the strategy-selection step of a backtest, decompose it by print source,
or contrast naive against executable selection across an uncorrelated strategy corpus. We
take the naming and the eligibility rules as given and supply the measurement.

The gap. The literature has measured odd-lot information content, odd-lot quotes
inside the NBBO, TAQ liquidity-measurement bias, and OHLC spread bias. No prior
work has measured how naive OHLC-bar construction degrades the strategy-selection
step of a backtest, decomposed that contamination by print type, and shown across a
corpus of uncorrelated strategies that selecting on executable bars is more faithful to live
performance than selecting on naive bars, with a futures control isolating the effect to
equity microstructure. That is the program of this paper.

Addressable universe. The question reaches the full US equity tape, the top-1000
names by dollar volume over the odd-lot era 2014 to 2026, plus the matched CME futures
used as the cross-market control, and this paper runs on exactly that universe: 998 names
and 1.46 billion regular-hours bars over 2007–2026 for the descriptive prevalence and
decomposition, with the strategy experiment on the odd-lot era 2014–2026 (3,158 trading
days). The framework was developed and frozen on a stratified eight-name three-year
development panel, fixing every design choice before the full universe was analysed;
every headline below is the full-universe number. We establish the effect where the
universe is edge-free, so the result is the fidelity gain of clean selection rather than a
profitable strategy: net of real costs no strategy in the full corpus has a positive executable
out-of-sample Sharpe. The complementary positive result, that executable bars let a
genuinely profitable strategy survive while naive bars degrade it, together with the realized
dollar penalty, therefore has no naturally occurring example in this edge-free universe.
We establish it by proof (Theorem 3, Corollary 2), evaluate the penalty at the measured
contamination parameters (Remark 3), and probe it with a labelled known-answer planted-
drift experiment (Section 13.8). This is a program-complete result: the genuine-edge case
a naturally occurring edge-free tape cannot supply is addressed by proof and, suggestively,
by that experiment, which finds the clean-selected book higher at every tested strength
without directly observing the opposite-sign interval or identifying a dollar loss.
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3 Institutional Background
This section gives the minimum the result needs. It is the dossier’s institutional material
compressed to what the result needs.

Protected quotes, round lots, and odd lots. Under Regulation NMS (SEC Release
34-51808, 2005) [25], Rule 611(a) requires each trading center to establish, maintain, and
enforce written policies and procedures reasonably designed to prevent trade-throughs of
protected quotations, and Rule 611(b) enumerates the exceptions to that duty (intermar-
ket sweep orders, benchmark and derivatively-priced trades, stopped orders, flickering
quotations displayed for less than one second, and quotations of a trading center in a
state of material delay), which are the same sale conditions Table 1 records. A protected
quotation is defined in Rule 600(b), not in Rule 611: it must be an automated (immediately
executable), top-of-book quotation of at least a round lot, so an odd-lot quotation is not a
protected quotation and an execution at or through an odd-lot price is not a trade-through.
The practical consequence is that the official market can show one bid and offer all minute
while a trade prints outside it, and that is not an error: it is an odd lot, an off-exchange
print, or a condition-coded trade, none of which had to respect the NBBO. The round
lot itself was conventionally 100 shares until the 2020 Market Data Infrastructure Rule
(Release 34-90610) tiered it by price band, with the 2024 Reg NMS amendments (Release
34-101070) accelerating the change and adding a best-odd-lot-order identifier to the SIP.

Odd lots on the tape. Odd-lot executions were entirely absent from the consolidated
tape and from TAQ until December 9, 2013, when CTA and UTP plan amendments (SEC
Release 34-70794; Nasdaq Equity Technical Update 2013-33) began reporting them with
a new trade modifier “I”. Critically, odd-lot prints are flagged volume-eligible only: they
update consolidated volume but do not update the official Last, High, or Low, and do not
move LULD bands. The SIP therefore already excludes odd lots from official OHLC.
A raw trades feed still contains the odd-lot prints, and a naive bar builder picks them
up. By October 2021, odd lots were a majority of all trades by count, driven by high
nominal prices, where a 100-share round lot is prohibitively large, and by the retail and
fractional-share boom.

Off-exchange and the TRF. Roughly 40 to 50 percent of US share volume executes
off-exchange, in ATSs and through wholesaler internalization, none of which display
a quote. When these execute, the broker-dealer reports the trade to a FINRA Trade
Reporting Facility (FINRA Rule 6300A/6300B and 6380A/6380B), and on the tape the
print carries the “D” exchange code. These prints can sit outside the NBBO for three
legitimate reasons. They are not protected quotes, so a dark or internalized fill can
print at, inside, or outside the NBBO without a trade-through. Reporting carries latency:
FINRA rules require a report as soon as practicable but no later than 10 seconds after
execution, with later reports flagged late and out of sequence, so a TRF print can hit the
tape seconds after the actual execution at a price that was the market then but not now.
And benchmark trades (VWAP, average price, prior reference price, qualified contingent
trades) carry a price set by a formula or an earlier time. The economic driver is payment
for order flow: commission-free brokers route marketable retail orders to wholesalers who
internalize them at a sub-penny improvement over the NBBO and pay the broker for the
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flow (CRS IF11800; the December 2022 SEC reform package). The order never touches a
lit exchange, and the print it leaves was not accessible to a competing marketable order.

Sale conditions and OHLC eligibility. Every trade message on CTS and UTDF carries
sale condition codes, and the SIP plan specifications (CTS Pillar Input/Output Specifica-
tion; the UTP Sale Condition Matrix) define, for each condition, whether the trade updates
High, Low, Last, and Volume, separately for the consolidated and the participant tapes.
The governing rule is suppression-wins: if a trade carries multiple conditions and any one
says do not update, the trade does not update. Table 1 gives the material subset. Good
vendors encode this. Algoseek normalizes all SIP conditions into a 32-bit bitmask (bit
31 tOddLot, bit 10 tFormT, bit 20 tAveragePrice, bit 25 tPriorReferencePrice,
bit 9 tDerivativelyPriced, bit 5 tIntermarketSweep, bit 14 tOutOfSequence, bit
29 tTradeThroughExempt, among others) and exposes a TRADE-NB (trade-at-NBBO)
event recommended for backtesting. The full mapping is Appendix A.

4 Data
The source is the Algoseek US equity tape: tick-level trades and the trade-only minute-bar
products. Algoseek collects the full SIP (Tapes A, B, and C) and normalizes the per-
trade sale-condition modifiers into the 32-bit bitmask of Section 3, and it exposes the
TRADE-NB event. Odd lots are flagged for the source decomposition by a fixed quantity-
under-100-shares test on the trade tape, the round-lot convention in force across most of
the sample, not by the price-tiered round-lot definition (Section 10 states the one place this
matters). The results below are computed on the full US equity top-1000 universe by dollar
volume, 998 names. The tape spans 2007 to 2026, 1,464,795,700 regular-trading-hours
executable bars, and the prevalence and decomposition of Sections 6–7 are measured over
that full span, which lets the descriptive surface carry the odd-lot era transition directly.
The selection experiment of Section 8 is confined to the odd-lot era, 2014-01-02 to 2026-
07-24, 3,158 trading days, because the phantom-print mechanism requires odd lots on
the tape and they were absent before December 2013 (Section 3). All design choices
were pre-specified on a stratified eight-name development panel spanning microstructure
regimes (NVDA, AAPL, TSLA high-turnover odd-lot-heavy; SPY, QQQ, SQQQ off-
exchange-heavy ETFs; BAC, F low-priced) over 2021–2023, before the full universe was
analysed; the numbers reported below are the full-universe numbers throughout.

Feed-confound discipline. The naive bars and the executable bars are built from
the same underlying trades feed by filtering condition codes, never by comparing two
differently-reconstructed Algoseek products. This is deliberate. A separate Algoseek
feed-commensurability finding from prior work showed that two differently-reconstructed
products of the same tape can differ materially on identical dates, structurally, from the
reconstruction itself rather than from any economic effect. Building both bar sets from
one feed by filtering makes the naive and clean bars commensurable by construction, so
any measured difference is attributable to the filter and not to the reconstruction.

Point-in-time and survivorship. The universe is point-in-time and includes delisted
names, so a strategy is selected and evaluated only on the names that were tradeable
on each date. Survivorship leakage would itself inflate apparent edge and confound the
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Table 1: Sale-condition codes and OHLC eligibility (material subset). Each row gives the condition,
the Algoseek bitmask flag, and whether the trade is eligible to update the official last sale and,
separately, the official high and low; the two can differ by field, and the complete per-field table
is Appendix A. Source: CTS Pillar and UTP specifications; FINRA Trade Report Modifiers;
Algoseek Trade-Only guide.

Condition Flag Last? High/Low? Note

Regular-way
trade

(none) Yes Yes The eligible base case.

Intermarket
sweep (ISO)

tIntermarketS

weep

Yes Yes Eligible despite multi-
price execution.

Opening/closing
auction trade
(“O”/“6”)

tOfficialOpen

/ tOfficialClo
se

Yes Yes Auction execution; eligi-
ble for last, high, and low.

Official
open/close mes-
sage (“Q”/“M”)

(indicative) No No Indicative price message,
not a trade; the naive bar
builder must exclude it.

Odd lot (“I”) tOddLot No No Volume-eligible only since
2013-12-09; the bars flag
odd lots by a fixed under-
100-share test (Section 4).

Average price
(“.W”)

tAveragePrice No No Computed average, not a
market print.

Prior reference
(“.P”)

tPriorReferen

cePrice

No Yes Updates high and low, not
last.

Derivatively /
benchmark

tDerivatively

Priced

No Yes VWAP/benchmark price;
updates high and low, not
last.

Form-T / ext.
hours (“.T”)

tFormT No No Pre/post market.

Out of sequence
(“Z”)

tOutOfSequenc

e

No Yes Late/out-of-sequence re-
port; updates high and low,
not last.

Off-exchange
“D”, regular

code “D”, no con-
dition

Yes Yes Last-sale eligible. The exe-
cutable bar keeps the at-or-
inside-NBBO subset and
excludes only the out-of-
NBBO subset.

Off-exchange
“D”, flagged

“D” with .P/.W/
late/QCT/Form-T

No per flag The suppressed subset:
late, prior-reference,
average-price, benchmark,
or extended-hours “D”
prints.
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contamination measurement, so the universe construction is documented and the delisting
handling is stated in Appendix B.

Granularity. Prevalence (Section 6), decomposition (Section 7), and the strategy ex-
periment (Section 8) run at minute-bar granularity, both bar variants built from the same
trades. The intrabar measurement (Section 9) runs at tick granularity on nine symbol-days.
Prevalence and decomposition are aggregated over the full 1.46-billion-bar universe; the
strategy experiment pools all 998 names into cross-symbol strategy portfolios, so its unit
of analysis is the strategy, not the symbol-strategy pair.

Futures control data. The cross-market control (Section 11) uses the Algoseek CME
futures tape: five front-month roots (ES, NQ, CL, GC, ZN) over 1,250 contract-days
in 2023, a single central limit order book per root, and no SIP sale-condition bitmask
or off-exchange venue. The tape does carry away-from-market prints (block, EFRP,
TAS, implied or spread-leg), reported as non-aggressor trades; the clean filter keeps only
aggressor-typed trades, which is the futures analog of the equity phantom-print cleaning.
The identical bar construction and selection pipeline run on this tape unchanged, which is
what makes it a genuine two-arm negative control.

5 Methodology
The methodology is stated once, up front. Sections 6 through 12 report results against it
and do not restate it.

5.1 Bar construction: naive versus executable
A naive bar takes the maximum and minimum over all prints in the interval, which is
what a practitioner who ignores condition codes builds. The executable bar is built from
Algoseek’s TRADE-NB event, defined in the spec as a trade executed at or within the
prevailing NBBO. Its extremes are therefore the prices a marketable order could actually
have reached at the instant they printed. The TRADE-NB filter is a price condition, not a
venue condition: it retains every reachable print at or inside the NBBO, including price-
improved inside-NBBO fills and midpoint off-exchange “D” prints (which are reachable,
indeed generated, by marketable orders), and it excludes only out-of-NBBO prints, the
ones a marketable order could not have reached. This makes the executable bar a different
object from the official OHLC the exchanges publish, neither a subset nor a superset of
it. Official OHLC suppresses odd lots, average price “.W”, Form-T “.T”, cash, next-day,
and qualified-contingent prints from the high and low, but sale-condition eligibility is
per field rather than per trade: prior reference “.P”, derivatively or benchmark priced,
and out-of-sequence prints are not last-sale eligible yet do update the official high and
low. Official OHLC also retains regular-way off-exchange “D” prints that printed outside
the NBBO, which are last-sale eligible and do update official high, low, and last even
though a marketable order could not have reached them; the TRADE-NB bar excludes
exactly those out-of-NBBO prints while keeping the reachable inside-NBBO “D” prints,
so it is not the same as consuming official OHLC fields. Every filter uses only print-time
information, the condition code and the contemporaneous NBBO carried with the trade,
so the cleaning is causal and carries no look-ahead. A print is assigned to its minute bar
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by the single timestamp the trades feed carries, and the naive and executable bars use
that identical assignment, so the two arms differ only in the condition-code and NBBO
filter and never in bar membership. For off-exchange “D” prints that timestamp is the
FINRA report time, which can trail execution by up to ten seconds (Section 3); a “D” print
executed at the prior market but reported once the NBBO has moved is then classified
against the reported-time NBBO, which is a classification error rather than look-ahead
and applies identically to both arms.

5.2 The phantom-range metric
For each bar, the inflation is the naive range minus the executable range, reported in basis
points and in ticks. Each inflated extreme is attributed to the specific condition that set it:
if the naive high is set by an odd-lot print and the executable high by a regular-way print
one tick below, the gap is attributed to the odd-lot condition. We aggregate to per-name
and universe distributions and report the full distribution, not the mean, because the
contamination is concentrated and a mean understates the tail that drives backtest failures.

5.3 Intrabar fill model
On ticks, we resolve the which-hit-first question directly rather than assuming it. For
each bar in which a stop and a target both lie inside the bar, the tick sequence determines
which was reached first. We report the optimistic-versus-pessimistic gap (the performance
difference between assuming the favorable exit first and assuming the adverse exit first)
as the Maier-Paape and Platen test battery prescribes, and we report how often the tick-
resolved order flips a trade’s outcome relative to the pessimistic convention. This isolates
the share of edge inflation that comes from the intrabar path assumption, as distinct from
the bar-extreme contamination that is the paper’s focus.

5.4 The selection experiment
This is the payoff. On the edge-free universe it is a measurement of differential harm and
selection fidelity, not a commercial profit proof; the profit claim requires a genuine edge,
which the edge-free tape lacks and a known-answer planted-drift experiment (Section 13.8)
probes (see also Sections 8 and 15).

Corpus. We generate strategies following the structural-versus-tunable convention: a
strategy is a structural shape, and the numeric parameters (lookback, threshold, stop and
target distances, maximum hold) are in-sample-tunable knobs sampled per walk-forward
window, not enumerated as separate strategies. The corpus spans twelve structural families.
The first six are a technical-analysis grid (moving-average, oscillator, channel, and bracket
shapes), 2,048 specifications per symbol. The other six are structural families ported from
a documented strategy generator, 864 specifications each (5,184 in total): compression-
breakout (enter on a volatility-compression release), trend-slope (regression-slope trend
following), ROC-trend (rate-of-change trend), Donchian-breakout-under-trend (a channel
breakout gated by a higher-timeframe trend), higher-timeframe breakout, and session-
momentum (an intraday-session momentum gated by a clock). The port reuses the exact
signal transforms and gates from the generator and is verified causal: the higher-timeframe
trend computed on a series truncated at time t is bit-identical to the full series at the last
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common index, the session gate is a pure function of the clock, and the engine fills at
t+1. The full grid is 7,232 specifications, each evaluated as an equal-weight cross-symbol
portfolio over the full 998-name universe, so the unit of analysis is the strategy (one
cross-symbol return series), not the symbol-strategy pair. This is the standard trials unit in
the overfitting literature (Bailey and Lopez de Prado [5]) and it avoids the 7.2-million-unit
inflation that treating each symbol-strategy pair as a trial would introduce. Because these
are cross-symbol portfolios of the same specification families, they are far more correlated
with one another than per-name strategies would be, so the mutually uncorrelated count
is much smaller. Greedy correlation-aware de-duplication (keep a strategy only if its
maximum absolute Pearson correlation, on clean out-of-sample daily returns, to the
already-selected set is below τ = 0.5, ranking by the mean of the two arms’ absolute
in-sample Sharpe) reduces the corpus to 20 mutually uncorrelated strategies. We note that
τ is this de-correlation threshold (an absolute Pearson correlation cutoff), not Kendall’s
tau and not the Spearman rank-IC that is the primary endpoint. The de-duplication is
applied identically to both arms (the two arms share one corpus), so the Arm C minus
Arm N gap is invariant to the corpus-selection step. Because the uncorrelated count is
small, we do not rest the headline on the deduped subset alone: the primary estimate
(Section 8) uses all 7,232 strategies for the point estimate and an effective-N cluster
bootstrap that resamples the ≈ 20 correlation blocks for significance, so the reported p
reflects the effective number of independent bets rather than the raw count or any single
de-duplication. The dedup-key by τ sweep is the robustness band (Table 6). The corpus
count is the number of uncorrelated strategies, not strategies multiplied by walk-forward
windows.

Walk-forward and the fixed out-of-sample truth. Selection and optimization use
rolling walk-forward with in-sample knob tuning and out-of-sample evaluation, not a
single split. The out-of-sample truth is fixed on the executable bars under every arm,
because a live order can only fill at an executable price, so the executable out-of-sample
is the unbiased proxy for live performance. The only thing that varies across arms is the
in-sample bar set.

• Arm N (status quo). Optimize and select each strategy’s knobs in-sample on
naive bars, then evaluate on the executable out-of-sample. This is the faithful
counterfactual for the practitioner who backtests on raw bars and then trades live.

• Arm C (recommended). Optimize and select in-sample on executable bars, then
evaluate on the executable out-of-sample. This aligns the backtest data with the
execution reality.

• Arm N-home (internal-validity control). Arm N evaluated on its own naive
out-of-sample, to show the naive backtest looks internally consistent (in-sample
and out-of-sample contaminated identically) yet is externally invalid, ruling out the
reading that the gap is just noise.

Metrics. Per strategy, the in-sample-to-out-of-sample replication ratio (executable out-
of-sample performance over in-sample performance). Across the corpus, the rank informa-
tion coefficient (rank-IC), which is the Spearman rank correlation (Spearman ρ) between
the in-sample and the executable-out-of-sample per-strategy Sharpe, computed once over
the strategy-level cross-symbol corpus (a single coefficient on all 7,232 strategies for the
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point estimate, not a per-symbol coefficient then averaged). The selection value: take
the top-N by in-sample performance under each arm and compare realized executable-
out-of-sample performance of the selected set. And the survival fraction: of strategies
in-sample-profitable, what share are executable-out-of-sample-profitable, under each arm.
All metrics are net of a fully-specified cost model. Note that the rank-IC (a Spearman rank
correlation of performances) is a distinct object from the de-duplication threshold τ of
Section 5.4: τ is a correlation threshold on the de-correlation step (keep a strategy only if
its maximum absolute Pearson correlation, on clean-out-of-sample daily returns, to the
already-selected set is below τ = 0.5), not a rank correlation and not Kendall’s tau, and
the two are never the same quantity.

5.5 Statistical machinery
The machinery maps to the paper-bar gates. The null is structural: the executable bar is
the control bar, and a bar-shuffle permutation (drop a random equal-count subset of prints)
is run through the same pipeline so the effect must be specific to untradeable prints and
not to having fewer prints (this is the placebo of Section 12). Inference uses an effective-N
cluster bootstrap: because the strategies are cross-symbol portfolios, each of the 7,232
is assigned to its most-correlated de-duplicated representative, forming ≈ 20 correlation
blocks, and the headline confidence interval on the rank-IC gap (Arm C minus Arm N)
resamples whole blocks, so significance reflects the effective number of independent
bets rather than the raw strategy count. The i.i.d.-over-strategies bootstrap is reported
only as a diagnostic, to show how far it overstates precision (Section 8). Multiple testing
is handled at the assembly step, not per cell: FDR (Benjamini-Hochberg and Romano-
Wolf) and the deflated Sharpe ratio deflated by the effective number of trials. PBO via
CSCV was planned but is not defined on the de-duplicated corpus, which is too small
to split (Section 8). The cost model is a modeled time-of-day half-spread plus a per-fill
commission, charged round-trip, and stress-tested at 2×, 3×, and 5× (Section 10); it
does not model gap or impact slippage beyond the half-spread, a limitation we own in
Section 15. The analysis plan, including the primary endpoint, is fixed in code before
compute and released with its SHA-256 (Appendix E). The same-feed commensurability
control of Section 4 is reported. The cleaning is verified not to leak by polluting the walk-
forward procedure itself and confirming the pollution is detected, so the no-look-ahead
claim is tested at the procedure level and not only at the feature level.

5.6 The range is sign-definite, but the backtest distortion is two-sided
A structural fact governs the bar range, which we state as a proposition. It does not, despite
a tempting first reading, imply that the resulting backtest distortion is one-directional.

Proposition 1 (sign-definite range inflation). Let P be the set of prints in a bar and E
the subset reachable at or inside the prevailing NBBO (the TRADE-NB executable set of
Section 5.1, which retains inside-NBBO odd-lot and off-exchange prints and excludes only
out-of-NBBO prints). If E ⊆ P, then the naive high, the maximum price over P, is weakly
greater than or equal to the executable high, the maximum over E, and the naive low is
weakly less than or equal to the executable low. The phantom range inflation, naive range
minus executable range, is therefore ≥ 0 for every bar.
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A maximum over a superset is weakly larger and a minimum over a superset is weakly
smaller, which is the whole proof. On the full universe the executable extreme is recon-
structed as the union of the executable and the remaining prints, so the naive range is
weakly above the executable range on every bar and the sign-definiteness holds exactly
(0% of bars carry a negative inflation). This holds under the aligned construction in which
the executable and naive bars share the same price units and timestamp-assignment rule;
where reporting-time and execution-time assignments differ, set inclusion must be checked
bar by bar, since a displaced print can expand the destination bar as well as alter the origin
bar, so no one-sided conservativeness claim is made for those cases.

The backtest distortion is two-sided, and we measured it. The proposition is about
the range, not about a strategy’s profit. A wider range does not flatter a path-dependent
backtest one-directionally, the natural but mistaken reading of the proposition. The
distortion is two-sided: a phantom-inflated high books a breakout win the market never
offered, which flatters a strategy, while a phantom-depressed low triggers a spurious
stop-out the market never offered, which deflates one. We compute the signed per-strategy
in-sample change (naive minus clean Sharpe) directly across all 7,232 strategies: 85% have
their in-sample Sharpe inflated by phantom prints and 15% deflated, with a positive median
change of +0.022. So the full-universe distortion is inflation-dominant but genuinely
two-sided: phantom breakouts flatter the majority in-sample while spurious stop-outs
deflate a material minority.

That two-sidedness is what makes the contamination harmful, and it is the mechanism
behind the headline. Because the distortion is two-sided and depends on each strategy’s
specific stop and target geometry, it does not shift the in-sample performances by a
common amount; it scrambles their order. More strategies are pushed up than down,
but both happen, by amounts that have nothing to do with executable performance. A
scrambled in-sample ranking is precisely a ranking that fails to predict the executable
out-of-sample ranking, and that failure is the selection-fidelity gap of Section 8. The harm
is ranking corruption, not uniform optimism: a uniform shift would leave the ranking,
and therefore selection, intact, whereas the measured two-sided scramble degrades it. A
corroborating check: the naive bar produces 1.006 times as many in-sample fills as the
clean bar, near-exact turnover parity, so the contamination acts on which prices the fills
are scored against, not on how often the strategy trades.

6 Results I: Prevalence and Magnitude of Untradeable
Extremes

This section is the descriptive surface area before any strategy is run: how often the naive
high or low is set by a print the exchanges do not count, and by how much, over the
full 1,464,795,700-bar tape. Because the estimates are population aggregates over the
entire universe rather than a small sample, they carry negligible sampling error and we
report point values. Over the full 2007–2026 tape, 42.3% of bars carry a phantom-affected
extreme. That average hides a sharp regime change at the December 2013 odd-lot tape
onset. Before 2014 the phantom-affected share is 2 to 12% and almost none of it is odd-lot,
because odd lots were not disseminated to the tape until December 9, 2013, so only the
closing weeks of that year carry any odd-lot share and the 2013 annual figure already
ticks up from the onset; from 2014 it jumps to 30% and climbs monotonically to 90%
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Table 2: Phantom prevalence by year over the full universe, showing the December 2013 odd-
lot tape onset. Each row is the phantom-affected-bar fraction, the median range inflation over
affected bars, and the odd-lot share of the range inflation, aggregated over all 998 names in that
year. Prevalence is near zero and non-odd-lot before 2014, then jumps and climbs across the
odd-lot era. Population aggregates over 1.46 billion bars; sampling error is negligible. Source:
prevalence_fixed.json.

Year Affected fraction Median inflation (bp) Odd-lot share

2007 0.115 10.6 0.01
2008 0.028 13.2 0.01
2010 0.021 6.3 0.01
2013 0.044 2.9 0.25
2014 0.300 1.9 0.82
2016 0.343 2.0 0.82
2018 0.468 2.4 0.80
2020 0.627 3.6 0.84
2022 0.723 4.0 0.85
2024 0.804 4.1 0.82
2026 0.896 7.0 0.78

Table 3: Phantom prevalence and magnitude by price band over the full universe. High-priced
names carry the highest prevalence (odd-lot trading dominates when a round lot is expensive); low-
priced names carry the largest relative magnitude (a fixed sub-penny displacement is a larger frac-
tion of a low price). Population aggregates over affected bars. Source: prevalence_fixed.json.

Price band Bars (millions) Affected fraction Median inflation (bp)

< $5 59 0.273 15.0
$5–20 259 0.283 5.9
$20–100 864 0.368 2.8
$100–500 268 0.741 3.3
≥ $500 15 0.901 6.1

by 2026, with odd lots supplying 78 to 85% of the range inflation throughout the odd-lot
era (Table 2). The rise tracks the odd-lot share of the tape becoming a majority of prints
by count over the same period. This by-year surface is itself a natural experiment: the
phantom mechanism switches on with the odd-lot tape and grows with it, which is why
the selection experiment is confined to 2014 onward.

The magnitude of the contamination, the naive range minus the executable range over
affected bars, has a median of 3.4bp and a 99th percentile of 55.8bp; the mean exceeds
the median because the contamination sits in a heavy tail. It is strongly price-dependent
(Table 3). Low-priced names carry the largest relative inflation, a median of 5.9bp in the
$5–20 band and 15.0bp below $5, because a fixed sub-penny displacement is a larger
fraction of a low price. High-priced names carry the highest prevalence, 74% of bars
affected in the $100–500 band and 90% above $500, because a 100-share round lot is
prohibitively large there so odd-lot trading dominates. The two effects, larger relative
magnitude at low prices and higher prevalence at high prices, are the two faces of the
same odd-lot mechanism.
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(a) Prevalence by year (the 2013 onset).

(b) Magnitude by price band.

Figure 2: Untradeable extremes over the full universe. Panel (a): the phantom-affected-bar share
by year (bars) and the odd-lot share of the inflation (line), near zero before the December 2013
odd-lot tape onset and rising from 30% to 90% across the odd-lot era. Panel (b): the median range
inflation by price band, largest in relative terms at low prices and highest in prevalence at high
prices.
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7 Results II: Decomposition of Range Inflation by Print
Source

The decomposition here uses a diagnostic cascade that is distinct from the headline
executable bar. The headline TRADE-NB bar keeps reachable inside-NBBO prints and
drops only out-of-NBBO prints (Section 5.1). The decomposition here is a different, more
aggressive object: to attribute the range inflation to print sources, it drops prints by source
in a cascade, and at the off-exchange step it drops every Exchange-equals-FINRA “D”
print, including reachable inside-NBBO “D” prints that the executable bar retains. The
cascade therefore over-drops relative to the executable bar, and its “D” share is a cascade
quantity, the off-exchange contribution to the cascade’s range reduction, not a count of
prints the executable bar excludes. With that scope stated, the stacked attribution of the
total excess-above-executable range inflation over the full universe is 76.3% odd-lot prints,
18.4% off-exchange “D” prints, 4.6% other ineligible conditions,1 and 0.7% residual
bid-ask bounce, with the bounce baseline anchored to the Corwin-Schultz and EDGE
estimators (Table 4).

The scale of the full universe separates the sources cleanly. Over 1.46 billion bars the
shares carry negligible sampling error, so the odd-lot and off-exchange contributions are
firmly separated: odd lots lead at 76.3% against off-exchange 18.4%, a margin of +57.9
percentage points. Odd lots are unambiguously the dominant source of the range inflation,
consistent with their being the dominant source of the prevalence itself (Section 6) and
with the 2013 tape onset that switches the mechanism on (Section 10). A finer split of
the “D” bucket into its reachable-inside-NBBO and out-of-NBBO halves needs per-print
NBBO matching and is future work. Because the executable extreme is reconstructed as
the union of the executable and remaining prints, the excess-above-executable inflation is
non-negative on every bar; there is no negative residual.

This Section 7 result, the magnitude split of the bar-range inflation by source, is
the source-specificity evidence for the headline: odd lots supply three-quarters of the
inflation, the same channel that the 2013 tape onset switches on and that the by-year
prevalence tracks. Sections 11 and 12 confirm the effect is specific to the untradeable-print
channel through the CME futures control (no odd-lot channel, gap essentially zero) and
the random-drop placebo.

8 Results III: Selection Fidelity, the Headline
This is the lead result, and it is a result about selection fidelity, not profit. We state the
framing plainly before the numbers, because the numbers do not mean what a casual
reading might expect.

The universe is edge-free by construction. The corpus is 7,232 strategies spanning
twelve structural families (Section 5.4), each an equal-weight cross-symbol portfolio over
the full 998-name universe, scored net of real costs, and net of real costs nothing in it
is profitable out-of-sample: the best clean-out-of-sample Sharpe is −0.13, the median

1The cascade’s ineligible step drops prior-reference (“.P”), out-of-sequence, and derivatively-priced
prints, which the corrected per-field eligibility (Table 1, Appendix A) shows do update the official high and
low. This bucket is therefore an upper bound on the genuinely high/low-ineligible contribution, pending a
per-field recomputation of the cascade.
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Table 4: Cascade decomposition over the full universe: excess-above-executable range-inflation
shares by print source. The shares are a diagnostic-cascade quantity, not an executable-bar count
(see text). Population aggregates over 1.46 billion bars; sampling error is negligible and the
odd-lot-versus-off-exchange margin is firmly separated. Source: prevalence_fixed.json.

Source Share

Odd-lot 0.763
Off-exchange “D” 0.184
Other ineligible 0.046
Residual bid-ask bounce 0.007
Odd-lot minus off-exchange margin +0.579

Figure 3: Stacked attribution of range inflation by print source over the full universe: odd-lot
prints dominate at 76%, off-exchange “D” prints next at 18%, with other ineligible conditions
and residual bid-ask bounce small. Over 1.46 billion bars the odd-lot-minus-off-exchange margin
(+58 percentage points) is firmly separated.

−0.61, and not one strategy is positive (on the ≈ 20 mutually uncorrelated strategies the
best is −0.30 and the median −0.60). This is by design. The cleanest place to measure
what phantom-print contamination does is a universe where there is no real edge to find,
because then any apparent in-sample edge is, by construction, false, and the only question
is whether the backtest data lets that false edge propagate into selection. So the result
below is not the discovery of a profitable strategy. It is the measurement of how much
more faithfully a clean-bar backtest selects strategies than a naive-bar backtest, in a setting
where the honest answer is that you should trade nothing.

Selection fidelity (the pre-registered primary endpoint). The endpoint is how faith-
fully an in-sample ranking of strategies predicts their executable out-of-sample ranking,
measured by the in-sample-rank to clean-out-of-sample-rank information coefficient. Se-
lecting on clean executable bars (Arm C) predicts the executable out-of-sample ranking
with rank-IC 0.9987, and selecting on naive phantom-contaminated bars (Arm N) with
0.9948, a gap of +0.0039. Both arms are high because, in an edge-free universe, a strat-
egy’s persistent cost-and-turnover signature dominates its Sharpe ranking in and out of
sample; the quantity that matters is the naive-versus-clean gap, not the absolute level.
Significance is the subtle part, because the 7,232 strategies are cross-symbol portfolios
of the same specification families and so are highly correlated: an i.i.d. bootstrap over
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Table 5: The headline gap under the effective-N block bootstrap versus the anticonservative
i.i.d. diagnostic, plus the mutually uncorrelated subset. The block bootstrap resamples the ≈ 20
correlation blocks (each strategy assigned to its most-correlated de-duplicated representative),
pricing significance at the effective number of independent bets; the i.i.d.-over-7,232 row is
reported only to show how far it overstates precision. Same seed and 5,000 replications. Source:
results.json.

Resampling unit Units Point est. arms Gap 95% CI / p

Effective-N block bootstrap ≈ 20 blocks 0.9987 vs 0.9948 +0.0039 [0.0025,0.0093], p < 0.001
i.i.d. over strategies (diagnostic) 7,232 0.9987 vs 0.9948 +0.0039 [0.0037,0.0043], p < 0.001
Mutually uncorrelated subset 20 0.9925 vs 0.9729 +0.0196 p = 0.06

all 7,232 would treat them as independent bets and badly overstate precision. We instead
assign each strategy to its most-correlated de-duplicated representative, forming ≈ 20
correlation blocks, and resample whole blocks (Table 5). The block bootstrap gives the
gap a 95% interval of [0.0025,0.0093] with p < 0.001; the i.i.d.-over-7,232 diagnostic
gives the far tighter [0.0037,0.0043], and the gap between the two interval widths is the
factor by which treating correlated strategies as independent would overstate precision.
On the 20 mutually uncorrelated strategies alone the gap is larger, +0.020 (0.9925 clean
versus 0.9729 naive), but marginal at that sample size (p = 0.06); the all-strategy block
estimate is the primary because it uses every strategy for the point estimate while pricing
significance at the effective number of independent bets. Under both readings the gap is
positive. The naive backtest is not noisy or broken: it ranks strategies, just less faithfully
to what a live order would realize. Two cautions on reading the level. First, the absolute
IC is high under both arms for the mechanical reason above: cost and turnover persist
across the in-sample and out-of-sample windows, so the relative badness of strategies
ranks stably even when nothing is profitable. Second, the gain is fidelity, not profit: a
more faithful ranking of an edge-free universe still ranks losses.

Robustness across corpus construction. The fidelity gap is de-duplication-dependent in
magnitude but never in sign. Sweeping the de-duplication ranking key and the correlation
threshold τ , the rank-IC gap runs from +0.007 to +0.020, with the clean rank-IC always
above the naive one (Table 6). The gap is significant at the looser thresholds that retain
more strategies (p ≤ 0.006 at τ = 0.7, both keys) and marginal at τ = 0.5 (p ≈ 0.06–
0.15); the tightest τ = 0.3 retains only six cross-symbol strategies, so mutually perfectly
rank-correlated that both arms hit 1.000 and the gap is mechanically zero, which we report
rather than suppress. Across every cell that retains more than a handful of strategies the
gap is positive, and the all-strategy effective-N estimate of +0.0039 (p < 0.001) is the
primary because it does not depend on a de-duplication threshold at all.

A signal-mechanism story does not survive testing. One might expect the contami-
nation to concentrate in strategies that reach for bar extremes, reading a per-family gap
pattern as a mechanism. The full universe does not support that reading: the per-family
gaps are heterogeneous with wide, overlapping intervals and do not separate the families
whose signals reference a bar extreme from those that reference the close or a moving
average. The family-clustered gap over the nine of the twelve families that retain at least
one strategy after de-duplication is +0.020 with a 95% interval of [0,0.062] (p = 0.12),
consistent with the headline but not attributable to any single signal family. The headline
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Table 6: Selection-fidelity robustness sweep on the full universe. Each row is one de-duplication
construction (ranking key and correlation threshold τ), with the number of mutually uncorrelated
cross-symbol strategies, the naive and clean rank-IC, their gap, and the gap p-value under an i.i.d.
bootstrap over the deduped set. The gap is positive in every cell; the tightest τ = 0.3 retains only
six strategies with both arms at 1.000 (mechanically zero gap) and is omitted. The all-strategy
effective-N estimate (+0.0039, p < 0.001) does not depend on τ . Source: results.json.

Dedup key τ N Naive IC Clean IC IC gap p (gap)

mean-in-sample 0.5 20 0.9729 0.9925 +0.0196 0.061
mean-in-sample 0.7 70 0.9909 0.9979 +0.0070 < 0.001
trade-count 0.5 21 0.9792 0.9909 +0.0117 0.150
trade-count 0.7 69 0.9871 0.9958 +0.0086 0.006

gap stands on its own; it does not depend on a signal-family partition.

Source specificity (within-equity). The fidelity effect is specific to the untradeable
prints, not to having fewer prints. The source decomposition of Section 7 localizes it: odd-
lot prints supply 76% of the range inflation, off-exchange “D” prints 18%, other ineligible
conditions 5%, and residual bid-ask bounce under 1%, so the phantom mechanism is
overwhelmingly the odd-lot channel, the same channel whose December 2013 tape onset
drives the by-year prevalence jump of Section 6 (near-zero phantom prevalence before
2014, rising to 90% by 2026). A random-print-drop placebo, removing the same count
of prints per bar but chosen without regard to type, makes selection no better than naive
(Section 12), ruling out a fewer-prints explanation, and the cross-market CME futures
control (Section 11), which has no odd-lot or off-exchange channel, returns a fidelity gap
of essentially zero. The effect tracks the untradeable-print channel specifically, which is
the within-equity specificity evidence a cross-market control otherwise supplies.

The internal-validity control. On the 20 mutually uncorrelated strategies, the Arm
N-home rank-IC, naive in-sample scored against its own naive out-of-sample, is 0.991,
higher than the same naive selection scored against the executable out-of-sample (0.973).
The naive backtest predicts its own contaminated out-of-sample better than the executable
one. This is the crux: the naive backtest is internally consistent and externally less
valid, because the phantom prints contaminate its in-sample and its naive out-of-sample
identically, so it ranks faithfully against itself and less faithfully against the prices a live
order could actually reach.

Deflation and overfitting. The deflated Sharpe ratio is zero for both arms: no strategy
survives deflation by the number of trials, which is consistent with there being no real
edge anywhere in the corpus and is the correct null answer for an edge-free universe.
PBO via CSCV is not defined on the ≈ 20-strategy uncorrelated set, which has too few
configurations for the combinatorially-symmetric cross-validation to split; we do not
report it, and note that the null deflated Sharpe already delivers the edge-free conclusion
at the assembly step.

Selection value. A practitioner-facing question is how much realized performance the
naive selection costs: the realized clean-out-of-sample Sharpe of the top decile by in-
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sample Sharpe, Arm C minus Arm N. On the full universe this gap is essentially zero:
both arms’ in-sample top decile realizes an identical clean-out-of-sample Sharpe of −0.35.
With only ≈ 20 mutually uncorrelated strategies and no edge anywhere, the two arms select
the same handful of least-bad strategies, so the realized-dollar gap is null even though the
rank-IC gap is positive. This is the expected outcome in an edge-free universe: the fidelity
gap is a ranking-corruption result, and the realized-dollar penalty of that corruption is
nonzero only where the corruption changes which strategy you would actually deploy,
which requires a universe with a deployable strategy to change to. The robust commercial
claim, that clean bars let a genuinely profitable strategy survive while naive bars degrade it,
therefore has no naturally occurring example in this edge-free universe. We establish it in
two complementary ways: Theorem 3 supplies it as a proved consequence and Remark 3
evaluates the implied penalty at the measured contamination parameters, and a labelled
known-answer planted-drift experiment (Section 13.8) finds the clean-selected book higher
at every tested drift strength, consistent with a deployment flip it suggests rather than
directly observes.

The replication ratio, demoted and explained. A naive in-sample-to-out-of-sample
replication ratio (clean out-of-sample Sharpe over in-sample Sharpe) reads, at the median,
1.11 under naive selection and 1.07 under clean selection, a difference that points nowhere
useful. We do not headline it, and the reason is that the ratio is confounded in this setting.
When the in-sample Sharpe is itself the contaminated quantity, and when both numerator
and denominator can be negative in an edge-free universe, the ratio is ill-defined as a
fidelity measure: a strategy that looks badly negative in-sample and badly negative out-
of-sample can post a high ratio that means nothing. The rank-IC and the selection-value
metrics, which compare a fixed in-sample ranking or selection against the executable
out-of-sample, are the correct measures here. We report the ratio transparently to avoid
the appearance of suppressing an inconvenient number, but it is not evidence for or against
the claim.

A footnote on survival. The survival fraction (of in-sample-profitable strategies, the
share still profitable on the clean out-of-sample) is undefined under the headline corpus,
because no in-sample-profitable strategy survives de-duplication in this edge-free universe;
it takes a value only in some non-default cells. We therefore do not report it in the headline,
consistent with the edge-free universe.

9 Results IV: Intrabar Ambiguity, Tick-Resolved
This section separates the bar-extreme contamination from the intrabar path assumption,
and it confirms the headline is not an artifact of how the engine breaks intrabar ties. The
measurement is deliberately clean: on nine symbol-days (NVDA, SPY, F across three 2023
sessions), both the one-minute bars and the tick path are built from the same executable
TRADE-NB stream, so there are no phantom extremes in either, and what is left is pure
intrabar-ordering ambiguity. For each triggered trade we compare three conventions:
optimistic (the target is hit first on every ambiguous bar), pessimistic (the stop is hit first),
and the tick-resolved truth (the executable ticks walked in time order, first level crossed).
Costs are charged round-trip through the realism cost model.

Three findings. First, the ambiguity is rare and bracket-width-dependent: 3.15% of
triggered trades pass through a bar where both the stop and the target lie inside the range,
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(a) In-sample rank to clean-OOS rank, both arms.

(b) Top-decile realized clean-OOS equity.

Figure 4: The headline, a selection-fidelity result in an edge-free universe. Panel (a) (the money
figure): the in-sample ranking under clean selection (Arm C) tracks the executable out-of-sample
ranking (rank-IC 0.9987), slightly better than naive selection (Arm N, 0.9948); the gap is small in
level because a persistent cost signature dominates the ranking of an edge-free universe, and the
decisive quantity is the naive-versus-clean gap. Panel (b): the realized clean-out-of-sample equity
of the in-sample top decile under each arm; both lose identically in this edge-free universe, so the
fidelity gap is a ranking-corruption result, not a realized-dollar one (Theorem 3 carries the dollar
claim).
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Figure 5: Intrabar ambiguity, tick-resolved. Left: the mean per-trade net PnL under the optimistic,
tick-truth, and pessimistic fill-ordering conventions; the tick-resolved truth (the centre bar) sits
at 0.44 of the pessimistic-to-optimistic span, near the midway point and if anything leaning
pessimistic, so optimistic tie-breaking overstates performance by under 1bp per trade. Right: the
ambiguous-trade share falls steeply as the stop/target bracket widens.

rising to 18.2% at tight 5bp by 5bp brackets and falling to at most 0.5% once either leg
is 20bp or wider. Second, the convention gap is small: the optimistic-minus-pessimistic
difference is 0.51bp per trade (symbol-day-clustered bootstrap CI [0.232,0.825], p ≈ 0; a
Sharpe gap of 0.024). Third, and most important, the tick-resolved truth sits at 0.444 of
the span from the pessimistic to the optimistic extreme (CI [0.334,0.555], which brackets
0.5 and confirms the truth is near the midway point, if anything leaning pessimistic):
the pooled mean per-trade PnL is −5.65bp optimistic, −5.93bp at the tick truth, and
−6.16bp pessimistic. Of the ambiguous trades, 43.9% have a tick-resolved PnL that beats
the pessimistic convention, so the real ordering is roughly a coin flip leaning slightly
pessimistic, not the favorable-exit-first that an optimistic engine assumes.

The implication supports the headline directly. On bars with no phantom extremes,
the most an optimistic convention can overstate performance is under 1bp per trade, and
the truth is close to pessimistic, so an optimistic-tie-breaking objection cannot explain the
contamination the paper measures. The dominant backtest-realism effect is the bar-extreme
phantom channel (median range inflation 3.4bp, p99 55.8bp, Sections 6 through 8), which
is a separate and larger channel than the intrabar one measured here.

10 Robustness
This section stress-tests the headline beyond the corpus-construction sweep already re-
ported in Section 8 (four dedup-key by τ cells, the fidelity gap positive in all). The cost
model (a modeled time-of-day half-spread plus a per-fill commission, charged round-trip
in both arms) is applied throughout, so every gap reported is already net of cost; because
the naive bar trades at parity with the clean bar, the two arms carry near-identical cost, and
the gap is a pure ranking-fidelity difference, not a cost artifact. The intrabar-convention
robustness is in hand: the headline rank-IC fidelity gap is not an artifact of how intrabar
ties are broken, because the selection experiment realizes its out-of-sample on executable
bars under a single consistent fill model in both arms, and the intrabar channel measured in
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Table 7: Cost-multiplier stress on the full-universe headline. The per-fill friction (time-of-day
half-spread plus commission, charged round-trip in both arms) is scaled by the multiplier and the
all-strategy rank-IC gap (Arm C minus Arm N) is recomputed, with the 95% interval from the
effective-N block bootstrap (≈ 20 correlation blocks, 5,000 replications, same seed). The gap stays
positive and significant through 5×. Source: results.json.

Cost multiplier Rank-IC gap 95% CI p

1× (modeled) +0.0039 [0.0025,0.0093] < 0.001
2× +0.0029 [0.0017,0.0077] < 0.001
3× +0.0031 [0.0015,0.0085] < 0.001
5× +0.0031 [0.0013,0.0108] < 0.001

Section 9 is small (an optimistic-minus-pessimistic gap of 0.51bp per trade) and lands near
the midway point (tick truth at 0.444 of the span), so an optimistic-convention objection
does not explain the gap.

Cost-multiplier stress. Scaling the per-fill friction (the modeled time-of-day half-spread
plus commission) by 2×, 3×, and 5× in both arms and recomputing the all-strategy rank-
IC gap on the full universe leaves the gap positive and significant at every level (Table 7).
The gap is near-invariant to the cost level: it reads +0.0039 at the modeled cost, +0.0029
at 2×, and +0.0031 at both 3× and 5×, with every 95% effective-N block-bootstrap
interval strictly above zero and p < 0.001 throughout. The invariance is the mechanism
rather than a coincidence: because the naive and clean arms trade at parity, a cost multiplier
debits both arms near-identically, so it moves the level of each arm’s rank-IC but not the
fidelity difference between them, and the gap does not approach zero even at five times
the modeled cost.

Sub-period stability. Splitting the executable out-of-sample by calendar year and re-
computing the all-strategy rank-IC gap in each, the gap is positive in every one of the
thirteen years of the odd-lot era, ranging from +0.0002 in the partial 2026 to +0.0095 in
2015, with a typical value near +0.005. These are single-year out-of-sample estimates, a
noisier and differently pooled quantity than the full-period +0.0039 headline rather than a
re-estimate of it: single-year out-of-sample Sharpes are noisier, so the per-year rank-ICs
(roughly 0.88 to 0.95) sit below the full-period figure, but the naive-versus-clean ordering
never reverses, and clean selection is the more faithful arm in all thirteen years.

Survivorship. The universe is point-in-time and includes delisted names: a strategy
is selected and scored only on the names tradeable on each date, so survivorship bias is
eliminated by construction rather than tested as an add-on. This matters for the direction
of the effect. Failed and distressed tapes are the most phantom-contaminated, because
a name in terminal decline trades thin and volatile so a larger share of its bars carry a
phantom extreme, and the naive arm degrades most on exactly those tapes. Because those
names are already in the corpus on the dates they traded, the point-in-time construction is
conservative for the fidelity gap, not optimistic: excluding them, as a survivor-only panel
would, would understate how much cleaning helps.
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Natural experiment: the 2013 odd-lot tape onset. This is the cleanest causal result,
visible directly in the by-year prevalence of Section 6. Before December 9, 2013, odd-lot
executions were not disseminated to the consolidated tape (SEC Release 34-70794); the
day they were, phantom contamination switched on. Across the full universe the phantom-
affected-bar share is 2 to 12% in 2007–2012 with an odd-lot share of the inflation near
zero, jumps to 30% in 2014 with the odd-lot share at 0.82, and climbs to 90% by 2026
(Table 2). This is a whole-universe regime change: the phantom mechanism is created
by the odd-lot tape and grows with the odd-lot share of prints, which is direct causal
confirmation that odd-lot prints drive the contamination.

Natural experiment: the round-lot redefinition. Around the Market Data Infrastruc-
ture round-lot redefinition (Release 34-90610, accelerated by 34-101070), the phantom-
affected-bar share is flat, moving −1.8 percentage points, within noise. This is expected,
not a surprising null: those rules changed quote dissemination and added a SIP best-odd-lot
identifier, not the trade-tape’s fixed quantity-under-100 odd-lot test that our bars use, so no
trade-tape prevalence shift was mechanically expected, and the round-lot compliance date
is around November 2025 and soft. We report it flat rather than force a result. Because our
bars use a fixed under-100-share test rather than the price-tiered round-lot definition that
took effect in November 2025 (Rule 600(b): 40 shares above $250, 10 above $1,000, 1
above $10,000), that test labels post-2025 tier-round-lots in the highest price bands as odd
lots, so the 2026 odd-lot attribution share is an upper bound; the 2026 phantom prevalence
is unaffected, since prevalence is the naive-versus-executable NBBO comparison and does
not depend on print size.

11 Negative Control: CME Futures
The cross-market falsification asks whether the contamination is specific to equity mi-
crostructure. We run the identical twelve-family strategy universe through the identical
two-arm pipeline on CME futures, five front-month roots (ES, NQ, CL, GC, ZN) over
1,250 contract-days in 2023. Futures have no odd lots and no off-exchange or internalized
venue, but they are not free of away-from-market prints: the CME tape carries block
trades, exchange-for-related-position (EFRP) trades, trade-at-settlement (TAS), and im-
plied or spread-leg prints, all reported as non-aggressor trades with no lit-book aggressor
side. These are the futures analog of the equity phantom print, a reported transaction a
marketable order on the central book could not have reached. The clean filter keeps only
aggressor-typed trades, which removes them. So this is a genuine two-arm test of the same
kind of cleaning, not a degenerate one. Same strategies, same engine: if the equity gap
were a pipeline artifact, it would reappear here.

It does not. On the futures corpus (N = 441 uncorrelated strategies), the rank-IC is
0.9771 under naive selection and 0.9770 under clean, a gap of −0.00011 with a bootstrap
confidence interval of [−0.00077,+0.0000056] that spans zero (p = 0.076, not signifi-
cant). The futures gap is statistically indistinguishable from zero, against a positive and
significant equity gap (+0.0039 over all strategies with p < 0.001, +0.020 on the uncor-
related subset). The mechanism is the prevalence: across the five-root, full-2023 corpus
(486,326 regular-trading-hours bars) only 0.80% of futures bars are phantom-affected,
that is, have a naive high or low that differs from the clean one, so 99.2% of futures bars
are byte-identical naive versus clean (against 42.3% phantom-affected bars in equities,
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Table 8: The two-arm cross-market control, equities versus CME futures. The comparison is
of the naive-versus-clean gap within each market, not of the corpus sizes: the equity strategies
are cross-symbol portfolios of the same specifications and so are far more mutually correlated,
de-duplicating to fewer uncorrelated strategies (20) than the futures corpus (441). The futures
phantom prints removed by cleaning are away-market non-aggressor prints (block, EFRP, TAS,
implied or spread-leg), not session markers, on the phantom-heavy roots. Sources: results.json,
results_futures.json, per_root_phantom.json, futures_print_types.json.

Market N uncorr. Naive IC Clean IC Fidelity gap p Phantom bars

US equities, all strategies (eff-N boot) 7,232 (raw) 0.9948 0.9987 +0.0039 < 0.001 42.3%
US equities, uncorrelated subset 20 0.9729 0.9925 +0.0196 0.06 42.3%
CME futures (5 roots, 2023) 441 0.9771 0.9770 −0.00011 0.076 0.80%

Table 8, about 53 times less). On the phantom-heavy roots the differing bars are driven
by these away-market prints, not by session markers: on a representative-day sample,
away-market non-aggressor prints with positive quantity are 99.6% of the dropped prints
on CL and 98% on GC, and they set the naive extreme on 100% of those roots’ phantom
bars. ES is the natural control, a single deep book with essentially no phantom (0.000%),
where the few dropped prints genuinely are zero-quantity session markers. The phantom
share varies by root from ES at 0.000% and NQ at 0.012% up to GC at 1.06% and CL
at 2.81% on the commodity tapes, but even the worst root is far too rare, against the
deep aggressor flow, to move a strategy ranking. Two honest notes. First, the Type
and Flags fields do not sub-separate block from EFRP from TAS, so we report these
together as away-market non-aggressor prints rather than claim a finer split. Second,
the equity definition of an odd lot, a fill under 100 shares, does not transfer to futures,
where nearly every fill is under 100 contracts, so that analog was deliberately excluded
from the futures cleaning. This strengthens the control rather than weakens it: futures do
have an away-market-print analog, the cleaning removes it, and the fidelity gap is still
essentially zero, because these prints are rare relative to the deep aggressor flow. The
contamination is equity-microstructure-specific and not a pipeline artifact, established by
a genuine two-arm cross-market control rather than by the dose-response of Section 8
alone.

12 Corollary Nulls
This section reports the placebo that rules out the “just fewer prints” explanation, com-
plementing the source decomposition of Section 7 and the futures negative control of
Section 11. The placebo drops a random equal-count subset of prints rather than the un-
tradeable subset, then runs the same three-arm rank-IC comparison against the executable
out-of-sample. If the fidelity gain came merely from having fewer prints, the random drop
would behave like the real cleaning. It does not: the placebo rank-IC (0.558) falls below
both the naive (0.913) and the clean (0.998) arms (Table 9), because removing random
prints adds noise to the bar extremes rather than removing the untradeable ones that set
them. The random same-count drop is thus worse than naive, not better, so the “just fewer
prints” explanation is ruled out: the fidelity gain is specific to the identity of the removed
prints, not their count. This placebo is reported on the eight-name development panel;
across the full universe the same specificity is carried by the source decomposition, which
localizes three-quarters of the inflation to odd lots (Section 7), and by the CME futures
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Table 9: Placebo three-arm comparison (random equal-count print drop), eight-name development
panel. All arms select in-sample and are scored on the same executable clean out-of-sample.
Source: placebo.json.

Selection arm Rank-IC to executable OOS

Naive (all prints) 0.913
Placebo (random equal-count drop) 0.558
Clean (untradeable prints removed) 0.998

control, whose fidelity gap is essentially zero (Section 11).

13 A Measurement-Error Model of Phantom-Print Over-
fitting

The preceding empirical analysis compares rankings constructed from naive and exe-
cutable bars. This section explains how contamination can impair selection for executable
deployment and how a component that recurs across windows can make same-tape val-
idation more reassuring than executable validation. These are distinct mechanisms: a
deployment-fidelity gap does not, by itself, identify persistence. Strategy-dependent
volatility scaling and window-specific score noise can also alter rankings.

We separate exact measurement identities, conditional population results, and empirical
interpretation. The covariance results require finite second moments but not Gaussian-
ity. A distribution-free selection result states the additional condition under which the
clean ranking is preferable; a Gaussian benchmark supplies a closed-form magnitude.
Neither benchmark is treated as an identified structural description of the empirical corpus.
The analysis applies classical measurement-error and information-loss arguments to the
two-tape setting [22, 9]; the Gaussian selection calculation is an application of normal
regression and truncation [23].

13.1 Primitives and the executable-edge null
Fix a finite horizon [0,T ] and a filtered probability space satisfying the usual conditions.
Let St denote the efficient discounted price, not its logarithm. All gains in the following
lemma are discounted price gains, net of the specified execution costs.

Assumption 1 (Executable-edge null). Under H0, S is a square-integrable martingale.
An admissible strategy has bounded predictable holdings H, finitely many trades, and an
integrable cumulative execution-cost process C that is adapted and nondecreasing. Its net
gain is

Gt =
∫ t

0
Hu dSu −Ct .

The cost restriction applies to the strategy’s actual or modelled fills, not merely to observed
prints. A sufficient implementation condition is that a signed quantity qi executed at price
Fi at time τi satisfies qi(Fi−Sτi)≥ 0, with nonnegative fees and other charges. Here qi > 0
denotes a purchase and qi < 0 a sale.
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Signals based on a completed bar can determine subsequent holdings, but cannot be
used to establish exposure before that information is available. The null is a sufficient
theoretical restriction, not an empirical assertion that the tested market is a martingale.

Lemma 1 (No positive expected executable gain under the null). Under Assumption 1,
for deterministic bar boundaries tk−1 < tk and a fixed reference capital V0 > 0, define

rE
k =

Gtk −Gtk−1

V0
.

Then
E[rE

k | Ftk−1]≤ 0.

The result also applies after a strategy has been selected using information available
before the deployment interval, provided the resulting holdings remain admissible.

Proof. The stochastic integral of bounded predictable holdings against a square-integrable
martingale is a martingale. Its increment has conditional mean zero. The increment of C
is nonnegative, so subtracting it and dividing by V0 > 0 yields the inequality. Selecting an
admissible rule using past information does not change this argument.

The lemma concerns conditional expected gains, not the sign of each realised return
or the unbiasedness of an estimated Sharpe ratio. In particular, observing no positive
executable OOS Sharpe in a tested universe does not establish the absence of positive
expected returns in its population.

Assumption 2 (Aligned bar comparison). For the range comparison only, executable and
naive bars use the same price units and timestamp-assignment rule. In every compared
bar k, the executable print set Ek is nonempty and the naive set is Jk = Ek ∪Pk, where Pk
contains the additional prints. The corresponding extrema are HE

k ,L
E
k and HN

k ,LN
k .

Set inclusion immediately gives

HN
k ≥ HE

k , LN
k ≤ LE

k , ∆k := (HN
k −HE

k )+(LE
k −LN

k )≥ 0.

Strict inflation occurs whenever an additional print lies strictly outside the executable
range. This is a property of the aligned construction. If reporting-time and execution-time
assignments differ, set inclusion must be checked explicitly: a displaced print can expand
the destination bar as well as alter the origin bar. No one-sided conservativeness claim is
made for those cases.

Range inflation need not increase a strategy’s measured performance. Altered extremes
can change entries, exits, stops, targets, and subsequent positions in different directions.
The price-level construction therefore motivates a strategy-specific measurement error,
but does not determine its mean, variance, or persistence.

13.2 Strategies and the measurement channels
For a fixed strategy n, window j, and bar k, write

un, j,k = rN
n, j,k − rE

n, j,k.
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This difference includes any change in the strategy’s realised trade path caused by its data
input. With K j bars in the window, define the finite-horizon expectation

mr
n, j :=

1
K j

K j

∑
k=1

E[un, j,k], νn, j,k := un, j,k −mr
n, j.

Then K−1
j ∑kE[νn, j,k] = 0. The realised residuals need not sum to zero. Expectations

hold the strategy rules fixed and average over the stipulated data-generating process.
Persistence is an additional restriction on how the strategy-specific perturbation behaves
across windows; it is not implied by this decomposition.

An exact identity separates numerator and denominator effects. Let r̄E
n, j, r̄

N
n, j be the

mean returns used in the two scores, and let sE
n, j,s

N
n, j > 0 be their volatility denominators.

Use the same positive scale factor α j for both arms, and define

an, j = α j
r̄E

n, j

sE
n, j

, xn, j = α j
r̄N

n, j

sN
n, j

,

κn, j =
sE

n, j

sN
n, j

, bn, j = α j
r̄N

n, j − r̄E
n, j

sE
n, j

.

Consequently,

xn, j = κn, j(an, j +bn, j), bn, j = xn, j/κn, j −an, j. (1)

This identity is algebraic; it does not use a delta-method approximation. The perturbation
bn, j is measured in score units and is not interchangeable with the per-bar return bias mr

n, j.
It can contain both recurrent distortion and finite-window estimation error.

Remark 1 (What volatility scaling does and does not imply). There is no general reason
for κn, j ≤ 1, because

Var(rN) = Var(rE)+Var(u)+2Cov(rE ,u).

The covariance term can have either sign. A common positive κ j preserves the ranking
within window j; strategy-specific κn, j need not. Thus denominator heterogeneity is itself
a possible ranking channel. An observed split between inflated and deflated total Sharpe
differences does not identify the signs of the recurrent numerator component separately.

Equation (1) applies to the particular return window and score definition used. An
average of window Sharpes is not a pooled-return Sharpe, and generally has no single
aggregate κ . Scores from overlapping windows must retain their induced dependence
when aggregated. The factor α j specifies score units; it is not automatically a valid
annualisation factor in the presence of serial dependence [16].

13.3 The finite-moment factor representation
For one specified IS/OOS comparison, consider the reduced form

aIS
n = gn +ζn,I, aOOS

n = gn +ζn,O,

bn,I = b̄I +mn + en,I, bn,O = b̄O +ρmn + en,O,

xn = κI(aIS
n +bn,I), wn = κO(aOOS

n +bn,O).

(2)
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The constants b̄I, b̄O allow nonzero average contamination. They do not affect correlations
or within-window rankings. The constants κI,κO > 0 can differ between windows but
are common across strategies for the raw-score formulas below. With heterogeneous
measured ratios, the same formulas instead describe the normalised scores xn/κn,I and
wn/κn,O; those are not generally the actual naive rankings.

Assumption 3 (Finite-moment benchmark). The factors have finite second moments, with

E[g] = µ, Var(g) = γ
2 > 0, E[m] = 0, Var(m) = τ

2 ≥ 0,

Cov(g,m) = c, c2 ≤ γ
2
τ

2, 0 ≤ ρ ≤ 1.

The four residuals ζI,ζO,eI,eO are mean-zero, mutually uncorrelated, and uncorrelated
with (g,m), with variances σ2

I ,σ
2
O,vI,vO, respectively. These restrictions are assumptions,

not consequences of using disjoint windows. All score variances used below are positive.
No cross-strategy independence or Gaussianity is imposed for the covariance results.

Write
AI = γ

2 +σ
2
I , AO = γ

2 +σ
2
O,

DI = AI + τ
2 + vI +2c, DO = AO +ρ

2
τ

2 + vO +2ρc.

Here m is a component shared by the two score windows, eI,eO are window-specific
perturbations, and ρ is an OOS loading, not an autocorrelation. Under the benchmark,

Cov(bI,bO) = ρτ
2, Corr(bI,bO) =

ρτ2√
(τ2 + vI)(ρ2τ2 + vO)

. (3)

The correlation is defined when both perturbation variances are positive. In particular, if
vI = vO = 0, τ2 > 0, and ρ > 0, that correlation is one, even when ρ < 1. A temporally
correlated residual would add to the covariance in (3); recurring contamination is not
automatically a permanent strategy effect.

Remark 2 (Reduced form, Gaussianity, and the null). The representation models score
variation rather than deriving its parameters from print prevalence or trigger geometry.
The shared realisation of g and the residual orthogonality restrictions require empirical
assessment. They are not guaranteed by deterministic strategy rules.

The mean µ is unrestricted in the covariance analysis. A nondegenerate Gaussian g
cannot be interpreted as an everywhere nonpositive true executable edge. A score-level
null illustration can instead impose g ≤ 0 almost surely and conditionally mean-zero
residuals, without Gaussianity; connecting that score interpretation to actual returns
requires the specified estimator model. Lemma 1 separately establishes the executable-
gain restriction under its price-and-fill assumptions. Gaussian assumptions introduced
later are not asserted simultaneously with an everywhere nonpositive Gaussian g.

13.4 The deployment-fidelity gap
Define Pearson deployment fidelities

φC = Corr(aIS,aOOS), φN = Corr(x,aOOS).
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Theorem 1 (Deployment fidelity with correlated and transient contamination). Under
Assumption 3 and common positive within-window scalings,

φC =
γ2

√
AIAO

, φN =
γ2 + c√
DIAO

. (4)

If c = 0 and τ2 + vI > 0, then φC > φN , independently of κI . If γ2 + c ≥ 0, the necessary
and sufficient condition for strict superiority is

γ
4(τ2 + vI)> 2γ

2(AI − γ
2)c+AIc2. (5)

If γ2 + c < 0, then φN < 0 < φC.

Proof. The clean covariance is γ2. The naive-target covariance is κI(γ
2+c), and the naive

variance is κ2
I DI , giving (4). For nonnegative numerators, the sign of φC −φN is the sign

of
γ

4DI −AI(γ
2 + c)2 = γ

4(τ2 + vI)−2γ
2(AI − γ

2)c−AIc2.

The stated cases follow.

Under orthogonal contamination, persistent and transient IS perturbations both lower
deployment fidelity through their combined variance. The fidelity gap therefore does not
separate those components. With c ̸= 0, contamination can contain information about
executable performance, and the clean-versus-naive ordering is conditional on (5), not
universal.

Heterogeneous denominators. Even absent additive contamination, let x = KaIS, where
K > 0 is independent of the clean score pair, E[K] = κ̄ , and Var(K) = s2

K . Then

Cov(x,aOOS) = κ̄γ
2,

Var(x) = κ̄
2AI + s2

KE[(aIS)2].

Inverting an orthogonal common-κ model would falsely attribute the additional score
variance to

τ
2
pseudo =

s2
K

κ̄2E[(a
IS)2],

although the example has no additive drift. A satisfactory single-slope regression does
not eliminate this confounding. Without restrictions on the dependence of K on the other
factors, the inferred drift is not even a general upper bound.

13.5 Same-tape fidelity and the deployment trap
Theorem 2 (When same-tape validation is more flattering). Under the finite-moment
benchmark,

φhome := Corr(x,w) =
γ2 +(1+ρ)c+ρτ2

√
DIDO

. (6)

For c = 0, same-tape fidelity exceeds deployment fidelity if and only if

ρτ
2(2AOγ

2 +AOρτ
2 −ργ

4)> γ
4vO. (7)

Consequently, if c = 0, vO = 0, ρ > 0, and τ2 > 0, the inequality is strict even when
σ2

I ̸= σ2
O. Additional naive-specific OOS noise can overturn it.
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Proof. The covariance of the unscaled naive scores is γ2 +(1+ρ)c+ρτ2, proving (6).
For c = 0, both correlation numerators are positive. After squaring and cancelling DI , the
comparison is equivalent to

AO(γ
2 +ρτ

2)2 − γ
4(AO +ρ

2
τ

2 + vO)> 0,

which expands to (7). When vO = 0, its left-hand side before subtracting γ4vO is strictly
positive because AO ≥ γ2 and 0 < ρ ≤ 1.

For c ̸= 0, the sign is determined directly by (6) and (4); it need not follow the
orthogonal case. When both relevant numerators are positive, it is equivalently determined
by

AO{γ
2 +(1+ρ)c+ρτ

2}2 > (γ2 + c)2DO.

Dependence between windows. If Cov(ζI,ζO) = ω ̸= 0 but the other exclusions are
maintained, the three covariance numerators become γ2 +ω , γ2 +ω + c, and γ2 +ω +
(1+ρ)c+ρτ2. The variances are unchanged. The orderings must then be re-evaluated;
disjoint observations alone do not imply ω = 0. Likewise, Cov(eI,eO) ̸= 0 adds directly
to the same-tape numerator. Serial-dependence-robust uncertainty estimates do not restore
a misspecified population covariance restriction.

Corollary 1 (A null-compatible deployment trap). Consider the additional score-level
restrictions g ≤ 0 almost surely, E|g|< ∞, g ⊥ m, and ρ > 0. Suppose the two residual
sums UI = ζI + eI and UO = ζO + eO are independent of each other and of (g,m), with
proper distributions, and that m has unbounded upper support. Let

X = x/κI − b̄I = g+m+UI, W = w/κO − b̄O = g+ρm+UO.

For finite population upper-q thresholds tI, tO, define Bq = {X ≥ tI,W ≥ tO}. If

pI(g,m) = Pr(UI ≥ tI −g−m), pO(g,m) = Pr(UO ≥ tO −g−ρm),

then

Pr(Bq) = E[pI pO], E[g | Bq] =
E[g pI pO]

E[pI pO]
≤ 0 (8)

whenever the denominator is positive. Moreover, along the upper support of m, Pr(Bq |
m = M)→ 1 as M → ∞.

Proof. Conditional independence gives the product of the two survival probabilities.
Integrating yields (8); its numerator is nonpositive because g ≤ 0. For each finite g,
both conditional thresholds for UI,UO tend to −∞ as M → ∞. Independence from m and
dominated convergence give the limiting probability.

Equation (8) quantifies certification at a specified selection fraction without equating
a high naive validation score with executable edge. For an additional untouched score
T+ = g+ ζ+ satisfying E[ζ+ | g,m,UI,UO] = 0, its expected value after certification
is E[g | Bq] ≤ 0. This statement does not automatically apply to the contemporaneous
aOOS, whose noise also enters w. The null-compatible illustration is not the Gaussian
cross-section used below, and no numerical trap probability is inferred without its factor
distributions.
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13.6 Selection value, genuine edges, and the Gaussian benchmark
A positive population-average signature is not necessary for some strategies to have
positive expected performance. Nor do the fidelity results require a nonpositive population
mean. At the price level, a genuine-edge alternative must be distinguished from a change
in the mean of a score model.

Assumption 4 (Possible executable-edge alternative). Beyond H0, permit S = M +Λ,
where M is a square-integrable martingale and Λ is a predictable finite-variation process,
retaining the admissible holdings and fill-cost restrictions. This permits, but does not
guarantee, positive expected net executable gains. The resulting score distribution and its
covariance structure are separate modelling questions; a profitable subset need not imply
µ > 0.

Assumption 5 (Conditional-mean sufficiency for selection). Let SC = aIS, SN = x, and
T = aOOS, with T integrable. For the following distribution-free result, assume

E[T | SC,SN ] = h(SC),

where h is nondecreasing. Thus the naive score supplies no additional conditional-mean
information about the target after observing the clean score, and larger clean scores imply
no smaller conditional expected targets. Selection thresholds give each arm probability
q ∈ (0,1); independent random tie-breaking can be used when needed.

Proposition 2 (Selection dominance without Gaussian tails). Under Assumption 5, let Cq
and Nq denote selection into the top-q groups by SC and SN . Then

E[T |Cq]−E[T | Nq]≥ 0.

The inequality is strict if the selections disagree with positive probability where h(SC)
differs from its threshold value.

Proof. Let tC be the clean threshold. Conditional-mean sufficiency and Pr(Cq) = Pr(Nq) =
q give

q{E[T |Cq]−E[T | Nq]}= E[h(SC)(1Cq −1Nq)]

= E[(h(SC)−h(tC))(1Cq −1Nq)].

Above the clean threshold both factors in the product are nonnegative; below it both are
nonpositive. At the threshold the first factor is zero. The strictness condition follows from
positivity of the product on a set of positive probability.

This is a conditional information-loss result, in the spirit of comparison-of-experiments
arguments [9], not a consequence of a Pearson correlation ordering alone. The condition
holds, for example, when SN is generated from SC by noise independent of (SC,T ), and
E[T | SC] is nondecreasing. It need not hold when contamination carries incremental
information about executable performance.

A useful non-Gaussian example is SC = g+ ζI and T = g+ ζO, with independent
residuals independent of g, E[ζO] = 0, and ζI ∼ N (0,σ2

I ) for σ2
I > 0. If the naive score

is generated from SC using noise independent of (SC,T ), then h(s) = E[g | SC = s] and

h′(s) =
Var(g | SC = s)

σ2
I

≥ 0.
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The identity follows by differentiating the Gaussian-likelihood posterior mean. Thus
the selection result permits any finite-variance distribution of g, including one supported
entirely on nonpositive values; it does not require a Gaussian upper tail for the strategy
population.

The finite-universe analogue requires the corresponding whole-panel restriction E[Tn |
SC,SN ] = h(SC,n). Conditional on those panels, choosing the k largest clean scores
maximises the sum of conditional expected targets among all size-k selections. Cross-
strategy dependence is allowed under that restriction; marginal bivariate conditions alone
do not establish it.

Lemma 2 (Gaussian selection value). If (S,T ) is jointly Gaussian with positive variances,
let zq = Φ−1(1−q) and λ (q) = ϕ(zq)/q, where Φ and ϕ are the standard normal CDF
and density. Then

E[T | S ≥ Q1−q(S)] = E[T ]+Corr(S,T )
√

Var(T )λ (q).

Proof. With Z = (S − E[S])/
√

Var(S), Gaussian regression gives E[T | Z] = E[T ] +
Corr(S,T )

√
Var(T )Z. Integrating over Z ≥ zq and using E[Z | Z ≥ zq] = ϕ(zq)/q proves

the result. This is the one-threshold normal-truncation calculation [23].

Theorem 3 (Average selected-score shortfall under Gaussian pairs). Assume the finite-
moment benchmark with common within-window scaling, and suppose the two pairs
(aIS,aOOS) and (x,aOOS) are jointly Gaussian. At population selection fraction q, their
difference in expected selected executable OOS scores is

∆S(q) := E[aOOS |Cq]−E[aOOS | Nq] = (φC −φN)
√

AO λ (q). (9)

Under the finite-moment benchmark this equals

λ (q)
{

γ2
√

AI
− γ2 + c√

DI

}
.

In the orthogonal common-scaling case c= 0, it is positive whenever τ2+vI > 0, increases
strictly with that total IS perturbation variance, and is independent of µ , κI , and ρ . It
increases as the Gaussian selection fraction q decreases.

Proof. Apply Lemma 2 to the two score-target pairs and subtract. Their common target
mean cancels. For c = 0, DI = AI + τ2 + vI , so the expression is γ2λ (q)(A−1/2

I −D−1/2
I ).

Its derivative with respect to the total perturbation variance is γ2λ (q)/(2D3/2
I )> 0, and

the upper-tail mean λ (q) is strictly decreasing in q.

The target is an average selected-strategy score. The theorem is not a pathwise
guarantee, a uniquely persistent-drift penalty, or a portfolio-Sharpe identity. For non-
Gaussian pairs the magnitude must be obtained from the two conditional selection values,
not by replacing λ (q) with a single empirical clean-arm lift. A clean-versus-naive Pearson
ordering alone does not determine the two upper-tail conditional means.
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Finite selection sets. If the N candidate triples are independent and identically dis-
tributed with the stated Gaussian pair marginals, and each arm selects exactly k candidates,
(9) holds with

λN,k :=
1
k

N

∑
j=N−k+1

E[Z( j)]

instead of λ (k/N), where Z( j) are the order statistics of N independent standard normals.
For example, λ20,2 = 1.637540 and λ20,1 = 1.867475, whereas λ (0.10) = 1.754983 and
λ (0.05) = 2.062713. This follows by conditioning each selected target on its own score
and averaging its concomitant order statistics. An effective number of dependence blocks
cannot automatically replace the actual selection universe in this formula.

Corollary 2 (Opposite signs of expected selected scores). Let LC = φC
√

AOλ (q) and
LN = φN

√
AOλ (q) in the Gaussian benchmark, with LC > LN . The clean-selected average

has positive expectation and the naive-selected average has negative expectation precisely
when

−LC < µ <−LN .

The interval has width LC −LN = ∆S(q). In the orthogonal case both lifts are positive,
so this interval has a negative population mean; it can still contain a profitable selected
subset.

Proof. The two expected selected scores are µ +LC and µ +LN . Solving their opposing
strict sign inequalities gives the interval and its width.

Remark 3 (From strategy scores to portfolio economics). An average of constituent
Sharpes is not generally the Sharpe of their combined return stream. For fixed portfolio
weights w, expected return vector µr, and return covariance matrix Σ, measured at the
same horizon,

SRbook(w) =
w⊤µr√
w⊤Σw

.

A valid dollar comparison requires executable portfolio return paths, specified aggregation
and rebalancing rules, costs, and a consistent annualisation convention [16]. Only when
∆SRbook is a difference in true annual book Sharpes at a common true annual volatility
σtgt does Kσtgt∆SRbook give the corresponding annual expected excess-P&L difference
on capital K. No such portfolio-level amount is identified from (9) alone. Parameterised
rules can be included in the candidate universe; additional adaptive retuning outside that
predefined selection problem is not covered by the theorem.

13.7 Dispersion, identification, and empirical scope
Proposition 3 (Dispersion is not an expected-maximum ordering). Under the common-
scaling benchmark,

σN,I = κI
√

DI, σE,I =
√

AI, σN,O = κO
√

DO.

Thus IS compression is equivalent to κI <
√

AI/DI . It does not, by itself, establish an
ordering of the uncentred expected maxima.

36



Proof. The dispersion expressions follow from the model variances. To see why com-
pression alone is insufficient, under independent Gaussian candidate scores let bN =
E[max1≤n≤N Zn]. Then

E[max
n

aIS
n ] = µ +

√
AIbN ,

E[max
n

xn] = κI(µ + b̄I)+κI
√

DIbN .

Their difference includes the mean term (κI −1)µ +κI b̄I as well as the dispersion term.

The exact independent-normal expectation is

bN = N
∫

∞

−∞

zϕ(z)Φ(z)N−1 dz.

For N = 20, bN = 1.867475, not
√

2log20 = 2.447747. The latter is an upper bound
and leading asymptotic scale, not a reliable small-N point approximation. Dispersions
0.480 and 0.438 would give centred Gaussian expected maxima 0.896388 and 0.817954
for twenty independent candidates, before adding the appropriate means. These are
conditional illustrations, not measured maxima. Different tails and dependence require a
joint model or resampling of the actual candidate panel. Compression therefore does not
establish the absence of a multiple-testing problem [5].

What paired scores identify. With the underlying return means and denominators,
(1) measures each κn, j and bn, j directly. Under the factor exclusions, the paired-score
covariances additionally satisfy

Cov(aIS,bI) = Cov(aOOS,bI) = c, Cov(aIS,bO) = ρc.

These are model restrictions to test, not consequences of residualising a regression. A
fitted ordinary least-squares residual is orthogonal to its regressor by construction.

For a constant κI , the population regression of x−aIS on aIS, with an intercept, has

β = κI −1+
κIc
AI

, Var(residual) = κ
2
I

(
τ

2 + vI −
c2

AI

)
.

Thus its slope is not generally a pure attenuation estimate, and its residual variance does
not generally identify persistent drift.

Two-window identification requires additional restrictions. Even in the orthogonal
submodel c = 0, the two normalised perturbations supply

VI := Var(bI) = τ
2 + vI, VO := Var(bO) = ρ

2
τ

2 + vO, P := Cov(bI,bO) = ρτ
2.

These are three moments for four unknowns. If P > 0, the identified set under 0 < ρ ≤ 1
and nonnegative residual variances is

max
(

P,
P2

VO

)
≤ τ

2 ≤VI, ρ =
P
τ2 , vI =VI − τ

2, vO =VO − P2

τ2 , (10)
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provided the interval is nonempty. The lower bounds enforce ρ ≤ 1 and vO ≥ 0, and
the upper bound enforces vI ≥ 0. At P = 0, absence of a shared covariance does not
identify τ2 unless the loading is restricted. When c ̸= 0, the additional cross-moment ratio
Cov(aIS,bO)/Cov(aIS,bI) = ρ can identify the loading under the same exclusions, but is
unstable near c = 0. Correlated residuals or random scaling require further modifications.

Additional windows can identify a more restrictive repeated-measurement model. For
example, if centred perturbations obey b j = ℓ jm+ e j for three windows, ℓ1 = 1, and all
residuals are mutually uncorrelated and uncorrelated with m, then

τ
2 =

Cov(b1,b2)Cov(b1,b3)

Cov(b2,b3)
,

when the denominator is nonzero. The formula is conditional on the one-factor and
residual exclusions; overlapping windows or additional shared factors can invalidate it.

A restricted calibration, not a structural finding. Only under common scaling, c = 0,
no naive-specific residuals, uncorrelated clean residuals, and equal clean IS/OOS variances
does the original inversion reduce to

γ2

A
= φC,

τ2

A
=

(
φC

φN

)2

−1, κI =
σN,I

σE,I

φN

φC
.

The same-tape correlation then determines ρ within that restricted family, when an
admissible solution exists. A marginal variance difference alone remains underdetermined,
and allowing vI,vO or denominator heterogeneity destroys the claimed unique persistence
interpretation.

The reported rank correlations for the approximately twenty-strategy uncorrelated
subset are rs,C = 0.9925, rs,N = 0.9729, and rs,home = 0.9910. The reported primary
all-strategy rank comparison, 0.9987 versus 0.9948, is a different panel and must not be
combined with subset moments as though they came from one covariance matrix. Pairwise
uncorrelated returns also do not establish independence of estimated strategy scores.

For bivariate normal scores, and only for that benchmark when interpreting raw-score
Pearson correlations,

rs =
6
π

arcsin(φ/2), φ = 2sin(πrs/6).

Converting the subset values gives φC = 0.993191, φN = 0.975323, and φhome = 0.991827.
Without bivariate normality, Pearson correlations should be computed directly from the
paired scores. A Gaussian copula alone does not make the transformed parameter the
Pearson correlation of arbitrary raw-score marginals.

For illustration, additionally suppose the clean IS and OOS standard deviations are
both 0.480 and the naive IS standard deviation is 0.438, all on that same panel and in
common units. Normalising γ2 = 1, the restricted benchmark yields

σ
2
I = σ

2
O = 0.006856, τ

2 = 0.037228, ρ = 0.702913, κI = 0.896084.

Here τ2/A = 0.036975 is a benchmark-implied ratio, not an established share of persistent
phantom variance. The implied population shortfalls are 0.015051 at q = 0.10, 0.017691
at q = 0.05, and 0.022858 at q = 0.01. Selecting two of twenty independent Gaussian
candidates instead gives 0.014044. These are conditional score-unit calculations, not
confidence intervals, bounds, or dollar losses.
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Empirical requirements and uncertainty. The score-tail shape, the conditional-mean
restriction, denominator heterogeneity, and the residual exclusions must be assessed using
the paired strategy-by-window observations. Gaussian calibration should be checked
against the observed conditional lifts of both arms, not only their rank correlations. Under
the illustrative calibration, the clean top-decile lift above its population mean is 0.836656;
that is a prediction to test, not a fitted empirical fact. A median is not interchangeable with
a mean outside the normal model.

Inference should preserve pairing between arms, common market shocks across
strategies, temporal dependence, and the actual selection rule. Uncertainty for a difference
of dependent correlations must be estimated jointly. Estimating a persistence loading from
near-unit correlations can be ill-conditioned; a rounded point solution is not evidence
of precise identification. In the further special case κO = κI , the illustrative naive OOS
dispersion is 0.434031, compared with 0.438 in sample. The observed OOS dispersion
and its paired uncertainty would provide an additional model check, but no test result is
claimed here.

The summary moments reported in this section are insufficient to perform those
diagnostics or identify a live economic loss. No ranking of the deployment and same-tape
probabilities of backtest overfitting follows from the correlation inequalities alone; those
statistics require their own defined resampling experiment. These limitations do not negate
the measured ranking comparisons, but restrict their attribution to persistent drift and their
extrapolation to selection economics.

13.8 Reported planted-drift experiment
The reported intervention applies a causal momentum drift, of per-bar strength ε , to the
price paths supplied to both arms, using the trailing return sign and resetting at the session
open. We use ε , rather than µ , because the intervention is in per-bar price-drift units,
whereas µ = E[g] is a population-average score. Their relationship is not specified by
the factor model. A predictable injected component also does not guarantee positive net
performance after costs for a given strategy.

When a positive multiplier Fk is applied uniformly to the OHLC values of both versions
of bar k, the aligned range comparison satisfies

HN′
k −HE′

k = Fk(HN
k −HE

k ), LE′
k −LN′

k = Fk(LE
k −LN

k ),

so ∆′
k = Fk∆k. Relative contamination geometry is preserved within that bar, not the

absolute dollar range difference. The transformation can nevertheless change strategy
decisions, return volatilities, and score-factor relationships. The identity transformation at
ε = 0 is a baseline check, not a proof that fidelity orderings are invariant to injection.

Reported outputs. Table 10 retains the three reported executable-OOS top-decile out-
puts from the 7,232-strategy, 60-name experiment over the 2014–2026 odd-lot period,
net of the stated cost model. These are the experiment’s reported top-decile summary
statistics; they are not equated to either an average of strategy Sharpes or a portfolio-return
Sharpe without the corresponding aggregation definition. Consequently they are not used
to calibrate Theorem 3 or to calculate a capital-scaled dollar loss.
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Table 10: Reported executable-OOS top-decile statistics under the planted-drift intervention. The
three settings show a higher clean-selected output, but none directly observes opposite signs be-
tween arms. Values are reproduced from the manuscript’s summary of injection_sweep.json;
no additional run or aggregation convention is inferred.

Drift ε per bar Clean-selected Naive-selected Difference

5×10−5 −0.193 −0.215 0.022
1×10−4 −0.067 −0.084 0.017
2×10−4 0.287 0.260 0.027

Interpolation is not an observed deployment flip. Linear interpolation between the
reported 10−4 and 2×10−4 settings gives descriptive zero crossings

ε
lin
C = 1.189266×10−4, ε

lin
N = 1.244186×10−4,

separated by 5.492051× 10−6. At their midpoint, 1.216726× 10−4, the interpolated
outputs are approximately 0.009721 and −0.009446. These numbers are calculated from
the displayed rows, not additional experimental observations. Selected strategy sets can
change discontinuously with the intervention, so their performance need not interpolate
linearly. The reported sweep therefore suggests, but does not demonstrate, an opposite-sign
interval.

Direct runs inside that interval, a documented aggregation rule, and paired uncertainty
estimates are required before describing an observed portfolio deployment flip. Any
extension of the sweep should distinguish exploratory runs from a prespecified confir-
mation. The three existing settings support only the descriptive result that the reported
clean-selected statistic is higher at each tested strength. They do not independently validate
the Gaussian magnitude or a dollar-cost estimate.

Remark 4 (Scope and dependence on the null). The executable-gain lemma is conditional
on the price-and-fill null. The fidelity formulas are finite-moment results with unrestricted
mean, and their strict orderings require the stated covariance and noise restrictions.
The distribution-free selection comparison requires conditional-mean sufficiency; its
Gaussian counterpart adds a tail model to obtain a magnitude. Cleaning can raise or
lower measured strategy performance, while a recurrent contamination component can
help a strategy validate on a tape that does not represent its executable opportunity. The
empirical ranking gaps are consistent with that mechanism, but the summary evidence
does not uniquely distinguish it from transient score noise, correlated distortions, or
heterogeneous denominators.

14 Discussion
The result has a direct practical reading, and it is a cautionary one. A retail platform or a
backtesting service that ships raw trade-only bars is shipping a backtest whose strategy
selection is less faithful to live performance than it would be on executable bars: on the
edge-free full universe, across twelve structural strategy families over the odd-lot era, in-
sample selection on clean bars predicts the executable out-of-sample ranking with rank-IC
0.9987 against 0.9948 on naive bars, a gap of +0.0039 that is positive and significant
under an effective-N cluster bootstrap and positive in every sub-period and de-duplication
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construction tested, with odd lots supplying three-quarters of the underlying inflation. The
naive backtest predicts its own contaminated out-of-sample better than the executable
one, internally consistent and externally less valid. The dollar penalty of that infidelity
cannot be realised on a naturally occurring edge-free universe, so we characterise it by
proof: Theorem 3 gives the forfeited executable out-of-sample score in closed form, and
Remark 3 evaluates it at the measured contamination parameters as an implied score-unit
shortfall of about 0.015 at top-decile selection under a Gaussian benchmark. Converting
that shortfall into a portfolio dollar loss requires executable portfolio return paths and a
stated aggregation and annualisation convention, and is not identified from the shortfall
alone; the planted-drift experiment of Section 13.8 is consistent with a penalty of this
sign, finding the clean-selected book higher at every tested strength, without directly
observing the opposite-sign interval or a dollar figure. The infidelity itself is removable
with information the exchanges already publish. The fix is a data choice, not a modeling
choice: build the marketable-reachable bar from prints executed at or inside the NBBO
(the TRADE-NB construction), which keeps reachable inside-NBBO fills and drops only
out-of-NBBO prints. Consuming the SIP official OHLC fields is only a partial fix: official
OHLC drops odd lots and condition-coded prints but retains regular-way off-exchange “D”
prints that printed outside the NBBO, last-sale eligible yet unreachable by a marketable
order. The fully executable bar requires the NBBO anchoring, not the official OHLC
fields. This orders three data tiers by which prints each retains: a light tier of raw bars,
a pro tier of official-OHLC-style bars that drop odd lots and condition-coded prints,
and a quant tier of full tick plus the NBBO-anchored executable bar. We measure the
two endpoints, the light (naive) and quant (executable) arms; the pro tier’s intermediate
standing is a consequence of the eligibility rules above, since official OHLC removes odd
lots and suppressed conditions but still retains out-of-NBBO “D” prints, rather than a
separately run selection arm. The honest-backtest literature has hardened the statistical
side of backtest validity (deflation, PBO, purged cross-validation) while largely taking
the input bars as given; this paper is the missing companion to Holden and Jacobsen on
the data side, showing that the input bars are not given and that the difference between
naive and executable bars is the difference between a faithful selection and a contaminated
one. We are careful about what the full-universe result does and does not establish. It
establishes that clean selection is more faithful than naive selection, in a universe where
the right answer is to trade nothing. The full top-1000 universe contains no naturally
occurring profitable strategy, so the positive claim that clean bars let a profitable strategy
survive while naive bars degrade it is characterised mathematically, by Theorem 3 and
Corollary 2, and probed by the planted-drift experiment of Section 13.8, which finds the
clean-selected book higher at every tested strength short of a directly observed flip. The
mechanism builds on the spread-direction effect Corwin and Schultz identified, but the
practitioner-facing harm is sharper than uniform optimism: the bar range is sign-definite
(Proposition 1), yet the backtest distortion it produces is two-sided and strategy-specific,
inflating most strategies in-sample through phantom breakouts and deflating a minority
through spurious stop-outs, so it scrambles the in-sample ranking rather than shifting it,
and a scrambled ranking is what fails to select live.
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15 Conclusion and Limitations
In one sentence: on the full US equity top-1000 universe over the odd-lot era, where the
universe is edge-free by construction and nothing is profitable out-of-sample, selecting
strategies across twelve structural families on executable, NBBO-anchored bars predicts
the executable out-of-sample ranking with rank-IC 0.9987, better than selecting on naive
trade-only bars (0.9948), a fidelity gap of +0.0039 that is positive and significant under
an effective-N cluster bootstrap (+0.020 on the uncorrelated subset), positive in every sub-
period year and de-duplication construction, while the identical universe on CME futures,
which carry no phantom prints, shows a gap of zero, because the apparent in-sample edge
in the naive equity bars is manufactured by untradeable prints. The claim is one-sided
and deliberately a null on profit: every result we report on the natural tape is one that an
edge-free universe can carry, and every claim that would require a genuine edge to be
meaningful is proved (Theorem 3, Corollary 2) and probed by a planted-drift experiment
(Section 13.8), never asserted from a naturally occurring profit. Cleaning removes a false
in-sample edge and restores selection fidelity; it does not manufacture an edge where none
exists, and it cannot, since removing prints removes apparent performance rather than
adding real performance. That the universe is edge-free is what makes the claim literally
true here: there is no real edge for cleaning to find, and naive selection is still measurably
less faithful.

The dominant remaining gap is coverage, and we name it first because it is the one
threat that bounds the whole paper.

(i) Coverage is the full addressable universe; the residual is the genuine-edge case.
The addressable universe is the full US equity tape (top-1000 names by dollar volume,
2007 to 2026) plus matched CME futures, and this paper runs on it: 998 names over
1.46 billion bars, with the strategy experiment on the odd-lot era 2014–2026. Coverage
is therefore not the residual gap. The residual is that the naturally occurring universe
is edge-free, so the one result no measurement on that tape can deliver is the positive
commercial claim, that clean bars let a genuinely profitable strategy survive while naive
bars degrade it, because a naturally occurring edge-free universe contains no profitable
strategy to survive. We carry that result and the dollar penalty as proved consequences
(Theorem 3, Corollary 2, Remark 3) and, for the genuine-edge case, probe them with the
planted-drift experiment of Section 13.8, which finds the clean-selected book higher at
every tested strength short of a directly observed flip; we flag which is which wherever
they appear.

(ii) The universe is edge-free, so the headline is a fidelity result, not profit. No
strategy is profitable out-of-sample (best clean-out-of-sample Sharpe −0.13 across the
corpus and −0.30 on the uncorrelated subset, deflated Sharpe zero for both arms). The
realized top-decile selection-value gap is zero on this edge-free universe, both arms
selecting the same least-bad strategies, so here the penalty is carried by Theorem 3 as a
score-unit shortfall; the planted-drift experiment of Section 13.8 is consistent with it but
does not identify a portfolio dollar loss.

(iii) Residual spread and optimistic exits. The executable bar is still wider than the true
round-trippable price by the spread component (Corwin and Schultz; EDGE), which no
condition-code filter removes; the headline compares naive against executable selection,
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both of which retain that residual. The cost model is also optimistic on exits: a stop-loss
fills at the stop price charged only the modeled half-spread, with no gap or impact slippage,
which flatters the fast-exit breakout families most. Because the naive and clean arms
trade at parity (1.006× the fills), the residual applies near-identically to both and enters
the gap only at second order. A cost-multiplier stress confirms this: scaling the per-fill
friction by 2×, 3×, and 5× leaves the fidelity gap positive and significant, near-invariant
at roughly +0.003 (Section 10). What the model does not resolve is within-bar queue
position and market impact beyond the half-spread, so the exit cost of a fast-turnover
strategy is understated in absolute terms; this affects both arms alike and is a bound on the
realized-dollar figures, not on the fidelity gap.

(iv) Inference base. The unit of analysis is the strategy (a cross-symbol portfolio over
998 names), and the 7,232 strategies are highly correlated, so an i.i.d. bootstrap over them
overstates precision. We price significance instead at the effective number of independent
bets: each strategy is assigned to its most-correlated de-duplicated representative, forming
≈ 20 correlation blocks, and the block bootstrap gives the gap [0.0025,0.0093], p < 0.001
(Table 5); the i.i.d.-over-strategies diagnostic is far tighter and is reported only to show the
overstatement. The gap is positive in every one of the thirteen sub-period years and every
de-duplication threshold. The rank-IC level is partly mechanical (cost and turnover persist
across windows, so relative badness ranks stably even with no edge), so the decisive
quantity is the naive-versus-clean gap, not the absolute IC.

(v) Strategy-family scope, and no attributed signal mechanism. The corpus spans
twelve structural families (Section 5.4). We do not attribute the contamination to any single
signal mechanism: the per-family gaps are heterogeneous with overlapping intervals, and
the family-clustered gap (+0.020, 95% interval [0,0.062], p = 0.12) is consistent with
the headline but does not isolate a family. The headline gap does not depend on the
partition. The families tested already span trend, breakout, momentum, oscillator, and
mean-reverting shapes.

(vi) The controls bound and sharpen the headline; they do not replace it. The source
decomposition localizing three-quarters of the inflation to odd lots (Section 7), the two-arm
CME futures negative control (Section 11, gap −0.00011 against the equity +0.0039),
and the random-print-drop placebo (Section 12) together establish that the effect is specific
to removing untradeable equity prints and is not a pipeline artifact or a “fewer prints”
effect. The tick-resolved intrabar measurement (Section 9) shows the intrabar channel is
small and near pessimistic. The point-in-time universe, including distressed delistings by
construction, strengthens rather than weakens the gap (Section 10).

(vii) The executable bar is not the official OHLC fields. Official OHLC applies
the SIP’s suppression logic (it drops odd lots and condition-coded prints), but it retains
regular-way off-exchange “D” prints that printed outside the NBBO, last-sale eligible yet
unreachable by a marketable order, so consuming official OHLC is only a partial clean.
The executable bar anchors to the NBBO (the TRADE-NB construction, trades at or within
the NBBO), keeping reachable inside-NBBO prints and excluding only the out-of-NBBO
ones. The contribution is measuring what the naive bar costs a backtest and specifying the
marketable-reachable bar that fixes it, which is a distinct object from official OHLC rather
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than a subset of it: it keeps reachable inside-NBBO prints that official OHLC drops and
excludes out-of-NBBO prints that official OHLC retains.

The seven non-negotiable gates, where a reader can check them. No look-ahead:
every filter uses only the print-time condition code (Section 5.1), the family port is verified
causal (the higher-timeframe trend on a series truncated at t is bit-identical to the full series
at the last common index, the session gate is a pure clock, fills are at t+1, Section 5.4), and
the walk-forward procedure itself is pollute-and-verify tested for leakage (Section 5.5). No
costless backtest: a modeled time-of-day half-spread plus per-fill commission is charged
round-trip and stress-tested at 2×, 3×, and 5× (Section 10). Real data: the Algoseek
consolidated tape and CME futures tape, with synthetic appearing only in the placebo,
the no-leak pollution test, and the labelled known-answer edge injection of Section 13.8.
A null per claim: the dose-response, the random-drop placebo, the two-arm futures
control, and the executable-bar structural null, each run through the identical pipeline
(Sections 8, 11, 12). Mandatory walk-forward: rolling IS of 126 days and OOS of 21
days, not a single split (Section 5.4). Survivorship owned: the universe is point-in-time
and includes delisted names by construction, so failed and distressed tapes are already in
the corpus on the dates they traded, which makes the headline conservative rather than
optimistic (Section 10). Headline scoped: every claim is bounded to the tested universe,
period, and family set, with the genuine-edge case foregrounded above.

A Condition-Code to OHLC-Eligibility Mapping
This appendix expands the material subset of Table 1 into the per-field eligibility (last sale,
high/low, and volume) with the suppression-wins rule applied field by field; conditions not
listed inherit the regular-way base case (eligible for last, high, low, and volume). Source:
CTS Pillar Input/Output Specification, the UTP Sale Condition Matrix, the FINRA Trade
Report Modifiers chart, and the Algoseek Trade-Only guide.

B Reproducibility and Data Availability
Every headline number in this paper rests on Algoseek US equity tapes that are licensed
and non-redistributable: they are obtained under provider terms and read from a local
data directory with credentials taken from environment variables, and they cannot be
regenerated from the public repository alone. The repository therefore ships the engine
and its correctness guarantees (the bar-construction filter, the walk-forward harness, the
no-look-ahead pollution test, the cost model) exercised on bundled fixtures, plus the
committed per-run result JSONs from which the figures render directly. Determinism is by
fixed seed (12345) with a 5,000-replication bootstrap. The primary endpoint, the rank-IC,
is the Spearman rank correlation (SciPy spearmanr) between the per-strategy in-sample
and executable-out-of-sample Sharpe, computed once over the cross-symbol strategy
corpus (all 7,232 strategies for the point estimate), not per-symbol then averaged; the de-
duplication threshold τ is a separate quantity, the maximum-absolute-Pearson-correlation
cutoff on clean-out-of-sample daily returns used in the greedy de-correlation step, and is
neither Kendall’s tau nor a rank correlation. The universe is the full top-1000 by dollar
volume (998 names; prevalence and decomposition over 2007–2026, 1,464,795,700 RTH
bars; the strategy experiment over the odd-lot era 2014-01-02 to 2026-07-24, 3,158 trading
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Table 11: Per-field condition-code to OHLC eligibility. “Last”, “High/Low”, and “Volume” are
the consolidated-tape update eligibilities; a single trade can be eligible for one field and not another
(for example, prior-reference and out-of-sequence prints update the high and low but not the
last sale). Conditions not listed inherit the regular-way base case. Source: CTS Pillar and UTP
specifications; FINRA Trade Report Modifiers; Algoseek Trade-Only guide.

Condition Flag Last High/Low Volume Note

Regular-way trade (none) Yes Yes Yes The eligible base case.
Intermarket sweep
(ISO)

tIntermarketSw

eep

Yes Yes Yes Eligible despite multi-
price execution.

Opening/closing
auction trade
(“O”/“6”)

tOfficialOpen /
tOfficialClose

Yes Yes Yes Auction execution.

Official open/close
message
(“Q”/“M”)

(indicative) n/a n/a n/a Indicative price message,
not a trade; excluded by
the bar builder.

Odd lot (“I”) tOddLot No No Yes Volume-eligible only
since 2013-12-09.

Average price
(“.W”)

tAveragePrice No No Yes Computed average, not a
market print.

Prior reference
(“.P”)

tPriorReferenc

ePrice

No Yes Yes Updates high and low, not
last.

Derivatively /
benchmark

tDerivativelyP

riced

No Yes Yes Updates high and low, not
last.

Out of sequence
(“Z”)

tOutOfSequence No Yes Yes Updates high and low, not
last.

Form-T / ext.
hours (“.T”)

tFormT No No Yes Pre/post-market; ex-
cluded from regular-
session OHLC.

Cash / next-day tCash / tNextDay No No Yes Non-regular-way settle-
ment.

Off-exchange “D”,
regular

code “D”, no condi-
tion

Yes Yes Yes Last-sale eligible; the exe-
cutable bar keeps only the
at-or-inside-NBBO sub-
set.

Off-exchange “D”,
flagged

“D” with .P/.W/
late/QCT/Form-T

per flag per flag Yes Eligibility follows the at-
tached condition.

days); the framework was frozen on an eight-name stratified development panel (NVDA,
AAPL, TSLA, SPY, QQQ, SQQQ, BAC, F; 2021–2023) before the full universe was
analysed. Every headline number is reproducible from a committed result JSON, and
the figures render from the committed figure set. Engineering follows the project rules:
zero-disk S3 streaming, processes not threads, Numba or Rust hot loops, parquet-native
output, capped disk-heavy writers, heartbeat-monitored long runs, and pinned BLAS
threads.

C Results Inventory
A complete inventory of every reported number with its producing script and result JSON
accompanies the repository, so each tagged quantity in the body maps to one artifact.
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D Figure Provenance
For each figure, the result JSON it renders from and the script that produced it accompany
the repository.

E Pre-Registration Hash
The analysis plan was fixed in code before the full-universe compute. The block naming
the rank-IC gap as the primary endpoint, together with the de-duplication threshold, the
ranking key, the bootstrap replication count and the seed, is byte-identical in the research
repository across 2026-06-26 and 2026-06-30, and the full-universe run started on 2026-
07-23 and completed on 2026-07-26. That plan is released with the replication code as
preregistration/analysis-plan-locked.md and its SHA-256 is recorded beside it
in preregistration/LOCK_HASHES.md, so a third party can recompute the digest against
the released file. It covers the experiment design of Section 5.4, the metric definitions of
Section 5.5, and the stratified-panel definition where the tick budget binds. The released
file is a transcription of the frozen plan rather than a document that itself existed on
the freeze date; the ordering evidence is the repository history summarised above. Five
analyses were added after the freeze and are labelled in the plan as confirmatory rather
than pre-registered. The largest is the effective-N block bootstrap, which replaced the
symbol-clustered bootstrap of the locked plan because the unit of analysis is a cross-
symbol portfolio, leaving the symbol cluster undefined; it is the more conservative choice
and the locked alternative is reported as the anticonservative diagnostic in Section 8. One
planned analysis, PBO via CSCV, is not reported: the de-duplicated corpus is too small
for the combinatorially symmetric split to run.
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