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Abstract: A volatility forecast becomes useful only after it has passed through four stages: a model produces it, a trading rule
consumes it, a portfolio aggregates the result, and an investor evaluates that result against a utility function. Each stage has its own
mature evaluation apparatus, and each is studied in isolation. This review traces the forecast through the whole pipeline and asks
where the evidence connecting the stages actually exists. Drawing on 153 studies published between 1963 and 2026, covering both
the international and the Russian-language literature, it makes four contributions. First, it introduces the four-stage pipeline itself
as an organising framework for a literature that has never been surveyed across, rather than within, its stages. Second, it develops
a classification of the channels through which a forecast reaches a trading decision — trade parameters, entry gating, position sizing
and allocation. The first three channels and their comparative evaluation were introduced by the author in Lysenok (2026a); the
framework is generalised here to four channels and applied as an organising instrument for the literature, which is shown to be
structured one channel at a time, with no comparison under common conditions. Third, it maps the state of the evidence stage by
stage and reports a quantitative asymmetry: 81 of the 153 studies evaluate forecasts by a statistical loss alone, 35 evaluate trading
or portfolio outcomes without reference to forecast quality, and only 8 apply both criteria. The only direct comparison of channels
under common conditions is the author’s own, and its results — gains concentrated entirely in the channels that govern the
commitment of capital, with the trade-parameter channel delivering no measurable economic value — indicate that the transitions
this review maps are not formalities. Fourth, it systematises for an international readership a body of Russian-language work on
volatility forecasting that has remained inaccessible behind a language barrier. The review concludes that statistical accuracy is a
defensible proxy for economic value only conditionally on the channel through which the forecast reaches the allocation of capital,
and sets out five research tasks that follow from the mapping.
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1. Introduction

Volatility is the most predictable second-order property of financial returns, and the effort devoted to
forecasting it more accurately is correspondingly large. The methodological literature has produced a sequence of
increasingly capable model classes, from the parametric conditional-variance families through the realized-volatility
framework to gradient boosting and deep neural architectures, and it has developed a rigorous apparatus for deciding
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which of them forecasts better. That apparatus is self-contained. It compares models by a loss function, tests the
significance of differences in that loss, and stops.

The stopping point matters, because a forecast is not an end in itself. Before it can be worth anything, it must
pass through a sequence of stages. A model produces the forecast. A trading rule consumes it and turns it into a
decision about whether to hold a position and how large that position should be. Individual positions are aggregated
into a portfolio. The portfolio is finally evaluated against the preferences of the investor who bears its risk. Each of
these four stages has developed its own literature, its own benchmark practices and its own metrics, and each of those
literatures is largely self-referential. Studies of forecasting accuracy rarely follow the forecast into a trading decision.
Studies of trading strategies rarely ask how good the forecast inside them is. Studies of volatility-managed portfolios
use a single mechanism of exposure scaling and apply it to passive factor portfolios. Studies of economic value apply
the utility framework to covariance timing rather than to active systems.

The consequence is a set of transitions between stages on which the evidence is thin. Whether an improvement
in statistical accuracy survives the passage into a trading decision is an empirical question that has been asked far less
often than the question of which model is more accurate. Whether the mechanism of volatility management that works
on passive factor portfolios also works inside a book of heterogeneous active strategies is another. Whether the
resulting system pays for itself net of the cost of building it is a third. This review is organised around those transitions
rather than around the model classes, which is what distinguishes it from existing surveys of the volatility forecasting
literature.

The volatility forecast pipeline: four stages and three unexamined transitions

Stage 1 Stage 2 Stage 4
Forecasting Trading Investor
model decision

Figure 1. The volatility forecast pipeline: four stages, the metric conventionally used at each, and the three
transitions on which evidence is scarce.

Four contributions follow. The first is the pipeline framework itself. Surveys of this literature exist within stages
— most recently the comprehensive model-level review of Leushuis and Petkov (2026), which evaluates thirty-two
forecasting specifications by goodness-of-fit criteria — but no survey has traversed the stages, and the four-stage
representation of Figure 1, with its identification of the transitions as the objects requiring evidence, is introduced
here. The second is a classification of the channels through which a volatility forecast can enter a trading decision. A
forecast may scale the stop-loss and take-profit distances of a trade whose entry has already been determined; it may
gate entry into a position; it may determine the size of that position; or it may set weights across strategies within a
book. These are four distinct mechanisms with different sensitivities to forecast quality. The distinction between the
first three, together with the first comparative evaluation of them on a single data set, was introduced by the author in
Lysenok (2026a); the present review generalises the scheme to four channels by adding the allocation channel, adopts
it as the organising instrument for Section 4, and uses it to show that the existing evidence is structured one channel
at a time, with no study comparing them under common conditions. The same body of work provides what is, to the
author’s knowledge, the first introduction of a volatility forecast into a multi-strategy book of active strategies
evaluated by both statistical and economic criteria, which is the intersection that Section 5 identifies as empty in the
prior literature. The channel labels used here follow that earlier work, so that results reported under the original scheme
remain directly comparable.

The third is a quantitative mapping of the evidence. Of the 153 studies surveyed here, 81 evaluate forecasts by
a statistical loss alone, 35 evaluate trading or portfolio outcomes without any assessment of the quality of the forecast
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that drives them, and only 8 apply both criteria within a single design. That asymmetry is the central finding of the
systematisation, and it is what justifies organising a review around transitions rather than around methods.

The fourth is the systematisation of a Russian-language body of work on volatility forecasting. That literature
has developed its own line of enquiry — on the role of oil prices and sanctions, on microstructure constraints affecting
the choice of sampling frequency, on the applicability of HAR-type models to a concentrated emerging market — and
it is effectively closed to an international readership by the language barrier. Section 7 organises it by the same four
stages used elsewhere in the review.

The remainder of the paper is organised as follows. Section 2 describes the search protocol and the criteria for
inclusion. Sections 3 to 6 traverse the four stages of the pipeline in turn. Section 7 covers emerging markets, with the
Russian market as the principal case. Section 8 synthesises the evidence and identifies where the chain breaks. Section
9 concludes with five research tasks.

2. Review methodology

The search covered Scopus, Web of Science, RePEc and, for the Russian-language corpus, eLibrary. Queries
combined terms for the object of forecasting (realized volatility, conditional variance, volatility forecasting) with terms
for each stage of the pipeline (trading strategy, position sizing, volatility targeting, volatility timing, economic value,
certainty equivalent, portfolio construction). The period covered is 1963 to 2026, beginning with the first
documentation of non-normal return distributions and extending to the most recent work available at the time of
writing.

Inclusion required that a study contribute evidence to at least one stage of the pipeline and report an evaluation
against a benchmark, whether statistical or economic. Methodological contributions without an empirical component
were included where they define the evaluation apparatus itself — loss functions, tests of predictive accuracy,
bootstrap procedures for inference on performance ratios — since the argument of this review concerns precisely how
evaluation is conducted. Purely descriptive market commentary, textbook expositions without original results and
studies of implied volatility surfaces unconnected to forecasting were excluded.

The resulting corpus comprises 153 studies. Each was classified along five dimensions: the stage or stages of
the pipeline it addresses, the channel of integration where applicable, the type of evaluation applied (statistical loss,
economic outcome, or both), the market examined, and the sampling frequency of the data. Studies spanning several
stages are counted in each, which is why stage-level counts sum to more than the number of studies. The classification
is what makes the quantitative statements in Sections 8 and 9 possible; it is also, inevitably, a judgement, and
borderline cases were resolved in favour of the narrower category.

Figure 2 shows the distribution of the corpus across stages and periods of publication. The concentration is
pronounced and is itself the first result of the review.

Two limitations of the protocol should be stated. The corpus is weighted towards equity markets, since that is
where the four stages have all been studied; the fixed-income and commodity literatures are represented only where
they inform the general argument. And the classification of evaluation type is binary within each study, whereas some
studies report an economic metric as a robustness check without treating it as a criterion. Such cases were classified
by the criterion on which the study’s conclusions rest, which is a judgement that a different reviewer might make
differently in perhaps a dozen instances. Neither limitation affects the direction of the asymmetry reported in Section
8, whose magnitude is too large to be sensitive to marginal reclassification.
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Figure 2. Coverage of the reviewed literature by pipeline stage and period of publication. A study spanning
several stages is counted in each.

3. Stage one: forecasting models

3.1. What the object of forecasting requires of a model

The empirical properties that a volatility model must accommodate were established well before the models
themselves. Returns are not normally distributed and their dispersion is not constant (Mandelbrot, 1963); volatility
clusters, reverts to a long-run level, responds asymmetrically to the sign of returns, exhibits jumps and co-moves
across assets (Cont, 2001). These properties constitute the specification problem, and the sequence of model families
reviewed below can be read as successive attempts to represent more of them at acceptable cost.

3.2. The parametric tradition

The autoregressive conditional heteroskedasticity framework of Engle (1982), generalised by Bollerslev
(1986), models conditional variance as a function of past squared innovations and past variances, thereby capturing
clustering and mean reversion within a compact parameterisation. Asymmetry was subsequently accommodated by
the exponential specification of Nelson (1991) and by the threshold term of Glosten, Jagannathan and Runkle (1993);
Engle and Ng (1993) formalised the diagnostic apparatus for detecting it. The family expanded rapidly, and Rossi
(2010) provides a systematic account of its univariate branch.

The comparative evidence has not been kind to elaboration. Hansen and Lunde (2005) compared 330
specifications and found no consistent improvement over the simplest GARCH(1,1) in forecasting exchange rate and
equity volatility. That result has proved durable, and it establishes an important discipline for the rest of the review:
within a model family, added structure does not reliably buy accuracy, and claims to the contrary require testing
against the simplest available member of the family rather than against a strawman.

A separate branch addresses persistence through fractional integration, reproducing the slow decay of the
autocorrelation function at the cost of a parameter that is sensitive to sample length and sampling frequency; its
forecasting advantage does not survive consistently out of sample. The lesson carries through the rest of the stage:
long memory must be represented somehow, and the specifications that endure are those that represent it cheaply
rather than exactly.

3.3. Realized volatility and the shift to intraday data

The decisive change came not from a better parameterisation but from a better measurement. Andersen and
Bollerslev (1998) showed that the apparent poor performance of standard models was substantially an artefact of using
squared daily returns as the evaluation target, and that a measure constructed from intraday returns changes the
assessment. The formal development followed in Andersen, Bollerslev, Diebold and Labys (2001; 2003), which
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established realized volatility as a consistent estimator of integrated variance and moved the object of forecasting from
a latent to an observable quantity. The practical consequence is that volatility forecasting becomes a time-series
problem on an observed series rather than a filtering problem on an unobserved one, which is what opened the field
to the model classes discussed in Sections 3.6 and 3.7.

Sampling frequency is the parameter that governs the trade-off between the informativeness of the estimator
and contamination by microstructure noise. The heterogeneous market hypothesis of Miiller et al. (1997) provides the
economic rationale for treating different sampling horizons as reflecting different classes of market participant, and it
supplies the intuition on which the model of the following subsection rests.

The choice is not merely technical. Sampling too finely admits bid-ask bounce and discreteness effects that bias
the estimator upward; sampling too coarsely discards information and raises its variance. The conventional five-
minute interval on developed equity markets represents a compromise calibrated to the spread structure and turnover
of those markets, and it is not automatically appropriate elsewhere. Section 7 returns to this point, since the
transferability of the standard is one of the substantive questions that emerging-market applications raise. What matters
for the argument here is that the sampling decision made at Stage one propagates through the entire pipeline: a forecast
built on a noisier target will be evaluated as less accurate at Stage one and may or may not be less useful at Stage two,
and no study in the corpus separates these two effects.

3.4. The heterogeneous autoregressive family

The model of Corsi (2009) represents long memory through an additive cascade of daily, weekly and monthly
realized volatility components. Its efficiency is remarkable: three terms reproduce persistence that an autoregressive
specification would require some twenty lags to approximate, and the resulting model remains linear and interpretable.
It has become the standard benchmark, and the burden of proof in this literature now rests on any model that claims
to beat it.

Its extensions follow the empirical properties enumerated in Section 3.1. Andersen, Bollerslev and Diebold
(2007) add a jump component, separating the continuous part of quadratic variation using the bipower variation of
Barndorff-Nielsen and Shephard (2004). Patton and Sheppard (2015) decompose by the sign of returns and find that
negative jumps raise subsequent volatility substantially more than positive ones of comparable magnitude. Bollerslev,
Patton and Quaedvlieg (2016) exploit the measurement error in the realized estimator itself, allowing the coefficients
to depend on the precision of the estimate. Clements and Preve (2021) collate the estimation choices that materially
affect the performance of the family in applied work. The wider family record confirms the pattern across settings:
time-varying coefficients improve performance when regimes shift (Wang, Ma, Wei and Wu, 2016), frequency
decompositions of the target add accuracy (Gong and Lin, 2019), the multivariate generalisation is robust to non-
Gaussian features (Cech and Barunik, 2017), the specification is more stable than its fractionally integrated competitor
across horizons and sectors (Izzeldin, Hassan, Pappas and Tsionas, 2019), it transfers to commodity markets
(Degiannakis, Filis, Klein and Walther, 2022), and it scales to panel estimation across asset classes with documented
economic gains (Bollerslev, Hood, Huss and Pedersen, 2018).

Further variants — logarithmic targets, multivariate cascades admitting cross-sectional information, time-
varying coefficients — each improve fit at the cost of parameters, and the comparative evidence follows the pattern
of Section 3.2: real but modest gains that are not uniform across markets or horizons.

3.5. Hybrids within the econometric tradition

Several specifications combine the realized measure with the conditional-variance framework rather than
replacing one with the other. The realized GARCH of Hansen, Huang and Shek (2012) models returns and realized
measures jointly; the HEAVY specification of Shephard and Sheppard (2010) is designed for rapid adaptation to shifts
in the level of volatility; the mixed-frequency approach of Ghysels, Santa-Clara and Valkanov (2006) admits
predictors sampled at different frequencies within a single regression. A parallel line uses the option-implied volatility
as a predictor, following the finding of Christensen and Prabhala (1998) that it contains information beyond the
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historical series; the systematic comparisons of Kambouroudis, McMillan and Tsakou (2016; 2021) establish that its
inclusion as a regressor improves HAR-type forecasts consistently across markets, whereas no single augmented
specification dominates in all of them.

3.6. Machine learning and deep architectures

Machine learning entered volatility forecasting through the same door as the rest of empirical asset pricing (Gu,
Kelly and Xiu, 2020). Three classes have received sustained attention. Regularised regressions extend the linear
framework by admitting many lags and shrinking uninformative coefficients; Audrino and Knaus (2016) show that a
LASSO specification is comparable to HAR but does not reproduce its lag structure, and Ding, Kambouroudis and
McMillan (2021) find it superior out of sample across eight international indices. Tree ensembles partition the
predictor space without a prior functional form: Luong and Dokuchaev (2018) document gains from random forests,
Christensen, Siggaard and Veliyev (2023) find that tree-based methods improve on the HAR family when a rich
feature set is available, and Teller, Pigorsch and Pigorsch (2022) report that gradient boosting outperforms both HAR
and recurrent networks at the one-day horizon.

Deep architectures form the third class. Recurrent networks with gating mechanisms (Hochreiter and
Schmidhuber, 1997; Cho et al., 2014) were the first to be applied, with Bucci (2020) reporting gains over econometric
alternatives on long samples. Convolutional designs followed, including the HARNet of Reisenhofer, Bayer and
Hautsch (2022), which initialises a dilated convolutional network at the coefficients of the HAR model and thereby
guarantees performance at least equal to its benchmark from the outset. Attention-based architectures constitute the
current frontier: Ramos-Pérez, Alonso-Gonzalez and Nufiez-Velazquez (2021) and Frank (2023) report improvements
from transformer variants, and graph-based designs extend the approach to the cross-section (Brini and Toscano,
2025). Moreno-Pino and Zohren (2024) apply dilated causal convolutions directly to high-frequency data, building on
the time-series convolutional designs of Borovykh, Bohte and Oosterlee (2018), and Betz, Heil and Peter (2023) train
convolutional networks on image representations of intraday returns. The applied record around these architectures is
broad: recurrent networks retain accuracy in turbulent periods (Souto and Moradi, 2023), convolutional-recurrent
hybrids outperform standalone learners (Ma, Hong and Song, 2024), boosting implementations dominate intraday
prediction tasks (Wu and Wang, 2021), ensembles of boosting with networks improve on either component (Zhang,
2022), kernel methods capture nonlinearities without architectural complexity and remain stable across regime shifts
(LeBaron, 2018; Sanli, Balcilar and Ozmen, 2025), and textual sentiment adds predictive content to the standard
feature set (Audrino, Sigrist and Ballinari, 2020). The theoretical warrant for the flexible class as a whole is the
universal approximation property (Hornik, Stinchcombe and White, 1989), and the representation-learning framework
of Zerveas et al. (2021) supplies the general template that the transformer applications instantiate.

The aggregate verdict is not settled. Branco, Rubesam and Zevallos (2024), forecasting ten global indices, find
no evidence that nonlinear machine learning beats linear models by a statistically significant margin. Audrino and
Chassot (2025), working with 1,445 US equities and evaluating by QLIKE, mean squared error and a realized utility
criterion, find that a carefully specified HAR model with an appropriate re-estimation scheme is not surpassed by
machine learning alternatives given the same predictors. Their result is methodologically important beyond its
substantive finding: it demonstrates that the fitting scheme, and not only the hypothesis class, determines the outcome
of such comparisons.

An important qualification concerns the information set rather than the algorithm. The comparisons that favour
the econometric benchmark are typically conducted with a restricted predictor set — lagged realized measures and an
implied volatility index — which is precisely the information that the HAR cascade was designed to summarise
efficiently. The comparisons that favour flexible learners typically supply a much larger predictor space including
cross-sectional, macroeconomic and microstructure variables. It follows that the disagreement in the literature is partly
about what is being compared: whether a flexible model can extract more from the same information, or whether it
can exploit information that the parsimonious specification cannot represent at all. These are different claims with
different implications, and studies rarely distinguish them explicitly.
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The horizon dimension adds a further complication that is directly relevant to Stage two. The relative advantage
of flexible learners is concentrated at short horizons, where the recent intraday history is most informative and where
interactions among realized measures carry signal that an additive cascade cannot represent. As the horizon lengthens
and the target is aggregated, the mean-reverting component dominates, the effective number of independent
observations falls, and the variance of a flexible estimator rises while its marginal informational advantage declines.
A trading system does not consume forecasts at an arbitrary horizon: it consumes them at the horizon of its rebalancing
decision. The choice of model is therefore not separable from the design of the system that will use it, which is a first
instance of the general point this review develops.

3.7. Model class and the structure of the data

The instability of the aggregate verdict has an explanation outside finance. Comparative studies of learning on
tabular data consistently find that gradient-boosted trees remain competitive with, and frequently superior to, deep
architectures (Shwartz-Ziv and Armon, 2022; Grinsztajn, Oyallon and Varoquaux, 2022), and surveys of deep learning
on such problems reach compatible conclusions (Borisov et al., 2022). Three properties are advanced as the
explanation, and all three apply to volatility panels: tree ensembles select features implicitly and are therefore robust
to uninformative predictors; they represent non-smooth, piecewise-constant target functions efficiently; and they do
not require the sample sizes that high-capacity sequential models need to estimate their parameters.

The relevance to this review is direct. A volatility panel constructed from a few hundred engineered predictors
on a market with a few dozen liquid instruments is exactly the regime in which this literature predicts trees to win and
sequence models to struggle. It follows that the label "machine learning" is a poor unit of comparison: the families it
covers differ from one another by margins comparable to, and in some samples larger than, the margin separating
either of them from the econometric benchmark.

Taxonomy of realized volatility forecasting models

Realized volatility
forecasting models

) Regularization Trees
S S s

ARCH / GARCH | ‘ LASSO, Ridge Randam Farest LSTM, GRU Bates, Granger
GARCH, GIR | ‘ Elastic Nat | XGBoost ‘ CHN, HARNet HAR + boosting
ARFIMA | ‘ Kernel regression | LightGBM ‘ Deepvol CHN-LSTM
[ AR [Corsi) ‘ Audrino, Knaus ] Christensen et a ranstormers, TF1 [ GARCH 1 L5TH
HAR-J, HARQ ‘ Ding et al Teller et a Graph networks Forecast combination ‘
Realized GARCH
[ HEAVY, MIDAS

Figure 3. Taxonomy of realized volatility forecasting models by family, with representative specifications.
3.8. Combination

Bates and Granger (1969) established that a weighted combination of forecasts can dominate each of its
constituents, and the subsequent literature has repeatedly found simple combinations difficult to improve upon (Genre
et al., 2013). Applied across families rather than within one, the principle yields hybrids of econometric and machine
learning forecasts, and the evidence assembled in Section 3.6 suggests why such combinations are attractive: the
relative advantage of the two families varies with the forecast horizon and with the re-estimation scheme, so a weighted
combination is a hedge against the instability that the comparative studies document.

The horizon dependence described above implies that a single set of combination weights is unlikely to be
optimal across the horizon range, and the finding of Audrino and Chassot (2025) that the re-estimation scheme drives
comparative outcomes applies with equal force to the combination layer. Empirical support on an emerging market is
provided in Lysenok (2025), where a hybrid of the HAR-J specification with gradient boosting, its weights shifting
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towards the econometric component as the horizon lengthens, improves on the benchmark significantly at every
horizon under annual re-estimation.

3.9. The apparatus of comparison

Evaluation within this stage is methodologically mature. Patton (2011) established which loss functions
preserve the true ranking of forecasts when the target is measured with error, identifying the quasi-likelihood and
squared-error families as robust; the quasi-likelihood loss is additionally asymmetric in the direction that matters for
risk management, penalising underestimation more heavily. Diebold and Mariano (1995) provide the test for the
significance of differences in expected loss, and Hansen, Lunde and Nason (2011) extend the logic to sets of models.
The multiplicity problem that arises from searching over many specifications is addressed by White (2000) and
Romano and Wolf (2005), and its consequences for backtested strategies are set out by Bailey et al. (2014) and, in the
context of factor discovery, by Harvey, Liu and Zhu (2016). Tashman (2000) collates the protocols for out-of-sample
evaluation.

This apparatus answers one question completely and another not at all. It establishes which model forecasts
more accurately, with a defensible notion of statistical significance. It says nothing about whether the difference is
worth anything, and the remaining sections of this review are concerned with that question.

It is worth being precise about why the gap is not closed by the loss function itself. A robust loss preserves the
ranking of forecasts with respect to the true conditional variance; it does not preserve the ranking of forecasts with
respect to any particular decision that uses them. Two forecasts with identical expected loss can differ in the
distribution of their errors — in whether they err in calm or turbulent states, in whether they overshoot or undershoot
at the thresholds where a trading rule changes behaviour — and a decision rule that is sensitive to those states will not
rank them equally. This is not a defect of the loss function but a limit on what a loss function can do, and it is the
formal reason why the transitions in Figure 1 require separate evidence rather than following from Stage one by
implication.

4. Stage two: integration into trading decisions

4.1. Systematic strategies and the inefficiencies they exploit

The strategies that consume volatility forecasts fall into a small number of families defined by the market
inefficiency they exploit. Counter-trend rules rest on the mean reversion documented by Poterba and Summers (1988);
trend-following rules on the momentum established by Jegadeesh and Titman (1993) in the cross-section and by
Moskowitz, Ooi and Pedersen (2012) in the time series; relative-value rules on the convergence property analysed by
Gatev, Goetzmann and Rouwenhorst (2006). The profitability of technical rules more generally has been examined
since Brock, Lakonishok and LeBaron (1992), formalised by Lo, Mamaysky and Wang (2000), surveyed by Park and
Irwin (2007), and shown by Menkhoff (2010) to be widely used by institutional managers, which establishes that the
object of this stage is a live practice and not merely an academic construct.

The distinction between families matters for the argument because they have opposite exposures to volatility.
Counter-trend rules profit when prices oscillate around a level and lose when a directional move persists, which makes
them vulnerable in high-volatility states. Trend rules profit from persistence and are eroded by whipsaw, which makes
them vulnerable in quiet, range-bound conditions. A volatility forecast is therefore not a uniformly favourable or
unfavourable signal for a book of strategies: it is a signal whose interpretation depends on which strategy is being
considered. This is the structural reason why a gating mechanism can add value that a uniform exposure adjustment
cannot, and it is a feature of active books that the passive-portfolio literature of Section 5.3 has no occasion to
encounter.

Risk management inside these strategies is itself a use of volatility information, though usually of realized rather
than forecast volatility. Distances for stop-loss and take-profit levels are conventionally set as multiples of a range-
based estimator, position sizes as a function of the same quantity. The substitution of a forecast for a backward-looking
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estimate at these points is the narrowest form of integration and the one considered in Section 4.3; the broader forms
considered in Sections 4.4 and 4.5 change what the strategy does rather than how it parameterises what it was going
to do anyway.

4.2. A classification of integration channels

A volatility forecast can reach a trading decision through several mechanisms, and the literature has treated
them as interchangeable applications of a single idea. They are not. The classification used here distinguishes four
channels by what the forecast determines, which is also what governs the sensitivity of the outcome to forecast quality.

The scheme originates in Lysenok (2026a), which defined three integration channels — trade parameters, entry
gating and position sizing, labelled B, C and D against a forecast-free baseline A — and evaluated them on a common
data set, a common strategy universe and a common inference procedure. That study, to the author’s knowledge, is
the first to compare integration mechanisms rather than to examine one of them; the individual mechanisms had been
introduced separately by Kaminski and Lo (2014), Fleming, Kirby and Ostdiek (2001) and Moreira and Muir (2017)
respectively. The present review retains those labels so that results remain comparable across the two papers, and
extends the scheme with a fourth channel, allocation, which operates at the portfolio rather than the position level and
is discussed in Section 5.

Four channels transmitting the forecast into the trading decision

significant

si an
Channel C Channel D
entry gating position sizing

| l

Volatility Entry Position Trade Portfolio
forecast decision size parameters weight

Figure 4. Four channels transmitting a volatility forecast into the trading decision. Shading marks the
channels in which the forecast governs the commitment of capital.

Table 1. Classification of integration channels

the percentile of the
forecast

is opened at all

Ostdiek (2001)

Channel Mechanism What it Principal studies Established effect
determines
B. Trade Scaling of stop-loss | How an open Kaminski and Lo Modest and not
parameters and take-profit position is managed | (2014) reliably significant
distances
C. Entry gating Admission mask on | Whether a position | Fleming, Kirby and | Significant gains in

investor utility

book

Kleen and Lonn
(2025)

D. Position sizing Exposure scaled How much capital Moreira and Muir Significant,
inversely to the is committed (2017); Barroso and | primarily through
forecast Santa-Clara (2015) | risk reduction

E. Allocation Weights across How capital is Kirby and Ostdiek Established for
strategies or assets distributed withina | (2012); Conrad, passive portfolios,

not for active books

Source: compiled by the author. Channels B, C and D follow the classification introduced in Lysenok (2026a),
channel E is added in the present review.
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The analytically important boundary runs between channel B on one side and channels C, D and E on the other.
In B the forecast modifies the management of a position whose existence has already been settled by a directional
signal. In the others it determines whether capital is committed and in what quantity. If forecast quality has economic
value, there is no reason for these two groups to respond to it identically, and the evidence reviewed below indicates
that they do not.

The formal intuition is that the channels differ in the curvature of the mapping from forecast to outcome. Where
the forecast enters as a smooth multiplier on a quantity that is itself optimised — a stop distance, a take-profit level
— the optimisation can absorb a systematic error in the forecast by shifting the multiplier, so the derivative of outcome
with respect to forecast quality is small in the neighbourhood of the optimum. Where the forecast enters a threshold
that determines a discrete action, no such absorption is available: an error that moves the forecast across the threshold
changes the action entirely. Channels C and D differ in degree here — gating is a pure threshold, sizing is continuous
but unbounded in its effect on capital at risk — but both belong to the class in which forecast error is not absorbed by
parameter recalibration.

4.3. The trade-parameter channel

Kaminski and Lo (2014) provide the reference analysis of stop-loss rules, showing that they add value under
momentum dynamics and subtract it under mean reversion, with a magnitude they characterise as modest. The
theoretical reason is visible in the structure of the channel: a parameter optimisation can compensate for a less accurate
forecast by recalibrating the response function, so the marginal contribution of forecast quality is attenuated by
construction. This is the channel in which improvements in forecasting should be expected to matter least, and the
empirical results assembled in Section 8 are consistent with that expectation.

4.4. The entry-gating channel

Gating uses the forecast to determine admissibility rather than magnitude. Fleming, Kirby and Ostdiek (2001)
provide the canonical implementation in the volatility-timing framework, and the mechanism has since been applied
through regime classification, where the forecast is discretised into states and different strategy types are admitted in
different states. The economic logic is asymmetric with respect to the risk-free rate: capital withheld from the market
earns the money-market rate, so the opportunity cost of a correct refusal to trade falls as that rate rises. This dependence
has received almost no attention, for the straightforward reason that most of the evidence was generated in a low-rate
environment. The one direct measurement is Lysenok (2026c): on the Russian market, as the policy rate rose from 9.9
to 21 per cent, the relative advantage of the forecast-informed system over its forecast-free counterpart widened from
a factor of 1.7 to a factor of 4.7, with the base system’s Sharpe ratio collapsing from 2.99 to 0.40 while the gated
system never fell below 1.87. The rate environment is not background here; it is an amplifier of the channel effect,
and it defines the fourth research task of Section 9.

Implementations of the discretisation vary in ways that are not innocuous. A percentile rule applied to a rolling
window adapts to the level of volatility but is sensitive to the window length; a fixed threshold is stable but drifts out
of calibration as the unconditional level shifts; a latent-state model estimated jointly with the forecast introduces a
second layer of estimation error. The comparative evidence on these choices is thin, and since the gating channel is
the one in which the forecast has the largest measured effect, the sensitivity of results to the discretisation rule is a gap
of practical importance rather than a technicality.

A related observation concerns exposure. A gating rule reduces the fraction of time a system is in the market,
and any reduction in exposure mechanically reduces both return and risk. The diagnostic that separates a genuine
forecast-driven filter from a mechanical de-risking is whether return is preserved while exposure falls: if a system
trades materially less often without losing return, the entries it declined were disproportionately unprofitable, which a
random or calendar-based reduction would not achieve. This diagnostic is straightforward to compute and is reported
only occasionally.
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4.5. The position-sizing channel

Scaling exposure inversely to a volatility estimate is the most extensively studied mechanism. Hallerbach
(2012) provides the formal argument for its optimality over time; Barroso and Santa-Clara (2015) and Daniel and
Moskowitz (2016) demonstrate that it removes the crash risk of momentum strategies; Baltas and Kosowski (2019)
show that the choice of volatility estimator materially affects the result, which links this stage back to Stage one.
Clements and Vatsa (2025) decompose the forecast by frequency and find that the low-frequency component produces
the better portfolio outcome, concluding that forecast evaluation should be aligned with the investment objective rather
than conducted independently of it — a conclusion that anticipates the argument of this review.

4.6. What has not been compared

Each channel has been studied; the channels have not been compared. No study in the corpus evaluates all
mechanisms under a common data set, a common strategy universe and a common inference procedure, which means
that the practically decisive question — given a fixed budget for model development, where should a forecast be
inserted — has not been posed in a form that admits an answer.

Part of the reason is methodological cost. A clean comparison requires that everything other than the channel
be held constant, which is straightforward for gating, where strategy parameters can be carried over unchanged and
only the input forecast varies, but not for sizing or parameter scaling, where the parameters interact with the forecast
and must be re-optimised for each configuration. The asymmetry in cost has shaped the literature: the channel that is
cheapest to test in isolation is not the channel that most studies test, and the configurations that would make the
comparison informative are the ones that require the most computation.

The exception, and the only direct evidence in the corpus, is Lysenok (2026a), which evaluates three channels
against a forecast-free baseline on a fixed universe of seventeen liquid Moscow Exchange equities, a fixed book of
six strategies spanning counter-trend, trend and range families, and a common bootstrap inference procedure, over a
walk-forward control period from 2022 to 2026. The results separate the channels sharply. Entry gating and position
sizing raise the Sharpe ratio of the multi-strategy portfolio by +1.19 and +1.22 respectively (p < 0.001), delivering
certainty-equivalent gains of up to +2.07 per cent per annum for a conservative investor; the trade-parameter channel
yields +0.15 of Sharpe ratio and no certainty-equivalent gain distinguishable from zero at any level of risk aversion.
A companion study (Lysenok, 2026b) reverses the experiment, holding the channels fixed and varying the forecasting
model: a 28 per cent improvement in QLIKE is worth +0.79 to +0.85 of Sharpe ratio when routed through gating or
sizing, and +0.04, indistinguishable from zero, when routed through trade parameters. Read together, the two designs
establish the same boundary from both directions — varying the channel with the model fixed, and varying the model
with the channel fixed — which is the strongest form the evidence can currently take.

The strongest indirect evidence that the question matters comes from Wade (2026), who evaluates graph neural
network forecasts on 465 US equities and finds that the model with the lowest forecast error, the model with the
highest cross-sectional ranking accuracy and the model with the highest portfolio Sharpe ratio are three different
models. Forecast accuracy, ranking quality and portfolio performance are related but not interchangeable objectives,
and the ordering of models is not preserved across them.

1416



Model rank changes with the evaluation metric

1st - Model A ©, £ @ Model B

2nd - Model C

3rd - Model B © © £ Model C

ath - (3] '@ Model A
Rank by forecast Rank by ranking Rank by portfolio
accuracy (MSE) quality Sharpe ratio

Figure 5. Ranking of the same models under three evaluation metrics. Crossing lines indicate that the ordering
is not preserved. Model labels are generic; the figure conveys the character of the divergence rather than specific
values.

4.7. The scope of the direct evidence

It should be stated plainly that the direct comparison of channels rests on a single market, and the review does
not claim more for it than that. Two considerations govern how the limitation reads. First, the conditions of the test
were adverse rather than favourable: a control period in which the market index lost 28 per cent, a policy rate reaching
21 per cent that priced every act of capital commitment against a demanding alternative, and a structural break of
unusual magnitude in 2022. A channel effect that emerges under those conditions is unlikely to be an artefact of a
benign sample. Second, the design is inexpensive to replicate, since the gating channel requires only the substitution
of the input forecast with all strategy parameters held fixed; replication across markets is the first task of the research
agenda in Section 9, and until it accumulates, the channel boundary should be treated as a well-evidenced hypothesis
rather than a settled fact.

5. Stage three: aggregation into portfolios

5.1. Weighting schemes and the difficulty of beating equal weights

The mean-variance framework of Markowitz (1952) provides the reference solution, and the persistent finding
of the applied literature is that it is difficult to implement profitably. DeMiguel, Garlappi and Uppal (2009) show that
equal weighting is not outperformed by optimisation across a wide range of data sets, because estimation error in the
inputs offsets the theoretical advantage of the optimum. Kirby and Ostdiek (2012) qualify the conclusion by
demonstrating that simple active schemes, including inverse-volatility weighting, do outperform naive diversification
once turnover is controlled, which is the point at which volatility forecasting enters portfolio construction.

The schemes that occupy the middle ground between equal weighting and full optimisation share a common
feature: they use second moments and discard expected returns. Inverse-volatility weighting assigns capital in
proportion to the reciprocal of forecast volatility; risk parity equalises risk contributions across components;
minimum-variance solves the optimisation with the mean vector suppressed. All three are direct consumers of
volatility forecasts, and all three are motivated by the same finding — that errors in expected returns dominate errors
in second moments — which makes them the portfolio-level counterpart of the channel classification developed in
Section 4.2. Where a forecast determines weights rather than a binary decision, the effect of forecast error is smoothed
across components, which is why the allocation channel occupies an intermediate position in the taxonomy.

5.2. Estimation error as the binding constraint
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Chopra and Ziemba (1993) establish the relative importance of errors in expected returns, variances and
covariances for portfolio choice, and the ordering they document explains why volatility forecasting is a more tractable
route to improvement than return forecasting. Jagannathan and Ma (2003) show that weight constraints function as an
implicit regularisation of the covariance estimate, and Ledoit and Wolf (2004) provide the explicit shrinkage estimator
for the high-dimensional case. This line establishes the conditions under which better second-moment estimates
translate into better portfolios, and it is the closest the literature comes to addressing the third transition of Figure 1
directly.

5.3. Volatility-managed portfolios

The empirical foundation of the low-risk approach is the anomaly documented by Ang, Hodrick, Xing and
Zhang (2006), the inverse relationship between volatility and risk-adjusted return that makes second-moment forecasts
directly monetisable. Moreira and Muir (2017) show that scaling factor exposures by the inverse of recent realized
variance earns significant alpha for the major equity factors, a result that has generated both extension and dispute.
Cederburg, O’Doherty, Wang and Yan (2020) evaluate 103 strategies and find that volatility-managed versions rarely
outperform their unmanaged counterparts out of sample once the scaling rule must be estimated in real time. Harvey,
Hoyle, Korgaonkar, Rattray, Sargaison and Van Hemert (2018) reach a compatible but differently framed conclusion:
the principal and reliable effect of volatility targeting across asset classes is the stabilisation of realized risk rather
than the enhancement of returns.

These findings are not as contradictory as they appear once the evaluation criterion is made explicit. A
mechanism that reduces variance without reducing mean return raises risk-adjusted performance whether or not it
generates alpha in a factor regression, and the disagreement in the literature is substantially a disagreement about
which of these is the relevant measure. Conrad, Kleen and Lonn (2025) provide recent evidence on the constructive
side, showing that using forecasts rather than retrospective risk measures to sort and weight a large cross-section
delivers significant economic gains net of transaction costs.

5.4. Multi-strategy books

A parallel literature studies portfolios of strategies rather than of assets. Fung and Hsieh (1997) characterise the
return profiles of dynamic trading strategies; Agarwal and Kale (2007) compare multi-strategy structures with funds
of funds; Newton, Platanakis, Stafylas, Sutcliffe and Ye (2021) examine diversification across strategy types. The
institutional context is set out by Stulz (2007) and the practice by Pedersen (2015). What this literature does not do is
introduce a volatility forecast: the diversification benefit is analysed on the basis of realized correlations among
strategy returns, not as a function of the forecast that drives the strategies.

5.5. The empty intersection

The two lines of Sections 5.3 and 5.4 do not meet. Volatility management is established on passive factor
portfolios and asset-class overlays; multi-strategy books are studied without reference to forecast quality. Whether the
mechanism that works on a factor portfolio also works inside a book of heterogeneous active strategies with discrete
entry signals is, on the evidence assembled here, an open question, and it is the second of the three transitions identified
in Figure 1.

The first study to occupy the intersection is, to the author’s knowledge, Lysenok (2026a), which introduces a
volatility forecast into a multi-strategy book through the three-level aggregation of instruments into strategy sleeves
and sleeves into a portfolio, and evaluates the result by both statistical and economic criteria. Two of its findings bear
directly on the questions this section has raised. The diversification benefit of the multi-strategy structure survives the
introduction of the forecast — the average pairwise correlation among the six strategy sleeves is 0.09, with counter-
trend and trend sleeves negatively correlated — so the forecast does not homogenise the book, which was not obvious
in advance given that all sleeves respond to the same volatility signal. And the improvement operates through the
composition of trading rather than through uniform de-risking: under the gating configuration the book is in the market
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less than half as often while its return is preserved, which is the diagnostic, introduced in Section 4.4, that separates a
forecast-driven filter from a mechanical reduction of exposure. Whether these properties transfer to books with
different strategy mixes and to other markets is unexamined, and the claim of novelty here is correspondingly narrow:
not the multi-strategy structure, which Section 5.4 attributes to its authors, and not volatility management, which
Section 5.3 attributes to its own, but their combination under joint statistical and economic evaluation.

There is a structural reason to expect the transfer to be imperfect. A factor portfolio is continuously invested,
so scaling its exposure is a smooth operation on a position that always exists. An active book is invested intermittently,
and its strategies have opposite volatility exposures as described in Section 4.1, so scaling the book uniformly conflates
two distinct operations: adjusting the size of positions that would be taken anyway, and altering which positions are
taken. The aggregation level at which the scaling is applied — individual instrument, strategy sleeve, or the book as
a whole — determines which of these dominates, and the literature contains no systematic treatment of that choice.

6. Stage four: economic value to the investor

6.1. From a statistical metric to a utility function

A difference in a loss function does not establish that anyone would pay for the better forecast. The framework
that addresses this defines the value of a forecast as the fee that would make an investor with specified preferences
indifferent between the forecast-based portfolio and a benchmark. The formulation in terms of the certainty equivalent
of a mean-variance investor is due to Fleming, Kirby and Ostdiek (2001), and its principal virtue is that it aggregates
changes in mean and in variance into a single number on the scale of return, which is the scale on which the decision
to invest in a forecasting system is actually taken.

The construction requires a coefficient of risk aversion, which is not observable, and results are conventionally
reported across a range of values. The behaviour of the estimate across that range is itself informative: if the increment
in certainty equivalent rises with risk aversion, the gain is being generated predominantly through variance reduction;
if it falls, through higher mean return. This diagnostic is available at no additional cost and distinguishes the two
economic mechanisms that a difference in Sharpe ratios conflates, yet it is reported in only a minority of the studies
that compute the metric at all.

6.2. Estimates and their range

Fleming, Kirby and Ostdiek (2001; 2003) estimate that a risk-averse investor would pay between 50 and 200
basis points per year for the improvement in covariance estimates obtained by moving from daily to intraday data.
Marquering and Verbeek (2004) extend the framework to the joint prediction of returns and volatility. Bollerslev,
Patton and Quaedvlieg (2018) formulate a realized utility criterion in which the investor targets a constant level of
risk and the quality of the volatility forecast determines how closely that target is met; this criterion has since been
adopted as a secondary metric in several forecasting studies, including Zhang, Zhang, Cucuringu and Qian (2024) and
Audrino and Chassot (2025), and, in the panel setting of Bollerslev, Hood, Huss and Pedersen (2018), it demonstrates
significant economic gains from exploiting volatility similarities across asset classes. It represents the most direct
existing bridge between Stage one and Stage four.

6.3. Costs, thresholds and the scale of operation

Economic value net of implementation cost is a different quantity from economic value gross of it, and the
distinction determines who can use a forecasting system. Transaction costs are routinely incorporated; the fixed costs
of building and maintaining the system — data acquisition, infrastructure, personnel — are not. Since these costs are
largely independent of the capital deployed against them, they imply a threshold below which a forecasting system
cannot pay for itself regardless of its statistical quality. The threshold is rarely computed. The one explicit calculation
in the corpus is again the author’s: in Lysenok (2026a) the annual cost of operating the forecasting system, estimated
from a survey of market practitioners, is set against the certainty-equivalent gain to yield a break-even capital of
approximately 160 million roubles, a level available, on central bank data, to fewer than three per cent of active
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investors on that market. The number itself is market-specific; the exercise is not, and its absence elsewhere leaves
the question of who can afford a forecasting system outside the scope of a literature that is nominally about economic
value.

6.4. Inference on performance measures

The Sharpe ratio (Sharpe, 1994) remains the standard summary of risk-adjusted performance, and inference on
differences between Sharpe ratios requires care because returns are neither independent nor normally distributed.
Ledoit and Wolf (2008) provide a robust procedure based on the stationary bootstrap of Politis and Romano (1994),
and its use has become the expected standard in this literature.

Alternative summaries address the asymmetry that the Sharpe ratio ignores. Downside-deviation measures
penalise only adverse dispersion, which matches the preferences of most investors more closely than a symmetric
variance; drawdown-based measures relate return to the worst peak-to-trough loss and correspond to the constraint
that most institutional mandates actually impose. Neither displaces the Sharpe ratio as the reporting convention, and
the practical consequence is that a mechanism whose principal effect is on the shape of the loss distribution rather
than on its variance will be undervalued by the standard metric. Since volatility management is precisely such a
mechanism, this is not a neutral choice of convention.

6.5. What has been measured and what has not

The apparatus of Stage four has been applied predominantly to covariance timing in asset allocation problems
and to factor portfolios. Its application to books of active strategies with discrete entry decisions is rare, and its
application to markets with a materially non-zero risk-free rate is rarer still. Since the arithmetic of the certainty
equivalent depends directly on the return available to capital that is not deployed, this is not a minor gap: the entire
quantitative literature on the economic value of volatility timing was generated under conditions in which withholding
capital was nearly costless in nominal terms, and the extent to which its conclusions transfer to a high-rate environment
has not been established.

7. Emerging markets and the Russian case

Evidence on all four stages is concentrated in developed markets. The emerging-market literature is dominated
by Stage one, and the Russian corpus, which is substantial and largely inaccessible in English, illustrates the pattern
clearly.

The early work applied the conditional-variance framework to daily index data and established the
macroeconomic drivers, with oil prices, the exchange rate and the policy rate identified as significant (Fedorova and
Nazarova, 2010; Fedorova and Buzlov, 2013). Asaturov and Teplova (2014) documented volatility spillovers from
global markets using multivariate specifications, which is the empirical basis for including global assets in the
predictor set of any model built on this market. The decisive methodological shift came with Aganin (2017), who
compared 88 GARCH specifications, 10 HAR-RV modifications and 4 ARFIMA models on ten Russian assets using
five-minute data and found HAR-RV specifications entering the model confidence set, thereby transferring to this
market the finding established internationally in Section 3.4. Aganin (2020) and Aganin and Peresetsky (2018) linked
index and currency volatility to oil prices and sanctions.

A parallel line places the market in an international context. Peresetsky (2014) and Korhonen and Peresetsky
(2016) identify the contribution of global and political shocks; Pogorelova and Peresetsky (2020) extract a global
stochastic trend from non-synchronous volatility observations; Manevich, Peresetsky and Pogorelova (2022) and
Aganin, Manevich, Peresetsky and Pogorelova (2023) extend the comparison to cryptocurrency markets. Alternative
data sources have been examined by Bazhenov and Fantazzini (2019), who combine search-query data with implied
volatility, and by Sidorov, Date and Balash (2013), who incorporate news analytics into the conditional variance
specification.
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Machine learning has entered this literature recently and unevenly. Patlasov and Garafutdinov (2024) apply
recurrent architectures to index volatility; Patlasov (2025) develops hybrid deep learning approaches for exchange-
traded funds; Glebova and Kovaleva (2024) examine forecastability under the sanctions regime. These studies work
predominantly with index or fund data at daily frequency rather than with individual equities at intraday frequency,
which is a material restriction given the evidence of Section 3.3. The microstructure reason is documented by Gurov
(2023): spreads outside the most liquid names and measurable price impact within the index constrain the sampling
frequency at which a realized estimator remains informative, so the five-minute standard of developed markets is not
directly transferable.

Stages two to four are represented far more thinly. Asaturov and Teplova (2014) and Lakshina (2016) address
hedging with explicit risk preferences; Teplova and Mikova (2014) examine the determinants of momentum strategies.
Systematic evaluation of how volatility forecasts translate into trading and portfolio outcomes on this market has
appeared only recently, in a sequence of studies by the author: the forecasting model and its accuracy (Lysenok, 2025),
the comparison of integration channels (Lysenok, 2026a), the model-family comparison under a fixed channel
structure (Lysenok, 2026b) and the dependence of the effect on the policy rate (Lysenok, 2026c¢). The gap is therefore
not merely one of coverage but of stage: an emerging market with a high policy rate is precisely the environment in
which the arithmetic of Section 6.5 differs most from the developed-market baseline, and it is the environment least
studied at the stages where that arithmetic operates.

Table 3. The Russian-language corpus by pipeline stage, data frequency and type of evaluation

Line of enquiry Stage Data frequency Evaluation Principal studies
Parametric volatility 1 Daily Statistical Fedorova and
models Nazarova (2010);

Fedorova and
Buzlov (2013)
Realized volatility 1 Intraday Statistical Aganin (2017,
and HAR 2020); Aganin and
Peresetsky (2018)
Global factors and 1 Daily Statistical Peresetsky (2014);
spillovers Pogorelova and
Peresetsky (2020)
Machine learning 1 Daily Statistical Patlasov and
and neural networks Garafutdinov

(2024); Patlasov
(2025); Glebova
and Kovaleva

(2024)
Alternative data 1 Daily Statistical Bazhenov and
sources Fantazzini (2019);
Sidorov, Date and
Balash (2013)
Microstructure and 1 Intraday — Gurov (2023)
liquidity
Strategies and 2 Daily Economic Asaturov and
hedging Teplova (2014);
Teplova and
Mikova (2014);
Lakshina (2016)
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Forecast Both
integration into

active books

Intraday Lysenok (2025;
2026a; 2026b;

2026¢)

Source: compiled by the author.

The table makes the structure of the gap explicit. Six of the eight lines of enquiry sit entirely at Stage one; five
of them work at daily frequency, which is the restriction that Section 3.3 identifies as consequential; and only one line
applies both statistical and economic criteria. The pattern is not specific to this market — it reproduces at smaller scale
the asymmetry documented for the corpus as a whole in Section 8 — but it is more pronounced here, and it coincides
with the market conditions under which the unexamined questions would be most informative to study.

8. Synthesis: where the chain breaks

Table 2 consolidates the review. For each stage it records what has been established, the metric by which it is
established, and the question that remains open.

Table 2. State of the evidence by pipeline stage

Stage What is Evaluation metric Remaining gap Studies
established
1. Forecasting Model hierarchy QLIKE, MSE, Evaluation does not 85
models known; HAR Diebold-Mariano extend beyond the
remains a strong and MCS tests loss function
benchmark; the
machine learning
advantage is not
uniform
2. Trading Each integration Sharpe ratio, win Channels never 19
decisions channel examined rate compared under
separately common conditions
3. Portfolios Volatility Portfolio Sharpe, Active multi- 20
management maximum strategy books not
established on drawdown examined
passive factor
portfolios
4. Investor utility Apparatus mature; ACE, realized Applied to 12
gains of 50-200 b.p. | utility, cost covariance timing,
for developed thresholds not to active books
markets
Emerging markets | Forecasting models | Predominantly High risk-free-rate 27
adapted; economic statistical metrics regime unexamined
evaluation largely
absent
TOTAL Of 153 studies, 8 — — 153
connect statistical
forecast quality to
an economic
outcome within
one design

Source: compiled by the author. A study spanning several stages is counted in each, so stage counts sum to

more than the total.
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8.1. The quantitative asymmetry

The distribution of evaluation practice across the corpus is shown in Figure 6. Eighty-one studies evaluate
forecasts by a statistical loss alone. Thirty-five evaluate a trading or portfolio outcome without any assessment of the
quality of the forecast driving it. Eight apply both criteria within a single design. The remaining studies are
methodological or definitional and have no empirical evaluation to classify. This is the principal quantitative result of
the systematisation, and it holds across the full period covered.

Main findings of the literature systematisation

How forecast quality is evaluated Distribution of studies across stages
Stage 1 |
strategies
Economic _ 35

only

Stage 3 _ 20
partfolios

Both -. 8
e 7- 2

value

Not 29 Emergi
applicable m‘:[ﬁg’i, 27

Figure 6. Distribution of the 153 reviewed studies by type of evaluation and by pipeline stage.

Figure 7 renders the same classification as a flow from stage to evaluation criterion, and it makes the structure
of the field visible in a way the marginal counts cannot: the mass of Stage one flows almost undivided into statistical
evaluation, the strategy and portfolio stages flow into economic evaluation, and the ribbons connecting any stage to
joint evaluation are the thinnest in the diagram. The field is not merely under-supplied with joint evaluation; it is
organised so that the two criteria are applied by different literatures to different objects.

The structure of the field: 153 studies by primary pipeline stage and type of evaluation

Stage 1: models (84) Statistical only (81)

Stage 2: strategies (18) .

Stage 3: portfolios (20)

Economic only (35)

Stage 4: value (7) [ Il Eoth (8)

Emerging markets (23) Not applicable (29)

Methods (1)

Figure 7. The structure of the field: 153 studies routed from their primary pipeline stage to the type of evaluation
they apply. Ribbon width is proportional to the number of studies; the flows into joint evaluation are highlighted.

8.2. Three apparent contradictions

Three disagreements in the literature dissolve once the stage and the criterion are made explicit. The first is
between Moreira and Muir (2017), who find alpha from volatility management, and Cederburg et al. (2020), who find
it absent out of sample: the disagreement concerns the estimation of the scaling rule in real time rather than the
mechanism itself, and the qualification of Harvey et al. (2018) — that the reliable effect is risk stabilisation rather than
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return enhancement — reconciles them. The second is between studies reporting machine learning gains and Branco
et al. (2024) and Audrino and Chassot (2025), who do not: Section 3.7 supplies the resolution, in that the aggregate
label conflates families with different inductive biases, and Audrino and Chassot add that the fitting scheme of the
benchmark is itself decisive. The third is the divergence documented by Wade (2026) between rankings under different
metrics, which is not a contradiction at all but the direct expression of the review’s central claim, and which the paired
designs of Lysenok (2026a; 2026b) resolve into a mechanism: rankings diverge because the channel, not the model,
determines whether accuracy is convertible.

8.3. What the mapping implies

The implication for practice inverts the usual research sequence. The first question is not which model forecasts
best but whether the system that will consume the forecast contains a channel through which forecast quality can
propagate to the allocation of capital. Where no such channel exists, improvements in the model will not reach the
portfolio, and the appropriate investment is in the architecture of the system. Where such a channel exists, the choice
of model becomes consequential, and the evidence assembled here indicates that it should be indexed to the horizon
at which the system consumes the forecast and that combination across families is more robust than replacement of
one family by another.

The channel classification is offered as the instrument that makes such a comparison expressible. Its value is
not that it enumerates mechanisms already known individually, but that it fixes a common vocabulary in which results
obtained under different mechanisms can be placed side by side, and identifies the property — whether the forecast
governs the commitment of capital — along which they separate.

8.4. What the mapping cannot establish

Three limits on the inference should be stated. First, the counts reported here describe the literature, not the
world: that few studies connect statistical and economic evaluation is evidence about research practice, and it would
be a fallacy to read it as evidence that the connection is weak. The direction of the substantive relationship is what
Sections 4 and 6 assess, and the evidence there is suggestive rather than conclusive.

Second, publication practice plausibly biases the observed distribution. A study that finds no economic value
in a statistically superior forecast is harder to place than one that finds value, and the seven studies applying both
criteria are unlikely to be a random sample of the studies that computed both. The direction of that bias works against
the review’s central claim, which strengthens rather than weakens it, but the magnitude cannot be estimated from the
corpus.

Third, the classification into channels is a construct imposed on a literature that did not use it. Studies were
assigned to channels by what their mechanism does, not by how the authors described it, and a small number of designs
combine mechanisms in ways that resist a single assignment. The taxonomy is offered as an instrument for organising
future comparisons rather than as a description of how the field has understood itself.

9. Conclusion

This review has traced the volatility forecast through the four stages that separate a model from an investor and
has mapped the evidence available at each. The mapping supports three conclusions. The evaluation apparatus of the
forecasting literature is mature and self-contained, answering completely the question of which model is more accurate
and not at all the question of whether the difference is worth anything. The mechanisms by which a forecast enters a
trading decision are distinct in their sensitivity to forecast quality, and they have been studied one at a time rather than
compared. And the quantitative asymmetry in evaluation practice — 81 studies statistical, 35 economic, 8 both —
indicates that the transition between statistical and economic assessment is not a minor gap in an otherwise complete
literature but its principal structural feature.

Five research tasks follow, each stated so that the measurement required is explicit.
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First, the relationship between forecast accuracy and economic outcome should be estimated across a full range
of models rather than inferred from a comparison of two. The relevant question is whether the relationship is
monotone, and the entry-gating channel offers the cheapest route to answering it, since strategy parameters can be
held fixed while only the input forecast varies — a property demonstrated in practice in Lysenok (2026b), where the
substitution required no re-optimisation.

Second, the field needs a common protocol for economic evaluation. Three incompatible metrics are currently
in use — the increment in certainty equivalent, the realized utility criterion, and the difference in Sharpe ratios — and
results reported under one are not comparable with results reported under another, although all three derive from the
same utility formulation.

Third, sampling frequency should be treated as an experimental variable rather than a design constraint.
Running an identical pipeline on intraday, hourly and daily targets would identify the point at which economic value
is lost, and would establish whether the conclusions of the intraday literature transfer to markets where intraday data
are unavailable or prohibitively expensive.

Fourth, the dependence of the results on the risk-free rate should be quantified. The arithmetic of withholding
capital changes materially when the money-market alternative yields a substantial return, and the recent experience of
emerging markets operating at policy rates above fifteen per cent provides a natural experiment that the developed-
market literature cannot supply.

Fifth, robustness to regime breaks should be measured in economic rather than statistical terms. The speed at
which model classes degrade after a structural break and the speed at which they recover under re-estimation are
known in terms of forecast loss for a few cases; the corresponding question in terms of portfolio outcome has not been
posed.

The unifying point is that forecast evaluation should be aligned with the decision the forecast is meant to inform.
Statistical accuracy remains a valid proxy for economic value, but only conditionally, and the condition is the existence
of a channel through which accuracy can reach the allocation of capital.
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