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Abstract 

Option-pricing comparisons can be biased when quote-derived inputs or later outcomes enter model selection. 

We compare analytical, learned, fixed-blend, and conditional-blend models in a chronology that ends tuning 

in 2019 and fixes the 2024 to 2025 confirmation before its outcomes are examined. SPY, QQQ, and IWM are 

assessed in four prespecified sampling streams using raw mean-daily normalized-midpoint MAE. Every model 

uses features available at prediction time and is scored on the same contract-date keys within each asset-stream 

cell. The MAE-aligned mixture improves on the validation-optimal fixed blend in 1/4 SPY, 4/4 QQQ, and 4/4 

IWM streams; SPY also has reversals and unresolved intervals. Across all 12 asset-stream cells, a simpler 

winner-probability soft gate has lower macro-average error, while component removals show no stable 

direction. Date-cluster intervals and a moving-block sensitivity check retain that uncertainty and report 

unfavorable streams alongside favorable ones. Conditional blending is thus asset- and sample-dependent, not 

uniformly preferable. The study contributes a leakage-controlled evaluation protocol and a bounded empirical 

comparison. 
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1. Introduction 

Analytical and learned option-pricing models draw on different sources of information. Black–Scholes–Merton 

(BSM) provides a transparent benchmark based on spot, strike, maturity, rates, dividends, and volatility [1, 2]; 

learned models can fit empirical departures from that benchmark [3, 4]. Their ordering can still depend on the 

available information and on when each decision is made. Same-row implied volatility or quote fields can reveal 

the target, random splits can mix market regimes, and final-period outcomes can quietly steer model selection. 

Conditional blending makes those timing choices more consequential. A fixed blend uses one validation-

selected weight; a conditional gate changes the analytical–learned weight with contract and market features. 

Such a gate may help when the lower-error expert differs across observations, yet it can also overfit the period 

used to fit it. The question here is whether conditional blending improves reliably on a validation-optimal fixed 

blend once experts, features, losses, and selection rules have all been fixed. 
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We evaluate end-of-day SPY, QQQ, and IWM chains using only variables available at prediction time. 

Base models are fitted through 2017 and selected in 2018; conditional rules use separate 2019 fitting and 

calibration blocks. After overlap exclusion, 2020–2023 provides a retrospective held-out evaluation, while the 

primary evidence comes from a 2024–2025 confirmation fixed before outcome inspection. Figure 1 marks the 

information boundary. Within that design, the paper gives a timestamp-safe protocol, a matched comparison 

of analytical, learned, fixed-blend, and conditional-blend models under date-equal MAE, and a three-asset, 

four-stream test of ranking stability. The evidence remains limited: conditional blending helps consistently for 

QQQ and IWM, but not SPY, and no gate is claimed to be universally best. 

Figure 1: Chronological protocol. The 31 December 2019 marker ends model selection and tuning. The 2024–2025 

configuration and code were fixed before their outcomes were inspected 

 

The freeze concerns outcome inspection rather than calendar time. The quotes already existed in 2026, but 

stream configurations, sampling strata, implementation, and reporting rules were fixed before errors or 

rankings were read. It is therefore an internal outcome-inspection freeze, not external preregistration. 

2. Related Work 

Data-driven option pricing includes learning networks, neural forecasting, homogeneity constraints, 

support-vector regressors, and machine-learning comparisons [3]–[7]. Reviews show that targets, information 

sets, splits, and analytical comparators differ markedly across these studies [8]; structured networks can also 

encode financial restrictions [9]. Our question is narrower: do rankings remain stable when contemporaneous 

quote-derived inputs are excluded and every choice is made before evaluation? Here, BSM serves as an 

analytical comparator rather than an exact valuation model for end-of-day ETF options. 

Conditional blending builds on mixture-of-experts allocation [10, 11]. Disagreement within an ensemble 

measures predictive dispersion [12], but a score for the winning expert is not necessarily a calibrated 

probability [13]. We therefore distinguish a winner-probability gate from a mixture weight fitted to smooth 

MAE. Random forests and CatBoost offer non-neural comparators [14, 15], implemented with established 

software [16]. Financial evaluation likewise depends on explicit timing and out-of-period tests [17]. We treat 

each gate as a matched alternative that must hold up across streams. 

3. Method 

3.1 Prediction Target and Information Boundary 

For contract 𝑖 on date 𝑡, let 𝐵𝑖,𝑡, 𝐴𝑖,𝑡, and 𝑆𝑡 denote the valid bid, ask, and underlying close. The prediction 

target is 

 𝑦𝑖,𝑡 =
𝐵𝑖,𝑡 + 𝐴𝑖,𝑡

2𝑆𝑡
. (1) 

This normalization puts errors from different dates and assets on a common scale. Predictors are log-

moneyness, maturity, option type, selected lagged realized volatility, a lagged maturity-matched rate, and a 

lagged dividend yield. Same-row implied volatility, quote fields, spread, Greeks, marks, and target proxies are 

excluded. Rates and volatility are shifted so that source observations precede prediction, and preprocessing 

and selection are confined to the assigned historical block. Evaluation targets are joined only after frozen 

predictions have been written for identical contract-date keys. 
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The analytical anchor is dividend-adjusted BSM [1, 2]. Rates come from the latest pre-quote Treasury curve, 

interpolated across its 30-, 90-, 180-, 365-, and 730-day maturities [18]; dividend yield uses earlier cash 

distributions and the preceding close. In the 2018 block, we select among 21-, 63-, and 126-day realized-

volatility windows and an exponentially weighted candidate. Because the data use end-of-day joins and the 

options may permit American exercise, BSM is a benchmark rather than structural ground truth. 

3.2 Experts and Mixture Rules 

The learned expert is a five-member residual neural ensemble. Each member predicts a standardized BSM 

residual, which is returned to the original scale and added to the anchor. Candidate hidden layers are {32}, 

{64,32}, and {128,64}; models use learning rate 10−3, batches of 256, at most 100 epochs, and patience 10. 

Capacity and stopping epoch are selected in 2018, after which the ensemble is refitted through 2018. Random 

forest and CatBoost are direct comparators selected in the same block. 

All blend rules share the following orientation: 

 𝑦̂𝑖,𝑡(𝑤) = (1 − 𝑤𝑖,𝑡)𝑝𝑖,𝑡
BS +𝑤𝑖,𝑡𝑝𝑖,𝑡

ML,  0 ≤ 𝑤𝑖,𝑡 ≤ 1, (2) 

In the convex blend, each expert output is normalized; the superscripts distinguish the BSM analytical 

expert from the learned residual ensemble. The fixed comparator scans 1,001 weights on 2019H2 and selects 

the lowest date-equal MAE. The winner-probability gate fits a 2019H1 logistic classifier labelled by the lower-

error expert. It is calibrated in 2019H2 by Brier score, using pricing error to break ties; the resulting winner 

probability supplies the learned-expert weight in (2). 

The MAE-aligned gate takes standardized contract features, training-support density, and ensemble 

disagreement as inputs to a sigmoid weight. Support is calculated from 2012–2018 rows, and disagreement is 

the across-member standard deviation. With 𝑛 gate-fitting contracts, coefficients 𝜷 minimize 

 ℒ(𝜷) =
1

𝑛
∑√[𝑦𝑖 − 𝑦̂𝑖(𝑤𝑖)]

2 + 10−6
𝑛

𝑖=1

+ 𝜆‖𝜷‖2
2, (3) 

where 𝑛 is the number of gate-fitting contracts and the intercept is unpenalized. The 2019H2 grid searches 

𝜆 ∈ {0, 10−5, 10−4, 10−3, 10−2}  by date-equal MAE. This weight is not interpreted as a probability. 

Component removals examine, rather than presume, whether support density and disagreement add value. 

3.3 Chronological Protocol 

Figure 1 allocates fitting to 2012–2017, base-model selection to 2018, gate fitting to 2019H1, and 

regularization, calibration, and fixed-blend selection to 2019H2. Models, scalers, features, losses, grids, 

clipping rules, and metrics are fixed at the end of 2019. The 2020–2023 evaluation omits registered overlapping 

contract-date rows. Removing them does not remove period-level development knowledge, so this block is 

described as a retrospective held-out evaluation. For the 2024–2025 confirmation, configurations were fixed 

before errors or rankings from that period were inspected. This is an internal outcome-inspection freeze rather 

than external preregistration. 

4. Experimental Setup and Results 

4.1 Data, Sampling, and Inference 

We use end-of-day SPY, QQQ, and IWM chains and underlying histories from the LambdaClass Options 

Portfolio Backtester release [19]. The raw source files are not redistributed with this submission because the 

upstream release does not clearly state redistribution terms. The source contains 2024–2025 data, whereas 

earlier prediction outputs end on 29 December 2023. 

The primary filter requires 𝑏𝑖𝑑 > 0, 𝑎𝑠𝑘 > 𝑏𝑖𝑑, 7–730 days to expiration, and finite positive spot; it has 

no moneyness, volume, open-interest, or maximum-spread cutoff. We remove exact duplicate rows and 

exclude any conflicting quote for a contract-date key. For each asset and calendar year, remaining contracts 

are stratified by month, option type, log-moneyness, and days-to-expiration bins. Proportional largest-
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remainder allocation samples without replacement and retains at most 8,000 observations per year; a shortfall 

is filled only from remaining eligible contracts in that year. Each asset-stream cell therefore contains 16,000 

contracts, yielding 192,000 scored rows across 12 cells. The sampler records eligible and selected stratum 

counts, allocation shortfalls, and composition summaries. We audit time boundaries, annual caps, contract-

date uniqueness, and identical prediction coverage. All tuning rows end by 31 December 2019. 

In the definition below, where 𝑇 denotes the retained trading-date index set and 𝐼𝑡 denotes the contracts on 

date 𝑡, the primary estimand is raw date-equal normalized-midpoint MAE: 

 MAEday =
1

|𝑇|
∑

1

|𝐼𝑡|
𝑡∈𝑇

∑|𝑦𝑖,𝑡 − 𝑦̂𝑖,𝑡|

𝑖∈𝐼𝑡

. (4) 

Paired date-cluster intervals use 5,000 resamples, with a 20-day moving-block bootstrap as the dependence 

sensitivity check. Uniform clipping is secondary to the raw ranking. 

4.2 Pre-outcome-inspection Frozen Main Stream 

Table 1 gives the S0 confirmatory results. CatBoost leads SPY, the MAE-aligned mixture leads QQQ, and 

the soft gate leads IWM, so no method is a single headline winner. 

Table 1: S0 frozen raw mean-daily normalized-midpoint MAE (×10⁻³). Lower is better. 

Method MAE (×10⁻³) 

 SPY QQQ IWM 

BSM, selected lagged RV 8.333 8.237 7.147 

Random forest 6.240 8.481 7.877 

CatBoost 5.897 8.347 6.483 

Residual ensemble 8.122 14.351 8.121 

Validation-optimal constant blend 8.121 12.376 8.121 

Winner-probability soft gate 7.199 6.452 5.743 

MAE-aligned conditional mixture 7.669 5.994 5.802 

In S0, the MAE-aligned mixture is 0.453, 6.383, and 2.318 below the fixed blend for SPY, QQQ, and IWM, 

respectively. The paired date-cluster 95% intervals lie 0.424–0.481, 6.001–6.775, and 2.084–2.553 below zero. 

The moving-block sensitivity check points in the same direction for this pre-outcome-inspection stream, but 

neither comparison establishes leadership over the broader model set. 

4.3 Sampling-stream Stability 

Figure 2 summarizes stability across streams. The MAE-aligned mixture beats the fixed blend in 1/4 SPY, 

4/4 QQQ, and 4/4 IWM cells. Date-cluster intervals label eight cells as improvements, two SPY cells as 

worsenings, and two as unresolved; MBB-20 identifies eight improvements and four unresolved cells. SPY is 

0.453 below the fixed blend in S0, then 0.016, 0.021, and 0.058 above it in S1–S3. QQQ remains below in 

every stream, although S2 is unresolved, and IWM improves in every stream. 

Figure 2: Conditional-minus-fixed MAE across frozen sampling streams. Negative values favour the MAE-aligned 

mixture; SPY reverses after S0, whereas QQQ and IWM remain negative 

 

The 2020–2023 retrospective evaluation has the same 1/4, 4/4, and 4/4 pattern. Across the 12 confirmation 

cells, the soft gate has lower macro-average MAE (0.006550) than the MAE-aligned mixture (0.006620). 

Removing support density lowers error in no SPY stream and in half of QQQ/IWM streams; removing 
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disagreement lowers error in three SPY and half of QQQ/IWM streams. The ablation is therefore diagnostic, 

not evidence that either reliability proxy contributes positively for every asset or sample. 

5. Discussion 

The results support an evaluation conclusion, not a universal claim about model quality. The MAE-aligned 

mixture is consistently better than the fixed blend for QQQ and IWM, but not for SPY; the soft gate has the 

lower 12-cell macro average. The later confirmation reproduces the retrospective asset pattern under a sampler 

fixed before outcome inspection, yet its four streams are deterministic alternative samples from one quote 

source rather than independent markets. Reporting only S0 would hide the SPY reversals, while reporting only 

the MAE-aligned row would hide the soft gate’s aggregate advantage. 

The full ranking illustrates the distinction: CatBoost leads S0 SPY, the MAE-aligned mixture leads S0 

QQQ, and the soft gate leads S0 IWM. Optimizing the mixture directly against smooth absolute error does not 

guarantee the lowest aggregate error. The component check is not a mechanism result either. Support density 

has no stable positive contribution across assets, whereas ensemble disagreement is often neutral or adverse. 

Conditional weights may help in particular asset–sample combinations, but neither their functional form nor 

these diagnostic inputs should be treated as inherently reliable. 

The protocol retains adverse evidence instead of screening it away. Had only S0 been reported, every date-

cluster interval would favour the MAE-aligned mixture over the fixed comparator. The additional streams 

show two SPY worsenings and one unresolved SPY comparison. By prespecifying assets, streams, raw 

predictions, and interval rules, we keep those outcomes in the comparison rather than treating them as post hoc 

exclusions. 

Date-equal aggregation stops contract-rich dates from dominating the estimand, and paired resampling 

retains within-date comparisons. The moving-block check tests whether short-range temporal dependence 

changes interval classification without replacing the primary date-cluster analysis. The raw mirror is hash-

verified within this study, yet upstream provenance and redistribution terms remain incomplete. We therefore 

present the release as reproducible processing evidence rather than independent verification of the original 

market quotes. End-of-day joins leave timestamp ambiguity, and ETF options may permit American exercise, 

so BSM remains an analytical benchmark. The 2024–2025 block evaluates temporal and sampling stability, 

not independent-source generalization; four deterministic resamples of one source cannot become four 

independent market studies. 

6. Conclusion 

With a leakage-controlled chronology, the MAE-aligned mixture improves on the fixed blend in every 

QQQ and IWM confirmatory stream, but in only one SPY stream. The simpler soft gate has lower 12-cell 

macro-average error, and component effects are not stable. Conditional blending is asset- and sample-

dependent, rather than uniformly preferable. The protocol provides a reproducible basis for subsequent 

comparisons using independently sourced assets and pre-specified evaluation periods. 
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