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portfolio strategies and horizons. Monthly long—short portfolios constructed using
these models generate economically meaningful excess returns and notable
improvements in Sharpe ratios relative to traditional benchmarks. Annual backtests
further confirm the robustness of these gains across investment horizons. Our results
highlight that return predictability is concentrated in small-cap and value stocks.
Furthermore, predictive power is substantially enhanced in stocks characterized by
market frictions, including high information asymmetry and low trading volume,
where regularized and nonlinear models achieve superior risk-adjusted returns. We
also show that elevated net anonymous buying and greater broker-level dispersion of
anonymous order flow augment forecast accuracy, yielding 60 to 80 basis points higher
monthly returns and Sharpe ratios that approach or exceed 0.9 for flexible learners.
Overall, select ML techniques materially enhance return forecasting and portfolio

construction in the Canadian equity market.

Keywords: Stock return prediction, Machine learning, Canadian stock market,
Asset Pricing, Anonymous Trading
JEL Classification C55, C58, G11, G12, G14, G17

* Contact author. Najah Attig is a Full Professor of Finance and Chair of the Department of Finance at
Dalhousie University, Canada. Chahine Attig is a data science engineering student at ENSAI (Ecole Nationale
de la Statistique et de 1’Analyse de 1'Information), France. We are grateful to Paul Brockman, and Jihene
Fayala Attig. The authors are especially indebted to Tamara McAllister from TMX Group (Datalinx) for her
assistance with the anonymous trading data. We also acknowledge the generous financial support provided by
the Social Sciences and Humanities Research Council of Canada (SSHRC). All remaining errors are our own.


mailto:najah.attig@dal.ca
mailto:chahine.attig@eleve.ensai.fr

1. Introduction

This study investigates two timely and underexplored questions in the context of Canadian
capital markets, with direct implications for investment management. First, it provides the
first empirical evidence on the performance of machine learning (ML)! methods in forecasting
Canadian stock risk premiums. Second, it offers novel evidence on whether anonymous
trading imbalances carry predictive power for the cross-section of stock returns. Together,
these contributions add the empirical asset pricing literature and offer valuable insights for
Canadian capital markets. We expect the findings of this study to inform the evolving toolkit
of asset managers and researchers seeking to enhance return forecasting amid increasing data
complexity and shifting market dynamics. This is because return predictability remains one
of the most consequential themes in modern finance, given its direct implications for asset
pricing, portfolio allocation, and trading decisions (Abhyankar et al., 2012). Importantly,
despite increasing market complexity—including heightened volatility and evolving
information flows—the academic pursuit of return predictability has only intensified,
reflecting its enduring importance in navigating today’s dynamic financial landscape (Jensen

et al., 2023; Gu et al., 2020).

The growing complexity of financial markets—characterized by heightened volatility
and evolving information dynamics—has deepened academic interest in return predictability,
underscoring its enduring importance for both theory and practice (Jensen et al., 2023; Gu
et al., 2020). This sustained focus is well justified, as even marginal improvements in forecast
accuracy can generate substantial economic value (Campbell and Thompson, 2008). At the
same time, this expanding literature has fueled debate over a foundational question: can

“empirical models accurately forecast the equity premium any better than the historical

' ML broadly refers to high-dimensional predictive models that incorporate regularization to prevent overfitting,
along with efficient algorithms for exploring numerous model specifications (Gu et al. 2020).
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mean?” (Spiegel, 2008, p. 1453). While extensive research has identified a wide range of
return predictors (e.g., Campbell and Thompson, 2008; Xu and Liu, 2024), skepticism about
spurious predictability and data mining—particularly when predictors are correlated
(Stambaugh, 1999)—has motivated a parallel stream of work focused on econometric

corrections (e.g., Lewellen, 2004; Campbell and Yogo, 2006).

A salient critique from Goyal and Welch (2003) is that strong in-sample correlations
often mask systematic out-of-sample underperformance, with few predictors consistently
outperforming the historical average. They further argue (Goyal and Welch, 2004) that this
failure is symptomatic of the widespread reliance on simple linear regression models. More
recent studies (Hou et al., 2020; Drobetz and Otto, 2021) echo this concern and suggest that
model misspecification may be a key driver of poor out-of-sample performance. Importantly,
models that relax the linearity assumption of the pricing kernel>—as imposed in traditional
frameworks such as the CAPM and APT-—often yield improved predictive performance.
Seminal studies (e.g., Bansal et al., 1993; Dittmar, 2002; Asgharian and Karlsson, 2008)
demonstrate that accounting for nonlinearities and complex interactions between variables

can lead to more robust and economically meaningful forecasts.

Given the inherent noise in stock returns and the potential multicollinearity among
predictors, increasing the number of predictors can cause simple linear models to overfit noise
rather than extract meaningful signals, thereby undermining predictive stability (Drobetz
and Otto, 2021; Gu et al., 2020). Against this backdrop, machine learning (ML) methods
offer considerable promise for enhancing return predictability. Their flexibility enables them

to handle high-dimensional predictor spaces and capture complex nonlinear interactions (Gu

2 The Euler equation, % p 27 Jd m P, characterizes the first-order condition of an investor’s

intertemporal consumption—investment decision, where | denotes the stochastic discount factor (SDF), also
referred to as the intertemporal marginal rate of substitution (see Cochrane, 2005).
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et al., 2020). Despite this potential, applications of ML in empirical asset pricing remain
relatively limited. Gu et al. (2020) provide one of the first comprehensive comparisons of ML
algorithms for forecasting asset risk premiums, demonstrating that ML-based forecasts can
yield substantial economic gains for investors. Drobetz and Otto (2021) similarly show that
accounting for nonlinearities and interaction effects improves predictive accuracy and
portfolio performance in European equity markets, with long-only ML strategies producing
higher returns and Sharpe ratios. Extending this line of inquiry, Leippold et al. (2022) apply
multiple ML techniques to develop a comprehensive set of return predictors for the Chinese

stock market.?

In our empirical analysis, we build on a burgeoning body of research (e.g., Gu et al.,
2020; Drobetz and Otto, 2021; Leippold et al., 2022) by comparing a suite of ML techniques
to a linear benchmark model. Our baseline specification incorporates 37 firm-level and 15
macroeconomic predictors, including liquidity, investment, volatility, and valuation signals.
We draw on a comprehensive panel of 129,047 firm-month observations covering 1,308
Canadian firms over the period January 1990 to December 2023. We evaluate each model’s
performance using both statistical and economic criteria, including portfolio-level backtests

at monthly and annual frequencies.

Our results show that moderately flexible nonlinear models—particularly mid-depth
neural networks and gradient-boosted trees (XGBoost)—consistently outperform deeper
architectures and regularized linear models in predicting stock returns. For instance, monthly
long—short portfolios constructed with XGBoost deliver average excess returns exceeding 1%
per month, with Sharpe ratios above 0.75. In comparison, OLS benchmarks generate only

0.44% average monthly returns with Sharpe ratios around 0.30. Annual backtests reinforce

? Drobetz et al. (2024) show that ML-based estimators of time-varying market betas for U.S. stocks produce
the lowest forecast and hedging errors.



these findings: leading models explain up to 23% of return variation and yield average annual

returns over 20%, with Sharpe ratios approaching 0.9.

We show that return predictability is concentrated in small-cap and value stocks.
Equal-weighted long—short portfolios consistently outperform their value-weighted
counterparts by 10 to 20 basis points monthly, suggesting that smaller firms contribute
disproportionately to forecastable alpha. Within style categories, value stocks exhibit
particularly strong predictive signals—monthly returns exceed 3% with Sharpe ratios above
1.1—whereas growth stocks show weaker performance, with simpler models (e.g., LASSO,

Elastic Net) outperforming complex ones due to the noisier nature of the input signals.

We further find that market microstructure frictions enhance predictive performance.
Stocks with high information asymmetry (proxied by bid-ask spreads) and low trading
volume exhibit higher forecastability, with flexible models extracting more reliable signals

under these conditions.

Importantly, a novel insight from our analysis is the relevance of anonymous trading
in return predictability. Stock of elevated net anonymous buying are associated with monthly
return gains of 60 to 80 basis points, with Sharpe ratios nearly doubling for penalized
regression models. Moreover, greater broker-level dispersion in anonymous order flow—
capturing heterogeneity in private information—amplifies the performance of flexible,
interaction-based learners such as Random Forest, XGBoost, and mid-depth neural networks.
These models achieve Sharpe ratios above 0.9 in such environments, while simpler and overly

deep models show diminished performance.

From an investment management perspective, these findings underscore that the
effectiveness of predictive models is highly contingent on firm characteristics. Small-cap

returns are largely driven by liquidity and fast-moving fundamentals, consistent with the



view that microstructure inefficiencies dominate in these segments. In contrast, large-cap
returns are more influenced by systematic risk exposures and capital structure variables.
Similarly, value stocks are well suited to flexible ML models that can capture nonlinear
patterns, whereas growth stocks benefit from regularized approaches that mitigate overfitting
in noisy signal environments. These results suggest that investors should tailor their
forecasting and allocation strategies accordingly. For example, stable and implementable
portfolios may benefit from shallow neural networks or penalized linear models when applied
to illiquid stocks, while complex models require rigorous risk controls when deployed in more

liquid, large-cap universes.

The remainder of the paper is organized as follows. Section 2 provides the literature
background relevant to our research context. Section 3 describes the data and outlines the
methodological approach used for return prediction. Section 4 presents the empirical results,
including the assessment of out-of-sample predictability, the identification of key predictors,
and model selection based on unconditional and conditional predictive ability tests. Section
5 investigates whether predictive performance translates into portfolio gains. Section 6

concludes.
2. Literature Background

Forecasting the equity risk premium has a long history, dating back to Graham and
Dodd (1934), who argued that high valuation ratios signal undervalued markets and should
predict higher future returns. Most empirical asset pricing models—both time-series and

cross-sectional*—typically assume linear relationships between financial variables and

1 Stock return prediction can be viewed through the lens of time-series (TS) models, which forecast aggregate
returns using macroeconomic variables and technical indicators (e.g., Cochrane 2011; Rapach and Zhou 2013),
and cross-sectional (CS) models, which explain return variation across individual stocks based on firm-level
characteristics (e.g., Fama and French 1993; Jegadeesh and Titman 1993), typically estimated via Fama—
MacBeth regressions (Drobetz and Otto 2021).



subsequent stock returns (see Drobetz and Otto, 2021, for a discussion). A classic example is
the Capital Asset Pricing Model (CAPM) developed by Sharpe (1964), Lintner (1965), and
Mossin (1966), which posits that expected returns are driven solely by exposure to market
risk, implying a linear dependence on a single factor. However, as Campbell and Thompson
(2008) note, academic finance began to rigorously examine this premise only in the 1980s,
following empirical studies by Rozeff (1984), Fama and French (1988), and Campbell and
Shiller (1988) showing that valuation ratios such as the dividend-price and earnings-price
ratios possess substantial predictive power, particularly over long horizons. Parallel research
identified other return predictors, including interest rates (Fama and Schwert, 1977,
Campbell, 1987), corporate issuance activity (Baker and Wurgler, 2000), consumption-wealth

ratios (Lettau and Ludvigson, 2001), and relative valuations (Polk et al., 2003).

Yet, the robustness of return predictability has long been debated. Early concerns
centered on the persistence of predictors, biases in estimated coefficients (Stambaugh, 1999),
and the risk of data mining (Ferson et al., 2003). Goyal and Welch (2004) notably show that
many predictors fail out-of-sample and rarely outperform the historical average. This sparked
an ongoing debate about whether equity premium predictability reflects a genuine market
feature or results from in-sample overfitting. Part of the issue may stem from the common
assumption of a linear relationship between the equity premium and its predictors. However,
evidence suggests that this relationship is often non-linear and time-varying due to structural
breaks and model instability (Rapach, Strauss, and Zhou 2010; Pettenuzzo and Timmermann
2011).> Subsequent studies have addressed these concerns through improved econometric

techniques (e.g., Campbell and Thompson 2008; Rapach et al. 2010; Henkel et al. 2011), the

> As the number of predictors increases, simple linear models often overfit noise rather than capture meaningful
signals, making them unreliable for forecasting future stock returns given the inherent noise in financial data
(Drobetz and Otto, 2021). Moreover, parameter instability and structural breaks further exacerbate estimation
uncertainty in standard return forecasting models (Rapach, Strauss, and Zhou, 2010; Pettenuzzo and

Timmermann, 2011).



use of technical indicators (Neely et al. 2014), and the adoption of modern approaches such

as ridgeless regression (Kelly et al. 2024).

While these efforts are valuable, as even modest predictive power can enhance
investment decisions (Campbell and Thompson, 2008), still, consensus remains elusive.
Recent evidence (e.g., Dichtl et al. 2021) warns that many advanced models fail to
consistently outperform the historical average in out-of-sample tests, especially when
accounting for data-snooping biases. Most recently, Goyal et al. (2024) reassess variables
from 26 post-2008 studies and find that over one-third lose in-sample significance, half
perform poorly out-of-sample, and only a small subset exhibit robust predictive power in both

settings.

Interstginyly, the recent advancements in ML have reinvigorated research on equity
premium predictability, as ML models are capable of capturing complex, non-linear
relationships without relying on rigid assumptions. This flexibility makes ML particularly
useful in asset pricing (Gu et al. 2020; Akbari et al. 2021, Leippold et al. 2022). Gu et al.
(2020), for instance, highlight three key benefits of ML in return premium prediction: (1)
enhanced flexibility to model intricate relationships, (2) the ability to address high
dimensionality and multicollinearity through variable selection and dimensionality reduction,
and (3) methodological diversity that allows for modeling nonlinearities and interactions,

reducing overfitting and false discovery through penalization and model selection techniques.°®

Despite this paradigm shift, research on using ML methods to predict equity risk
premiums remains limited. Gu et al. (2020) conducted a comparative analysis of ML

techniques for measuring equity risk premiums and identified significant economic gains.

6 See Drobetz and Otto (2021) for a discussion of the literature on applied machine learning techniques in asset
pricing and return prediction. For a discussion of the growing importance of machine learning and textual
information processing in finance, see Heston and Sinha (2017).
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Similarly, Leippold et al. (2022) applied these methods to the Chinese stock market, finding
high predictability for large stocks and state-owned enterprises over longer horizons. Drobetz
and Otto (2021) demonstrated that accounting for nonlinearities and interactions, effectively
captured by ML, enhances predictive performance over linear models in the European stock
market, with ML-based trading strategies leading to notable improvements in return and risk

metrics.

Building on this new line of research, we evaluate the performance of ML methods in
forecasting Canadian equity risk premiums. Our focus on Canada provides a compelling and
underexplored research setting for several reasons. First, restricting the analysis to a single
country offers a more homogeneous environment in terms of financial development, legal
institutions, corporate governance, and industrial composition—all of which influence the
effectiveness of return predictors (Assoe et al., 2024). Second, while the asset pricing literature
remains heavily U.S.-centric, incorporating non-U.S. evidence is critical for mitigating the
pervasive home bias in academic research (Karolyi, 2016). With a significant share of global
equity market capitalization (SIFMA, 2023), Canada represents an ideal setting for extending
findings beyond the U.S. context. This is particularly relevant given the segmentation
between Canadian and U.S. equity markets, which differ meaningfully in valuation levels and

cost of capital (King and Segal, 2008).

Despite perceived economic integration and overlapping institutional features (Irvine,
2000; La Porta et al., 2006; Bargeron et al., 2010), important differences remain—especially
in regulatory regimes and corporate governance structures (Attig et al., 2006; Nicholls, 2006;
Kryzanowski and Zhang, 2013). For instance, Canadian firms often exhibit higher ownership
concentration and operate within a largely voluntary governance framework, typically viewed
as weaker than that of the U.S. (Baker et al., 2011). These institutional distinctions shape

the relevance and performance of return predictors and help explain valuation gaps between



Canadian-listed firms and those cross-listed across both markets (Athanassakos and Ackert,
2021; King and Segal, 2008). Exploring these nuances is particularly important amid growing
concerns about the replicability and robustness of asset pricing models (Harvey et al., 2016;

Hou et al., 2022; Chen and Zimmermann, 2022; Jensen et al., 2023).
3. Data
3.1 Sample Construction

Our analysis begins with the universe of Canadian stocks from the Canadian Financial
Markets Research Center (CFMRC-TSX) monthly database. We focus on TSX-listed
ordinary common shares, excluding REITS, income trusts, and exchangeable shares. For firms
with multiple share classes, we aggregate market capitalizations and assign the stock to the
class with the highest market capitalization. Penny stocks are excluded. We then match TSX-
listed firms with COMPUSTAT and eliminate observations with missing or negative total
assets or sales, as well as firms classified as financial institutions (SIC codes 6000-6999),
utilities (4900-4999), or non-operating entities (9000-9999). To ensure consistency, we further
restrict the sample to common stocks identified by COMPUSTAT as each firm’s primary
security. Finally, we merge this dataset with Jensen et al. (2023) 7 to obtain a final sample
comprising 129,047 firm-month observations, covering 1,308 firms over the period January

1990 to December 2023.

We define the stock risk premium (SRP) as the difference between a stock’s total
return and the risk-free rate, proxied by the one-month return on three-month Government

of Canada Treasury bills (from CFMRC). Building on Jensen et al. (2023), we start with a

7 Available at https://jkpfactors.com/stock-char and downloadable via WRDS: https://wrds-

www.wharton.upenn.edu/pages/get-data/contributed-data-forms/global-factor-data
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comprehensive set of 85 stock-level predictive characteristics® widely used in the asset pricing
literature and demonstrated to have strong explanatory power for the cross-section of
expected returns (e.g., Chordia et al., 2017; Harvey et al., 2016; Lewellen, 2015; McLean and
Pontiff, 2016; Leippold et al., 2022). The variables and their definitions are primarily based
on Jensen et al. (2023). Notably, accounting characteristics are assumed to become available
four months after the fiscal year-end, and we use the most recent accounting data—annual
or quarterly—to construct predictors. To mitigate seasonality effects, quarterly income and
cash flow items are aggregated over the trailing four quarters (see Jensen et al., 2023 for
further details).” In a supplementary analysis (Section 3.4), we investigate whether
anonymous trading imbalances contribute to explaining the cross-section of Canadian stock

returns.

Complementing our set of firm-level variables, we construct 28 capital market and
macroeconomic predictors based on prior studies (e.g., Welch, 2008; Champagne et al., 2018;
Gu et al., 2020; Drobetz and Otto, 2021; Leippold et al., 2022; Jensen et al., 2023). Most

macroeconomic variables are obtained from the CANSIM database.!’
3.2 Data preparation:

Following Campbell and Thompson (2008) and Gu et al. (2020), we impose a four-
month effective lag on all accounting variables: three months to accommodate standard
reporting delays and one additional month due to the release lag already embedded in our

lagl  series. We define the stock risk premium (SRP) as the one-month-ahead excess

8 We began with a set of 153 firm-level predictors. To mitigate multicollinearity concerns, we retained only one
variable from each pair (of the same category) exhibiting a correlation coefficient greater than 0.50.

9 Jensen et al. (2023) construct characteristics separately from annual and quarterly Compustat data and retain
the most recent value available from either dataset.

' CANSIM (short for Canadian Socio-Economic Information Management System) is the main socioeconomic
database maintained by Statistics Canada
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return, ensuring that the predictive design remains free from look-ahead bias. To mitigate
the influence of extreme values and potential data errors, we winsorize all monthly firm
characteristics, including excess returns, at the 1st and 99th percentiles (Jensen et al., 2023;

Drobetz and Otto, 2021)."

We then standardize macroeconomic indicators (e.g., inflation, exchange rates, term
spreads, money growth) using pre-2009 means and standard deviations. Firm-level features
are cross-sectionally rank-normalized each month to the [-1, +1] interval. This hybrid
approach preserves the time-series dynamics of broad economic trends while ensuring
comparability and robustness to heavy tails across firms. To capture state-dependent effects,
we construct pairwise interaction terms between each standardized macro indicator and each

normalized firm-level variable.

To reduce dimensionality, we drop predictors with near-zero variance or a high
number of missing observations. We then run 100 bootstrap LASSO regressions (using
cv.glmnet with U = 1) on pre-2009 data, retaining only those predictors that receive nonzero
coefficients in at least 70% of resamples. Finally, we identify all variable pairs with Pearson
correlations above 0.70 and drop one member of each pair. Macroeconomic indicators and
calendar dummies are always retained. This yields a final design matrix of 381 predictors for

use in our machine learning and linear model analyses.

' As highlighted by Drobetz et al. (2019) and Drobetz and Otto (2021), two key issues arise when using firm-
level characteristics to predict returns. First, many predictors exhibit strong temporal persistence—either as
slowly changing level variables (e.g., firm size) or as aggregated flow variables (e.g., book equity)—implying
that return predictability may extend beyond short horizons (Campbell & Cochrane, 1999; Cochrane, 2008).
Second, overlaps among predictors, particularly issuance and profitability measures, induce high correlations.
Consistent with Drobetz and Otto (2021), multicollinearity is not a primary concern here since our focus is on
overall model predictive performance rather than individual variable effects. Moreover, machine learning

methods address multicollinearity via regularization and variable selection, enhancing forecast accuracy.
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Table 1 provides the list of predictor variables along with their definitions and
summary statistics. The table also reports time-series averages of the monthly cross-sectional
means and standard deviations for excess returns, all 37 firm-level characteristics, and the 15

macroeconomic variables, along with the overall sample.

Table 1 goes here.

For the macro variables, we control for a comprehensive set of macroeconomic and
market-level variables to capture systematic influences on asset returns. These include:
inflation (INFLATION), measured as the monthly change in the Consumer Price Index
(CPI); money supply growth (M2_GR), defined as the monthly change in the M2 monetary
aggregate; unemployment rate (UNEMPLOYMENT); growth in capacity utilization
(CAP_UTI_GR), capturing the percentage of production capacity in use; growth in
manufacturers’ sales (MANU_ SALES GR); and commodity price fluctuations, proxied by
the monthly change in the Fisher Commodity Index (FISHER_PRICE_GR), which tracks

global price movements in 26 key Canadian commodities.

We also include the composite leading indicator (CLI_GR), an OECD-based index
designed to anticipate turning points in economic activity; short-term interest rates
(RET30_TBILL), measured as the one-month return on three-month Government of Canada
Treasury bills; term spread (TERM__SPREAD), calculated as the yield differential between
long- and short-term government bonds; and the exchange rate (X _RATE), defined as the

number of Canadian dollars per U.S. dollar.

To account for financial market conditions, we control for equity market volatility

(SPTSXVOL30), computed as the 30-day annualized standard deviation of daily log returns
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on the S&P/TSX 300 Index; excess market returns (SPTSX RP), measured as the return
on the S&P/TSX Composite Index in excess of the risk-free rate; equity issuance activity
(TSX_NET _ISSUE), following Welch and Goyal (2008), defined as the 12-month sum of
firm-level net issuance scaled by aggregate market capitalization; and trading activity
(TSX_VOLUME GR), measured as the monthly growth in total dollar trading volume on

the Toronto Stock Exchange.

Additionally, we control for economic policy uncertainty (EPU), which reflects
uncertainty surrounding government actions that influence the economic environment.
Although inherently unobservable, EPU is commonly proxied by the news-based index
developed by Baker et al. (2016), which measures the frequency of newspaper articles
containing terms related to the economy, policy, and uncertainty. This index captures
uncertainty regarding who will make policy decisions, what actions will be taken, when they
will occur, and what their economic effects might be. EPU is included due to its documented
effects on the equity risk premium (Brogaard and Detzel, 2015), firm investment and
efficiency (Gulen and Ion, 2016; Drobetz et al., 2018), bank liquidity hoarding (Berger et al.,
2020), M&A activity (Bonaime et al., 2018), financial reporting quality (El Ghoul et al.,
2021), and dividend policy (Attig et al., 2021). Following prior research (e.g., Brogaard and
Detzel, 2015; Gulen and Ion, 2016; Bonaime et al., 2018), we use the monthly aggregate EPU

index.!?

Finally, we incorporate a January dummy (JAN), set to 1 in January and 0 otherwise,

which accounts for the well-documented January Effect, and a December dummy (DEC), set

12 Baker et al. (2016) construct the EPU index by performing automated text searches of major newspapers to
count monthly articles containing terms related to the economy (E), policy (P), and uncertainty (U). These
counts are scaled by the total number of articles in each newspaper and month, standardized to unit standard
deviation per newspaper, averaged across newspapers by country-month, and normalized to a mean of 100 over
the sample period. The resulting index, available at www.policyuncertainty.com, offers a consistent cross-

country measure of economic policy uncertainty.

14


http://www.policyuncertainty.com/

to 1 in December and 0 otherwise, to control for possible year-end effects related to tax-loss

selling or portfolio rebalancing.'

4. Research Design and Results
4.1 Machine learning methods

For our empirical analysis, we adapt the methodological framework of Gu et al. (2020),
Drobetz and Otto (2021) and Leippold et al. (2022) to the context of the Canadian equity
market. Namely, to forecast one-month-ahead excess returns 'Y; , we model the conditional
expectation O Yp  ®p as a function 'QD  of P = 381 firm-month predictors Dp. We
train all models using a rolling, expanding-window framework. For each calendar year
y=2012,...,2023y = 2012, \dots, 2023y=2012,...,2023, we estimate the models on (i) a training
sample spanning January 1990 to December 2008 (108 months), followed by (ii) a fixed
validation window from January 2009 to December 2011 (36 months). We then produce out-
of-sample forecasts for the twelve test months of year y, store the model parameters, and roll

the test window forward by one year.'

One of the two primary objectives of this study is to examine whether incorporating
interaction effects and nonlinearities enhances the predictability of Canadian stock returns.
To this end, we assess the performance of seven modeling approaches—emphasizing
predictive accuracy rather than structural interpretation—from both statistical and economic
perspectives. Specifically, we evaluate whether flexible ML methods outperform standard

linear benchmarks in forecasting excess stock returns using a high-dimensional set of firm-

¥ We do not control for industry fixed effects (based on the Fama-French 48 classification) in the final model,
as their influence is largely absorbed by the extensive set of firm-specific predictors included. Moreover, these
fixed effects were filtered out during the LASSO variable selection process, suggesting limited incremental
explanatory power in this context.

"This procedure yields twelve non-overlapping test folds.
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level and macroeconomic predictors in the Canadian equity market. The models considered

are as follows:

1.

where:

Ordinary Least Squares (OLS): This serves as our benchmark model and
minimizes the standard squared error loss across all firm-month observations. We

namely fit a standard linear model of the form:

Q 5 i D T

This model includes the complete set of 381 predictors, the variables described in

Table 1 and their interactions.

Least Absolute Shrinkage and Selection Operator (LASSO):* is a penalized
regression method that simultaneously performs variable selection and regularization,
making it particularly effective in high-dimensional settings. By augmenting the
traditional ordinary least squares (OLS) loss function with an Jb-norm penalty on the
regression coefficients, LASSO encourages sparsity—shrinking some coefficients
exactly to zero—thereby improving model interpretability and reducing overfitting.
This feature is particularly valuable in financial applications, where predictors tend to
be numerous and potentially highly correlated. Formally, LASSO solves the following

optimization problem:

= x
—x
U
=
—x
I
—x

A P .
f AQJCQ&G,,Y |

' Introduced by Tibshirani (1996).
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1 15 is the one-month-ahead excess return for firm I at t+41,

1T 95 is P-dimesntional vector of predictor variables,

T _ ™ is a regularization parameter controlling the sparsity of the solution
The _B ¢ includes sparsity by penalizing the absolute magnitude of the

coefficients. We select _ via ten-fold cross-validation to balalnce the trade-off between

model complexity and out-of-sample forecast accuracy.

LASSO provides a strong baseline for evaluating more flexible machine learning
models. However, its reliance on linearity limits its ability to capture complex nonlinear
interactions, which motivates the exploration of richer methods such as ensemble trees and

neural networks (see Gu, Kelly, and Xiu, 2020).

3. Elastic Net (ENet):!%, combines the strengths of LASSO and Ridge regression by
incorporating both /b and Jb penalties. This hybrid approach balances variable
selection and coefficient shrinkage, making it especially useful when predictors are
highly correlated—a common feature in financial datasets. Unlike LASSO, which may
select only one variable among a group of correlated predictors, ENet can retain
grouped variables, improving model stability and robustness. The ENet objective

function is defined as:

< s ws P \
A Q¢ — | R I —
1 aC 5y B f Rl - f p | f
where:
T 15 is the one-month-ahead excess return for firm I at t+1,
1T 95 is P-dimesntional vector of predictor variables,

' Tntroduced by Zou and Hastie (2005).
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1 T is a regularization parameter controlling the sparsity of the solution
T |~ 1ip governs the mix between the LASSO (Jb) and Ridge (/b)

penalties

We fix U=0.5 to balance sparsity and shrinkage and use ten-fold cross-validation to

select the optimal _, following standard practice in empirical finance (e.g., Gu et al., 2020).

ENet serves as an effective compromise between variable selection and multicollinearity
control, offering enhanced predictive performance when the number of predictors is large and
correlated. In our framework, ENet helps mitigate overfitting while preserving information

embedded in grouped features.

4. Partial Least Squares (PLS):'" Extracts ten latent components from the predictor
matrix before performing linear regression. PLS, is a dimension-reduction technique
designed to handle high-dimensional, multicollinear predictor sets. Unlike principal
components regression (PCR), which forms components solely based on the predictor
variance, PLS constructs components that maximize the covariance between the
predictors and the response variable, enhancing predictive relevance. In PLS, the high-
dimensional predictor matrix 7N 4 is decomposed into a set of orthogonal latent
components that capture the directions in the predictor space most associated with
the target variable 1 . These components are then used in a standard linear
regression framework. Following prior work (e.g., Gu et al., 2020), we extract ten
latent components from the firm-month predictor matrix and regress one-month-ahead

excess returns on these components

g T DO s

'" Introduced by Wold (1975).
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where 0 0 }¥ denotes the kkk-th latent factor extracted from the predictor matrix —f.

PLS is particularly suited for financial applications where the number of predictors
is large and where explanatory variables may be noisy or highly collinear. By projecting
data into a lower-dimensional, supervised space, PLS can improve forecast stability without

sacrificing signal relevance.

5. Random Forests (RF):® Random Forests, are an ensemble learning method that
improves predictive accuracy by averaging the forecasts of multiple regression trees
built on different bootstrap samples of the training data. Each tree captures complex
nonlinear relationships and interactions by recursively partitioning the predictor space
to minimize in-sample squared error. To reduce correlation among trees and improve
generalization, RF randomly select a subset of predictors—commonly referred to as
mtry—to consider at each split. In our implementation, we grow 500 trees and tune
mtryN {P,P/2,P/3} based on validation root mean squared error (RMSE). Each tree
is grown to full depth without pruning, and the final prediction is obtained by

averaging across all trees.

Random Forests are particularly well-suited for financial applications involving high-
dimensional data, as they are robust to multicollinearity, accommodate both continuous and

categorical predictors, and inherently model nonlinearities and higher-order interactions.

6. Gradient-Boosted Trees (XGBoost): are an ensemble method that builds
predictive models in a sequential manner by iteratively fitting shallow regression trees
to the residuals of previous predictions. Each successive tree is trained to correct the
errors of the current model, and the contributions of new trees are scaled by a learning

rate —to prevent overfitting. We implement the XGBoost algorithm (Chen and

®Introduced by Breiman (2001).
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Guestrin, 2016), tuning the learning rate — N T8t p® and maximum tree depth QN
thp . To avoid overfitting, we apply early stopping: training halts if validation loss
fails to improve for ten consecutive rounds. The final prediction is the weighted sum

of the outputs from all fitted trees.

XGBoost is well-suited for high-dimensional financial data, offering strong predictive
accuracy through its ability to model nonlinearities and complex interactions while

controlling model complexity via regularization.

7. Feed-forward Neural Networks (NNs): offer a flexible modeling approach
capable of capturing complex, nonlinear interactions between predictors and returns.
Inspired by biological neural systems, these models consist of layers of interconnected
nodes (neurons), where each neuron applies an activation function to a weighted sum
of inputs from the previous layer. We estimate four NN architectures: NN1 (single
hidden layer with 64 units), NN2 (64-32), NN3 (128-64), and NN4 (256-128), each
with ReLU activation functions in the hidden layers. To prevent overfitting, we

implement several regularization strategies:

1 Dropout: applied at rates of 10% and 20% to randomly deactivate neurons
during training.

1 Weight decay: an /b  penalty with a coefficient of p Tt is used to shrink
weights.

1 Early stopping: training halts if validation loss does not improve for 15
consecutive epochs.

f Learning rate: chosen from p b p T , controlling step size in gradient
descent.

1 Batch size: fixed at 256 to improve training efficiency and stabilize updates.
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All networks are trained using stochastic gradient descent (SGD) and evaluated via
out-of-sample mean squared forecast error (MSFE). These architectures offer a lower bound
on the forecasting potential of neural models in our context and serve as a comparison

benchmark against both linear and tree-based machine learning methods.

It is important to note that our approach prioritizes predictive accuracy over structural
interpretation, aiming to evaluate whether flexible machine learning methods can enhance
return forecasting relative to traditional linear benchmarks when applied to a high-

dimensional set of predictors in the Canadian equity market.
4.2 Statistical inference:

This section describes the methods used to estimate model parameters, assess
predictive accuracy, and compare forecast performance across benchmarks. In-sample
coefficient estimates from OLS and Elastic-Net regressions are computed with two-way
clustered standard errors by firm and month, following Petersen (2009). For average monthly
portfolio returns and annualized Sharpe ratios, we use Newey—West heteroskedasticity and
autocorrelation-consistent (HAC) standard errors with 11 lags to account for serial correlation

from overlapping return windows.

For the out-of-sample goodness-of-fit metric 'Y |, we report point estimates only,
given its bounded support and non-normal sampling distribution, which renders standard
inference unreliable. To formally evaluate forecast performance, we employ Diebold—Mariano
(1995) tests based on squared prediction error differentials, again using HAC standard errors

with 11 lags to correct for serial dependence.

For instance, in Panel A of Table 2 we present selected in-sample coefficients from

OLS and Elastic-Net models.' Consistent with established asset pricing anomalies, lagged

19 Full estimates for all 381 predictors are available upon request from the authors.

21



log market equity (Log me) is negatively associated with future returns, while return
momentum (RET 12 1) shows a positive and statistically significant effect. These results

are robust across specifications.

Table 2 goes here.

Panel B reports Diebold-Mariano statistics comparing each model’s forecast errors to
the OLS benchmark. Negative and significant HAC-adjusted statistics indicate that several
models—notably LASSO, Elastic-Net, and Random Forest—generate superior forecasts. In
line with this, the 'Y  values confirm the enhanced explanatory power of machine learning
models. Together, these results underscore the potential of flexible, high-dimensional methods

to improve return predictability in complex financial environments.
4.3 Results

Before presenting the empirical results, it is important to define the primary out-of-
sample performance metric used throughout the paper: a pseudo out-of-sample Y ,
constructed from the root mean squared error (RMSE) and the unconditional variance of the
target variable. Let denote the true and predicted returns in the hold-out sample

(pooled across all cross-validation folds). The RMSE is calculated as:

‘Ya"v'obﬂ o O

We scale this error by the variance of the target variable computed over the full sample:

WOWw -B & o ,wherewd -B ,
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The pseudo out-of-sample 'Y is then defined as:

YO YO

Y Y
P Son

which is algebraically equivalent to the forecast-MSPE ratio popularized in Goyal and

Welch (2008) and Campbell and Thompson (2008).

We compute the variance using the full sample rather than fold-specific test sets. This
approach ensures that 'Y  remains a single, directly comparable metric across all models
and specifications. For conditional or subsample analyses, we re-estimate the denominator
using the unconditional variance of the target variable within the corresponding subsample,
computed over the original (non-test) observations. This adjustment serves two purposes: it
maintains the meaningful interpretation of the statistic as an MSPE-to-population-variance
ratio, and it reflects the distinct volatility regimes that may characterize different sample
partitions. For completeness and transparency, we also report the raw RMSE alongside the

pseudo-Y Y

4.3.1. Out-of-sample predictability
4.3.1.1. Full sample analysis

Table 3 reports the out-of-sample forecasting performance across ten predictive
models, evaluated using the root mean squared error (RMSE) and the pseudo R-squared
metric 'Y . These results underscore the inherent difficulty of predicting monthly Canadian
stock returns—predictive signals are modest, yet performance differentials among models are

economically meaningful.

The strongest results emerge from the two shrinkage-based linear models: Elastic-Net

and LASSO, which attain the highest 'Y  values (6.20% and 6.18%, respectively), along

23



with the lowest RMSEs. Their ability to retain relevant, potentially correlated predictors
while shrinking noise appears particularly well-suited to the high-dimensional and noisy
nature of return forecasting. Deep neural networks also perform competitively—specifically,
the three-layer architectures (NN4 and NN3) explain approximately 6.0% of the out-of-
sample variance——closely trailing the regularized linear models. However, this marginal
improvement suggests that increasing model complexity and nonlinearity yields limited

additional benefit once regularization is applied.

In contrast, simpler nonlinear models perform less effectively. The two-layer neural
network (NN2) and random forest achieve 'Y  values near 5.3%, while the shallow NN1
yields only 5.1%. Gradient-boosted trees (XGB) perform worst, with an 'Y of 3.7%—less
than half that of the top shrinkage methods—indicating that boosting and tree depth do not

automatically translate into better performance in this context.

Traditional dimensionality-reduction techniques also underperform. Partial least
squares (PLS) achieves 4.4%, while OLS—without any form of regularization—produces the
lowest among linear methods at 4.3%. These findings confirm that regularization is not only

beneficial but essential in high-noise, high-collinearity environments.

Taken together, the results demonstrate that well-tuned linear shrinkage methods
outperform both traditional and flexible nonlinear approaches, highlighting the value of
regularization in extracting stable predictive signals. Figure 1 visually reinforces these
conclusions, showing a clear performance gap between Elastic-Net, LASSO, and the rest. In
the sections that follow, we investigate whether these patterns hold across firm characteristics

such as size and valuation, or under different market conditions.

Table 3 and Figure 1 go here.
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4.3.1.2. Cross-Sectional Heterogeneity: Firm Size and Investment Style

To assess whether the performance of return prediction models varies systematically
across observable firm characteristics, Table 4 reports out-of-sample 'Y  values by firm size
and investment style. Namely, Panel A partitions stocks by market capitalization into Small-
cap (bottom 30%) and Large-cap (top 70%) groups. Predictive accuracy is consistently
stronger for small firms. Elastic-Net and LASSO deliver the highest performance in this
segment, with Y values of 12.78% and 12.77%, respectively. Other models—including
moderately deep neural networks (NN3, NN4), Random Forest, and XGBoost—also post
robust performance, ranging from 11.5% to 12.5%. In contrast, model performance
deteriorates sharply in the large-cap segment. The best-performing models (Elastic-Net,
LASSO) explain less than 5% of return variation, and nonlinear models such as XGBoost
and NNT1 fail to deliver meaningful predictive gains. The performance gap between small and

large firms ranges from 6.8 to 8.6 percentage points across models.

To a large extent, these patterns align with the view that small-cap stocks, being more
opaque and subject to greater frictions and limits to arbitrage, present greater opportunities
for forecasting models to extract exploitable signals. Large-cap stocks, by contrast, tend to
trade in more efficient, information-rich environments where return predictability is more

limited.

Table 4 goes here.

In Panel B, we group firms by investment style, classifying stocks as Value (bottom

30% of price-to-book ratio) or Growth (top 30%). The predictive power of all models is highly
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concentrated in the value segment. Neural nets (NN4, NN3), Elastic-Net, and LASSO all
achieve Y values exceeding 24%, with the deepest net (NN4) posting the highest
explanatory power at 25.8%. Even simpler models such as OLS and PLS achieve over 23%
predictive fit. In stark contrast, all models produce negative out-of-sample Y  in the growth
segment—indicating that none outperform the historical mean forecast for these firms. The
performance gap between value and growth stocks exceeds 34 percentage points across
models. This finding corroborates prior evidence that return predictability is concentrated in
value stocks, which are often under-analyzed, mispriced, or more sensitive to fundamental
signals. Growth stocks, on the other hand, behave more like a random walk and remain

largely unpredictable, even for sophisticated models.?

4.3.1.3 Predictability at Annual Horizon

In Table 5, we extend the analysis to a one-year return horizon. As reported in Table
X, only non-linear models achieve positive out-of-sample Y values. Random Forest (RF)
leads with an Y of 6.2%, followed by the three-layer neural network (NN3) at 5.6%, and
the four-layer NN4 at 4.8%. Shallower networks (NN2 and NN1) deliver lower, yet still
positive, Y values of 4.3% and 3.2%, respectively. In contrast, gradient-boosted trees
(XGB) underperform slightly (—0.2%), and all linear models—including LASSO (—2.96%),
Elastic Net (—3.01%), OLS (—4.33%), and PLS (—6.39%)—fail to generate positive forecast
accuracy. Despite the larger raw RMSEs due to the higher volatility of annual returns, the

relative Y values remain in line with shorter-horizon results. This reflects the rescaling

2 Tn untabulated results, we assess the temporal robustness of return forecasting models by splitting the out-
of-sample prediction period into two macroeconomically distinct subperiods: the 2010s (2012-2020) and the
early 2020s (2021-2024). This division captures both the post-global financial crisis recovery and low-volatility
environment of the 2010s, as well as the heightened uncertainty and market disruptions associated with the
COVID-19 pandemic and subsequent policy interventions. Importantly, model parameters are held constant
throughout the entire sample to isolate the effect of changing macroeconomic regimes on predictive performance.

While detailed results are omitted for brevity, they are available upon request.
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by the increased variance of the one-year return target, which compresses gains in

predictability.

Table 5 goes here.

Panel B of Table 5 examines cross-sectional heterogeneity by firm size. Small-cap
stocks continue to exhibit greater predictability than large caps, though the gap is modest.
For small firms, RF reaches 9.2% Y , NN3 7.5%, NN4 6.8%, and NN2 6.1%. Among large
firms, the same models yield between 4.3% and 5.5%. While linear models collapse on large
caps (e.g., LASSO and Elastic Net both around —5.6%), they maintain mildly positive
performance for small caps (22.5%). Thus, while small-cap returns remain more predictable,

non-linear models still outperform within the large-cap segment.

Panel C highlights style effects based on valuation. The disparity between value and
growth stocks is pronounced. In the value portfolio, all non-linear models post strong
performance—NN3 and NN4 reach 21.8% and 21.2% Y , respectively, followed by RF at
20.6% and NN2 at 19.1%. Linear methods also perform reasonably well, all exceeding 5%
Y . Conversely, in the growth segment, no model achieves positive predictability; all 'Y
values are negative, ranging from —7.1% for RF to —12.2% for XGB. This yields substantial

style gaps of 18-31 percentage points.

In sum, the evidence in Table 5 indictes that non-linear models dominate at the annual
horizon. Predictability is strongest among small-cap and value stocks. However, no model
delivers consistent, horizon-invariant performance across firm size and investment style

segments.
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4.4 Which Predictors Matter?

To better understand the sources of return predictability, we next investigate the
relative importance of the predictors included in our models. Given the breadth of the feature
set, we differentiate between two broad categories: macroeconomic indicators and firm-
specific characteristics. This analysis enables us to identify which variables contribute most
significantly to forecasting performance, and whether the predictive signal is primarily driven

by aggregate economic conditions or idiosyncratic firm-level information.

In this analysis, we focus on the eight models most relevant for interpretability—six
machine learning methods (NN1-NN4, Random Forest, and XGBoost) and two penalized
linear models (LASSO and Elastic Net). We exclude classical linear benchmarks, including
PLS and OLS variants, from the heatmap visualization, as our discussion centers on the
machine learning approaches that have demonstrated the strongest predictive performance.
Among linear models, only LASSO and Elastic Net are retained to serve as regularized
baselines. Results are visualized in the heatmap “Macroeconomic Variable Importance”

(Figure 2).

Figure 2 goes here.

We note that for the two shrinkage regressions the pattern remains highly
concentrated. Elastic-Net and LASSO both give their maximum normalised weight (1.00) to
OECD leading-indicator growth and assign the next-highest scores to the CAD / USD
exchange rate (& 0.75) and M2 growth (& 0.70). Inflation, labour-market slack, volatility and

every equity-supply or trading variable receive values below 0.35, indicating that the
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penalised linear models continue to collapse the macro set to one dominant cyclical gauge

plus a liquidity-currency pair.

The neural networks distribute importance more broadly but still reveal a clear
hierarchy. In all four nets the single strongest series is 30-day S&P/TSX realised volatility,
which attains the maximum score in every architecture. The shallow configurations (NN1,
NN2) complement volatility with sizeable weight on economic-policy uncertainty, the
exchange rate and short-rate returns; NN2 in particular draws heavily on the term spread
and on high-frequency equity-market signals such as TSX trading-volume growth and net
share issuance. The deeper nets (NN3, NN4) keep volatility at the top while adding moderate
emphasis to relative-performance momentum, inflation and capacity-utilisation growth. No
single variable other than volatility dominates these deeper networks; instead they rely on a

mixture of cyclical, rate-sensitive and market-microstructure measures.

The tree ensembles pivot to yet another subset. Random Forest and XGBoost both
score the unemployment rate at 1.00, making labour-market slack their primary macro input.
The exchange rate follows at roughly 0.90 in Random Forest and 0.70 in XGBoost, while the
OECD index still contributes (0.57 and 0.88, respectively). Short-rate returns and capacity-
utilisation growth offer smaller support, and most other series—including the money supply,
term spread and equity-market additions—are effectively ignored (normalised scores near
zero). This narrow, high-impact selection is characteristic of trees’ tendency to pick a handful

of decisive non-linear thresholds.

These findings underscore that there is no single “best” macro predictor. Linear
shrinkage models gravitate toward the leading indicator and a currency-liquidity factor,
neural nets elevate equity-market volatility while blending in several complementary signals,

and tree-based learners focus on labour-market conditions and exchange-rate moves. Each
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