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Can Machines Time

Markets?

The Virtue of Complexity in Return Prediction

Executive Summary

Machine learning techniques

can be used to improve market
timing strategies by picking

up nonlinearities between the
predictor variables (i.e., signals)
and returns. In order to identify the
nonlinearities, complex models,
i.e., models where the number of
predictor variables is larger than
the number of return time series
observations, must be estimated.
More complex models better identify
the true nonlinear relationships

and, thus, produce better market
timing strategy performance.

This "virtue of complexity" result
is validated in three practical
market timing applications:
timing the stock market, the

bond market, and the long/short
value factor. The performance
improvements are real but modest,
consistent with the view that
machine learning applied to return
prediction leads to evolutionary,
not revolutionary, wealth gains.
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Introduction and Framework

Machine learning techniques have flourished
in environments with high predictability

and large amounts of data. In general, larger,
more complex models, i.e., models where the
number of explanatory variables dramatically
exceeds the number of dependent variable
observations, have performed the best out-
of-sample. This is confirmed by the accurate
GPT-3 language model, which uses 175
billion parameters,* and various other image/
natural language processing models which
deploy astronomical parameterization in
order to exactly fit the training data while
also performing the best out-of-sample.>

In contrast to the environments described
above, finance naturally has low

predictability and small amounts of time
series observations,? suggesting small, simple
models—not complex machine learning
models—are best suited for market timing
applications.4 However, new research is
challenging this principle of parsimony.s
Expected returns are likely nonlinear in
the underlying predictor variables (i.e.,
signals), and small, simple market timing
models miss this important relationship.
Large, complex models are able to pick

up the nonlinearities and produce better
market timing performance. In fact, more
complex models perform better out-of-
sample—a so-called "virtue of complexity."

Exhibit 1: Degree of Predictability vs. Amount of Data
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Source: AQR. For illustrative purposes only.
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See Brown et al, (2020).
See Belkin (2021).
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See Kelly, Malamud, and Zhou (2021).

For example, when asked to predict the ending sentence of a five-sentence long story, GPT-3 was able to achieve over 80% accuracy.

See Israel, Kelly, Moskowitz (2020) https://www.aqgr.com/Insights/Research/Journal-Article/Can-Machines-Learn-Finance.
See Asness, lImanen, Maloney (2015) https://www.agr.com/Insights/Research/Trade-Publication/Back-in-the-Hunt.


https://www.aqr.com/Insights/Research/Journal-Article/Can-Machines-Learn-Finance
https://www.aqr.com/Insights/Research/Trade-Publication/Back-in-the-Hunt
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What Are Some Possible Nonlinearities
in Expected Returns?

Let’s start with a concrete return prediction
example demonstrating how a simple linear
model may differ from a more complex
nonlinear one.

Assume expected returns are driven by two
signals, valuations (i.e., value) and short-
term performance (i.e., momentum). When
valuations are low (i.e., cheap) and short-term
performance has been good, expected returns
are above average. Exhibit 2 Figure A depicts

this relationship in a linear manner. But

what if there is an additional expected return
impact when valuations are at extremes—so
called “deep value”?® This nonlinearity is
highlighted in Exhibit 2 Figure B. Additional
nonlinearities between the signals and

returns can be incorporated, such as having
an outsized return impact when extreme
valuations and momentum are aligned, i.e. the
market is extremely cheap with unusually high
short-term performance (Exhibit 2 Figure C).

Exhibit 2: Nonlinearity Examples in Expected Equity Return

Hypothetical Equity Market Excess Returns

Fig. A: Linear Fig. B: Deep Value Fig. C: Deep Value with 1
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Source: AQR. Market returns, “value metric”, and “momentum metric” data are hypothetical and for illustrative purposes only. The value
metric is a generic example metric of valuation, and the momentum metric is a generic metric of short-term performance. Hypothetical
data has certain inherent limitations, some of which are disclosed in the Appendix.

6 SeeAsness et al (2021) https://www.agr.com/Insights/Research/Working-Paper/Deep-Value.


https://www.aqr.com/Insights/Research/Working-Paper/Deep-Value
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Why Do More Complex Models Perform

Better?

Complex return prediction models better
reflect reality by picking up nonlinearities
between the signals (G) and future returns (R).
In practice, the nonlinear relationships are
unknown and must be estimated. This can

Exhibit 3: A Complex Market Timing Model

be done by estimating a large, complex linear
model where P new predictor variables (S) are
generated by taking nonlinear transformations
of the original signals (G). Refer to Exhibit 3.

True Model: Re.i = f(Ge) + &1
Empirical Model: Rev1 = X1 S i Bi + Eeaa

where:
¢ Sis anonlinear function of G
¢ Pis the number of model parameters

How many nonlinear transformations of

the original signals should be used in the
empirical model, i.e. should P be small or
large? If we first focus on the market timing
expected return objective, a more complex
model with higher P would better approximate
the true return prediction model. As a result,
more complex market timing models with
higher P deliver higher expected returns. This
is consistent with Exhibit 4, which graphs

the expected return from a market timing
strategy as a function of model complexity (C).
C equals the number of predictor variables in
the model (P) divided by the number of time
series observations (T). When C is less than
one, we are in familiar statistical territory
with more data (T) than predictor variables
(P). Standard least squares regression can be
used. When C is greater than one, there are
an infinite number of solutions to the least-
squares problem. As a result, we must employ
regularization techniques, such as ridge

regression, to estimate the expected return
model. Ridge regression introduces bias via
shrinkage into the expected return forecast.’
Net-net, the expected return is increasing in
complexity as the benefits of better true-model-
approximation dominate the costs of rising
bias from shrinkage.?

Market timing performance isn’t just based
on expected returns. Returns must be risk-
adjusted. While it might be intuitive that
more complex models deliver better expected
returns, it's not obvious that they can do so
with a reasonable amount of risk. Complex
return prediction models—models with few
data points and many parameters—could
be very difficult to estimate, increasing the
volatility of the market timing strategy. This
phenomenon is observed in Exhibit 4 when
C <1. As the number of predictor variables
gets close to the number of time series
observations, the betas of the model are

T P 2 P
7 Ridge regression solves for the betas that minimize the following objective function: Zm(y: _Zi:f‘“ﬁ'> +lzi:1Bé‘ . Lambda penalizes

large betas, shrinking the betas towards zero.
8 Formore evidence, please see Kelly et al (2021).
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estimated imprecisely and market timing can be estimated with high precision (i.e.,
volatility explodes. However, as model small variance). As a result, the market timing
complexity increases, the regularization Sharpe ratio is increasing in model complexity
techniques of ridge regression are able to when C is greater than one—the so-called
identify a set of betas that fit the data and virtue of complexity applied to market timing.

Exhibit 4: The Trading Strategy Perspective of Complex Models
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Source: AQR, https://papers.ssrn.com/sol3/papers.cfm?abstract id=517667. For illustrative purposes only.
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Sounds Great in Theory, but Does It

Work in Practice?

So far we have been focusing on the theory
behind why more complex return prediction
models deliver better market timing strategy
performance. Let's now apply the theory

to three practical market timing problems:
timing the stock market, timing the bond
market, and timing the long/short value factor.
Can complex models time these markets and
factors? Yes.

Timing the stock market

Our stock return prediction model uses the 15
macroeconomic and financial market signals
studied by the famous Goyal and Welch return
predictability paper (see Exhibit 5).° In order
to identify nonlinear relationships between
the signals and future returns, we estimate a
12-month rolling ridge regression with 12,000
predictor variables (i.e., a complexity C of
12,000/12 = 1,000). The US stock excess return
from 1927 to 2020 is the dependent variable
while the 12,000 predictor variables are
generated by taking nonlinear combinations
of the 15 raw Goyal-Welch (GW) signals.*® Our

9 See Goyal and Welch (2008).

market timing portfolio weight is equal to the
forecasted return generated from the complex,
12-month rolling ridge regression.'* When the
forecasted return is positive, we go long, and
when the forecasted return is negative, we go
short.

We also construct a “simple” timing model
which similarly goes long or short the
forecasted return from a 12-month rolling
linear regression of the market return on the
original 15 raw GW predictor signals.*

The out-of-sample market timing performance
using our complex model is reported in
Exhibit 5. The strategy generates almost a 0.5
Sharpe ratio. Most of the performance can't
be explained by static market exposure: the
appraisal ratio (aka alpha Sharpe ratio) is over
0.3 with an alpha t-stat of almost 3. While

the passive market is negatively skewed, the
market timing strategy is positively skewed. In
other words, the strategy generates attractive
risk-adjusted returns without exposure to
infrequent, large, left tail events.s

10 We generate 12,000 so-called random Fourier features from the 15 original variables. This process approximates a neural network.

11 This approximately maximizes the Sharpe ratio from the market timing strategy.

12 When the number of parameters exceeds observations, there are infinite solutions to the least squares regression objective. In order
to identify a unique solution, we choose the minimizing solution for the linear regression with the smallest sum of squared betas. This is
also known as "ridgeless" regression, or ridge regression where the shrinkage parameter approaches zero in the limit.

13 Theresults reported in the paper do not reflect the impact of transaction costs. Other AQR research has validated the virtue of
complexity principle in an environment with transaction costs and other market frictions.



8 Alternative Thinking 2024 Issue 2: Can Machines Time Markets?

Exhibit 5: Hypothetical Out-of-Sample Equity Market Timing Performance using
Goyal-Welch Predictors
January 1, 1927 - December 31, 2020

We use 15 predictor variables: default-yield spread, inflation, stock variance, dividend payout
ratio, long-term gov bond yield, term spread, t-bill rate, pure credit return, dividend-price
ratio, dividend yield, long-term gov bond return, earnings-price ratio, book-to-price, net equity
expansion, and lagged market return.

The Sharpe ratio after

adjusting for static market US Stocks E Simple Linear Timing = Complex Nonlinear Timing
exposure Excess Return ; Strategy Return Strategy Return
Sharpe Ratio 0.51 i -0.12 0.47
Appraisal Ratio i -0.19 0.31
Alpha t-stat i -1.74 2.88
Skew -0.41 E -1.29 2.54

; The untimed stock market has negative skew

Source: AQR. https://papers.ssrn.com/sol3/papers.cfm?abstract id=517667. The above complex results use T=12, P=12,000 and the
variables do not have lookahead bias. The dependent variable is the excess return of the CRSP Value-Weighted Index of the S&P 500
Universe. The statistics reported are for static exposure to U.S. stock market return, the simple timing strategy, and the nonlinear timing
strategy. For illustrative purposes only. Hypothetical data has certain inherent limitations, some of which are disclosed in the Appendix.

To provide more transparency into the complex market timing model, the market timing
portfolio weights and NBER recessions are graphed in Exhibit 6. The market timing strategy is
able to avoid 14 out of the 15 recessions. The one exception is the 8-month recession of 1945. It is
interesting to point out that the strategy is effectively long only, going long in between recessions
and approximately getting out of the market during recessions.

Exhibit 6: Hypothetical Rolling 6-Month Average Market Timing Weights using
Goyal-Welch Predictors
January 1, 1927 - December 31, 2020

Reminder: Weights (Pi) were calculated using a rolling

0.6 - 12-month ridge regression of US equities on 12,000

0.5 random Fourier features based on the original
Goyal-Welch set of 15 predictor variables

0.4
0.3
0.2
0.1
0.0
-0.1
-0.2 -
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Rolling 6-month Average Pi
(Weight)

NBER Recession —Pj, T=12

Source: AQR, NBER. https://papers.ssrn.com/sol3/papers.cfm?abstract id=517667. The above results use T=12, P=12,000 and
the variables do not have lookahead bias. The rolling 6-month weights reported are of the nonlinear timed U.S. stock market strategy.
Hypothetical data has certain inherent limitations, some of which are disclosed in the Appendix.



https://papers.ssrn.com/sol3/papers.cfm?abstract_id=517667
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Timing the bond market

We repeat the exercise from the previous results, the strategy generates a Sharpe ratio of
section with one change: the dependent 0.3. None of the performance can be explained
variable is now the excess return on the by static market exposure: the appraisal ratio
10-year US treasury bond. The out-of-sample is also 0.3 with an alpha t-stat of 2.4. The

bond market timing performance using bond market timing strategy is also positively
our complex model is reported in Exhibit 7. skewed.

Consistent with the equity market timing

Exhibit 7: Hypothetical Out-of-Sample Bond Market Timing
June 1, 1945 - December 31, 2020*

We use 15 predictor variables: default-yield spread, inflation, stock variance, dividend payout
ratio, long-term gov bond yield, term spread, t-bill rate, pure credit return, dividend-price
ratio, dividend yield, long-term gov bond return, earnings-price ratio, book-to-price, net equity
expansion, and lagged market return.

US 10Y Treasury Simple Linear Timing  Complex Nonlinear Timing

Excess Return i Strategy Return Strategy Return
Sharpe Ratio 0.08 i 0.01 0.27
Appraisal Ratio i 0.02 0.27
Alpha t-stat i 0.18 2.36
Skew 0.08 E -0.90 9.50

Reminder: We use the exact same process and underlying independent variables as in Exhibit 5, except our new
dependent variable is 10-Year US Treasury excess returns®.

*The Treasury returns we use start in 1945.

Source: AQR, Global Financial Data. https://papers.ssrn.com/sol3/papers.cfm?abstract id=517667. The above complex results use T=12,
P=12,000 and the variables do not have lookahead bias. The dependent variable is the excess return of the Global Financial Data US 10-
Year Treasury Bond TR Index. Cash is the 3-month Treasury bill return. The statistics reported are for static exposure to U.S. bond market
return, the simple timing strategy, and the nonlinear timing strategy. Hypothetical data has certain inherent limitations, some of which are
disclosed in the Appendix.

Timing the long/short value factor

Lastly, we move from timing traditional risk the HMUL results are similar to those found
premia to timing one of the most famous when timing the stock and bond market. The
alternative risk premia, the Fama-French long/ HML timing strategy generates a 0.4 Sharpe
short value factor (i.e., HML). It's the exact ratio and appraisal ratio with an alpha t-stat of
same set up as the previous sections except 3.4 and positive skew (Exhibit 8).

HMUL is our dependent variable. The spirit of



https://papers.ssrn.com/sol3/papers.cfm?abstract_id=517667

10 Alternative Thinking 2024 Issue 2: Can Machines Time Markets?

Exhibit 8: Hypothetical Out-of-Sample Fama-French Value Factor Timing
January 1, 1927 - December 31, 2020

Fama-French Value Simple Linear Timing  Complex Nonlinear Timing

Factor Return I Strategy Return Strategy Return
Sharpe Ratio 0.33 : 0.03 0.42
Appraisal Ratio 0.04 0.36
Alpha t-stat : 0.37 3.37
Skew 1.20 : 6.92 411

Reminder: We use the exact same process and underlying independent variables as in Exhibits 5 and 7, except our
new dependent variable is the FF Value factor “HML".

Source: AQR, Ken French Data Library. https://papers.ssrn.com/sol3/papers.cfm?abstract id=517667. The above complex results use
T=12,P=12,000 and the variables do not have lookahead bias. The dependent variable is the Fama French US Value factor (‘HML"). The
statistics reported are for static exposure to U.S. HML return, the simple timing strategy, and the nonlinear timing strategy. Hypothetical
data has certain inherent limitations, some of which are disclosed in the Appendix.

The Virtue of Complexity Is Not a
License for Data Mining

Large, complex models can clearly help time as seen in Exhibit 9. If we use the earlier
various markets and long/short factors.4 complex stock return prediction model with
However, this virtue of complexity is not a the underlying 15 GW predictor variables,

license for throwing any predictor variable into  we achieve a market timing Sharpe ratio of
the regression. It is critical that the underlying  0.47. As we include noisy predictor variables

raw signals be related to the true nonlinear alongside the original 15 GW variables, market
expected return model. Including signals timing strategy performance declines rapidly.
with no relationship to the true expected Including just one noisy predictor variable
return degrades market timing performance reduces performance by almost 50%.

Exhibit 9: Hypothetical Out-of-Sample Equity Market Timing Performance adding
Noise Variables to the 15 Goyal-Welch (2008) Variables
January 1, 1927 - December 31, 2020

Reminder: Here we repeat the original analysis of

0.5 0.47 V\ . . .
’ Original results with timing the equity market using the 15 Goyal Welch

o 04 0 noisy variables added variables but we add random noise variables one at a time
2 0
©
% 03 0.27 0.24
2
8 02
(7] 0.09 0.08

0.1 0.05

0.0

0 1 2 3 4 5

# of Noisy Random Variables

Source: AQR. https://papers.ssrn.com/sol3/papers.cfm?abstract_id=517667. The above results use T=12, P=12,000 and the variables do not
have lookahead bias. The dependent variable is the excess return of the CRSP Value-Weighted Index of the S&P 500 Universe. The statistics
reported are for the nonlinear timed U.S. stock market return with and without the addition of 1-5 standard normal random variables (in addition
to the 15 Goyal-Welch predictor variables from the original study). Hypothetical data has certain inherent limitations, some of which are
disclosed in the Appendix.

14 SeeKellyetal (2022).
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Concluding Thoughts and Future

Research

Using small, simple return prediction

models to market time misses nonlinear
relationships between the predictor variables
and future returns, leaving money on the
table. Large, complex models overcome this
limitation, better estimate the true expected
return model, and generate better market
timing performance—the so-called virtue of
complexity. This virtue of complexity principle
is validated in timing the stock market, bond
market, and long/short value factor. The
market timing Sharpe ratios adjusted for

static exposure are in the neighborhood of 0.3.
Thus, the performance improvements from
implementing complex models are real but
modest, consistent with the view that machine
learning applied to return prediction leads to
evolutionary, not revolutionary, wealth gains.

While this paper focuses on a time series,
market timing application, the virtue of
complexity also holds cross-sectionally when
forming multi-factor portfolios.*s For example,
consider the following three popular stock
selection factors: value, momentum, and

low risk. What's the highest Sharpe ratio
portfolio that can be constructed with these
three factors, and can we materially improve
upon this result by constructing additional
factors which are nonlinear combinations of
the original three signals? The answer to the
latter question is yes—another cross-sectional
variation of the virtue of complexity. Can
machines build better multi-factor portfolios?
Yes. More to come.
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Disclosures

This document has been provided to you solely for information purposes and does not constitute an offer or solicitation of an offer or

any advice or recommendation to purchase any securities or other financial instruments and may not be construed as such. The factual
information set forth herein has been obtained or derived from sources believed by the author and AQR Capital Management, LLC (“AQR"),
to be reliable, but it is not necessarily all-inclusive and is not guaranteed as to its accuracy and is not to be regarded as a representation

or warranty, express or implied, as to the information's accuracy or completeness, nor should the attached information serve as the basis
of any investment decision. This document is not to be reproduced or redistributed without the written consent of AQR. The information
set forth herein has been provided to you as secondary information and should not be the primary source for any investment or allocation
decision.

Past performance is not a guarantee of future performance.

This presentation is not research and should not be treated as research. This presentation does not represent valuation judgments with
respect to any financial instrument, issuer, security, or sector that may be described or referenced herein and does not represent a formal
or official view of AQR.

The views expressed reflect the current views as of the date hereof, and neither the author nor AQR undertakes to advise you of any
changes in the views expressed herein. It should not be assumed that the author or AQR will make investment recommendations in the
future that are consistent with the views expressed herein, or use any or all of the techniques or methods of analysis described herein
in managing client accounts. AQR and its affiliates may have positions (long or short) or engage in securities transactions that are not
consistent with the information and views expressed in this presentation.

The information contained herein is only as current as of the date indicated and may be superseded by subsequent market events or

for other reasons. Charts and graphs provided herein are for illustrative purposes only. The information in this presentation has been
developed internally and/or obtained from sources believed to be reliable; however, neither AQR nor the author guarantees the accuracy,
adequacy, or completeness of such information. Nothing contained herein constitutes investment, legal, tax, or other advice, nor is it to be
relied on in making an investment or other decision.

There can be no assurance that an investment strategy will be successful. Historic market trends are not reliable indicators of actual
future market behavior or future performance of any particular investment, which may differ materially, and should not be relied upon
as such. Target allocations contained herein are subject to change. There is no assurance that the target allocations will be achieved,
and actual allocations may be significantly different from those shown here. This presentation should not be viewed as a current or past
recommendation or a solicitation of an offer to buy or sell any securities or to adopt any investment strategy.

The information in this presentation might contain projections or other forward-looking statements regarding future events, targets,
forecasts, or expectations regarding the strategies described herein and is only current as of the date indicated. There is no assurance
that such events or targets will be achieved and might be significantly different from that shown here. The information in this presentation,
including statements concerning financial market trends, is based on current market conditions, which will fluctuate and may be
superseded by subsequent market events or for other reasons. Performance of all cited indices is calculated on a total return basis with
dividends reinvested.

The investment strategy and themes discussed herein may be unsuitable for investors depending on their specific investment objectives
and financial situation. Please note that changes in the rate of exchange of a currency might affect the value, price, or income of an
investment adversely. Neither AQR nor the author assumes any duty to, nor undertakes to update forward-looking statements. No
representation or warranty, express or implied, is made or given by or on behalf of AQR, the author, or any other person as to the accuracy
and completeness or fairness of the information contained in this presentation, and no responsibility or liability is accepted for any such
information. By accepting this presentation in its entirety, the recipient acknowledges its understanding and acceptance of the foregoing
statement. Diversification does not eliminate the risk of experiencing investment losses.

Gross performance results do not reflect the deduction of investment advisory fees and other expenses, which would reduce an investor's
actual return. AQR's asset based fees may range up to 2.85% of assets under management, and are generally billed monthly or quarterly
at the commencement of the calendar month or quarter during which AQR will perform the services to which the fees relate. Where
applicable, performance fees are generally equal to 20% of net realized and unrealized profits each year, after restoration of any losses
carried forward from prior years. In addition, AQR funds incur expenses (including start-up, legal, accounting, audit, administrative and
regulatory expenses) and may have redemption or withdrawal charges up to 2% based on gross redemption or withdrawal proceeds.
Please refer to AQR's ADV Part 2A for more information on fees. Consultants supplied with gross results are to use this data in accordance
with SEC, CFTC, NFA or the applicable jurisdiction’s guidelines.

"Expected"” or “Target” returns or characteristics refer to expectations based on the application of mathematical principles to portfolio
attributes and/or historical data, and do not represent a guarantee. These statements are based on certain assumptions and analyses
made by AQR in light of its experience and perception of historical trends, current conditions, expected future developments and other
factors it believes are appropriate in the circumstances, many of which are detailed herein. Changes in the assumptions may have a
material impact on the information presented.

Broad-based securities indices are unmanaged and are not subject to fees and expenses typically associated with managed accounts or
investment funds. Investments cannot be made directly in an index

Index and Data Definitions:

The CRSP Value-Weighted Index of the S&P 500 Universe is a market capitalization-weighted index of all stocks in the S&P 500 Index
(formerly the S&P 90 prior to March 1957), created by the Center for Research in Security Prices (CRSP). The S&P 500 Index is the
Standard & Poor's composite index of 500 stocks, a widely recognized, unmanaged index of common stock prices.
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The Global Financial Data US 10-Year Bond TR Index measures the return to constant-maturity 10-year US Treasury bonds.

The value factor HML factor follows Fama and French (1992, 1993 and 19986). It is the average return of the two value portfolios minus
the return on the two growth portfolios. HML portfolios are value-weighted. The size and book-to-market breakpoints are refreshed in June
of each calendar year, and the portfolios are rebalanced every calendar month to maintain value weights.

The Goyal and Welch (2008) variables are from “A Comprehensive Look at The Empirical Performance of Equity Premium Prediction”
(Goyal and Welch, 2008). Please refer to Goyal and Welch (2008) for detailed descriptions of the variables.

Hypothetical Descriptions:
Hypothetical Out-of-Sample Market Timing Performances using Goyal-Welch Predictors (Exhibits 5, 7, 8)

The hypothetical out-of-sample marketing timing strategy uses 12-month rolling regressions of the market on 12,000, randomly
generated nonlinear parameters to make monthly out-of-sample market return predictions. The dependent variable is the market return
(equity market for Exhibit 5, bond market for Exhibit 7, and Fama-French Value Factor for Exhibit 8). We start by taking the 15 independent
Goyal-Welch economic predictor variables and creating 12,000 nonlinear Fourier features (see Kelly et al, 2021), with gamma parameter
of 4. We then run 12-month rolling ridge regressions with shrinkage parameter 1e3 of the market on the Goyal-Welch variables to calculate
the next month's predicted return. We use to predicted return itself as the weight in the market return in each month to create market
timing portfolio returns.

Hypothetical Rolling 6-Month Average Market Timing Weights using Goyal-Welch Predictors (Exhibit 6)

We plot the market return prediction (i.e., the timing strategy’s weight in the market) from the regressions run in Exhibits 5 (US stock
market) across time. These out-of-sample predictions/market timing weights are averaged on a rolling 6-month basis.

Hypothetical Out-of-Sample Equity Market Timing Performance adding K Noise Variables to the 15 Goyal-Welch (2008) Variables:

We perform the same analysis in the out-of-sample equity market timing strategy (Exhibit 5) using all full sample Goyal-Welch predictors,
except we introduce randomly generated noise signals one at a time (until a maximum of 5 random noise signals). The random noise is
sampled monthly from a standard normal distribution. The Sharpe ratios of these portfolios are shown.
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