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Abstract
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1. Introduction

Forecasting the equity premium remains a central challenge in finance. As the literature
continues to expand with an increasing array of explanatory variables (Goyal et al.,
2024), researchers are continually developing and refining models to enhance accuracy.
Unsurprisingly, the prediction methods have become increasingly complex over time.
Advanced machine learning techniques (e.g., Rapach & Zhou, 2020; Dong et al., 2022;
Masini et al., 2023; Stern, 2024) and extensive alternative datasets (e.g., Addmmer &
Schiissler, 2020; Jiang et al., 2023; Hirshleifer et al., 2024) are now commonly employed,
often yielding favorable results. As Kelly et al. (2022, 2024) have argued, sophisticated

models tend to beat their simpler counterparts.

However, this sophistication comes with a trade-off. Complex models usually require
numerous research design choices, many of which can be arbitrary. As a result, findings
may be highly sensitive to seemingly minor implementation decisions, which, though
initially appearing negligible, can significantly influence outcomes (Soebhag et al., 2024;
Walter et al., 2024). Menkveld et al. (2024) coined the term “nonstandard errors” to
describe these challenges. While robustness checks can address some of these issues, they
are not always straightforward. Appropriate tests may not be immediately apparent,
vary between studies, and often hinge on the specific methodology employed.
Consequently, even ostensibly robust frameworks may be fundamentally shaped by
subjective decisions made by researchers (e.g., Cakici et al., 2024b; Denk & Loffler, 2024).

To illustrate this concern, we explore the concept of “pockets of predictability.” In their
recent studies, Farmer et al. (2023, 2024) offer a fresh perspective on risk premia
forecasting: they argue that stock markets experience prolonged periods of
unpredictability punctuated by short windows of heightened predictability. They refer
to them as “pockets of predictability.” Crucially, these episodes can be identified ex-ante
using kernel regressions, providing opportunities for substantial economic gains. This
approach enables investors to generate alphas through more precise market timing.

The idea has attracted significant research interest, with the seminal work of Farmer et
al. (2023) already amassing over 140 citations.! However, timing market returns is far
from straightforward. The reliability of any method depends on its robustness under
varying assumptions. A system that relies too heavily on specific methodological or
parameter choices runs the risk of overfitting historical data. Since complex models
involve multiple parameters, they are inherently prone to this issue, and seemingly
impressive results may simply reflect statistical artifacts arising from over-optimization.

! As of 15 December 2024, based on Google Scholar.



Moreover, parameter validity is not carved in stone. Those that proved effective in the
past may lose their relevance in the future. As a result, the observed predictability may
diminish over time, undermining even the most promising trading strategies. Finally,
transaction costs can erode performance, raising further concerns about a model’s
practical utility.

To revisit the utility of forecasting methods based on the pockets of predictability, we
run a multiverse analysis in the spirit of Steegen et al. (2016). We aim to explore their
robustness to underlying assumptions and parameters. Furthermore, we extend our
analyses further to consider real-life impediments: changes in the return predictability
over time and the influence of trading costs. Our analyses reveal essential weaknesses of

pocket-based strategies.

First and foremost, the effectiveness of the pockets methodology is highly susceptible to
various seemingly irrelevant research design choices. Farmer et al.’s (2024) approach
requires many arbitrary decisions concerning pocket identification, return forecasting,
and trading strategies. Whereas ostensibly secondary, they prove critical to the overall
performance. In our tests, we identify nine such decision nodes and, by combining various
design choices, generate 19,440 distinct implementations. As we demonstrate, many of

them may disappoint.

While all considered research design choices influence the results to some extent, certain
prove particularly impactful. For instance, the specifics of the pocket classification
scheme play a crucial role. Farmer et al. (2023) project “squared error differentials” onto
a time trend, whereas Farmer et al. (2024) omit this adjustment. Although the authors
regard this choice as unimportant, it significantly affects performance, diminishing the
practical benefits of return predictions. Specifically, accounting for the time trend can
reduce abnormal returns by even 60%, slashing the annual alpha of their combination
forecast strategy (combi) from 4.51% to 1.65%.

Another critical detail lies in the shrinkage procedure used to smooth forecasts. Farmer
et al.'s (2023, 2024) studies consider two approaches: one shrinks the forecasts toward a
prevailing mean, while the other smooths them toward zero. This distinction is far from
trivial. The former method proves considerably less effective, eliminating up to 70% of
abnormal returns and trimming the alpha of the comb! strategy to just 1.05%.

Even seemingly minor adjustments, such as forecast winsorizing, can have substantial
effects. For example, capping forecasts at the 2.5th percentile—as done in Farmer et al.
(2024) but not in Farmer et al. (2023)—significantly enhances returns. Omitting this
procedure reduces alphas by roughly half.



Overall, across the 19,440 possible implementations examined in our multiverse analysis,
the pockets-based methodology consistently underwhelms. Most specifications fail to
replicate the strong predictive performance reported by Farmer et al. (2024). Moreover,
most implementations produce forecasts no more accurate than the prevailing mean
benchmark at the 5% significance level, as measured by Clark and West’s (2007) ¢
statistics (CW). This shortfall persists regardless of the choice of prediction variables or
their aggregation method.

Besides the role of nonstandard errors, our extended analyses reveal two further
limitations of the pockets framework—particularly relevant from a practical perspective.
To begin with, the return predictability tends to decrease over time, and even pockets of
predictability cannot overcome this trend. Consequently, their potential to identify and
forge market patterns into measurable profits has shrunk over the last three decades.
Before 1990, most pocket models generated reliable predictions, significantly beating the
prevailing mean benchmark forecasts. However, from 1990 to 2016, the CW statistics
values roughly halved, typically losing statistical significance. Also, in the broader
context of all 19,440 simulations, the significant superiority of the prevailing mean
forecast was far more prevalent than the reverse. In other words, the gains in prediction

accuracy from applying this methodology can no longer be confirmed.

Moreover, the pockets-based strategies may be sensitive to transaction costs. While
market timing typically relies on trading liquid and easily accessible securities, including
futures and ETFs, they still incur inevitable implementation drag. To evaluate its
impact, we reproduce our baseline allocation strategies using different levels of trading
costs, from 0 to 20 basis points (bps). Apparently, their benefits decline quickly with the
increasing fees—particularly in recent years. Consequently, at the level of 10 bps, no
significant alphas can be recorded over the years 1990-2016. Furthermore, even at the
level of 5 bps, the strategies’ Sharpe ratios fail to exceed those of a passive buy-and-hold
market portfolio. While this does not rule out the utility of pocket identification, it poses
a practical hurdle that investors should be aware of.

To conclude, while the concept of pockets of predictability is intriguing, investors should
handle it with care. The devil is in the details; even minor methodological decisions may
matter. Issues such as declining predictability over time and transaction costs can prove
detrimental to potential success.

Our study connects to several key areas of asset pricing research. First, our analyses are
most closely related to the concept of pockets of predictability introduced by Farmer et
al. (2023). A subsequent paper by Cakici et al. (2024) highlights a potential look-ahead
bias due to a coding error, and Farmer et al. (2024) propose a smoothing mechanism to
address this issue. However, our study differs significantly from that of Cakici et al.



(2024). While their work focuses on the coding error, which could be potentially
corrected, we address broader issues within the pockets methodology that impact this
entire line of research. Specifically, our analysis exposes weaknesses that cast serious
doubt on the validity and rationality of the approach.

Notably, the concept of pockets of predictability has been rapidly adopted and has
inspired further research. Andresen et al. (2023) offer a high-frequency analog to the
lower-frequency episodes framework by Farmer et al. (2023). Borup et al. (2024) explore
time-varying return predictability in bonds, while Li et al. (2023) extend the concept to
cross-sectional factor pricing. Changing regimes of return predictability are also
investigated by Harvey et al. (2021), Demetrescu et al. (2022), and Cong et al. (2024).

Second, our findings add to the discussion on the role of methodological uncertainty in
asset pricing research. Menkveld et al. (2024) surveyed 164 research teams to
demonstrate that even minor research design choices can influence overall conclusions in
asset pricing research. Subsequent studies by Coqueret (2023), Soebhag et al. (2024), and
Walter (2024) pinpoint the role of individual methodological decisions in stock market
portfolio sorts. Fieberg et al. (2024) extend this discussion further to cryptocurrencies.
Our work, in turn, is among the first to apply the same framework to time-series return
predictability.

Third, our study contributes to the ongoing debate on p-hacking in predicting the equity
premium. In recent years, a remarkable proliferation of methods and variables has been
witnessed, allegedly predicting aggregate market returns. Not surprisingly, Welch and
Goyal (2008) and Goyal et al. (2024) express skepticism about whether some are merely
statistical artifacts. In line with this, Hollstein et al. (2024), whose massive work explores
various predictors in 81 countries over up to 145 years of data, conclude that most
standard variables and techniques generate disappointing out-of-sample results.
Similarly, Dichtl et al. (2021), who examine a comprehensive battery of forecasting
strategies, assert that most fail to beat naive forecasts. Our findings echo these
conclusions. Individual forecasting methods—especially those based on complex
algorithms—may prove susceptible to data snooping and fail to cope well with real-life
economic constraints. Consequently, practical implementations require particular caution

from market investors.

The remainder of this paper proceeds as follows: Section 2 presents our data and explains
the foundations of pockets-based methodology. Section 3 covers the empirical findings
concerning the multiverse analysis. Section 4 considers the changes in return
predictability over time and the impact of trading costs. Finally, Section 5 concludes.



2. Data and Methodology

2.1. Data and Variables

To ensure comparability with previous studies, we rely on Farmer et al.'s (2023, 2024)
original sample and study period, strictly adhering to their data, methodology, and
assessment metrics. Specifically, we use the data and code sourced from the original
replication package labeled “Replication-code 20190881.zip,” available on the Journal of

Finance website.?

Our research focuses on the U.S. stock market. In almost all our tests, the predicted
dependent variable is the excess aggregate market return, calculated as the CRSP U.S.
stock market return minus the one-day return on a short T-bill rate. The predictor
variables include the dividend-price ratio (dp), three-month T-bill rate (tbl), term spread
(tsp), and realized variance (rvar). The study period runs from 1926 to 2016, as available

for the different series.

To test the forecasting models—as in Farmer et al. (2024)—we use both the four
individual predictors listed above (dp, tbl, tsp, and rvar), as well as five composite
measures. The latter category includes: a recursively computed first principal component
of the four individual variables (pc), a four-variable multivariate forecast estimated using a
product kernel (mwv), and three distinct averages of univariate forecasts, comb1, comb2, and
comb3. combl assigns the forecast from the time-varying coefficient model in-pocket but
defaults to the prevailing mean out-of-pocket. It then takes the average from all models.
comb? takes the average of all models indicating a pocket and the prevailing mean if no
model indicates a pocket. comb3 consistently utilizes the equal-weighted mean of the four
standalone models, regardless of whether in-pocket or out-of-pocket. Further details of all

the composite measures are available from Farmer et al. (2024).

2.2. Detecting the Pockets of Predictability

The seminal work of Farmer et al. (2023) assumes that market predictability varies over
time, and the stages of high predictability—termed as “pockets of predictability”—can
be identified ex-ante. To this end, they propose a framework based on kernel regressions.
Following the original notation, the baseline prediction model can be described as:

Te41 = XePe + Eev1s (1)

where 13,4 denotes the excess stock market return at t+41, f; represents time-varying
regression coefficients, x; is the vector of predictor variables, and &;,, is an unobservable

% See: https://onlinelibrary.wiley.com/doi/abs/10.1111/jofi.13229.



disturbance term. The model allows for general forms of conditional heteroskedasticity
so that 62 = E[e?|x,] = 02(x;). The parameters B, are estimated using a local constant
model of the following form:

Et = argmin Y.1_; Kpr (s — ) [re41 — xBol% (2)
Bo€R?

where the weights on local observations are determined by the kernel Kyr(u) =
K(u/hT)/(hT) with h denoting the bandwidth. Farmer et al. (2023, 2024) examine
whether local predictability could have been identified with a one-sided version of the

Epanechnikov kernel based on a 2.5-year bandwidth:
K@) =21 —-u?)1{-1<u<0}. (3)

At this point, Farmer et al. (2024) introduce a Bayesian approach to shrink the kernel-
based market forecasts, #;;_1, towards zero and, ultimately, improve the stability of the

model. Assume a regression of market excess returns on the forecast estimation,

Te41 = A er1Teje—1 T &t (4)

where A4 144 is estimated over a rolling window from ¢-s to ¢-1, with s indicating the
window length. To reduce the estimation error, the model employs the G-prior Bayesian
shrinkage from Zellner (1986), which uses data up to time ¢-1:

S 1 A
ﬂf,t-l =+ E (/11,t—1 - /10)> (5)

where 21,::—1 and Ay represent the estimates of A;,.; and the shrinkage target,
respectively, and /Tft_l is the G-prior estimator for A; using return information up to
time t-1. In their baseline approach, Farmer et al. (2024) set 4o =0 and g = 2.
Furthermore, before estimating A, ;—, they winsorize return forecasts at the 2.5% level,
as well as restrict the initial rolling estimate of il.t—l to the range between 0 and 1.

To determine the changes in predictive accuracy over time, Farmer et al. (2023, 2024)
propose calculating the squared error difference, which compares the prediction errors on
the prevailing mean benchmark forecast, 1y — 7yj;—1, Wwith the error on the examined

kernel regression model based on the Bayesian adjustment, r; — f‘tG|t_1:
G _ 2 W ERY:
SEDf = (re — Tje-1) — (e — rt|t—1) : (6)

Positive SEDf indicates that the kernel regression model performs better than the
benchmark, producing more accurate predictions with reduced forecast errors.



Conversely, negative SED{ suggests the kernel model's forecasts are less precise and do
not measure up to the benchmark's performance.

In the next step, the original Farmer et al. (2023) approach assumed projecting the SED
values on a constant and a time trend to pinpoint the pockets of predictability:

SEDy = Vo + V1t (7)

where the parameters ¥+ and y;; should be estimated with a one-sided Epanechnikov
kernel with a one-year bandwidth. Farmer et al. (2024) revised this approach to drop the
time-trend component and retain only the constant.

—

SED{ = Yo,

Lastly, to avoid excessively short pockets, the pockets are defined as periods when SEDf
is positive for at least 21 trading days (i.e., one month).

2.3. Implementation Variants

To scrutinize this issue closely, we reproduce the original methodology of Farmer et al.
(2023, 2024) with a range of minor modifications. These design choices can be broadly
categorized into three main deployment stages: forecasting (steps [1] to [6] below), pocket
identification (steps [7] to [8]), and trading (step [9]). Below, we overview nine specific
cases that have not been given significant attention in the former research. Notably, the
last category, trading, is not concerned with forecasts per se but rather their

transformation into a market timing strategy.

(1) Forecast winsorization: Before estimating the parameter A,,_; in Eq. (1),
Farmer. et al. (2024) winsorizes the return forecasts at the 2.5% level. Notably, this
approach differs from Farmer et al. (2023), where no winsorization was applied. Return
winsorization does not belong to the most common procedures in return forecasting, and
there is no broadly accepted consensus considering the winsorization threshold. To
examine the impact of this particular choice, we consider five alternative thresholds: 2%,
1.5%, 1%, 0.5%, and 0% (effectively no winsorization, as in Farmer et al., 2023).

(2) G-prior Bayesian shrinkage: Farmer et al. (2024) employ a G-prior Bayesian
scheme, a mechanism representing an innovation relative to Farmer et al. (2023), which
aims at smoothing the forecasts. The parameter g is set to 2, effectively putting one-third
weight on the kernel forecasts and two-thirds weight on the shrinkage forecast. However,
any value of the parameter g is largely arbitrary; hence, to explore its impact on the
overall return predictability, we examine two additional levels: g = 1 and g = 3. Notably,



Farmer et al. (2024) indicate the robustness of the results with regard to the choice of g;
however, no further details of these tests are disclosed.

(3) Minimum and (4) maximum weights: Another restriction in the forecast
procedure concerns the weights restrictions to initial rolling window estimates j-l,t—l in
Eq. (5) in Farmer et al. (2024). The original methodology assumes a limit for its values

Y

between 0 and 1, citing ,standard practice from forecast combinations.” However,
eventually, both numbers are set arbitrarily and their modifications may potentially
affect the overall return predictability. For example, papers by Campbell and Thompson
(2008) and Rapach et al. (2010) consider a maximum weight of 1.5, allowing for modest
leverage. Moreover, short positions are not permitted, although they are relatively
straightforward to implement for the broad U.S. stock market index. In line with this,
even Farmer et al. (2024) in the earlier version of their note discussed a broader range
of possible j-l,t—l values, setting the minimum and maximum to -0.5 and 1.5. respectively.
Therefore, to explore the impact of these limitations, we examine alternative minimum
weights (-0.5 and -1) and maximum weights (1.5 and 2), which allow for moderate short

selling and leverage.

(5) Smoothing benchmark: The pockets-based forecasting procedure in Eq. (5)
involves shrinkage, which adjusts raw return forecasts by blending them with a
benchmark to enhance stability and reduce noise. Specifically, the adjusted forecast is a
weighted combination of the raw forecast and the benchmark, where the weight
dynamically adjusts based on historical accuracy. If raw forecasts are noisy or unstable,
the model assigns more weight to the benchmark, smoothing the predictions and
improving predictability. Farmer et al. (2024) assume a zero benchmark (Ao = 0), which
shrinks return forecasts toward zero and ensures maximal stability. This choice,
consistent with the benchmark used by Gu et al. (2020), is somewhat arbitrary and
effectively implies using no prior directional bias in forecasts. However, reasonable
alternatives exist, such as the prevailing mean return forecast, which was employed by
Farmer et al. (2023) and incorporates historical averages and captures persistent trends.?
In this analysis, we compare both approaches—the zero benchmark and the prevailing
mean forecast—to examine their impact on overall forecasting accuracy.

(6) Window length: The Bayesian shrinkage approach underlying the pockets-based
forecasts involves regressing market returns on the one-sided kernel-based forecast. The
estimation relies on the rolling window. However, what should be the specific length of
this estimation window? This question has no simple answer, and each assumption may
seem arbitrary. Farmer et al. (2024) set the window length to one year; however, no

3 The approach involving the prevailing mean return forecast was actually also employed in one of the
earlier versions of the Farmer et al. (2024) study.



specific justification is provided. To explore this issue, we consider the baseline approach
as well as alternatives that are six months longer and shorter, i.e., 0.5, 1, and 1.5 years.

(7) SED identification: Having estimated the SED, their values are subsequently
plugged into a pocket classification regression. Nevertheless, the specific approach in the
works of Farmer et al. (2023) and (2024) differ at this point. Farmer et al. (2023) project
them on a time trend, while Farmer et al. (2024) remove this adjustment. We consider
both options to shed light on the importance of this methodological choice.

(8) Minimum pocket length: As Cakici et al. (2024) demonstrated, the actual length
of the pockets may prove relatively short-lived. For example, this could pose practical
consequences in terms of trading costs. To improve the model stability, Farmer et al.
(2024) introduce a minimum pocket length of 21 days. The number seems largely
arbitrary—therefore, we consider both longer and shorter alternatives: 42, 32, 21, 11, and
0 days (no minimum).

(9) Portfolio weight c: The practical application of the pockets identification strategy
assumes forging them into a trading system. This pockets-based model assumes active
market timing, allocating capital in the stock market based on return forecast (Section
II.A in Farmer et al., 2024). The allocation is based on the time-varying parameter c,
which scales the leverage based on historical return volatility. To estimate this
parameter, Farmer et al. (2023) use the entire time series 1,...,T. In other words, they do
not determine it out-of-sample, but at any time ¢ utilize also future information, not
available at the time of the forecast. The problem is of similar nature as that identified
by Cakici et al. (2024), but of lesser consequence since it affects only a part of this
analysis. Nevertheless, we consider both the in-sample ¢ estimation and the out-of-sample
approach to examine its impact on the results. The latter assumes that only data
available up to day ¢ are used.

Figure 1 illustrates all the research design choices, with arrows indicating alternative
implementation ,paths.” Combining all possible designs in steps (1) through (9) results
in 19,440 implementation variants. The original implementation from Farmer et al.
(2024) is shown in pink boxes. By reproducing key results using all possible combinations
and comparing them to the original, we can comprehensively assess the importance of
various seemingly minor methodological decisions in “pockets of predictability”
implementation.

[Insert Figure 1 here]

Notably, our selection of potential variants does not encompass the full range of
methodological options. For example, kernel regression itself offers significant flexibility,
including choices such as the type of function (e.g., Gaussian, box, or triangular kernels)
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and the estimation bandwidth. Therefore, our results should be interpreted as a floor,
representing the lower bound of possible outcomes, rather than a complete picture.

3. Baseline Findings

3.1. Statistical Performance

How much does the methodological discretion impact the overall results? To illustrate
this, we begin by reporting the key measures of statistical performance across all 19,440
implementation variants. To begin with, we focus on reporting t¢-statistics from the
classical tests of Clark and West (2007) (CW). They compare the predictions from a
given model—in our case, the pockets methodology—with a prevailing mean benchmark

forecast.

Figure 2 depicts the dispersion in potential results due to minor methodological changes,
with Panels A through D focusing on individual forecasting models and Panels E to I on
aggregate predictions. The body of each box represents the interquartile range, with its
bottom and top marking the 25th and 75th percentiles of the CW statistic. We report
the prediction performance for the total sample (FS) as well as for the periods classified
as in-pocket (IP) and out-of-pocket (OOP). Furthermore, for comparison, we also plot
the results of the original implementation by Farmer et al. (2024), as indicated by the
red horizontal lines.

A quick overview of the results reveals several interesting patterns. First, the original
implementation of Farmer et al. (2024) is exceptionally strong compared to all
alternatives. For the F'S and IP periods, the level of the CW test statistic is significantly
higher than the vast majority of implementations—suggesting a superior prediction
performance compared to alternative settings. For certain predictors, such as muv, combl,
comb2, and comb3, the original framework falls into the top percentile of our multiverse.
On the other hand, in the OOP periods, the typical return predictability is noticeably
stronger than documented by Farmer et al. (2024). In other words—depending on the
particular implementation details—the disparity in return predictability between IP and
OOP periods may be much weaker than commonly thought. The actual spread between
these two market states hinges on minor methodological choices, and typically falls
behind the pioneering results in Farmer et al. (2023, 2024).

[Insert Figure 2 here]

However, the second intriguing observation is how many of the implementation variants
yield significant return predictability at all. Or, more specifically, how much of the in-
pocket periods significantly beat the prevailing mean model, as per the CW t-statistics?
Apparently, not that many. As seen from Figure 2, most implementations fail to exceed
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the standard statistical threshold of 5%. Furthermore, the result distributions for the F'S
and IP periods do not differ much from each other, suggesting that the benefit of
pinpointing the pockets of predictability may be limited.

The results thus far suggest a remarkable dispersion in results due to ostensibly negligible
methodological choices. However, which of them matters the most for the results? Put
differently, which methodological decisions strengthen (or weaken) the observed return
predictability? To answer this question, we funnel all our 19,440 implementations
through individual choices. In other words, considering Figure 1, we assume one branch
as constant at each decision node and examine the results across all other decision nodes.
Next, we calculate the CW t-statistics for the in-pocket periods across all the filtered
implementations. This way, we observe the typical return predictability for one design
choice across all other choices. Figure 3 reports the findings of this experiment, reporting
the average values across all nine forecasting models considered. To illustrate the
differences in results across the design choices, we present the median CW t-statistic.

[Insert Figure 3 here]

Clearly, specific designs prove more favorable than others, frequently overlapping with
methodological choices in Farmer et al. (2024). The SED estimation may serve as one of
the most striking examples. While the original study by Farmer et al. (2023) projected
SED on the time trend, Farmer et al. (2024) abandoned this practice. As the authors
argue, accounting for the time trend is ,not important to our results” (Farmer et al., 2024, p. 7).
However, while seemingly irrelevant, this issue matters a lot: the implementations
without time trend typically have twice as high #statistics as those with the time trend
included. This substantial discrepancy not only showcases how seemingly minor
methodological choices can materially affect the outcomes but also highlights the critical
need for transparency in robustness analyses. As the field of finance grapples with the
replication crisis, testing alternative specifications in supplementary materials, such as
an online appendix, rather than merely mentioning them in a footnote, would enhance
methodological rigor and credibility.

Other research design choices follow. Consider winsorizing. Eliminating the extreme
returns—employed in Farmer et al. (2024) but not in Farmer et al. (2023) again increases
the t-statistics by nearly 100%. Also, the minimum and maximum weight restrictions to
the initial /Tl,t—l estimation play a role. Narrowing the range of possible values to between
0 and 1 generates better results than, for example, allowing for a modest leverage of 1.5,
as suggested by Campbell and Thompson (2008) and Rapach et al. (2010). Lastly,
shrinking the returns forecasts towards zero by setting the parameter A, = 0 improves
the prediction accuracy. Should Farmer et al. (2024) use some other shrinkage
mechanism, such as aligning the forecasts with the prevailing mean (as done in one of
the earlier versions of their study), the results would be worse.

12



To sum up, our findings indicate that the return predictability by the “pockets” approach
depends critically on various implementation details. A range of auxiliary assumptions
and parameter values, play a crucial role in obtaining solid results. If set favorably, they
may create the impression that identifying pockets of predictability enables superior
prediction performance. However, under the majority of alternative, equally reasonable
assumptions, the results prove much worse and typically insignificant. This obviously
raises concerns about the robustness and generalizability of pocket-based methodology.
The ostensibly solid prediction performance may be due to a specific combination of
implementation details rather than to the “pockets-of-predictability” phenomenon per

se.

3.2. Economic Performance

In this section, we focus on the measures of economic performance of the trading
strategies based on the pockets of predictability. To this end, we reproduce the asset
allocation strategy from Farmer et al. (2023, 2024). This approach, referred therein also
as the mean-variance optimized pocket portfolio, is constructed by dynamically
rebalancing between stocks and T-bills based on real-time forecasts of expected excess
returns, adjusted using a scaling factor that aligns portfolio variance with the forecasted
return variance. To assess its payoffs, we compute two popular statistics also employed
by Farmer et al. (2024): annualized Sharpe ratios and CAPM alphas. We run statistical
tests on these measures for all 19,440 implementation variants from Section 3.1.1 to
scrutinize their robustness in terms of investment performance. Figure 4 reports the
results of this exercise, with Panels A and B concerning the distributions of alphas and

Sharpe ratios, respectively.
[Insert Figure 4 here]

The outcomes corroborate our earlier observations. The relation between the original
implementation in Farmer et al. (2024) and its alternative variants resembles that seen
in Figure 2. In other words, the vast majority of the 19,440 specifications underperform
the outcomes from the original paper. The Farmer et al. (2024) specification is in the
very far tail, representing a vivid outlier rather than a common observation. This pattern
consistently holds across all prediction models—for both alphas and Sharpe ratios.

To summarize, our findings thus far cast doubt on the practical value of the pockets-
based predictions: once even a few seemingly negligible parameters change, profitability
typically deteriorates.
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3.3. Further Multiverse Analysis

To further evaluate the impact of different research decisions, we run two additional
tests. First, we evaluate the impact of individual decision nodes with the Anderson-
Darling test. Second, we look closer at the sensitivity of the baseline results in Farmer et
al. (2024) to individual methodological changes.

3.3.1. Fork Sensitivity

In the first exercise, we follow Menkveld et al. (2024) and employ the Anderson-Darling
(AD) to test the fork sensitivity across the 19,440 implementations. This robust method
allows for a rigorous comparison of the distributions of multiple samples to determine
whether they originate from the same underlying distribution. Specifically, the test
calculates differences between the empirical cumulative distribution functions (ECDF's)
of the samples. By applying it to subsets of our research designs, filtered by specific
decisions at each fork, we formally assess the significance of their impact on performance.
By transforming the statistic to asymptotically follow a standard normal distribution,
the AD k-sample test facilitates direct comparison across various research designs. The
magnitude of the resulting test statistics reflects the relative sensitivity of performance
measures to particular decision nodes.

Figure 5 presents the results of this analysis. To provide a comprehensive overview, we
report the outcomes for the CW statistics, alphas, and Sharpe ratios. The AD statistics
are typically large, highlighting the substantial role played by the decision nodes. All
reported scores correspond to p-values near zero, affirming the significance of each
considered decision fork in shaping the results. However, the importance of these
decisions varies. While the magnitude of the AD statistics differs across performance
measures, certain decision nodes clearly stand out—most notably, the SED estimation
model and the smoothing benchmark. Specifically, decisions on whether to include a time
trend in SED estimation or how to shrink forecasts prove to be critically influential.

[Insert Figure 5 here]

Nevertheless—and we emphasize this—all decisions matter, as evidenced by the test
statistics that exceed conventional significance thresholds. For instance, even for CW
values, seemingly minor considerations, such as the winsorizing level, yield an AD
statistic as high as 1891.9.

3.3.2. Impact of Individual Research Decisions

While our analysis in Section 3.3.1 focused on the importance of forks within the entire

multiverse, we now shift our attention to the impact of specific research design choices.
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More specifically, we aim to determine how individual deviations from the original
methodology in Farmer et al. (2024) influence the eventual outcomes. To illustrate this,
we use the example of the combl combination forecasts, which aggregate the predictions
of the four individual variables considered by Farmer et al. (2024): dp, tbl, tsp, and rvar.
To capture the marginal impact of different decisions, we conducted 20 reproductions of
the original implementation, each time modifying a single assumption at one fork. Figure
6 presents the results of this exercise. As before, we display the established set of
performance measures: CW test statistics, alphas, and Sharpe ratios.

[Insert Figure 6 here]

To begin with, nearly all methodological shifts adversely affect the results. While the
severity of the impact varies across specific decisions, the measures of statistical and
economic performance consistently decline in the majority of specifications. Hardly any
modification improves upon the original findings of Farmer et al. (2024).

When examining specific decisions, the conclusions from Figure 6 largely echo those from
Section 3.3.1. Two decisions stand out: i) the inclusion of a time trend in SED estimation
and ii) the use of prevailing mean returns to smooth the forecasts. Both decisions result
in a significant decline in all performance measures, rendering any statistical or economic
gains negligible. For instance, including the time trend in SED estimation alone reduces
abnormal returns from 4.51% to 1.65%, a drop of 2.86 percentage points. The impact of
smoothing the return forecast toward the prevailing mean is even greater, reducing alphas
to 1.05%, a decline of 3.46 percentage points.

The impact of other decisions, while more nuanced, still affects the results. For example,
abandoning the practice of forecast winsorization—used in Farmer et al. (2024) but
absent in Farmer (2023)—is sufficient to lower the CW test statistics and erase more
than one-third of abnormal returns. The role of setting the minimum pocket length is
also notable. Farmer et al. (2024) impose this restriction to “avoid ultra-short pockets
with no economic meaning” (p. 7). Abandoning this restriction entirely renders the CW
test statistics insignificant. However, its impact on Sharpe ratios and alphas is more
modest, with the latter declining by only 0.3 percentage points per year.

To conclude, our analysis in this section reiterates the key role of individual research
decisions, particularly choices such as smoothing methods, time trend inclusion, and
return winsorization. This reinforces the call for robustness checks and transparency in

finance research to ensure that conclusions remain both reliable and replicable.
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4. Further Insights

In this section, we provide further insights into robustness of the pockets-based forecasts
in relation to two major factors. First, we explore the changes in performance over time.
Second, we investigate the impact of trading costs.

4.1. Performance through Time

Asset pricing research often indicates a decline in return predictability over time as equity
markets mature and become more efficient. This phenomenon affects both cross-sectional
return predictability (Chordia et al., 2014; McLean & Pontiff, 2016; Linnainmaa &
Roberts, 2018) and the time-series patterns in aggregate returns (e.g., Jones & Pomorski,
2017; Baltussen et al., 2019). Can the pockets-based methodology escape this trend? For
practical investors, it is crucial not only whether pockets helped forecast returns in the
1970s or 1980s but also whether they have survived the test of time, including in the
most recent decades.

Figure 7 presents the application of pockets methodology within subperiods. To offer
a comprehensive picture, we report median performance measures funneled over different
decision nodes. Furthermore, we focus on the measures of economic performance—alphas
and Sharpe ratios—as comparisons of CW statistics may be affected by the relative
length of subperiods length. We arbitrarily select 1990 as the cutoff date and reexamine
return predictability before this date and during the more recent period from 1990 to
2016.* The differences between these two subperiods are remarkable.

[Insert Figure 7 here]

The discrepancy between the two subperiods is particularly remarkable for the alphas
(Panels A.1, A.2). While the years 1926 to 1989 witnessed positive—though uneven—
alphas across all the implementation nodes, since 1990, almost all of them have
disappeared. The typical alphas are close to zero, signaling no abnormal returns
generated from market timing. Systematic deviations are rare, occur only for certain
forks, and are equally likely to be positive or negative. The most striking example is
perhaps the choice of the smoothing benchmark, disregarded as ostensibly irrelevant by
Farmer et al. (2024). Yet, specifications shrinking the forecasts towards the prevailing
mean commonly generate negative alphas, while replacing it with zero shrinkage vividly
boosts market timing gains in the post-1989 period. In fact, while the performance
differences for other decision nodes are less striking, the design choices in Farmer et al.

* Consistent with all other calculations, the prevailing mean benchmark forecast for the recent years 1990-
2016 in Table 3, Panel C, is based on the return time series starting in 1926. Shifting the starting date for
the calculation of the prevailing mean to 1990 has no material impact on the results.
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(2024) prove generally favorable, including in cases of winsorizing levels, minimum
weights, or pocket length.

Table 1, Panels B, illustrates an analogous analysis of Sharpe ratios. In this case, the
differences over time are less evident, as the considered strategies are long-only and
generally capitalize on the positive equity premium in both subperiods. Nevertheless, a
decline in performance is still visible. Before 1990, the median Sharpe ratios generally
oscillate within the range of 0.4 to 0.5. Since 1990, however, this figure shrinks to about
0.35-0.4. Again, the research design choices in Farmer et al. (2024) turn out to be
particularly favorable for performance in recent years.

To provide additional context, it is worth noting that the market portfolio’s Sharpe ratio
is 0.38 over the full study period. However, its value changed over time, being slightly
lower in the pre-1990 period (0.28) and increasing in the more recent post-1989 years
(0.43). This suggests that the pocket-based timing strategies tended to outperform the
market before 1990 but underperformed afterward. Hence, the value added by pursuing
these strategies over the last three decades appears, at best, debatable.

To sum up, return predictability stems mainly from the early part of the sample. In
recent years—perhaps particularly relevant from an investor’s perspective—
predictability hardly exists. Consequently, the pockets methodology struggles to add any
value, casting doubt on its utility for market participants.

4.2. Trading Costs

Trading stocks incurs costs. In consequence, many return patterns and trading strategies
that seem robust on paper eventually disappoint (Chordia et al., 2014; Novy-Marx &
Velikov, 2016; Chen & Velikov, 2023). This may also apply to models considered by
Farmer et al. (2024). Any timing strategy aiming to beat the market must overcome the
impact of transaction costs. Do the pockets of predictability survive this hurdle?

The market timing strategy based on the pocket predictions, as described by Farmer et
al. (2023), assumes systematic revisions of market exposure—including leveraged
positions—and active allocation between equities and T-bills. While turnover may be
relatively high, the ultimate transaction costs depend on the implementation framework.
The costliest approach would involve buying and selling actual equities. Although trading
would concentrate mainly on big and liquid stocks, the total trading costs, encompassing
both commissions and implementation shortfall, may exceed 30 basis points (e.g., Virtu
Financial, 2022). A cheaper variant would involve using exchange-traded funds (ETFSs)
or futures contracts. The bid-ask spreads in both cases are below 0.5 basis points (see,
e.g., CME Group, 2016), and typical commissions are around two basis points (with
certain brokers offering commission-free trades). The implementation shortfall is unlikely
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to exceed one or two basis points, even for large trades. Overall, the total execution costs
should be below five basis points.

This solution comes with at least two limitations. First, due to basis movements and
temporary price fluctuations, both of these investment vehicles—futures and ETFs—
may fail to perfectly track the index. Since pockets-based strategies assume daily
rebalancing, even small discrepancies could matter. Second, while execution costs are
limited, investors would still face holding costs. In particular, the annual net expense
ratios for the most popular S&P ETFs range from 3 to 15 basis points. Trading index
futures does not entail management fees, but investors still need to roll the contracts
regularly, potentially causing a similar implementation drag.

To explore the practical gains from pockets-based predictions, we reproduce the original
market timing strategies proposed in Farmer et al. (2024) with different levels of trading
costs, ranging from 0 to 20 basis points. Subsequently, we compute the cost-adjusted
alphas and Sharpe ratios to pinpoint the net value added for investors. Notably, for the
clarity of presentation, we focus solely on the original specification rather than on the
entire implementation multiverse. Table 1 reports the results of this exercise.

[Insert Table 1 here]

First, observe Panel A, which presents the alphas. Nearly all strategies generate positive
and significant alphas when no trading costs are assumed. This is true not only for the
whole study period but also for both subperiods—the pockets-based methodology yields
substantial abnormal returns even in the more recent years, from 1990 to 2016. This
relatively robust performance in recent decades, especially compared to the results in
Section 3.2, is due to the particularly favorable research design choices in Farmer et al.
(2024). However, introducing even modest transaction costs changes the situation. For
example, when they equal five basis points, the alphas remain essentially statistically
significant for the full study period, but this is mainly due to the early years with stronger
return predictability. In the post-1989 period, none of the alphas are significant, though
their nominal magnitude is still sizable.

Next, when the assumed costs increase to 10 basis points per trade, even in the early
years, the alphas become predominantly insignificant, with the raw magnitude of alphas
dropping by roughly 80%. Strikingly, their values fall practically to zero, with half of the
strategies generating negative values. Naturally, increasing the costs further results in a
stronger drag on investment performance. At 20 basis points, all strategies produce
substantially negative abnormal returns in the years 1990-2016, with half of these values
significantly below zero.
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Panel B of Table 1 focuses on Sharpe ratios. To assess the materiality of gains from a
given strategy, we examine whether the Sharpe ratio significantly exceeds (or falls below)
the Sharpe ratio of a market portfolio, corresponding to a buy-and-hold strategy without
any leverage or short selling. Using the Ledoit and Wolf (2016) statistic, we compare the
performance of passive and active strategies. To reiterate, the market's portfolio Sharpe
ratio was 0.38 for the full study period 1926-2016, as well as 0.28 and 0.43 for the earlier
and later periods, respectively.

Basically, the pockets-based timing strategy competes moderately well against the
passive market portfolio approach. With no trading costs assumed, the strategies’ Sharpe
ratios significantly surpass that of the market portfolio in six out of nine cases—though
mainly only at the 10% level (in the one-tailed test framework). The situation
deteriorates noticeably at the five and ten basis points cost levels. In a nutshell, the
pockets-based strategies no longer beat the market portfolio. The Sharpe ratios typically
fail to exceed those of passive buy-and-hold strategies, and this pattern extends to both
early and recent years. At higher cost levels, performance worsens further. For instance,
when transaction costs reach 20 basis points per trade, all strategies significantly
underperform the market portfolio in the most recent part of the sample.

To sum up, while implementation costs do not necessarily eliminate profitability, they
represent a substantial drag on abnormal returns. Consequently, the pockets-based
strategies could potentially be applied in practice, but with at least two soft spots. First,
they should use liquid index trackers like ETF's or futures. Second, investors must accept
a significant loss of abnormal returns.

5. Conclusion

Predicting the equity premium remains a significant challenge in finance, with
increasingly sophisticated models and diverse datasets driving progress in forecasting
accuracy. While these complex methods often outperform simpler alternatives, they come
at a cost: reliance on numerous subjective design decisions makes these models vulnerable
to methodological changes, raising concerns about their stability and reliability. This
sensitivity to seemingly minor choices poses challenges for ensuring robustness, with

researchers referring to such uncertainties as “nonstandard errors.”

To illustrate these issues, we examine the concept of “pockets of predictability”
introduced by Farmer et al. (2023, 2024). These authors propose that the magnitude of
return predictability fluctuates over time, with long periods of unpredictability
punctuated by brief windows of forecastable returns. Crucially, these pockets can be
identified ex-ante using kernel regressions, enabling investors to time the market

effectively and achieve abnormal returns.
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Our analyses reveal three major weaknesses of this approach. First, pocket forecasts are
highly sensitive to minor methodological choices, such as return winsorizing or window
lengths. Small modifications in research design frequently have a detrimental impact on
forecasting accuracy. When subject to seemingly irrelevant changes, most
implementations may prove disappointing. Second, return predictability declines over
time. Consequently, the CW values over the last three decades are commonly low and
insignificant. Third, potential profits are sensitive to trading costs. Even at the level of
10 basis points, transaction cost drag may effectively erase all significant gains from the

pockets-based methodology.

All in all, while our results do not entirely reject the concept of pockets of predictability,
they highlight a series of considerable weaknesses. This forecasting method comes with
caveats, and investors should be aware of them when considering its implementation in

practice.
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Figure 1. Research Design Choices for Pockets Identification

The figure shows the decision nodes considered in the robustness analysis. We consider the paths through nine

different decision nodes to obtain the prediction performance. In total, all combinations generate 19,440

implementation variants. The pink boxes represent the original decisions made by Farmer et al. (2024).
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Figure 2. Out-of-Sample Measures of Forecasting Performance — Clark-West Statistics

The figure reports the distribution of 19,440 replications of the results from Farmer et al. (2024), Table III, Panel A.
Specifically, it reports the Clark and West (2007) test statistics for out-of-sample return predictability measured relative
to a prevailing mean forecast. Positive CW values indicate that return forecasts outperform the prevailing mean forecast,
while negative values indicate the opposite and the values of 1.64 (2.33) indicate statistical significance in a one-tailed test
at the 5% (1%) level. The body of each box represents the interquartile range, with its bottom and top marking the 25th
and 75th percentiles of the t-statistics distribution. The horizontal line in the center of a box is the median. The red bar
indicates the original specification of Farmer et al. (2024). The dots in the figure represent outliers, defined as values that
fall more than 1.5 times the interquartile range above the upper limit or below the lower limit of the box. The results are
reported separately for the full sample (FS), the in-pocket (IP), and the out-of-pocket (OOP) periods. Panel A to I report
the results for nine prediction models: dividend price ratio (dp), treasury bill rate (¢bl), term spread (t¢sp), and realized
variance (rvar), and five composite models: principal components (pc), four-variable multivariate (mv) forecast, and three
variants of combination forecasts (combl, comb2, comb3). The calculations are based on the original data from Farmer et
al. (2023) and the modifications of its code available from the replication package.
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Figure 3. Prediction Efficiency Across Research Design Choices

The table reports the model prediction efficiency measured with the median Clark and West (2007) (CW) test statistic for
the in-pocket periods across the distributions of 19,440 replications funneled over individual research design choices. The
CW tests compare the out-of-sample return predictability relative to a prevailing mean forecast. Positive CW values
indicate that return forecasts outperform the prevailing mean forecast, while negative values indicate the opposite. The
figures are based on a pooled set of forecasts from all prediction models from Farmer et al. (2023): dividend price ratio
(dp), treasury bill rate (tbl), term spread (tsp), and realized variance (rvar), and five composite models: principal
components (pc), four-variable multivariate (mv) forecast, and three variants of combination forecasts (combl, comb2,
comb3). The red bars indicate the original research design choice from Farmer et al. (2024). The calculations are based on
the original data from Farmer et al. (2023), and the study period runs from 1926 to 2016, as available for different

predictors.
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Figure 4. Out-of-Sample Measures of Economic Performance

The figure illustrates the economic gains from the standard forecasting model in Farmer et al. (2024) by reporting
two performance measures: the alphas (Panel A) and the annualized Sharpe ratios (Panel B). The candlesticks
represent the distribution of 19,440 implementation variants. The body of each box represents the interquartile
range, with its bottom and top marking the 25th and 75th percentiles of the return distribution. The horizontal
line in the middle of a box is the median. The red bar indicates the original specification of Farmer et al. (2024).
The dots in the figure represent outliers, defined as values that fall more than 1.5 times the interquartile range
above the upper limit or below the lower limit of the box. The considered models are dividend price ratio (dp),
treasury bill rate (tbl), term spread (tsp), and realized variance (rvar), and five composite models: principal
components (pc), four-variable multivariate (muv) forecast, and three variants of combination forecasts (combi,
comb2, comb3). The calculations are based on the original data from Farmer et al. (2023), and the study period
runs from 1926 to 2016, as available for different predictors.
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Figure 5. Fork Sensitivity in the Multiverse Analysis

This figure illustrates how sensitive the distribution of results is to the forks in the multiverse analysis associated with
different research design choices. The sensitivity is measured with the adjusted standardized Anderson-Darling test statistic.
Higher values of the statistic indicate that distributions are more dissimilar across alternative design choices on the fork.
We report the results for three different performance measures: Clark and West (2007) test statistics (Panel A), annualized
alphas (Panel B), and annualized Sharpe ratios (Panel C). The figures are based on a pooled set of forecasts from all
prediction models from Farmer et al. (2023): dividend price ratio (dp), treasury bill rate (tbl), term spread (tsp), and
realized variance (rvar), and five composite models: principal components (pc), four-variable multivariate (mwv) forecast,
and three variants of combination forecasts (combi, comb2, comb3). The calculations are based on the original data from
Farmer et al. (2023), and the study period runs from 1926 to 2016.
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Figure 6. Results Sensitivity to the Modifications of Individual Implementation Parameters

The figure illustrates the impact of the modifications to the original methodology of Farmer et al. (2024). We consider three different performance measures—Clark

and West (2007) test statistics (Panel A), annualized alphas (Panel B), and annualized Sharpe ratios (Panel C)—and calculate their values using the original (red

dots) and modified (blue dots) methodology. The left axis indicates the methodological modification. The empty (full) dots indicate values insignificant (significant)

at the 5% level. The forecasts are based on the comb! combination method, which aggregates for individual predictors: dividend price ratio (dp), treasury bill rate

(tbl), term spread (tsp), and realized variance (rvar). The calculations are based on the original data from Farmer et al. (2023), and the study period runs from 1926

to 2016, as available for different predictors. The research decisions are sorted on their impact on the CW test statistics.
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Figure 7. Performance in Subperiods

The figure reports the median alphas (Panels A) and the annualized Sharpe ratios (Panels B) across the distributions of 19,440 replications funneled over individual research design choices.
The figures are based on a pooled set of forecasts from all prediction models from Farmer et al. (2023): dividend price ratio (dp), treasury bill rate (¢bl), term spread (tsp), and realized
variance (rvar), and five composite models: principal components (pc), four-variable multivariate (mv) forecast, and three variants of combination forecasts (combl, comb2, comb3). The red
bars indicate the original research design choice from Farmer et al. (2024). The calculations are based on the original data from Farmer et al. (2023). The full study period runs from 1926

to 2016, as available for different time series, and the figure also reports the results for the subperiods until 1989 and 1990 to 2016.
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Table 1. The Role of Trading Costs

The table reports performance statistics for active asset allocation strategies based on time-varying market return predictions. The forecasts come from four individual
predictors: dividend price ratio (dp), treasury bill rate (¢bl), term spread (tsp), and realized variance (rvar), and five composite models: principal components (pc), four-
variable multivariate (mv) forecast, and three variants of combination forecasts (combl, comb2, combd). Panel A reports the alphas (in %), and Panel B focuses on Sharpe
ratios. The asterisks * and ** indicate values significantly higher than zero at the 5% and 1% levels, respectively, and the crosses ' and ' denote the values lower than zero
at the same significance levels. The significance in Panel A is calculated based on Newey and West (1987) adjusted t-statistics, and the Sharpe ratios in Panel B are
examined using the tests of Ledoit and Wolf (2008). The performance is reported after adjusting with different levels of transaction costs, from 0 basis points (bps), i.e.,

effectively implying no costs, to 20 basis points. The full study period runs from 1926 to 2016, as available for different time series, and the table also reports the subperiods
until 1989 and 1990 to 2016.

Trading costs: 0 bps Trading costs: 5 bps Trading costs: 10 bps Trading costs: 15 bps Trading costs: 20 bps

Full Pre-1989 Post-1989 Full Pre-1989 Post-1989 Full Pre-1989 Post-1989 Full Pre-1989 Post-1989 Full Pre-1989 Post-1989
Panel A: Alphas
dp 2.74% 2.16 3.28 1.07 1.72 0.63 -0.59 1.28 -2.02 -2.26 0.83 -4.67° -3.93ff 0.39 -7.321t
tbl 5.48** 5.84** 5.63* 4 56%* 4.60%* 3.45 3.64** 3.36* 1.27 2.72% 2.13 -0.91 1.80 0.89 -3.09
tsp 4.42%* 4.37** 5.05% 2.96* 3.50* 2.84 151 2.81 0.63 0.05 2.03 -1.58 -1.41 1.25 -3.79
tvar 3.41%* 3.18 4.59% 1.88 2.29 2.37 0.34 1.40 0.16 -1.20 0.51 -2.06 -2.73f -0.38 -4.27
mv 3.50%* 3.54* 4.91* 2.73* 2.11 2.69 1.87 0.69 0.47 1.00 -0.74 -1.75 0.14 -2.16 -3.98
pc 4.57** 4.11%* 5.14%* 3.47** 3.46%* 2.85 2.37* 2.82 0.57 1.27 2.17 -1.71 0.17 1.52 -3.99
combl 4 51%* 4.35%* 4.85* 2.11 3.24* 1.84 -0.29 2.13 -1.16 -2.697 1.02 -4.16 -5.091f -0.09 -7.16'
comb?2 4.47%* 4.79** 4.47* 2.58% 3.66* 1.63 0.69 2.53 -1.20 -1.20 1.40 -4.03 -3.09f 0.27 -6.871t
comb3 2.26* 4.85%* 0.29 0.30 3.41% -2.51 -1.65 1.97 -5.30f -3.61ff 0.53 -8.10f -5.561f -0.91 -10.90f
Panel B: Sharpe ratios
dp 0.48 0.42 0.49 0.36 0.38 0.35 0.25 0.33 0.22 0.14f 0.29 0.08ff 0.02ff 0.25 -0.07
tbl 0.68** 0.71** 0.62** 0.62* 0.61* 0.50 0.55* 0.50 0.38 0.48 0.39 0.26 0.42 0.29 0.13f
tsp 0.60* 0.59* 0.59* 0.50 0.52 0.47 0.40 0.46 0.35 0.30 0.39 0.23 0.20f 0.33 0.10f
tvar 0.52 0.47 0.57 0.42 0.40 0.45 0.31 0.33 0.33 0.21f 0.26 0.21 0.11ff 0.18 0.08ff
mv 0.55* 0.54 0.58 0.49 0.41 0.46 0.43 0.28 0.34 0.37 0.15 0.22 0.30 0.02 0.10ff
pc 0.62** 0.57* 0.60* 0.54* 0.52 0.48 0.47 0.46 0.35 0.39 0.41 0.23 0.31 0.35 0.10ff
combl 0.60* 0.58* 0.58* 0.44 0.49 0.42 0.28 0.40 0.26 0.12ff 0.30 0.10ff -0.041 0.21 -0.071
comb?2 0.58* 0.60* 0.54* 0.45 0.51 0.39 0.32 0.42 0.24 0.19f 0.32 0.09f 0.067f 0.23 -0.07ff
comb3 0.43 0.71%* 0.27* 0.23 0.55 0.08f 0.04f 0.38 -0.12ff -0.16'f 0.20 -0.31f -0.36f 0.03 -0.511f
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