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Abstract

Equity index models usually rely on the index’s own history, which leaves open how far macroeco-
nomic and risk conditions alone can track its level. This study maps five contemporaneous United 
States predictors, the economic, financial, and political risk indices, the M2 money supply and 
industrial production, onto the monthly closing level of the Nasdaq-100 index, and interprets the 
resulting fit with post hoc attribution. The data span 273 months from May 2003 to January 2026, 
with training to December 2019 and 73 evaluation months, 97.3 per cent of which lie above the 
largest training level. Fourteen learners are compared in a two-by-two design crossing direct-level 
and anchored one-month-change targets with static and recursive fitting. Hyperparameters are 
searched by a tree-structured Parzen estimator and by differential evolution under a matched bud-
get of 60 evaluations. Three attribution methods are then ranked by the stability of the predictor 
ordering they reproduce, and accuracy differences are tested by a moving-block bootstrap and a 
Diebold–Mariano statistic. Every learner returns a negative coefficient of determination under 
the static direct specification, where the mean root mean squared error is 0.9052, against 0.3102 
recursively. Extreme gradient boosting, retained at its default configuration because the search 
worsened it, records an error of 0.1039 and a coefficient of determination of 0.8677, though no test 
separates it from gradient boosting or extremely randomised trees. Drift (0.0584) and no-change 
(0.0600) benchmarks, which use index history withheld from the learners, are more accurate than 
every learner in that configuration. Permutation feature importance is the most stable method 
at 0.9374, against 0.8289 for Shapley additive explanations and 0.8063 for leave-one-covariate-out, 
and assigns the money supply 68.28 per cent of importance; placebo and detrending checks show 
that this reliance reflects the trend the series shares with the index rather than information specific 
to money, and the ranking is unchanged under grouped and block permutation. An untouched 
2015–2019 window and a nested split of the evaluation period confirm these orderings. Retraining 
cadence and the information set implied by the target formulation therefore outweigh the choice 
of learner, and because the predictors are contemporaneous, the result describes a concurrent 
mapping rather than an ex ante forecast.

Keywords: Nasdaq-100 index prediction; macro-risk indicators; extreme gradient boosting; ex-
plainable artificial intelligence; feature attribution stability; hyperparameter optimisation
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1. Introduction
Machine learning systems are increasingly asked to predict quantities that will not stay 

within the range on which those systems were trained. Equity index prediction makes the 
resulting difficulty concrete and consequential: estimates of a major index feed retirement 
balances, collateral valuations and corporate investment plans far beyond the firms the 
index contains, so a learner that quietly ceases to generalise carries that deterioration into 
every decision taken downstream of it. The period covered by this study spans two systemic 
dislocations and a sharp monetary tightening, and the index level itself ends far above 
anything observed in its earlier years. A substantial body of work reports accuracy gains 
from comparing or combining many specifications, whether for an aggregate index (Xu & 
Zhang, 2021) or for the cross-section of returns (Hanauer & Kalsbach, 2023), and empirical 
studies across developed and emerging markets report that risk and uncertainty indicators 
co-move with equity returns (Chiang, 2019; Korsah & Mensah, 2023). The parallel growth 
of explainable artificial intelligence (XAI), and of the post hoc attribution methods that 
dominate it, has encouraged a second use of the same models, in which the fitted predictor is 
interrogated to establish which inputs carry the most weight (Černevičienė & Kabašinskas, 
2024; Weber et al., 2024).

The motivation for the study is practical as well as methodological. Portfolio managers, 
risk officers and supervisors increasingly rely on machine learning estimates of equity index 
levels, and on the explanations attached to them, at moments when the market has moved 
into territory that no historical sample covers; the years after 2020, in which the Nasdaq-100 
index more than doubled while monetary and risk conditions changed abruptly, are a clear 
instance. Three questions then decide whether such a model can be trusted: whether its 
accuracy survives once the target leaves the training range, whether any reported gain 
reflects the learner or the way the problem was posed and whether the explanation offered 
for its predictions is reproducible and valid. Existing studies usually answer these questions 
separately and seldom on the same fitted model, which leaves users without a joint account 
of accuracy and explanation under distributional shift. Supplying that joint account, on a 
deliberately difficult case, is the motivation for this study.

Both uses rest on an assumption that is rarely examined: that the conditions prevailing 
when a model is estimated continue to hold when it is deployed. Adaptive frameworks 
developed for load forecasting are designed to counter the deterioration of accuracy that 
follows once the input distribution moves away from the training distribution (Azeem et al., 
2024). Equity index prediction presents the problem in an acute form, because the target 
itself drifts upward over time and the evaluation period may lie almost entirely outside the 
numerical range the model has seen. The consequences differ sharply across model families: 
learners built from local averages cannot return a value beyond the range of their training 
targets, whereas learners with an unbounded functional form can, though not necessarily 
in the right direction.

The literature has approached these two concerns largely in isolation. Studies com-
paring model families for financial series typically report accuracy on chronological splits 
without examining whether the evaluation targets remain within the range the model was 
estimated on, so behaviour outside the training support is left unaddressed (He et al., 2023; 
Song & Choi, 2023). Work on hyperparameter optimisation has established that search 
strategy materially affects attainable accuracy and has catalogued the available algorithms 
in depth (Morales-Hernández et al., 2023; Aghaabbasi et al., 2023), yet comparisons be-
tween Bayesian and population-based searches under a matched evaluation budget remain 
uncommon, so reported gains often confound the search strategy with the resources it 
was granted. The reliability of post hoc attribution has meanwhile come under sustained 
scrutiny. Controlled evaluations demonstrate that widely used attribution methods can fail 
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to place importance on the features a model is known to rely on (Zhou et al., 2022), and 
recent critiques question how much confidence Shapley-derived importance rankings can 
carry when no independent measure corroborates them (Takefuji, 2025a, 2025b). Reviews 
of model-agnostic explanation in finance identify this fragility as an open problem rather 
than a settled one (Khan et al., 2025). The common response in applied papers is to present 
several attribution methods side by side; where they disagree, no criterion for choosing 
between them is offered. Three gaps follow. First, the contribution of the target formulation 
and of the retraining protocol to out-of-sample viability has not been separated from the 
contribution of the model family, so it is unclear whether the choice of learner is the deci-
sion that matters when the evaluation window sits outside the training support. Second, 
Bayesian and metaheuristic searches are seldom compared on identical spaces under identi-
cal budgets, and studies rarely state a rule for when a tuned configuration should displace 
the default one. Third, no accepted procedure exists for resolving disagreement between 
attribution methods applied to the same fitted model.

This study addresses those gaps on a single, deliberately demanding prediction prob-
lem. The general question raised above cannot be settled by a single application, and the 
study does not claim to settle it; the Nasdaq-100 case is used as a controlled instance in which 
the difficulty is severe and measurable, so that the design choices governing behaviour 
outside the training support can be isolated and reported transparently. Sections 4.6–4.8 
repeat the central comparison under alternative chronological splits, on an earlier window 
untouched, on three further United States equity indices and on a wider predictor set, which 
indicates how far the conclusions carry beyond this instance. The Nasdaq-100 index is 
predicted from five monthly macro-risk indicators covering economic, financial and political 
risk in the United States together with the money supply and industrial production, over a 
sample split chronologically so that estimation ends in December 2019 and evaluation runs 
from January 2020 to January 2026. The split is severe by construction: almost the whole 
evaluation window lies above the largest index level observed during estimation, which 
turns the exercise into a test of behavior outside the training support rather than a test of 
interpolation. No lag or transform of the index is supplied to any model, so whatever accu-
racy is achieved must come from the macro-risk predictors themselves, and any attribution 
computed afterward refers unambiguously to those predictors. Section 5.2 shows that much 
of this accuracy reflects the upward trend that the money supply shares with the index, 
so the predictors are informative chiefly about where the index stands along that trend. 
The intended application is therefore the contemporaneous estimation of the index level 
from macro-risk conditions, that is, establishing which level the prevailing macro-risk state 
is consistent with and which indicators carry that judgement, rather than an operational 
system for forecasting next month’s index; Section 4.8 reports how accuracy changes when 
the predictors are restricted to the information actually released at the prediction date.

The investigation proceeds in four stages. A factorial experiment first crosses two target 
formulations with two retraining protocols across fourteen learners, isolating the design 
choice that governs whether the problem is tractable at all. Two optimisers, a tree-structured 
Parzen estimator and a differential evolution metaheuristic, then search identical spaces 
under an identical evaluation budget, with a single stated rule deciding whether each model 
proceeds with tuned or default settings. The resulting configurations are compared on 
training, validation and evaluation data, and differences are subjected to a block bootstrap 
and a Diebold–Mariano test. Three attribution methods are finally applied to the leading 
model and assessed not for plausibility but for stability under repeated resampling; the 
method that reproduces its ranking most consistently is selected, and the interpretation 
and recommendations are developed on that method alone.
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The study is organised around four research questions. RQ1: when the evaluation 
window lies outside the training support, do the retraining protocol, the target formula-
tion and the information set that the formulation implies matter more for out-of-sample 
accuracy than the choice of learner? RQ2: under a matched evaluation budget, does a 
Bayesian optimiser outperform a population-based metaheuristic, and when should a tuned 
configuration replace the default one? RQ3: which learner leads under the primary config-
uration, and can its advantage over competing learners, over simpler references using the 
same information and over history-based benchmarks be separated from sampling noise? 
RQ4: when attribution methods disagree on the same fitted model, can the reproducibility 
of their rankings serve as a transparent selection criterion, and does the selected ranking 
survive separate checks of validity?

The study makes four contributions, each tied to one of these questions. First, it 
separates the effect of the retraining cadence, the target formulation and the information 
set from that of the learner within one factorial design and shows that these design factors 
account for most of the variation in accuracy (RQ1). Second, it compares two optimisers on 
identical spaces under an identical budget, repeated over independent seeds, and states in 
advance the rule by which tuned settings are adopted (RQ2). Third, it reports accuracy 
together with formal tests against competing learners, simpler references and history-based 
benchmarks, including the unfavourable but informative result that the no-change and 
drift benchmarks are more accurate than every learner restricted to macro-risk inputs; the 
value of such a model therefore lies in relating the index to macro-risk conditions and in 
explaining that relation (RQ3). Fourth, it proposes ranking reproducibility as an explicit 
criterion for choosing among attribution methods and complements it with grouped, block 
and placebo permutation checks, so that reproducibility and validity are assessed separately 
(RQ4). The justification for this design is that each of these choices is usually made implicitly 
in existing work; making them explicit and testable is what allows the reported accuracy 
and the reported explanation to be inspected.

Section 2 reviews recent work on index prediction, hyperparameter search and attri-
bution reliability. Section 3 describes the data, the engineered features, the learners, the 
validation protocol and the attribution machinery. Section 4 reports the factorial experiment, 
the tuning outcomes and the model comparison, followed by confirmatory evidence from 
windows not used in the design and checks on other targets, predictor sets and publication 
lags. Section 5 presents the stability assessment, the resulting predictor ranking and the 
validity checks of the attribution. Section 6 draws out the practical implications, Section 7 
sets out the limitations and Section 8 concludes.

2. Related Work
Comparative and ensemble approaches dominate recent work on index prediction. 

Xu and Zhang (2021) pooled a large set of autoregressive and vector error-correction 
specifications for the Chinese stock index under several weighting and trimming strategies 
and found a shrinkage composite optimal on mean squared error at every horizon examined, 
which they credited to diversification against mis-specification. He et al. (2023) paired a 
convolutional recurrent network with an autoregressive moving average component, the first 
carrying nonlinear structure and the second the linear autocorrelation, and outperformed 
autoregressive moving average, random-walk and single neural network benchmarks. Song 
and Choi (2023) contrasted hybrid recurrent architectures on three major indices and 
reported that the advantage over conventional learners was far more consistent at multi-
step than at single-step horizons. Bhambu et al. (2024) built a recurrent ensemble on 
random vector functional link networks, exploiting the closed-form output layer to keep 
training inexpensive, and improved on both single networks and several recurrent baselines. 
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Albuquerque et al. (2022) reviewed ensemble methods for financial time-series forecasting, 
chiefly bagging and boosting, and concluded that combining models usually improves on 
single models. A limitation shared by these studies is that the index’s own history is the 
principal input and the evaluation periods largely remain within the range of levels seen 
during estimation, so the reported gains say little about behaviour once the target leaves 
the training support; nor do they separate the contribution of the learner from that of the 
way the target is posed. The present design addresses both points by withholding index 
history from the learners and by evaluating on a window that lies almost entirely above the 
training range.

A second strand asks how far nonlinear learners improve on simpler references. 
Hanauer and Kalsbach (2023) benchmarked tree ensembles and neural networks against 
linear specifications on a large panel of firm characteristics for emerging market returns; 
the nonlinear learners performed better out of sample across thirty-two emerging markets. 
Chu and Qureshi (2023) compared regularised linear models, tree ensembles and neural 
networks on United States output growth under a recursive design and found no method 
dominant across horizons, with parsimonious linear models on a few strong predictors 
competitive at the one-quarter horizon. Yoon (2021) weighed gradient boosting and random 
forest regression against the official projections of the International Monetary Fund and 
the Bank of Japan for Japanese real output growth and found both learners more accurate. 
These studies together indicate that the margin over a well-chosen reference is often narrow 
and that it depends on the evaluation design as much as on the learner. These findings echo 
a long-standing difficulty in asset-price prediction: random-walk forecasts have proved 
hard to improve upon since the evidence on exchange rates (Meese & Rogoff, 1983), and 
most proposed predictors of the equity premium fail to outperform the historical mean 
out of sample (Welch & Goyal, 2008); such gains as exist are small and appear only when 
economically motivated restrictions are imposed (Campbell & Thompson, 2008). What 
these studies seldom provide is an account of why a reference wins, in particular whether 
its advantage comes from the information it uses or from the form of the prediction; the 
factorial design and the information-set decomposition in Section 4.2 are intended to supply 
that account for the present problem.

Work on hyperparameter search establishes that both the choice of algorithm and 
the size of the budget matter. Morales-Hernández et al. (2023) separated metaheuristic, 
metamodel-based and hybrid procedures and catalogued the quality metrics by which 
such procedures are compared. Aghaabbasi et al. (2023) tuned five classifiers by Bayesian 
optimisation for a work travel mode choice task and found the gain largest for k-nearest 
neighbours; Cihan (2025) found on a gasification prediction problem that sensitivity to 
hyperparameter settings differed markedly across learners, k-nearest neighbours and the 
elastic net being the least stable. Zhang et al. (2019) used a modified firefly metaheuristic 
to select the kernel and penalty parameters of a support vector regression model and 
reduced error relative to support vector regression tuned by other optimisation algorithms, 
establishing that the parameters of kernel methods warrant a dedicated search. Beniwal 
et al. (2023) wrapped a genetic algorithm around support vector regression and validated 
it in a forward-moving design that mirrors deployment, so that the configuration is chosen 
under conditions that resemble its use. Rizkallah (2025) partitioned regression data by 
clustering before fitting boosted trees, so that each region receives a model matched to its 
local structure, and reduced error across forty benchmark data sets. Most of these studies, 
however, tune with a single optimiser, report the outcome of one search seed and adopt 
the tuned configuration whenever it improves on the default, however small the margin. 
Because the validation objective is itself estimated from a limited number of points, small 
improvements may reflect noise in the objective rather than a better configuration (Cawley 
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& Talbot, 2010). The present study therefore compares two optimisers under a matched 
budget, repeats both searches over several seeds and states an explicit adoption threshold.

The reliability of post hoc attribution is the least settled of the three strands. Bifarin 
(2023) demonstrated tree-based Shapley additive explanations on metabolomics classifica-
tion and showed how such attributions summarise at both the individual and aggregate 
levels, while cautioning that explanation does not imply causation. Zhou et al. (2022) 
constructed semi-natural data sets in which the ground-truth attribution is known by de-
sign and found that widely adopted methods often failed to concentrate attribution on the 
features the model was guaranteed to rely on, which led them to caution against treating 
attribution output as direct evidence of model behaviour. Takefuji (2025a) examined how 
the sequential error correction of gradient boosting interacts with Shapley-based impor-
tance, arguing that emphasis on poorly fitted cases can inflate the weight a model appears 
to assign and, against the evidentiary standard a regulatory setting imposes, recommended 
corroborating such rankings with rank-correlation statistics and their significance levels 
before consequential decisions rest on them (Takefuji, 2025b). Khan et al. (2025) reviewed 
model-agnostic explanation techniques in finance, called for systematic benchmarking 
of these methods and flagged the instability of local explanations as an open challenge. 
Two further issues are rarely addressed in existing work. Permutation-based importance 
can be distorted when predictors are correlated, because permuting one feature creates 
combinations of inputs that never occur in the data (Strobl et al., 2008; Hooker et al., 2021), 
and standard permutation also ignores the serial dependence of time series. In addition, 
agreement between methods, or the stability of a single method, does not by itself establish 
that an explanation is correct. These considerations motivate the separate treatment of 
reproducibility and validity in this research.

Azeem et al. (2024) addressed the deterioration of accuracy under shifting input 
distributions with a transfer-learning framework that adapts a deployed model as conditions 
change, designed for load forecasting under concept drift. Taken together, this body of work 
establishes that ensembles usually help but by narrow margins, that tuning matters yet is 
rarely compared under matched budgets and that attribution methods disagree without an 
accepted means of resolution. The present study responds to all three observations within 
one experimental design. Read critically, the literature offers accurate models but rarely 
examines behaviour outside the training support, offers tuning gains without controlling 
the budget or the seed and offers explanations without a criterion for choosing between 
them or a check of their validity. The present study is positioned at the intersection of these 
three gaps rather than as a proposal for a new learner.

3. Data and Methods
3.1. Data Set and Notation

The study uses monthly observations spanning May 2003 to January 2026, giving = 
273 consecutive months with no missing entries. Let Pt  denote the closing level of the 
Nasdaq-100 index in month t, for t = 1, …, T. Because the index grows multiplicatively 
and spans a wide numerical range over the sample, every model is trained on the natural 
logarithm of the level,

𝑦𝑡 = ln 𝑃𝑡, (1)

where yt  is the transformed target in month t, and ln(⋅) is the natural logarithm. Equation 
(1) places the target on an additive scale, so that a fixed absolute error corresponds to a 
fixed proportional error of the index at any level.

Five macro-risk series act as predictors: the United States Economic Risk Index (ERI), 
the United States Financial Risk Index (FRI), the United States Political Risk Index (PRI), 
the M2 money supply (M2) and the Industrial Production Index (IPI). zj ,t  denote the raw 
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value of predictor j in month t, with j = 1, …, J and J = 5. The money supply is measured in 
billions of United States dollars, industrial production is an index number and the three risk 
indices are bounded rating scales carrying no unit. M2 and IPI, being strictly positive and 
wide-ranging, enter in logarithms; the risk indices enter unchanged. Denote the resulting 
transformed predictor by ˜𝑧𝑗,𝑡. All series are the latest available vintages retrieved in 2026, so 
M2 and industrial production include every revision published up to that date; the real-time 
vintages that a user would have seen at each date (Croushore & Stark, 2001) are not used. 
The two series are also released with a delay, M2 on the fourth Tuesday of the following 
month and industrial production about two to three weeks after the end of the reference 
month, whereas the risk ratings are updated monthly by their provider. The consequences 
of both points for the intended application are examined in this study.

The sample is divided at a fixed date. Months t = 1, …, T0  with T0  = 200, covering 
May 2003 to December 2019, form the training window; the remaining T − T0  = 73 months, 
covering January 2020 to January 2026, form the evaluation window. The division is chrono-
logical, so no information dated after December 2019 contributes to any quantity used to fit 
a model or to choose its configuration.

3.2. Feature Construction
Each predictor contributes its contemporaneous transformed level together with two 

short-horizon changes, which convey direction and pace of movement as well as position:

𝑥𝑡 = [ ˜𝑧𝑗,𝑡, Δ1 ˜𝑧𝑗,𝑡, Δ3 ˜𝑧𝑗,𝑡]
𝐽

𝑗=1
, Δℎ ˜𝑧𝑗,𝑡 = ˜𝑧𝑗,𝑡 − ˜𝑧𝑗,𝑡−ℎ, (2)

where x𝑡 ∈ R𝑑 is the feature vector in month t, d = 3J = 15 and h ∈ {1,3} is the change horizon 
in months. The lags required by Equation (2) are available from May 2003 onwards: zj ,t  is 
defined for t = −2, …, T with t = 1 denoting May 2003, so the analysis sample starts at the 
intended date with no rows discarded. Two properties of Equation (2) matter. Every feature 
is a function of the five macro-risk predictors alone: neither Pt  nor any lag or transform 
of it appears in xt , so any attribution computed on such a model necessarily refers to a 
predictor; and each feature belongs to exactly one predictor, so feature-level attributions 
can be summed within groups without ambiguity. In plain terms, Equation (2) describes 
each month by where every indicator stands, how much it moved over the last month and 
how much over the last quarter, so that a learner can distinguish a high but falling reading 
from a high and rising one.

3.3. Target Formulations
Two ways of posing the learning problem are compared. In the direct formulation, the 

learner maps the macro-risk state onto the level itself,

ˆ𝑦𝑡 = 𝑓 (x𝑡; ˆ𝛽(𝜃)), (3)

where f  is a learner with hyperparameters 𝜃, ˆ𝛽(𝜃) are the parameters it acquires when fitted 
under those hyperparameters and ˆ𝑦𝑡 is the predicted log level. Equation (3) requires the 
learner to locate the index level from the macro-risk state alone. In the anchored formulation, 
the learner instead predicts the one-month change, which is added to the level observed in 
the preceding month,

ˆ𝑦𝑡 = 𝑦𝑡−1 + 𝑔(x𝑡; ˆ𝛽(𝜃)), (4)

with g the learner of the change and yt −1  the previously observed log level. The anchor in 
Equation (4) is applied outside the learner and is not a feature, so the input to g remains 
exactly the vector of Equation (2). The first formulation must supply the level itself; the 
second supplies only the increment and receives the level from the anchor. The two formu-
lations therefore differ in two respects at once: the quantity the learner is asked to predict 
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and the information available to the final prediction, since the anchored prediction receives 
the realised previous level through the anchor, while the direct one does not. To separate 
the two, Section 4.2 adds an information-matched direct cell, in which the previous log level 
enters the direct learner as a sixteenth feature and an anchored cell without macro-risk 
features, which reduces to a recursively estimated drift.

One property of both bounds what the reported accuracy means. The predictor vector xt 
carries the same month as the target yt , so the mapping is contemporaneous. The evaluation 
is out of sample chronologically, nothing dated after month t contributes and under Equation 
(5), the parameters use only months up to t − 1, but it is not an ex ante forecast that could 
have been issued before month t began, since several predictors are published with a 
reporting lag. What is measured is the transferability of a contemporaneous macro-risk-
to-index mapping across a regime boundary. The exercise is accordingly a same-month 
mapping. It resembles nowcasting (Bańbura et al., 2013) only in targeting the current 
period: unlike a nowcast, it does not use the real-time data flow, and its target is observed 
before the predictors are released. It asks which index level the macro-risk state of a month 
supports, and its natural uses are contemporaneous valuation checks, scenario analysis and 
the explanation of index movements, rather than the issue of forecasts. Section 4.8 reports 
the same configuration with each predictor lagged to the month that would actually have 
been published when a prediction is made, which converts it into a genuine ex ante forecast.

3.4. Retraining Protocols
Two protocols govern how often a learner is re-estimated over the evaluation window. 

Under the static protocol, a single fit on months 1, …, T0  is applied unchanged to every 
evaluation month. Under the recursive protocol, the learner is re-estimated before each 
prediction on all observations that precede it,

ˆ𝑦𝑡 = 𝑓 (x𝑡; ˆ𝛽𝑡), ˆ𝛽𝑡 = argmin
𝛽

𝑡−1
∑
𝑠=1

𝓁(𝑦𝑠, 𝑓 (x𝑠; 𝛽)), 𝑡 > 𝑇0, (5)

where ˆ𝛽𝑡 denotes the parameters estimated from the expanding window that ends in month 
t − 1, and 𝓁() is the training loss of the learner concerned. The summation limit in Equation 
(5) makes explicit that no realised target dated t or later contributes to the parameters 
used for month t, and the protocol begins from exactly the training window specified 
above. Hyperparameters are held fixed at the values chosen on that window and are not re-
optimised as it expands. Equation (5) states the direct case; the anchored case replaces the 
response ys  by the change ys − ys −1 , runs the sum from s = 2 and adds yt −1  to the prediction 
as in Equation (4). Intuitively, Equation (5) describes a model that is re-estimated every 
month with all data available up to that point, as a user updating the model monthly would 
do, and that is then asked for a single prediction.

3.5. Learning Algorithms
Fourteen learners spanning penalised linear, kernel, instance-based, tree ensemble, 

neural and probabilistic families are compared, two of them composite learners introduced 
in this study. They are as follows: ordinary least squares (OLS), ridge regression (RIDGE), 
elastic net (ENET), support vector regression (SVR), k-nearest neighbours (KNN), random 
forest (RF), extremely randomised trees (ET), gradient boosting regression (GBR), extreme 
gradient boosting (XGB), light gradient boosting machine (LGBM), multilayer perceptron 
(MLP), Gaussian process regression (GPR), the ridge-boosted hybrid (HYB) and the 
stacked generalisation ensemble (STACK).

The twelve non-composite learners standardise their features using training-window 
moments and standardise the target by an invertible transformation that leaves the predicted 
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range unrestricted. The two composite learners scale internally instead, each standardising 
features within its own constituent parts and fitting directly to the untransformed target, 
because their combination steps are defined on the target scale.

The penalised linear family, defined by Equation (6), estimates coefficients 𝑤 ∈ R𝑑

and intercept b by solving

min
w,𝑏

∑
𝑡∈𝒯

(𝑦𝑡 − 𝑤⊤x𝑡 − 𝑏)2 + 𝜆[𝜓‖𝑤‖1 +
1
2(1 − 𝜓)‖𝑤‖2

2], (6)

where 𝒯  is the set of training months, 𝜆 ≥ 0 is the penalty strength and 𝜓 ∈ [0,1] is the 
mixing parameter. Setting 𝜓 = 0 recovers ridge regression, 𝜓 ∈ (0,1) gives the elastic net 
(Zou & Hastie, 2005) and 𝜆 = 0 gives ordinary least squares, so Equation (6) accounts for 
three of the fourteen learners. The first term of Equation (6) rewards fit to the training data, 
and the second penalises large coefficients, which stabilises the estimates when predictors 
are correlated, as the three risk indices are here. Support vector regression, stated in 
Equation (7), solves the 𝜀-insensitive problem

min
𝑤,𝑏,𝜉,𝜉∗

1
2 ‖𝑤‖2

2 + 𝐶 ∑
𝑡∈𝒯

(𝜉𝑡 + 𝜉 ∗
𝑡 ) s.t. |𝑦𝑡 − 𝑤⊤𝜙(x𝑡) − 𝑏| ≤ 𝜀 + 𝜉𝑡 + 𝜉 ∗

𝑡 , 𝜉𝑡, 𝜉 ∗
𝑡 ≥ 0 (7)

in which C > 0 is the penalty on deviations, 𝜀 ≥ 0 is the width of the insensitive tube, 𝜉 t 
and 𝜉 ∗

𝑡  are slack variables for month t, and 𝜙(⋅) is the feature map induced by the radial 
basis kernel 𝜅(u, v) = exp(−𝛾‖u − v‖2

2) with width parameter 𝛾 > 0. Put simply, Equation 
(7) ignores errors smaller than the tube width and penalises larger ones linearly, so that the 
fit is governed by the months it reproduces least well. Randomised tree ensembles instead 
average the outputs of B trees, as in Equation (8),

ˆ𝑦𝑡 =
1
𝐵

𝐵
∑
𝑏=1

𝜏𝑏(x𝑡), (8)

where 𝜏b  is the b-th regression tree grown on a resampled or randomised view of the 
training data. Random forests (Breiman, 2001) and extremely randomised trees (Geurts 
et al., 2006) differ in how split points and candidate features are drawn and in whether 
trees are grown on resampled or complete data. Because every term of Equation (8) is an 
average of training targets, the ensemble cannot return a value outside the range of those 
targets, a property that becomes decisive in Section 4.2. Gradient boosting (Friedman, 2001) 
builds an additive expansion instead, given by Equation (9),

𝐹𝑚(x𝑡) = 𝐹𝑚−1(x𝑡) + 𝜂𝜏𝑚(x𝑡), 𝑚 = 1, … , 𝑀, (9)

in which Fm  is the model after m stages, F0  is the constant minimising the loss on the 
training targets, 𝜂 ∈ (0,1] is the learning rate, M is the number of stages and 𝜏m  is fitted 
to the negative gradient of the loss at stage m. The regularised variant used by extreme 
gradient boosting (Chen & Guestrin, 2016) augments the stagewise criterion of Equation 
(9) with a complexity term, giving Equation (10),

ℒ(𝑚) = ∑
𝑡∈𝒯

𝓁(𝑦𝑡, 𝐹𝑚−1(x𝑡) + 𝜏𝑚(x𝑡)) + 𝛾c𝐿𝑚 +
1
2𝜆r‖𝑣𝑚‖2

2, (10)

where Lm  is the number of leaves of the m-th tree, vm  collects its leaf weights, 𝛾c ≥ 0 penalises 
additional leaves and 𝜆r ≥ 0 shrinks leaf weights. The histogram-based implementation of 
the same principle, entered here as a separate learner, bins each feature into a histogram 
before searching for splits, using the implementation of the light gradient boosting machine 
(Ke et al., 2017). In words, boosting builds the prediction step by step, each new tree 
correcting the errors left by the previous ones, and the penalty in Equation (10) discourages 
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trees with many leaves or extreme leaf values, which limits overfitting on two hundred 
monthly observations. The multilayer perceptron composes affine maps with a nonlinearity, 
as set out in Equation (11),

h(𝓁) = 𝜎(W(𝓁)h(𝓁−1) + b(𝓁)), 𝓁 = 1, … , 𝐻, h(0) = x𝑡, (11)

with W(𝓁) and b(𝓁) the weights and biases of layer 𝓁  and 𝜎(⋅) the rectified linear activation 
applied elementwise, H the number of hidden layers and h(𝓁) the activation of layer 𝓁 ; the 
output layer applies a single affine map to h(H) . Gaussian process regression returns the 
posterior mean of Equation (12),

ˆ𝑦𝑡 = 𝜅⊤
∗ (K + 𝜎2

𝑛I)−1y, (12)

where K is the matrix of kernel evaluations among training inputs, 𝜅*  collects the kernel 
evaluations between xt  and the training inputs, 𝜎2

𝑛 is the noise variance, I is the identity 
matrix and y stacks the training targets. The kernel sums a linear, a squared-exponential 
and a white-noise component, so that the posterior mean retains a non-constant response 
beyond the range of the training inputs. Equation (11) passes the inputs through successive 
layers of weighted sums and rectifications, and Equation (12) predicts each month as a 
similarity-weighted combination of the training targets, the weights being set by the kernel.

Two composite learners are introduced. The first, the ridge-boosted hybrid of Equation 
(13), adds a boosted correction to a penalised linear fit,

ˆ𝑦𝑡 = 𝑤⊤x𝑡 + 𝑏⏟
linear term

+ 𝜔 𝐺(x𝑡)⏟
boosted residual term

, 𝜔 ∈ [0, 1], (13)

where G is a gradient-boosting machine fitted to the residuals of the linear term, and 𝜔
is a shrinkage weight damping the correction. The linear term supplies an unbounded 
response that remains defined outside the training support, while the boosted term absorbs 
curvature within it. The second, a stacked generalisation ensemble in the sense of Wolpert 
(Wolpert, 1992), combines Q = 3 structurally different base learners through Equation (14),

ˆ𝑦𝑡 = 𝛼0 +
𝑄

∑
𝑞=1

𝛼𝑞 ˆ𝑦(𝑞)
𝑡 , 𝛼𝑞 ≥ 0 (14)

where ˆ𝑦(𝑞)
𝑡  is the forecast of base learner q, 𝛼0  is an intercept and the weights 𝛼q  are estimated 

by a non-negative ridge meta-learner on pooled out-of-fold predictions. The constraint in 
Equation (14) prevents any member from entering with a negative weight; since the weights 
need not sum to one, the blend is not a convex combination of its members. Equations 
(13) and (14) thus combine learners of different kinds, the hybrid by adding a damped 
nonlinear correction to a linear fit and the ensemble by weighting the forecasts of its members 
according to how well they predicted out of fold.

3.6. Validation Protocol and Hyperparameter Optimisation
Model selection uses a one-step-ahead rolling-origin scheme confined to the training 

window, which reproduces the recursive deployment of Equation (5). Let 𝒪  denote a 
set of validation origins drawn from the later part of the training window. The objective 
minimised by both optimisers is

𝒥(𝜃) = √
1

|𝒪|
∑
𝑜∈𝒪

(𝑦𝑜 − 𝑓 (x𝑜; ˆ𝛽𝑜(𝜃)))
2
, (15)

where ˆ𝛽𝑜(𝜃) are the parameters obtained by fitting the learner with hyperparameters 𝜃 to 
months 1, …, o − 1, and |𝒪| is the number of origins. Equation (15) never evaluates a month 
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from the evaluation window. Equation (15) therefore measures how well a configuration 
would have predicted months it had not seen, using the training window alone, which is 
the quantity that matters when the model is deployed recursively.

Two optimisers search the same space under the same evaluation budget. The tree-
structured Parzen estimator (TPE) (Bergstra et al., 2011), as implemented in the Optuna 
framework (Akiba et al., 2019), models the density of hyperparameter vectors conditional 
on the observed objective values and proposes the point that maximises the ratio given in 
Equation (16),

𝑝(𝜃 ∣ 𝒥 < 𝒥†)

𝑝(𝜃 ∣ 𝒥 ≥ 𝒥†)
, (16)

in which 𝒥† is a quantile of the objective values seen so far and the two densities are kernel 
estimates fitted to the corresponding groups of trials, the ratio being applied only after 
a startup phase has made both groups non-empty, so Equation (16) directs the search 
towards regions that have already produced low objective values. Informally, the estimator 
learns from earlier trials which regions of the search space tend to produce low validation 
error and samples more often there, whereas differential evolution moves a population of 
candidates by combining the differences between them, which favours broad exploration. 
Differential evolution (DE) (Storn & Price, 1997) instead maintains a population {u𝑖}

𝑁𝑝
𝑖=1 of 

candidate vectors, encoded in this study on the unit cube, and generates a donor by

v𝑖 = clip[0,1]𝐷(u𝑟1
+ Φ(u𝑟2

− u𝑟3
)),     𝑟1, 𝑟2, 𝑟3 ∈ {1, … , 𝑁𝑝} r {𝑖},   |{𝑟1, 𝑟2, 𝑟3}| = 3, (17)

in which Np  is the population size, Φ > 0 is the differential weight, r1 ,r2 ,r3  are three distinct 
indices drawn from the population excluding i and clip[0,1]𝐷 returns the donor to the unit 
cube coordinatewise, D denoting the number of searched hyperparameters. The donor 
produced by Equation (17) is recombined with the parent coordinatewise, under a crossover 
probability written CR, according to Equation (18),

𝑣′
𝑖,𝑐 =

{


𝑣𝑖,𝑐, if 𝑣𝑐 ≤ CR or 𝑐 = 𝑐⋆,
𝑢𝑖,𝑐, otherwise,

𝑐 = 1, … , D, (18)

in which vc  is a uniform draw on [0,1], CR ∈ [0,1] is the crossover probability and c⋆  is a 
coordinate selected at random so that at least one coordinate is inherited from the donor. 
The candidate replaces the parent when its objective is not worse. Both optimisers receive 
the same seed and the same number of objective evaluations, so the comparison is not 
confounded by the resources granted to them. A single rule decides which configuration 
is carried forward for every model. The optimised configuration replaces the default 
only when it lowers 𝒥  by more than one per cent in relative terms; otherwise the default 
configuration is retained and reported as such. Where the rule adopts tuning, the optimiser 
with the lower value of Equation (15) supplies the setting. The threshold of one per cent is 
set to exceed the change in Equation (15) that can arise without any change of configuration: 
the objective is an average over thirty validation origins, and refitting a default learner 
that draws random numbers under different seeds moves it by amounts of that order 
(Section 4.3). Requiring a larger improvement guards against adopting a configuration 
whose apparent gain is noise in the objective, and the sensitivity of the adoption decisions 
to the threshold, together with repetitions of both searches under further seeds, is reported 
in Section 4.3.
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3.7. Performance Metrics
Let 𝑒𝑡 = 𝑦𝑡− ˆ𝑦𝑡 be the error in month t, and let 𝒮  be the set of months over which a metric 

is computed, of size 𝑛 =|𝒮|. Four metrics are reported. The coefficient of determination, 
given by Equation (19),

𝑅2 = 1 −
∑
𝑡∈𝒮

𝑒2
𝑡

∑
𝑡∈𝒮

(𝑦𝑡 − ¯𝑦)2 , 𝑦̄ =
1
𝑛 ∑

𝑡∈𝒮
𝑦𝑡, (19)

measures the share of variation reproduced relative to the mean of the same set and becomes 
negative when a model performs worse than that mean, which is why Equation (19) is 
informative about behaviour outside the training support. The mean absolute error of 
Equation (20),

MAE =
1
𝑛 ∑

𝑡∈𝒮
|𝑒𝑡|, (20)

reports average deviation in units of yt , while the root mean squared error of Equation (21),

RMSE = √
1
𝑛 ∑

𝑡∈𝒮
𝑒2
𝑡 , (21)

weights larger deviations more heavily and is the quantity minimised during tuning. To 
express accuracy on the scale of the index rather than its logarithm, forecasts are transformed 
back and summarised by the mean absolute percentage error of Equation (22),

MAPE =
100
𝑛 ∑

𝑡∈𝒮
|
𝑃𝑡 − exp( ˆ𝑦𝑡)

𝑃𝑡
|, (22)

which is reported in per cent of the observed index level. Taken together, Equation (19) in-
dicates whether a model improves on predicting the average level of the window, Equations 
(20) and (21) give the typical size of the error in log points, an error of 0.10 corresponding 
to a misstatement of the index of roughly ten per cent, and Equation (22) expresses the 
same error directly in per cent of the index level.

3.8. Reference Benchmarks
Two reference forecasts are reported alongside the learners. The no-change benchmark 

sets ˆ𝑦𝑡 = 𝑦𝑡−1, and the drift benchmark adds the average monthly change estimated on 
the training window. Both draw on the realised history of the index, which Equation (2) 
withholds from every learner. They are reported separately and excluded from the selection 
of the leading model; their role is to indicate what a prediction with direct access to the 
previous level can achieve.

3.9. Attribution Methods
Three model-agnostic attribution methods are applied to the leading model: Shap-

ley additive explanation (SHAP), permutation feature importance (PFI) and leave-one-
covariate-out (LOCO), drawn respectively from (Lundberg & Lee, 2017; Lundberg et al., 
2020; Fisher et al., 2019; Lei et al., 2018). Because the primary configuration re-estimates the 
learner before every evaluation month, the object explained is that sequence of monthly fits 
rather than a single static fit. The Shapley additive explanation (Lundberg & Lee, 2017) of 
feature k at input x is the weighted average of its marginal contributions over all subsets of 
the remaining features,

𝜑𝑘(x) = ∑
𝒞⊆ℱr{𝑘}

|𝒞|!(𝑑 − |𝒞| − 1)!
𝑑! [𝜈(𝒞 ∪ {𝑘}) − 𝜈(𝒞)], (23)
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where ℱ = {1, … , 𝑑} indexes the features, 𝒞  is a subset of th and 𝜈(𝒞) is the expected 
model output when only the features in 𝒞  are fixed at their values in x, and the remainder 
are drawn from a reference set. Equation (23) is estimated by sampling. Permutation 
importance (Fisher et al., 2019), given by Equation (24), which extends the permutation 
scheme introduced for random forests (Breiman, 2001), measures the deterioration in 
accuracy when a feature is made uninformative,

PFI𝑘 =
1

𝐵𝜋

𝐵𝜋

∑
𝑟=1

[RMSE(𝜋(𝑟)
𝑘 ) − RMSE] (24)

where 𝜋(𝑟)
𝑘  denotes the r-th random permutation of feature k across the evaluation months, 

B𝜋  is the number of permutation repetitions, and RMSE without an argument is the unper-
turbed value. Leave-one-covariate-out, defined in Equation (25), removes a whole predictor 
group and refits,

LOCO𝑗 = RMSE−𝑗 − RMSE, (25)

in which RMSE−j  is obtained after deleting every feature belonging to predictor j and 
repeating the whole recursive sequence of fits on the remaining features. Because Equation 
(25) already operates at the level of a predictor group, its output requires no further 
aggregation. In both Equations (24) and (25) a negative value, arising when permuting 
or deleting a feature happens to lower the error, is set to zero before normalisation: a 
feature whose removal improves accuracy carries no positive attributable importance. The 
convention is applied identically to both methods and produces the reported shares. Feature-
level scores from Equations (23) and (24) are mapped onto predictors and expressed as 
shares by Equation (26),

𝑆𝑗 = 100 ×

|
∑

𝑘∈𝒢𝑗

𝑎𝑘
|

∑𝐽
𝑗′=1

|
∑

𝑘∈𝒢𝑗′

𝑎𝑘
|

, (26)

where 𝒢𝑗 is the set of feature indices belonging to predictor j, ak  is the feature-level score 
of feature k produced by whichever method is in use, the mean absolute Shapley value of 
Equation (23) over the evaluation months or the permutation score of Equation (24) and Sj 
is the resulting percentage share, which sums to one hundred across the five predictors. 
Because 𝒢𝑗 partitions the feature set and contains no target-derived entry, the shares of 
Equation (26) rank predictors and nothing else. Should a repetition produce a zero total, 
every share is set to zero, and that repetition contributes no ordering; no repetition here 
was degenerate. In practical terms, Equation (23) distributes each prediction among the 
features, Equation (24) asks how much accuracy is lost when the values of a feature are 
shuffled, and Equation (25) asks how much accuracy is lost when a predictor is removed 
and the model re-estimated without it; Equation (26) converts all three into percentage 
shares of the five predictors so that they can be compared on one scale.

3.10. Attribution Stability
Each method is repeated N = 20 times. Every repetition redraws the random seed 

governing the method and a single mask retaining eighty-five per cent of the months in the 
sample; each monthly fit then uses the retained months preceding it, so the mask is common 
across origins and the retained count grows with the expanding window. The Shapley 
method additionally redraws its reference set at every evaluation month. Let Π be the N ×
J matrix whose entry Πij is the rank assigned to predictor j in repetition i, with rank one 
denoting the largest share. Equal shares receive the average of the ranks they occupy, which 
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matters because leave-one-covariate-out returns exact zeros for predictors whose deletion 
does not raise error. Stability is summarised by the mean pairwise Spearman correlation.

¯𝜌 =
2

𝑁(𝑁 − 1)∑
𝑖<𝑖′

corr(Π𝑖, Π𝑖′), (27)

where corr() is the Pearson correlation of the two mid-rank vectors, which is the tie-aware 
form of the rank correlation and reduces to the familiar difference formula when no ranks 
are tied, and by Kendall’s coefficient of concordance

𝑊 =
12∑𝐽

𝑗=1(𝑇𝑗 − 𝑇̄)
2

𝑁2(𝐽3 − 𝐽) − 𝑁∑𝑁
𝑖=1 𝜁𝑖

, 𝑇𝑗 =
𝑁

∑
𝑖=1

Πij, 𝑇̄ =
1
𝐽

𝐽

∑
𝑗=1

𝑇𝑗, (28)

where Tj  is the rank sum of predictor j, 𝑇̄ its average, and 𝜁𝑖 = ∑
𝑔

(𝑡3
ig − 𝑡ig) is the tie-

correction term for repetition i, in which tig  is the size of the g-th group of tied ranks in 
that repetition. Both Equations (27) and (28) approach unity when repetitions agree on 
the ordering and fall towards zero when they do not. Two further descriptors accompany 
them: the proportion of repetitions placing the same predictor first and the mean across 
predictors of the standard deviation of their assigned ranks. The method with the strongest 
agreement is selected, and the attribution section is developed on it alone. Both statistics 
answer the same question, namely whether repeating the attribution on slightly different 
data returns the same ordering of predictors; values close to one indicate a reproducible 
ordering.

Reproducibility and validity are distinct properties, and Equations (27) and (28) 
measure only the first: a method can return the same ranking every time and still credit 
the wrong predictor. Two checks of validity are therefore reported separately in Section 5.4. 
The first addresses the distortion that correlated predictors cause in Equation (24) (Strobl 
et al., 2008; Hooker et al., 2021), together with the serial dependence of the time-series 
inputs, which standard permutation ignores. In grouped permutation, the three features of 
a predictor are permuted jointly with one common row permutation, so the link between a 
predictor’s level and its own changes is kept (Au et al., 2022); in grouped block permutation, 
the evaluation months are additionally cut into consecutive blocks of six, and only the order 
of the blocks is shuffled, so serial dependence within each block is also kept. The second is 
a placebo check: two artificial predictor groups with no relation to the index, white noise 
and a random walk with the drift and volatility of log M2 over the training window are 
added to the inputs, and each method is asked how much importance it assigns to them. 
A valid method should give the noise group essentially nothing, and the share given to 
the trending placebo shows how much credit a predictor can receive simply for trending 
upwards.

3.11. Comparing Forecast Accuracy
Differences between models are assessed on the loss differential 𝛿𝑡 = 𝑒2

𝐴,𝑡 − 𝑒2
𝐵,𝑡, where 

eA ,t  and eB ,t  are the errors of two competing forecasts in month t. A moving-block bootstrap 
with block length six and five thousand replications resamples δt  while preserving short-
range serial dependence, yielding a percentile interval for the mean loss differential. The 
Diebold–Mariano statistic (Diebold, 2015), introduced by Diebold and Mariano (Diebold & 
Mariano, 1995),

DM =
¯𝛿

√Ω̂𝛿/𝑛
, ¯𝛿 =

1
𝑛 ∑

𝑡∈𝒮
𝛿𝑡, (29)

provides a parametric counterpart, in which Ω̂𝛿 is a heteroscedasticity- and autocorrelation-
consistent estimate of the long-run variance of the differential δt  itself, formed with Bartlett 
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weights over ⌊4(n/100)2/9 ⌋ lags, and n is the number of evaluation months. Estimating the 
variance this way allows for serial correlation in the loss differential rather than assuming 
it away. An interval from the bootstrap that contains zero, or a large p-value attached 
to Equation (29), indicates that the two predictions cannot be separated on the available 
evidence. In plain terms, Equation (29) asks whether the average difference in squared 
errors between two models is large relative to its sampling variability, allowing for the fact 
that monthly errors are correlated over time.

3.12. Implementation
All experiments were carried out in Python 3.9 using scikit-learn 1.6.1 (Pedregosa 

et al., 2011), XGBoost 2.1.4, LightGBM 4.6.0, Optuna 4.9.0 and SHAP 0.49.1. The differential 
evolution optimiser was implemented directly so that every search control is explicit, and a 
fixed seed governs every stochastic component.

3.13. Framework Overview
Figure 1 brings together the preceding subsections as a single procedure, from the 

construction of the predictor features through the factorial screen and the matched-budget 
search to the accuracy comparison and the stability-based choice of attribution method.

Figure 1. Research framework.
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3.14. Separating Exploratory from Confirmatory Evidence
Because the January 2020 to January 2026 window informed the choice of formulation 

and protocol before it was used to score them (Section 7), two further evaluations are 
added whose months played no part in any design decision, because evaluation on data 
that informed model or protocol choices is optimistically biased (Cawley & Talbot, 2010). 
In the nested split, the leading learner is chosen on January 2020 to December 2022 alone 
and then scored, together with every competitor, on January 2023 to January 2026, which 
does not enter the choice. In the earlier confirmatory window, the design fixed after the 
exploratory phase, direct target, recursive protocol and default configuration of every learner 
is re-run unchanged with estimation ending in December 2014 and evaluation running 
from January 2015 to December 2019, months that were never scored by any exploratory 
diagnostic; default configurations are used so that the tuning origins, which fall in that 
period, cannot leak into the scores. The pairwise tests of Section 4.5 are also reported with a 
Holm adjustment for the thirteen comparisons (Holm, 1979). Results obtained on the main 
evaluation window are described as exploratory in what follows, and results from these 
two designs as confirmatory.

3.15. Additional Checks
Five further groups of checks are run on the primary configuration, each with the 

learners at their default settings unless stated. (i) Information set: the cells described in 
Section 3.3 that hold either the target or the information fixed. (ii) Shared trend and simpler 
references: a linear time trend, M2 alone, the five predictor levels in a linear regression, 
a specification in which the index and every predictor level are detrended at each origin 
using the preceding months only, a fully differenced specification in which the one-month 
change of the index is predicted from the ten change features alone and placebo runs in 
which the M2 features are replaced by a simulated random walk or by a time index. (iii) 
Behaviour over time: a rolling window of the most recent two hundred months in place of 
the expanding one, alternative split dates and grouped permutation importance computed 
within each subperiod. (iv) Information available at the prediction date: the predictors 
lagged by their publication delays. (v) Other targets and predictors: the factorial design of 
Section 4.2 repeated for the S&P 500, the Dow Jones Industrial Average and the Nasdaq 
Composite and the primary configuration re-run with four further monthly series added to 
the predictors.

4. Results
4.1. The Evaluation Window Lies Outside the Training Support

Table 1 sets out the composition of the two windows and makes the difficulty of the 
experiment explicit. The Nasdaq-100 index (NDX) averages 3247.30 index points during 
the training window and 15,787.58 during the evaluation window, and 97.3 per cent of 
evaluation months record a level above the largest value observed during estimation. The 
predictors do not shift uniformly. The money supply moves entirely beyond its training 
range, every evaluation month exceeding the training maximum, whereas the economic 
risk index, the political risk index and industrial production never exceed theirs, and the 
financial risk index does so in only 4.1 per cent of months. That column measures exceedance 
of the maximum alone; the risk indices do fall below their training minima, so the contrast is 
one of direction rather than of containment. Figure 2 traces the index across both windows 
on a logarithmic axis, Figure 3 shows the five predictors standardised on training moments, 
and Figure 4 summarises the linear association among the predictors and the target. The 
consequence is that a learner is asked to produce values it has never been trained to emit. 
Learners built from local averages of training targets cannot return a value outside their 
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range at all, while learners with an unbounded functional form can, but only by extending 
a relationship estimated where the money supply was far lower. Section 4.2 quantifies 
the result.

Table 1. Composition of the data set and distributional shift between the two windows.

Series Abbrev. Source Role
Training Window Evaluation Window Above

Mean SD Mean SD Train Max 
(%)

Nasdaq-
100 index 

level
NDX Investing.com 

(n.d.) Target 3247.30 1996.84 15,787.58 4555.27 97.3

Economic 
risk index ERI The PRS Group 

(n.d.)
Predic-

tor 37.56 2.24 34.77 3.08 0.0

Financial 
risk index FRI The PRS Group 

(n.d.)
Predic-

tor 33.34 1.95 30.94 5.38 4.1

Political 
risk index PRI The PRS Group 

(n.d.)
Predic-

tor 82.09 2.02 79.19 2.29 0.0

M2 money 
supply M2 FRED (n.d.) Predic-

tor 9902.50 2824.80 20,659.32 1536.84 100.0

Industrial 
produc-

tion index
IPI FRED (n.d.) Predic-

tor 97.68 4.55 99.60 3.03 0.0

Figure 2. Nasdaq-100 index level over the full sample on a logarithmic axis.
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Figure 3. The five macro-risk predictors standardised on training-window moments.

Figure 4. Pearson correlation among the five predictors and the logarithm of the Nasdaq-100 index 
(NDX) over the full sample.

4.2. Cadence, Information Set and Formulation Govern Viability More than Model Family
Table 2 reports evaluation-window error for every combination of target formulation 

and retraining protocol using default configurations, so that the design factors are isolated 
from the effect of tuning. The direction of the formulation effect is the same for all fourteen 
learners, though the size of the cadence effect depends on which target is in use.

Under the direct formulation with a single static fit, the strongest learner reaches an 
error of 0.5590, and the weakest 1.6219. Since the target is a natural logarithm, deviations 
of this size correspond to proportional misstatements of the index large enough that the 
prediction carries no practical information. No model family escapes: the penalised linear 
models cluster between 0.8019 and 0.8375, the tree ensembles between 0.6753 and 0.8546 
and support vector regression and the multilayer perceptron perform worst at 1.6219 and 
1.4646, with the nearest-neighbour regressor close behind at 1.4628. That the ordering of 
families barely matters here is the first substantive finding: a more flexible learner does not 
address a difficulty arising from the position of the evaluation window rather than from 
the shape of the function.
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Table 2. Evaluation-window root mean squared error on the logarithmic index scale for every 
combination of target formulation and retraining protocol, using default configurations.

Model
Direct Target Anchored Target

Static Recursive Static Recursive

Ordinary Least Squares 0.8213 0.3631 0.0845 0.0731
Ridge Regression 0.8375 0.3668 0.0834 0.0724

Elastic Net 0.8019 0.3547 0.0788 0.0708
Support Vector Regression 1.6219 0.6035 0.0596 0.0627

k-Nearest Neighbours 1.4628 0.6853 0.0675 0.0673
Random Forest 0.7469 0.1267 0.0692 0.0658

Extremely Randomised Trees 0.8546 0.1321 0.0662 0.0680
Gradient Boosting Regression 0.7027 0.1128 0.0695 0.0708

Extreme Gradient Boosting 0.6753 0.1039 0.0694 0.0685
Light Gradient Boosting Machine 0.7784 0.1600 0.0684 0.0665

Multilayer Perceptron 1.4646 0.5653 0.1804 0.0976
Gaussian Process Regression 0.6297 0.2585 0.0610 0.0614

Ridge-Boosted Hybrid 0.7155 0.2600 0.0869 0.0740
Stacked Generalisation Ensemble 0.5590 0.2497 0.0583 0.0586

Mean across models 0.9052 0.3102 0.0788 0.0698
Reference benchmarks (these use the realised index history)

No-change 0.0600
Drift 0.0584

Allowing the same learners to be re-estimated as observations arrive changes the 
picture markedly. Under the direct formulation, the average error across the fourteen 
learners falls from 0.9052 to 0.3102, and the best entry in the cell improves from 0.5590 to 
0.1039, a reduction of more than four fifths; the two minima belong to different learners, 
the stacked ensemble under the static fit and extreme gradient boosting under recursive re-
estimation. The gain concentrates in the tree ensembles, extreme gradient boosting moving 
from 0.6753 to 0.1039 and gradient boosting from 0.7027 to 0.1128, while ridge regression 
improves only from 0.8375 to 0.3668. The asymmetry follows from the mechanism at work: 
recursive re-estimation shrinks the gap between the value to be predicted and the range 
already seen to a single month, the regime in which a learner whose output stays close to 
recent targets becomes adequate, strictly so for the averaging ensembles and in practice 
for the boosted ones, whereas a global linear fit remains destabilised by the collinear and 
range-bound risk indices however often it is refreshed.

The anchored formulation attains lower error still and does so under either protocol: 
the strongest learner records 0.0583 with a static fit and 0.0586 with recursive re-estimation, 
and the average across learners is 0.0788 and 0.0698, respectively. The cadence effect is 
far weaker here than under the direct target, where the same average moves from 0.9052 
to 0.3102, and recursive re-estimation lowers error for only nine of the fourteen anchored 
learners. Taken at face value, this would settle the matter in favour of the anchored design, 
but the reference benchmarks in the lower panel of Table 2 show why that conclusion would 
be premature. The drift benchmark, which carries the previous month forward and adds 
the average monthly change estimated on the training window, records 0.0584. The best 
anchored learner therefore improves on a benchmark that uses no predictor whatsoever 
by 0.0001, and thirteen of the fourteen anchored configurations under the static protocol 
do not improve on it at all. The accuracy of the anchored formulation is supplied by the 
anchor rather than by the macro-risk predictors.

The comparison between the two formulations nonetheless changes two things at 
once, since the anchored prediction also receives the previous level of the index. Table A1 
(Appendix A) separates the two effects. Supplying the previous log level to the direct learner 
as an additional feature, which gives it the same information as the anchored formulation 
while keeping the level as the target, lowers the mean error from 0.9052 to 0.5629 under the 
static protocol and from 0.3102 to 0.1775 recursively; changing the target to the one-month 
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change with that information held fixed lowers it further, to 0.0788 and 0.0698. The division 
between the two effects depends on the learner. For the unbounded linear learners, the 
information accounts for almost the whole gain: ordinary least squares records 0.0855 with 
the previous level as a feature against 0.0845 under the anchored formulation. For the tree 
ensembles, the formulation itself matters: given the previous level as an input, extreme 
gradient boosting still records 0.6954 under a static fit, against 0.0694 anchored, because 
a tree ensemble cannot return a level above those it was trained on even when it is told 
the previous one, whereas predicting a change removes that ceiling. Finally, an anchored 
prediction that uses no macro-risk feature at all, the drift re-estimated each month, records 
0.0585, as accurate as the best anchored learner, so the macro-risk features add nothing 
measurable once the previous level is known. The finding of this section is therefore stated 
more precisely: the retraining cadence and the information set dominate the choice of 
learner, and the target formulation matters in its own right chiefly for learners whose output 
is bounded by the training range.

This distinction determines the configuration carried into the remainder of the study. 
The attribution stage requires a model whose predictions originate in the five macro-risk 
indicators. Under the anchored formulation, almost the whole prediction originates in the 
previously observed index level, so attributing such a model would characterise a residual 
increment rather than the index itself. The direct formulation under the recursive protocol 
is the configuration in which the entire prediction is generated by the predictors while 
remaining usable, and it is adopted as the primary configuration. Figure 5 displays the four 
cells on a logarithmic error axis; the anchored results and the two benchmarks are retained 
throughout as reference points.

Figure 5. Evaluation-window root mean squared error for each combination of target formulation 
and retraining protocol, by model, on a logarithmic error axis.

These results complement rather than contradict earlier comparative work. Studies 
reporting clear gains from more elaborate architectures, such as the hybrid recurrent and 
convolutional designs of He et al. (2023) and Song and Choi (2023), supplied the series’ 
own history as input and did not examine whether the evaluation targets left the range 
seen in estimation; under those conditions, the learner is the main lever. Once the history is 
withheld and the evaluation window leaves the training support, Table 2 shows that the 
learner becomes a secondary choice, which is in line with the finding of Chu and Qureshi 
(2023) that no method dominates across horizons and that parsimonious linear models 
remain competitive at short ones, and with the long record of simple benchmarks that are 
hard to beat out of sample, the random walk for exchange rates (Meese & Rogoff, 1983) 
and the historical mean for the equity premium (Welch & Goyal, 2008). The practical 
implication is that the retraining cadence and the formulation of the target should be fixed 
and justified before any comparison of learners is undertaken, because they determine 
whether a comparison of learners is informative at all.
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4.3. Optimiser Comparison and the Configurations Carried Forward
Table 3 sets out the search space and the settings shared by the two optimisers, and 

Table 4 reports what each achieved. Twelve of the fourteen learners have hyperparameters 
worth searching; ordinary least squares has none, and the Gaussian process is estimated by 
marginal likelihood rather than by an external search, so both are entered at their default 
settings.

Table 3. Search space and search settings shared by both optimisers.

Model Hyperparameters Searched, with Ranges or Candidate Sets

Ridge Regression penalty strength [0.001, 1000] log

Elastic Net penalty strength [10−4 , 10] log; mixing parameter [0.05, 0.95]

Support Vector Regression penalty on deviations [0.01, 1000] log; insensitive tube width [0.001, 0.5] 
log; kernel width [10−4 , 10] log

k-Nearest Neighbours neighbours [2, 30]; weighting {uniform, distance}; distance order [1, 2]

Random Forest trees [100, 400]; maximum depth [2, 20]; minimum leaf size [1, 20]; 
features per split {sqrt, log2, 1.0}

Extremely Randomised Trees trees [100, 400]; maximum depth [2, 20]; minimum leaf size [1, 20]; 
features per split {sqrt, log2, 1.0}

Gradient Boosting Regression trees [50, 800]; learning rate [0.001, 0.3] log; maximum depth [1, 8]; row 
subsample [0.5, 1]; minimum leaf size [1, 20]

Extreme Gradient Boosting
trees [50, 800]; learning rate [0.001, 0.3] log; maximum depth [1, 10]; row 
subsample [0.5, 1] column subsample [0.5, 1]; leaf-weight penalty [0.01, 

100] log; minimum child weight [1, 20]

Light Gradient Boosting Machine
trees [50, 800]; learning rate [0.001, 0.3] log; leaves [4, 64]; minimum 
child samples [2, 40]; column subsample [0.5, 1]; leaf-weight penalty 

[0.01, 100] log

Multilayer Perceptron hidden layers [1, 3]; units in first layer [16, 256]; penalty strength [10−6 , 
1] log; initial learning rate [10−4 ,0.01] log

Ridge-Boosted Hybrid

penalty strength [0.001, 1000] log; trees [50, 600]; learning rate [0.001, 
0.3] log; leaves [4, 32]; minimum child samples [2, 40]; column 

subsample [0.5, 1]; leaf-weight penalty [0.01, 100] log; residual shrinkage 
weight [0, 1]

Stacked Generalisation Ensemble
penalty strength [0.001, 1000] log; trees [50, 600]; learning rate [0.001, 
0.3] log; maximum depth [1, 8]; penalty on deviations [0.01, 1000] log; 

kernel width [10−4 , 10] log; meta-learner penalty [0.001, 100] log

Table 4. Validation root mean squared error of the default and optimised configurations, and the 
configuration carried forward for each model.

Model Default TPE DE Selected Tuner Gain (%) Carried 
Forward

Ordinary Least Squares 0.1556 - - - 0.00 Default
Ridge Regression 0.1557 0.1555 0.1555 TPE 0.11 Default

Elastic Net 0.1617 0.1554 0.1556 TPE 3.87 Tuned
Support Vector Regression 0.3884 0.0838 0.0795 DE 79.52 Tuned

k-Nearest Neighbours 0.3366 0.2244 0.2279 TPE 33.32 Tuned
Random Forest 0.0646 0.0648 0.0650 TPE −0.35 Default

Extremely Randomised 
Trees 0.0710 0.0685 0.0690 TPE 3.54 Tuned

Gradient Boosting 
Regression 0.0549 0.0504 0.0490 DE 10.70 Tuned
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Table 4. Cont.

Model Default TPE DE Selected Tuner Gain (%) Carried 
Forward

Extreme Gradient Boosting 0.0571 0.0635 0.0751 TPE −11.27 Default
Light Gradient Boosting 

Machine 0.0954 0.0653 0.0606 DE 36.49 Tuned

Multilayer Perceptron 0.2104 0.0826 0.0879 TPE 60.75 Tuned
Gaussian Process 

Regression 0.1157 - - - 0.00 Default

Ridge-Boosted Hybrid 0.0733 0.0617 0.0795 TPE 15.75 Tuned
Stacked Generalisation 

Ensemble 0.0551 0.0463 0.0454 DE 17.52 Tuned

Optimisation is worthwhile for most learners and markedly so for a few. The largest 
improvement belongs to support vector regression, whose validation error falls from 0.3884 
to 0.0795, a reduction of 79.52 per cent; the multilayer perceptron improves by 60.75 per 
cent, and the light gradient boosting machine by 36.49 per cent. In each of these cases, the 
default configuration sits far from the region of the space that suits a sample of two hundred 
monthly observations with fifteen collinear features, and the search locates that region 
within the allotted budget. Figure 6 traces the best value found against the evaluation count 
for four representative learners; the curves fall steeply at first and then in irregular steps, 
several improving well into the second half of the budget, so the allotted sixty evaluations 
are used rather than exhausted early.

Figure 6. Best validation root mean squared error found so far against the number of objective 
evaluations, for four representative models under the tree-structured Parzen estimator (TPE) and 
differential evolution (DE).

Neither optimiser establishes a general advantage. The tree-structured Parzen estimator 
returns the lower validation error for eight of the twelve searched learners and differential 
evolution for the remaining four, and where they differ, the margin is usually small: for 
ridge regression, the two agree at 0.1555, and for extremely randomised trees, they differ by 
0.0005. Differential evolution supplies the setting for the two learners with the strongest 
validation performance, gradient boosting at 0.0490 and the stacked ensemble at 0.0454, but 
the pattern across the full set does not support a claim that either search strategy dominates 
the other on this problem under a matched budget.

Applying the adoption rule uniformly produces a mixed outcome, which is the point 
of stating the rule in advance. Nine learners proceed with optimised settings, and five 
with their defaults. Ridge regression is optimised to 0.1555 against a default of 0.1557, 
a gain of 0.11 percent that does not meet the threshold, so the default is retained. More 
striking are the two cases in which the search degrades validation performance: the random 
forest moves from 0.0646 to 0.0648, and extreme gradient boosting from 0.0571 to 0.0635, 
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changes of −0.35 and −11.27 percent, respectively, and both accordingly proceed with their 
defaults. That a search confined to sixty evaluations of a thirty-origin rolling objective can 
settle on a configuration inferior to the default is a reminder that the objective in Equation 
(15) is itself estimated from a modest number of validation points, and that a sufficiently 
flexible search can fit its noise. Figure 7 compares the default and adopted values across 
the searched learners.

Figure 7. Validation root mean squared error of the default and of the optimised configuration for 
each searched model.

Because a single search seed may flatter or penalise either optimiser, both searches were 
repeated under further independent seeds, three per learner including the original for the 
seven less expensive searches and two for the five most expensive ones (gradient boosting, 
the light gradient boosting machine, extremely randomised trees, the random forest and the 
stacked ensemble), with the learners’ own seeds held fixed so that only the optimisers vary. 
Table A2 (Appendix A) reports the results. Across all searches, the tree-structured Parzen 
estimator returns the lower validation error in 20 of 31 cases, and the median coefficient of 
variation of the best value across seeds is 1.98 percent for it and 4.01 percent for differential 
evolution, so the conclusion that neither optimiser dominates is not an outcome of the seed. 
Extreme gradient boosting is the one learner whose decision changes in a consequential 
way. Under seed 2, differential evolution finds a configuration with a validation error of 
0.0530, 7.20 percent below the default, which the rule would adopt. Scored in the primary 
configuration, that configuration records 0.1107 on the evaluation window against 0.1039 
for the default, a difference that cannot be separated from noise (p = 0.2662) and that would 
leave it level with gradient boosting; the leading group of boosted ensembles is therefore 
unchanged, whereas which of its members is nominally first depends on the seed, in line 
with the tests of Section 4.5. Apart from that case, the decision depends on the seed only 
for extremely randomised trees and the ridge-boosted hybrid, whose gains lie close to the 
threshold.

The one per cent threshold of Section 3.6 is calibrated against the noise of the objective. 
Refitting the default random forest and extremely randomised trees under five learner 
seeds, with no change of hyperparameters, moves Equation (15) by a standard deviation 
of 0.68 and 1.31 percent and by up to 1.48 and 3.06 percent across seeds, so improvements 
smaller than about one per cent cannot be distinguished from refitting noise; the multilayer 
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perceptron is far noisier (17.93 percent), but its gain of 60.75 percent is well clear of that 
level. The adoption decisions are also insensitive to the exact value: thresholds of 0.5, 1 
and 2 percent adopt tuning for the same nine learners, a threshold of zero adds only ridge 
regression, whose gain is 0.11 percent, and a threshold of five percent removes the elastic net 
and extremely randomised trees, whose gains of 3.87 and 3.54 percent exceed the noise level.

The pattern agrees with earlier reports that the effect of hyperparameter settings differs 
markedly across learners (Aghaabbasi et al., 2023; Cihan, 2025), and the deterioration 
of extreme gradient boosting is an instance of the over-fitting of the selection criterion 
described by Cawley and Talbot (2010). It differs from the common practice of reporting 
only tuned results: had every learner been carried forward with its optimised setting, the 
leading learner of Table 5 would have entered the comparison with a configuration that is 
worse on its own validation objective. For users, the implication is that tuned and default 
results should both be reported and that the adoption rule should be stated before the 
search is run.

Table 5. Training, validation and evaluation performance of every model under the primary configuration.

Model
Training Validation Evaluation

R2 RMSE R2 RMSE R2 MAE RMSE MAPE (%)

Ordinary Least Squares 0.9694 0.1000 0.5177 0.1556 −0.6172 0.2575 0.3631 20.82
Ridge Regression 0.9694 0.1000 0.5171 0.1557 −0.6503 0.2655 0.3668 21.48

Elastic Net 0.9694 0.1000 0.5187 0.1554 −0.6350 0.2629 0.3651 21.27
Support Vector Regression 0.9994 0.0144 0.8740 0.0795 −1.1616 0.2432 0.4198 20.29

k-Nearest Neighbours 1.0000 0.0000 −0.0035 0.2244 −2.4192 0.3361 0.5279 23.75
Random Forest 0.9989 0.0185 0.9168 0.0646 0.8031 0.1079 0.1267 10.15

Extremely Randomised 
Trees 1.0000 0.0002 0.9065 0.0685 0.7629 0.1074 0.1390 9.93

Gradient Boosting 
Regression 1.0000 0.0000 0.9521 0.0490 0.8497 0.0897 0.1107 8.49

Extreme Gradient 
Boosting 1.0000 0.0010 0.9351 0.0571 0.8677 0.0864 0.1039 8.22

Light Gradient Boosting 
Machine 1.0000 0.0012 0.9269 0.0606 0.8477 0.0930 0.1114 8.82

Multilayer Perceptron 0.9986 0.0211 0.8641 0.0826 −0.5540 0.2078 0.3559 16.32
Gaussian Process 

Regression 0.9986 0.0215 0.7332 0.1157 0.1803 0.1447 0.2585 12.15

Ridge-Boosted Hybrid 0.9999 0.0065 0.9241 0.0617 0.1752 0.1477 0.2593 12.32
Stacked Generalisation 

Ensemble 0.8315 0.2346 0.9589 0.0454 0.2544 0.2059 0.2465 23.51

No-change benchmark - - - - 0.9558 0.0490 0.0600 4.86
Drift benchmark - - - - 0.9582 0.0467 0.0584 4.68

Settings common to both optimisers. First optimiser: Tree-structured Parzen Estimator 
as implemented in Optuna, 60 trials. Second optimiser: Differential Evolution, rand/1/bin, 
population 10, 5 generations, differential weight Φ = 0.7, crossover probability CR = 0.9, 
giving 60 objective evaluations and so matching the trial budget of the first optimiser. 
Stopping criterion: exhaustion of the fixed evaluation budget, with no early termination. 
Objective: mean one-step-ahead rolling-origin validation root mean squared error of the 
logarithmic index level, as defined in Equation (15). Validation scheme: rolling origin 
over the last sixty months of the training window, evaluated at every second month, the 
learner being refitted on all preceding observations at each origin. Random seed: 42 for 
both optimisers and for every stochastic learner. No month from the evaluation window 
enters the search.
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4.4. Model Comparison
Table 5 reports training, validation and evaluation performance for every learner under 

the primary configuration, with the two reference benchmarks listed separately.
The evaluation results divide the fourteen learners into three groups. Five boosted or 

bagged tree ensembles occupy the first: extreme gradient boosting attains an evaluation 
root mean squared error of 0.1039 with a coefficient of determination of 0.8677 and a mean 
absolute percentage error of 8.22, followed by gradient boosting at 0.1107, the light gradient 
boosting machine at 0.1114, the random forest at 0.1267 and extremely randomised trees at 
0.1390. A second group, comprising the stacked ensemble at 0.2465, the Gaussian process at 
0.2585 and the ridge-boosted hybrid at 0.2593, retains a positive coefficient of determination 
but errs by roughly a quarter in logarithmic terms. The third group, containing every 
penalised linear specification together with support vector regression, the nearest-neighbour 
regressor and the multilayer perceptron, records negative coefficients of determination 
between −0.5540 and −2.4192, placing these learners below the mean of the evaluation 
window itself, a quantity computed after the fact and therefore a reference rather than a 
prediction a user could have issued. Figure 8 plots the path of the leading learner against 
the observed index and the no-change benchmark, and Figure 9 the corresponding monthly 
percentage error.

Figure 8. Observed Nasdaq-100 index (NDX) over the evaluation window against the recursive 
prediction of extreme gradient boosting (XGB) and the no-change benchmark.

Figure 9. Month-by-month percentage prediction error of the leading model over the evaluation 
window, computed as the predicted minus the observed index level in per cent of the observed level.
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Two features of Table 5 qualify how the ranking should be understood. The first is that 
training performance carries almost no information: five learners reproduce the training 
targets exactly or nearly so, with coefficients of determination of 1.0000, and among them 
are both the strongest learner on the evaluation window and the weakest. The stacked 
ensemble is a special case in the opposite direction, its training error of 0.2346 exceeding 
its validation error of 0.0454 because its combination weights are calibrated on out-of-fold 
base predictions rather than on in-sample ones, so its training column is not comparable 
with the others.

The second and more consequential feature is a divergence between the validation 
and evaluation orderings. The stacked ensemble records the lowest validation error of any 
learner at 0.0454, ahead of gradient boosting at 0.0490 and extreme gradient boosting at 
0.0571, yet on the evaluation window, it falls to 0.2465, while extreme gradient boosting 
leads at 0.1039. The learner that the validation protocol selects is therefore not the learner 
that performs best where it matters. Since the validation origins all lie inside the training 
window and inherit its distributional characteristics, while the evaluation window does 
not, agreement between the two orderings was never guaranteed. This is a substantive 
finding about validation under distributional shift, and it is the reason the leading learner 
is identified from the tabulated evaluation results with the validation ordering reported 
alongside, so that the divergence remains visible.

The leading position of the boosted and bagged tree ensembles is consistent with the 
evidence surveyed by Albuquerque et al. (2022) and with the comparison of Yoon (2021), 
in which tree ensembles outperformed official projections of output growth, while the 
instability of the ordering between validation and evaluation underlines the case made by 
Beniwal et al. (2023) for a forward-moving validation design that mirrors deployment. 
What the present results add is the reason: the recursive ensembles succeed because each 
refit narrows the gap between the month to be predicted and the range already seen, whereas 
the penalised linear and kernel learners extrapolate a relationship estimated where the 
money supply was far lower. The implication for model selection is that validation evidence 
drawn from a stable period should not be taken as evidence about a shifted one.

4.5. Statistical Separation of the Accuracy Differences
Table 6 compares every model with the leading learner using a moving-block bootstrap 

and a Diebold–Mariano statistic computed from Equation (29), the latter with a long-run 
variance at the automatic bandwidth, which for this window selects three lags.

Gradient boosting cannot be separated from extreme gradient boosting on either 
instrument: the difference in root mean squared error is 0.0068, the bootstrap interval spans 
zero at [−0.0012, 0.0038] and the p-value is 0.2726. The light gradient boosting machine and 
the random forest are separated on both, at 0.0172 and 0.0008, as are the stacked ensemble 
at 0.0002, support vector regression at 0.0146 and the nearest-neighbour regressor at 0.0101. 
Extremely randomised trees are separated on neither, with an interval of [−0.0001, 0.0208] 
that just includes zero and a p-value of 0.1268.

For six further learners, the two instruments disagree, and the disagreement is informa-
tive rather than incidental. The Gaussian process, the ridge-boosted hybrid, the multilayer 
perceptron and the three penalised linear specifications all show bootstrap intervals that 
exclude zero, ridge regression for instance at [0.0325, 0.2703], while their p-values, between 
0.0664 and 0.2031, do not reach conventional levels. Their loss differentials are large and 
highly dispersed, which widens the parametric standard error faster than it moves the 
mean, so the bootstrap, which makes no normality assumption, is the more informative of 
the two here. The supportable statement is that the boosted ensembles occupy the top of 
the ranking and the penalised linear, kernel and instance-based learners the bottom.
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Table 6. Comparison of every model against the leading model.

Model RMSE 𝚫 RMSE
Bootstrap 95% CI 
of Mean Loss 
Difference

DM Statistic p

Drift benchmark 0.0584 −0.0455 [−0.0129, −0.0031] −3.12 0.0018
No-change benchmark 0.0600 −0.0438 [−0.0126, −0.0030] −3.09 0.0020
Extreme Gradient 
Boosting 0.1039 - - - -

Gradient Boosting 
Regression 0.1107 0.0068 [−0.0012, 0.0038] 1.10 0.2726

Light Gradient Boosting 
Machine 0.1114 0.0076 [0.0005, 0.0030] 2.38 0.0172

Random Forest 0.1267 0.0228 [0.0025, 0.0085] 3.36 0.0008
Extremely Randomised 
Trees 0.1390 0.0352 [−0.0001, 0.0208] 1.53 0.1268

Stacked Generalisation 
Ensemble 0.2465 0.1427 [0.0191, 0.0822] 3.71 0.0002

Gaussian Process 
Regression 0.2585 0.1546 [0.0012, 0.1499] 1.29 0.1979

Ridge-Boosted Hybrid 0.2593 0.1554 [0.0022, 0.1531] 1.27 0.2031
Multilayer Perceptron 0.3559 0.2521 [0.0125, 0.2874] 1.48 0.1383
Ordinary Least Squares 0.3631 0.2592 [0.0292, 0.2699] 1.77 0.0770
Elastic Net 0.3651 0.2612 [0.0315, 0.2686] 1.82 0.0685
Ridge Regression 0.3668 0.2629 [0.0325, 0.2703] 1.84 0.0664
Support Vector 
Regression 0.4198 0.3159 [0.0532, 0.3198] 2.44 0.0146

k-Nearest Neighbours 0.5279 0.4241 [0.0736, 0.5139] 2.57 0.0101

The benchmarks require the opposite conclusion, stated plainly. The drift benchmark 
records an evaluation root mean squared error of 0.0584 and the no-change benchmark 
0.0600, against 0.1039 for the leading learner, and both differences are separated from 
zero on both instruments, with p-values of 0.0018 and 0.0020. A prediction that carries 
the previous month forward is therefore more accurate over this window than any of the 
fourteen learners in the primary configuration, though Table 2 shows the stacked ensemble 
reaching 0.0583 under a static anchored fit, marginally below the drift benchmark. The 
two are not competing on equal terms: the benchmarks are supplied with the realised 
index level one month earlier, which Equation (2) withholds from every learner by design. 
The restriction applies to the feature vector alone, since under the recursive protocol the 
learner is refitted on realised targets up to the preceding month, so index history informs 
its parameters, though no lag of the index is ever an input it can score. Table 6 therefore 
quantifies the cost of denying the model direct access to the previous level as a predictor, 
which raises root mean squared error by 0.0455 relative to the drift benchmark and by 0.0438 
relative to the no-change benchmark; on the index scale, Table 5 puts the same comparison 
at 8.22 percent against 4.68 percent. This result places the study within the literature on 
out-of-sample asset-price prediction, in which simple history-based benchmarks are rarely 
beaten (Meese & Rogoff, 1983; Welch & Goyal, 2008) and gains over them, where they exist, 
are small (Campbell & Thompson, 2008), and it limits the practical forecasting value of the 
macro-risk model: a user who observes the previous month’s index has no reason to prefer 
the learner for predicting the next level. Its value lies instead in what the benchmark cannot 
provide, an estimate of the level that the macro-risk state alone supports and an account of 
which indicators carry that estimate, and it is in that role that the remainder of the study 
evaluates it.

A related question is whether the complexity of the leading learner is needed at all on 
the macro-risk information set. Table A3 (Appendix A) compares it with simpler references 
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that receive the same inputs and no index history. A linear time trend records 0.2676, a linear 
regression on the money supply alone 0.2382 and a linear regression on the five predictor 
levels 0.2779, all re-estimated each month and all separated from extreme gradient boosting 
on both instruments, so a simple linear mapping of the same information does not reproduce 
its accuracy. The advantage lies in the flexible, recursively refitted tree structure rather than 
in the breadth of the inputs: extreme gradient boosting fitted to the three money-supply 
features alone records 0.0966, which cannot be separated from the full model (p = 0.4739). 
Section 5.2 returns to what this implies for the role of the money supply.

4.6. Robustness
Table 7 collects four checks on the leading configuration. Replacing recursive re-

estimation with a single static fit confirms Section 4.2 on the tuned configurations rather 
than the default ones: all five leading ensembles fall to negative coefficients of determination, 
the best recording 0.6555 against 0.1039. Retraining cadence, not model capacity, is what 
makes this problem tractable.

Table 7. Robustness of the leading configuration.

Setting R2 MAE RMSE MAPE (%)

Static protocol
Extreme Gradient 

Boosting −4.5954 0.6156 0.6753 43.87

Gradient Boosting 
Regression −5.5056 0.6618 0.7282 46.01

Light Gradient 
Boosting Machine −4.2711 0.5925 0.6555 42.53

Random Forest −5.8435 0.6869 0.7469 47.47
Extremely 

Randomised Trees −7.8856 0.8052 0.8510 53.54

Ablation
All predictors 0.8677 0.0864 0.1039 8.22
without ERI 0.8675 0.0886 0.1039 8.45
without FRI 0.8613 0.0876 0.1063 8.32
without PRI 0.8698 0.0856 0.1030 8.13
without M2 −1.8255 0.3385 0.4799 25.36
without IPI 0.8732 0.0844 0.1016 8.02

Subperiod
2020–2021 0.7707 0.0897 0.1016 8.52
2022–2023 0.6222 0.0624 0.0760 6.18
2024–2026 −0.0711 0.1064 0.1266 9.89

Seed sensitivity
five seeds, 

deterministic learner - - 0.1039 (0.0000) -

The ablation block is the most informative. Removing the economic risk index, the 
political risk index or industrial production leaves evaluation error essentially unchanged, 
at 0.1039, 0.1030 and 0.1016 against 0.1039 with all five predictors, the latter two marginally 
improving it, while removing the financial risk index raises it slightly to 0.1063. Removing 
the money supply raises error to 0.4799 and drives the coefficient of determination from 
0.8677 to −1.8255. One predictor is thus responsible for almost the whole of the model’s 
usable accuracy, and the other four are close to interchangeable with their own absence. This 
block is the raw-error presentation of the leave-one-covariate-out measurement discussed 
in Section 5, not an independent check of it.

Accuracy is not uniform across the evaluation window. The leading learner records 
0.1016 over 2020–2021 and 0.0760 over 2022–2023, but 0.1266 over 2024–2026, where the 
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coefficient of determination turns slightly negative at −0.0711. Figure 8 shows the prediction 
tracking the index closely through the first two subperiods and lagging it during the later 
advance, a pattern also visible in Figure 9. Repeating the whole recursive evaluation 
under five random seeds leaves the error unchanged at 0.1039 with a spread of 0.0000, 
an outcome that is expected rather than informative: the leading configuration draws no 
random subsample of rows or features, so it is deterministic given the data, and the check 
records that determinism rather than measuring sensitivity.

The deterioration in 2024–2026 deserves closer examination, because it is the part of 
the window furthest from the training data. Table A4 (Appendix A) shows its source. Over 
2020–2021, the index rose by 0.625 log points, while the money supply rose by 0.337; over 
2024–2026, the index rose by 0.418 log points, but the money supply by only 0.076. Because 
the leading learner uses the money supply chiefly to locate each month along the upward 
path of the index (Section 5.2), a period in which the index advances while the money supply 
barely moves is the one in which that coordinate is least informative, and the predictions lag 
the advance, as Figure 8 shows. The coefficient of determination also falls for a mechanical 
reason: within a subperiod of twenty-five months, the variation of the target around its 
own mean is small, so a moderate error already yields a value near zero. The reliance on 
the money supply does change over time. Grouped permutation importance computed 
within each subperiod assigns it 68.03, 31.24 and 58.49 percent, and the economic risk index 
rises to 56.75 percent in 2022–2023, the period of monetary tightening in which the money 
supply contracted. Replacing the expanding estimation window by a rolling window of the 
most recent two hundred months leaves the error essentially unchanged (0.1043 against 
0.1039), so the deterioration is not caused by old observations dominating the fit. Table A5 
also repeats the primary configuration with estimation ending in December 2015, 2017 
and 2021: extreme gradient boosting leads the five ensembles at the first two dates (0.0894 
and 0.0964) and is narrowly behind extremely randomised trees at the last (0.1049 against 
0.1024), and at every date the drift benchmark remains more accurate (0.0527 to 0.0585). 
Since the five-seed check of Table 7 only records that the configuration is deterministic, 
these split and window experiments are the relevant evidence of sensitivity.

4.7. Confirmatory Evidence
The results of Sections 4.2–4.6 were obtained on a window that also informed the design, 

and they are therefore exploratory. The two designs of Section 3.14 provide confirmatory 
evidence. In the nested split, reported in Table A6, the learner with the lowest error 
over January 2020 to December 2022 is extreme gradient boosting (0.0913), and over the 
subsequent thirty-seven months, which play no part in that choice, it again records the 
lowest error of the fourteen learners, 0.1148 with a coefficient of determination of 0.7084. 
As on the full window, its advantage over extremely randomised trees (0.1167, p = 0.7917) 
and gradient boosting (0.1249, p = 0.2834) cannot be separated from noise, and the drift 
and no-change benchmarks remain more accurate, at 0.0447 and 0.0485 with p-values of 
0.0021 and 0.0030.

The earlier confirmatory window is the stronger test, because none of its months was 
scored during the exploratory phase. The frozen design was re-run on it without change, 
and 90 per cent of its evaluation months again lie above the training maximum. Table A7 
reproduces every qualitative finding of Section 4. The mean error across the fourteen 
learners falls from 0.4729 under the static direct cell to 0.1424 under recursive re-estimation; 
the anchored cells record 0.0473 and 0.0502, the best anchored learner (0.0432) doing no 
better than the drift benchmark (0.0432); and under the primary configuration, extreme 
gradient boosting records 0.0595, level with gradient boosting (0.0595, p = 0.9973) and 
ahead of the stacked ensemble (0.0657) and the random forest (0.0668), while the penalised 
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linear learners do not fall below 0.1583. The drift benchmark is again more accurate than 
every learner in the primary configuration (p < 0.0001 against extreme gradient boosting).

Two adjustments complete the confirmatory picture. With a Holm correction for 
the thirteen comparisons of Table 6 (Holm, 1979), reported in Table A8, only the stacked 
ensemble and the random forest remain separated from the leading learner at the five per 
cent level (adjusted p-values of 0.0027 and 0.0095), so the other separations reported in 
Section 4.5 should be read as exploratory. The findings that survive both confirmatory 
designs are the dominance of retraining cadence over the learner, the leading but not 
uniquely leading position of extreme gradient boosting among the boosted ensembles, and 
the superiority of the history-based benchmarks.

4.8. Information at the Prediction Date, Other Targets and a Wider Predictor Set
Table A9 re-runs the primary configuration with the predictors restricted to what 

would have been published when a prediction is made. In an end-of-month nowcast, the 
risk ratings of month t are available, but M2 and industrial production are only available 
for month t − 1; in a start-of-month forecast, issued before month t begins, the risk ratings 
refer to t − 1 and the two macroeconomic series to t − 2. Extreme gradient boosting records 
0.1066 with contemporaneous predictors, 0.1285 as a nowcast and 0.1316 as an ex-ante 
forecast, with coefficients of determination of 0.8605, 0.7974 and 0.7875, and the other two 
boosted ensembles deteriorate in the same way. Respecting publication lags therefore raises 
the error of the leading learner by 21 and 23 percent for the two variants without changing 
the ordering of the learners, and the drift benchmark is more accurate than every variant (p 
≤ 0.0013). The contemporaneous design should accordingly be read as an upper bound on 
what the macro-risk inputs can deliver at the time a prediction is needed; data revisions, 
which the latest vintages used here incorporate, could widen the gap further.

Table A10 repeats the design of Table 2 for three further United States equity indices 
with the same five predictors. The pattern of Section 4.2 recurs for every index: the mean 
error of the direct formulation falls from between 0.4029 and 0.7485 under a static fit to 
between 0.1055 and 0.1860 under recursive re-estimation, the anchored cells lie within 
0.0169 of the drift benchmark and the drift benchmark remains more accurate than every 
learner in the direct recursive cell, in which extreme gradient boosting is the most accurate 
of the four learners for every index. The formulation and cadence findings are therefore not 
specific to the Nasdaq-100. Widening the information set (Table A11) improves accuracy 
without altering these conclusions: adding the effective federal funds rate, consumer prices, 
the oil price and the US dollar index to the five predictors lowers the error of extreme 
gradient boosting from 0.1039 to 0.0837, of gradient boosting from 0.1132 to 0.0933 and of 
the light gradient boosting machine from 0.1600 to 0.1325, all still above the drift benchmark 
(0.0584). Grouped permutation importance on the nine-predictor model ranks the money 
supply first (39.57 percent) followed by the consumer price index (31.97 percent), so the 
reliance is now shared between two series that both trend upwards, which agrees with the 
interpretation of the money-supply share given in Section 5.2.

5. Predictor Attribution
The learner carried into this stage is extreme gradient boosting, which Table 5 places 

first on the evaluation window on all four reported metrics and which proceeds with its 
default configuration because the search described in Section 4.3 did not improve on it. 
Because the primary configuration re-estimates that learner before every evaluation month, 
the object explained here is the same sequence of monthly fits rather than a single static 
fit: each month is attributed using the model that produced its prediction and the monthly 
results are averaged. Because Equation (2) admits only the five macro-risk predictors and 
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their short-horizon changes, every quantity reported below refers to a predictor; no lag or 
transform of the index enters the model and none can therefore enter a ranking.

5.1. Selecting an Attribution Method by Stability
Table 8 reports the stability of the three attribution methods across twenty repetitions in 

which the random seed and an eighty-five per cent subsample of the observations available 
to each monthly fit are redrawn, together with the reference set for the Shapley method. 
Equal shares are carried as mid-ranks, and the concordance coefficient is tie-corrected, 
which matters because leave-one-covariate-out returns exact zeros for predictors whose 
deletion does not raise error. Permutation feature importance reproduces its ordering 
most consistently, with a mean pairwise Spearman correlation of 0.9374, a coefficient of 
concordance of 0.9405 and a mean rank standard deviation of 0.2872. Shapley additive 
explanation follows at 0.8289 and 0.8375 with a dispersion of 0.4330, and leave-one-covariate-
out is least stable at 0.8063 and 0.8066 with a dispersion of 0.4623. All three identify the 
same leading predictor in every repetition, so the separation arises entirely at the lower 
positions; the criterion therefore ranks reproducibility of the ordering, not of the share 
magnitudes. Reproducibility is a necessary property of a usable ranking but not a sufficient 
one, and the validity of the selected ranking is examined separately in Section 5.4.

Table 8. Stability of each attribution method.

Method Mean Pairwise 
Spearman 𝝆 Kendall’s W Top-Ranked 

Agreement Mean Rank SD

SHAP 0.8289 0.8375 1.00 0.4330
PFI 0.9374 0.9405 1.00 0.2872

LOCO 0.8063 0.8066 1.00 0.4623

Permutation feature importance is therefore selected, and the remainder of this section 
and the whole of Section 6 are developed on it alone. The basis for the choice is the 
stability evidence in Table 8 rather than any judgement about which ranking appears more 
reasonable, and the criterion does not select the most widely used of the three: the Shapley 
method places second, and leave-one-covariate-out, whose deletion logic is the most direct, 
is the least reproducible here. Figure 10 displays the distribution of assigned ranks across 
repetitions for each method and each predictor, and the tighter boxes of the selected method 
are apparent in the ordering.

Figure 10. Distribution of the rank assigned to each predictor across twenty repetitions, by attribu-
tion method.
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5.2. The Resulting Ranking
Table 9 presents the predictor attribution obtained from the selected method. The 

money supply accounts for 68.28 percent of total attributed importance and is placed first in 
every one of the twenty repetitions, giving it a mean rank of 1.00 with a standard deviation 
of 0.00. The economic risk index follows at 17.31 percent and the financial risk index at 
10.38 percent, with mean ranks of 2.05 and 2.95 and a dispersion of 0.22 in both cases, so the 
second and third positions are themselves close to settled. This holds within the selected 
method; Section 5.4 shows that the second position of the economic risk index is also robust 
across permutation schemes, whereas the third position is not robust across methods. The 
political risk index and industrial production share the remaining 4.03 percent, at 2.40 and 
1.63 percent, and their identical mean rank of 4.50 with a dispersion of 0.50 shows that the 
ordering between those two is not resolved.

Table 9. Predictor attribution obtained from the selected method on the leading model.

Predictor Abbrev. Share (%) Rank Mean Rank Rank SD

M2 Money Supply M2 68.28 1 1.00 0.00
United States 

Economic Risk Index ERI 17.31 2 2.05 0.22

United States 
Financial Risk Index FRI 10.38 3 2.95 0.22

United States 
Political Risk Index PRI 2.40 4 4.50 0.50

Industrial 
Production Index IPI 1.63 5 4.50 0.50

The reason the money supply leads follows from the experimental record rather than 
from any prior expectation. The primary configuration requires the learner to place the 
index at a level using contemporaneous macro-risk conditions alone, and Table 1 shows 
that the money supply is the sole series whose evaluation-window values lie entirely above 
its training range, matching the behaviour of the target, whose evaluation values exceed the 
training maximum in 97.3 percent of months. The risk indices barely exceed their training 
maxima, the financial index doing so in only 4.1 percent of months, so they carry little 
information about where in an ascending sequence a month falls. What the selected method 
adds to that account is that the reliance is not exclusive: the two risk indices ranked second 
and third together receive 27.69 percent, a substantial minority of the total rather than a 
rounding residue.

The strength of this association invites the question raised by nonstationarity (Granger 
& Newbold, 1974). Both the index and the money supply trend upwards over the sample; 
their correlation is 0.9772 in log levels but 0.0692 in monthly log changes and 0.3289 once a 
linear trend is removed from each. Table A3 reports the corresponding checks. Neither a 
deterministic trend (0.2676) nor a linear relation with the money supply (0.2382) reproduces 
the accuracy of the leading learner. However, replacing the three money-supply features 
with a time index (0.0975) or with a simulated random walk carrying the drift and volatility 
of log M2 (mean 0.1008 over twenty draws, range 0.0956 to 0.1090) leaves accuracy essentially 
unchanged, whereas detrending the target and the predictor levels at each origin raises the 
error to 0.1596. In the fully differenced specification, the predicted one-month changes are 
unrelated to the realised ones, with a correlation of 0.0078 and an out-of-sample coefficient 
of determination of −0.3935 against the historical mean change. These results qualify the 
interpretation of Table 9. Under recursive re-estimation the leading learner uses the money 
supply chiefly as a smooth upward-trending coordinate that places each month relative to 
the recent past, and any series with that property serves equally well. The 68.28 percent 
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share is therefore best read as the model’s reliance on the trend information carried by 
the money supply, not as evidence of a monetary channel that is specific to M2, and the 
macro-risk inputs carry no measurable information about month-to-month changes of the 
index beyond the drift. The same reading explains why removing the money supply is so 
costly in Table 7: it is the only input whose trend matches that of the index.

The ablation block of Table 7 shows the same deletion experiment in raw error units. 
It is not an independent corroboration of the selected method, since deleting a predictor 
group and repeating the recursive fits is precisely the leave-one-covariate-out operation of 
Equation (25), so the two are presentations of one measurement. Removing the money 
supply raises evaluation error from 0.1039 to 0.4799 and turns the coefficient of determination 
from 0.8677 to −1.8255, whereas removing the economic risk index leaves error at 0.1039, 
removing the political risk index lowers it to 0.1030, and removing industrial production 
lowers it to 0.1016. Deletion and permutation agree on which predictor matters most and 
disagree on how concentrated that reliance is. The difference is mechanical: deletion permits 
refitting without the predictor, so the monthly models can partly compensate through the 
remaining features, whereas permutation disturbs an input at prediction time and leaves 
the fitted models no opportunity to adjust. Earlier studies relate risk and uncertainty 
measures to equity returns across developed and emerging markets (Chiang, 2019; Korsah 
& Mensah, 2023). In the present data, the three risk ratings play a secondary role, and their 
contemporaneous changes carry little information about monthly index changes, as shown 
above. The difference is more likely to reflect the measures used, rating scales that move in 
coarse discrete steps and the level target than to contradict that evidence; a return target 
with continuously measured uncertainty indices would be the natural setting in which to 
reconcile the two.

5.3. Consistency Check
Table 10 reports the shares and implied ranks produced by the two methods that were 

not selected. All three agree decisively on first place: the money supply receives 68.28 
percent under the selected method, 93.31 percent under the Shapley method and 99.34 
percent under leave-one-covariate-out and is ranked first by each. Beyond first place, the 
methods diverge. The selected method places the economic risk index second at 17.31 
percent, whereas leave-one-covariate-out places the financial risk index second at 0.65 
percent, and the Shapley method places industrial production second at 2.01 percent. Under 
leave-one-covariate-out, the political risk index and industrial production both receive 0.00 
percent and therefore share the rank of 4.5. The two methods not selected also concentrate 
far more weight on the leading predictor than the selected one does. Figure 11 places 
the three sets of shares side by side. This disagreement below first place is consistent 
with the evidence of Zhou et al. (2022) that widely used attribution methods can misplace 
importance, and with the observation of Takefuji (2025a) that boosted models tend to favour 
one of several correlated features; Khan et al. (2025) call for systematic benchmarking of 
such methods. The stability criterion does not remove the disagreement, but it makes the 
choice between the accounts explicit, and Section 5.4 tests whether the selected account is 
also valid.
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Table 10. Consistency check.

Predictor
SHAP LOCO

Share (%) Rank Share (%) Rank

M2 93.31 1 99.34 1
ERI 1.72 4 0.01 3
FRI 1.90 3 0.65 2
PRI 1.07 5 0.00 4.5
IPI 2.01 2 0.00 4.5

Figure 11. Share of total attributed importance assigned to each predictor by each of the three 
attribution methods.

5.4. Validity of the Selected Attribution
Stability establishes that the ranking of Table 9 is reproducible; Tables A12 and A13 

(Appendix A) ask whether it is valid, using the two checks of Section 3.10. When the three 
features of each predictor are permuted jointly, or jointly in blocks of six consecutive months, 
the ordering is unchanged and as reproducible as under Equation (24), with mean pairwise 
Spearman correlations of 0.9379 and 0.9368 against 0.9374. The money supply receives 65.82 
and 67.20 percent, the economic risk index 17.89 and 18.25 percent and the financial risk 
index 11.99 and 10.41 percent, close to the shares of Table 9. Neither the correlation between 
a predictor’s level and its own changes nor the serial dependence of the evaluation months 
therefore drives the selected ranking.

The placebo check is more demanding. Every method assigns the white-noise group 
no importance (0.00 percent under each of them), so none of them manufactures importance 
for an irrelevant input. The random-walk placebo, by contrast, receives between 39.57 and 
50.50 percent, about as much as the money supply itself, whose share falls to between 38.97 
and 42.48 percent when the placebo is present. The methods correctly detect that the model 
relies on trending information, but they cannot distinguish the money supply from any 
other series that trends in the same way, which agrees with the placebo results of Section 5.2. 
The secondary positions differ in robustness. The economic risk index keeps between 14.72 
and 14.75 percent under every permutation scheme even with the placebos present, so its 
second place is supported throughout, whereas the share of the financial risk index falls to 
between 1.53 and 2.14 percent and leave-one-covariate-out ranks it second in Table 10. The 
ranking below the economic risk index is therefore not robust to the choice of method or 
input set and should be interpreted with caution.
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6. Practical Implications
The recommendations below follow from the attribution reported in Table 9 and from 

the experimental record that supports it. They are addressed to the design and governance 
of prediction systems rather than to the conduct of monetary or fiscal policy, which lies 
outside what this evidence can speak to.

Weight monitoring towards the predictor the model relies on, without treating the 
rest as inert. Under the selected attribution method, the money supply accounts for 68.28 
percent of attributed importance, and the ablation in Table 7 shows that its removal raises 
evaluation error from 0.1039 to 0.4799. Data governance should be proportionate to that 
concentration. The selected method nonetheless assigns 17.31 and 10.38 percent to the 
economic and financial risk indices, respectively, so tracking the money supply alone would 
discard 31.72 percent of the model’s measured reliance. Section 5.2 adds a qualification: the 
money supply is relied on mainly for the trend it shares with the index, so its monitoring 
guards the model’s sense of position rather than a monetary signal, and a structural change 
in that trend would affect the model more than an ordinary monetary surprise.

Treat the concentration as a property of the task as posed. Table 1 offers an account 
consistent with the ranking: the money supply is the only predictor whose evaluation-
window values lie wholly outside its training range, matching the target, whose values 
exceed the training maximum in 97.3 percent of evaluation months. The present design does 
not vary range alignment independently of predictor identity, so this is an interpretation 
the evidence permits rather than a mechanism it isolates. A formulation with a stationary 
target would give the risk indices a different opportunity, and the shares reported here 
should not be carried into such a setting without re-estimation. The placebo experiments of 
Sections 5.2 and 5.4 now support this interpretation directly: a time index or a simulated 
random walk with the drift of M2 can take the place of the money supply without loss of 
accuracy, and a trending placebo added alongside it receives about as much importance, so 
the concentration reflects the trend that the leading predictor shares with the target.

Specify the retraining cadence as part of the model. Table 2 and the static block of 
Table 7 show that the same learners move between usable and unusable depending only 
on how often they are re-estimated: the leading learner records 0.1039 under recursive re-
estimation and 0.6753 under a single static fit, the best static result among the five ensembles 
being 0.6555. Cadence deserves to be documented, version-controlled, and monitored with 
the same seriousness as the choice of algorithm, since in this study it mattered considerably 
more.

Attribute the method that is actually deployed. Because cadence is part of the model, 
the object an attribution method explains must be the sequence of fits the prediction comes 
from rather than a convenient single fit. The two are not interchangeable here: Table 2 
records 0.1039 for the recursive configuration against 0.6753 for a static fit of the same 
learner, so an attribution computed on the latter would describe a predictor that was never 
deployed.

Report a benchmark that uses the target’s own history. Table 6 shows the drift bench-
mark achieving 0.0584 against 0.1039 for the leading learner, a difference separated from 
zero at p = 0.0018. A study reporting only the learners would convey an impression of 
adequacy the benchmark removes. Where a system is restricted to exogenous inputs, the 
accuracy forgone should be quantified and disclosed.

Use the macro-risk model as an explanatory and monitoring instrument rather than 
as a forecaster. The evidence of Tables 5 and 6 and of Section 4.8 is consistent: with the 
previous level available, a no-change or drift prediction is more accurate, and once the 
predictors are lagged to their release dates, the macro-risk model loses further ground. The 
model is therefore suited to questions the benchmarks cannot answer, such as whether the 

https://doi.org/10.3390/economies14110526

https://doi.org/10.3390/economies14110526


Economies 2026, 14, 526 36 of 47

index stands above or below the level the current macro-risk state supports, how that level 
would move under a stated scenario for the money supply or the risk ratings, and which 
indicators account for a change in the estimate.

Select models on evidence from the deployment regime where possible. The stacked 
ensemble achieves the best validation error at 0.0454 and falls to 0.2465 on the evaluation 
window, while extreme gradient boosting, third on validation at 0.0571, leads on evaluation 
at 0.1039. A selection rule confined to the validation column would have chosen the weaker 
system. Where the deployment regime is expected to differ from the estimation regime, 
validation evidence should be supplemented with a held-out period that reflects the shift, 
and the divergence between the two should be reported.

Require stability evidence alongside importance claims. Table 8 shows the three attri-
bution methods separating on reproducibility, from a mean pairwise Spearman correlation 
of 0.9374 down to 0.8063, and Table 10 shows them ordering the lower positions differ-
ently. Had a single method been applied once, any of three different accounts of secondary 
importance could have been reported with equal apparent authority, and the criterion 
would not have selected the most widely used of them. Reporting the stability of a ranking 
alongside the ranking itself, and stating the criterion by which a method was chosen, is 
inexpensive and makes the resulting claim inspectable. Stability is not validity, however, 
and Section 5.4 shows why both are needed: the selected ranking survives grouped and 
block permutation, yet a placebo series with the same trend receives as much credit as the 
money supply. Validity checks of this kind cost little more than the stability assessment 
and should accompany it.

7. Limitations
Several boundaries of the present design deserve to be stated plainly, because they 

condition how far the results travel.
The information set is deliberately narrow. Five monthly macro-risk indicators con-

stitute the entire input, and excluding the index history is a design choice made so that 
attribution refers to predictors rather than to the target’s own momentum. That choice has 
a cost, quantified by the benchmarks in Table 5: predictions that observe the realised index 
directly remain more accurate than everything estimated from macro-risk inputs alone. The 
models studied here should therefore be understood as instruments for relating macro-risk 
conditions to the index, not as a proposal for how the index is best predicted when its 
own history is available. The predictors are also the latest revised vintages rather than the 
data available in real time (Croushore & Stark, 2001). Section 4.8 shows that respecting 
publication lags lowers accuracy further; reproducing data revisions would require archived 
vintages of M2 and industrial production and is left to further work.

The sampling frequency limits what can be detected. Monthly observations give 273 
months in total and 200 for estimation, a small sample that constrains the complexity which 
can be supported, and the three risk indices are rating scales that move in discrete steps 
and change only occasionally, so their short-horizon variation is coarse.

The evaluation window is a single historical episode. January 2020 to January 2026 
contains a pandemic dislocation, an extraordinary monetary expansion, an inflation shock 
and a subsequent tightening, and the subperiod results in Table 7 show that accuracy is not 
uniform across it. Conclusions about behaviour outside the training support rest on this 
one realisation, and a different span would furnish a different test. The factorial evidence in 
Table 2 is nonetheless consistent across all fourteen learners, which lends the formulation 
finding more weight than a single-model result would carry. The confirmatory window of 
Section 4.7, the alternative split dates and the further indices of Section 4.8 reduce, but do 
not remove, this dependence on a single episode.
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The attribution analysis inherits the known difficulties of post-hoc explanation. The en-
gineered features within a predictor group are correlated with one another by construction, 
and the level features across groups are themselves related, so the division of credit between 
predictors is not unique. This is why stability rather than plausibility was adopted as the 
selection criterion, yet a stable ranking is not thereby a causal one. The consistency check in 
Table 10 documents that the methods not selected order the predictors differently below 
first place and concentrate far more weight on the leading predictor; that disagreement 
is recorded as a limitation of post hoc attribution in this setting rather than resolved by 
the evidence assembled here. It also has a mechanical component, since deletion permits 
refitting without a predictor, while permutation does not. Section 5.4 separates validity 
from reproducibility for the permutation-based ranking, but the placebo result shows that 
the attribution cannot identify an economic channel when the leading predictor shares its 
trend with the target; conditional or model-based importance measures would be needed 
for that purpose.

Two comparators are treated unevenly by design. Ordinary least squares has no 
hyperparameters, and the Gaussian process fixes its kernel by marginal likelihood inside 
the fit rather than through Equation (15), so neither receives the sixty-evaluation budget 
the other twelve get; the Gaussian process may therefore sit lower in Table 5 than a searched 
version would. Beyond the two history-based references, Section 4.5 adds a time trend and 
linear references on the same macro-risk inputs, but richer econometric benchmarks, such 
as cointegrating or error-correction models, are not considered.

The evaluation window was not an untouched holdout throughout. The choice of 
target formulation and retraining protocol was made after exploratory diagnostics that 
scored the January 2020 to January 2026 period across several horizons, The factorial 
experiment of Table 2 reports that choice as a controlled comparison rather than leaving it 
implicit, but the window nonetheless informed the design before it scored it, and a genuinely 
untouched period would be required to treat the reported figures as confirmatory rather 
than exploratory. Section 4.7 addresses this limitation with a nested split and with an earlier 
window that played no part in any design decision; both reproduce the qualitative findings, 
and the results reported on the main window are accordingly labelled as exploratory where 
they rest on it alone.

A related caution applies to everything downstream of model selection. The leading 
learner is identified from the evaluation window, and the pairwise tests of Table 6, the checks 
of Table 7 and the attribution of Table 9 are then computed on that same window against 
that same learner. No independent period remains after the selection, and the pairwise 
comparisons carry no adjustment for the reference having been chosen from fourteen 
candidates. Those results are therefore post-selection and are descriptive of this sample 
rather than confirmatory inference. The Holm-adjusted p-values of Section 4.7 provide the 
multiplicity correction, and the nested split provides a selection that is independent of the 
months on which it is scored.

Finally, hyperparameters were optimised once on the training window and then held 
fixed as the recursive window expanded. Re-optimising at every origin would align the 
search more closely with deployment, at a computational cost that grows with the length 
of the evaluation window. Whether periodic re-optimisation would alter the ordering in 
Table 5 is left open.

8. Conclusions
This study asked what governs the out-of-sample behaviour of machine learning 

predictions of the Nasdaq-100 index when the predictors are restricted to five monthly 
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macro-risk indicators and the evaluation window lies almost entirely beyond the range of 
index levels seen during estimation.

The factorial experiment answers that question directly. Across fourteen learners 
spanning penalised linear, kernel, instance-based, tree ensemble, neural and probabilistic 
families, the frequency with which the model is re-estimated and the information the target 
formulation supplies dominate the choice of learner, and the formulation matters in its 
own right for learners whose output is bounded by the training range. A single static 
fit that maps macro-risk conditions onto the index level does not remain usable once the 
evaluation window begins, for any family tested. Permitting the model to be re-estimated 
as observations arrive restores a usable mapping, and the tree ensembles benefit most, since 
re-estimation reduces the distance between the value to be predicted and the range each 
ensemble has already seen. The same ordering is reproduced on an earlier window that 
played no part in the design, in a nested split of the evaluation period and for three further 
United States equity indices.

Hyperparameter optimisation was carried out twice over identical search spaces under 
an identical budget, by a tree-structured Parzen estimator and by differential evolution. Both 
improved on defaults for most learners, and neither established a general advantage. Apply-
ing one stated rule uniformly meant that some models proceeded with optimised settings 
and others retained their defaults, and that decision is recorded in the tabulated validation 
results rather than asserted. Repeating both searches under further seeds leaves this con-
clusion unchanged, and the one per cent threshold lies above the variation of the objective 
that refitting alone produces; under one further seed, the rule would adopt a tuned setting 
for the leading learner, which leaves the leading group of boosted ensembles unchanged.

The comparison of the leading configurations was subjected to a block bootstrap and 
a Diebold–Mariano test. Gradient boosting and extremely randomised trees could not be 
separated from the leading learner on either instrument, while the light gradient boosting 
machine and the random forest were separated on both. Reporting which pairs the tests do 
and do not distinguish matters as much as reporting the ordering itself, because a ranking 
presented without it would suggest a uniform degree of separation the evidence does not 
support. The leading learner nonetheless remains less accurate than the no-change and 
drift benchmarks, and a model restricted to contemporaneous macro-risk inputs should be 
regarded as an instrument for relating the index to economic conditions and explaining 
that relation, not as a forecasting system.

For interpretation, three attribution methods were compared on the leading model 
and judged by the consistency of the predictor ordering they reproduced across repeated 
seeds, subsamples and reference sets. One method reproduced its ordering substantially 
more reliably than the others, and the attribution together with the recommendations that 
follow was developed on that method alone, the remaining methods being retained only as 
a consistency check. Adopting stability as the selection criterion converts a disagreement 
that is usually left open into a decision that can be inspected and, if desired, contested on 
the evidence reported. Grouped and block permutation confirm the selected ranking, while 
a placebo check shows that the reliance on the money supply reflects the trend it shares 
with the index; reproducibility and validity were therefore assessed separately, and only 
the leading predictor and the second place of the economic risk index are robust to both.

The findings carry implications for three groups. For practitioners who build or buy 
index models, the retraining cadence and the formulation of the target deserve the scrutiny 
usually reserved for the algorithm, a history-based benchmark should always be reported 
alongside the model, and a model restricted to macro-risk inputs should be used to relate 
the index to economic conditions rather than to forecast its next value. For researchers, 
comparisons of learners under distributional shift are informative only when the design 
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factors are held fixed, tuning gains should be reported with the seed variability and the 
adoption rule that produced them, and the attribution method should be chosen by a stated 
criterion and its validity checked separately. For risk managers and supervisors who rely on 
explanations of model output, the reproducibility of a ranking, its validity under grouped 
and placebo permutations and the concentration of reliance on a single series are properties 
that can be measured and documented at little cost, and they indicate which inputs require 
the closest data governance.

Three directions follow. Re-optimising hyperparameters as the estimation window 
expands would test whether the ordering persists under fully adaptive deployment. Extend-
ing the stability criterion to more attribution methods and model families would establish 
how general the selection is. Applying the same factorial design to non-United States indices 
and other macro-risk panels would show whether the primacy of retraining cadence and 
information set over model family, reproduced here for four United States indices, is a 
broader feature of prediction under distributional shift. A further direction is to repeat the 
analysis with real-time data vintages, which would convert the contemporaneous mapping 
studied here into an operational nowcast.
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Appendix A 

Table A1. Separating the target formulation from the information set: evaluation-window root mean 
squared error, default configurations.

Model Direct, Macro-Risk Only (D0) Direct, Macro-Risk + yt −1  (D1) Anchored (A1)

Static Recursive Static Recursive Static Recursive

Ordinary Least Squares 0.8213 0.3631 0.0855 0.0774 0.0845 0.0731
Ridge Regression 0.8375 0.3668 0.1598 0.0942 0.0834 0.0724
Elastic Net 0.8019 0.3547 0.1059 0.0794 0.0788 0.0708
Support Vector 
Regression 1.6219 0.6035 1.6262 0.5711 0.0596 0.0627

k-Nearest Neighbours 1.4628 0.6853 1.1157 0.5611 0.0675 0.0673
Random Forest 0.7469 0.1267 0.7087 0.0910 0.0692 0.0658
Extremely Randomised 
Trees 0.8546 0.1321 0.7467 0.0891 0.0662 0.0680

Gradient Boosting 
Regression 0.7027 0.1128 0.7009 0.0804 0.0695 0.0708

Extreme Gradient 
Boosting 0.6753 0.1039 0.6954 0.0851 0.0694 0.0685

Light Gradient 
Boosting Machine 0.7784 0.1600 0.7791 0.1421 0.0684 0.0665

Multilayer Perceptron 1.4646 0.5653 0.6770 0.3072 0.1804 0.0976
Gaussian Process 
Regression 0.6297 0.2585 0.0930 0.0792 0.0610 0.0614

Ridge-Boosted Hybrid 0.7155 0.2600 0.1496 0.0957 0.0869 0.0740
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Table A1. Cont.

Model Direct, Macro-Risk Only (D0) Direct, Macro-Risk + yt −1  (D1) Anchored (A1)

Static Recursive Static Recursive Static Recursive

Stacked Generalisation 
Ensemble 0.5590 0.2497 0.2375 0.1319 0.0583 0.0586

Mean across models 0.9052 0.3102 0.5629 0.1775 0.0788 0.0698
Recursive drift, no 
macro-risk features 
(A0)

- - - - - 0.0585

Table A2. Variability of the two optimisers across independent search seeds: best validation root 
mean squared error, mean (standard deviation) over seeds.

Model Seeds Default TPE DE TPE Lower Gain of Better 
Optimiser (%)

Tuning 
Adopted

Ridge Regression 3 0.1557 0.1555 (0.0000) 0.1555 (0.0000) 2 of 3 0.11 to 0.11 0 of 3
Elastic Net 3 0.1617 0.1555 (0.0000) 0.1555 (0.0001) 2 of 3 3.84 to 3.88 3 of 3
Support Vector 
Regression 3 0.3884 0.0860 (0.0047) 0.0800 (0.0043) 1 of 3 78.69 to 80.45 3 of 3

k-Nearest 
Neighbours 3 0.3366 0.2256 (0.0020) 0.2294 (0.0058) 2 of 3 33.32 to 33.32 3 of 3

Random Forest 2 0.0646 0.0645 (0.0005) 0.0649 (0.0002) 2 of 2 −0.35 to 0.81 0 of 2
Extremely 
Randomised Trees 2 0.0710 0.0694 (0.0013) 0.0727 (0.0053) 2 of 2 0.91 to 3.54 1 of 2

Gradient Boosting 
Regression 2 0.0549 0.0515 (0.0014) 0.0492 (0.0002) 0 of 2 10.23 to 10.70 2 of 2

Extreme Gradient 
Boosting 3 0.0571 0.0630 (0.0013) 0.0628 (0.0113) 1 of 3 −11.27 to 7.20 1 of 3

Light Gradient 
Boosting Machine 2 0.0954 0.0616 (0.0053) 0.0764 (0.0223) 1 of 2 36.49 to 39.38 2 of 2

Multilayer 
Perceptron 3 0.2104 0.0837 (0.0016) 0.0904 (0.0031) 3 of 3 59.33 to 60.75 3 of 3

Ridge-Boosted 
Hybrid 3 0.0733 0.0673 (0.0056) 0.0765 (0.0038) 3 of 3 0.57 to 15.75 2 of 3

Stacked 
Generalisation 
Ensemble

2 0.0551 0.0447 (0.0023) 0.0469 (0.0021) 1 of 2 17.52 to 21.88 2 of 2

Table A3. Shared trend, stationary specifications and simpler references on the macro-risk information 
set (direct target unless stated, recursive protocol, evaluation window 2020–2026).

Specification R2 RMSE MAPE (%) R2
OS Corr. p-Value

Same information, simpler references
Linear time trend (OLS) 0.1212 0.2676 20.13 - - <0.0001
M2 level only (OLS) 0.3041 0.2382 18.58 - - <0.0001
Five predictor levels (OLS) 0.0528 0.2779 19.71 - - 0.0020
M2 features only (XGB) 0.8856 0.0966 7.36 - - 0.4739
All fifteen features (XGB, 
Table 5) 0.8677 0.1039 8.22 - - -

Stationary specifications
Detrended target and 
predictor levels (XGB) 0.6874 0.1596 9.51 - - 0.1458

Differenced: change target, 
change features (XGB) 0.9416 0.0690 5.26 −0.3935 0.0078 0.0180

Differenced: change target, 
change features (OLS) 0.9338 0.0735 5.40 −0.5789 −0.1485 0.0514

Recursive drift (historical 
mean change) 0.9581 0.0585 4.67 0.0000 - 0.0019

Placebo replacements of the three M2 features (XGB)
Simulated random walk, mean 
of 20 draws - 0.1008 

(0.0956–0.1090) - - - -

Time index 0.8833 0.0975 7.83 - - 0.4377
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Table A4. Behaviour of the leading model across the three subperiods of the evaluation window.

Quantity 2020–2021 2022–2023 2024–2026

Change in log index level 0.625 0.031 0.418
Change in log M2 0.337 −0.034 0.076
RMSE of the leading model 
(Table 7) 0.1016 0.0760 0.1266

R2  of the leading model 
(Table 7) 0.7707 0.6222 −0.0711

Grouped permutation importance within the subperiod (%)
M2 68.03 31.24 58.49
ERI 25.25 56.75 28.52
FRI 0.00 9.05 0.00
PRI 2.89 0.00 12.98
IPI 3.82 2.97 0.01

Table A5. Alternative split dates and a rolling estimation window: evaluation root mean squared 
error of the five leading ensembles (default configurations, direct target, recursive protocol).

Estimation Ends Months 
Evaluated

Above 
Train Max 

(%)
XGB GBR LGBM RF ET Drift

December 2015 121 95.0 0.0894 0.0958 0.1385 0.1070 0.1122 0.0527
December 2017 97 99.0 0.0964 0.1036 0.1469 0.1159 0.1223 0.0565
December 2019 (main 
split, Table 2) 73 97.3 0.1039 0.1128 0.1600 0.1267 0.1321 0.0584

December 2021 49 53.1 0.1049 0.1179 0.1303 0.1258 0.1024 0.0585
December 2019, rolling 
200-month window 73 97.3 0.1043 0.1174 0.1583 0.1288 0.1314 -

Table A6. Nested split of the evaluation window: the leading learner is selected on January 2020 to 
December 2022, and all models are scored on January 2023 to January 2026.

Model Selection 2020–2022 Confirmation 2023–2026 Against the Selected 
Learner

RMSE Rank RMSE R2 Rank Bootstrap 
95% CI p-Value

Ordinary Least 
Squares 0.4446 10 0.2602 −0.4986 11 [0.0468, 

0.0680] <0.0001

Ridge Regression 0.4455 11 0.2689 −0.6003 13 [0.0508, 
0.0738] <0.0001

Elastic Net 0.4436 9 0.2674 −0.5823 12 [0.0500, 
0.0729] <0.0001

Support Vector 
Regression 0.5318 13 0.2691 −0.6033 14 [0.0072, 

0.1119] 0.0443

k-Nearest 
Neighbours 0.7327 14 0.1657 0.3922 8 [0.0096, 

0.0232] 0.0007

Random Forest 0.1155 4 0.1367 0.5863 5 [0.0013, 
0.0116] 0.0323

Extremely 
Randomised 
Trees

0.1587 5 0.1167 0.6985 2 [−0.0019, 
0.0038] 0.7917
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Table A6. Cont.

Model Selection 2020–2022 Confirmation 2023–2026 Against the Selected 
Learner

RMSE Rank RMSE R2 Rank Bootstrap 
95% CI p-Value

Gradient 
Boosting 
Regression

0.0939 2 0.1249 0.6549 4 [−0.0018, 
0.0066] 0.2834

Extreme 
Gradient 
Boosting

0.0913 1 0.1148 0.7084 1 - -

Light Gradient 
Boosting 
Machine

0.1001 3 0.1214 0.6736 3 [0.0002, 
0.0034] 0.0528

Multilayer 
Perceptron 0.4732 12 0.1791 0.2903 9 [0.0077, 

0.0329] 0.0023

Gaussian Process 
Regression 0.3348 7 0.1510 0.4954 7 [−0.0015, 

0.0212] 0.0823

Ridge-Boosted 
Hybrid 0.3409 8 0.1399 0.5666 6 [0.0017, 

0.0124] 0.0068

Stacked 
Generalisation 
Ensemble

0.2853 6 0.2017 0.0991 10 [−0.0090, 
0.0519] 0.0484

No-change 
benchmark 0.0699 - 0.0485 0.9479 - [−0.0199, 

−0.0056] 0.0030

Drift benchmark 0.0698 - 0.0447 0.9559 - [−0.0202, 
−0.0059] 0.0021

Table A7. Confirmatory window: estimation May 2003 to December 2014 (140 months), evaluation 
January 2015 to December 2019 (60 months, 90.0 percent of them above the training maximum), 
default configurations, root mean squared error.

Model Direct Target Anchored Target p-Value Against 
XGB

Static Recursive Static Recursive (Direct, 
Recursive)

Ordinary Least 
Squares 0.3214 0.1587 0.0500 0.0466 0.0003

Ridge Regression 0.3245 0.1583 0.0488 0.0463 <0.0001
Elastic Net 0.3222 0.1629 0.0468 0.0454 <0.0001
Support Vector 
Regression 0.8161 0.3769 0.0438 0.0462 0.0009

k-Nearest 
Neighbours 0.7559 0.3197 0.0440 0.0468 0.0008

Random Forest 0.4923 0.0668 0.0434 0.0482 0.0280
Extremely 
Randomised Trees 0.5213 0.0695 0.0457 0.0479 0.0207

Gradient Boosting 
Regression 0.4683 0.0595 0.0468 0.0563 0.9973

Extreme Gradient 
Boosting 0.4471 0.0595 0.0475 0.0552 -

Light Gradient 
Boosting Machine 0.5885 0.0948 0.0502 0.0530 <0.0001

Multilayer 
Perceptron 0.4943 0.1987 0.0584 0.0728 <0.0001
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Table A7. Cont.

Model Direct Target Anchored Target p-Value Against 
XGB

Static Recursive Static Recursive (Direct, 
Recursive)

Gaussian Process 
Regression 0.3713 0.1185 0.0432 0.0439 0.0010

Ridge-Boosted 
Hybrid 0.2987 0.0840 0.0504 0.0508 0.0033

Stacked 
Generalisation 
Ensemble

0.3990 0.0657 0.0436 0.0435 0.4840

Mean across 
models 0.4729 0.1424 0.0473 0.0502 -

No-change 
benchmark 0.0447 <0.0001

Drift benchmark 0.0432 <0.0001

Table A8. Holm adjustment of the thirteen pairwise comparisons of Table 6 (each learner against 
extreme gradient boosting, evaluation window 2020–2026).

Model RMSE DM Statistic p-Value (Table 6) Holm-Adjusted 
p-Value

Stacked Generalisation 
Ensemble 0.2465 3.71 0.0002 0.0027

Random Forest 0.1267 3.36 0.0008 0.0095
k-Nearest Neighbours 0.5279 2.57 0.0101 0.1114
Support Vector 
Regression 0.4198 2.44 0.0146 0.1462

Light Gradient 
Boosting Machine 0.1114 2.38 0.0172 0.1552

Ridge Regression 0.3668 1.84 0.0664 0.5314
Elastic Net 0.3651 1.82 0.0685 0.5314
Ordinary Least Squares 0.3631 1.77 0.0770 0.5314
Extremely Randomised 
Trees 0.1390 1.53 0.1268 0.6340

Multilayer Perceptron 0.3559 1.48 0.1383 0.6340
Gaussian Process 
Regression 0.2585 1.29 0.1979 0.6340

Ridge-Boosted Hybrid 0.2593 1.27 0.2031 0.6340
Gradient Boosting 
Regression 0.1107 1.10 0.2726 0.6340

Table A9. Primary configuration with the predictors restricted to the information published at the 
prediction date (default configurations, evaluation window 2020–2026).

Variant and Model R2 MAE RMSE MAPE (%) p-Value Against 
Drift

Contemporaneous (all predictors dated t)
Extreme Gradient 
Boosting 0.8605 0.0891 0.1066 8.47 0.0013

Gradient Boosting 
Regression 0.8454 0.0921 0.1123 8.71 -

Light Gradient 
Boosting Machine 0.7031 0.1298 0.1556 11.97 -

End-of-month nowcast (risk t; M2, IPI t − 1)
Extreme Gradient 
Boosting 0.7974 0.1070 0.1285 10.08 0.0002
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Table A9. Cont.

Variant and Model R2 MAE RMSE MAPE (%) p-Value Against 
Drift

Gradient Boosting 
Regression 0.7955 0.1077 0.1291 10.11 -

Light Gradient 
Boosting Machine 0.6708 0.1409 0.1638 12.93 -

Start-of-month ex-ante forecast (risk t − 1; M2, IPI t − 2)
Extreme Gradient 
Boosting 0.7875 0.1079 0.1316 10.12 <0.0001

Gradient Boosting 
Regression 0.7856 0.1103 0.1322 10.33 -

Light Gradient 
Boosting Machine 0.6204 0.1488 0.1759 13.54 -

Table A10. The design of Table 2 repeated for four United States equity indices with the same five 
predictors: mean evaluation root mean squared error across ridge regression and the three boosted 
ensembles (default configurations).

Target Above Train 
Max (%) Direct Target Anchored Target

Best Learner,
Direct 

Recursive
Drift

Static Recursive Static Recursive

Nasdaq-100 97.3 0.7485 0.1860 0.0732 0.0692 XGB 0.1039 0.0584
S&P 500 93.2 0.5489 0.1498 0.0652 0.0603 XGB 0.0836 0.0491
Dow Jones 
Industrial 
Average

90.4 0.4029 0.1055 0.0551 0.0614 XGB 0.0662 0.0488

Nasdaq 
Composite 95.9 0.6771 0.1807 0.0753 0.0709 XGB 0.1002 0.0584

Table A11. Nasdaq-100 with a wider information set: four further monthly series added to the five 
predictors (default configurations, direct target, recursive protocol).

Model or Predictor RMSE, Five Predictors RMSE, Nine Predictors R2 , Nine Predictors

Extreme Gradient Boosting 0.1039 0.0837 0.9140
Gradient Boosting Regression 0.1132 0.0933 0.8933
Light Gradient Boosting 
Machine 0.1600 0.1325 0.7845

Grouped permutation importance of extreme gradient boosting, nine predictors (%)
M2 money supply 39.57
Consumer price index 31.97
Economic risk index 12.46
Effective federal funds rate 9.36
US dollar index 3.77
Financial risk index 1.06
Industrial production index 0.93
WTI crude oil price 0.57
Political risk index 0.32
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Table A12. Reproducibility and predictor shares of the leading model under single-feature, grouped 
and grouped block permutation.

Method Spearman 
𝝆

Kendall’s 
W

Mean 
Rank 
SD

M2 ERI FRI PRI IPI

PFI, single feature (Equation (24); 
Tables 8 and 9) 0.9374 0.9405 0.2872 68.28 17.31 10.38 2.40 1.63

Grouped PFI 0.9379 0.9410 0.2862 65.82 17.89 11.99 2.43 1.87
Grouped block PFI (blocks of six 
months) 0.9368 0.9400 0.3033 67.20 18.25 10.41 2.37 1.76

Table A13. Attribution shares (%) of the leading model with two placebo predictor groups added to 
the inputs.

Predictor Group PFI (Equation (24)) Grouped PFI Grouped Block PFI LOCO

M2 41.20 39.71 38.97 42.48
ERI 14.73 14.75 14.72 7.02
FRI 2.14 1.63 1.53 0.00
PRI 0.78 0.69 0.76 0.00
IPI 1.58 1.44 1.47 0.00

White-noise 
placebo 0.00 0.00 0.00 0.00

Random-walk 
placebo 39.57 41.79 42.55 50.50
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