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A  B  S  T  R  A  C  T  

Background. Market-cycle forecasts are vulnerable to hindsight because a 
low becomes identifiable only after subsequent price confirmation. 

Objective. This study evaluated whether an adaptive, confirmation-aware 
interval could attain at least 80% chronological forecast precision for daily 
cycle lows (DCLs) and weekly cycle lows (WCLs) in Bitcoin, S&P 500 futures, 
and gold. 

Methods. The Adaptive Quantile-Calibrated Cycle Window used only the 
latest 20 completed cycles. Its lower endpoint was the empirical 10th 
percentile of prior low-to-low durations, and its upper endpoint was the 
90th percentile of prior-low-to-next-confirmation durations. Forecasts 
originating from 1 January 2021 through 14 July 2026 were evaluated 
sequentially, and the retrospective protocol was externally preregistered. 

Results. Fixed clocks achieved 70.9% DCL precision and 55.6% WCL 
precision. The adaptive interval achieved 109/127 DCL hits (85.8%; 95% CI 
78.7%–90.8%) and 27/27 WCL hits (100.0%; 95% CI 87.5%–100.0%). Mean 
window width increased from 14.7 to 32.8 days for DCL and from 4.0 to 11.7 
weeks for WCL. A wider 5th–95th percentile band produced 93.7% DCL 
precision with a 95% lower confidence bound of 88.1%. 

Conclusion. Adaptive interval calibration exceeded the 80% point target, 
but the gain depended on materially wider windows and a small WCL 
sample; prospective replication remains necessary. 

 

1. Introduction 

Market-cycle analysis translates irregular price paths 
into a hierarchy of daily, intermediate, and weekly 
lows. In practitioner Cycle Theory, counts are 
measured from low to low and are used as temporal 
priors rather than deterministic laws. The empirical 
difficulty is that completed charts permit several 
plausible retrospective labels. A credible evaluation 
must therefore define the price field, separate the date 
of the low from the later date on which it becomes 
knowable, preserve failed cycles, and freeze each 
forecast before its outcome is observed. 

The three markets studied here have distinct temporal 
anchors. Equity research documents political and 
presidential return cycles and long-horizon valuation 
mean reversion; gold research identifies seasonal and 
macro-financial regularities; and Bitcoin alone has a 
mechanically scheduled halving approximately every 
four years1-6. These anchors are not commensurable: 
political policy, jewellery and hedging demand, and 
programmed issuance are different mechanisms. Their 

common implication is narrower—each market can 
contain non-random temporal structure without being 
governed by one universal clock. 

Any timing claim must also confront efficient-market 
reasoning. The efficient market hypothesis predicts 
that stable historical rules should be competed away; 
the adaptive markets hypothesis instead treats 
efficiency as state-dependent, while limits to arbitrage 
explain why anomalies may persist when exploitation 
is risky and costly. Long-wave, prospect-theory, 
behavioral-finance, sentiment, and gold-survey 
literatures further show that slow adjustment and 
feedback can organize recurrent market phases7-14. 
This evidence supports a probabilistic and regime-
conditioned interpretation of cycle counts, not a 
permanently accurate calendar. 

The literature foundation is organized transparently in 
line with established narrative-review and evidence-
reporting principles15-16. Foundational momentum 
evidence and critical-point models provide two 
complementary mechanisms: persistence can extend a 
move, whereas nonlinear feedback can terminate it 
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abruptly17-18. For a low-window forecast, both 
mechanisms matter because the next trough can be 
delayed by persistence or accelerated by an unstable 
reversal. 

Bitcoin's halving is the clearest scheduled cycle 
anchor, but recent studies show heterogeneous effects 
across abnormal returns, volatility, higher-order 
spillovers, cross-coin responses, speculative super-
cycles, and market sentiment19-24. Four completed 
halvings remain too few to justify a clockwork price 
law. The schedule is known in advance, and its 
observed footprint is entangled with market 
maturation, liquidity, and macroeconomic conditions. 

Time-varying efficiency provides the strongest direct 
motivation for adaptation. Very-long-run equity 
evidence, business-cycle predictability, and 
momentum studies show that forecasting strength 
changes with market state. Bitcoin research likewise 
progresses from early inefficiency findings to dynamic, 
alternating, liquidity-dependent, and long-memory 
efficiency regimes; wavelet evidence shows that 
dominant relationships change across both time and 
scale25-38. A rolling duration distribution is therefore 
more defensible than a fixed historical count, although 
rolling estimation cannot eliminate abrupt regime-
break risk. 

Technical timing evidence is similarly conditional. 
Classic moving-average and trading-range rules 
produced encouraging historical results, but data-
snooping tests weakened many claims. Later equity 
and cryptocurrency studies recover predictive value in 
selected regimes, while demonstrating sensitivity to 
sample choice, risk premia, transaction costs, bubble 
states, and the difficulty of valuing the underlying 
asset39-47. These findings justify a transparent 
chronological evaluation and prohibit interpreting 
interval coverage as trading profitability. 

Calendar effects provide a further caution. Halloween, 
January, weekend, seasonal-affective, day-of-week, 
and cryptocurrency calendar patterns have all been 
reported, but their persistence varies across 
subperiods and specifications. Momentum is more 
robust across equities, commodities, gold, and 
cryptocurrency, yet it also changes with market 
state48-65. Cycle translation can therefore be 
interpreted as a time-local momentum condition, 
whereas rigid day and week counts remain hypotheses 
to be tested rather than accepted periodicities. 

Behavioral amplification supplies a plausible 
mechanism for irregular cycle lengths. Cryptocurrency 
herding, sentiment, liquidity, fear of missing out, and 
investor attention intensify or attenuate demand near 
local extremes. Bubble research using explosive-root 
and log-periodic approaches documents recurrent 
speculative regimes in equities and Bitcoin, but also 
shows substantial uncertainty around the timing of the 
critical reversal66-81. Consequently, a forecast window 

should accommodate recognition lag and uncertainty 
rather than promise an exact bottom date. 

Macro-liquidity and safe-haven evidence reinforces 
the cross-asset design. Bitcoin responds to monetary-
policy shocks and global investment demand; gold 
alternates among hedge, safe-haven, and ordinary-
asset roles; and connectedness between 
cryptocurrency, equities, and gold changes during 
crises82-95. These state changes imply that an interval 
estimated from old cycles can become stale, making 
sequential updating and explicit sensitivity bands 
essential. 

Finally, market structure is changing the information 
set used to identify cycles. On-chain indicators add 
observable cryptocurrency fundamentals, but stock-
to-flow and simple network-scaling rules have weak 
predictive foundations. Volatility is regime-switching 
and structurally unstable, while spot Bitcoin exchange-
traded products have altered flows and price 
discovery since 202496-112. The implication is not that 
historical cycles are useless; it is that the timing rule 
must be causal, adaptive, and repeatedly re-evaluated 
as market structure evolves. 

A fixed cycle clock is transparent and operationally 
convenient, but its binary success depends on the 
width assigned around the reference count. A narrow 
band may appear precise while systematically 
omitting regime-delayed lows. A very wide band may 
achieve high coverage while providing little timing 
information. The correct empirical question is 
therefore not whether a single count is always correct, 
but whether a sequential interval can remain 
calibrated while preserving useful sharpness. 
Calibration measures how often the defined target falls 
within the interval; sharpness measures how 
concentrated that interval remains. Both are necessary 
because a forecast covering most of the calendar 
would be statistically successful and operationally 
uninformative. 

The previous fixed-window analysis did not sustain an 
80% confirmation-aware rate. That negative result 
motivates a distributional reformulation. The latest 20 
completed cycles are treated as a rolling empirical 
distribution. The lower endpoint estimates when the 
next low becomes plausible from prior low-to-low 
durations. The upper endpoint estimates when 
confirmation of that low should have occurred from 
prior low-to-next-confirmation durations. This 
asymmetric construction is intentional: an interval 
should not receive credit for a low that happened 
within the calendar band but could not yet have been 
recognized by its closing date. 

The study addresses five questions. First, do the fixed 
Cycle Theory clocks remain below the 80% target in a 
2021-2026 chronological evaluation? Second, does a 
common adaptive 10th-90th percentile interval 
exceed the target for both DCL and WCL forecasts? 
Third, are point estimates above 80% observed in 
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Bitcoin, S&P 500 futures, and gold without asset-
specific retuning? Fourth, how much width is required 
to obtain that coverage? Fifth, does a wider 5th-95th 
percentile sensitivity band place the pooled DCL lower 
confidence bound above 80%? 

The contribution is fourfold. First, the study formalizes 
confirmation-aware interval coverage for daily cycle 
lows (DCLs) and weekly cycle lows (WCLs). Second, it 
proposes an auditable Adaptive Quantile-Calibrated 
Cycle Window (AQCW) that can be reproduced 
without proprietary optimization. Third, it evaluates 
one common sequential algorithm over a 2021-2026 
chronological pseudo-out-of-sample segment under 
an externally preregistered retrospective protocol. 
Fourth, it reports the cost of reaching the target 
through confidence intervals, asset-level results, 
sequential paths, and the complete precision-width 
frontier. The resulting claim is deliberately bounded: 
AQCW is a calibrated monitoring-window method, not 
proof of universal periodicity, exact bottom timing, or 
trading profitability. 

2. Methods 

2.1 Operational cycle hierarchy 

A DCL is an important daily-chart Low followed by 
sufficient recovery evidence. A WCL is the 
corresponding higher-order Low on Monday-start 
weekly bars. An intermediate half-cycle state may 
organize translation and strength, but it is not treated 
as a substitute for the next DCL. The low date is the 
date of the minimum OHLC Low; the confirmation date 
is the first later date at which the stated recovery rule 
is satisfied. This separation removes same-bar 
hindsight. 

The fixed reference counts are 60 calendar days for 
Bitcoin, 40 for S&P 500 futures, and 35 for gold. The 
corresponding DCL full widths are 14, 16, and 14 days. 
WCL counts are 30, 24, and 26 weeks, each with a fixed 
+/-2-week band. These counts are evaluated as theory 
priors, not as facts imposed on the labels. 

The asset-specific clocks, interval widths, and 
reconstruction samples are detailed in Table 1. The 
table makes the design asymmetry visible: DCL 
reference counts differ by asset, whereas every fixed 
WCL comparator uses the same four-week full width. 
These settings are frozen and are not widened after a 
miss. 

Table 1. Asset-specific fixed clocks, interval widths, and reconstruction samples. 

Asset DCL clock DCL width WCL clock WCL width Daily rows Weekly origins 

Bitcoin 60 days 14 days 30 weeks 4 weeks 4,318 17 

S&P 500 futures 40 days 16 days 24 weeks 4 weeks 6,517 50 

Gold 35 days 14 days 26 weeks 4 weeks 6,489 46 

Note. Daily rows are the cleaned OHLC histories; weekly origins are completed primary WCL forecasts across the full reconstruction. 

2.2 Testable hypotheses 

H1 (fixed-clock limitation): fixed Cycle Theory 
windows do not sustain 80% confirmation-aware 
precision in the 2021-2026 chronological evaluation. 
H2 (adaptive calibration): the AQCW point estimate 
reaches at least 80% for both DCL and WCL in that 
evaluation. H3 (cross-asset replication): each asset 
records an adaptive point estimate of at least 80%. H4 
(calibration-sharpness trade-off): achieving the target 
requires materially wider windows than the fixed 
clocks. H5 (robustness): a wider 5th-95th percentile 
band retains at least 80% precision with a pooled 95% 
confidence lower bound above 80% for DCL. 

2.3 Data and event construction 

The analysis uses daily OHLC histories for BTC-USD, 
continuous S&P 500 futures (ES=F), and continuous 
COMEX gold futures (GC=F), frozen on 14 July 2026. 
Samples begin on 17 September 2014 for Bitcoin, 18 
September 2000 for S&P 500 futures, and 30 August 
2000 for gold. Weekly bars are aggregated with 
Monday labels and contain the first Open, maximum 
High, minimum Low, and last Close of each week. 
Completed-candle overlaps were reconciled before 
event construction. 

The primary daily detector identifies a candidate when 
OHLC Low is the minimum in a centered seven-bar 
neighborhood. Recognition is delayed until the right-
hand neighborhood is observed. A candidate is 
confirmed within the next ten bars when the Close 
reclaims its 10-period moving average, closes above 
the short high preceding the low, or posts two 
consecutive higher closes. Weekly candidates use a 
three-week neighborhood and a four-week 
confirmation horizon. Every low date, confirmation 
date, lag, price, and selection status is stored 
separately. 

Cycles advance sequentially. After a confirmed seed, a 
fixed-clock forecast is issued. If no eligible low is 
confirmed by the window end, the outcome is 
recorded as a miss and the first later confirmed low 
becomes a transparent reset anchor. This rule 
prevents the failed window from being backfilled after 
the fact. The same anchor path is used to estimate the 
adaptive duration distribution. 

Before event construction, each asset file is sorted 
chronologically and checked against the retained 
source manifest for first date, final freeze date, and row 
count. Completed-candle overlaps are reconciled so 
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that a timestamp contributes one OHLC record to the 
analytical series. Weekly aggregation uses only 
information contained in the underlying daily bars and 
never assigns a weekly low before that week's final 
completed observation. These controls are important 
because a duplicate bar, an incomplete terminal 
candle, or a shifted weekly label could change both the 
selected low and the measured confirmation lag. 

The use of continuous futures series is intended to 
study timing structure rather than executable 
contract-level returns. No adjustment is made for 
transaction costs, roll slippage, financing, or venue-
specific price differences because the outcome is an 
interval-coverage score rather than a trading profit. 
Bitcoin is represented by the retained BTC-USD 
history, while S&P 500 and gold are represented by 
continuous futures histories. The common event logic 
is applied to all three markets after cleaning; there is 
no asset-specific manual relabeling of lows in the 
2021-2026 evaluation segment. 

The analytical freeze date is 14 July 2026. 
Consequently, the final eligible forecast origin differs 
from the final price observation: an origin enters the 
evaluation only when the next low and its confirmation 
can be assessed under the frozen rules. This distinction 
prevents incomplete terminal events from being 
silently classified as misses or hits. The retained 
ledgers record the low date, known date, decision date, 
lag, selected status, and reset status, enabling the 
chronology to be reconstructed from the machine-
readable files. 

2.4 Confirmation-aware precision 

A forecast is a hit only if the next selected cycle low lies 
on or after the forecast start and its confirmation 
occurs on or before the forecast end. Because every 
eligible origin issues exactly one interval and has 
exactly one next-cycle target, the reported precision is 
numerically equal to empirical interval coverage. It 
should not be confused with classification precision 
under selective abstention. The common target ledger 
and one-forecast-per-origin rule keep the fixed and 
adaptive procedures directly comparable. 

Let S and E denote the forecast start and end, 
respectively; let the superscripts low and conf 
distinguish the realized low date from its later 
confirmation date. The binary score for origin t is 
defined as follows: 

Ht = 1{τtlow ≥ St  ∧  τtconf ≤ Et}. 

The indicator equals one only when both inequalities 
hold. Precision is the arithmetic mean of these 
indicators over the eligible origins. Wilson 95% 
confidence intervals quantify finite-sample 
uncertainty because the pooled DCL and especially 
WCL samples are not large enough for normal 
approximations to be taken for granted. Mean and 
median window widths are reported in the same time 

unit as the forecast so that coverage cannot be 
interpreted independently of sharpness. 

2.5 Adaptive Quantile-Calibrated Cycle Window 

At each origin, AQCW uses only the most recent 20 
completed cycles. For completed cycle i, low-to-low 
duration L and prior-low-to-next-confirmation 
duration C are defined separately. In daily analysis the 
unit is calendar days; in weekly analysis it is Monday-
start weeks. 

Li = τilow − τi−1low;    Ci = τiconf − τi−1low. 

Let a be the current confirmed anchor and let the script 
H denote the available rolling history. The primary 
AQCW interval adds the empirical 10th percentile of 
prior L values to the anchor for its start and the 
empirical 90th percentile of prior C values for its end: 

Wt(0.10) = [at + Q0.10(ℒt),  at + Q0.90(𝒞t)]. 

The use of C at the upper endpoint incorporates 
recognition lag directly: a low that occurs within the 
calendar range but remains unconfirmed at the end is 
not counted as a success. At least eight completed 
cycles are required before forecasting begins. The 20-
cycle cap allows old regimes to leave the estimation set 
while retaining enough observations to estimate 
empirical tails without an asset-specific model. 

The rolling-history principle is motivated by evidence 
that return predictability, efficiency, long memory, and 
volatility change across market states25-38,103-107. 
AQCW remains an empirical quantile procedure: it 
does not claim distribution-free coverage or 
exchangeability. Its validity in this manuscript rests on 
chronological replay, transparent hit definitions, and 
fully reported interval width rather than on a formal 
asymptotic guarantee. 

The primary specification uses a 20-cycle lookback 
and a 10th-90th percentile band. The training-
validation segment begins in 2017 for DCL and 2018 
for WCL and ends on 31 December 2020. Forecast 
origins from 1 January 2021 onward form a 
chronological pseudo-out-of-sample segment. Every 
forecast uses only previously completed durations. 
The study uses retrospective market histories under 
an externally preregistered protocol; the chronological 
segment is causal at each origin but is not equivalent 
to a live prospective trial. After a realized cycle is 
confirmed, its durations may enter the next rolling 
history; no future duration contributes to its own 
forecast. 

The frozen implementation is summarized in Table 2. 
Reading the table vertically shows the complete 
information flow from confirmed anchor, to rolling 
history, to interval endpoints, to scoring, and finally to 
the sequential update. This compact specification is 
also the reproducibility contract used by the audit 
code. 
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Table 2. Frozen implementation of the Adaptive Quantile-Calibrated Cycle Window. 

Component Operational definition 

Anchor Confirmed OHLC Low; low date and confirmation date remain separate. 

History Latest 20 completed cycles; minimum eight cycles before first forecast. 

Start Current anchor + empirical 10th percentile of prior low-to-low durations. 

End Current anchor + empirical 90th percentile of prior-low-to-next-confirmation durations. 

Hit Next selected Low is not before start and its confirmation is not after end. 

Update Sequential after outcome confirmation; one rule is used across the evaluation. 

Robustness 5th-95th percentile band and static training-distribution comparator. 

Note. Durations are measured in calendar days for DCL and Monday-start weeks for WCL. 

2.6 Baselines and robustness 

The first baseline is the asset-specific fixed clock. The 
second is a static quantile interval estimated once from 
the pre-2021 segment and never updated. The static 
comparator distinguishes the value of rolling 
adaptation from the value of using a broad duration 
distribution. Sensitivity bands span central empirical 
ranges from 60% through 90%. Forecast quality is 
evaluated under the calibration-sharpness principle: 
precision is interpreted jointly with mean window 
width, and no band is preferred solely because it 
covers more outcomes. 

The final reported model uses no price-derived 
machine-learning features and changes only timing 
uncertainty. It does not redefine lows, discard misses, 
alter the asset universe, or tune an entry/exit trading 
strategy. Nevertheless, alternative lookbacks and 
quantile bands were explored in this retrospective 
workflow; the sensitivity frontier is reported, and 
prospective confirmation is required. 

3. Results 

3.1 Adaptive windows exceed the 80% point 
target 

H1 and H2 are supported. The fixed clocks record 
90/127 DCL hits (70.9%; 95% CI 62.4%-78.1%) and 
15/27 WCL hits (55.6%; 95% CI 37.3%-72.4%). The 
primary adaptive interval records 109/127 DCL hits 

(85.8%; 95% CI 78.7%-90.8%) and 27/27 WCL hits 
(100.0%; 95% CI 87.5%-100.0%). The gain is 15.0 
percentage points for DCL and 44.4 points for WCL. 

The pooled fixed-versus-adaptive contrast and its 
Wilson intervals are shown in Figure 1. The four 
plotted points reproduce the narrative values exactly: 
70.9% and 85.8% for DCL, and 55.6% and 100.0% for 
WCL. The corresponding training-validation 
estimates, hit counts, confidence intervals, and mean 
widths are detailed in Table 3, allowing the visual 
comparison to be checked against exact tabulated 
values. 

The hit-count decomposition clarifies the magnitude of 
the improvement. Relative to the fixed DCL clock, the 
primary adaptive DCL rule converts 19 of the 37 fixed-
clock misses into covered outcomes, reducing the miss 
count from 37 to 18 over the same 127 forecast origins. 
For WCL, the adaptive rule covers all 27 outcomes 
compared with 15 under the fixed four-week clock, an 
increase of 12 hits. These are paired descriptive 
comparisons because both methods are evaluated on 
the same realized targets; they should not be read as 
independent samples. The Wilson intervals quantify 
uncertainty around each coverage proportion, while 
the paired hit counts show that the gain is not 
produced by changing the evaluation set. This 
common-target design is essential: allowing one 
method to omit difficult origins would inflate its 
apparent precision and break comparability. 

 
Figure 1. Confirmation-aware precision in the 2021-2026 chronological evaluation for fixed and adaptive DCL/WCL windows. Points 
show estimates; error bars show Wilson 95% confidence intervals; shading above the dashed line marks the 80% target region. 
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Table 3. Pooled confirmation-aware precision, hit counts, Wilson confidence intervals, and mean window widths for the fixed and 
adaptive specifications. 

Method Cycle Evaluation Hits Precision 95% CI Mean width 

Fixed clock DCL 2021-2026 eval. 90/127 70.9% 62.4%-78.1% 14.7 days 

Adaptive 80% DCL Training validation 82/93 88.2% 80.1%-93.3% 34.0 days 

Adaptive 80% DCL 2021-2026 eval. 109/127 85.8% 78.7%-90.8% 32.8 days 

Fixed clock WCL 2021-2026 eval. 15/27 55.6% 37.3%-72.4% 4.0 weeks 

Adaptive 80% WCL Training validation 14/14 100.0% 78.5%-100.0% 13.5 weeks 

Adaptive 80% WCL 2021-2026 eval. 27/27 100.0% 87.5%-100.0% 11.7 weeks 

Note. Every forecast row uses prior completed cycles only; the retrospective protocol was externally preregistered. Precision requires both the low and 
its confirmation to meet the interval rule. 

 

3.2 The result replicates across assets 

H3 is supported by point estimates. Bitcoin, S&P 500 
futures, and gold each exceed 80% for DCL, while all 
observed WCL windows in the chronological 
evaluation are hits. The confidence intervals are 
materially wider at asset level, especially for WCL, so 
cross-asset replication should be interpreted as a 
point-estimate result rather than a separate 95%-
confidence proof for every market. 

Exact asset-level estimates are detailed in Table 4, and 
the same estimates with Wilson intervals are 
visualized in Figure 2. Bitcoin has the highest adaptive 
DCL point estimate at 90.6%, followed by S&P 500 
futures at 84.8% and gold at 83.7%. All three WCL 
point estimates are 100.0%, but the intervals in Figure 
2 show that this equality in observed rates does not 
imply equal certainty. 

 

Table 4. Asset-level confirmation-aware precision, Wilson confidence intervals, and mean window widths for the adaptive 
specification. 

Asset DCL hits DCL precision DCL 95% CI DCL 
width 

WCL hits WCL precision WCL 95% CI WCL 
width 

Bitcoin 29/32 90.6% 75.8%-96.8% 28.2 d 8/8 100.0% 67.6%-100.0% 11.2 w 

S&P 500 futures 39/46 84.8% 71.8%-92.4% 38.3 d 10/10 100.0% 72.2%-100.0% 13.1 w 

Gold 41/49 83.7% 71.0%-91.5% 30.5 d 9/9 100.0% 70.1%-100.0% 10.4 w 

Note. d = calendar days; w = Monday-start weeks. WCL sample sizes are small and confidence intervals remain wide despite perfect point estimates. 

 

 

 
Figure 2. Asset-level precision of the adaptive cycle window in the 2021-2026 chronological evaluation. Points show estimates, 
horizontal bars show Wilson 95% confidence intervals, and labels show estimate and hit count. 
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3.3 Precision improves because uncertainty bands 
widen 

H4 is supported. Mean DCL width rises from 14.7 to 
32.8 calendar days, a 2.22x expansion. Mean WCL 
width rises from 4.0 to 11.7 weeks, a 2.92x expansion. 
Thus, the method reaches the target through better 
calibrated uncertainty, not through a more exact 
narrow turning-date estimate. 

The static pre-2021 quantile interval obtains only 
69.3% DCL precision, compared with 85.8% for rolling 
adaptation. For WCL, static precision is 88.9%, 
compared with 100.0% adaptively. Rolling updating 
therefore matters, particularly for daily cycles where 
duration regimes shift more visibly. 

The full precision-width frontier is presented in Figure 
3. Each successive point widens the central empirical 
band; the upward DCL path makes the cost of 
additional coverage visible, whereas WCL precision 
reaches 100% at several adjacent widths. Exact values 

for the fixed, static, primary adaptive, and high-
confidence specifications are detailed in Table 5. 

The frontier also prevents a misleading winner-takes-
all interpretation. Moving rightward in Figure 3 
purchases additional coverage with calendar time, so 
two specifications can serve different decision 
problems even when one has a higher hit rate. The 
primary 10th-90th percentile band is retained as the 
main specification because it clears the prespecified 
point target while remaining materially narrower than 
the 5th-95th percentile alternative. The latter is 
reported as a high-confidence option because its DCL 
lower confidence bound clears 80%, not because it is 
universally preferable. In applications where 
monitoring is costly, a narrower band may dominate 
despite more misses; where an omitted cycle is costly, 
the broader band may be rational. Table 5 makes this 
trade-off auditable by placing precision, uncertainty, 
and mean width in the same comparison rather than 
ranking models on coverage alone. 

 

 
Figure 3. Precision-sharpness frontier in the 2021-2026 chronological evaluation across rolling empirical quantile bands. Percent 
labels denote the central empirical band; shaded regions mark precision at or above 80%. 

 

Table 5. Precision–sharpness frontier: fixed, static, primary adaptive, and high-confidence specifications. 

Method Cycle 2021-2026 precision 95% CI Mean width 

Fixed clock DCL 70.9% 62.4%-78.1% 14.7 days 

Static training quantiles DCL 69.3% 60.8%-76.6% 28.5 days 

Rolling 10th-90th DCL 85.8% 78.7%-90.8% 32.8 days 

Rolling 5th-95th DCL 93.7% 88.1%-96.8% 43.7 days 

Fixed clock WCL 55.6% 37.3%-72.4% 4.0 weeks 

Static training quantiles WCL 88.9% 71.9%-96.1% 11.0 weeks 

Rolling 10th-90th WCL 100.0% 87.5%-100.0% 11.7 weeks 

Rolling 5th-95th WCL 100.0% 87.5%-100.0% 12.9 weeks 

Note. The 5th-95th percentile DCL band is the high-confidence specification; its lower Wilson bound exceeds 80%. 
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3.4 Sequential calibration remains above target 
by the end of the evaluation 

The pooled DCL path temporarily falls below 80% 
during the early evaluation and then recovers as more 
completed cycles enter the rolling distribution. This 
behavior is consistent with regime adaptation rather 
than a one-time static fit. The WCL path records no 
miss in the 2021-2026 segment, but only 27 forecasts 
are available. The perfect WCL line should therefore be 

read together with its 87.5% lower pooled confidence 
bound and the much wider window. 

The ordering of every realized forecast is retained in 
Figure 4. The DCL step path ends at 85.8% after 127 
origins, while the WCL path remains at 100.0% 
through 27 origins. Showing the full path prevents the 
endpoint estimate from concealing the period in which 
cumulative DCL coverage was below the target. 

 

 
Figure 4. Cumulative confirmation-aware precision through the 2021-2026 chronological evaluation. The dashed line marks the 80% 
target; shaded regions identify target attainment. 

 

3.5 High-confidence specification 

H5 is supported at the pooled level. The wider 5th-
95th percentile interval obtains 119/127 DCL hits 
(93.7%; 95% CI 88.1%-96.8%) and 27/27 WCL hits 
(100.0%; 95% CI 87.5%-100.0%). The DCL lower 
bound is 88.1%, above the 80% target. The cost is a 
mean width of 43.7 days for DCL and 12.9 weeks for 
WCL. This version is appropriate only when avoiding 
missed cycles is more important than date precision. 

4. Discussion 

4.1 What the 80% result establishes 

The central result is positive but narrower than a claim 
of universal periodicity. Cycle Theory can produce an 
out-of-sample precision point estimate above 80% 
when the reference count is treated as a rolling 
duration distribution and the forecast endpoint 
explicitly allows for confirmation lag. The method is 

transparent, causal, and cross-asset: it uses the same 
lookback and quantile levels for all three markets and 
both timeframes. 

The improvement also has a clear mechanism. Static 
DCL quantiles fail as market durations shift, while 
rolling quantiles adapt. Separating low-to-low 
duration from low-to-confirmation duration prevents 
recognition lag from turning a correctly timed low into 
a false success. The method therefore integrates the 
two objects that cycle practice often conflates: when 
the low occurs and when it becomes knowable. 

The cross-asset result is consistent with evidence that 
efficiency and cycle anchors are not fixed properties. 
Bitcoin halving effects vary across returns, volatility, 
spillovers, currencies, and sentiment19-24, while the 
broader efficiency literature documents alternating 
and state-dependent predictability25-38. A rolling 
distribution is therefore more defensible than a 
permanently fixed duration assumption, although the 
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present study does not claim that timing adaptation 
alone explains market efficiency. 

The primary DCL estimate of 85.8% is an endpoint of a 
sequential path, not a constant property of the full 
period. Figure 4 shows that cumulative coverage 
moved below and above the 80% reference before 
finishing above it. This temporal path is important: it 
demonstrates both the benefit and the limitation of 
delayed adaptation. The window updates only after a 
completed cycle becomes known, so abrupt duration 
shifts can still generate early misses before the new 
regime is represented in the rolling history. 

4.2 Why calibration and sharpness must be 
reported together 

A high hit rate is not sufficient. An interval covering 
most of the calendar would be perfectly calibrated and 
practically useless. The technical-timing literature also 
shows why apparent success must be read together 
with data-snooping risk, transaction costs, and regime 
dependence39-47. The primary DCL interval is more 
than twice the fixed width, and the primary WCL 
interval is almost three times wider. The 80% result 
should be interpreted as a calibrated risk window for 
monitoring and confirmation, not as a pinpoint bottom 
forecast. 

This distinction explains why the high-confidence 90% 
band is statistically stronger but operationally less 
precise. Its pooled DCL confidence interval lies fully 
above 80%, yet the average interval spans more than 
six weeks. An analyst should choose the band 
according to the decision loss: the primary band 
balances timing and misses, while the high-confidence 
band prioritizes avoiding omission. 

The difference between point-estimate success and 
confidence-bound success must also remain explicit. 
The primary DCL point estimate exceeds 80%, but its 
78.7% lower Wilson bound does not. Only the wider 
5th-95th percentile DCL specification places the lower 
bound above the target, at 88.1%. Conversely, the WCL 
estimate is 100.0%, but its lower bound is 87.5% 
because 27 forecasts cannot support a claim of near-
certain future coverage. These distinctions are shown 
numerically in Tables 3 and 5 and visually through the 
interval bars in Figures 1 and 2. 

A complete evaluation should consequently preserve 
three layers of evidence. The first is marginal coverage: 
the proportion of realized outcomes contained in the 
interval. The second is sharpness: the amount of time 
during which the forecast remains active. The third is 
sequential stability: whether calibration persists or is 
concentrated in one favorable subperiod. Tables 3 and 
5 report the first two layers, while Figure 4 exposes the 
third. Reporting only the terminal percentage would 
hide the early DCL undercoverage; reporting only 
average width would hide whether the interval 
actually contains the target; and reporting only a 
confidence interval would not identify when misses 
occurred. Their joint presentation is therefore 

substantive rather than cosmetic. It allows a reader to 
distinguish a well-calibrated adaptive process from an 
excessively wide interval or a method whose aggregate 
success depends on a short episode. 

4.3 Practical implementation 

A practical implementation can maintain two clocks. 
The fixed theory count remains the interpretable 
center prior. Around it, the rolling duration ledger 
generates a calibrated monitoring window. During the 
window, candidate status should still require price 
evidence; time alone does not create a low. After 
confirmation, the realized low-to-low and low-to-
confirmation durations enter the rolling sample, and 
the next interval is recomputed. 

The method is suitable for research alerts, chart 
annotation, and risk-budget staging. It does not by 
itself specify position size, entry price, invalidation, or 
exit. A separate economic study should test whether 
the broader monitoring window produces value after 
transaction costs and whether signal concentration 
can be improved using pre-window volatility, trend, or 
liquidity features without sacrificing causal forecast 
integrity. 

Operationally, the primary band is the more balanced 
research default because it limits the mean DCL 
window to 32.8 days and the WCL window to 11.7 
weeks. The high-confidence band is better viewed as a 
loss-sensitive alternative for users who place a higher 
cost on a missed cycle than on prolonged monitoring. 
Neither choice should be converted into a trading 
instruction without a separate decision rule, 
transaction-cost model, and prospective execution 
record. 

4.4 Limitations 

Seven limitations matter. First, the target-anchor 
ledger is a rule-based reconstruction generated by the 
frozen Cycle Theory state machine rather than 
independently adjudicated ground truth. The 
comparison is internally fair because fixed and 
adaptive forecasts share that ledger, but an alternative 
event definition could produce different target dates. A 
useful replication should therefore publish both the 
detector and a blinded manual-adjudication protocol, 
then quantify agreement before comparing forecasting 
methods. 

Second, the analysis is retrospective despite external 
preregistration, so live prospective performance 
remains untested. Chronological replay protects each 
origin from direct future-duration leakage, but it 
cannot reproduce operational data revisions, delayed 
feeds, contract-roll decisions, or human intervention. 
Third, WCL inference is based on only 27 forecasts; 
perfect observed precision is not proof of future 
perfection. Fourth, the primary DCL confidence 
interval still includes values marginally below 80%, 
although the wider robustness band clears the 
threshold. 
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Fifth, rolling quantiles react only after a new regime 
has generated completed cycles. The method can 
therefore remain temporarily miscalibrated after an 
abrupt structural break, as the early DCL path in Figure 
4 illustrates. Sixth, continuous futures and 
convenience data feeds can differ from executable 
contracts and venue-certified histories, particularly 
around rolls and illiquid sessions. Seventh, widening 
the interval increases the chance that timing becomes 
less decision-useful even when statistical coverage 
improves. The present results should accordingly be 
evaluated as forecast-window calibration, not as 
evidence of implementable abnormal returns. 

4.5 Research agenda 

The next decisive study should extend the 
preregistration into a live event ledger containing 
every candidate, confirmation, failure, reset, low date, 
confirmation date, rule version, and manual 
intervention. Forecast intervals should be scored with 
interval scores as well as binary coverage, and every 
candidate parameter set should be frozen before 
prospective evaluation. A hierarchical adaptive model 
may partially pool the three assets while retaining 
asset-specific regimes. On-chain variables, volatility-
state indicators, liquidity measures, and post-ETF 
market-structure variables provide prespecified 
candidates for testing whether calibration can be 
retained with narrower windows96-112. 

Prospective validation should also define success 
before any live forecasts are observed. A minimum 
protocol would timestamp the data snapshot, anchor, 
interval start and end, candidate-low date, 
confirmation date, and any reset at each origin. It 
would retain every forecast, including intervals that 
expire without confirmation, and would publish a 
locked rule for contract rolls, missing sessions, and 
revised source data. The primary analysis would then 
reproduce the present confirmation-aware hit 
indicator and Wilson interval, supplemented by 
interval score, mean width, miss direction, and time-
to-confirmation. Prespecified quarterly calibration 
checks could flag drift without authorizing 
retrospective parameter changes. If an update is 
triggered, the new rule should begin a separately 
labeled evaluation era so that evidence from the 
original and modified procedures is not pooled. This 
design would turn the current chronological 
reconstruction into a genuinely prospective audit trail 
and would make successful replication more 
persuasive than another optimized historical backtest. 

5. Conclusion 

This study shows that Cycle Theory can exceed an 80% 
chronological pseudo-out-of-sample point target when 
fixed counts are converted into adaptive, 
confirmation-aware quantile intervals. The primary 
rolling specification reaches 85.8% for DCL and 
100.0% for WCL in the 2021-2026 evaluation, 
compared with 70.9% and 55.6% under fixed clocks. 

The result replicates across Bitcoin, S&P 500 futures, 
and gold at the point-estimate level, but live 
prospective replication is still required. 

The finding is inseparable from sharpness. Average 
widths expand to 32.8 days and 11.7 weeks. A wider 
robustness band raises DCL precision to 93.7% with a 
lower confidence bound above 80%, but it is less 
precise in calendar time. The defensible conclusion is 
therefore not that markets obey a narrow universal 
clock. It is that Cycle Theory becomes empirically 
calibratable when duration is modeled as a rolling 
distribution and confirmation delay is part of the 
forecast target. 
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