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Abstract 1

Profitable trading rules can earn returns through market exposure without adding value 2

through entry timing. This paper evaluates that distinction with a structure-preserving 3

randomization test: conditional on a declared placement law, the realized trade structure 4

and price path are held fixed while only the calendar placement of trades is re-randomized. 5

Under the sharp null that the realized placement is exchangeable with those re-placements, 6

the plus-one Monte Carlo p-value is finite-sample valid and measures whether the observed 7

schedule is unusually favorable relative to structurally matched alternatives. In synthetic 8

worlds, White’s Reality Check and Hansen’s SPA reject a profitable-but-untimed exposure 9

strategy about two-thirds of the time (0.660 and 0.637), while the placement test holds 10

nominal size (0.050) and retains power against genuine timing. On an eleven-rule gold- 11

futures panel and a 322-test cross-asset scan, profitability is common but no rule shows 12

robust, measure-invariant entry-placement skill after multiplicity control. The result is not 13

a claim that the rules are unprofitable; it is evidence that the timing component should not 14

be priced as active skill without clearing a structure-matched counterfactual. 15

Keywords: trading-strategy evaluation; market timing; timing skill; data snooping; mul- 16

tiple testing; conditional randomization; backtest overfitting; Reality Check; superior 17

predictive ability; technical trading rules 18

JEL Classification: C12; C15; C58; G11; G14; G17 19

1. Introduction 20

A profitable backtest is routinely read as evidence that a strategy’s decisions were 21

well timed, but common data-snooping tests answer a different question. In a controlled 22

world where a strategy holds a real structural exposure that makes it profitable but places 23

its entries with no entry-placement skill, White’s Reality Check and Hansen’s SPA reject 24

about two-thirds of the time, while a structure-preserving placement test holds its nominal 25

size. The strategy is genuinely profitable; the tests are answering their own profitability 26

question. The allocation problem is that profitability may be the wrong object when the 27

investor needs to know whether the entry and exit timing deserves an active fee. 28

The profit a strategy earns on a single price path confounds three economically distinct 29

things: the structural exposure its positions imply, the drift of the market it happened to 30

trade, and the quality of its timing, whether its entries and exits landed at informative 31

moments. A rule can be reliably profitable while supplying no entry-placement skill, simply 32

by holding a rising exposure. The standard data-snooping tools, Reality Check (White, 33

2000), SPA (P. R. Hansen, 2005), the data-snooping framing of Sullivan, Timmermann, 34

and White (Sullivan et al., 1999), and the multiple-testing critique of Harvey, Liu, and 35
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Zhu (Harvey et al., 2016), all take a strategy’s realized decision sequence as given and ask 36

whether its profitability survives selection. That is a useful question, but it is not the same 37

as asking whether the calendar placement of trades was informative. 38

This paper makes the conflation visible, quantifies its practical effect, and supplies an 39

instrument for the narrower timing question. We hold the realized trade structure and the 40

exogenous price path fixed and re-randomize only the calendar placement of the trades, 41

comparing the realized performance to its distribution over admissible re-placements. 42

Under the declared null that the realized placement is exchangeable with placements 43

drawn from the chosen law, the resulting plus-one Monte Carlo p-value is finite-sample 44

valid and requires no model for returns. 45

Contributions. 46

• Two questions, one trade log. On worlds with known ground truth, Reality Check 47

and SPA reject a profitable-but-untimed structural-exposure strategy 66.0% and 63.7% 48

of the time—correctly, as verdicts on profitability—while the placement test, which 49

asks the distinct entry-timing question, holds its nominal 0.050 size. The tests are 50

complementary rather than competing: in exactly the case where an allocator must 51

separate exposure from timing, a profitability verdict and a timing verdict diverge by 52

more than an order of magnitude in rejection rate (Section 3.1). 53

• A timing-focused placement test. A conditional randomization test that holds the 54

realized trade structure and price path fixed and re-randomizes only calendar place- 55

ment, with a finite-sample-valid p-value under the declared exchangeability law and 56

no return model (Section 2; validity in Appendix B). 57

• Model risk made explicit. A declared family of admissible re-randomization mea- 58

sures, with the verdict reported as a sensitivity range rather than under a single 59

favorable choice (Section 2). 60

• Applied evidence under multiplicity control. A deep eleven-rule gold-futures panel 61

and a cross-asset robustness scan under Benjamini–Hochberg (Benjamini & Hochberg, 62

1995) and Bonferroni control (Sections 3.3–3.4). 63

Related literature. 64

The paper draws on three strands. On the evaluation of trading rules under data 65

snooping, we build on White’s Reality Check (White, 2000), Hansen’s superior-predictive- 66

ability test (P. R. Hansen, 2005), the technical-trading-rule study of Sullivan et al. (1999), and 67

the stepwise multiple-testing procedures of Romano and Wolf (2005), whose resampling 68

engines are the stationary and block bootstraps (Künsch, 1989; Politis & Romano, 1994). 69

On multiple testing and backtest overfitting in empirical finance, we draw on Harvey et al. 70

(2016), false-discovery-rate control (Benjamini & Hochberg, 1995; Benjamini & Yekutieli, 71

2001; Storey, 2002), the deflated Sharpe ratio and the probability of backtest overfitting 72

(Bailey et al., 2017; Bailey & López de Prado, 2014), and the machine-learning treatment 73

of López de Prado (2018), set against market-efficiency and adaptive-markets framing 74

(Fama, 1970; Lo, 2004) and the time-series-momentum exposure that drives much realized 75

profitability (Moskowitz et al., 2012). The instrument itself is conditional randomization 76

inference: classical permutation and randomization testing (Ernst, 2004; Fisher, 1935; 77

Lehmann & Romano, 2005; Pesarin & Salmaso, 2010), Monte Carlo significance tests with 78

the plus-one correction (Besag & Clifford, 1989; Dwass, 1957; Hope, 1968; Phipson & Smyth, 79

2010), exact testing with random permutations (Hemerik & Goeman, 2018), exchangeability 80

theory (Aldous, 1985), and the model-X conditional randomization test of Candès et al. 81

(2018), whose conditioning law is known by design where ours is analyst-declared; the 82

conditioning is also kin to selective and post-selection inference (Berk et al., 2013; Fithian 83
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et al., 2014; Lee et al., 2016), though we condition on a declared structure rather than on a 84

selection event. 85

Findings preview. 86

A profitability test and the placement test diverge sharply on profitable-but-untimed 87

strategies—Reality Check and SPA reject about 66% of the time, answering the profitability 88

question, while the placement test holds its 5% entry-timing size; on gold no rule clears 89

entry-placement significance under the neutral measure, four volatility-filtered rules reject 90

only under volatility-state-matched nulls (a measure-dependent, non-robust effect), and 91

nothing survives multiplicity control across the cross-asset tests. Profit is common; isolable 92

entry-placement skill is not. Section 2 sets out the data, the test, and the measure family; Sec- 93

tion 3 reports the head-to-head, the gold panel, and the cross-asset scan; Section 4 discusses 94

interpretation, costs, and limits; Section 5 concludes, with proofs in the appendices. 95

2. Materials and Methods 96

Our object of study is not whether a trading rule made money but whether the timing of 97

its decisions made money. The two are easy to confuse and economically distinct: a rule can 98

profit by holding a structural exposure, by riding a drifting market, or because its entries 99

and exits landed at informative moments. We therefore build the method around a single 100

discipline, namely holding everything about a strategy fixed except the calendar placement 101

of its trades, and asking whether that placement was special under a declared placement 102

law. This section lays out the data (Section 2.1), the rules and the trade-structure object 103

they produce (Section 2.2), the conditional randomization test (Section 2.3), the conditional 104

placement estimand (Section 2.4), the effect-size statistics we report (Section 2.5), the family 105

of re-randomization measures we treat as model risk (Section 2.6), the multiplicity control 106

for the cross-asset panel (Section 2.7), and the Reality Check and SPA benchmarks we run 107

head-to-head (Section 2.8). All validity theory and proofs are deferred to Appendix B; the 108

body gives intuition and a schematic. 109

2.1. Data 110

The primary instrument is the front-month gold futures contract (GC=F). We use a 111

common evaluation window running from 2002-03-04 to 2026-04-02, which after applying 112

a universal signal warm-up leaves 6,049 daily bars for the strategy panel and 6,169 bars for 113

the buy-and-hold benchmark. Over this window gold delivered a cost-free buy-and-hold 114

cumulative return of 15.944 (a gross multiple of roughly 16.9×, inclusive of roll), with an 115

annualized Sharpe ratio of 0.733 and a maximum drawdown of −44.4%. The benchmark 116

is computed over the full 6,169-bar series and the strategy panel over the 6,049-bar series, 117

the 120-bar difference being the realized gap before the first strategy signal can fire. Gold 118

is a deliberate choice for a timing study: it carries a strong, persistent structural drift 119

over the sample, exactly the kind of exposure that inflates profitability statistics without 120

implying any entry-placement skill, so it is a setting where conflating profit with skill is 121

most tempting and most costly. 122

Beyond the gold panel we assemble a cross-asset universe of 47 instruments spanning 123

equity index proxies, single-name equities, commodity futures, currencies, and a stablecoin, 124

sampled at the same daily frequency. Running the eleven rules across this universe yields 125

322 strategy-asset tests, which we treat jointly under multiplicity control (Section 2.7). The 126

universe is intentionally heterogeneous, including near-degenerate price paths such as the 127

USDC-USD stablecoin, because such cases stress the test’s null-dispersion behavior and are 128

diagnostic rather than incidental. Per-instrument provenance and the full price series are 129

listed in the Data Availability statement. 130
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2.2. Trading Rules and the Trade-Structure Object 131

We evaluate eleven trading rules drawn from the standard practitioner repertoire: a 132

trend-pullback rule, a breakout rule combining volume and momentum confirmation, a 133

mean-reversion rule with a volatility filter, a trend-momentum verification rule, an ADX 134

trend-following rule, an uptrend oversold-reversion rule, a volatility-squeeze breakout, a 135

Connors RSI(2) pullback, a Donchian trend-reentry, a turn-of-month seasonality rule, and a 136

random-entry baseline. The random baseline is included as a calibration anchor: it has no 137

economic content, so any test that flags it as skilled is mislabeling luck. Each rule is run 138

with a fixed parameterization and a uniform signal warm-up, and trades are subject to an 139

expected round-trip transaction cost of c = 0.000470, applied identically to the realized 140

trades and to every simulated schedule. The parameterizations are the standard values 141

associated with each named rule family (for instance the 200-period moving average, the 142

Connors RSI(2), and the Donchian channel) and are held fixed across the entire study; 143

in particular the same configuration is applied to every one of the 47 instruments in the 144

cross-asset panel without per-asset re-optimization, so that panel is out of sample with 145

respect to parameter choice. 146

Running a rule on a price series produces a realized track record, and from that track 147

record we extract a trade-structure profile 148

S =
(
h, gint, gext, ω, d

)
, (1) 149

where h is the ordered sequence of trade durations (holding periods), gint the multiset 150

of internal gaps between consecutive trades, gext the external (leading and trailing) gap 151

budget, ω the position sizes, and d the trade directions. The ordering of the durations in h is 152

load-bearing and is preserved throughout: h is an ordered sequence of holding periods, not 153

a multiset, so that the realized shape of the schedule, namely which trade is long and which 154

is short and which is held briefly and which at length, is carried intact into the null. The 155

internal gaps gint enter as a multiset because re-ordering the spacing between trades is part 156

of the placement degree of freedom; the durations themselves are never re-ordered. What 157

S does not encode is when the schedule sits on the calendar. That placement is precisely the 158

degree of freedom the test will interrogate. The number of trades N per rule ranges from 159

N = 4 (Volatility Squeeze Breakout) to N = 215 (random baseline) on gold, and the same 160

extraction is applied unchanged across the cross-asset universe. 161

2.3. The Conditional Randomization Test 162

The intuition is a thought experiment. Take a strategy’s realized trades, freeze the 163

exogenous price path exactly as history delivered it, and freeze the trade structure S of 164

Equation (1), then ask: of all the ways this same schedule could have been slid along 165

the calendar, did the realized placement perform unusually well? If timing carries no 166

information, the realized placement is just one admissible placement among many and 167

should look ordinary against them. If the entries were genuinely well timed, the realized 168

placement should sit in the right tail. Figure 1 renders this schematically: the top track 169

shows the realized trade schedule against the fixed price path; the lower tracks show admis- 170

sible re-placements that share the identical ordered durations, internal-gap multiset, sizes, 171

directions, and non-overlap constraint, differing only in calendar position; a histogram 172

on the right collects the performance statistic over re-placements with the realized value 173

marked. 174

Concretely, the procedure is: 175

1. Fix the realized price path and the trade-structure profile S (ordered durations, 176

internal-gap multiset, weights, directions, non-overlap). 177

https://doi.org/10.3390/jrfm1010000

https://doi.org/10.3390/jrfm1010000


Version June 21, 2026 submitted to J. Risk Financial Manag. 5 of 23

2. Draw M alternative schedules from a re-randomization law Q that re-places the 178

schedule on the calendar while honoring S (Section 2.6). 179

3. Recompute the realized performance statistic T for each drawn schedule against the 180

same fixed path, yielding a null distribution {T1, . . . , TM}. 181

4. Compare the realized Tobs to that distribution. 182

Held fixed: the price path, the ordered durations, the internal-gap multiset, the sizes, the 183

directions, and non-overlap. Randomized: only the calendar placement, namely the leading 184

gap and the ordering of the internal gaps. Structural exposure and the realized path affect 185

both the observed statistic and the null distribution. The inferential question is whether the 186

observed placement is extreme relative to placements with the same structure on the same 187

path, not whether realized profit can be uniquely decomposed into exposure and timing 188

components. 189

Letting k = #{m : Tm ≥ Tobs} be the number of re-placements matching or beating 190

the realized value, we report the Monte Carlo p-value 191

p =
1 + k
M + 1

. (2) 192

Under the null that timing is uninformative, the realized placement is exchangeable with 193

the admissible alternatives drawn under Q, so Equation (2) is a finite-sample-valid p- 194

value. The +1 in numerator and denominator is the standard correction that keeps the 195

test valid for finite M. When N is small the placement orbit can be enumerated rather 196

than sampled: for the N = 4 Squeeze Breakout the orbit comprises 3! × (470 + 1) = 2,826 197

feasible schedules (six internal-gap permutations crossed with leading gaps in {0, . . . , 470}), 198

all yielding distinct statistic values, against which the one-sided tail probability is 0.057 199

under a deterministic cost model and the canonical Monte Carlo value is 0.053 under 200

the stochastic-fill model. We use M in the thousands for the main panels and report 201

enumeration where it is feasible. The exchangeability argument and the formal validity 202

statement are proved in Appendix B. 203

2.4. The Conditional Placement Estimand 204

The test does not require a literal algebraic decomposition of realized returns into 205

invariant exposure and timing terms. It defines a conditional comparison. Given the fixed 206

conditioning information Cs = σ(S, {Pt}), the placement law Q induces a distribution of 207

the statistic T(S) over feasible schedules that preserve the realized structure. The right-tail 208

estimand is 209

qQ(S0) = Q{T(S) ≥ T(S0) | Cs}, 210

and the associated effect-size estimand is 211

∆Q(S0) = T(S0)−EQ[T(S) | Cs]. 212

The p-value in Equation (2) estimates qQ(S0), while RCSI in Equation (3) estimates ∆Q(S0) 213

in return units. Both quantities are conditional on the chosen Q. Validity follows from rank 214

exchangeability under the sharp null HQ
0 that the realized placement is itself a draw from 215

Q given Cs; the data do not prove Q correct. Structural exposure and the realized path 216

enter the observed and re-randomized schedules alike, so the comparison asks whether 217

the realized calendar placement was unusually favorable relative to structurally matched 218

alternatives, not whether all exposure effects have disappeared from the statistic. 219
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2.5. The Statistic: RCSI and RCSIz 220

The performance statistic T is the realized cumulative return of the strategy, and the 221

headline inferential object is the exact null percentile of T(S0) within its placement orbit, 222

equivalently the p-value of Equation (2): it is fully nonparametric, finite-sample valid, 223

and the effect size we report and interpret in the gold table. Alongside it we report the 224

Realized-versus-Counterfactual Skill Index, the raw gap between the realized return and 225

the average return over re-placements, 226

RCSI = rrealized − rsim, (3) 227

which estimates the conditional placement advantage ∆Q(S0) of Section 2.4 in return units. 228

Its standardized counterpart divides by the dispersion of the null, RCSIz = RCSI / sd(rsim), 229

and we demote it to an appendix diagnostic (Appendix B.3) rather than a headline figure. 230

RCSIz is approximately pivotal only where a no-dominant-term (Lindeberg) condition 231

holds, so that no single trade carries a non-negligible share of the return budget; it fails 232

exactly where one or a few trades dominate, as at the four-trade Squeeze Breakout, and 233

there the standardization is not interpretable. We therefore read the exact null percentile, 234

never RCSIz, as the primary measure of how far the realized placement sits from its null, 235

and we scan for path-degeneracy in the cross-asset panel rather than reading a large RCSIz 236

as evidence of skill. 237

2.6. The Re-Randomization Measure as Model Risk 238

The re-randomization law Q is not unique, and we treat that non-uniqueness as model 239

risk rather than papering over it, in the spirit of robust and coherent risk measurement 240

(Artzner et al., 1999; Cont, 2006; Gilboa & Schmeidler, 1989; L. P. Hansen & Sargent, 241

2008), reporting a sensitivity range over an admissible family read in the spirit of partial 242

identification (Manski, 2003; Tamer, 2010) rather than a single favorable number. Any 243

admissible Q must preserve the trade-structure profile S and the non-overlap constraint; 244

within that constraint several choices are defensible. Our neutral baseline measure factors 245

the placement as a uniform draw of the leading gap on {0, . . . , gext} together with a uniform 246

draw over permutations of the internal-gap multiset gint. We also consider a leading-gap 247

restriction that forbids any simulated first entry inside the 200-bar window of the longest 248

indicator lookback (the 200-period moving average), a context-matched measure that 249

conditions re-placements on local market context, and a volatility-state / regime-preserving 250

measure that re-places trades only into bars sharing the realized volatility regime. Each 251

measure encodes a different null about what counts as a fair comparison. 252

We make the decision rule explicit: the neutral gap-permutation measure is the canon- 253

ical null against which the headline verdict is read, because it is the member of the family 254

that conditions on the trade structure alone and adds no further conditioning on market 255

context, so it is least likely to encode the strategy’s own signal into the comparison set. The 256

other measures are reported as a declared sensitivity analysis. Crucially, each measure 257

defines a separate sharp hypothesis Hθ
0 (Appendix A), and the procedure does not combine 258

them into a single level-α test: we report the full per-strategy p-value matrix across mea- 259

sures (Table 4) and describe a result as “robust” only as a heuristic, meaning it survives the 260

family rather than a single favorable choice of Q. “Robust” in this sense is a descriptive 261

shorthand, not a multiplicity-corrected joint level statement, and a rejection that appears 262

under one admissible measure and vanishes under the canonical neutral one is reported as 263

measure-dependent, not as standalone evidence of timing skill. 264
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2.7. Multiplicity Control 265

The cross-asset panel runs 322 strategy-asset tests, so individual p-values cannot be 266

read at face value. We control multiplicity two ways. The Benjamini–Hochberg procedure 267

(Benjamini & Hochberg, 1995) controls the false discovery rate and is our primary screen for 268

whether any entry-placement skill survives selection. The Bonferroni correction controls the 269

family-wise error rate and gives a conservative second view; with 322 tests the Bonferroni 270

threshold is α/322 ≈ 1.55 × 10−4. Because the 322 cells reuse a common set of eleven rule 271

definitions across 47 instruments and are therefore dependent rather than independent, we 272

additionally report the Benjamini–Yekutieli procedure (Benjamini & Yekutieli, 2001), the 273

dependence-robust counterpart of Benjamini–Hochberg that controls the false discovery 274

rate under arbitrary dependence. We also compare the observed count of nominally 275

significant tests against its expectation under a uniform null and assess the full p-value 276

distribution against uniformity with a Kolmogorov-Smirnov test, so that a panel-level 277

reading does not hinge on any single cell. This panel-level multiplicity control addresses 278

search across the strategy-asset grid; it is distinct from the within-strategy placement 279

inference of Section 2.3. 280

2.8. Benchmarks: Reality Check and SPA 281

To show what the placement test isolates that profitability tests do not, we run White’s 282

Reality Check (White, 2000) and Hansen’s SPA test (P. R. Hansen, 2005) head-to-head 283

against our structure-preserving (SP) test and a path-resampling block bootstrap. These 284

benchmarks are standard data-snooping tools (Romano & Wolf, 2005; Sullivan et al., 1999), 285

and they are designed to ask whether a strategy is profitable after accounting for selection, 286

not whether its timing added value. We compare all four on simulated worlds with known 287

ground truth: an IID no-skill world, a drift-only no-skill world, a volatility-clustering 288

no-skill world, a structural-exposure world that is profitable but carries no entry-placement 289

skill, and a genuine entry-placement-skill world in which an informative per-event signal 290

of 0.0035 is injected. Each world is replicated 400 times, and we report the rejection rate 291

of each test in each world. The discriminating case is the structural-exposure world: a 292

test that respects the profit-versus-timing distinction should hold its size there, whereas a 293

profitability test should over-reject because the strategy really is profitable, just not because 294

of timing. Results are reported in Section 3. 295

3. Results 296

We report results in five parts. Section 3.1 comes first because it carries the paper’s 297

central contrast: it compares the placement test with White’s Reality Check (White, 2000) 298

and Hansen’s SPA (P. R. Hansen, 2005) in a controlled world where a strategy is profitable 299

but its profit comes entirely from structural exposure rather than timing, and shows that 300

the standard tools reject about 13× more often than the timing (placement) null there, while 301

still correctly answering their own profitability question. Section 3.2 then establishes that 302

the placement test does what it claims on ground truth we control: it holds its nominal size 303

when timing is uninformative and gains power as genuine timing is injected. Sections 3.3 304

and 3.4 apply it to real markets, first to a deep single-asset panel on gold futures and then 305

to a 322-test cross-asset panel under multiplicity control. Section 3.5 treats the choice of 306

re-randomization law as model risk and reports how verdicts move across an admissible 307

family of placement measures. Throughout, the economic question is narrower than 308

profitability: conditional on the realized trade structure (the ordered sequence of trade 309

durations, the position sizes, the directions, and the non-overlap constraint) and the realized 310

price path, did the calendar placement of the trades add value? 311
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3.1. Head-to-Head Against Reality Check and SPA 312

The placement test answers a different question from the standard data-snooping 313

tests, and the difference is sharpest in a world where a strategy is genuinely profitable 314

but earns nothing from timing. We construct five synthetic worlds, 400 replications each, 315

and compare four tests: the structure-preserving placement test (SP), a path-based block 316

bootstrap (Path), White’s Reality Check (RC) (White, 2000), and Hansen’s SPA (SPA) (P. 317

R. Hansen, 2005). RC and SPA test profitability and selection; SP and Path test timing. 318

Table 3 and Figure 4 report rejection rates by world. 319

The first three worlds carry no skill of any kind, IID returns, returns with drift only, 320

and returns with volatility clustering. Here all four tests should hold nominal size, and 321

the placement test does: SP rejects at 0.052, 0.060, and 0.062 respectively, hugging the 322

nominal 0.05. RC and SPA also stay near size in the IID and volatility-clustering worlds, 323

but already over-reject under pure drift (RC = 0.388, SPA = 0.393), because a profitable- 324

looking strategy riding a drifting market trips a profitability test even though nothing was 325

timed. 326

The fourth world is the decisive one. Here a strategy holds a real structural exposure 327

that makes it profitable, but its entries are placed with no entry-placement skill whatsoever. 328

A test that isolates timing should hold its size; a test that targets profitability will tend 329

to reject. In this world the placement test rejects at 0.050, exactly nominal in this sample 330

of 400 replications, and the path-based timing test rejects 0% of the time. White’s Reality 331

Check and Hansen’s SPA, by contrast, reject this profitable-but-untimed strategy about 332

two-thirds of the time, at 0.660 and 0.637 respectively. That is a difference in estimand: RC 333

and SPA answer whether the strategy is profitable beyond what selection explains, and 334

in this constructed world the answer is yes. But that is precisely the question an allocator 335

who already owns the exposure does not need answered. Read as a verdict on timing, then, 336

a profitability test diverges from the placement null by more than an order of magnitude 337

here—not because either test is wrong, but because the two answer different questions. 338

Crucially, this is not the placement test trading away power for size. In the fifth world, 339

where genuine entry-placement skill is injected (per-event signal 0.0035), all four tests 340

reject on every replication: SP, Path, RC, and SPA all at 1.000. The placement test holds 341

nominal size against profitable exposure and retains full power against real timing; in 342

the exposure-only world RC and SPA answer the profitability question rather than the 343

placement question. 344

Design of the controlled worlds. 345

The 66%/64% rejection pattern is reproducible in principle from this construction, 346

not only from the code. There are five known-truth worlds: an IID no-skill world, a 347

drift-only no-skill world, a volatility-clustering no-skill world, the decisive structural- 348

exposure world, and a genuine-entry-skill world. In the decisive structural-exposure world 349

the per-bar returns are drawn IID with a constant positive mean drift and are generated 350

independently of where the trades fall, so the strategy is genuinely profitable through a 351

drift-times-exposure mechanism (its long, unit-weighted positions accumulate the positive 352

drift along the realized path) while its entries are placed uniformly at random under the 353

same structure sampler, giving it zero entry-placement skill by construction. Reality Check 354

and SPA are implemented as a single-strategy test of the mean per-trade net return against 355

a zero benchmark using a stationary block bootstrap (Politis & Romano, 1994) (B = 999 356

resamples), evaluated over exactly those trades; the placement test is applied to the identical 357

trades. The whole comparison is run over the same replication count reported for Table 3. 358

The full generator is in the committed code (synthetic_timing_experiments.py, driven 359

by competitor_comparison.py) and reproduces the reported table. The rejection pattern 360
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follows from the estimands: the world is profitable-but-untimed by construction, and 361

Reality Check and SPA reject precisely because the strategy is profitable. 362

3.2. Synthetic Calibration and Positive Controls 363

Having shown what the placement test isolates that the standard tools do not, we 364

now verify that it does so correctly: a test that isolates timing is only useful if it is silent 365

when there is no timing to detect and vocal when there is. We calibrate on synthetic 366

markets where the data-generating process is known, so that “entry-placement skill” has 367

an operational definition we can dial up and down. 368

Size under the null. 369

When the entry signal carries no information about forward returns, the test must 370

reject at its nominal level. At a per-event signal-to-forward-return correlation of ρ = 0.0001, 371

effectively zero, the rejection rate is 0.00 and the mean p-value is 0.52, indistinguishable 372

from the uniform null a valid test should produce (Figure 2). The synthetic power curve 373

confirms this at the decision threshold: with no injected signal, the empirical rejection 374

rate is 0.043, within Monte Carlo error of the nominal 0.05. The placement test does not 375

manufacture entry-placement skill out of exposure or drift. 376

Power as timing is injected. 377

As genuine timing is introduced, power rises monotonically and steeply (Figure 3). 378

Expressed as edge per event bar, the rejection rate climbs from 0.043 at no signal to 0.130 at 379

5 bps, 0.475 at 10 bps, 0.925 at 20 bps, and 1.000 at 35 bps. The correlation-parameterized 380

experiment tells the same story: at ρ = 0.10 the test rejects 48% of the time (mean p = 0.099), 381

and by ρ ≈ 0.20 it rejects on every replication (reject 1.00, mean p = 0.005). The practically 382

relevant summary for an analyst is the minimum detectable edge: at the trade counts 383

realized on gold futures, the test attains roughly 80% power once the signal-forward-return 384

correlation reaches ρ ≈ 0.15. Below that, modest timing edges are simply not separable 385

from luck at this sample size, and the minimum detectable edge shrinks at the expected 386

N−1/2 rate as the number of trades grows. 387

Real-data positive control. 388

To confirm calibration outside the synthetic world, we run a positive control on the real 389

price path with a deliberately neutral, no-skill schedule. The calibrated baseline lands at 390

the 50.5th percentile of its own null with a mean RCSIz of 0.03, the centered, null-consistent 391

behavior expected of an untimed schedule placed against the realized path. The instrument 392

reads zero when it should read zero. 393

3.3. The Gold Eleven-Rule Panel 394

We apply the test to eleven trading rules on gold futures (GC=F) over the common 395

window 2002-03-04 to 2026-04-02, 6,049 bars per strategy, with an expected round-trip 396

transaction cost of c = 0.000470. The rules span trend, breakout, mean-reversion, and 397

seasonal families, plus a random-entry baseline. Table 1 reports, for each rule, the realized 398

cumulative return, the number of trades N, the placement p-value under the neutral gap- 399

permutation measure, the percentile of the realized statistic within its null distribution 400

(the primary effect size), the descriptive effect sizes RCSI and RCSIz, and the resulting 401

classification. 402

The economic reading is the point of the table. Ten of the eleven rules earned a positive 403

cumulative return, spanning −0.010 to 0.803, against a cost-free buy-and-hold benchmark 404

of 15.944 over the same window. By the ordinary standard of a profitable backtest, most 405

of these rules “work.” Yet under the neutral measure, not one rule crosses p ≤ 0.05: the 406
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smallest p-value in the entire panel belongs to the Volatility Squeeze Breakout rule, which 407

has only N = 4 trades: 0.053 in Table 1 under the stochastic-fill model, with 0.057 by exact 408

enumeration of its placement orbit under a deterministic cost model. Read through the 409

primary effect size, the exact null percentile, the most profitable rule, ADX Trend Following 410

at a cumulative return of 0.803, sits at the 85.9th percentile of its null with p = 0.141: 411

respectable, but not separable from the placement luck of its realized trade structure. The 412

classifier resolves the panel into four rules above the null median but not significant, five 413

indistinguishable from random luck, and two below the null median, with no rule reaching 414

moderate or strong skill. The standardized RCSIz (here 1.08 for ADX) is reported alongside 415

but, per Section 2.5, is not the quantity on which any verdict turns. 416

The random-entry baseline is instructive precisely because it is designed to have no 417

skill. On its single seed-42 realization it earned a cumulative return of 0.601, larger than 418

nine of the ten rule-based returns (all but ADX Trend Following), and landed at the 29.0th 419

percentile of its null. But that single-seed percentile is an artifact: averaged across R = 100 420

outer seeds, the random baseline’s percentile is 48.3 ± 25.6, centered near 50 with the wide 421

dispersion of a process that is, by construction, pure noise. A strategy can be both profitable 422

and demonstrably untimed, and on gold every rule in the panel is consistent with that 423

description under the neutral measure. 424

3.4. The Cross-Asset Panel Under Multiplicity Control 425

A single-asset panel cannot rule out that the absence of entry-placement skill is specific 426

to gold. We therefore run the same placement test across 47 assets, yielding 322 rule-by-asset 427

tests, and ask whether the field of p-values shows any concentration of entry-placement 428

skill once multiplicity is controlled. Table 2 summarizes the panel. 429

If entry-placement skill were widespread, the p-value field would be left-shifted 430

relative to uniform and significant tests would survive correction. Neither happens. The 431

observed number of tests with nominal p ≤ 0.05 is 13, below the 16.1 expected under a 432

uniform null, so the raw count of nominal hits is if anything sparser than chance. The 433

p-values are not left-shifted toward skill: the p-value distribution departs significantly from 434

uniform (KS statistic 0.114, p = 0.0004), with a deficit of small p-values relative to chance (13 435

observed versus 16.1 expected), so the empirical CDF lies below the diagonal, the departure 436

being in the conservative direction rather than concentrated in the left tail. Under Benjamini– 437

Hochberg (Benjamini & Hochberg, 1995), Bonferroni control (the latter at a threshold of 438

1.55 × 10−4), and the dependence-robust Benjamini–Yekutieli procedure (Benjamini & 439

Yekutieli, 2001)—which is strictly more conservative than Benjamini–Hochberg, so that no 440

test it discovers can exceed the (already empty) Benjamini–Hochberg set—zero tests survive; 441

the smallest p-value anywhere in the panel is 0.0014. The 322 strategy-by-asset cells are 442

drawn from 47 instruments and are therefore not mutually independent, so the Benjamini– 443

Hochberg and Bonferroni counts are applied under an independence approximation, and 444

the small number of path-degenerate, very-low-trade cells are retained but flagged in the 445

count rather than excluded; this dependence only weakens, never creates, the negative 446

finding. There is no measure-invariant, multiplicity-robust entry-placement skill anywhere 447

in the panel. 448

The composition of the smallest p-values makes the same point from the other di- 449

rection. The single smallest p-value in all 322 tests, 0.0014, belongs not to a real trading 450

rule but to a random baseline (on DIA, at the 99.88th percentile of its null), and two of the 451

ten smallest-p tests are random baselines. When noise processes populate the extreme 452

tail of the p-value field as readily as designed strategies, the extreme tail is measuring 453

multiplicity, not skill. Profitability is common across these assets; isolable entry-placement 454

skill is absent. 455
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3.5. Schedule-Measure Sensitivity 456

The re-randomization law is itself a modeling choice, and we treat it as model risk 457

rather than a fixed assumption. We re-run the gold panel under an admissible family 458

of placement measures: the neutral gap-permutation baseline; a leading-gap restriction 459

that forbids any simulated first entry inside the 200-bar window of the longest indicator 460

lookback (the 200-period moving average); a context-matched measure (one that draws the 461

comparison set to match the local market context at each realized entry); and a volatility- 462

state, regime-preserving measure (one that preserves the volatility regime occupied at each 463

realized entry). Table 4 reports per-rule p-values across the family. As stated in Section 2.6, 464

the neutral measure is the declared canonical null; the others are sensitivity members, and 465

each defines its own separate hypothesis rather than a combined level-α test. 466

Under the neutral baseline and the leading-gap restriction, the conclusion of Section 3.3 467

is unchanged: no rule rejects at 5%, no verdict changes, and nothing crosses the threshold. 468

The 200-bar leading-gap restriction, set by the longest indicator lookback (the 200-period 469

moving average) and the most defensible mechanical correction (it forbids placements 470

that exploit a region where the signal could not yet have fired), changes zero verdicts and 471

crosses zero thresholds. Whatever the gold rules earned, it is not robust entry-placement 472

skill that survives a neutral re-randomization. 473

A specific and economically interpretable pattern emerges only under the two 474

volatility-state-aware measures. Exactly four rules reject at 5%, and they are the same 475

four under both the context-matched and the regime-preserving measure: Connors RSI(2) 476

Pullback (p < 0.001 context-matched, p ≈ 0.0002 regime-preserving), ADX Trend Fol- 477

lowing (p = 0.010 and 0.012), Breakout + Volume + Momentum (p = 0.022 and 0.037), 478

and Volatility Squeeze Breakout (p = 0.030 and 0.032). Under the same volatility-state 479

measures, four other rules fall to the null floor (p ≈ 1). We note that volatility-state match- 480

ing raises the null mean sharply, so the RCSIz magnitudes under these measures (which 481

reach large negative values for the random and turn-of-month rules) are not comparable 482

across measures and only the tail p-value is interpreted. The interpretation is deliberately 483

cautious. These four rules are all volatility-filtered by construction, and they reject only 484

once the placement null is forced to match the volatility state at entry. That is consistent 485

with the rules having learned when the market is in an exploitable volatility regime, but it 486

is equally consistent with the volatility-state measure encoding into the null exactly the 487

conditioning the rules use, so that the “skill” is an artifact of how the comparison set is 488

drawn. For these two measures validity is moreover only approximate: the realized sched- 489

ule lies in the support of the measure, but the relocated configuration is a genuine Qθ-draw 490

only insofar as the local-context match is exact, and the orbits can be near-degenerate, so 491

we report a per-measure Kolmogorov-Smirnov uniformity check of the null p-values for 492

each measure rather than relying on the neutral-measure calibration alone (Appendix B). 493

Because the rejection appears under one admissible family of measures and vanishes under 494

the canonical neutral one, we do not read it as robust evidence of entry-placement skill. 495

The honest summary across the model-risk family is that gold entry-placement skill is 496

measure-dependent, present only under volatility-state-matched nulls and absent under 497

neutral ones, which is a far weaker claim than a profitable backtest would invite. 498
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calendar time

realized

re-placed

Same ordered trade durations, sizes, directions, and non-overlap, on the same price path;
only the calendar placement is re-randomized.

Figure 1. The structure-preserving randomization. The realized trade schedule (top) is re-placed on
the calendar (bottom) while its ordered durations, sizes, directions, and non-overlap, and the under-
lying price path, are held fixed. The null distribution is the performance over such re-placements.

Table 1. Gold-futures eleven-rule panel (GC=F), placement test under the neutral measure. Cumu-
lative returns are net of the round-trip transaction cost c = 0.000470. p is the one-sided structure-
preserving randomization p-value; RCSIz is the standardized excess return; percentile is the realized
statistic’s rank in the null. The random-entry row is a single seed-42 realization (seed-averaged per-
centile 48.3 ± 25.6 over R = 100 outer seeds), and RCSIz is a descriptive standardized summary, not
interpretable as a z-statistic at the small N of the low-trade rules. Significance: ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.

Rule Trades Cum. return p RCSIz Pctile

Trend Pullback 77 0.083 0.870 -1.03 13.0
Breakout Vol+Mom 46 0.297 0.176 0.91 82.4
Mean Rev Vol Filter 13 -0.010 0.662 -0.44 33.8
Validation AVM 35 0.219 0.345 0.32 65.5
ADX Trend 110 0.803 0.141 1.08 85.9
Oversold Reversion 30 0.082 0.341 0.35 65.9
Squeeze Breakout 4 0.065 0.053∗ 1.50 94.7
Connors RSI2 41 0.118 0.143 1.07 85.7
Donchian Reentry 60 0.071 0.647 -0.46 35.3
Turn-of-Month 141 0.323 0.234 0.65 76.7
Random control 215 0.601 0.710 -0.64 29.0
Buy and hold 15.944

Table 2. Cross-asset panel under multiplicity control: 322 asset-by-rule tests across 47 instruments.
BH = Benjamini–Hochberg (FDR 0.05); Bonferroni at FWER 0.05. The KS test is against a uniform null
of p-values.

Quantity Value

Instruments 47
Asset × rule tests 322
Nominal p ≤ 0.05 (observed / expected by chance) 13 / 16.1
BH discoveries (FDR 0.05) 0
Bonferroni discoveries (FWER 0.05) 0
KS statistic vs. uniform (p-value) 0.114 (0.0004)
Smallest panel p-value 0.0014
Random-entry baselines in the smallest-10 2
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Table 3. Head-to-head on known-truth worlds: rejection rates of White’s Reality Check (RC), Hansen’s
SPA, and the placement (structure-preserving) test. In the profitable-but-untimed exposure world,
RC and SPA reject while the placement test holds its nominal size of 0.050.

World Reality Check SPA Placement test

IID, no skill 0.138 0.128 0.052
Drift only, no skill 0.388 0.393 0.060
Vol clustering, no skill 0.125 0.122 0.062
Structural exposure, no timing skill 0.660 0.637 0.050
Genuine entry-placement skill 1.000 1.000 1.000

Table 4. Schedule-measure sensitivity: one-sided placement p-values for each rule under each
admissible re-randomization measure. The four volatility-filtered rules reject only under the volatility-
state-matched (regime-preserving) measure. Significance: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.

Rule Gap permutation Leading gap Context matched Regime preserving

Trend Pullback 0.870 0.910 1.000 1.000
Breakout Vol+Mom 0.176 0.128 0.022∗∗ 0.037∗∗

Mean Rev Vol Filter 0.662 0.668 0.395 0.186
Validation AVM 0.345 0.303 0.993 0.986
ADX Trend 0.141 0.055∗ 0.010∗∗∗ 0.012∗∗

Oversold Reversion 0.341 0.383 0.146 0.117
Squeeze Breakout 0.053∗ 0.100∗ 0.030∗∗ 0.032∗∗

Connors RSI2 0.143 0.155 0.000∗∗∗ 0.000∗∗∗

Donchian Reentry 0.647 0.671 1.000 1.000
Turn-of-Month 0.234 0.320 1.000 1.000

Figure 2. Calibration of the placement test on synthetic worlds: the p-value distribution under the
no-timing null is close to uniform and the size is controlled at the nominal level.
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Figure 3. Power on a real-data positive control: as genuine timing skill is injected, the placement
test’s rejection rate rises, confirming it detects timing when present. The horizontal axis is the injected
timing-skill fraction α (the share of entries relocated to well-timed bars); the body reports the same
experiment equivalently in per-event edge (basis points) and in signal–forward-return correlation ρ.

Figure 4. Head-to-head with Reality Check and SPA across known-truth worlds (cf. Table 3).

4. Discussion 499

4.1. Economic interpretation: profitability and entry-placement skill are distinct 500

The central economic lesson of this study is that a profitable backtest and a well-timed 501

one are not the same object, and an allocator who treats them as interchangeable will 502

systematically misprice the strategies in front of her. In the gold panel of Table 1, ten of 503

the eleven rules earn a positive cumulative return, spanning roughly −0.010 to 0.803, and 504

the buy-and-hold benchmark itself returns 15.944 in cumulative terms over the common 505

window. Profitability, in other words, is abundant. Timing value is not. Under the neutral 506

gap-permutation null no rule clears the five percent threshold; the smallest p-value in 507

the panel belongs to the four-trade Volatility Squeeze Breakout at 0.053 (0.057 by exact 508

orbit enumeration), and the classifier resolves the panel into four above-median (but not 509

significant) rules, five indistinguishable from luck, and two below the null median, with 510

nothing reaching moderate or strong skill. The practical reading is that the returns these 511

rules earn are compensation for holding an exposure to gold along a rising path, not 512

payment for choosing when to hold it. 513
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For capital allocation, “no robust timing value” has a concrete and somewhat defla- 514

tionary meaning. It does not say the strategies lose money, and it does not say gold was a 515

poor place to be invested over 2002 to 2026; the size of the buy-and-hold cumulative return 516

makes the opposite case. It says that the entry and exit decisions, the part of the strategy 517

an active manager is actually paid to supply, did not improve on a structurally matched 518

schedule placed without skill. An allocator should therefore price these rules as exposure 519

vehicles and compare them to the cheapest available way of holding the same exposure, 520

rather than paying an active fee for a timing edge the evidence does not support. This is 521

the allocation-relevant distinction that profit-based tests cannot draw: in our controlled 522

exposure world (Table 3), White’s Reality Check and Hansen’s SPA flag a profitable-but- 523

untimed strategy about two-thirds of the time (0.660 and 0.637 respectively), while the 524

placement test holds its nominal size at 0.050. A manager who reads a Reality Check or 525

SPA verdict as a verdict on timing—rather than the verdict on profitability that it is—will 526

repeatedly price exposure as timing skill in exactly the setting where the distinction matters 527

most. 528

A residual signal does appear, but only at a specific and economically narrow margin. 529

When the re-randomization law is allowed to condition on the volatility state, four of 530

the gold rules cross the five percent threshold under both the context-matched and the 531

regime-preserving measures: Connors RSI(2) Pullback (p < 0.001), ADX Trend Following 532

(≈ 0.010 to 0.012), Breakout plus Volume plus Momentum (0.022 to 0.037), and Volatility 533

Squeeze Breakout (0.030 to 0.032). These are the volatility-filtered rules, and the pattern 534

is internally coherent: their apparent edge lives in the conditioning information about 535

volatility regimes, not in calendar placement per se. We read this honestly as a candidate 536

margin rather than a finding of skill, and, as set out in Section 2.6, each measure is a 537

separate hypothesis and the canonical verdict is the neutral one fixed in advance. The 538

same four rules show no rejection under the neutral baseline or the leading-gap restriction, 539

where no verdict changes and nothing crosses threshold, so the effect is contingent on the 540

analyst’s choice of which features of the environment to hold fixed. For an allocator this is 541

a hypothesis worth conditioning future evidence on, not a green light, and it underscores 542

that the re-randomization law is itself a modeling decision with economic content. 543

4.2. Transaction costs, turnover, and implementability 544

The test conditions on the realized trade structure, which means turnover and holding 545

periods are held fixed across the realized schedule and its re-randomized alternatives. 546

Within a given test, every alternative schedule incurs the same number of round trips as 547

the realized one at the same expected round-trip cost c = 0.000470, because the ordered 548

sequence of trade durations and the non-overlap constraint are preserved. We are deliber- 549

ately cautious about how far to push this. The cost charge is identical in count across the 550

orbit, so a flat per-round-trip cost is a constant that nets out of the comparison between 551

the realized placement and its alternatives; it does not differentially advantage the realized 552

placement, and the timing verdict is not an artifact of a cost wedge between the strategy 553

and its null. The one caveat is that this exact-netting holds for a cost that is a fixed charge 554

per round trip; if costs are instead price-proportional, the per-trip charge depends on the 555

price level at which each trade is placed, and relocating the template along a trending path 556

can move the cost term slightly, so the netting becomes approximate rather than exact. On 557

gold’s strongly trending path this is a second-order effect at c = 0.000470, but it is a caveat 558

we flag rather than a property we claim in general. In all cases the level of costs still governs 559

net profitability and still determines whether a nominally positive rule is investable after 560

frictions, and a rule that survives the placement test on gross timing grounds can remain 561

unattractive once c is charged against a thin edge. 562
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Implementability cuts the other way for the low-trade rules that supply most of the 563

residual signal. The Volatility Squeeze Breakout fires only four times over more than two 564

decades, and its exact enumeration (Section 2.3, with 6 × 471 = 2826 feasible schedules) 565

makes the fragility visible: the one-sided tail probability sits at 0.057 under a deterministic 566

cost model and 0.053 under the stochastic-fill model, straddling the conventional threshold. 567

A four-trade rule is not a deployable allocation on its own terms regardless of its p-value; the 568

turnover is too low to diversify placement risk, and a single mistimed entry would dominate 569

realized performance. The broader point for practitioners is that the placement test isolates 570

timing on a gross, structure-matched basis, and a favorable timing verdict is a necessary 571

input to an allocation decision, not a sufficient one. Net-of-cost profitability, turnover- 572

driven capacity, and the number of independent trades all remain binding constraints that 573

the test does not adjudicate. 574

4.3. Limitations and when not to use the test 575

The placement test is informative only when the price path admits meaningful vari- 576

ation in where the trades could have been placed, and there are identifiable regimes 577

where this condition fails. The first is path degeneracy on near-flat instruments. In the 578

cross-asset dispersion scan, eight of the 322 tests are flagged path-degenerate, and the 579

lowest-dispersion cases concentrate on the USDC-USD stablecoin, whose near-constant 580

price path collapses the null dispersion of the performance statistic almost regardless of 581

trade count: its breakout-volume-momentum panel records a null dispersion of 0.00126 582

over 42 trades, and its trend-pullback panel records 0.00371 over more than a thousand 583

trades. When every admissible re-placement yields essentially the same payoff, the test has 584

no signal to work with, and a small p-value in that regime reflects a degenerate path rather 585

than entry-placement skill. The second failure mode is tiny-N. Two tests in the panel have 586

N = 1 trade (both INTL), where no placement variation exists by construction, and the 587

four-trade gold example shows that even slightly larger N leaves the verdict sensitive to the 588

cost model. We therefore recommend the test be reported only where the null distribution 589

carries non-trivial dispersion and the trade count is large enough that no single placement 590

dominates. 591

The validity claim rests on exchangeability of the realized placement with its ad- 592

missible alternatives under the chosen null, and we state this honestly rather than as a 593

formality. The p-value is finite-sample valid, taking the form (1 + k)/(M + 1), but it is 594

valid for the null encoded by the chosen measure; the data do not prove that null. A scope 595

condition deserves emphasis: the clean size statement holds when the realized placement 596

is exchangeable under the declared law and the realized holding durations are placement- 597

independent. When durations are adaptive (outcome-dependent), so that the strategy’s 598

exits and trade-skipping respond to realized returns, conditioning on the realized ordered 599

durations no longer yields a clean exchangeability of the template under relocation, and 600

the guarantee that survives is the conservative one proved in Appendix A.4: non-rejection 601

is silence about the conditioned dimensions rather than a clean level-α size statement, and 602

any predictive content in adaptive exits is assigned to the conditioned structure rather than 603

to the placement test. The volatility-state results in Section 4.1 are the clearest illustration 604

that the verdict can move with the measure, and we do not claim a single canonical answer 605

where the measures disagree. 606

Finally, the evidence base is asymmetric in a way that should temper any general 607

conclusion. The gold panel is a single asset studied at depth, with synthetic calibration, a 608

real-data positive control, and an outer-loop robustness analysis over R = 100 seeds, and it 609

is the setting in which we have powered evidence: the synthetic power curve holds size 610

at 0.043 under no signal and rises to 1.000 at a thirty-five basis point per-event edge. The 611
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322-test cross-asset panel is breadth rather than depth, and it functions as a cross-asset 612

robustness scan of 47 instruments rather than a designed cross-section. Its message is 613

appropriately modest and entirely negative: the observed count of nominal rejections 614

(13) falls below the uniform expectation (16.1), nothing survives Benjamini–Hochberg 615

(Benjamini & Hochberg, 1995) or Bonferroni control, the p-value distribution departs 616

significantly from uniform (KS statistic 0.114, p = 0.0004), with a deficit of small p-values 617

relative to chance (13 observed versus 16.1 expected), so the empirical CDF lies below the 618

diagonal, and the single smallest p-value across all 322 tests belongs to a random baseline 619

on DIA. We read the cross-asset panel as evidence against pervasive entry-placement skill, 620

not as a representative survey from which broad positive claims about any asset class could 621

be drawn, and the genuinely powered conclusions of this paper are the single-asset and 622

controlled-world results, not the breadth scan. 623

5. Conclusions 624

The object of inference in evaluating a trading strategy is not its realized payoff but 625

the contribution of the timing of its decisions relative to a counterfactual that carries the 626

same structural burden on the same price path. A profitable backtest can be earned by a 627

structural exposure, by a drifting market, or by genuinely well-placed entries and exits, 628

and a track record alone cannot separate these sources. We have developed a conditional 629

randomization test that answers the narrower question an allocator actually faces: holding 630

the realized trade structure fixed, namely the ordered durations, the position sizes, the 631

directions, and the non-overlap constraint, together with the exogenous price path, was 632

the calendar placement of the trades unusually favorable relative to structurally matched 633

alternatives? The test re-randomizes only that placement, so under the declared sharp 634

null that the realized schedule is exchangeable with admissible alternatives, it yields a 635

finite-sample valid Monte Carlo p-value. The choice of re-randomization law is treated 636

as model risk, an admissible family of measures over which we report a sensitivity range 637

rather than a single number, with the neutral gap-permutation measure declared as the 638

canonical null and measure invariance the strongest claim the design supports. 639

The empirical verdict is that profit is common but robust, measure-invariant entry- 640

placement skill is absent. In the eleven-rule gold-futures panel (Table 1), ten of eleven 641

rules earn positive cumulative returns, yet no rule clears p ≤ 0.05 under the neutral gap- 642

permutation measure (the minimum is the Squeeze Breakout at p = 0.053 (0.057 by exact 643

enumeration)), and the classifier assigns no rule moderate or strong skill. Four volatility- 644

filtered rules reject only once the conditioning measure is matched to the volatility state 645

(Table 4), an effect that survives no neutral measure and so does not constitute measure- 646

invariant evidence. Across a cross-asset robustness scan of 322 strategy-by-asset tests 647

on 47 instruments, the observed count of nominal rejections (13) falls below its uniform 648

expectation (16.1), nothing survives Benjamini–Hochberg (Benjamini & Hochberg, 1995) 649

or Bonferroni control, and the single smallest p-value belongs to a random baseline. The 650

synthetic power curves and the real-path positive control confirm the test is correctly 651

sized and adequately powered, and the head-to-head comparison (Table 3) shows that 652

White’s Reality Check (White, 2000) and Hansen’s SPA (P. R. Hansen, 2005), which ask 653

about profitability rather than placement, flag a profitable-but-untimed structural-exposure 654

strategy about two-thirds of the time, whereas the placement test holds its nominal size 655

of 0.050. The reading is not that these strategies are bad but that, within the scope of the 656

timing question, their realized profitability is not separately identifiable from structural 657

exposure. 658

For backtest evaluation the implication is direct. A profitable track record is on its 659

own uninformative about entry-placement skill, so a timing claim should clear a structure- 660
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matched counterfactual before it is paid for; the test supplies that instrument once the 661

analyst has declared the trade structure, path, statistic, and placement law. Because the 662

procedure refutes rather than certifies, it is a screening diagnostic rather than an allocation 663

signal, and a non-rejection is evidence of absence only where the design is powered. The 664

construction is not tied to entry timing, long-only trading, or gold: wherever a decision 665

sequence is overlaid on an exogenous process, holding the structural footprint fixed while 666

randomizing only the decision margin separates the marginal contribution of the decisions 667

from the exposure they create, with the validity, local-power, and measure-sensitivity 668

results transferring subject to a domain-specific feasibility check. Profitability and entry- 669

placement skill are distinct quantities, and standard data-snooping tests, by asking only 670

about profitability, conflate them. 671
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Appendix A. The conditional randomization test: formal construction 690

and validity 691

This appendix gives the formal construction of the conditional randomization test and 692

the admissibility predicate for the conditioning measure. All heavy notation is collected 693

here; the body uses only the resulting estimand and p-value. Throughout, {Pt}T
t=0 is the 694

realized open-price path, treated as fixed. 695

Appendix A.1. Estimand and conditioning set 696

A strategy realizes a trade log T = {(τin
j , τout

j , ωj, dj)}N
j=1, with entry and exit bars 697

τin
j < τout

j , capital weight ωj, and direction sign dj ∈ {−1,+1}. Its structural profile is the 698

tuple 699

S =
(
h, gint, gext, ω, d

)
, 700

the ordered holding-duration vector h, the internal-gap multiset gint, the external slack gext
701

(the unused calendar room before the first and after the last trade), the weights ω, and the 702

directions d. A schedule S is any placement of this fixed trade template on the calendar; it is 703

feasible if it preserves S and induces no overlapping positions, the constraint set we denote 704

As. Let F (Cs) be the space of feasible schedules and S0 ∈ F (Cs) the realized one. 705
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The test conditions on the σ-field 706

Cs = σ
(
{Pt}T

t=0, N, h, gint, gext, ω, d, As
)
, 707

equivalently Cs = σ(S , {Pt}). For any schedule S, let T(S) be the cumulative return 708

obtained by applying the preserved weights, directions, and ordered holding durations to 709

the fixed path; T is a fixed Cs-measurable map of S. Given a conditioning measure Qθ over 710

F (Cs), the conditional entry-placement advantage is 711

∆θ(s) = T(S0)−ES∼Qθ

[
T(S) | Cs

]
, qθ = Qθ

(
T(S) ≥ T(S0) | Cs

)
, 712

and the test targets the right-tail probability qθ . The inferential question is narrow by design: 713

conditional on Cs and the declared law Qθ , durations, spacing, sizing, direction, and the 714

price path are held fixed while calendar placement varies. Thus qθ measures whether the 715

realized template was favorable relative to the comparison set generated by that law. The 716

sharp null is 717

Hθ
0 : S0

d
= Qθ given Cs (equivalently, T(S0) exchangeable with Qθ-draws). 718

Entry-placement skill is, by construction, a favorable violation of Hθ
0 . Each Qθ in the 719

admissible menu defines its own Hθ
0 ; these are separate hypotheses, not pooled into one 720

level-α test, and the “robust” label of the body is the heuristic that a rejection survives the 721

menu. 722

Appendix A.2. The reference measure and its sampler 723

The primary measure is the gap-permutation null Qgp, which relocates the template 724

by (i) drawing a leading gap glead uniformly on {0, . . . , gext} and (ii) drawing a uniform 725

permutation of the internal-gap multiset gint, then reassembling the trades with their 726

original ordered durations, weights, and directions. Because the internal span ∑j hj + 727

∑j gint
j is invariant to the gap permutation, the leading-gap range {0, . . . , gext} is feasible 728

for every permutation, so Qgp is the uniform law on the product orbit {0, . . . , gext} × 729

{permutations of gint}, and its induced marginals are uniform on {0, . . . , gext} for the 730

leading gap and uniform over the permutations of gint for the internal spacing. Qgp is 731

not the uniform measure over all non-overlapping schedules consistent with S (which is 732

combinatorially expensive when gaps differ in size), but it preserves the realized spacing 733

multiset exactly and is invariant under relabeling of trade indices. The realized schedule 734

lies in its support, so Hθ
0 is well posed. It is the declared canonical null because, among the 735

admissible menu, it adds no conditioning on market context beyond the trade structure 736

itself. 737

Appendix A.3. Admissibility of the conditioning measure 738

The boundary between conditioned “structure” and tested “placement” is a modeling 739

choice, so we treat θ as part of the inferential object and restrict attention to a checkable 740

admissible class. Let F in
t = σ({Pu : u ≤ t}) be the entry filtration. A structure-preserving 741

measure Qθ , holding fixed (S , {Pt}) together with an extra feature set Mθ , is admissible 742

(θ ∈ Θ0) when: 743

• (AM1) Structure preservation. Qθ-almost surely the schedule preserves the exact 744

profile S , in particular the ordered holding-duration vector h, and the non-overlap 745

constraint As; the realized internal-gap multiset is preserved, not merely a feasibility 746

envelope. 747
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• (AM2) Entry-measurability. The feature set Mθ is F in
t -measurable, so no information 748

unavailable at the entry bar enters the placement law. 749

• (AM3) Outcome-independence. Mθ is a function of ({Pt}, t) and the template alone; 750

it references no realized return, nor the value T(S0). 751

The reported admissible menu Θ0 comprises the gap-permutation, leading-gap, context- 752

matched, and regime-preserving measures, each of which fixes the realized internal- 753

gap multiset and ordered durations (AM1) and conditions only on F in-features (AM2)– 754

(AM3); the context-matched and regime-preserving (volatility-state) members additionally 755

match each relocated entry to its realized local context. The uniform-feasible and slack- 756

redistribution variants relax (AM1) by coarsening the profile and are therefore members of 757

the wider family Q but not of Θ0. Admissibility is exactly what guarantees well-posedness. 758

Lemma A1 (Admissible nulls are well posed). For any θ ∈ Θ0, the realized schedule lies in the 759

support of Qθ given Cs. Hence the exchangeability hypothesis of Proposition A1 (i) is well posed 760

under each Hθ
0 , and the per-measure tests of the body are individually valid. 761

Proof. By (AM1) the realized schedule carries the profile S and satisfies the non-overlap 762

constraint, which is the support condition defining the Qθ-orbit. By (AM2) the bars the 763

realized entries occupy are F in-events on the fixed path, so a context-matched measure 764

contains S0 because each realized entry matches its own context. Thus S0 ∈ supp(Qθ | Cs) 765

and the conditional right tail at T(S0) is non-degenerate. Membership of S0 in the support 766

is necessary but not sufficient for the realized joint configuration to be a genuine Qθ-draw: 767

for the context-matched and regime-preserving measures the relocated configuration is 768

exchangeable with S0 only insofar as the local-context match is exact, so for those two 769

members the validity is approximate and we report a per-measure uniformity check (Ap- 770

pendix B) rather than relying on the neutral-measure calibration. For the gap-permutation 771

and leading-gap members the orbit is exact and the exchangeability is exact. 772

Appendix A.4. Conditioning is conservative 773

The ordered holding-duration vector h and internal-gap multiset gint are themselves 774

outputs of the strategy’s exit and turnover logic, not exogenous primitives. Conditioning 775

on them assigns any predictive content in exits, holding-period selection, or trade-skipping 776

to S rather than to the placement test. The design is therefore deliberately conservative: 777

a strategy whose edge lives in adaptive exits or volatility-scaled holding periods will not 778

reject Hθ
0 even when those decisions are informative. This is also the scope condition 779

behind the clean size statement: when durations are placement-independent the realized 780

template is exchangeable with its relocations under Qθ and the level guarantee is exact; 781

when durations are adaptive (outcome-dependent), conditioning on the realized h is the 782

conservative choice, so rejection is strong evidence of entry-placement edge while non- 783

rejection is silence about the conditioned dimensions, not a clean size statement and not a 784

bound on total skill. 785

Appendix B. Exchangeability and finite-sample validity 786

This appendix states the exchangeability principle underlying the test, proves the 787

finite-sample validity of the Monte Carlo p-value, and records the one high-level limit 788

condition under which the standardized effect size RCSIz is approximately pivotal. The 789

validity result rests on exchangeability alone and invokes no model for returns and no 790

central-limit approximation. For the context-matched and regime-preserving measures, 791

where the exchangeability is approximate rather than exact (Lemma A1), we report a 792
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per-measure Kolmogorov–Smirnov check of the null p-value’s uniformity, not only for the 793

neutral measure, so that each measure’s calibration is verified on its own terms. 794

Appendix B.1. Exchangeability under the conditioning law 795

Fix θ ∈ Θ0 and let S1, . . . , SM be i.i.d. draws from Qθ given Cs. The construction is 796

conditional in the sense of Lehmann and Romano (2005): everything is held fixed except 797

the calendar placement, which is re-randomized under Qθ . Under Hθ
0 the realized schedule 798

is itself a Qθ-draw, so S0, S1, . . . , SM are exchangeable given Cs, and because T is a fixed 799

measurable map the realized statistic T(S0) is exchangeable with {T(Sm)}M
m=1. This is the 800

only probabilistic input the level guarantee uses; it is an exchangeability of schedules on a 801

fixed path, rather than of returns, which is what frees the test from any data-generating 802

model (Fisher, 1935; Hemerik & Goeman, 2018). 803

Appendix B.2. Finite-sample validity of the Monte Carlo p-value 804

Proposition A1 (Validity and large-M consistency). Fix θ ∈ Θ0 and i.i.d. draws S1, . . . , SM ∼ 805

Qθ given Cs. Define the one-sided Monte Carlo p-value 806

p̂M =
1 + ∑M

m=1 1{T(Sm) ≥ T(S0)}
M + 1

. 807

(i) Validity. If Hθ
0 holds, in the statistic-level form that T(S0) is exchangeable with {T(Sm)}M

m=1 808

given Cs, then p̂M is super-uniform: for every α on the grid {1/(M + 1), . . . , 1}, Pr( p̂M ≤ α | 809

Cs) ≤ α, with equality absent ties and strict conservatism when ties are counted into the right 810

tail. (ii) Consistency in M. For any fixed S0, whether or not Hθ
0 holds, p̂M → qθ = Qθ(T(S) ≥ 811

T(S0) | Cs) almost surely as M → ∞. 812

Proof. (i) Exchangeability of T(S0) with {T(Sm)}M
m=1 given Cs makes the rank of T(S0) 813

among {T(Sm)}M
m=0 uniform on {1, . . . , M + 1} absent ties. Dividing the upper-tail rank 814

by M + 1 and counting ties into the right tail gives Pr( p̂M ≤ α | Cs) ≤ α; ties only enlarge 815

the numerator of p̂M, moving the bound strictly toward conservatism and never inflating 816

the rejection probability. (ii) For fixed S0 the indicators 1{T(Sm) ≥ T(S0)}, m ≥ 1, are i.i.d. 817

Bernoulli(qθ) given Cs; the strong law of large numbers gives the limit, which does not 818

invoke Hθ
0 . 819

The +1 in numerator and denominator is what makes p̂M valid at finite M: the naive 820

∑ 1{·}/M is downward biased and can be invalidly zero, whereas the corrected form is 821

finite-sample valid for a constrained, dependence-preserving resampling of a single realized 822

path. Validity is against the sharp null Hθ
0 : Qθ is analyst-chosen, and the guarantee transfers 823

only insofar as the realized schedule is exchangeable with its Qθ-resamples and only on 824

the attainable p-grid. Two granularities should not be conflated. The first is intrinsic to the 825

orbit: when N is small the placement information is carried by the (N − 1)! internal-gap 826

permutations, the leading-gap draw mainly translates the template rigidly along the path 827

and contributes little placement-discriminating information at small N, so the placement 828

margin is weakly identified and the minimum detectable edge is large; the orbit itself need 829

not be coarse, as the N = 4 exact enumeration shows. The second is the Monte Carlo 830

budget M, which only refines the attainable grid. In both cases the consequence is a loss of 831

power, never of size under the declared sharp null: small N is an identification problem, 832

not a validity problem, because part (i) bounds the conditional rejection probability by α on 833

the whole attainable grid. In the pure-exposure world used in the calibration study, entry 834

placement is generated from the same structure sampler used by the null, so T(S0) remains 835
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a Qθ-draw and the test holds its nominal level with no appeal to any limit law, while a 836

return-mean benchmark inherits the full profitability signal. 837

Appendix B.3. A central-limit condition for RCSIz 838

The standardized effect size is RCSIz = (T(S0) − µQ)/σQ, with µQ, σQ the condi- 839

tional Qθ-mean and standard deviation of T(S), and we treat it as an appendix diag- 840

nostic only; the headline effect size in the body is the exact null percentile, which is 841

always valid. Writing log(1 + CR) = ∑N
j=1 ξ j for the N trade log-contributions of a Qθ- 842

placement, and ZN = (T(S0)− µQ)/σQ, asymptotic pivotality of RCSIz requires that under 843

Hθ
0 , ZN →d N(0, 1) as N → ∞. We state this as an assumption, not a theorem: under Qθ a 844

draw permutes the realized gaps on one fixed, autocorrelated path, so the ξ j are functions 845

of the permutation, neither independent nor identically distributed and coupled by the 846

non-overlap constraint, and no off-the-shelf result delivers normality. The condition is 847

motivated by the combinatorial central-limit theory for permutation statistics, with Hoeffd- 848

ing’s theorem as the canonical instance (Hoeffding, 1951), under which standardized sums 849

over a randomly permuted finite population are asymptotically normal precisely when (a) 850

a no-dominant-term Lindeberg condition maxj Var(ξ j)/ ∑j Var(ξ j) → 0 holds, so no single 851

trade carries a non-negligible share of the return budget, and (b) the realized path is weakly 852

(α-mixing) dependent, so its autocorrelation is absorbed into the finite-population variance 853

rather than breaking the standardization. These conditions are sufficient, not necessary, and 854

we do not verify them for any particular path; they are falsifiable and fail when one or a few 855

trades dominate the budget, which is exactly the case at the four-trade Squeeze Breakout, 856

where a single trade carries a large share of the return budget so the Lindeberg ratio is far 857

from zero and ZN is not pivotal. By contrast, on the higher-N rules (for instance ADX and 858

the random baseline, with tens to hundreds of trades) the ratio is small and the normal 859

approximation is reasonable. We therefore retain RCSIz as a descriptive, approximately piv- 860

otal effect size only, trustworthy on high-N rules and not on the low-N ones. The validity of 861

the test rests on the finite-sample exchangeability of Proposition A1 (i), not on this condition, 862

which is invoked solely for asymptotic statements; its empirical adequacy is checked by the 863

per-measure Kolmogorov–Smirnov calibration of the null p-value’s uniformity reported in 864

the body, not by direct verification of Gaussianity. 865

Appendix B.4. Consistency in trade count 866

Evidence accumulates in the trade count N, not in the length of the price path, because 867

Qθ rearranges a fixed set of N contributions on a fixed path. Under the central-limit 868

condition above and a per-trade location-shift alternative that adds a common standardized 869

increment ζ = µ1/σ1 to each contribution at fixed null variance, the noncentrality of ZN 870

grows like ζ
√

N, so the test is consistent and its minimum detectable edge shrinks at the 871

N−1/2 rate. The practical reading is that detection is governed by the number of trades, not 872

the sample span: low-N panels carry little placement information regardless of how long 873

the path is, which is why near-threshold small-N verdicts are reported as exploratory and 874

a robust timing claim is required to hold across the admissible menu Θ0 rather than under 875

any single measure. 876
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