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Abstract

The ¢°-characteristics model estimates costs of equity as Lewellen’s (2015) out-of-sample
forecasts from cross-sectional regressions. The ¢°-costs of equity outperform accounting
costs of equity in cross-sectional tests. Our estimates are unbiased, whereas accounting
costs of equity are biased downward for big firms (and upward for microcaps). The ¢°-
costs of equity are weakly left-skewed at the firm level, precise at the industry level, and
aligned with average factor premiums. However, accounting costs of equity outperform
ours in time series tests. Factor models perform poorly in out-of-sample tests. Gradient-
boosted trees improve on cross-sectional regressions, but not reliably.
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1 Introduction

The cost of equity problem is one of the most foundational problems in finance. Most practical ap-
plications hinge on a high-quality cost of equity measure, such as investment management, business

valuation, and capital budgeting, with trillions of dollars involved (Pratt and Grabowski 2014).

However, in the academic literature, how to measure a firm’s cost of equity is still a largely open
question. Despite their popularity, factor models give rise to costs of equity that are “distressingly
imprecise” even at the industry level (Fama and French 1997, p. 178). A prominent literature that
estimates costs of equity from accounting-based valuation framework has developed over the past
25 years (Gebhardt, Lee, and Swaminathan 2001). Alas, these implied costs of equity exhibit only
weak associations with realized returns (Easton and Monahan 2005). The implied factor premiums

often even have the opposite signs to realized premiums (Tang, Wu, and Zhang 2014).

We construct g-theory based costs of equity, denoted QCE, as Lewellen’s (2015) out-of-sample
forecasts from cross-sectional regressions by combining slopes from prior 120-month rolling windows
with the latest known g¢°-characteristics. These characteristics undergird the ¢- and ¢°-factor mod-

els, including size, investment-to-assets, return on equity, and expected growth (Hou et al. 2021).

Through a battery of evaluation tests, we establish the ¢°-characteristics model as competitive
for estimating costs of equity. Sorting on a given cost of equity measure is the simplest way to
quantify its association with future returns. QCE outperforms the accounting implied cost of equity
(ICE) in this test. The high-minus-low QCE decile earns on average 1.62%, 0.81%, and 0.57% per
month (¢ = 7.29, 4.01, and 2.93) at the 1-, 12-, and 24-month horizons post formation, whereas the

high-minus-low ICE decile earns —0.03%, 0.03%, and 0.04% (¢t = —0.08, 0.1, and 0.13), respectively.

We perform the Lewellen (2015) test on whether the predictive slope equals one in cross-sectional
regressions of subsequent returns on a given cost of equity measure. If the empirical measure lines
up with the true expected return, it should predict subsequent realized returns with a slope of

one. QCE again outperforms ICE. The QCE slopes are 0.82, 0.63, 0.81, 0.61, and 0.54 at the 1-,



12-, 24-, 36-, and 60-month horizons, whereas the ICE slopes are 0.42, 0.51, 0.49, 0.38, and 0.29,
respectively. The corresponding t-values that test a given slope equals one are 1.63, 2.51, 1.47,
3.1, and 2.92 for QCE, compared with 3.45, 3.8, 5.9, 9.1, and 12.18 for ICE, respectively. The

differences between the two sets of slopes are all positive and frequently significant.

Within cross-sectional regressions, we estimate the bias of a given cost of equity as the cross-
sectional mean of its difference from subsequent realized returns and use its time series standard
errors to test if the bias is zero. Both QCE and ICE are largely unbiased in the full sample. However,
without microcaps, QCE remains unbiased, whereas ICE is severely biased downward. The QCE
bias estimates are 0.14%, 0.43%, and 1.37% (t = 0.66, 0.69, and 0.61) at the 1-, 3-, and 12-month, in

contrast to the ICE bias estimates of 0.42%, 1.27%, and 4.62% (¢t = 2.08, 2.18, and 2.3), respectively.

Intuitively, regression-based earnings forecasts in the ICE construction persistently underesti-
mate earnings for big firms but overestimate earnings for small firms after 1980 (Hou and van Dijk
2019). In addition, earnings likely understates true economic profits of big firms due to the account-

ing treatment of intangibles. Both channels cause the ICE estimates to be too low for big firms.

We also use time series and cross-section measurement error variances (MEV) to evaluate costs
of equity. Lee, So, and Wang (2021) argue that for treatment effects (how differences in firm policies
and characteristics are related to differences in costs of equity), the bias in a given cost of equity is
less important than the MEVs. QCE underperforms ICE in time series MEV. However, QCE shows

an edge over ICE in cross-section MEV. The differentials are all negative, albeit mostly insignificant.

Inspired by the seminal work of Gu, Kelly, and Xiu (2020) on machine learning in asset pricing,
we explore gradient-boosted trees to capture nonlinear relations between the ¢°-characteristics and
expected returns. A decision tree predicts returns by sequentially sorting stocks into categories of
characteristics. However, a single, deep tree is prone to overfitting. Boosting mitigates overfitting

by combining many shallow trees into a single, more reliable forecast.! Extensive tests show that

LCompared to neural nets, gradient boosting is easier to train, more transparent, and more effective on tabular
data that are skewed and heavy-tailed (Grinsztajn, Oyallon, and Varoquaux 2022; McElfresh et al. 2023).



gradient-boosted trees improve on the regression-based model in some aspects but worsen its per-
formance in others. In the perennial tradeoff between interpretability and forecastability, we opt

for the time-honored cross-sectional regressions, at least in our applications.

We wish to emphasize the role of economic theory in the age of artificial intelligence. While
economic theory struggles with many problems of its own, an empirically verified theory (within its
applicable range) offers ex ante discipline to mitigate data-snooping that arises from ex post feature
selection (Li et al. 2025). A well tested theory also serves as economic, rather than purely statistical,
regularization to guard against overfitting, while raising transparency and explainability. Finally,
our parsimonious, theory-guided regression model delivers largely comparable out-of-sample perfor-

mance to complex statistical models consisting of hundreds of predictors (Gu, Kelly, and Xiu 2020).2

We use the g°-characteristics model to study firm-level costs of equity, industry costs of equity,
expected factor premiums, and the equity premium. At the firm level, the term structure of the
QCE mean is largely flat in the January 1977-December 2024 sample. The 1-month QCE is on
average 13.83% per annum, which is close to 13.85% at the 12-month and 13.03% at the 36-month.
In contrast, the term structure of cross-sectional dispersion in QCE is downward sloping: 10.75%,
6.85%), and 4.48% at the 1-, 12-, and 36-month, respectively. Also, the firm-level QCE distributions

are weakly left-skewed across all horizons, whereas the firm-level ICE distribution is right-skewed.

The ¢°-characteristics model mitigates the Fama-French (1997) imprecision problem. Averaged
across 57 nonfinancial industries per North American Industry Classification System (NAICS), the
return volatility is 25.94% per annum (relative to the average return of 13.85%). The volatility
of the ¢°-factor costs of equity is 9.94%, which implies a standard error of 1.43% given a sample

length of 48 years (relative to its average of 10.29%). In contrast, the volatility of the 12-month

2Gu, Kelly, and Xiu (2020) use 920 predictors (94 stock characteristics, their interactions with eight macroe-
conomic variables, and 74 industry dummies). Over their 19872016 sample, the high-minus-low deciles formed
monthly on expected return estimates earn value-weighted average returns of 0.60%—1.22% per month across linear
models, 0.99% for gradient-boosted trees, 1.62% for random forests, and 1.81%-2.26% for neural networks (their
Table 7). For comparison, in our 1977-2024 sample, cross-sectional forecasts with only four characteristics deliver
value-weighted spreads of 1.62% via linear regressions (QCE in Table 1) and 1.79% via gradient boosting (QCE-GB).



QCE is only 4.4%, which implies a standard error of 0.64% (relative to its average of 10.33%).

The ¢°-characteristics model also goes a long way in resolving the weak association problem with
realized returns (Tang, Wu, and Zhang 2014). The high-minus-low deciles on momentum (prior
11-month return) and return on equity earn large and significant positive average returns in short
horizons, and the high-minus-low expected growth decile does so across all horizons. The QCE
premiums are largely aligned with average returns, but the ICE premiums are significantly negative
across all horizons. In particular, the high-minus-low expected growth decile earns average realized
holding period returns of 0.99%, 9.56%, and 26.96% (¢ = 5.38, 4.85, and 5.18) at the 1-, 12-, and
36-month, the QCE premiums of 1.43%, 9.28%, and 20.68% (t = 14.11, 11.98, and 12.57), but the

ICE premiums of —0.14%, —1.96%, and —7.78% (t = —6.32, —6.43, and —6.62), respectively.

However, the ICE performance is remarkable in time series tests. In long-horizon regressions of
the equity premium, the ICE slopes are positive and significant across all horizons, with in-sample
R? up to 24.5% and out-of-sample R? up to 18.8%. ICE also outperforms QCE in predicting the
size and momentum premiums in the time series. However, the performance across ICE and QCE

is mostly comparable in predicting the value, investment, ROE, and expected growth premiums.

Our estimation of costs of equity follows Lewellen (2015). Lewellen shows that out-of-sample
forecasts from cross-sectional regressions provide a simple, yet surprisingly effective, way to form
a composite trading strategy on predicted returns. This approach is attractive because the fore-
casts mimic how an investor could, in real time, combine many firm characteristics to form a
stock’s expected return. Lewellen examines up to 15 characteristics. We instead focus on the ¢°-
characteristics that are guided by theory. We compare extensively with ICE and gradient-boosted

forecasts. We also detail the properties of QCE at the firm-, industry-, factor-, and aggregate-level.

Our work complements the implied costs of equity literature. We replicate ICE’s superior per-
formance in time series tests (Li, Ng, and Swaminathan 2013, 2026). However, QCE is largely

unbiased, whereas ICE tends to be biased downward outside microcaps. Clearly, bias in a given



cost of equity is of first-order importance in business valuation and capital budgeting. QCE is
also strongly associated with subsequent returns in the cross section. As such, we echo Lee, So,
and Wang (2021) that time series and cross section entail different pricing information. Intuitively,
derived from the accounting valuation framework, ICE is a nonlinear function of valuation ratios,
which have traditionally performed well in the time series predictability literature. By comparison,

the ¢°-characteristics are motivated from economic theory that mostly focuses on the cross section.

Finally, our work expands investment-based asset pricing. Prior studies have mostly focused on
in-sample fit (Hou, Xue, and Zhang 2015; Kilic, Yang, and Zhang 2022). We take the all-important

step to develop out-of-sample forecasts, which are more directly applicable to industry practice.

The rest of the article is organized as follows. Section 2 describes the different methods of esti-
mating costs of equity. Section 3 presents the evaluation methods and a battery of evaluation tests.
Section 4 shows the properties of investment-based costs of equity. Finally, Section 5 summarizes

and interprets our findings. A separate Internet Appendix furnishes supplementary results.

2 Estimating Costs of Equity

We study three classes of models: (i) factor models (Section 2.1); (ii) accounting-based implied

costs of equity (Section 2.2); and (iii) characteristics-based cross-sectional forecasts (Section 2.3).3

Monthly stock returns and prices are from the Center for Research in Security Prices (CRSP),
and accounting information from the Compustat Annual and Quarterly Fundamental Files. We in-
clude all domestic common stocks listed on NYSE, Amex, and NASDAQ. We exclude financial firms
(SIC codes between 6000 and 6999) and firms with negative book equity. Stock returns are adjusted

for delisting. The sample goes from January 1967 to December 2024. Evaluation tests start in 1977.

3We have also studied in-depth a fourth class based on the structural investment model (Liu, Whited, and Zhang
2009). When we started this project back in 2019, our idea was to develop the structural model as the main tool
for out-of-sample forecasts. However, this idea has largely failed because the model’s performance leaves much to be
desired. As such, we summarize the basic results in Section 5, while delegating the details to the Internet Appendix.



2.1 Factor Models

We study the Hou et al. (2021) ¢°-factor model as well as the CAPM and the Fama-French (2018)
6-factor model. Despite much maligned in empirical tests, the CAPM is heavily used by corporate
managers (Graham and Harvey 2001). The two multifactor models are widely adopted in recent
academic literature. At the beginning of month ¢, we estimate betas from prior 60-month rolling
window (30 months minimum) and combine the betas with factor premiums averaged over the ex-
panding window from January 1967 to month ¢ —1 to compute a stock’s expected risk premium. We
add back the riskless interest rate at the beginning of month ¢ to obtain its cost of equity. To mitigate

outliers, we winsorize factor-based costs of equity at 2.5 and 97.5 percentiles in each cross section.

The estimation is for 1-month forecasts. For longer horizons, because factor models are uncon-
ditional, the implied term structure of equity is flat. As such, for h-month ahead costs of equity,
we compound the 1-month forecast over h months: CE;, = (1 + CEl)h — 1, in which CE;, denotes
the h-month forecast. Estimating betas directly at the A-month horizon requires a substantially
longer rolling window to obtain a sufficient number of non-overlapping observations. This proce-
dure reduces the effective sample and adds estimation noise. As such, we opt to keep the monthly

frequency to ease comparison with other costs of equity over longer horizons.
2.2 The Accounting-based Implied Cost of Equity

In the dividend discount model, the market value of firm i, Py, is the present value of its expected
dividends, Pyt = Y >2 E[Djt4-]/(1 + er;)™, in which Djy, is dividends, and er; is the firm’s long-
term expected stock return. The clean surplus relation says that dividends equal earnings, Y-,
minus the change in book equity, Dj+r = Yitrr — ABjtr, in which ABy1r = Bjyr — Bipar—1.

The valuation equation then becomes Py /Bjs = (1/Bit)> o2 ElYit+r — ABitr]/(1 4 er;)".

Following Lee, So, and Wang (2021), we examine the implied costs of equity (ICE) based on
Claus and Thomas (2001), Gebhardt, Lee, and Swaminathan (2001), Easton (2004), and Ohlson

and Juettner-Nauroth (2005). Although differing in details, these models all back out the cost of



equity from the valuation equation. We work with the ICE composite, which is the equal-weighted
average of the four ICE variants. Because analyst forecasts are limited to relatively small samples
and are likely biased, we follow Hou, van Dijk, and Zhang (2012) to estimate regression-based
earnings forecasts. The ICE estimates (in annual magnitude) are updated monthly because earnings

forecasts and the market equity vary monthly. The Internet Appendix S.1 details the estimation.

Because the ICE estimates are the internal rates of returns with a flat term structure by con-
struction, it is straightforward to adjust the annual ICEs for different horizons. We calculate

ICE;, = (14 ICE3)"12 — 1, before using ICE;, in forecast evaluation at the h-month horizon.
2.3 Characteristics-based Out-of-sample Forecasts

We construct costs of equity as out-of-sample return forecasts from both linear cross-sectional

regressions (Lewellen 2015) and nonlinear gradient-boosted trees via Light GBM (Ke et al. 2017).
2.3.1 Cross-sectional Regressions

Lewellen (2015) shows that out-of-sample forecasts from cross-sectional regressions provide a simple
yet effective measure of expected returns, by combining slopes from the prior 120-month rolling

window with the latest known characteristics at the beginning of month t¢.

Lewellen (2015) studies three specifications of cross-sectional regressions. The first specification
contains size, book-to-market, and momentum. The second adds accruals, prior 36-month stock
issuance, annual return on assets, and asset growth (seven variables in total). The third speci-
fication further adds dividend yield, long-term reversal, prior 12-month stock issuance, 36-month
rolling market beta, stock volatility, turnover, market leverage, and sales-to-price (15 in total). We

implement all three specifications. Appendix A details the exact variable definitions.

We construct investment-based cross-sectional forecasts based on the ¢°-factor model, which
builds on size, investment-to-assets (I/A), return on equity (ROE), and expected growth (EG). EG

is in turn from cross-sectional forecasts of changes in investment-to-assets on the log of Tobin’s ¢,



operating cash flow, and changes in ROE. Appendix B details the measurement.

At the beginning of each month ¢, we form 1-month ahead costs of equity via cross-sectional re-
gressions of 1-month ahead returns on a given set of characteristics from prior 120-month rolling win-
dows. We combine the average regression coefficients with the latest available winsorized predictors.
The most recent accounting information is from the fiscal year (quarter) ending at least four months
prior to month . We use the latest announced quarterly earnings, and if not available, the earnings

from the most recent fiscal quarter ending at least four months ago (Hou, Xue, and Zhang 2020).

Timing-wise, at the beginning of month ¢, the latest returns in the rolling window regressions run
at most up to month ¢ — 1, and the predictors are further lagged accordingly. When performing the
cross-sectional forecasting regressions, we winsorize all the unbounded regressors at the 2.5 and 97.5

percentiles at their respective cross-sectional distributions each month. We do not winsorize returns.

The estimation is for 1-month ahead forecasts. We adapt the procedure analogously for other
horizons. For 12-month forecasts, at the beginning of month ¢, we perform cross-sectional forecast-
ing regressions of returns from month ¢ — 12 to t — 1 on a given set of characteristics from prior 120-
month rolling windows (with overlapping observations). In the latest rolling window, the returns run
at most up to month ¢ — 1, and the predictors are from the fiscal period ending at least four months
prior to month ¢t—12. To calculate 12-month costs of capital, we combine the average slopes with the

most recent winsorized predictors from the fiscal period ending at least four months prior to month ¢.
2.3.2 Gradient-boosted Trees

Besides linear regressions, we adopt Gradient Boosting Machine (GBM) to account for the nonlin-
ear relations between ¢°-characteristics and expected returns. GBM is a popular tree-based method

that combines many decision trees sequentially (“boosting”) to improve out-of-sample accuracy.

In our application, a decision tree predicts returns by sequentially splitting stocks into groups
based on one of the ¢°-characteristics. For instance, we can first split stocks into two groups based on

whether a stock’s I/A exceeds 10%. Within each I/A group, we can further split stocks into groups



based on whether ROE exceeds 6%. The procedure continues until certain limits are reached, such
as maximum tree depth. Finally, we compute the average return for each final group (leaf) and use
it as the return prediction for stocks with the corresponding combination of characteristics (e.g.,

size below $1 billion, I/A below 10%, ROE above 6%, and EG above 5%). As a straightforward

nonlinear model, a decision tree naturally captures interactions among characteristics.

A single tree is easy to build, but prone to overfitting. A deep tree can perfectly memorize return
patterns in sample by creating increasingly narrow groups of stocks, yet fail to generalize out of
sample. Boosting mitigates overfitting by combining many shallow trees into a single, more reliable
prediction, an approach known as an ensemble. Rather than building one deep tree, boosting builds
many shallow trees sequentially, in which each new tree focuses on correcting the errors of previous
trees. After the first tree generates return predictions, we compute its errors. We then fit the second
tree to the errors, the third tree to the remaining errors of the first two, and so on. The final predic-

tion is the sum of all trees’ predictions, each scaled by a small learning rate to control overfitting.

Suppose the first tree splits stocks based on I/A and ROE. The second tree then focuses on
stocks that the first tree predicts poorly, perhaps by finding that among high-ROE stocks, EG
further differentiates returns in a way the first tree has missed. Over many iterations, the ensemble

progressively refines its predictions to capture subtle interactions among size, I/A, ROE, and EG.

Compared to deep learning such as neural nets, GBM models are easier to train, more transpar-
ent, and tend to perform better on tabular data of the scale typical in empirical finance (Grinsztajn,
Oyallon, and Varoquaux 2022). Grinsztajn et al. compare deep learning against tree-based models
across 45 datasets, and find that tree-based models remain state-of-the-art on medium-sized tabular
data even without accounting for their faster training speed. One important reason for this relative

performance is that neural nets struggle with fitting irregular target functions.

In a larger comparative study, McElfresh et al. (2023) find that gradient-boosted trees are

much better than neural nets at handling skewed or heavy-tailed distributions and other data ir-



regularities. In their book “Machine Learning for Tabular Data,” Ryan and Massaron (2025) show
that gradient boosting is better than deep learning in terms of simplicity and transparency and
is very close in terms of efficacy. Because expected returns often have irregular relations with

characteristics, with premiums concentrated in specific regions, we opt for gradient boosting.*

We use the same monthly cross-sectional data as in our cross-sectional regression models to train
our gradient-boosted trees. At the beginning of each month ¢, we use the latest firm characteristics
(size, I/A, ROE, and EG) to forecast h-month ahead cumulative returns over months ¢ through
t+ h—1. We tune hyperparameters via five-fold cross-validation and retrain the final model on the
full cross-section for each month. We repeat this procedure each month to yield a monthly series

of tree models that are analogous to the monthly series of cross-sectional regression models.

To construct out-of-sample forecasts, we apply the same rolling window procedure as in
regression-based forecasts. At the beginning of month ¢, we apply the latest firm characteris-
tics to each of the preceding 120 monthly tree models to generate 120 return forecasts. The timing
is identical to that in cross-sectional regressions to ensure no look-ahead bias. For each stock, the
final forecast is the average across the 120 tree-based forecasts. This procedure is analogous to our

cross-sectional regression forecasts so as to ease direct comparison.

We are not aware of prior studies that adopt a similar rolling window design in machine learn-
ing. Besides the ease of comparison with cross-sectional regressions, this design has two additional
benefits. First, it mitigates the impact of outliers. Outliers only affect a given cross section, whereas
our forecasts average across 120 monthly models. Second, training purely cross-sectional models

simplifies data split for cross-validation, with no need to accommodate time series information.

We implement gradient boosting via Light GBM, which is a highly efficient GBM framework that

offers substantial speed and memory advantages over alternatives such as XGBoost and CatBoost,

4Another popular tree-based model is random forests, which randomly sample a subset of characteristics at
each split to diversify the ensemble. However, with only four (economically motivated) ¢®-characteristics, this
subsampling procedure offers little diversity, which limits its effectiveness.

10



making it well-suited for large panel datasets.” We implement three versions of the GBM model,
each with a different objective function, including mean squared error (MSE), mean absolute error
(MAE), and Huber loss. MSE penalizes prediction errors quadratically, MAE penalizes errors lin-
early, and the Huber loss applies a quadratic penalty to errors below a threshold and a linear penalty

to errors above it. Doing so combines sensitivity to small errors with robustness to large outliers.”

3 Evaluating Costs of Equity

We evaluate the relative performance of the three classes of costs of equity described in Section 2.

We present evaluation methods in Section 3.1 and detail evaluation results in Section 3.2.
3.1 Evaluation Methods

We adopt three groups of evaluation methods: (i) portfolio sorts; (ii) cross-sectional predictive

regressions (Lewellen 2015); and (iii) measurement error variances (Lee, So, and Wang 2021).
3.1.1 Portfolio Sorts

In portfolio sorts, at the beginning of month ¢ (the end of month ¢ — 1), we split the NYSE, Amex,
and NASDAQ stocks into deciles on each cost of equity. We calculate the monthly value-weighted
decile returns for six holding periods (1-, 3-, 12-, 24-, 36-, and 60-month), over month ¢, from
month t to ¢t 4+ 2, month ¢ to £ + 11, month ¢ to ¢ + 23, month ¢ to ¢ + 35, and month ¢ to ¢ + 59,
respectively. The 3-month horizon, for instance, means that for a given decile in each month, there
exist three subdeciles, each initiated in a different month in the prior three months. We take the

simple average of the subdecile returns as the monthly return for the decile.

®Qriginally developed by Microsoft, Light GBM is freely available at https://github.com/lightghm-org/Light GBM.

SFor all three versions, we tune the following hyperparameters via grid search: maximum tree depth (max_depth:
3, 4, 5), maximum number of leaves (num_leaves: 8, 12, 15, 20), minimum leaf size (min_data_inleaf: 30, 50,
100), learning rate (learning rate: 0.01, 0.05, 0.1), L2 regularization on leaf weights (lambda_l2: 0, 5, 20), and row
subsampling fraction (bagging fraction: 0.6, 0.8, 1.0). For the Huber loss, we also tune the threshold parameter
(alpha: 0.5, 1, 2), which governs the boundary between the quadratic and linear penalty regions. The full grid
yields 972 combinations for MSE and MAE and 2,916 for the Huber loss. The optimal number of boosting rounds
is determined jointly within the grid search using early stopping with a patience of 100 rounds and a maximum of
5,000 rounds. To activate row subsampling, we set the bagging frequency to one (bagging freq = 1).

11



We align the holding period with the forecast horizon. For instance, we use the 12-month hold-
ing period when forecasting returns with 12-month ahead costs of equity. To ease comparison with
Lewellen (2015), we use NYSE-Amex-NASDAQ breakpoints in sorts but show evidence in the full
and all-but-micro samples. In the all-but-micro sample, we retrain all the predictive models without
microcaps. Microcaps matter more for the choice between value- vs. equal-weighting returns than

that between NYSE-Amex-NASDAQ vs. NYSE breakpoints (Hou, Xue, and Zhang 2020).

We perform four sets of pairwise comparison tests: (i) the ¢°-characteristics model via cross-
sectional regressions (QCE) vs. the g°-characteristics models via gradient-boosted trees; (ii) QCE
vs. the Lewellen 3-; 7-, and 15-variable models; (iii) QCE vs. the accounting-based implied cost
of equity; and (iv) QCE vs. factor models. For each pairwise comparison, we test whether the

difference between the two high-minus-low decile returns in question equals zero.
3.1.2 Cross-sectional Predictive Regressions

Following Lewellen (2015), we perform cross-sectional regressions of subsequent returns on the
beginning-of-month costs of equity and test if the predictive slope equals one. If these estimates of
costs of equity line up with true expected returns, they should predict subsequent realized returns
with a slope of one. We again align the horizon of subsequent returns with the forecast horizon in
costs of equity. For example, when evaluating 12-month ahead costs of equity, we use subsequent
12-month returns as the dependent variable in cross-sectional regressions. To ease comparison
with Lewellen, we use ordinary least squares but show evidence in the full and all-but-micro sam-
ples. For each pairwise comparison, we test whether the difference between the two slopes from

cross-sectional regressions equals zero. We use time series tests with Newey-West standard errors.

In the cross-sectional predictive regressions, if the intercept equals zero, the null that the slope
equals one is equivalent to the null that a given cost of equity is unbiased. Because intercepts
are often nonzero, we report estimates of bias defined as the cross-sectional mean of the difference

between subsequent realized returns and a given cost of equity. We show the bias estimate averaged

12



in the time series and use Newey-West standard errors to test if the average bias equals zero. For

pairwise comparison, we test if the bias difference between two costs of equity equals zero on average.
3.1.3 Measurement Error Variances

Lee, So, and Wang (2021) argue that if the goal is to study how differences in corporate policies or
firm characteristics are related to differences in costs of equity (treatment effects), the bias in costs
of equity is largely irrelevant. Intuitively, if the bias is uncorrelated to the variable in question,
taking the difference in costs of equity eliminates the impact of bias. As such, measurement error

variances (MEV) emerge as the most relevant criteria of costs of equity for treatment effects.

Let er?. be firm 4’s true (but unobservable) h-month ahead expected return at the beginning of

month ¢ and é?‘Z be an empirical proxy of erf.. The measurement error is defined as w?. = é?’Z —erh.

The measurement error should be distinguished from the forecast error, e;;ip = rjin — é?’ﬁ, for
t=1,2,...,TF —h, in which T — h is stock i’s length of the predictive window (the overall sample

minus the initial expanding window, adjusted for the forecast horizon, h). Let T¥ = max;{TF}.

Lee, So, and Wang (2021) define the scaled time series variance of an expected return proxy as:
SVar}® = Var, <é?’Z> — 2Cov; <é?’Z,n-t+h> , (1)

. . ~h\ - . . . ~h ~h . . .
in which Var;(ér;;) is time series variance of ér;;, and Cov; <e7‘it,rit+h) time series covariance

between é?‘lf-; and 74 p. Time series MEV is the average SVarZ-TS across all N firms in the sample:
S 1
SVar = = N Z SVar®, (2)
i

Following Lee et al., we require 20 observations to compute the time series scaled variance.

Analogously, Lee, So, and Wang (2021) define the scaled cross-sectional variance as:
SVartX = Var; (éi‘zt) — 2Cov; (é?’Z,n-H_h) , (3)

. . ~hy - . . ~h ~h .
in which Var(éer;;) is cross-sectional variance of er;;,, and Covy <erit,rit+h) cross-sectional
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covariance between érl, and r;,j,. Equation (3) implies that SVarf™ = Var, (eArZ) (1—2s), in which
s is the cross-sectional predictive slope in the Lewellen (2015) test. As such, the higher s is, the
lower the cross-sectional measurement error variance. The cross-section MEV for a given measure

is the time series average of SVar?X across all the periods, T¥ — h (the number of cross-sections):

S 1
SV&I'CX = m E SV&I‘?X. (4)
t

We perform two pairwise comparison tests. First, the time series test checks if the time series
MEV differential has a mean of zero across the N firms in the sample, using the White (1980)
heteroscedasticity-consistent standard errors. Second, the cross-section test checks if the cross-
section MEV differential has a mean of zero in the predictive window (with 77 — h months),
using the Newey-West standard errors. This test is equivalent to performing the Fama-MacBeth

cross-sectional regression of differentials on an intercept and calculating its Newey-West ¢-value.

3.2 Evaluation Results

3.2.1 Portfolio Sorts

From Panel A of Table 1, sorting on QCE from the ¢°-characteristics model via cross-sectional
regressions yields a reliable high-minus-low spread in average 1-month ahead return of 1.62% per
month (¢ = 7.29) in the full sample. The high-minus-low spread falls to 1.37% (¢ = 6.46) at the
3-month horizon and further to 0.81% (¢ = 4.01) at the 12-month, while still remaining at 0.57%
(t = 2.93) at the 24-month horizon. The average return spread falls further to 0.26% (¢t = 1.54) at

the 36-month before converging to zero at the 60-month horizon.

Gradient-boosted trees improve on the QCE results somewhat, but not significantly so. Panel
A of Table 1 shows that gradient-boosted QCE with the MSE loss (QCE-GB) yields a larger high-
minus-low spread in average 1-month ahead return of 1.79% per month (¢ = 7.02). The return
spread falls to 1.66% (¢t = 6.17) at the 3-month horizon and further to 0.88% (¢ = 3.89) at the

12-month. These estimates are all somewhat higher than their counterparts from cross-sectional
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regressions. The estimates are close at the 24-month but lower at longer horizons. However, from

Panel B, the differences in return spreads are all insignificant.

The results from gradient-boosted QCE with the MAE loss (QCE-GBA) and with the Huber loss
(QCE-GBH) are largely similar, as shown in the Internet Appendix. From Panel A of Table S.1, the
high-minus-low return spread from sorting on QCE-GBA is 1.60% per month (¢ = 5.05) and 0.94%
(t = 3.45) at the 3- and 12-month horizons, which are higher than 1.37% and 0.81% from sorting
on QCE, respectively. The high-minus-low spread from sorting on QCE-GBH is 1.89% (t = 6.02)
and 1.65% (t = 5.70) at the 1- and 3-month horizons, which are higher than 1.62% and 1.37% from

sorting on QCE, respectively. However, from Panel B, the differences are again all insignificant.

Among the three Lewellen specifications, LCE (the 7-variable model) performs the best. From
Panel A of Table 1, sorting on LCE yields an average return spread of 1.09% per month (¢t = 3.71)
at the 1-month horizon. The spread falls to 0.91% (¢ = 3.32) at the 3-month and further to
0.38% (t = 1.42) at the 12-month and 0.31% (¢t = 1.31) at the 36-month horizon. From Panel B,
the QCE-minus-LCE differences in the return spread are large and (marginally) significant within

short horizons up to 12 months but small and insignificant at longer horizons.

Sorting on LCE-3 (the 3-variable model) and LCE-15 (the 15-variable model) yields lower return
spreads than on LCE. From Table S.1, the high-minus-low LCE-3 spread is 0.49% per month (¢ =
1.46) at the 1-month, 0.39% (¢ = 1.16) at the 3-month, and 0.04% (¢ = 0.15) at the 12-month hori-
zon. The high-minus-low LCE-15 spread is 0.90% (¢t = 2.76) at the 1-month, 0.81% (¢ = 2.41) at the
3-month, and 0.39% (¢ = 1.25) at the 12-month horizon. These spreads are mostly lower than their

LCE counterparts. From Panel B, the QCE-minus-LCE differences are larger and more significant.

The accounting-based implied cost of equity, ICE, performs poorly. From Panel A of Table 1,
the high-minus-low ICE return spread is close to zero across all horizons. In particular, the return
spreads are only —0.03%, —0.16%, and 0.03% per month (¢ = —0.08,—0.43, and 0.1) at the 1-,

3-, and 12-month horizons, respectively. The return spreads at longer horizons are largely similar.
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From Panel B, the QCE-minus-ICE differences are economically large and mostly significant. In
particular, the differences are 1.65% (t = 3.53), 1.53% (¢t = 3.57), 0.78% (¢t = 2.62), and 0.54%

(t = 2.06) at the 1-, 3-, 12-, and 24-month horizon, respectively.

Factor models also perform poorly, echoing Fama and French (1997). The return spread sorted
on Q5F (the ¢°-factor based cost of equity) yields only 0.13% per month (¢t = 0.57) at the 1-month
horizon and remains small and insignificant across all horizons (Table 1). The QCE-minus-Q5F
differences are large and mostly significant within 12 months. Similarly, from Table S.1 in the
Internet Appendix, the return spread sorted on the CAPM cost of equity earns 0.39% (¢t = 0.98)
at 1-month and declines in magnitude over longer horizons. All the CAPM return spreads are
insignificant. The return spread sorted on FF6F (the Fama-French 6-factor based cost of equity)

yields —0.34% (t = —1.3) and remains negative and mostly insignificant across all horizons.

Table 2 shows portfolio sorts in the all-but-micro sample. Table S.2 does the same for addi-
tional cost of equity models. Microcaps show nontrivial impact, but the basic inferences remain
unchanged. First, the regression-based ¢°-characteristics model continues to perform well, but the
QCE return spread has declined across all horizons. For instance, the 1-month ahead return spread
is 1.11% per month (f = 5.64) in contrast to 1.62% (¢ = 7.29) with microcaps. The reason is that

decile 10 earns an average excess return of 1.29%, which falls from 1.77% with microcaps.

Next, gradient boosting again improves on linear regressions, but the differences are mostly
insignificant. Third, the 7-variable version is still the best Lewellen (2015) model. Its 1-month
average return spread is 0.87% per month (¢ = 3.67), which falls from 1.09% (¢ = 3.71) with micro-
caps. Fourth, the accounting implied cost of equity continues to struggle. The return spreads are
all close to zero and are even negative in five out of six horizons. Fifth, factor models still perform
poorly. The return spreads of Q5F range from 0.22% per month to 0.43%, albeit significant at

longer horizons. The return spreads from FF6F are all negative and insignificant.
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3.2.2 Cross-sectional Predictive Regressions: The Full Sample

Table 3 shows cross-sectional predictive regressions of h-month subsequent returns on a given h-
month ahead cost of equity at the beginning of month ¢. From Panel A, the QCE performance is fair.
The slopes, which range from 0.54 at the 60-month horizon to 0.82 at the 1-month horizon, are signif-
icant from zero across all the horizons. However, their standard errors are small, varying only from
0.11 to 0.16. As a result, the slopes differ significantly from one at the 12-, 36-, and 60-month hori-
zons. For instance, at the 1-month horizon, the slope is 0.82, which is indistinguishable from one (ab-
solute t-value |t| = 1.63), with a standard error of 0.11. However, at the 12-month horizon, the slope

is 0.63, with a standard error of 0.15. The absolute t-value, which tests the slope equals one, is 2.51.

The QCE performance is competitive with the performance via gradient boosting. With the
MSE loss, the QCE-GB performance is mostly comparable (Table 3). At the 12-month, its slope is
0.8, which is insignificant from one, with a standard error of 0.16. However, at the 1-month horizon,

its slope overshoots at 1.23, which differs significantly from one, with a standard error of 0.09.

With the MAE loss, the QCE-GBA performance falls far short of the QCE performance. From
Table S.3, the QCE-GBA slopes differ significantly from one across all horizons, with magnitudes
smaller than their counterpart QCE slopes. With the Huber loss, QCE-GBH still underperforms
QCE somewhat, especially at longer horizons. The QCE-GBH slopes are 0.47 and 0.28 at the 36-

and 60-month horizons, which are lower than the QCE slopes of 0.61 and 0.54, respectively.

The Lewellen 7-variable model is again the best performer among the three specifications. The
LCE performance is largely comparable with the QCE performance. From Table 3, for instance, at
the 1-month horizon, the LCE slope is 0.81 (close to the QCE slope of 0.82), with a standard error of
0.11, and is insignificant from one (|t| = 1.76). At the 12-month horizon, the LCE slope is 0.7, which
is higher than the QCE slope of 0.63, albeit still significant from one. At the 24-month, however,

the LCE slope is 0.72, which is lower than the QCE slope of 0.81, and is significant from one.

Table S.3 shows that LCE outperforms the two alternative Lewellen specifications. For instance,
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the slope of LCE-3 from the 3-variable model is only 0.17 at the 12-month horizon. With a standard
error of 0.31, the slope is insignificant from zero but significant from one. With the 15-variable
model, the LCE-15 slopes are all significant from one, also with smaller magnitudes. In particular,

at the 36-month horizon, the slope is only 0.45, compared with the LCE slope of 0.6.

The ICE performance is poor. From Panel A of Table 3, the ICE slopes differ significantly from
one across all six horizons. Their magnitudes are much smaller than the QCE slopes. For instance,
the ICE slopes are 0.42, 0.51, and 0.38 at the 1-, 12-, and 36-month horizons, with standard errors
of 0.17, 0.13, and 0.07 and t-values of 3.45, 3.8, and 9.1 testing that a given slope equals one, respec-
tively. From Panel B, the QCE-minus-ICE slopes are economically large and statistically significant

at the 3-, 24, and 36-month horizons (marginally significant at the 1- and 60-month horizons).

Factor models perform poorly. Table 3 shows that the Q5F slopes from the ¢°-factor model
are basically zero, both economically and statistically, across all horizons. The QCE-minus-Q5F
differences are large and significant across all horizons. The results for the Fama-French 6-factor
model are quantitatively similar (Table S.3). The CAPM performance is fair within 3-month but
poor at longer horizons. Clearly, although popular for style analysis and performance attribution,

factor models are simply not built for estimating ex ante costs of equity.
3.2.3 Cross-sectional Predictive Regressions: Without Microcaps

Table 4 shows that microcaps are important for costs of equity via cross-sectional forecasts, espe-
cially for long-horizon forecasts. As noted, we retrain all the forecast models on the all-but-micro
sample. At the 1-month horizon, without microcaps, the QCE slope is 0.74, with a standard error
of 0.26, and is indistinguishable from one (|¢| = 0.97). At the 12-month horizon, the slope falls to
0.48 (versus 0.63 with microcaps) and is significant from one (|t| = 2.93). The evidence remains
similar at the 24-month but deteriorates further at longer horizons. At the 60-month, the slope is
only 0.07 (versus 0.54 with microcaps), with a standard error of 0.13, and is highly significant from

one (|t| = 7.19). The impact of microcaps on tree-based forecasts is also noteworthy.
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The impact of microcaps on the Lewellen 7-variable model is largely similar. At the 1-month
horizon, the LCE slope is 0.56, with a standard error of 0.11, which gives rise to an absolute ¢t-value
of 3.87 for testing the slope equals one. The 3-month horizon is largely similar. At the 12-month,
the slope is only 0.29 (versus 0.7 with microcaps) and significant from one (|t| = 4.72). At the

60-month, the slope is only 0.06 and is highly significant from one (|t| = 7.64).

Excluding microcaps also materially affects the ICE performance. The ICE slopes all become
only weakly positive, and their magnitude varies from 0.04 to 0.15 (vs. the 0.29-0.51 range with

microcaps). None of the ICE slopes are significant from zero, and all are highly significant from one.

Methodologically, while we value-weight returns in sorts, we follow Lewellen (2015) in using or-
dinary least squares in cross-sectional forecasts. We do so to ease comparison because QCE follows
Lewellen’s method. Also, in the ICE construction, the Hou-van Dijk-Zhang (2012) regression-based
earnings forecasts also use ordinary least squares. Finally, time series and cross-section MEVs in

Lee, So, and Wang (2021) implicitly treat all stocks as equal. We stick with the same practice.

The role of microcaps in forming characteristics-based costs of equity is surprising. Microcaps
are plentiful, consisting of about 60% of stocks, but tiny, accounting for only about 3.5% of total
market equity (Hou, Xue, and Zhang 2020). It is likely that microcaps contain important informa-
tion on the relation between characteristics and expected returns, information that transcends their
tiny size. First, microcaps exhibit more cross-sectional variations in the discount rate. Second, all
else equal, high discount rates over long horizons imply small or tiny market cap today. Excluding
microcaps might truncate (at least dilute) the right tail of the expected return distribution. Finally,
more important, economic significance varies over horizons. Studies typically examine short hori-
zons up to 12 months, during which a stock’s economic significance does not vary much. However,

over long horizons, microcaps can grow into bigcaps, and bigcaps shrink into microcaps.

Motivated by these considerations, for completeness, we furnish in the Internet Appendix

portfolio sorts with equal-weighted returns, with and without microcaps. The evidence clearly
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shows the impact of microcaps on long-horizon returns. From Table S.5, with microcaps, the
high-minus-low QCE decile earns an average equal-weighted return of 0.84% per month (¢t = 6.01)
at 36-month and 0.55% (¢ = 4.54) at the 60-month horizon. Microcaps are more responsible for
the long-horizon returns than equal-weights. Table S.6 shows that without microcaps, the average
equal-weighted return for the high-minus-low QCE decile is only 0.35% (¢t = 3.19) at 36-month and
0.11% (t = 1.08) at the 60-month horizon. For comparison, the corresponding estimates for the
high-minus-low ICE decile are 0.59% (t = 2.22) at 36-month and 0.38% (¢ = 1.67) at 60-month with

microcaps, and 0.23% (¢t = 1.25) at 36-month and 0.18% (t = 1.06) at 60-month without microcaps.”
3.2.4 Bias

In addition to predictive slopes, Table 3 also estimates the bias calculated as the cross-sectional
mean of the difference between subsequent realized returns and a given cost of equity in the full
sample. Table 4 shows the bias estimates without microcaps. Table S.3 estimates the bias for addi-

tional cost of equity measures in the full sample, and Table S.4 does so in the all-but-micro sample.

Several intriguing patterns emerge. First, most characteristics-based costs of equity are unbiased
in the full sample (Table 3). For instance, the bias estimates for QCE are 0.21%, 0.57%, and 2.31%
in the 1-, 3-, and 12-month horizons, respectively, with t-values all below one. And the estimates

for ICE are 0.17%, 0.52%, and 2.91% across the three horizons, with ¢-values mostly below one.

Second, without microcaps, the ¢°-characteristics-based QCEs remain largely unbiased, but ac-
counting costs of equity are severely biased downward. From Table 4, the bias estimates for QCEs
are 0.14%, 0.43%, and 1.37% (t = 0.66, 0.69, and 0.61) at the 1-, 3-, and 12-month, respectively.
For comparison, the bias estimates for ICEs are 0.42%, 1.27%, and 4.62% (t = 2.08, 2.18, and 2.3),
and the bias differences are all highly significant with ¢-values of —5.9, —5.79, and —5.39, respec-

tively. The bias differences remain large and significant, —6.5%, —9.46%, and —18.12% (¢t = —5.01,

"Our insights on long-horizon expected returns accord with Baba-Yara, Boons, and Tamoni (2024). Baba-Yara
et al. show that the expected returns associated with persistent and transitory components of characteristics vary in
the cross section, in both magnitude and sign. In particular, the cross-sectional predictability of long-horizon returns
is reliably stronger in equal-weighted than in value-weighted returns.
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—3.86, and —3.09) at the 24-, 36-, and 60-month horizons, respectively.

Why would the ICE estimates be severely biased downward outside microcaps? Two causal
forces are likely at work. First, while regression-based earnings forecasts in the ICE construction are
unbiased in the full sample, these earnings forecasts are too low for big stocks and too high for small
stocks. Hou and van Dijk (2019, Table 4) use cross-sectional regressions to forecast profitability
and show that large stocks experience persistently positive profitability shocks post-1980, whereas

the opposite holds for small stocks. Our evidence on the ICE bias accords well with their evidence.

Also, earnings does not accurately capture economic profits, especially for big firms, because
intangible investments are expensed away. Low earnings forecasts are mismatched with high valua-
tion ratios, causing the ICE estimates to be too low. The expected growth in the ¢°-characteristics

model uses as a key predictor cash-based operating profitability, which accounts for intangibles.

Finally, gradient-boosted QCEs with the MSE loss (QCE-GB) are largely unbiased (Table 3).
However, gradient-boosted QCEs with the MAE loss (QCE-GBA) and the Huber loss (QCE-GBH)
are severely biased downward, with and without microcaps (Tables S.3 and S.4). For instance, the
bias estimates for QCE-GB are 0.12%, 0.36%, and 1.64% at the 1-, 3-, and 12-month horizons,
respectively, with ¢-values all below one. In contrast, the bias estimates for QCE-GBA are 1.14%,
2.69%, and 10.45% (t = 4.36, 3.4, and 3.48), respectively, across the three horizons in the full sam-

ple. Without microcaps, the bias estimates for QCE-GBA remain mostly significant, albeit smaller.
3.2.5 Measurement Error Variances

Table 5 shows measurement error variances and their components in the full sample, and Table
6 does so in the all-but-micro sample. Table S.7 shows the evidence for additional cost of equity

models in the full sample, and Table S.8 does so in the all-but-micro sample.

Several patterns emerge. First, factor models perform poorly. Their MEVs, both time series
and cross-section, are often an order of magnitude larger than those of characteristics-based models.

Both the large variance and small (even occasionally negative) covariance components contribute
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to this problem. Excluding microcaps mitigates the problem, but the underperformance remains

substantial. Again, factor models are simply not built for estimating ex ante costs of equity.

Second, for time series MEV, ICE is the best performer. This outperformance is due to small
variance and large covariance component. For instance, at the 1-month horizon, ICE has a time
series MEV of —0.0198, which arises from a small variance of 0.0038 but a large covariance of 0.0237
(Panel A, Table 5). For comparison, QCE’s time series MEV is 0.0029, with a variance of 0.0072 and
a covariance of 0.0043. The equal MEV on their common sample is strongly rejected. The ICE out-

performance is mostly robust across horizons, against diverse models, with and without microcaps.

Third, for cross-section MEV, QCE shows a small edge, especially in short horizons, as shown in
negative differentials in cross-section MEV. However, the differentials are mostly insignificant. For
instance, at the 1-month horizon, the QCE-minus-ICE differential is —0.0048 (¢t = —1.3) with mi-
crocaps and —0.001 (¢ = —1.62) without microcaps. At the 12-month horizon, the QCE-minus-ICE

differential is —0.1351 (¢ = —0.25) with microcaps and —0.063 (¢ = —0.94) without microcaps.

The QCE performance is largely comparable with the LCE performance from the Lewellen
7-variable model. However, QCE outperforms the two alternative models, LCE-3 and LCE-15,
especially without microcaps. Finally, gradient-boosted trees with the MSE loss improve on QCE
somewhat, especially with microcaps, but the trees with the MAE and Huber loss worsen the QCE

performance for both time series and cross-section MEV, with and without microcaps.
3.2.6 Summary

Our extensive evaluation tests establish the regression-based ¢°-characteristics model as compet-
itive. It is on the whole the best performer in portfolio sorts and cross-sectional predictive re-
gressions. The ¢°-characteristics model is also largely unbiased with and without microcaps. In
contrast, the accounting-based implied cost of equity is severely biased downward without micro-
caps. Although underperforming the accounting cost of equity in time series MEV, the linear

¢°-characteristics model compares favorably with all other characteristics-based models in cross-
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section MEV. Gradient boosting improves on the regression-based model in some aspects but wors-
ens its performance in others. Across all evaluation metrics, factor models perform very poorly in

out-of-sample tests, highlighting the importance of developing the ¢°-characteristics model.

4 Investment-based Costs of Equity

After establishing the linear g°-characteristics model as competitive, we study the properties of
QCE for firms (Section 4.1), industries (Section 4.2), factor premiums (Section 4.3), and the equity

premium (Section 4.4). We also show the properties of the accounting-based ICE for comparison.
4.1 Firm-level Costs of Equity

Table 7 shows the firm-level properties of costs of equity in the January 1977-December 2024 sam-
ple. Because ICE is the internal rate of return, its term structure is flat. As such, we only show (the
12-month ahead) ICE based on annual accounting data. To ease comparison across horizons, we
annualize all QCE estimates to align with the unit of (the 12-month ahead) QCE,,. For example,
annualizing QCE; means (1 + QCE,)'? — 1, and annualizing QCEg, means (1+ QCEg,)'/% —1. We

annualize each firm-month before calculating time series averages of cross-sectional moments.

Several insights emerge from Table 7. First, the term structure of QCE is largely flat. The
1-month ahead QCE is on average 13.83% per annum, which is close to the 12-month average of
13.85%, which is in turn not far from the 36-month average of 13.03%. The median QCEs show a

similar pattern across horizons. The mean QCE estimates are also close to the mean ICE of 13.62%.

Second, the term structure of the QCE cross-sectional dispersion is downward sloping. The
1-month ahead QCE dispersion is 10.75% per annum, which drops to 6.85% at the 12-month and
to 4.48% at the 36-month horizon. The 12-month ICE dispersion is 10.26%. Relatedly, the monthly

autocorrelations of QCEs vary from 0.91 to 0.95, which are somewhat lower than 0.97 for the ICE.

Third, the QCE distributions are weakly left-skewed across all horizons, with the skewness rang-

ing from —0.6 to —0.9. In contrast, the ICE distribution is right-skewed, with a skewness of 1.91.
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Relatedly, the excess kurtosis (in excess of three for the normal distribution) of QCEs varies from
2.08 to 2.53 across all horizons, compared to 3.68 for ICE. The histograms in Figure 1 clearly show
the distributional differences between QCEs and ICE. In particular, ICE’s skewness from pooling
the panel data observations together is 4.16, while the skewness for the 12-month QCE is —0.48

(untabulated). For excess kurtosis, the comparison is between 28.46 vs. 2.99.

Panel B of Table 7 shows the average slopes and their ¢t-values in cross-sectional regressions
underlying the QCEs in the full sample, and Figure 3 shows the time series of 120-month rolling
window slopes in calculating the QCEs. The average slopes all have expected signs. The only ex-
ception is ROE, which has negative slopes at long horizons. More important, the expected growth
slopes increase monotonically with horizon, 0.044 (¢t = 6.68) at the 1-month, 0.327 (¢ = 5.3) at the
12-month, 1.049 (¢ = 7.83) at the 36-month, and 2.064 (¢t = 9.54) at the 60-month horizon. The

investment-to-assets slopes also largely increase in magnitude except for the 60-month horizon.

Removing microcaps reduces the cross-sectional dispersion. From Table 8, the QCE cross-
sectional standard deviation starts at 6.23% per annum at the 1-month, falls to 3.76% at the
12-month, and to 2.99% at the 36-month. The 5-95 percentiles dispersion is 12.57% for the 12-
month QCE, relative to 22.32% with microcaps. Also, the mean 12-month QCE is 12.53%, which
is higher than 8.94% for the mean ICE. This evidence accords well with Table 4, which shows that
the ICE estimates are severely biased downward without microcaps. The ICE skewness falls to 0.91
(1.00 with the pooled panel data). The declined skewness is clear in Panel D of Figure 2. The cross-

sectional slopes underlying QCE again mostly have expected signs (Panel B of Table 8 and Figure 4).
4.2 Industry Costs of Equity

Fama and French (1997) show that factor-based industry costs of equity are “distressingly
imprecise” (p. 178). QCE goes a long way in addressing this challenge (in the same spirit as ICE).
We use NAICS to define sectors and industries. Prior to June 1985, we convert Standard Industry

Classification (SIC) codes into NAICS via the meticulous mapping developed by Bai et al. (2024).
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Table 9 shows sector and industry costs of equity for 18 nonfinancial NAICS sectors and 57
nonfinancial NAICS industries. For each sector and each industry, we show the time series means
and standard deviations of different costs of equity, including the ¢°-factor model (Q5F), QCE,,

QCE3, QCE;y, QCEy,, QCE3q, QCEgg, and ICE, as well as realized returns, RR. We value-weight

the stock-level costs of equity across all the stocks within a given industry or sector.

The characteristics-based costs of equity are more stable than Q5F, which is in turn more stable
than realized returns. From Panel A of Table 9, averaged across 18 sectors, the RR volatility is
21.03% per annum, relative to its mean of only 13.66%. By retaining only common factor varia-
tions, Q5F reduces the volatility to 7.73%, relative to a mean of 9.73%. At the 12-month horizon,
for instance, the QCE volatility is only 4.12%, which drops further to 3.72% at the 60-month. The
ICE volatility is 2.82%. Across the 18 sectors, the 12-month QCE volatility ranges from 2.98% to

5.22%, the Q5F volatility from 3.64% to 11.53%, and the ICE volatility from 1.92% to 3.91%.

From Panel B, the characteristics models are again more stable than the ¢°-factor model, which
is in turn more stable than realized returns. Averaged across 57 nonfinancial industries, the RR
volatility is 25.94% per annum, which almost doubles the mean of 13.85%. The Q5F volatility is
9.94%, which is close to its mean of 10.29%. The QCE estimates are again more stable. At the
12-month horizon, the QCE volatility is 4.4%, which is less than one half of its mean of 10.33%.

The ICE volatility is 3.37%, which is also less than one half of its mean, 9.04%.

The volatility of industry cost of equity (12-month QCE) varies across the 57 industries. The
lowest volatility is 2.76% per annum for industry 3370 (furniture and related products), followed by
the second lowest of 2.89% for industry 3260 (plastics and rubber products). On the other extreme,
the highest volatility is 7.6% for industry 4930 (warehousing and storage), followed by the second

highest of 7.06% for industry 5140 (Information and data processing services).

The mean QCE estimates also show substantial cross-industry variation. For the 12-month

QCE, it ranges from 7.1% per annum for industry 5140 (information and data processing services)
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and 7.28% for industry 5130 (broadcasting and telecommunications) to 13.65% for industry 113F
(forestry, fishing, and related activities) and 15.47% for industry 5310 (real estate). For ICE, the
cost of equity varies from 6.36% for industry 5140 and 6.57% for industry 5110 (publishing in-
dustries [including software]) to 12.81% for industry 2200 (utilities) and 17.91% for industry 5310.
Although derived totally differently, both costs of equity identify information and data processing
services as one of the lowest cost of equity industries and real estate as one of the highest cost of

equity industries. We interpret this unintended evidence as reassuring cross-validation (consilience).
4.3 Factor Premiums

Tang, Wu, and Zhang (2014) show that ICEs differ drastically from average realized returns for
many factors. QCE goes a long way in resolving this difficulty. We study size, value, momentum
(prior 11-month return, skipping 1 month), investment-to-assets, ROE, and expected growth. We
use NYSE breakpoints to form deciles and calculate value-weighted returns, with annual sorts on

size, value, and investment-to-assets and monthly sorts on momentum, ROE, and expected growth.

Table 10 shows the factor premiums in the January 1977-December 2024 sample. For the
small-minus-big decile, the holding period returns are all insignificant from zero, with the average
returns positive up to 12-month but negative afterward. Both the QCE and ICE premiums are all
positive and significant across all horizons. For the value-minus-growth decile, the holding period
returns are all positive but insignificant. The QCE premiums are negative up to 3-month but
turn significantly positive afterward. The ICE premiums are all positive and significant. For the
low-minus-high investment decile, the average returns are positive up to 24 months but negative

afterward. Both the QCE and ICE premiums are significantly positive across all horizons.

Prior 11-month returns and ROE yield significantly positive premiums in short horizons. For
instance, at the 1-month, their average returns are 0.98% (¢t = 3.19) and 0.8% (¢t = 3.25), respec-
tively. Expected growth yields significantly positive premiums across all horizons, 0.99%, 9.56%,

and 26.96% (t = 5.38, 4.85, and 5.18) at the 1-, 12-, and 36-month, respectively.
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The QCE premiums are mostly aligned with average returns of the momentum and ROE fac-
tors, significantly positive in short horizons. In particular, the 1-month ahead QCE premiums are
0.39% (t = 7.37) for momentum and 1.27% per month (¢t = 13.29) for ROE. The QCE premiums for
expected growth are significantly positive across all horizons, 1.43%, 9.28%, and 20.68% (t = 14.11,

11.98, and 12.57) at the 1-, 12-, and 36-month, respectively.

ICE performs poorly in aligning with average returns of the momentum, ROE, and expected
growth factors. The ICE premiums are significantly negative across all horizons. The 1-month
ICE premium for momentum is —0.35% (¢t = —10.97), and the 1-month ICE premium for ROE is
—0.27% (t = —12.73). For the expected growth factor, the ICE premiums are —0.14%, —1.96%,

and —7.78% (t = —6.32,—6.43, and —6.62) at the 1-, 12-, and 36-month, respectively.

Table 11 shows the time series predictive regressions of realized factor premiums over subse-
quent h months on the h-month ahead expected premiums. Following Welch and Goyal (2008),
we also calculate the out-of-sample R? (Oos-R?) as 1 — MSE;,/MSE;}, in which MSE}, is the mean
squared forecast error (MSE) at the h-month for a given expected factor premium, and MSE? is

the MSE of the corresponding (expanding window) average factor premium.

ICE outperforms QCE in predicting the size and momentum premiums in the time series. For
size, the ICE R? runs up to 20.7% and Oos-R? 11.4% at the 60-month horizon in contrast to 1.95%
and —12.1%, respectively, for QCE. For momentum, the ICE slopes are all significantly positive,
with R%s up to 32.3% and Oos-R? 7.6% at the 24-month. In contrast, the QCE slopes are mostly

insignificant, albeit all positive, with the R?s at most 9.7% and Oos-R? 4.4%.

QCE is largely comparable with ICE for the remainding premiums. For the value premium,
the QCE and ICE slopes are significant across long horizons, but the ICE R?s are higher, up to
33.8%. However, the QCE Oos-R?s are higher, up to 12%, at the 36-month. For the investment
premium, the QCE slopes are positive up to 36 months, with R?s up to 8.2%. The ICE slopes are all

insignificant, albeit positive, with R%s up to 3.2%. However, Qos-R?s are somewhat larger for ICE.

27



For the ROE premium, the ICE slopes are all positive and mostly significant, especially at long
horizons. The QCE slopes are a bit weaker in significance. The ICE R?s are somewhat larger.
However, the QCE Qos-R?s are mostly positive, whereas the ICE Oos-R?s are all negative and
large. For example, the Oos-R? is 6.9% for QCE but —15.9% for ICE at the 60-month. Finally, for
the EG factor, the ICE slopes are often significantly positive, with R?s up to 11.1%. For compar-
ison, the QCE slopes are all insignificant, albeit positive, and the R%s are all small. However, the
QCE Oos-R?s are positive at long horizons, whereas the ICE Oos-R?s are all negative and large.

In particular, the Oos-R? is 1.9% for QCE but —26.4% for ICE at the 60-month.
4.4 The Equity Premium

We value-weight firm-level costs of equity to obtain the aggregate cost of equity over different hori-
zons. We then subtract the risk-free interest rates with matching maturities to obtain the equity
premium.® From Panel A of Table 12, the term structure of interest rates in the January 1977
December 2024 sample is upward sloping, 4.29%, 4.72%, and 5.13% per annum at the 1-, 12-, and
36-month horizons, respectively. The QCE equity premium has a weakly downward sloping term
structure, 5.69%, 4.35%, and 4.01% at the 1-, 12-, and 36-month, respectively. The ICE equity
premium also has a downward sloping term structure, 4.14%, 3.75%, and 3.46% at the 1-, 12-, and
36-month, respectively. This downward slope results from the upward sloping term structure of

interest rates. The term structure of the ICE cost of equity is flat by construction.

The equity premium estimates are stable. The 1-month QCE equity premium, 5.69% per an-
num, has an annual volatility of 5.22%, which implies a standard error of only 0.753%, given the
sample length of 48 years. Similarly, the 12-month QCE equity premium, 4.35%, has a volatility

of 4.52%, which implies a standard error of 0.652%. The ICE estimates are also precise.

We also show expanding window average returns, denoted EAR, over different horizons, with

8The 1-month Treasury bill rate is from CRSP. The 3-month, 1-year, 2-year, 3-year, and 5-year Treasury yields
are from Federal Reserve Economic Data at the St. Louis Fed (series DTB3, DGS1, DGS2, DGS3, and DGS5,
respectively). The l-year through 5-year yields are constant maturity yields. For the 3-month horizon, we use the
secondary market rate because the 3-month constant maturity yield is not available before September 1981.

28



the expanding window starting in January 1967. For 1-month, EAR is expanding window average
monthly market returns minus expanding window average risk-free rate. For 12-month, EAR is the
expanding window series of the average prior 12-month excess returns (with overlapping monthly
observations). The EAR estimates (all annualized) also have a largely downward sloping term

structure, 7.31%, 6.39%, and 5.37% per annum at the 1-, 12-, and 36-month, respectively.

From Panel B, the QCE equity premiums across different horizons are all highly correlated. The
ICE equity premium is positively correlated with the QCE estimates up to the 24-month horizon,
with the correlations ranging from 0.1 to 0.21, and is uncorrelated at longer horizons. The EAR
estimates are positively correlated with both the QCE and ICE estimates. Figure 5 plots the time

series of different equity premiums over different horizons.

Panel C of Table 12 performs long-horizon regressions of subsequent hA-month ahead realized
equity premiums on the h-month ahead expected equity premiums. In addition to horizon, we
align the units between the left- and right-hand sides of the regressions. For h = 60, for example,
we convert the ICE aggregate cost of equity from annual to 5-year unit, (1 + ICE)> — 1, and then

subtract the 5-year Treasury bond rate. We use overlapping monthly observations.

Most impressively, ICE shows remarkable performance in time series tests. Its slopes are all
positive and significant across all horizon. The (in-sample) R? increases with horizon and reaches
24.5% at the 60-month. More important, the (out-of-sample) Oos-R? of ICE shows a similar pat-
tern, increasing with horizon and reaching the highest, 18.8%, at the 60-month horizon. The time
series MEV is also large and negative, meaning that ICE substantially outperforms EAR. For com-
parison, although fair, the QCE performance falls short of ICE’s. The R? is at most 5.1%, the

Oos-R? is occasionally negative, and time series MEV occasionally positive.
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5 Summary and Interpretation

This paper develops the ¢°-characteristics model for estimating costs of equity as out-of-sample fore-
casts from cross-sectional predictive regressions by combining slopes from prior 120-month rolling
windows with the latest available ¢°-characteristics. The ¢°-characteristics model is competitive in
a battery of evaluation tests, outperforming the accounting implied cost of equity in forecasting
returns in the cross section. The ¢®-cost of equity is largely unbiased with and without micro-
caps, precise at the industry level, and aligned with future realized factor premiums. Its firm-level

distribution is weakly left-skewed, whereas the accounting cost of equity is right-skewed.

Our work carries broad implications on practice. In their impressive 1,345-page treatise, Pratt
and Grabowski (2014) propose a build-up method of estimating a company’s cost of equity, which
includes the risk-free rate, equity risk premium, size premium, and company-specific risk premium.
The company-specific premium is in turn driven by exceptionally small size, industry, return volatil-

ity, leverage, and other specific factors, such as dependence on key personnel and pending litigation.

This build-up approach balances the CAPM with practical considerations. However, because
the CAPM is still front and center in their approach, their costs of equity estimates are likely sub-
ject to the imprecision and weak association problems that plague the prior literature. The ¢°-cost
of equity, which is theoretically motivated but less subject to these empirical difficulties, provides

at least an alternative foundation on which one can build costs of equity in practice.

Our work also carries implications on the long-standing debates on covariances vs. characteris-
tics, structural vs. reduced form, and regressions vs. machine learning as two cultures in statistics
(Breiman 2001). On ontology, the economy is not a simple, predictable machine in equilibrium.
Rather, the economy is a dynamic, rhizomatic network of multiplicities, assemblages, and processes
that are always evolving (Whitehead 1978 [1929]; Deleuze 1994 [1968]; Deleuze and Guattari 1987
[1980]). An assemblage consists of heterogeneous elements that form a functional whole. Elements

(often assemblages themselves) can break away from existing structures, and new elements can
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restabilize into new assemblages. All in all, the economy is a processual, complex adaptive system.

In this “dappled” world, there is no “view from nowhere” (Cartwright 1999). Rather, in our
epistemology, we must embrace perspectivism, pragmatism, and pluralism, all of which descend
from the Kantian idea that all scientific knowledge stems from a certain human vantage point. Per-
spectivism means that all scientific models must make idealized assumptions, and the assumptions
reflect the modeler’s respective purpose (Giere 2006). Pragmatism means that if a model works
better in practice, it is more likely to be true (Chang 2022). Pluralism means that for real-world
complex systems, good science requires integrating diverse, context-sensitive, imperfect models

rather than seeking a single, simple, universal model, which is likely nonexistent (Mitchell 2012).

The premise of the covariances vs. characteristics debate is that only covariances matter in ex-
plaining returns. While this statement is correct within the standard theory, it reflects a long list of
restrictive assumptions (e.g., perfect knowledge, complete information, homogeneous expectations).
While covariances do affect returns, covariances are unlikely the only causal powers that impact
on expected returns in complex capital markets. Indeed, the investment theory offers different
economic mechanisms that involve only characteristics. The “only” bit again reflects a long list of
assumptions (e.g., constant returns to scale). Per scientific pluralism, covariances and character-
istics both matter, each working at different levels (macro vs. micro), while interacting with each
other. Factor models and characteristics-based models are not contradictory but complementary,

each serving different purposes (in-sample style analysis vs. out-of-sample return forecasts).

On the structural vs. reduced form debate, as noted, when we started this project in 2019,
our main idea was to develop the structural investment model as the main tool for out-of-sample
forecasts. However, this idea has failed badly, as the model’s performance leaves much to be de-
sired. We detail the structural framework adapted from Goncalves, Xue, and Zhang (2020) and
its implementation for out-of-sample forecasts in the Internet Appendix S.3. Table S.9 shows the

basic results. The performance in portfolio sorts is fair. The high-minus-low cost of equity decile
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earns on average 0.54%, 0.68%, and 0.34% per month (¢t = 2.3, 3.19, and 1.64) at the 1-, 12-, and

36-month horizons, respectively. Removing microcaps even improves the results somewhat.

However, in cross-sectional predictive regressions, the structural model performs poorly. Al-
though the slopes are all positive and mostly significant from zero, their magnitudes are relatively
small. The null that the slope equals one is strongly rejected across all horizons. For instance, at
the 1-month horizon, the slope is only 0.07, with a standard error of 0.03, and is significant from
one (|t| = 33.09). The largest slope, 0.32, appears at the 36-month horizon, with a standard error
of 0.09, and again reliably differs from one (|t| = 7.2). In addition, while the structural cost of
equity is unbiased at the 12-month horizon, it is biased upward in shorter horizons and downward

in longer horizons. The bias estimates are mostly economically large and statistically significant.

The process worldview helps make sense of the evidence. The structural model assumes time-
invariance for preferences, technologies, and their relations. Its good in-sample fit helps illustrate
its underlying economic mechanisms. However, as noted, the economy is an evolving process, in
which a given empirical phenomenon is a joint manifestation of multiple, often unobservable, causal
powers. Their relative strength also varies across space and time (Wimsatt 2007). The long list of
parametric assumptions in the structural model generalizes poorly and stands in the way of its out-
of-sample performance. In contrast, the g°-characteristics model drops these assumptions, yet still

combines the pricing information contained in the key variables identified in the investment theory.

Finally, the process worldview also informs the interpretability vs. forecastability debate in
Breiman (2001). The data modeling culture assumes that the data are generated by a prespeci-
fied model, whereas the machine learning culture treats the data model as unknown. While data
modeling excels at interpretability at the expense of forecastability, machine learning excels at fore-
castability at the expense of interpretability. In our processual world, a given prespecified model
is unlikely to perform consistently out of sample, as the world itself evolves. In our application,

we view our regression-based ¢°-characteristics model as hitting a Goldilocks zone between inter-

32



pretability and forecastability. The regression model compares well with gradient-boosted trees, yet
retains easy interpretability, as we restrict the predictors with the investment theory. Expanding

the scope is likely to improve on forecastability, but also lose on interpretability.
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A The Lewellen (2015) Specifications

We implement Lewellen’s (2015) three specifications. Lewellen is brief about variable definitions.
This appendix provides the exact measurement of all the variables in our implementation.

LogME, log of market equity Market equity, ME, is price per share (CRSP item PRC) times
shares outstanding (item SHROUT). At the beginning of each month ¢, we measure logME as the
logarithm of market equity at the end of month ¢ — 1.

LogB/M, log of book-to-market At the beginning of each month ¢, book-to-market, B/M, is
the book equity for the latest fiscal year ending at least four months ago divided by the market
equity (from CRSP) at the end of month ¢ — 1. For firms with more than one share class, we
merge the market equity for all share classes before computing B/M. Following Davis, Fama, and
French (2000), we measure book equity as stockholders’ book equity, plus balance sheet deferred
taxes and investment tax credit (Compustat annual item TXDITC) if available, minus the book
value of preferred stock. Stockholders’ equity is the value reported by Compustat (item SEQ), if
it is available. If not, we measure stockholders’ equity as the book value of common equity (item
CEQ) plus the par value of preferred stock (item PSTK), or the book value of assets (item AT)
minus total liabilities (item LT). Depending on availability, we use redemption (item PSTKRV),
liquidating (item PSTKL), or par value (item PSTK) for the book value of preferred stock.

R11, prior 11-month return At the beginning of each month ¢, we skip month ¢ — 1 and
calculate the prior 11-month return from month ¢ — 12 to ¢ — 2.

LogR24, log of 24-month return from ¢ — 36 to ¢t — 13 We calculate the sum of log returns
from month ¢ — 36 to t — 13 as the prior 24-month return at the beginning of month ¢.

Loglssuel2 and Loglssue36, growth in shares outstanding At the beginning of each month
t, we calculate the log growth of split-adjusted shares outstanding from month ¢ — 12 to ¢t — 1 (Lo-
glssuel2) and from month ¢ — 36 to month ¢ — 1 (Loglssue36). Split-adjusted shares outstanding
equal shares outstanding (CRSP item SHROUT) times the adjustment factor (item CFACSHR).

Acc/A, accrual-to-assets Following Sloan (1996), we measure operating accruals, Acc, as
changes in noncash working capital minus depreciation, in which the noncash working capital
is changes in noncash current assets minus changes in current liabilities less short-term debt and
taxes payable: Acc = (dCA—dCASH)—(dCL—dSTD—dTP)—DP, in which dCA is the change in
current assets (item ACT), dCASH is the change in cash or cash equivalents (item CHE), dCL is the
change in current liabilities (item LCT), dSTD is the change in debt included in current liabilities
(item DLC), dTP is the change in income taxes payable (item TXP), and DP is depreciation and
amortization (item DP). Missing changes in income taxes payable are set to zero. At the beginning
of each month ¢, we calculate Acc/A with accruals from the most recent fiscal year ending at least
four months ago divided by the average of total assets (item AT) and one-year-lagged total assets.

ROA, return on assets Return on assets, ROA, is income before extraordinary items (item IB)
for the most recent fiscal year ending at least four months ago divided by the average of total assets
(item AT) and one-year-lagged total assets.
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LogAG, log growth of assets At the beginning of each month #, log asset growth, LogAG, is
the logarithm of total assets (item AT) from the latest fiscal year ending at least four months ago
divided by one-year-lagged total assets.

DY, dividend yield Dividend yield, DY, is the sum of dividends per share (CRSP item
DIVAMT, adjusted for stock splits using CFACSHR) from month ¢ — 12 to ¢ — 1 divided
by price (CRSP item PRC) adjusted for stock splits at the end of month ¢ — 1, i.e.,
[l (DIVAMT,/CFACSHR,)]/[PRC;_i/CFACSHR,_,].

Beta36, market beta Market beta is estimated with weekly returns from month ¢ — 36 to ¢ — 1.
We calculate weekly returns from daily returns during each calendar week (from Friday market close
to next Friday market close) and then estimate the market beta using 156 weekly returns (50 weeks
minimum). The last return comes from the latest week ending before the beginning of month ¢.

StdDev, monthly standard deviation Monthly standard deviation, StdDev, is calculated with
daily returns from month ¢ — 12 to month ¢ — 1, i.e., StdDev; = \/21/(N = 1) X aep-12, t—1] r2, in

which d is the index of trading days from month t—12 to t—1, r4 is the daily return, and IV is the total
number of trading days in the prior 12-month period. We require a minimum of 100 daily returns.

Turnover, average monthly turnover Turnover is the average monthly turnover from month
t — 12 to month ¢t — 1. Monthly turnover is the shares traded during a given month (CRSP item
VOL) divided by total shares outstanding (item SHROUT) at the end of that month. We adjust
volume for Nasdaq stocks per Gao and Ritter (2010).

D /P, debt-to-price At the beginning of each month ¢, debt-to-price, D/P, is the ratio of total
debt (item DLC plus item DLTT) for the latest fiscal year ending at least four months ago divided
by the market equity at the end of month ¢t — 1 from CRSP. For firms with more than one share
class, we merge the market equity for all share classes.

S/P, sales-to-price At the beginning of each month ¢, sales-to-price, S/P, is the ratio of sales
(item SALE) from the latest fiscal year ending at least four months ago divided by the market
equity at the end of month ¢ — 1 from CRSP. For firms with more than one share class, we merge
the market equity for all share classes.

Winsorization In cross-sectional regressions of returns, we winsorize logME, logB/M, Logls-
suel2, Loglssue36, Acc/A, ROA, LogAG, R11, logR24, and Beta36 at the 2.5 and 97.5 percentiles
at their respective cross-sectional distributions each month. We winsorize DY, StdDev, Turnover,
D/P, and S/P at the 0 and 97.5 percentiles because these variables are bounded from below at zero.

B The ¢° Characteristics

The ¢° characteristics include size, investment-to-assets, return on equity, and expected growth.
We follow Hou, Xue, and Zhang (2020) in variable definitions.
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Size, ME Size (market equity, ME) is price per share (CRSP item PRC) times shares outstand-
ing (item SHROUT). At the beginning of each month ¢, ME is measured at the end of month ¢ — 1.
We further take logarithm of ME when using it in cross-sectional regressions.

Investment-to-assets, I/A At the beginning of each month ¢, I/A is total assets (item AT) from
the fiscal year ending at least four months ago divided by one-year-lagged total assets minus one.

Return on equity, ROE Return on equity, ROE, is income before extraordinary items (item
IBQ) divided by one-quarter-lagged book equity. Book equity is shareholders’ equity, plus balance
sheet deferred taxes and investment tax credit (item TXDITCQ) if available, minus the book value
of preferred stock (item PSTKQ). Depending on availability, we use stockholders’ equity (item
SEQQ), or common equity (item CEQQ) plus the book value of preferred stock, or total assets
(item ATQ) minus total liabilities (item LTQ) in that order as shareholders’ equity.

Before 1972, the sample coverage is limited for quarterly book equity in Compustat quarterly
files. We expand the coverage with book equity from Compustat annual files as well as by imputing
quarterly book equity with clean surplus accounting. Whenever available, we first use quarterly
book equity from Compustat quarterly files. We then supplement the coverage for fiscal quarter four
with annual book equity from Compustat annual files. Annual book equity is stockholders’ book
equity, plus balance sheet deferred taxes and investment tax credit (item TXDITC) if available,
minus the book value of preferred stock. Stockholders’ equity is the value reported by Compustat
(item SEQ), if available. If not, stockholders’ equity is the book value of common equity (item
CEQ) plus the par value of preferred stock (item PSTK), or the book value of assets (item AT)
minus total liabilities (item LT). Depending on availability, we use redemption (item PSTKRV),
liquidating (item PSTKL), or par value (item PSTK) for the book value of preferred stock.

If both are unavailable, we apply the clean surplus relation to impute the book equity. First,
if available, we backward impute the beginning-of-quarter book equity as the end-of-quarter book
equity minus quarterly earnings plus quarterly dividends. Quarterly earnings are income before ex-
traordinary items (item IBQ). Quarterly dividends are zero if dividends per share (item DVPSXQ)
are zero. Otherwise, dividends are dividends per share times beginning-of-quarter shares outstand-
ing adjusted for stock splits during the quarter. Shares outstanding are from Compustat (item
CSHOQ supplemented with annual item CSHO for fiscal quarter four) or CRSP (item SHROUT),
and the share adjustment factor is from Compustat (item AJEXQ supplemented with annual item
AJEX for fiscal quarter four) or CRSP (item CFACSHR).

If data are unavailable for the backward imputation, we impute the book equity for quarter
t forward based on book equity from prior quarters. Let BEQ,_;, 1 < j < 4 denote the latest
available quarterly book equity as of quarter ¢, and IBQ;_;,;; and DVQ,_;,,, be the sum of
quarterly earnings and quarterly dividends from quarter ¢t — j+ 1 to ¢, respectively. BEQ, can then
be imputed as BEQ,_; +IBQ;_; 11, — DVQ,_;;1,. We do not use prior book equity from more
than four quarters ago (i.e., 1 < j < 4) to reduce imputation errors.

At the beginning of each month ¢, we use the most recent available ROE. Before 1972, we use the
most recent ROE computed with quarterly earnings from fiscal quarters ending at least four months
ago. Starting from 1972, we use ROE computed with quarterly earnings from the most recent quar-
terly earnings announcements (item RDQ). We require the end of the fiscal quarter corresponding
to its most recent ROE to be within prior six months. To avoid potentially erroneous records, we
also require the earnings announcement date to be after the corresponding fiscal quarter end.

38



Expected growth, EG We estimate monthly cross-sectional forecasting regressions of one-year-
ahead investment-to-assets change, d'I/A, on the log of Tobin’s ¢, log(q), operating cash flows,
Cop, and the change in return on equity, dROE. At the beginning of each month ¢, we measure
current investment-to-assets as total assets (item AT) from the most recent fiscal year ending at
least four months ago minus the total assets from one year prior, scaled by the one-year-prior total
assets. The one-year ahead investment-to-assets change, d'I/A, is the investment-to-assets from
the first year after the most recent fiscal year end minus the current investment-to-assets.

At the beginning of each month ¢, Tobin’s ¢ is the market equity (from CRSP) plus total debt
(item DLTT plus item DLC, zero if missing) scaled by book assets (item AT), all from the most re-
cent fiscal year ending at least four months ago. For firms with multiple share classes, we merge the
market equity for all classes. We measure operating cash flows, Cop, as total revenue (item REVT)
minus cost of goods sold (item COGS), minus selling, general, and administrative expenses (item
XSGA), plus research and development expenditures (item XRD, zero if missing), minus change in
accounts receivable (item RECT), minus change in inventory (item INVT), minus change in prepaid
expenses (item XPP), plus change in deferred revenue (item DRC plus item DRLT), plus change
in trade accounts payable (item AP), and plus change in accrued expenses (item XACC), scaled by
book assets, all from the fiscal year ending at least four months ago. Missing annual changes are set
to zero. dROE is ROE minus the four-quarter-lagged ROE. Missing dROE values are set to zero
in cross-sectional growth forecasting regressions. We follow exactly Hou et al.’s (2021) procedure
in winsorizing all the variables on both sides of the regressions at the 1 and 99 percentiles of their
cross-sectional distributions each month.

At the beginning of each month ¢, we construct expected one-year-ahead investment-to-assets
changes, denoted FE;[d'I/A], by combining the most recent winsorized predictors with the average
slopes estimated from the prior 120-month rolling window (30 months minimum). The most recent
predictors, log(q) and Cop, are from the most recent fiscal year ending at least four months ago as
of month ¢. dROE is computed using the latest announced quarterly earnings, and if not available,
the earnings from the most recent fiscal quarter ending at least four months ago. To avoid look-
ahead bias, the average slopes in calculating E;[d'I/A] are estimated from the prior rolling window
regressions, in which d'I/A is from the most recent fiscal year ending at least four months ago as
of month ¢, and the predictors are further lagged by 12 months.

Winsorization In cross-sectional forecasting regressions of returns, we winsorize the log market
equity, investment-to-assets, return on equity, and expected growth at the 2.5 and 97.5 percentiles
at their respective cross-sectional distributions each month.
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Table 1 : Portfolio Sorts, January 1977—December 2024

In Panel A, at the beginning of month ¢, we split the NYSE, Amex, and NASDAQ stocks on each cost of equity
into deciles and calculate the monthly value-weighted returns for different holding periods, A (in months).
For instance, the 3-month horizon means that for a given decile in each month, there exist 3 subdeciles, each
initiated in a different month in the prior 3 months. We take the simple average of the subdecile returns as
the monthly return for the decile. We align the holding period with the forecast horizon in costs of equity,
e.g., we use the 12-month holding period when forecasting returns with 12-month ahead costs of equity.
We use NYSE-Amex-NASDAQ breakpoints and value-weighted returns. Each decile return is in excess of
the 1-month Treasury bill rate. Beneath each row of average return estimates, we show the corresponding
Newey-West t-statistics. Panel B shows pairwise comparison tests of QCE (the ¢°-characteristics model via
cross-sectional regressions) versus alternative models. For each pairwise comparison, we test whether the
difference between the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE (the g°-characteristics model via cross-sectional regressions)

1 0.15 0.59 0.69 0.88 0.90 0.98 1.10 1.05 1.28 1.77 1.62
0.53 2.81 3.60 4.67 4.54 4.84 4.97 4.41 5.52 6.57 7.29

3 0.19 0.59 0.66 0.82 0.89 0.99 0.92 1.07 1.17 1.56 1.37
0.68 2.75 3.39 4.34 4.49 5.06 4.14 4.95 5.18 6.08 6.46

12 0.45 0.75 0.80 0.88 0.91 0.90 0.95 1.00 1.12 1.26 0.81
1.98 3.92 4.09 4.33 4.43 4.18 4.13 4.11 4.37 4.17 4.01

24 0.51 0.68 0.82 0.83 0.87 0.96 0.99 1.05 117 1.08 0.57
2.41 3.76 4.03 4.08 4.10 4.25 4.21 4.22 4.34 3.45 2.93

36 0.65 0.72 0.75 0.78 0.83 0.82 0.89 0.87 0.92 0.91 0.26
3.11 3.82 3.61 3.72 3.78 3.69 3.76 3.48 3.54 3.11 1.54

60 0.68 0.79 0.77 0.74 0.78 0.83 0.84 0.85 0.88 0.69 0.01
3.28 4.04 3.79 3.36 3.52 3.69 3.58 3.54 3.50 2.50 0.07

QCE-GB (the ¢°-characteristics model via gradient boosting)

1 —0.21 0.34 0.60 0.41 0.66 0.78 0.85 0.98 1.23 1.59 1.79
—0.63 1.28 2.64 2.06 3.34 4.10 4.63 4.83 5.42 5.88 7.02

3 —0.12 0.37 0.47 0.63 0.65 0.78 0.91 1.04 1.20 1.54 1.66
—0.34 1.44 2.09 3.06 3.36 4.07 4.67 5.04 5.17 5.46 6.17

12 0.32 0.49 0.58 0.75 0.74 0.74 0.83 0.97 113 1.20 0.88
1.07 2.01 2.74 3.93 3.88 3.95 4.43 4.83 4.61 3.80 3.89

24 0.43 0.61 0.72 0.65 0.65 0.72 0.77 0.86 0.97 0.98 0.55
1.61 2.75 3.58 3.30 3.34 3.75 3.99 4.15 4.00 3.15 3.03

36 0.58 0.66 0.73 0.73 0.69 0.70 0.72 0.73 0.76 0.78 0.20
2.20 3.05 3.64 3.82 3.65 3.67 3.66 3.51 3.25 2.91 1.16

60 0.71 0.75 0.77 0.80 0.76 0.76 0.79 0.76 0.72 0.66 —0.06
2.74 3.53 3.84 4.09 3.85 3.91 3.93 3.66 3.36 2.66 —0.34
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE (the Lewellen 7-variable model)
1 0.39 0.73 0.88 0.75 0.89 0.96 1.07 1.10 1.23 1.48 1.09
1.64 3.71 4.80 4.12 4.81 4.69 4.31 4.51 4.35 4.12 3.71
3 0.33 0.65 0.76 0.83 0.87 0.98 0.97 1.09 1.12 1.24 0.91
1.41 3.37 4.20 4.66 4.66 4.80 4.36 4.32 3.91 3.61 3.32
12 0.59 0.83 0.80 0.85 0.87 0.85 0.95 0.99 0.96 0.97 0.38
2.52 4.57 4.55 4.61 4.57 4.20 4.27 3.92 3.26 2.78 1.42
24 0.63 0.78 0.80 0.80 0.78 0.85 0.91 0.95 1.00 1.04 0.41
2.66 4.31 4.57 4.40 4.12 4.19 4.14 3.86 3.57 3.24 1.64
36 0.64 0.80 0.80 0.79 0.82 0.80 0.84 0.86 0.93 0.95 0.31
2.67 4.30 4.47 4.19 4.21 3.96 3.87 3.70 3.61 3.32 1.31
60 0.73 0.86 0.86 0.84 0.77 0.76 0.77 0.75 0.79 0.79 0.06
3.10 4.37 4.60 4.40 3.99 3.79 3.65 3.29 3.16 2.91 0.28
ICE (the accounting-based implied cost of equity)
1 0.79 0.58 0.68 0.72 0.70 0.69 0.77 0.75 0.83 0.75 —0.03
2.98 2.90 3.76 4.05 4.01 3.92 3.89 3.28 2.87 1.65 —0.08
3 0.80 0.63 0.64 0.70 0.70 0.68 0.75 0.74 0.89 0.64 —0.16
3.07 3.11 3.53 3.99 4.10 3.77 4.01 3.24 3.26 1.50 —0.43
12 0.75 0.63 0.72 0.70 0.76 0.76 0.73 0.75 0.95 0.78 0.03
2.90 3.24 3.98 4.03 4.56 4.44 3.98 3.50 3.77 2.06 0.10
24 0.73 0.67 0.76 0.73 0.77 0.78 0.78 0.79 0.95 0.76 0.04
2.87 3.50 4.20 4.31 4.67 4.69 4.44 3.95 4.01 2.27 0.13
36 0.75 0.70 0.76 0.74 0.76 0.77 0.78 0.77 0.94 0.70 —0.05
2.98 3.64 4.23 4.37 4.64 4.66 4.56 4.02 4.17 2.25 —0.18
60 0.79 0.73 0.77 0.75 0.75 0.75 0.74 0.75 0.85 0.71 —0.09
3.21 3.80 4.32 4.44 4.54 4.48 4.40 4.16 4.04 2.46 —0.39
Q5F (the ¢°-factor model)
1 0.71 0.76 0.66 0.64 0.65 0.66 0.81 0.76 0.89 0.84 0.13
2.24 2.89 3.03 3.31 3.88 3.75 4.31 3.77 4.09 2.93 0.57
3 0.67 0.84 0.62 0.68 0.64 0.71 0.78 0.78 0.85 0.86 0.19
2.11 3.14 2.85 3.58 3.75 4.16 4.25 3.96 3.89 2.99 0.83
12 0.67 0.75 0.61 0.66 0.64 0.69 0.76 0.83 0.90 0.99 0.32
2.14 2.94 2.90 3.67 3.78 4.16 4.25 4.35 4.09 3.54 1.57
24 0.70 0.71 0.58 0.65 0.66 0.66 0.76 0.81 0.93 1.08 0.38
2.28 2.95 2.90 3.66 3.96 3.99 4.36 4.29 4.17 3.85 1.95
36 0.76 0.67 0.58 0.64 0.67 0.68 0.75 0.79 0.95 1.08 0.32
2.59 2.86 2.97 3.71 4.12 4.11 4.37 4.22 4.21 3.82 1.72
60 0.85 0.67 0.61 0.65 0.68 0.68 0.72 0.77 0.94 1.03 0.18
3.02 2.95 3.21 3.80 4.25 4.16 4.26 4.14 4.04 3.64 1.08
Panel B: Pairwise comparison tests with QCE
h Diff t h Diff t
QCE-GB 1 —0.17 —0.74 24 0.02 0.11
LCE 1 0.53 1.90 24 0.16 0.86
ICE 1 1.65 3.53 24 0.54 2.06
Q5F 1 1.49 5.44 24 0.19 0.70
QCE-GB 3 —0.29 —1.50 36 0.06 0.31
LCE 3 0.46 1.66 36 —0.05 —0.25
ICE 3 1.53 3.57 36 0.31 1.14
Q5F 3 1.18 4.65 36 —0.06 —0.23
QCE-GB 12 -0.07 —0.34 60 0.07 0.36
LCE 12 0.43 2.18 60 —0.05 —0.27
ICE 12 0.78 2.62 60 0.10 0.43
Q5F 12 0.49 1.76 60 -0.17 -0.73
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Table 2 : Portfolio Sorts, the All-but-micro Sample, January 1977-December 2024

Starting from the full sample, we exclude microcaps (stocks with market equity below the NYSE 20
percentile) from each cross section. In Panel A, at the beginning of month ¢, we split all stocks on each
cost of equity into deciles and calculate the monthly value-weighted returns for different holding periods, h
(in months). For instance, the 3-month horizon means that for a given decile in each month, there exist
3 subdeciles, each initiated in a different month in the prior 3 months. We take the simple average of the
subdecile returns as the monthly return for the decile. We align the holding period with the forecast horizon
in costs of equity, e.g., we use the 12-month holding period when forecasting returns with 12-month ahead
costs of equity. We use all-but-micro breakpoints and value-weighted returns. Each decile return is in excess
of the 1-month Treasury bill rate. Beneath each row of average return estimates, we show the corresponding
Newey-West t-statistics. Panel B shows pairwise comparison tests of QCE (the ¢°-characteristics model via
cross-sectional regressions) versus alternative models. For each pairwise comparison, we test whether the
difference between the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE (the ¢°-characteristics model via cross-sectional regressions)
1 0.18 0.55 0.57 0.61 0.86 0.75 0.91 1.07 0.94 1.29 1.11
0.68 2.59 2.55 3.12 4.61 3.79 4.45 5.30 4.62 5.74 5.64
3 0.27 0.49 0.67 0.60 0.75 0.78 0.83 0.96 1.00 1.15 0.88
1.02 2.34 3.08 3.02 4.01 4.17 4.37 4.92 4.72 5.19 4.56
12 0.33 0.63 0.63 0.73 0.71 0.75 0.83 0.82 0.89 0.98 0.65
1.24 2.93 3.04 3.81 3.77 3.87 4.44 4.41 4.46 4.29 3.70
24 0.44 0.58 0.63 0.69 0.72 0.72 0.79 0.77 0.82 0.91 0.47
1.82 2.65 3.12 3.56 3.74 3.68 4.11 4.16 4.24 3.93 3.08
36 0.62 0.70 0.73 0.63 0.69 0.73 0.74 0.73 0.77 0.81 0.19
2.53 3.42 3.81 3.37 3.71 3.89 3.97 3.84 3.99 3.50 1.25
60 0.75 0.78 0.77 0.76 0.75 0.75 0.71 0.73 0.73 0.80 0.05
3.06 3.82 3.82 3.87 4.02 4.04 3.78 3.83 3.71 3.50 0.35
QCE-GB (the ¢°-characteristics model via gradient boosting)
1 0.05 0.32 0.48 0.69 0.70 0.62 0.92 1.02 1.08 1.18 1.13
0.18 1.44 2.25 3.39 3.84 3.28 4.88 5.08 5.11 4.91 6.22
3 0.18 0.25 0.57 0.63 0.71 0.81 0.87 0.96 1.02 1.19 1.01
0.64 1.07 2.80 3.43 3.78 4.24 4.49 4.87 4.87 4.99 5.80
12 0.46 0.55 0.60 0.65 0.73 0.70 0.74 0.80 0.93 1.05 0.59
1.72 2.38 2.96 3.49 3.87 3.70 3.90 4.18 4.79 4.56 3.48
24 0.55 0.70 0.70 0.72 0.73 0.72 0.75 0.76 0.85 0.96 0.41
2.26 3.31 3.57 3.93 4.00 3.95 3.86 3.92 4.17 4.28 2.59
36 0.67 0.70 0.75 0.73 0.70 0.73 0.70 0.75 0.77 0.83 0.16
2.75 3.32 3.76 3.96 3.83 4.00 3.81 4.02 3.92 3.77 1.08
60 0.75 0.77 0.78 0.82 0.77 0.77 0.73 0.71 0.72 0.76 0.01
3.13 3.70 3.99 4.38 4.18 4.17 3.96 3.80 3.69 3.58 0.09
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE (the Lewellen 7-variable model)
1 0.30 0.44 0.56 0.69 0.71 0.81 0.85 0.89 1.03 1.17 0.87
1.24 2.17 291 3.64 3.80 4.37 4.45 4.37 4.67 4.11 3.67
3 0.27 0.47 0.62 0.58 0.75 0.79 0.85 0.87 1.02 1.06 0.78
1.18 2.41 3.44 3.17 4.15 4.22 4.63 4.49 4.50 3.80 3.58
12 0.47 0.57 0.67 0.74 0.77 0.78 0.76 0.79 0.80 0.90 0.43
2.14 3.00 3.79 4.20 4.42 4.42 4.19 4.22 3.72 3.47 2.34
24 0.59 0.64 0.71 0.68 0.74 0.78 0.76 0.77 0.79 0.82 0.23
2.68 3.43 3.95 3.98 4.23 4.36 4.30 4.07 4.08 3.48 1.45
36 0.64 0.68 0.69 0.74 0.74 0.73 0.75 0.76 0.80 0.81 0.17
2.84 3.50 3.79 4.19 4.23 4.19 4.27 4.20 4.27 3.70 1.17
60 0.68 0.75 0.77 0.77 0.74 0.77 0.79 0.78 0.72 0.68 0.00
2.95 3.96 4.19 4.23 4.17 4.43 4.52 4.39 4.06 3.27 0.00
ICE (the accounting-based implied cost of equity)
1 0.84 0.61 0.55 0.62 0.77 0.71 0.64 0.76 0.77 0.84 0.01
3.12 3.02 2.89 3.31 4.34 3.85 3.52 4.15 4.12 3.59 0.03
3 0.87 0.59 0.62 0.64 0.70 0.70 0.69 0.75 0.67 0.85 —0.02
3.27 2.83 3.26 3.46 4.04 3.91 3.90 4.11 3.76 3.73 —0.08
12 0.83 0.60 0.63 0.70 0.70 0.75 0.77 0.75 0.66 0.80 —0.03
3.18 2.98 3.40 3.90 4.00 4.40 4.53 4.30 3.68 3.86 —0.12
24 0.78 0.61 0.68 0.75 0.74 0.78 0.79 0.77 0.70 0.78 —0.01
3.07 3.01 3.77 4.22 4.27 4.62 4.64 4.49 4.03 3.97 —0.03
36 0.77 0.64 0.70 0.74 0.76 0.78 0.77 0.76 0.71 0.70 —0.07
3.08 3.18 3.88 4.20 4.41 4.63 4.52 4.48 4.22 3.73 —0.33
60 0.81 0.65 0.72 0.74 0.77 0.77 0.78 0.75 0.66 0.67 —-0.14
3.30 3.31 3.97 4.19 4.45 4.57 4.56 4.39 4.04 3.75 —0.69
Q5F (the ¢°-factor model)
1 0.71 0.72 0.65 0.59 0.74 0.68 0.79 0.74 0.85 0.96 0.25
2.51 3.29 3.23 3.31 4.53 3.99 4.46 3.77 4.20 3.72 1.21
3 0.74 0.66 0.65 0.65 0.75 0.68 0.76 0.77 0.82 0.96 0.22
2.58 3.10 3.35 3.73 4.62 4.01 4.48 4.02 3.99 3.67 1.09
12 0.71 0.63 0.67 0.63 0.68 0.67 0.76 0.81 0.80 1.04 0.33
2.59 291 3.54 3.74 4.17 4.09 4.52 4.45 3.97 4.13 1.84
24 0.68 0.59 0.64 0.63 0.67 0.65 0.75 0.80 0.84 1.11 0.43
2.57 2.85 3.47 3.78 4.18 4.02 4.51 4.47 4.14 4.33 2.49
36 0.68 0.59 0.64 0.64 0.68 0.67 0.76 0.76 0.87 1.09 0.40
2.64 2.89 3.58 3.91 4.30 4.12 4.58 4.28 4.30 4.20 2.54
60 0.74 0.62 0.65 0.65 0.70 0.69 0.74 0.70 0.87 1.06 0.31
2.98 3.12 3.73 4.06 4.43 4.33 4.49 3.96 4.29 4.01 2.11
Panel B: Pairwise comparison tests with QCE
h Diff t h Diff t
QCE-GB 1 —0.02 —0.18 24 0.06 0.58
LCE 1 0.24 0.86 24 0.23 1.53
ICE 1 1.10 3.33 24 0.47 1.64
Q5F 1 0.85 3.44 24 0.04 0.18
QCE-GB 3 —-0.13 —-1.09 36 0.03 0.39
LCE 3 0.10 0.38 36 0.02 0.14
ICE 3 0.90 2.72 36 0.25 0.91
Q5F 3 0.66 2.92 36 —-0.22 —-1.01
QCE-GB 12 0.05 0.44 60 0.04 0.53
LCE 12 0.22 0.98 60 0.05 0.43
ICE 12 0.67 2.22 60 0.19 0.73
Q5F 12 0.32 1.45 60 —-0.27 —1.32

43



8¢ 1€°98 cee €50 09 6.0 4! ST'9 080 (€ 0sy— ¢60— 999 080 € (o)
10°0 G0'0 06°T ¥¢0 09 LT'T— 8V'1I—  ¥LC €€0 ve 9¢°0 90°0 al'e 70 € dOI
€r'lT—  ¢91—  6V0— 00— 09 66'T— E€T'T—  OT'T 010 (€ 60°0 10°0 0€°0 €0°0 € HO'1
ve'8 1T°€ ¥¢'0 €00 09 198 621 L0c— €T0— ¥¢C ¥0'8 12°0 oy'e—  L20— €  dDHEdD
€0V 6T 7T 997 09°0 9¢ G8¢c— ¢ECe— VTV €9°0 al LS8Y— T€0— 884 18°0 1 S0
0y'0— ¥0T—  LV'C €20 9¢ 10T—  090— 8.0 €10 4\ 69°0 ¥0°0 18T 0¥°'0 1 dOI
10T—  96°0—  LT0 c00 9¢ €80— oV0— ¢eL0—  L00— CI 910 10°0 LT°0 00 1 CIoM!
69°L 181 9T'T— 800—  9€ 16'8 L9°0 89'T— 9T0— @I S 60°0 ¢e'¢— 00— 1 an-and
9 |a 1 ‘Ha Y 4 |a 1 ‘Ha Y 4 |a 1 ‘Ha Y
OO YIM $31599 uostredwiod asImIreJ g [oUR]
¢¢’S  LTYT  LyVL— LL€0T 000 000 09 9¢'0 L&Y ¥¢C 0099 100 T00 7¥¢ 88T 080 6%Vl T1I¥rve €00 000 € S0
¢LT 989  08'1T 8T'¢cT 900 620 09 6V'T L9¢ 9¥'¢ 06 600 670 ¥¢C 99'0 840 ¢80 ¢g€¥ ST0 €€0 € HOI
€E'T LTOT LV'ET €€C 8T°0 LS50 09 €T ¥I'vy IT'¢ G0c¢ ¥I'0 ¢LO V¢ €40 LLO 990 €8T ¢I'0 LL0 € dO'T
G8°'0 TE€O0T TL8 0L€ €0 190 09 €90 ¥¢¥ 69¢ 1¥o ¥I'0 ¥60 ¥¢ 97’0 6L0 9¢0 ¢SS0 FIO LOT € dD-HADD
9T'T 61°0T G8'IT 6'C 91’0 %50 09 G6'0 LTV 86'¢ LVT €10 180 7¥¢ €L°0 8L0 LS80 P¢T €T0 180 € ciele)
9¢'T 0¢9 ¥6'L— TI1°06 100 T00 9€ ¢S'T vOeE €9% gGeeyr ¢o0 000 < 66'T 920 ¢C90 8¢9 €00 100 T (o)
29T LEV  6TL 0T'6 400 8€0 9¢ ¥O'T 08¢ 16'¢c 08¢ €I'0 190 oI 990 920 LT0 ¢<v'e LTO ¢v0 T dOI
¥e'1T T8¢ 1L 16°¢ 91’0 090 9¢ €6'0 €6'c €LC T0C ST0 0L0 eI 180 G20 020 92T IT0 180 T HO'1
vL0 L6'S VTV 9C'C ¥1'0 690 9€ g¢'0 66Cc ¥9T 8T 910 080 <cI y0 920 TI'0 1S9% 600 €T T dD-HDD
0T ¥8¢ 9T9 oT'e €T0 190 9€ 8L'0 96'¢c 1¢€¢C 1¢¢ SIT'0 €90 ¢l 180 9¢0 T1¢0 €9T TII'0 ¢80 T ciele}
0=97 99s  selq [1=57] soys s Y 0=97 9998 serq |I1=%)| So1s s Y 0=97 999s serq |I1=%)| So1s s y

SuOISSaI18a1 9AIIOIPaId [BUOI}ISS-SSOI) Y [ouRd

"SOTI[RA-] SOA\ -AOMON T[IIM S750) SOLIOS OUII) OSTL DA\ '0I9Z dFeIoAR UO SI (L) 9OUSIOPIP SeIq oY) JI 950) om ‘A[ojeredog 010z
o8eraae uo st (SPI) @ouaIapIp odos oY) Iotjeym 1599 om ‘uosiredurod astmired [oRd 104 ‘S[@POW 9AIYRUIS) R 1]} Isurede ) JO 1509 uostreduIod
ostmared smoys ¢ [pued (Ppowr 1030e)-.b oy3) Gt pue {(£3mbo jo 3500 pordur peseq-gurunoode oy}) O {([opOowW O[qRLIRA-) US[[OMOT OYY)
AT (Sur3sooq JusIprIs BIA [9POUL SOIISHIDIORIRYD-.D oU3) gO-HDY) ‘(SUOISSOIZoL [BUOI}I0S-SSOID BIA [9POUL SOIISLIDIORIRYD-.b o)) DT Surpnpout
‘soanseawt A3mMba JO 1500 AT} QUITIRXD 9A\ "0I19Z s[enbae seiq oy} s1s03 Jel) anfea-1 o} ,0=97 puR ‘SIOLID PIRPUR)S JSOAN-AOMON] SOLIOS-oWI) ST 9098,
‘(9 1) 7 Yyuowr Jo Suruursaq ot} e A3Mba Jo $1500 PSR YHUOW-Y SNUTW SUINYSI [IUOUI-y JUINDISNS JO URSU [RUOI)I9S-SS0ID 93rIdAR oY) ST  SRI],

‘ouo sTenbo odo[s o1} $159) YR} oNfeA-7 9n[osqe oY) |T=57|,, pue ‘SI0LI PIRPUR]S JSOA\-AOMON] SOLIOS-OUII) SIT SMOT[S 5038, ‘odo[s oeloar o) SI &

3 (S}

7 qyuow Jo SuruurSeq oY) e A3mba Jo 1500 pesyr YIUOW-Y USAIS © UO SUINISI YIUOW-Yy Juanbasqns Jo SUOISSIISAI [RUOIYI9S-SSOId SMOYS Y [oUR]

20T 1oqUIdd([—LLET ATenue ‘SUOISSAISOY 9AIIPaLJ [EUOI}IAS-SSOI)) : € d[qe],

44



9L ST'Th 6£0 S00 09 61T 671 €Le 7E0 i 88'¢—  ¢G0—  €I¢ 790 ¢ icte)
60¢— TI'SI— FI'0 200 09 06—  099— FP1 820 ¢ 6L6—  G80—  L8T 290 s cre)|
8L°0 60'T 800 100 09 6£°0 12°0 eT'l 8T°0 ¢ 60°0 10°0 z80 L1°0 s crolsl
090 62°0 990 00 09 A 190 v20— 00— T 89°¢ 80°0 80— 0T0— ¢ gO-adNd
08¢ L8 ¥eT  LT0  9€ 69T—  L60—  8€7T €70 41 eev—  000—  6LT zL0 I ()
98'¢—  9V6— 680 SI'0  9¢ 6gc— gre—  9¢1 8€°0 4 066— 80— 99T 65°0 I cre)|
86°0 ¥2.°0 870  S00  9€ ero— 00— T 61°0 a1 00— 000 0.0 8T°0 I a0
18°C 19°0 oo 000  9¢ 00'% 8Z°0 IrT—  o1ro— el ica 700 €20— F00— 1T gOHEDD
7 g 5 ‘Ba v 9 Pq 1 ‘Bra ] 7 mq 5 ‘Jia Yy
OO YNMm s1591 uostredwoo osImiIred g pued
8F'¢ €8'8 TL0E— 16'8¢T 100 00 09 9¢'0 9¢'¢ T1TT 906V TO0 L00 VT 99T 650 860 T190¢ €00 €00 € A0
I8C 60°G 86T  GE'8 IT0 S00 09 9z'¢ T8¢ 616 I.LG SI'0 CI0 ¥¢ 81'Z 850 LTT 6LE ST0 ¥00 € cre)l
0T 61'S 9901  ¥9L  TI'0 900 09 9.0 L€ 6VC 687 910 €30 V¢ 0.0 650 TF0 2% TI'0 6F0 € croll
€T 89’8 9F'IT 689  ST0 TO0 09 090 0F'¢ ¢og S8IF FI0 Th0 7% €e'0 790 FEO0 SPT 910 9.0 € dgOHEdd
eT 848 GLIT 6TL €10 L00 09 6.0 6£€ 69C OIS ¢I'0 I¥0 ¥¢ 690 290 €70 L9T 1Z0 990 € creYe}
T80 09F 8LE€— 0€99 100 900 9F 60T FTT ¥E£T 66TF TO0 GO0 I 69T 020 70 ¥88C €00 €00 T A0
9FF €T€ 6€FT  I¢L €10 L00 9¢ 0£z 10T TO¥ OFF 020 OT0 ¢TI 80z 00 TH0 9T'€ LZ0 STO0 T cio)!
¢6'0 €7 61F 19)) IT0 ST0 9¢ €90 LI'Z TFT ¢,V ST'0 620 €I 10 020 %10 L8¢ IT0 950 I q01
60 L9F TET €09  ¢I'0 TC0 9¢ 670 92T 60T 88T 9T0 850 TI 670 120 010 6FT FI0 640 T g95UDD
0T 89F €67F €g’L 010 TT0 9¢ 190 72 L&T €6C 8T'0 8v0 &I 990 120 FI'0 460 920 TL0 T cree}
0=97 d9gs  seiq [1="7] o1 s Y 0=97 9938 selq [1=% o s Y 0=97 9938 serq |[1=% Soys s Y

SuOISSa1301 9AI10TPaId [RUOI109S-SSOI)) Y [oUR]

‘SoN[RA-] 1SOA ~AOMON TIIM S750) SOLIOS OUII) OSTL DA\ '0I9Z dFeIdAR UO ST (1PI(J) 9OULISPIP Selq oY) JI 150}
om ‘Ajpjeredog -oloz o8eraae Uo ST (SHI() 9OUIDHIP odO[s o) IoTjoyMm 1s0) om ‘uostredmod astmired Des I0,] S[PPOUL dAIJRULIN[® JT)} jsureSe O
Jo $3803 uostreduioo osimared smoys ¢ [Pue ‘([opour 1030e)-.b oU3) 60 pue (£3mbo jo 4800 pordur peseq-Surunodde ayy) fOI {([PPOW d[qerrea-,,
UD[[OMI 03) HD'T *(SUIISO0( JUSIPRIS BIA [DPOWL SONSLIOPRIRYD- D 9Y3}) TH-HDD) *(SUOISSOITOT [RUOIFIVS-SSOI) BIA [9POWL SO1SLIOYIRIRYD- D 0Y3) HDD
Surpnour ‘seinseaul £3Mbd JO 9S00 DAL SUIWIRXD A\ 0I9Z s[enba seiq oy} 359} Jey) anjes-1 oy} 0=97,, pue ‘SI0OLId PIEPURIS JSOA\-AOMON SOLIOS-OUII}
sy 9098, ‘(9 Ul) 7 ypuow Jo Suruurdoq oY) e £3mbo Jo $3500 proYR YIUOW-Y SUTW SWINSI YIUOW-Y JUenbasqns Jo UrROUI [RUOIJINS-SSOID d8RIoAR OT[)

St seiq,, ‘ouo syenba odo[s o1} $3S9% ey} onyea-7 dIN[osqe T=* Ue ‘SIOII0 PIBPURIS 1SOAN\-AOMON] SOLIOS-OWIT} S3T SMOys | 593s,, ‘odo[s oSeraar
L S®lq,, 1 [S 973 S31s93 Jel} onfea-1 ognjosqe ouy |1, P pIepue)s 1S9\ N oI 0 sy S 7938, [

4

oty SI S, "7 yauow Jo Suruurdaq o1} e £9mbe Jo 1500 peste [IUOUI-y USALS © UO STINIAI IUOW-Y JUenbasqns Jo SUOIssaI3al [RUOIIVS-SSOId SMOYS
V [oueJ "UOI108s SSOID oee wolj (a[iyuediad (g HSAN oY) mo[eq A3mba joxrewr iim sy003s) sdeoolorn apnfoxe am ‘erdures [[nj o) Wolj Surjre)g

207 I9quueda(—LL6T Arenuep ‘ojdureg oJoruI-jng-[[y oY} ‘SUOISS2I39}] 9AI}IIPaIJ [BUOI}I9S-SSOI)) : F S[(eL

45



LUV ELVELI—  GTTC— 000SI— 09  66'T1— P9le—  19FE— TG  ¥E €G- 991€0— OFE€C— 29I 0— € EE)
0re— 9.8~  GOF—  ILTE— 09 I60—  601€T— T9€T  GP80L  FE  FEI—  FRRO0— €PST 6€9T0 € o)l
890 VI6CT  99°€  OFELE 09 L6T  P69S0 9601 6989l FC  L00—  90000— 8LO0—  GE000— € cioy|
€T PPOST  9z€—  0T8T— 09 99T PESKO  SFT 6980 ¥E 8T 081000 0Tl 8IFO0 € ED-EDD
a8~ 0€TCI—  68FE— TLE6—  9¢  PEEI— IP99G—  6GTE—  T€EYT— I €€9T—  GPE00— FFST—  61200— T asd
€81~ L66C8—  I80L 80Tl 9¢  GZ0—  I9ET0— G991  8€S¥T &l 01—  8K000— 6681 68100 I cio)|
81z 69PCT 098 10PST 98 LEO  gETO0  €9'G  €epe0 &l 6V0 90000  L&T L1000 T cioy|
68T €999°0  L60—  9ELT0—  9¢  FLT L8O 09F  0€6g0 & TP 8€000  LITT 6000 T gD-ADD
X0 opa sS4 aBa X01 wdd sS4 sy X01 i sS4 aBa v
O yum s3s0) uostreduwion asimireJ ¢ [oued

GLOGT—  PROELT  PLGELT  TLLL'G—  VO96VT  TSTOST 09 8EV0'0—  80TF'G  9POF'G  TOSL0—  F9SYE  FILET  al 490
LLTG SOTPL  8C68  LOGOT  00GET  €66C 09 L9ST'T  TT60'T  PPI00—  OPEE’E  €60L°0 9VE9T— Tl cio)|
8GEl I6€1  TELE0  TL6I 0811 2226~ 09 92180 86840 8ZZT0— 8IESOD  8GLFO  099€°0— &I cioy!
G069 LPILO  S68T'0— 8801 7898°9 98007~ 09 VOVL0  T29E0  €P8E0—  TOLL0  €9EE°0  6EEVO— Tl gD-EDD
1108 L6296 OVIOT 8Ll 9916'L  9098°'G— 09 062L0  PEES0  9661°0— 9GS90  9PGFO  600E0— &I and
8L66C  VO'GCL  VOTEl  088V0  69°€6  0Z€6 9 22000~  FO6T0 LT6Z0  99F00— T98T'0  LIECO € A90
0901 V8T L6'L 0492 VOV 99TT— 9 €960°0  89G0°0  G0TO0  GLBTO  LS€0°0  STIT0— € cio)l
LT 61997  TTIST— 628G 6998°€  OLILE—  O€ 9000 €LV0'0  €€50°0—  8YO00  6TFO0  I8E00 € cioy!
PL20E  6901C  G0T60—  8FIEE  LSPIT  T69TT— 9 9600  LLE00  6IFO0—  LZG00  S9L0°0  ZII00— €  ED-ADD
€8TF'E  0€9T'€  €99T0— OLLG'E  €PE9T  LTVET—  OF 11800 TLG00  6€20°0— 96200 TIPSO 90600 € and
G0ZL°0  €LTE  T0TE  86ETI—  96'IC  0G€T  ¥E P000'0  LIE00 TIE00  GE00°0—  TOZO0  LETOD I 490
9OZ6F  T609°S 92890  ISGPEL  1GL8'E 63898  ¥C PP000 690000  GT000  L€800  8E000  86T00— T cio)|
orge'e  OVST'T  9L6T'T—  PIEGT  TG89T  TONTE—  TT 0010°0 9000  8€00°0—  6€00°0  TS000 EIOO0D T cioy!
PELI'T  SI60'T  9IR0'T—  €61T'€ 19660  1€68T—  ¥T €210°0 20000 12000— TITO0  6F00C0  €9000— I ED-ADD
€992T  I8TYT  T8T90—  I6ET'E  SI0ET  ELEST—  TT ZI00 60000 €000~  €P000  TLOOO 62000 T and
¥oA0D woTeA OBAS 180D o1 BA o TBAS ] ¥oA0D xoTA  (JTBAS 140D siT®A  TBAS Y

SOOURLIBA JOLID JUIWRINSBOIN Y [oUued

"oN[eA-] 1S9 -AOMAN] SIT XD pue ‘[eIfUSIOIP AFN UOT)I9S-SSOID oY} ST JI(] "ON[eA-] PajSnpe-£101)SepPadsora)ar o ST

SL7 pue ‘TRIULIPIP AHIN SOLISS auil) oY) SI s Ja IO Yim s3s03 uostreduioo osmmared smoys ¢ [pued C([opout 1030e3-.b oY) J¢t) pue {(£3mbo
o 3800 pordwl paseq-Surpunosoe oy3) HOI ([PPOW S[RLIBA-), US[[MOT] 0U3) HDT ‘(SUIIs00q JusIpris BIA [9POW SOIISLINORIRYD-.D oU}) gOH-HDD)
{(SUOISSOI301 [RUOIDOS-SS0I0 BIA [9POWL SOISLIOJIRIRYD-D 9Y3) IO SUIPN[OUL ‘soanseout 43mbo Jo 4800 A SUIUIEXD 9\ “JUOUOdUWOD SOURLIBAOD O}

v mop "X ((y — .1)/1) = xoA0D pue ‘quatoduiod adURLIRA AY ST Aw,&

A£+mf Hy
A\ ~

SUOI}O0S-S8010 JO IoqUINU oY} ST Y — [, YOIyM Ul

;ﬁw.& JO AN UOI}09S-SSOID oY) ST AA

v trep ((y — JL)/1) = o BA TMopuIM aA1)oIpald o) ul

Y+, nm&v taoDg — @&v ﬁﬁ\/v Ly = 0)/1) = xoTAS

‘JuauoduIod 9OURLIBAOD O} Aaii nmc@v wop X(N/T) = g A0D pue ‘qusuodmod sdueLIRA ) Amc@v ep TX(N/T) = s TeA LT(@ ‘Axoxd winjox

Pooadxo UoAl3 ® Jo (AHIN) 9OURLIRA IOLI® JUSTUSINSBOUL SOLIOS oW} oY) SI AA

Y492y <Ay

1) taopg — (o) twen) TN/ =

¥20% 1oquadd(—LL6T Arenuer ‘(QQT SOWIL],) S9OURLIRA JOLIY JUSUWIDINSEIIA : G S[QRL

IRAGQ ‘Y [Pued Ul

46



G88— 6V ¥ce— 80LC— 0§69C— 09 08°¢cl— ¢6¢cl— 0V9c— 0OF80°6— ¥¢ Sryl— 09¥1°0— LELT— €601T°0— € A0
71 0€0L°€ €L°CC €9°0¢ 09 ¥€'0—  0€L00— €L7C L60€°C (€ g9'T—  OTT0'0— 9891 ¢c670°0 € HOI
¥l 0T¥7'a 819 EVIL'E 09 I¢°'T—  08I¢0— 9¢€—  0.L5C0— 7¢ 80'T—  00T0'0— 998—  8CO0— € HO'T
98'C 0T0S'€ VL'L 9687°'€ 09 91'0—  00T00— ¢C9T—  6EV00— ¥¢C 600 0000°0 90—  60000— € dD-HDD
LLTI—  €9¢h—  19°LC— PL0E—  9€ €L€T— 0LcS'c— 80'Tc— 8898'T— <CI 8C¥I— 0910°0— TS'GT— 6T100— T 450
670 0L¢2°0 €792 G860°9 9¢ ¥6'0—  0€90°0— 96'7¢ 800L°0 al ¢9'T—  0T000— <091 6500°0 ! HOI
99°0 05020 QLT 966¢°0 9¢ ¥81—  019T0— ¢cecl— 6€€70— <CI €8°0—  0T000— €S9L— 6£000— T HO'T
8T'C 097€°0 a9y L8LE°0 9¢ ¢9'0—  0S10°0— gg9'¢—  0Cv0'0— <I ¥¢'0 000070 020 000070 I gD-d00d
X01 xoBld SLg st d Y X01 xoBtd SLg 18 Y X01 xoB'd 517 st d Y
A YIM s1803 uostredwod asImIreJ g [oued
6€80°8 9€'6€€  8T'TEE 6€°0T ¥.'99¢  G€'99C 09 L02g’0  CI9TLC  G96V'C 8IST'0—  TLER'T  6810°C ¢l 450
1vee'e 0€cr'9  8880°€ €086°¢T Gcve v LLEL6— 09 ¥9L0°0  I80T'0  LT€0°0 6€94°0 8¢L0°0  TI8¥0— ¢CI HOI
7899°0 ¢610°¢  80GET ¢690'T—  G80T'9  8LLT'L 09 68900 L8610  86CT°0 6LLE°0— 0TLE’0 66790 cl HO'T
T1€EV0°0—  G8¥C'€  916T¢ Lye9'T—  80€6'F 99899 09 LGET'0  88IT'0  6910°0—  ¥#0CT'0—  QOET'0  909C°0 gr do-ddd
€09¢°0—  8IES'9  T26L9 €cce’ T—  L8¥L'8  LO0T 09 8¢0¢’0  TILT'0O  LT€0'0—  00S0°0—  98GT°0 98020 cl crele}
967¥7°€ €6°9¥ V'€V 686G°T 68°€¢ 6¢'CE 9¢ 98000  TSYT'0  99€T°0 T€C0°0— 99600  L6IT0 € 450
6008°0 8687'T 68890 LETOV 81660 61¢c0'€—  9¢ ¢v00'0 8¢00°0  9T00°0 18€0°0 6€00°0  ¢¥€0'0— € HOI
L759°0 L86€'T  0TPL0 EI6T'T—  CISS'T  GTLLC 9¢ 0T¢0’'0  €2c0°0  €T00°0 1800°0—  LEEO'0  61I¥0°0 € HO'T
L062°0 L0680 00090 L9L8°T—  909¢'T  €LESC 9¢ 1200 62100 ¢600°0—  L¥00'0—  6CT0°0  9L10°0 € an-d400
11850 6997'T  89¥6°0 LETC'T—  T669'T  OE€T6°C 9¢ 68¢0°'0  6610°0  6800°0— 90000 €L10°0  L9T0°0 € crele)
PeeEv'l il T10°€T 8909°0 €986'6  G6LE6 ve 60000 LST0°'0  8¥T0°0 6200°0— #0100  €€T0°0 1 (0]
0L9€°0 92€g'0  999T°0 CIS6'T 88GE'0  TC6ST— VT 90000 90000 00000 €700°0 ¥000°0  6€00°0— T HOI
9€62°0 7090  S0T€0 0TOE'0—  ¥L0L0  ¥800°T (€ 1€00°0  6¢00°0  ¢000'0—  8000°0—  €¥00°0  TS00°0 ! HO'T
G98¢°0 ¥68€°0 62010 6S7¢’0—  LT97'0  9L0L°0 ve 0€00°'0  9T00°0  €T00°'0—  S000°0— 91000  TTOO0 1 ao-add
€067°0 8¢89'0 G600 G00T'0—  €€99°0  L€99°0 (€ 0¥00'0 L2000  ¢T00'0—  T0000 €000  ¢g00°0 1 ciele)
fNv'e! xoT®A  (JTBAS 40D siTBA  TBAS ] x0MD  xoTA TBAS I telp) siTBA  TBAS Y

S9OURLIRA JIOII9 JUSWIAINSEIN Y [oUkd

"ON[BA-] SO -AOMON] $9T XD PUe ‘[RIUDISHIP AN UOTID9S-8S01> oY) ST o I "ON[eA-} PIISIIPe-AIIDIISPISOTNaT MM $)1
SI9 pue ‘TRNUSIDHIP AHN SOLIDS 9} oY) ST oo PI "HOY YHM 189} wostredwod ostmared smoys ¢ [pued *([Ppout 1030ef-¢h o) 60 pue :(43mbo

30 3800 pordut peseq-Surpunodde oy3) I ‘([PPOW S[qeLIBA-) US[[PMT 0U3) )T (SUIs00( JUSIPRIS BIA [0POUL SONSLIOIRIRYD-D oU3) gO-HDD
{(SUOISSOI80I [RUOI}O9S-SS0ID BIA [OPOWL SOIISLINJORIRYD-.D oY) IO SUIpn[oul ‘sommsesut A3mbo Jo 3500 9AY OUIIRXO OA\ “JUIUOdUIOd dOURLIRAOD 01}

Aaifpm@v mop X ((y — 2D)/1) = o100 pue ‘juenodmod soueLIRA OY) ST Am,&v rep M ((y — JI)/1) = o TBA moputm 9A1Tpaad oty ut
SUOT}098-8801D JO IOQUINU O} ST Y — T, YOI M UL LTW JO AN UOI309S-SSOIO o1} SI Aﬁcii :N&v hoNg — AM&%V ﬁﬁ\/v (= 41o)/1) = o BAS

‘Juouodwod 9OURLIBAOD )} Acif Hy v oy X(N/T) = g A0D pue ‘quouodmod eduRLIRA ) Awwg(v trep TX(N/T) = s TBA nww&(m ‘“Ax01d uInjoI

ﬁ\/\
poajoadxe WoAIS ® Jo (AHIN) 9oURLIRA IOLI® JUSTUSINSRIUI SOLISS oWl oY) S Amciiﬁm& v tA0DT — Amc@v E@\/v "L(N/T) = o BAS ‘v [eued
Ul TUOI09s S$S0Id TPed wox (d[uedrad (07 HSAN OU) mopq Aymbe joyIew im sx003s) sdeoororur opnpxe om ‘oydwres [MJ oY) WO SuUIlIR)G

207 1oquada(—LL6T Arenuer ‘sjdureg ordruu-ing-[[y 9y ‘(00T SOWIL],) SedURLIBA JOLIY JUSWILINSEIA] : 9 S[RL

47



Table 7 : Firm-level Properties of Costs of Equity, January 1977-December 2024

In Panel A, #obs. is the number of firm-months. The statistics are time series averages of cross-sectional
moments, including mean, standard deviation (std), skewness (skew), excess kurtosis (kurt), autocorrelation
(p), and 1, 5, 25, 50, 75, 95, and 99 percentiles. QCE is the cost of equity from the ¢°-characteristics model
via cross-sectional regressions, ICE is the accounting-based implied cost of equity, and QCE;, minus ICE is
the difference between 12-month ahead QCE and ICE. Panel B shows the average slopes and their ¢-values
in cross-sectional regressions in forming QCE. The panel uses the full sample period to illustrate the slopes,
while the QCE estimates use the latest available 120-month rolling window slopes (Figure 3).

Panel A: Firm-level properties of QCE, ICE, and their differences
h #obs. mean std skew  kurt p pl p5 p25 p50 p75 P95 P99

QCE
1 1,488,265 13.83 10.75 —0.81 2.51 091 —19.96 —6.18 9.17 1477 1996 29.23 38.11
1,488,265 13.69 9.55 —0.90 253 092 -16.72 —4.51 9.72 14.73 19.18 27.00 34.34
12 1,488,265 13.85 6.85 —0.71 2.08 0.93 —6.71 1.51 1044 14.34 18.07 23.83 28.45
24 1,488,265 13.50 542 —-0.74 233 094 —2.57 4.02 10.64 13.87 16.92 21.44 2492
36 1,488,265 13.03 448 —-0.76 223 0.95 0.37 513 10.59 13.36 1590 19.64 22.44
60 1,488,263 12.96 3.50 —0.60 234 0.95 3.47 6.77 1098 13.22 15.26 18.12 20.24
ICE

12 1,991,510 13.62 10.26 1.91 3.68 0.97 4.06 4.72 7.33 10.14 1544 38.25 50.34

QCE,, minus ICE
12 1,464,185 1.17 11.07 -1.50 3.80 095 —-38.87 —22.39 —-1.77 3.81 7.67 13.04 17.44

Panel B: Average slopes and their ¢t-values in cross-sectional return regressions

Slopes t-values
h logME I/A ROE EG logME I/A ROE EG
1 —0.002 —0.010 0.057 0.044 —4.36 —6.91 6.18 6.68
3 —0.004 —0.031 0.145 0.117 —3.44 —-7.91 5.03 6.57
12 —0.019 —0.107 0.188 0.327 —3.43 —7.16 1.85 5.30
24 —0.035 —0.160 0.063 0.667 —3.96 —5.80 0.42 6.89
36 —0.048 —0.191 —0.071 1.049 —3.69 —4.91 —0.37 7.83
60 —0.091 —0.147 —0.627 2.064 —3.75 —1.83 —2.12 9.54
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Table 8 : Firm-level Properties of Costs of Equity, the All-but-micro Sample, January
1977-December 2024

We exclude microcaps (stocks with market equity below the NYSE 20 percentile) from each cross section.
In Panel A, #obs. is the number of firm-months. The statistics are time series averages of cross-sectional
moments, including mean, standard deviation (std), skewness (skew), excess kurtosis (kurt), autocorrelation
(p), and 1, 5, 25, 50, 75, 95, and 99 percentiles. QCE is the cost of equity from the ¢°-characteristics model
via cross-sectional regressions, ICE is the accounting-based implied cost of equity, and QCE;5 minus ICE is
the difference between 12-month ahead QCE and ICE. Panel B shows the average slopes and their ¢-values
in cross-sectional return regressions in forming QCE. The panel uses the full sample period to illustrate the
slopes, while the QCE estimates use the latest available 120-month rolling window slopes (Figure 4).

Panel A: Firm-level properties of QCE, ICE, and their differences

h #obs.  mean std skew  kurt p pl po P25 p50 P75 P95 P99
QCE
1 677,967 13.29 6.23 —-0.39 1.32 0.92 —4.07 1.94 10.10 13.63 16.92 23.01 28.38
3 677,967 13.13 552 —049 138 0.92 —2.61 2.93 10.37 13.51 16.40 21.56 25.97
12 677,967 1253 3.76 —0.53 1.32 0.94 1.67 5.60 10.61 12.84 14.86 18.17 20.71
24 677,967 12.12 3.11 —-0.54 1.27 0.94 3.25 6.41 1047 12.37 14.08 16.79 18.69
36 677,967 11.76 299 —0.57 1.61 0.95 3.15 6.40 10.19 11.98 13.61 16.23 18.11
60 677,967 11.70 2.77 —-0.66 2.08 0.95 3.59 6.80 10.28 11.92 13.40 15.78 1748
ICE

12 849,932 8.94 3.24 091 0.68 0.97 4.05 462 660 837 10.63 15.52 18.00
QCE,, minus ICE
12 670,908 392 49 —-070 121 095 —10.93 —5.26 1.28 446 716 11.08 13.93

Panel B: Average slopes and their ¢-values in cross-sectional return regressions

Slopes t-values

h logME I/A ROE EG logME I/A ROE EG
1 —0.001 —0.006 0.047 0.049 —2.50 —3.48 3.58 5.15

—0.003 —0.018 0.116 0.132 —2.30 —3.90 2.93 5.23
12 —0.007 —0.060 0.155 0.391 —1.51 —3.54 1.08 4.75
24 —0.012 —0.104 0.135 0.722 —1.42 —3.20 0.52 4.92
36 —0.016 —0.113 0.041 1.133 —1.31 —2.09 0.12 5.18
60 —0.037 —0.036 —0.452 2.341 —1.54 —0.30 —0.88 7.07
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Table 9 : Industry Costs of Equity, January 1977-December 2024

For each nonfinancial NAICS sector or industry, we calculate its sector- or industry-level cost of equity
by value-weighting the costs of equity across all the firms within the sector or industry. There are 19
nonfinancial sectors and 58 industries. However, one industry (sector) “Management of companies and
enterprises” drops out because it contains only a few firms in each cross section, firms that do not survive
our sample criteria. In addition to realized returns (RR), we report the cost of equity from the ¢°-factor
model (Q5F); 1-, 3-; 12-, 24-, 36-, and 60-month ahead QCEs; as well as ICE. We value-weight firm-month
costs of equity across all the firms within a given industry to obtain industry costs of equity. We then
annualize each industry-month before taking the time series means and standard deviations for industry
costs of equity. The only exception is RR, which renders our annualization procedure infeasible because
of outliers even at the industry level. Instead, after we value-weight firm-level RR to obtain industry
RR, we take time series means and standard deviations of (monthly) industry RRs first before annualizing
them. Annualized mean equals (1+monthly mean)!? —1, and annualized standard deviation equals monthly
standard deviation times v/12. The sector code is as follows: 11 Agriculture, forestry, fishing, and hunting; 21
Mining; 22 Utilities; 23 Construction; 31ND Nondurable goods; 33DG Durable goods; 42 Wholesale trade; 44
Retail trade; 48TW Transportation and warehousing; 51 Information; 53 Real estate and rental and leasing;
54 Professional, scientific, and technical services; 56 Administrative and waste management services;
61 Educational services; 62 Health care and social assistance; 71 Arts, entertainment, and recreation;
72 Accommodation and food services; 81 Other services, except government. The industry code is
as follows: 110C Farms; 113F Forestry, fishing, and related activities; 2110 Oil and gas extraction;
2120 Mining, except oil and gas; 2130 Support activities for mining; 2200 Utilities; 2300 Construction;
311A Food and beverage and tobacco products; 313T Textile mills and textile product mills;
315A Apparel and leather and allied products; 3210 Wood products; 3220 Paper products; 3230
Printing and related support activities; 3240 Petroleum and coal products; 3250 Chemical products;
3260 Plastics and rubber products; 3270 Nonmetallic mineral products; 3310 Primary metals; 3320
Fabricated metal products; 3330 Machinery; 3340 Computer and electronic products; 3350 Electrical
equipment, appliances, and components; 336M Motor vehicles, bodies and trailers, and parts; 3360
Other transportation equipment; 3370 Furniture and related products; 338 A Miscellaneous manufacturing;
4200 Wholesale trade; 44RT Retail trade; 4810 Air transportation; 4820 Railroad transportation; 4830
Water transportation; 4840 Truck transportation; 4850 Transit and ground passenger transportation;
4860 Pipeline transportation; 487S Other transportation and support activities; 4930 Warehousing and
storage; 5110 Publishing industries (includes software); 5120 Motion picture and sound recording industries;
5130 Broadcasting and telecommunications; 5140 Information and data processing services; 5310 Real
estate; 5320 Rental and leasing services and lessors of intangible assets; 5411 Legal services; 5412
Miscellaneous professional, scientific, and technical services;
5415 Computer systems design and related services; 5610 Administrative and support services; 5620
Waste management and remediation services; 6100 Educational services;
6210 Ambulatory health care services; 622H Hospitals; 6230 Nursing and residential care facilities;
6240 Social assistance; 711A Performing arts, spectator sports, museums, and related activities; 7130
Amusements, gambling, and recreation industries; 7210 Accommodation; 7220
Food services and drinking places; 8100 Other services, except government.
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Table 12 : The Equity Premium, January 1977—December 2024

Panel A shows the (annualized) means and volatilities of the equity premium estimates across 1-, 3-, 12-,
24-, 36-, and 60-month horizons. Ry is the risk-free rate. We also report the ICE equity premium and the
average realized return from an expanding window, denoted EAR. For 1-month (Im), EAR is the average
of the expanding window series of the average monthly returns. The expanding window starts in January
1967. For 12-month (12m), EAR is the average of the expanding window series of the average prior 12-
month returns (with overlapping monthly observations). Panel B shows the correlation matrix of the equity
premium estimates. The upper triangular shows the Pearson correlations, and the lower triangular the
Spearman correlations. ICE;5 is the 12-month ICE equity premium, and EAR; is the 1-month EAR equity
premium. Panel C shows the predictive regressions of subsequent h-month realized equity premium on the ex
ante h-month ahead equity premium. For the ICE equity premium, we align the units between the left- and
right-hand sides of the regression. For the 1-month regression, for instance, we convert the ICE aggregate
cost of equity from annual to monthly unit, i.e., (1 + ICE)l/ 12 _ 1, then subtract the 1-month Treasury bill
rate. For the 60-month regression, we convert the ICE aggregate cost of equity from annual to 5-year unit,
i.e., (1+ICE)® — 1, then subtract the 5-year Treasury bond rate. We use overlapping monthly observations.
We report regression slopes (s), Newey-West t-values (ts), in-sample R? (in %), the Welch-Goyal (2008)
out-of-sample R? (Oos-R?, in %), calculated as 1 — MSE;, /MSE;!. MSE;, is the mean squared forecast error
(MSE) at the h-month horizon, and MSE; is the MSE of the expanding window average return. We also
report time series MEV, denoted MTS. We align the EAR horizon with the horizon, h. For 12-month, for
instance, EAR is the time series of prior 12-month returns averaged from the expanding window.

Panel A: Means and volatilities of the equity premium and risk-free rates

1m 3m 12m 24m 36m 60m

QCE mean 5.69 6.62 4.35 3.96 4.01 3.93

std 5.22 4.78 4.52 4.52 4.72 5.07

ICE mean 4.14 4.19 3.75 3.56 3.46 3.31

std 2.54 2.38 2.40 2.29 2.18 1.99

EAR mean 7.31 7.20 6.39 5.80 5.37 5.30

std 4.56 4.48 4.98 5.18 5.46 5.56

Ry mean 4.29 4.25 4.72 4.97 5.13 5.42

std 3.70 3.50 3.76 3.74 3.67 3.53

Panel B: Correlation matrix of the equity premium estimates

QCE Im 3m 12m 24m 36m 60m ICEq2 EAR:
1m 1 0.96 0.92 0.91 0.87 0.73 0.21 0.70
3m 0.95 1 0.95 0.92 0.89 0.77 0.12 0.65
12m 0.91 0.94 1 0.97 0.90 0.71 0.13 0.56
24m 0.90 0.89 0.95 1 0.97 0.80 0.10 0.61
36m 0.83 0.84 0.87 0.96 1 0.92 0.03 0.69
60m 0.64 0.68 0.64 0.77 0.89 1 —0.06 0.75
ICE12 0.17 0.07 0.11 0.07 —0.02 —0.15 1 0.43
EAR, 0.55 0.45 0.39 0.45 0.48 0.48 0.54 1

Panel C: Predictive regressions of subsequent h-month realized equity premiums

QCE ICE

h s ts R? Oos-R? SVarTS s ts R? Oos-R? SVarTS

0.50 1.06 0.20 —0.15 —0.00 2.51 2.50 1.27 0.08 —0.00
3 0.34 0.65 0.24 0.02 0.00 1.94 2.00 2.00 0.33 —0.01
12 0.66 1.36 3.21 1.67 —0.07 1.78 2.39 6.31 2.20 —0.15
24 0.56 1.92 5.05 2.52 —0.11 1.73 2.59 11.35 5.33 —0.55
36 0.38 2.09 3.77 3.60 0.62 1.86 3.03 17.81 11.25 —1.40
60 0.04 0.19 0.06 —1.04 10.52 1.99 4.49 24.50 18.78 —4.85
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Figure 1 : The Firm-level Cost of Equity Distribution, QCE vs. ICE, January
1977-December 2024

This figure shows the histograms of firm-level costs of equity based on the samples in Table 7. We
show the distributions of 1-, 12-, and 36-month ahead QCEs as well as the (12-month) ICE.
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Figure 2 : The Firm-level Cost of Equity Distribution, QCE vs. ICE, the All-but-micro
Sample, January 1977-December 2024

This figure shows the histograms of firm-level costs of equity based on the all-but-micro sample.
We show the distributions of 1-, 12-, and 36-month ahead QCEs as well as the (12-month) ICE.
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Figure 3 : The 120-month Rolling Window Slopes in Cross-sectional Regressions of 1-, 12-,
and 36-month Subsequent Returns Underlying the QCE Estimates, January 1977—December
2024

We show the time series plots of 120-month rolling window slopes in cross-sectional regressions
of 1-, 12-, and 36-month subsequent returns on the latest available ¢°-characteristics, including
the logarithm of size (logME), investment-to-assets (I/A), return on equity (ROE), and expected
growth (Eg). In each panel, the solid blue line is for the 1-month slope times 12, the red broken
line is for the 12-month slope, and the black dotted line the 36-month slope divided by three.
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Figure 4 : The 120-month Rolling Window Slopes in Cross-sectional Regressions of 1-, 12-,
and 36-month Subsequent Returns Underlying the QCE Estimates, the All-but-micro
Sample, January 1977-December 2024

We exclude microcaps (stocks with market equity below the NYSE 20 percentile) from each cross
section. We plot the time series of 120-month rolling window slopes in cross-sectional regressions
of 1-, 12-, and 36-month subsequent returns on the latest available g®-characteristics, including
the logarithm of size (logME), investment-to-assets (I/A), return on equity (ROE), and expected
growth (Eg). In each panel, the solid blue line is for the 1-month slope times 12, the red broken
line is for the 12-month slope, and the black dotted line the 36-month slope divided by three.
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Figure 5 : The Equity Premium, January 1977-December 2024

In each panel, the time series in blue solid line is the QCE equity premium, the series in red
broken link is the ICE equity premium, and the series in black dotted line is the historical average
realized returns, denoted EAR, from an expanding window that starts in January 1967. All series
are annualized. For 1-month, EAR is the average of the expanding window series of the average
monthly returns. For 12-month, EAR is the average of the expanding window series of the average
prior 12-month returns (with overlapping monthly observations).
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The Internet Appendix for “Investment-based Costs of Equity”
(for Online Publication Only)

Appendix S.1 details the estimation of accounting implied costs of equity. Appendix S.2 fur-
nishes supplementary results from six additional costs of equity, including QCE-GBA (the ¢°-
characteristics model with gradient boosting using mean absolute errors as the loss function); QCE-
GBH (the ¢°-characteristics model via gradient boosting using the Huber loss function); LCE-3 (the
Lewellen 3-variable model); LCE-15 (the Lewellen 15-variable model); CAPM (the Capital Asset
Pricing Model); and FF6F (the Fama-French 6-factor model). We also report portfolio sorts with
equal-weighted returns. Appendix S.3 details the structural investment model and shows its results.

S.1 Estimating Accounting-based Implied Costs of Equity

S.1.1 The Gebhardt-Lee-Swaminathan (2001, GLS) Model

We skip the firm index ¢ in subscript for notational simplicity. At the beginning of each month ¢,
we estimate firm 4’s cost of equity as the internal rate of return (IRR) from the nonlinear equation:

+ Z (E:[ROE, ] —1IRR) x By(t)47-1 n (Et[ROEy(1)412] — IRR) x By 411 (S.1)
By 1 +IRR)" IRR x (1 + IRR)™ P
in which P; is the market equity at the beginning of month ¢, y(t) is the firm’s latest fiscal year end-
ing at least four months prior to month t. By is the latest available book equity. E;[ROEy ). .]
is the expected return on equity (ROE) for fiscal year y(¢) + 7 based on information as of month t.

Current book equity, By, uses the latest accounting data from the fiscal year ending at least
four months prior to the beginning of month ¢. We apply clean surplus accounting to construct
future book equity as Byw)4r = By)4r—1 + By)+r-1 E[ROE @y 4-](1 — k), 1 < 7 < 11, in which
k is the dividend payout ratio for fiscal year y(t). We calculate k as dividends (item DVC) divided
by earnings (item IB) for profitable firms, or dividends divided by 6% of total assets (item AT) for
firms with zero or negative earnings. We drop a firm if its book equity is zero or negative.

We construct the expected ROE for the first three years ahead (7 < 3) via regression-based
earnings forecasts. After fiscal year y(t) + 3, we assume that the expected firm-level ROE mean-
reverts linearly to the historical industry median ROE by year y(t) 4+ 12 and becomes a perpetuity
afterwards. As in GLS, we use the Fama-French (1997) 48-industry classification. We use at least
five and up to ten years of past ROE data from non-loss firms to compute the industry median ROE.

Following Hou, van Dijk, and Zhang (2012), we estimate costs of equity at the firm level via
regression-based earnings forecasts from the pooled cross-sectional regressions, for 1 < 7 < 3,

Yipr =a+b1As +b2Ds +b3DDs + by Y5 + bsYy + bgACs + €541, (S.2)

9Following Davis, Fama, and French (2000), we measure book equity as stockholders’ book equity, plus balance
sheet deferred taxes and investment tax credit (item TXDITC) if available, minus the book value of preferred stock.
Stockholders’ equity is the value reported by Compustat (item SEQ), if available. If not, we measure stockholders’
equity as the book value of common equity (item CEQ) plus the par value of preferred stock (item PSTK), or the
book value of assets (item AT) minus total liabilities (item LT). Depending on availability, we use redemption (item
PSTKRV), liquidating (item PSTKL), or par value (item PSTK) for the book value of preferred stock.
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in which Yy is earnings (item IB) fiscal year s, A; is total assets (item AT), Dy is dividends (item
DVC), and DD; is a dummy variable that equals one for dividend payers, and zero otherwise. Y, is
a dummy that equals one for negative earnings, and zero otherwise, and ACj is operating accruals.!?

To mitigate the impact of outliers, we winsorize the unbounded level variables (Y4, Ys, and
AC5) in equation (S.2) at the 2.5 and 97.5 percentiles of their cross-sectional distributions each
month. We winsorize the bounded (from below at zero) variables (A5 and Ds) at the 0 and 97.5
percentiles. At the beginning of month ¢, we estimate the forecasting regressions using the pooled
panel data from the prior 120-month rolling window. The latest Y, data in equation (S.2) are
from fiscal year y(t) ending at least four months prior to month ¢, and the right-hand side variables
are further lagged accordingly. We form the expected earnings, F;[Y)1.], by combining the esti-
mated regression coefficients with the latest values of the predictors from the fiscal year y(t). We
then construct expected ROE recursively as Ey[ROE, .| = E[Yy@) 4]/ By)4r-1-

S.1.2 The Claus-Thomas (2001, CT) Model

At the beginning of each month ¢, we estimate the internal rate of returns (IRR) from:

>, (By[ROEy()4-] — IRR) X Bysr—1 . (Et[ROEy () 5] — IRR) X Bygy1a x (14 g)
Py =By + Z + 5 )
p (1+IRR)™ (IRR —g) x (1 +IRR)

(S.3)
in which P; is the market equity of month ¢, y(¢) is a firm’s latest fiscal year ending at least four
months prior to month ¢. By ;)4 is the book equity for fiscal year y(t) + 7, E[ROE, ;)] is the ex-
pected ROE for fiscal year y(t)+7 based on information as of month ¢, and g is the long-term growth
rate of abnormal earnings. Abnormal earnings are defined as (E¢[ROE,)1,] — IRR) X By)1r—1-

We construct future book equity as By )1+ = By(t)4r—1+By@)+r—1 Et[ROE )1, ](1-k),1 < 7 <
4, in which k is the dividend payout ratio for fiscal year y(¢). We calculate k as dividends (item DVC)
divided by earnings (item IB) for profitable firms, or dividends divided by 6% of total assets (item
AT) for firms with zero or negative earnings. We drop a firm if its book equity is zero or negative.
We construct the expected ROE, E;[ROE, )], for up to five years ahead, using regression-based
earnings forecasts. Following CT, we set g to the ten-year Treasury bond rate minus 3%.

S.1.3 The Ohlson-Juettner-Nauroth (2005, OJ) Model

At the beginning of each month ¢, we construct the internal rate of returns (IRR) as:

Eu[Yy)41]
"

IRR = A, + \/A2 + % (gt — (v — 1)), (S.4)

YFollowing Hou, Xue, and Zhang (2020), prior to 1988, we use the balance-sheet approach of Sloan (1996) to
measure operating accruals as changes in noncash working capital minus depreciation, in which the noncash working
capital is changes in noncash current assets minus changes in current liabilities less short-term debt and taxes
payable. In particular, AC' = (ACA — ACASH) — (ACL — ASTD — ATP) — DP, in which ACA is the change in
current assets (Compustat annual item ACT), ACASH is the change in cash or cash equivalents (item CHE), ACL
is the change in current liabilities (item LCT), ASTD is the change in debt included in current liabilities (item DLC,
zero if missing), AT P is the change in income taxes payable (item TXP, zero if missing), and DP is depreciation
and amortization (item DP, zero if missing). Starting from 1988, we follow Hribar and Collins (2002) to measure
AC using the statement of cash flows as net income (item NI) minus net cash flow from operations (item OANCF).
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in which

_ 1 Ei[Dy)41]

4 = (('v— 1+ T) , (5.5)
o = 1 <Et Yyy+3) — BEtlYywy+2l  EilYyu4s) — B [Yy(t)+4]> (S.6)
¢y = o . .

2 Ei[Yy1)+2] Ei[Yy(t)44]

P, is the market equity of month ¢, y(t) is a firm’s latest fiscal year ending at least four months prior
to month ¢. F;[Y;1,] is the expected earnings for fiscal year y(t)+7 based on information as of month
t, and Ey[Dy41] is the expected dividends for fiscal year y(¢) + 1. Expected earnings are from
regression-based earnings forecasts. Expected dividends are expected earnings times the current
dividend payout ratio, which is computed as dividends (item DVC) divided by earnings (item IB)
for profitable firms, or dividends divided by 6% of total assets (item AT) for firms with zero or
negative earnings. We use the average of predicted near-term growth rate and five-year growth rate
to estimate g;. We require Ey[Yy;)42] and Ey[Yy;)+4] to be positive so that g; is well defined. The

y
perpetual growth rate of abnormal earnings, v — 1, is the ten-year Treasury bond rate minus 3%.

S.1.4 The MPEG Model from Easton (2004)

At the beginning of month ¢, we estimate the internal rate of returns (IRR) from:

p _ Byl +IRR X B4[Dygy1] — Er[Yy()+41] 57
t — IR,R2 ) ( . )

in which P; is the market equity of month ¢, y(¢) is a firm’s latest fiscal year ending at least four
months prior to month #, Ey[Y 44| is the expected earnings for fiscal year y(t) + 7 based on infor-
mation as of month ¢, and E;[D,;)41] is the expected dividends for fiscal year y(t) + 1. Expected
dividends are expected earnings times the current dividend payout ratio, which is computed as
dividends (item DVC) divided by earnings (item IB) for profitable firms, or dividends divided by
6% of total assets (item AT) for firms with zero or negative earnings. When equation (S.7) has two
positive roots (in very few cases), we use the average as the IRR estimate.

S.2 Supplementary Results

Table S.1 shows the results from portfolio sorts for the additional costs of equity in the full sample,
and Table S.2 does the same for the all-but-micro sample. Table S.3 shows cross-sectional predictive
regressions for the additional measures in the full sample, and Table S.4 does the same for the all-
but-micro sample. Table S.5 shows portfolio sorts with equal-weighted returns in the full sample,
and Table S.6 does the same for the all-but-micro sample. Finally, Table S.7 shows measurement
error variances in the full sample, and Table S.8 does the same for the all-but-micro sample.

S.3 The Structural Investment Model

We adopt the Goncalves-Xue-Zhang (2020) 2-capital model:

K, K K\, W B,.Ba
w1 = wi )i — wiE it 33
Tit+1 = B ) (S.8)
1 —wy
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in which ry41 is stock ¢’s return in month t; 5%, = rf — (rf,, — 1)7441 after-tax cost of

debt; TEH pre-tax cost of debt; 7411 corporate tax rate; wi[f = qitKit+1/(qit Kit+1 + Wirs1) the
weight of the market equity due to physical capital; K1 physical capital; Wiz, 1 working capital;
git = 1+ (1 — 7¢)a(l;1/K;) the marginal ¢ of physical capital with a > 0; I;; physical capital
investment; wﬁ = Bit+1/(Pit + Bjt+1) the market leverage; Bj;11 debt; and Py the market equity.

The physical investment return is denoted rf_ ;:

. . 2 .
(1= 7441) [’YK;?:;ll +3 (fléfti) } + Te10it41 + (1 = Gits1) [1 + (1 = Te41)a (;Iéf:lﬂ

Tl =
v - )
1+ (1 —Tt)CL (%)
(S.9)
rit”ﬁrl is the working capital investment return:
Yitt1
P =14 (1= T )y s (S.10)

Wityr’
Yii41 sales; d;r+1 physical capital depreciation rate; and 7y, vy, > 0 are technological parameters.

To form costs of capital from equation (S.8), we need to form several auxiliary expectations.
Because the after-tax cost of debt and sales are relatively persistent in the data, to reduce esti-
mation errors, we set F [Tﬁil] and F4[Yj;41] to their respective values from the most recent fiscal
year ending at least four months ago. Analogously, we set the future tax rate, 7,11, to its most
recent value. The physical investment rate is less persistent. Following Goncalves, Xue, and Zhang
(2020), we forecast I;;1+1/K;i+1 on the log of Tobin’s ¢;;, sales-to-total capital, Y /(K; + Wy), and
lagged physical investment rate, I;;/K;;. Tobin’s ¢ is the market equity from CRSP plus total debt
(item DLTT plus item DLC, zero if missing) scaled by book assets (item AT).

At the beginning of each month ¢, we use the prior 120-month rolling window to estimate cross-
sectional forecasting regressions. We winsorize Ij;y1/K;ji+1, the log of Tobin’s g;;, and I;;/K;; at
the 2.5 and 97.5 percentiles of their respective cross-sectional distributions each month. We win-
sorize Y /(K + Wy) (bounded below at zero) at the 0 and 97.5 percentiles each month. The ;4
data are from the most recent fiscal year ending at least four months ago as of month ¢, and the
predictors are further lagged accordingly. Because of time-to-build in the model, although dated
t+ 1, K11 and W11 are one-year-lagged relative to I;;11. We then combine the average slopes
with the latest known predictors from at least four months ago to calculate Ey[ljz+1/Kji+1].

With the auxiliary expectations in hand, plugging them into the right-hand side of equation (S.8)
yields the cost-of-equity function, denoted er(Zy;~,a), in which Z;; is the conditioning information
as of month ¢, and v = v, + v and a are two structural parameters.!’ Equation (S.8) becomes:

Tity1 = er(Lig; 7y, a) + €it41, (S.11)

"1n equation (S.8), v and <y, enter only in the form of 7, + 7. From equations (S.9) and (S.10):

(1 = 7e41) (v + yw) Y1/ (Kt + Wiega)
it Kit+1/ (Kit41 + Witg1) + Wirg1/ (Kit1 + Witg1)
. . 2 . — . .
wk (I =7¢41)(a/2) (Izt+1/Kzt+1)q + Te410it+1 + (1 — Sit41)Qir+1 . wft()
it

K_K K\ W
Wi i1 + (1 —wig )rig41 =

As such, the structural model contains only two parameters, v and a (Goncalves, Xue, and Zhang 2020).
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in which File;r11] = 0. At the beginning of month ¢, we align firm ¢’s annual stock returns from
t to t + 11, which corresponds to the left-hand side of equation (S.11). In the right-hand side,
er(Zit; 7y, a) is based on the latest available Z;; (lagged by at least four months prior to month ¢).

We estimate v and a from equation (S.11) via nonlinear least squares (nonlinear cross-sectional
regressions). At the beginning of each month from January 1977 to December 2024, we recursively
estimate v and a using the expanding window that starts in January 1967. The starting point
means that the conditioning information, Z;, for January 1967 can come from as early as July
1965. However, the endpoint of the first recursive window, January 1977, means that the annual
window of stock returns runs up to December 1976 and the Z;; in the forecasting regression is
further lagged accordingly. We expand the recursive window one month at a time until December
2024 to yield the time series of structural parameters. We obtain the cost of equity for each stock
i at the beginning of month ¢, er(Z;;7,,a:), by combining the latest recursive parameters with the
latest Z;; (from the fiscal year ending at least four months prior to month ¢).

The benchmark estimation above is for 12-month forecasts, which match the annual accounting
variables contained in Z;;. We adapt the procedure for other forecasting horizons. For 1-month fore-
casts, the returns in the left-hand side of equation (S.11) are 1-month ahead, but the cost-of-equity
function in the right-hand side becomes er(Z;;~, a)l/ 12 Analogously, for 60-month forecasts, the
returns in the left-hand side are 60-month ahead (with overlapping monthly observations), but the
right-hand side becomes er(Z;;v,a)®. As such, we allow v and a to vary with horizons. While often
labeled “structural” parameters, their estimates do vary in practice because the data generating
process is vastly more complex than our economic model, which is inevitably misspecified.

Data are from Center for Research in Security Prices (CRSP) monthly stock files and annual
Compustat industrial files. We exclude firms with gross property, plant, and equipment or sales
either zero or negative. Both are necessary to calculate the right-hand side of equation (S.8).

In the model, time-t stock variables are at the beginning of period ¢, and time-t flow variables
are over the course of period ¢t. In Compustat both stock and flow variables are recorded at the
end of period t. As such, for the year 2010, for example, we take time-t stock variables from the
2009 balance sheet, and time-t flow variables from the 2010 income or cash flow statement.

Output, Yy, is sales (item SALE), working capital is current assets (item ACT). Debt, Bj41, is
long-term debt (item DLTT) plus short-term debt (item DLC). Missing values are set to zero. The
market leverage, wg, is the ratio of debt to the sum of debt and market equity. The tax rate, 7¢, is
the statutory corporate income tax rate from the Commerce Clearing House’s annual publications.
The pre-tax cost of debt, 7"5 11, is total interest and related expenses (item XINT) scaled by debt.

We measure investment as change in net property, plant, and equipment (item PPENT) plus
depreciation and amortization (item DP) minus amortization (item AM, zero if missing). However,
we measure physical capital, K;;, as gross property, plant, and equipment (item PPEGT) and set
the depreciation rate of physical capital, d;+, to zero. Ideally, in a perfect world, we ought to use the
replacement cost of capital as K;; and the economic depreciation rate as §;;. Integrating national
accounting in Bureau of Economic Analysis (BEA) with financial accounting in Compustat, Bai et
al. (2024) construct firm-specific replacement costs of capital and economic depreciation rates for
the entire Compustat universe. However, the Bai et al. data cannot be used to forecast returns.
The capital and investment price deflators and industry-specific economic depreciation rates are
from the BEA data for calendar years, but the fiscal years of firms in Compustat do not always
end in December. To deal with this misalignment, Bai et al. use linear interpolation to impute the
price deflators and depreciation rates for all possible fiscal year ending months.
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More important, for our purpose, Bai et al. (2024) show that gross PPE is much closer to the re-
placement cost of capital than net PPE. The ratio of the replacement cost to gross PPE is on average
0.98, but the ratio to net PPE is 2.11. Intuitively, gross PPE ignores both depreciation and price
inflation. Ignoring the former induces an upward bias, but ignoring the latter induces a downward
bias. The two largely offset each other on average. In contrast, net PPE uses aggressive (account-
ing) depreciation and ignores price inflation. Both induce downward biases. As such, although both
are free of look-ahead bias, gross PPE is a better proxy for the replacement cost than net PPE.
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Table S.1 : Portfolio Sorts, Additional Costs of Equity, January 1977—December 2024

In Panel A, at the beginning of month ¢, we split the NYSE, Amex, and NASDAQ stocks on each cost of equity
into deciles and calculate the monthly value-weighted returns for different holding periods, h (in months).
For instance, the 3-month horizon means that for a given decile in each month, there exist 3 subdeciles, each
initiated in a different month in the prior three months. We take the simple average of the subdecile returns
as the monthly return for the decile. We align the holding period with the forecast horizon in costs of equity,
e.g., we use the 12-month holding period when forecasting returns with 12-month ahead costs of equity.
We use NYSE-Amex-NASDAQ breakpoints and value-weighted returns. Each decile return is in excess of
the 1-month Treasury bill rate. Beneath each row of average return estimates, we show the corresponding
Newey-West t-statistics. Panel B shows pairwise comparison tests of QCE (the ¢°-characteristics model via
cross-sectional regressions) versus alternative models. For each pairwise comparison, we test whether the
difference between the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE-GBA (the ¢ characteristics model with gradient boosting, mean absolute errors)

1 —0.60 0.24 —0.01 0.23 0.46 0.59 0.60 0.63 0.83 0.98 1.59
—1.39 0.62 —0.02 0.76 1.80 2.67 2.98 3.16 4.55 4.91 4.71

3 —0.54 0.06 0.09 0.46 0.45 0.71 0.60 0.70 0.90 1.06 1.60
—1.30 0.15 0.28 1.61 1.75 3.22 2.99 3.67 4.92 5.08 5.05

12 0.01 0.37 0.52 0.54 0.68 0.69 0.70 0.75 0.81 0.96 0.94
0.03 1.17 1.84 2.05 2.85 3.21 3.42 3.90 4.22 4.91 3.45

24 0.32 0.58 0.54 0.68 0.70 0.69 0.72 0.78 0.80 0.88 0.55
0.95 2.08 1.99 2.73 3.12 3.14 3.47 3.95 4.20 4.57 2.37

36 0.46 0.68 0.70 0.72 0.74 0.81 0.76 0.76 0.81 0.79 0.33
1.40 2.55 2.66 3.02 3.15 3.71 3.69 3.73 4.08 4.19 1.44

60 0.60 0.79 0.82 0.81 0.81 0.82 0.85 0.84 0.80 0.74 0.14
2.00 2.95 3.27 3.40 3.44 3.67 3.87 3.94 3.87 3.96 0.68

QCE-GBH (the ¢° characteristics model with gradient boosting, the Huber loss)

1 —-0.41 0.18 0.44 0.56 0.58 0.61 0.90 0.92 1.14 1.48 1.89
—1.01 0.59 1.73 2.52 2.82 3.10 4.96 4.86 5.33 6.01 6.02

3 —0.44 0.22 0.34 0.48 0.68 0.59 0.86 0.95 1.11 1.21 1.65
—1.11 0.69 1.29 2.07 3.26 2.96 4.36 4.93 5.48 5.14 5.70

12 0.02 0.37 0.45 0.69 0.62 0.71 0.73 0.82 0.94 1.04 1.02
0.05 1.18 1.68 2.76 2.83 3.38 3.69 4.35 4.88 5.16 3.73

24 0.35 0.53 0.54 0.70 0.69 0.65 0.76 0.82 0.82 0.90 0.55
1.08 1.90 2.09 2.83 3.16 3.08 3.65 4.15 4.28 4.57 2.53

36 0.50 0.69 0.68 0.70 0.78 0.76 0.77 0.78 0.82 0.79 0.29
1.58 2.54 2.57 3.01 3.43 3.52 3.72 3.81 4.10 4.14 1.36

60 0.58 0.77 0.82 0.81 0.81 0.84 0.87 0.84 0.80 0.75 0.17
1.96 2.87 3.26 3.36 3.45 3.77 3.93 3.95 3.83 4.00 0.84
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE-3 (the Lewellen 3-variable model)
1 0.76 0.82 0.85 0.81 0.86 0.94 0.97 1.11 1.20 1.25 0.49
3.01 3.81 4.14 3.92 4.30 4.31 4.25 4.19 3.85 3.37 1.46
3 0.76 0.81 0.90 0.80 0.83 0.90 0.97 0.97 1.03 1.15 0.39
3.04 3.72 4.39 3.81 4.07 4.30 4.33 3.91 3.44 3.16 1.16
12 0.81 0.88 0.86 0.82 0.81 0.83 0.84 0.82 0.92 0.85 0.04
3.77 4.49 4.28 4.02 3.87 3.79 3.54 3.16 3.09 241 0.15
24 0.75 0.73 0.79 0.77 0.76 0.79 0.85 0.92 0.96 1.00 0.25
3.76 3.98 4.19 4.01 3.76 3.7 3.76 3.66 3.36 2.98 0.93
36 0.72 0.70 0.76 0.77 0.75 0.76 0.78 0.81 0.83 0.81 0.08
3.48 3.61 3.92 3.82 3.62 3.58 3.53 3.35 3.11 2.67 0.35
60 0.89 0.85 0.81 0.76 0.75 0.75 0.71 0.72 0.75 0.72 -0.17
4.13 4.40 4.19 3.81 3.61 3.59 3.30 3.13 3.00 2.60 —0.75
LCE-15 (the Lewellen 15-variable model)
1 0.49 0.70 0.75 0.74 0.79 0.75 0.93 1.11 1.26 1.39 0.90
1.61 2.87 3.74 3.90 4.17 3.62 4.10 4.36 4.34 4.33 2.76
3 0.52 0.63 0.70 0.70 0.67 0.80 0.84 1.02 1.15 1.33 0.81
1.57 2.81 3.714 3.77 3.57 3.94 3.76 4.21 4.05 4.08 241
12 0.66 0.74 0.70 0.72 0.80 0.86 0.91 0.89 0.97 1.05 0.39
2.31 3.69 3.83 3.81 4.07 4.12 3.97 3.56 3.45 2.96 1.25
24 0.66 0.74 0.75 0.73 0.80 0.77 0.77 0.87 0.93 1.00 0.34
2.51 3.74 4.12 3.96 4.22 3.81 3.54 3.63 3.45 3.08 1.27
36 0.71 0.77 0.76 0.75 0.75 0.74 0.74 0.78 0.82 0.88 0.17
2.78 3.71 4.07 4.04 3.95 3.74 3.47 3.47 3.29 3.11 0.71
60 0.80 0.80 0.78 0.78 0.78 0.76 0.78 0.74 0.75 0.74 —0.06
3.27 3.85 3.98 4.02 4.08 3.89 3.95 3.61 3.43 3.08 —0.25
CAPM (the Capital Asset Pricing Model)
1 0.59 0.65 0.75 0.68 0.88 0.80 0.76 0.92 0.72 0.99 0.39
3.91 4.66 4.59 3.84 4.41 3.68 3.27 3.16 2.20 2.37 0.98
3 0.60 0.64 0.74 0.71 0.87 0.79 0.76 0.95 0.73 0.90 0.30
4.04 4.67 4.69 3.98 4.46 3.60 3.23 3.30 2.28 2.14 0.75
12 0.64 0.66 0.68 0.73 0.79 0.83 0.75 0.89 0.72 0.88 0.24
4.40 4.75 4.39 4.13 4.15 3.83 3.24 3.14 2.34 2.21 0.65
24 0.65 0.64 0.69 0.72 0.79 0.81 0.73 0.83 0.76 0.83 0.18
4.48 4.65 4.42 4.11 4.26 3.85 3.27 3.05 2.56 2.19 0.51
36 0.66 0.62 0.71 0.73 0.81 0.80 0.72 0.79 0.78 0.80 0.13
4.59 4.54 4.58 4.19 4.35 3.81 3.26 3.04 2.67 2.18 0.42
60 0.60 0.63 0.72 0.76 0.76 0.78 0.73 0.74 0.82 0.77 0.18
4.03 4.60 4.60 4.43 4.12 3.76 3.40 2.97 2.86 2.23 0.61
FF6F (the Fama-French 6-factor model)
1 08 0.8 076 076 075 071 072 076 067 052  —0.34
286  3.63 376 408 421 385 38 370 277 158  —1.30
3 087 08 074 080 071 072 069 075 070 056  —0.31
291 365  3.64 437 404 402 375 364 286 174  —122
12 094 078 070 081 068 075 070 075 075 063  —0.31
312 339 346 459 390 428 38 370 311 204  —1.28
24 0.95 0.76 0.71 0.76 0.69 0.73 0.67 0.76 0.79 0.71 —0.24
3.25 3.34 3.58 4.43 4.08 4.23 3.79 3.84 3.34 2.39 —1.12
36 0.97 0.75 0.70 0.74 0.70 0.75 0.69 0.76 0.80 0.70 —-0.27
3.39 3.38 3.66 4.32 4.14 4.37 3.95 3.81 3.48 2.38 —1.36
60 1.01 0.80 0.71 0.75 0.69 0.71 0.69 0.73 0.75 0.67 —0.34
3.70 3.75 3.85 4.45 4.15 4.14 3.92 3.67 3.30 2.33 —-1.97
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QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

Panel B: Pairwise

comparison tests with QCE

h Diff t h Diff t
1 0.04 0.09 24 0.02 0.06
1 —-0.27 —-0.97 24 0.03 0.08
1 1.13 3.51 24 0.33 1.70
1 0.72 2.40 24 0.23 1.16
1 1.23 2.50 24 0.40 1.27
1 1.96 6.02 24 0.81 3.04
3 —0.23 —0.68 36 —0.07 —0.21
3 —0.28 —1.04 36 —0.03 —0.10
3 0.99 2.85 36 0.18 0.90
3 0.56 1.71 36 0.09 0.50
3 1.07 2.15 36 0.13 0.44
3 1.68 5.55 36 0.53 2.07
12 —-0.13 —0.36 60 —-0.13 —0.45
12 —0.21 —0.58 60 —0.16 —0.57
12 0.77 3.65 60 0.18 0.95
12 0.42 1.65 60 0.07 0.31
12 0.57 1.53 60 -0.17 —0.66
12 1.12 3.82 60 0.35 1.55
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Table S.2 : Portfolio Sorts, Additional Costs of Equity, the All-but-micro Sample, January
1977-December 2024

We exclude microcaps (stocks with market equity below the NYSE 20 percentile) from each cross section.
In Panel A, at the beginning of month ¢, we split all stocks on each cost of equity into deciles and calculate
the monthly value-weighted returns for different holding periods, h (in months). For instance, the 3-month
horizon means that for a given decile in each month, there exist 3 subdeciles, each initiated in a different
month in the prior three months. We take the simple average of the subdecile returns as the monthly return
for the decile. We align the holding period with the forecast horizon in costs of equity, e.g., we use the
12-month holding period when forecasting returns with 12-month ahead costs of equity. We use NYSE-
Amex-NASDAQ breakpoints and value-weighted returns. Each decile return is in excess of the 1-month
Treasury bill rate. Beneath each row of average return estimates, we show the corresponding Newey-West
t-statistics. Panel B shows pairwise comparison tests of QCE (the ¢°-characteristics model via cross-sectional
regressions) versus alternative models. For each pairwise comparison, we test whether the difference between
the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE-GBA (the ¢° characteristics model with gradient boosting, mean absolute errors)
1 0.10 0.26 0.42 0.56 0.69 0.65 0.75 0.88 0.83 1.07 0.97
0.30 0.96 1.90 2.67 3.58 3.41 4.03 4.58 4.29 4.89 4.29
3 0.06 0.32 0.50 0.69 0.64 0.65 0.73 0.81 0.96 1.09 1.02
0.20 1.19 2.17 3.32 3.29 3.64 4.07 4.35 4.90 4.93 4.65
12 0.41 0.56 0.61 0.61 0.66 0.74 0.77 0.76 0.81 0.93 0.52
1.37 2.13 2.58 2.87 3.33 3.88 4.23 4.04 4.32 4.58 2.88
24 0.57 0.57 0.75 0.65 0.77 0.70 0.70 0.73 0.83 0.84 0.27
2.03 2.29 3.20 3.06 3.79 3.61 3.68 4.05 4.38 4.36 1.65
36 0.61 0.72 0.74 0.74 0.76 0.80 0.75 0.73 0.75 0.81 0.20
2.18 2.90 3.20 3.58 3.78 4.05 3.95 3.90 4.03 4.28 1.20
60 0.79 0.80 0.86 0.81 0.81 0.81 0.82 0.76 0.74 0.74 —0.05
2.87 3.30 3.80 3.78 3.92 3.91 4.14 3.86 3.89 3.98 —0.30
QCE-GBH (the ¢° characteristics model with gradient boosting, the Huber loss)
1 0.02 0.35 0.47 0.63 0.72 0.61 0.90 0.96 1.11 1.18 1.16
0.07 1.54 2.24 3.15 3.64 3.26 4.80 4.73 5.52 5.07 6.04
3 0.07 0.33 0.52 0.60 0.66 0.78 0.83 0.97 1.02 1.20 1.13
0.23 1.39 2.47 3.21 3.51 4.28 4.42 4.92 5.06 5.22 5.86
12 0.44 0.52 0.57 0.56 0.67 0.74 0.81 0.79 0.84 0.98 0.55
1.47 2.04 2.37 2.63 3.51 3.97 4.34 4.35 4.42 4.75 2.90
24 0.54 0.58 0.71 0.61 0.76 0.73 0.74 0.75 0.82 0.88 0.33
1.95 2.35 3.06 2.90 3.82 3.81 3.95 3.98 4.28 4.46 2.01
36 0.63 0.73 0.71 0.75 0.78 0.80 0.74 0.74 0.76 0.80 0.18
2.25 2.99 3.12 3.65 3.89 4.03 3.84 3.98 4.03 4.21 1.06
60 0.79 0.80 0.85 0.79 0.84 0.80 0.79 0.77 0.74 0.73 —0.05
2.87 3.34 3.70 3.70 4.06 3.96 3.96 3.94 3.93 3.97 —0.33
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE-3 (the Lewellen 3-variable model)
1 0.37 0.49 0.56 0.55 0.70 0.71 0.76 0.88 0.85 1.12 0.75
1.62 2.44 2.89 2.91 3.69 3.59 3.75 4.24 3.57 3.63 2.74
3 0.48 0.52 0.55 0.65 0.65 0.69 0.77 0.86 0.93 0.99 0.52
2.09 2.70 2.92 3.57 3.47 3.76 4.09 4.27 3.86 3.24 1.98
12 0.66 0.66 0.67 0.69 0.76 0.78 0.76 0.74 0.68 0.86 0.20
2.81 3.36 3.69 3.93 4.34 4.35 4.14 3.86 3.19 3.17 0.93
24 0.76 0.76 0.81 0.73 0.74 0.77 0.73 0.70 0.76 0.82 0.06
3.26 3.81 4.17 4.07 4.23 4.39 4.07 3.88 3.97 3.95 0.36
36 0.83 0.80 0.76 0.72 0.74 0.75 0.78 0.74 0.75 0.77 —0.06
3.50 3.88 3.83 3.76 3.94 4.07 4.28 4.09 4.04 3.75 —0.35
60 0.94 0.87 0.83 0.80 0.79 0.77 0.75 0.71 0.70 0.63 —0.31
3.84 4.20 4.24 4.25 4.27 4.20 4.17 4.00 3.90 3.21 —2.18
LCE-15 (the Lewellen 15-variable model)
1 0.43 0.57 0.56 0.60 0.71 0.60 0.74 0.90 0.99 1.20 0.77
1.65 2.82 2.93 3.16 3.90 3.02 3.68 4.27 4.30 4.45 2.86
3 0.49 0.57 0.60 0.56 0.67 0.72 0.73 0.83 0.91 1.11 0.62
1.96 2.96 3.39 3.07 3.70 3.82 3.70 3.93 3.84 4.01 2.39
12 0.62 0.69 0.68 0.67 0.69 0.72 0.74 0.67 0.79 0.87 0.26
2.69 3.60 3.83 3.82 3.90 3.90 3.81 3.06 3.21 3.07 1.11
24 0.65 0.68 0.68 0.71 0.72 0.74 0.73 0.76 0.76 0.80 0.15
3.05 3.99 3.81 3.96 3.95 3.95 3.77 3.63 3.35 2.91 0.69
36 0.69 0.73 0.66 0.72 0.72 0.74 0.76 0.78 0.73 0.82 0.12
3.15 3.82 3.69 4.09 3.96 4.09 4.13 4.06 3.44 3.19 0.60
60 0.79 0.82 0.75 0.75 0.73 0.69 0.70 0.72 0.70 0.73 —0.06
3.47 4.25 4.17 4.24 3.98 3.87 3.87 3.82 3.48 3.22 —0.31
CAPM (the Capital Asset Pricing Model)
1 0.61 0.66 0.72 0.72 0.91 0.74 0.71 0.84 0.85 0.88 0.27
4.67 4.58 4.34 3.95 4.45 3.43 3.06 2.95 2.66 2.23 0.71
3 0.61 0.65 0.73 0.72 0.88 0.80 0.71 0.84 0.82 0.87 0.26
4.74 4.55 4.47 4.01 4.37 3.68 3.05 3.06 2.58 2.20 0.69
12 0.62 0.64 0.71 0.74 0.81 0.78 0.75 0.79 0.81 0.84 0.22
4.86 4.52 4.37 4.15 4.16 3.66 3.33 2.93 2.68 2.20 0.61
24 0.63 0.65 0.71 0.74 0.82 0.77 0.74 0.72 0.83 0.83 0.20
4.80 4.55 4.38 4.14 4.34 3.74 3.32 2.75 2.85 2.25 0.60
36 0.63 0.66 0.72 0.75 0.82 0.79 0.71 0.72 0.80 0.81 0.18
4.85 4.59 4.52 4.22 4.35 3.85 3.28 2.84 2.87 2.28 0.55
60 0.61 0.67 0.74 0.75 0.78 0.77 0.74 0.72 0.81 0.79 0.19
4.59 4.66 4.62 4.34 4.19 3.78 3.41 2.99 2.95 2.34 0.63
FF6F (the Fama-French 6-factor model)
1 083 083 073 065 068 076 080 070 070  0.63  —0.20
312 408 395 366 389 421 430 363 320 221 —0.92
3 086  0.84 077 063 068 074 075 074 070  0.64  —0.22
327 413 419 365 394 419 414 3.8 313 226  —1.03
12 08 073 077 065 068 074 073 073 069 072  —0.14
331 360 424 392 399 427 411 391 318 264  —0.73
24 0.87 0.69 0.75 0.68 0.67 0.73 0.69 0.73 0.73 0.78 —0.09
3.41 3.45 4.15 4.15 4.02 4.29 3.97 3.93 3.47 2.99 —0.50
36 0.88 0.68 0.74 0.69 0.69 0.71 0.69 0.75 0.76 0.78 —0.10
3.53 3.46 4.21 4.23 4.14 4.26 3.96 4.05 3.64 3.02 —0.64
60 0.92 0.71 0.76 0.69 0.68 0.69 0.67 0.72 0.73 0.71 —-0.21
3.88 3.79 4.43 4.35 4.10 4.12 3.80 3.87 3.54 2.82 —1.51
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QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

QCE-GBA
QCE-GBH
LCE-3
LCE-15
CAPM
FF6F

Panel B: Pairwise

comparison tests with QCE

h Diff t h Diff t
1 0.14 0.88 24 0.19 1.42
1 —0.05 —0.39 24 0.13 1.07
1 0.36 1.12 24 0.40 2.37
1 0.34 1.12 24 0.32 1.36
1 0.84 1.78 24 0.26 0.68
1 1.31 4.52 24 0.56 2.47
3 —0.14 —0.94 36 —0.02 —0.12
3 —0.25 —2.10 36 0.01 0.07
3 0.37 1.19 36 0.24 1.64
3 0.26 0.88 36 0.06 0.32
3 0.62 1.31 36 0.01 0.02
3 1.11 3.87 36 0.29 1.24
12 0.12 0.93 60 0.10 0.78
12 0.10 0.77 60 0.10 0.83
12 0.45 1.78 60 0.36 2.76
12 0.39 1.39 60 0.11 0.52
12 0.43 0.98 60 —0.14 —0.41
12 0.79 3.00 60 0.26 1.14
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Table S.5 : Portfolio Sorts, Equal-weighted Returns, January 1977-December 2024

In Panel A, at the beginning of month ¢, we split the NYSE, Amex, and NASDAQ stocks on each cost of equity
into deciles and calculate the monthly equal-weighted returns for different holding periods, h (in months).
For instance, the 3-month horizon means that for a given decile in each month, there exist 3 subdeciles, each
initiated in a different month in the prior 3 months. We take the simple average of the subdecile returns as
the monthly return for the decile. We align the holding period with the forecast horizon in costs of equity,
e.g., we use the 12-month holding period when forecasting returns with 12-month ahead costs of equity.
We use NYSE-Amex-NASDAQ breakpoints and equal-weighted returns. Each decile return is in excess of
the 1-month Treasury bill rate. Beneath each row of average return estimates, we show the corresponding
Newey-West t-statistics. Panel B shows pairwise comparison tests of QCE (the ¢°-characteristics model via
cross-sectional regressions) versus alternative models. For each pairwise comparison, we test whether the
difference between the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE (the ¢®-characteristics model via cross-sectional regressions)

1 —0.34 0.28 0.60 0.71 0.93 0.92 1.08 1.21 1.61 2.06 2.40
—0.86 0.89 2.11 2.73 3.71 3.61 4.11 4.57 5.77 6.76 12.02

3 —0.28 0.39 0.68 0.76 0.94 0.96 1.04 1.23 1.39 1.84 2.13
—-0.74 1.25 2.45 2.91 3.74 3.75 3.90 4.65 5.09 6.09 11.02

12 0.15 0.63 0.79 0.88 0.88 0.91 0.98 1.07 1.27 1.55 1.41
0.44 2.25 3.00 3.41 3.39 3.46 3.64 3.83 4.41 4.73 8.32

24 0.31 0.60 0.76 0.82 0.88 0.96 1.05 1.14 1.32 1.51 1.20
1.05 2.32 2.98 3.24 3.38 3.59 3.83 4.00 4.41 4.48 7.84

36 0.48 0.77 0.82 0.88 0.92 0.97 1.02 1.08 1.18 1.32 0.84
1.64 2.91 3.16 3.44 3.53 3.66 3.78 3.90 4.16 4.13 6.01

60 0.68 0.85 0.89 0.91 0.94 0.97 0.99 1.05 1.11 1.23 0.55
2.58 3.35 3.48 3.51 3.60 3.69 3.72 3.84 3.96 3.86 4.54

QCE-GB (the ¢°-characteristics model via gradient boosting)

1 —0.59 0.33 0.49 0.71 0.83 1.06 1.08 1.21 1.47 2.48 3.06
—1.50 1.02 1.73 2.71 3.35 4.28 4.37 4.71 5.43 7.36 16.16

3 —0.43 0.36 0.63 0.78 0.87 1.03 1.07 1.18 1.42 2.05 2.47
—1.10 1.17 2.21 3.01 3.53 4.20 4.31 4.60 5.25 6.12 12.36

12 0.12 0.61 0.75 0.85 0.92 0.98 1.04 1.07 1.17 1.61 1.49
0.36 2.09 2.83 3.42 3.63 3.88 4.05 4.03 4.10 4.55 8.67

24 0.26 0.70 0.79 0.85 0.90 0.97 1.01 1.06 1.16 1.64 1.38
0.81 2.58 3.06 3.35 3.55 3.84 3.93 3.94 3.97 4.66 9.35

36 0.45 0.82 0.88 0.91 0.93 0.97 1.01 1.01 1.06 1.42 0.97
1.40 3.06 3.40 3.54 3.61 3.75 3.86 3.76 3.81 4.36 7.62

60 0.62 0.89 0.94 0.93 0.93 0.96 0.99 1.02 1.05 1.28 0.65
2.09 3.41 3.70 3.62 3.62 3.75 3.80 3.85 3.87 4.04 5.30
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE (the Lewellen 7-variable model)
1 —0.35 0.47 0.75 0.85 0.92 1.01 1.08 1.27 1.52 1.95 2.30
—1.01 1.67 2.97 3.43 3.77 4.15 4.30 4.66 5.14 5.45 9.38
3 —0.21 0.57 0.81 0.93 0.97 1.00 1.11 1.21 1.38 1.68 1.90
—0.62 2.06 3.17 3.80 4.04 4.14 4.46 4.50 4.71 4.80 7.99
12 0.07 0.71 0.85 0.92 0.95 0.99 1.07 1.13 1.27 1.58 1.51
0.21 2.73 3.50 3.85 3.99 4.06 4.22 4.11 4.25 4.47 6.73
24 0.22 0.71 0.84 0.90 0.92 0.98 1.05 1.16 1.31 1.57 1.35
0.69 2.74 3.52 3.87 3.91 4.02 4.13 4.25 4.45 4.52 6.16
36 0.37 0.80 0.91 0.93 0.97 0.97 1.03 1.10 1.22 1.44 1.06
1.16 3.06 3.69 3.84 4.07 3.97 4.09 4.19 4.34 4.47 5.19
60 0.64 0.87 0.95 0.96 0.96 0.98 1.00 1.06 1.17 1.32 0.68
2.09 3.40 3.88 3.95 3.98 4.01 4.00 4.07 4.26 4.27 3.55
ICE (the accounting-based implied cost of equity)
1 0.52 0.65 0.73 0.73 0.81 0.83 0.90 0.85 1.05 1.50 0.98
1.69 2.56 3.05 3.02 3.26 3.32 3.40 2.80 2.85 3.06 2.64
3 0.56 0.69 0.76 0.77 0.82 0.86 0.87 0.89 1.01 1.38 0.82
1.83 2.73 3.14 3.21 3.34 3.39 3.33 2.92 2.77 2.86 2.29
12 0.49 0.66 0.81 0.82 0.86 0.94 0.97 1.00 1.08 1.36 0.87
1.64 2.64 3.36 3.42 3.51 3.70 3.66 3.31 3.03 2.97 2.68
24 0.50 0.72 0.86 0.88 0.92 0.96 1.00 1.06 1.15 1.29 0.79
1.73 2.87 3.54 3.62 3.71 3.75 3.77 3.61 3.34 2.98 2.68
36 0.59 0.77 0.89 0.90 0.94 0.96 1.01 1.08 1.16 1.18 0.59
2.02 3.06 3.66 3.74 3.80 3.79 3.84 3.77 3.46 2.87 2.22
60 0.69 0.82 091 0.94 0.96 0.98 1.02 1.11 1.15 1.07 0.38
2.41 3.28 3.75 3.87 3.93 3.93 3.98 4.02 3.64 2.80 1.67
Q5F (the ¢°-factor model)
1 0.77 1.03 0.93 0.93 0.94 0.92 0.94 0.94 1.01 0.80 0.03
2.03 3.35 3.40 3.70 4.11 4.01 3.95 3.74 3.62 2.33 0.20
3 0.79 1.02 0.93 0.94 0.93 0.94 0.94 0.95 1.01 0.81 0.02
2.10 3.34 3.47 3.79 4.07 4.10 3.96 3.80 3.59 2.36 0.16
12 0.82 0.97 0.92 0.92 0.96 0.96 0.98 0.96 1.01 0.86 0.04
2.23 3.25 3.49 3.77 4.23 4.22 4.14 3.82 3.66 2.53 0.33
24 0.82 0.92 0.91 0.91 0.96 0.97 1.01 1.01 1.03 0.91 0.10
2.30 3.16 3.51 3.81 4.22 4.29 4.28 4.05 3.79 2.71 0.84
36 0.82 0.92 0.92 0.92 0.96 0.98 1.02 1.02 1.04 0.94 0.12
2.36 3.20 3.61 3.90 4.23 4.31 4.34 4.11 3.86 2.82 1.10
60 0.87 0.95 0.92 0.93 0.96 0.98 1.01 1.02 1.05 0.99 0.11
2.60 3.36 3.68 3.99 4.25 4.36 4.38 4.18 3.94 3.03 1.21
Panel B: Pairwise comparison tests with QCE
h Diff t h Diff t
QCE-GB 1 —0.66 —4.59 24 —0.18 —2.15
LCE 1 0.10 0.47 24 —0.15 —1.01
ICE 1 1.42 2.96 24 0.41 1.62
Q5F 1 2.37 10.78 24 1.10 5.46
QCE-GB 3 —0.35 —2.93 36 —0.13 —1.41
LCE 3 0.23 1.18 36 —0.22 —1.52
ICE 3 1.31 2.86 36 0.25 0.94
Q5F 3 2.10 9.87 36 0.72 4.04
QCE-GB 12 —0.08 —0.81 60 —0.10 —1.19
LCE 12 —0.10 —0.66 60 —0.13 —0.76
ICE 12 0.53 1.65 60 0.17 0.89
Q5F 12 1.37 6.07 60 0.44 2.72
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Table S.6 : Portfolio Sorts, Equal-weighted Returns, the All-but-micro Sample, January
1977-December 2024

Starting from the full sample, we exclude microcaps (stocks with market equity below the NYSE 20
percentile) from each cross section. In Panel A, at the beginning of month ¢, we split all stocks on each
cost of equity into deciles and calculate the monthly equal-weighted returns for different holding periods,
h (in months). For instance, the 3-month horizon means that for a given decile in each month, there exist
3 subdeciles, each initiated in a different month in the prior 3 months. We take the simple average of the
subdecile returns as the monthly return for the decile. We align the holding period with the forecast horizon
in costs of equity, e.g., we use the 12-month holding period when forecasting returns with 12-month ahead
costs of equity. We use all-but-micro breakpoints and equal-weighted returns. Each decile return is in excess
of the 1-month Treasury bill rate. Beneath each row of average return estimates, we show the corresponding
Newey-West t-statistics. Panel B shows pairwise comparison tests of QCE (the g°-characteristics model via
cross-sectional regressions) versus alternative models. For each pairwise comparison, we test whether the
difference between the two high-minus-low (H—L) decile returns is on average zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
QCE (the g°-characteristics model via cross-sectional regressions)
1 0.15 0.49 0.60 0.76 0.84 0.85 0.93 1.11 1.15 1.34 1.18
0.45 1.89 2.53 3.17 3.67 3.90 4.12 4.93 4.95 5.55 5.98
3 0.19 0.54 0.71 0.80 0.81 0.87 0.92 1.07 1.14 1.20 1.01
0.58 2.06 2.92 3.34 3.61 3.98 4.12 4.80 4.84 4.99 5.39
12 0.40 0.65 0.74 0.81 0.86 0.88 0.91 0.95 0.99 1.06 0.66
1.30 2.49 3.03 3.44 3.79 3.91 4.02 4.20 4.24 4.38 4.52
24 0.51 0.71 0.75 0.80 0.85 0.86 0.92 0.93 0.98 1.07 0.56
1.79 2.82 3.10 3.43 3.68 3.72 3.97 3.97 4.15 4.33 4.81
36 0.67 0.80 0.80 0.83 0.85 0.86 0.86 0.91 0.93 1.03 0.35
2.41 3.23 3.34 3.53 3.70 3.74 3.70 3.93 3.91 3.93 3.19
60 0.82 0.89 0.88 0.88 0.86 0.87 0.86 0.85 0.90 0.94 0.11
3.06 3.62 3.71 3.74 3.73 3.76 3.69 3.62 3.75 3.61 1.08
QCE-GB (the ¢°-characteristics model via gradient boosting)
1 0.12 0.44 0.66 0.81 0.79 0.98 0.92 1.04 1.17 1.29 1.17
0.38 1.65 2.76 3.52 3.57 4.29 4.20 4.53 5.04 5.15 7.52
3 0.21 0.50 0.74 0.76 0.86 0.90 0.95 1.05 1.08 1.21 1.00
0.69 1.86 2.99 3.36 3.81 4.08 4.32 4.61 4.66 4.81 6.78
12 0.46 0.65 0.75 0.80 0.87 0.89 0.87 0.92 0.97 1.07 0.61
1.52 2.50 3.12 3.49 3.88 3.98 3.83 4.07 4.23 4.22 4.59
24 0.54 0.74 0.76 0.81 0.86 0.87 0.91 0.91 0.95 1.03 0.49
1.91 2.98 3.21 3.51 3.75 3.85 3.89 3.86 4.01 4.05 4.52
36 0.65 0.79 0.84 0.86 0.86 0.89 0.88 0.90 0.92 0.95 0.30
2.35 3.21 3.50 3.73 3.75 3.89 3.76 3.83 3.86 3.68 2.81
60 0.76 0.89 0.89 0.92 0.90 0.88 0.87 0.87 0.86 0.89 0.13
2.85 3.65 3.77 3.96 3.88 3.80 3.75 3.69 3.62 3.59 1.40
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h 1 2 3 4 5 6 7 8 9 10 H-L
LCE (the Lewellen 7-variable model)
1 0.16 0.53 0.70 0.79 0.85 0.96 0.93 1.00 1.06 1.26 1.10
0.54 2.21 3.10 3.68 4.10 4.61 4.60 4.92 4.77 4.26 5.60
3 0.27 0.63 0.73 0.79 0.88 0.92 0.95 0.99 1.04 1.11 0.84
0.94 2.57 3.28 3.71 4.25 4.50 4.73 4.90 4.66 3.87 4.27
12 0.49 0.77 0.81 0.84 0.88 0.91 0.91 0.93 0.90 0.84 0.35
1.69 3.22 3.59 3.83 4.18 4.49 4.48 4.56 4.19 3.11 2.02
24 0.56 0.77 0.83 0.85 0.89 0.90 0.89 0.89 0.91 0.88 0.32
2.04 3.33 3.85 4.01 4.27 4.33 4.31 4.13 4.12 3.26 2.29
36 0.65 0.78 0.84 0.88 0.90 0.89 0.88 0.88 0.91 0.91 0.27
2.33 3.38 3.84 4.14 4.27 4.23 4.17 4.13 4.12 3.59 1.95
60 0.78 0.84 0.90 0.91 0.92 0.90 0.89 0.88 0.82 0.83 0.05
2.84 3.59 4.12 4.25 4.34 4.34 4.21 4.15 3.82 3.39 0.38
ICE (the accounting-based implied cost of equity)
1 0.69 0.61 0.72 0.76 0.84 0.79 0.83 0.86 0.84 0.92 0.23
241 2.55 3.19 3.40 3.81 3.44 3.58 3.69 3.56 3.11 0.93
3 0.73 0.66 0.77 0.78 0.81 0.85 0.84 0.82 0.78 0.85 0.13
2.56 2.77 3.41 3.47 3.67 3.72 3.63 3.56 3.36 2.94 0.52
12 0.62 0.69 0.78 0.82 0.84 0.85 0.86 0.83 0.80 0.83 0.20
2.25 2.94 3.50 3.67 3.78 3.75 3.74 3.60 3.40 2.95 0.95
24 0.58 0.71 0.81 0.86 0.88 0.88 0.89 0.86 0.83 0.85 0.27
2.14 3.03 3.63 3.84 3.93 3.85 3.87 3.73 3.53 3.08 1.38
36 0.61 0.74 0.83 0.87 0.90 0.91 0.91 0.89 0.86 0.85 0.23
2.31 3.17 3.7 3.90 4.04 4.00 3.95 3.82 3.70 3.10 1.25
60 0.68 0.75 0.84 0.89 0.91 0.92 0.93 0.92 0.88 0.86 0.18
2.62 3.28 3.80 4.00 4.05 4.04 4.06 3.97 3.90 3.26 1.06
Q5F (the ¢°-factor model)
1 0.71 0.82 0.83 0.84 0.84 0.79 0.85 0.85 0.85 0.87 0.16
2.38 3.38 3.73 4.01 4.30 3.93 4.19 3.92 3.64 3.06 1.14
3 0.70 0.80 0.85 0.83 0.84 0.82 0.86 0.90 0.85 0.86 0.15
2.37 3.30 3.83 4.07 4.23 4.11 4.26 4.12 3.62 3.03 1.12
12 0.65 0.76 0.80 0.82 0.87 0.85 0.87 0.89 0.88 0.86 0.20
2.21 3.14 3.66 4.02 4.40 4.32 4.28 4.12 3.74 3.08 1.63
24 0.62 0.75 0.79 0.82 0.87 0.86 0.90 0.93 0.92 0.90 0.28
2.11 3.07 3.63 4.00 4.37 4.32 4.35 4.30 3.92 3.25 2.33
36 0.65 0.76 0.80 0.83 0.87 0.88 0.91 0.93 0.95 0.92 0.27
2.25 3.14 3.70 4.05 4.37 4.38 4.41 4.31 4.03 3.33 2.34
60 0.75 0.77 0.80 0.83 0.87 0.88 0.91 0.92 0.96 0.95 0.20
2.65 3.23 3.73 4.10 4.34 4.40 4.43 4.31 4.07 3.46 1.94
Panel B: Pairwise comparison tests with QCE
h Diff t h Diff t
QCE-GB 1 0.01 0.09 24 0.07 1.18
LCE 1 0.08 0.34 24 0.24 1.65
ICE 1 0.95 291 24 0.29 1.22
Q5F 1 1.02 4.93 24 0.28 1.73
QCE-GB 3 0.01 0.09 36 0.05 1.06
LCE 3 0.17 0.75 36 0.09 0.74
ICE 3 0.88 2.79 36 0.12 0.50
Q5F 3 0.85 4.37 36 0.08 0.48
QCE-GB 12 0.05 0.76 60 —0.02 —0.50
LCE 12 0.31 1.88 60 0.06 0.53
ICE 12 0.46 1.68 60 —0.07 -0.33
Q5F 12 0.45 2.67 60 —0.09 —0.59
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Table S.9 : Test Results for the Structural Investment Model, January 1977-December 2024

In Panel A, at the beginning of month ¢, we split all stocks on the structural cost of equity into deciles and
calculate the monthly value-weighted returns for different holding periods, h (in months). For instance, the
3-month horizon means that for a given decile in each month, there exist 3 subdeciles, each initiated in a
different month in the prior 3 months. We take the simple average of the subdecile returns as the monthly
return for the decile. We align the holding period with the forecast horizon in costs of equity, e.g., we use
the 12-month holding period when forecasting returns with 12-month ahead costs of equity. We use NYSE-
Amex-NASDAQ breakpoints and value-weighted returns. Each decile return is in excess of the 1-month
Treasury bill rate. Beneath each row of average returns, we show the corresponding Newey-West ¢-values.
Panel B shows cross-sectional predictive regressions of subsequent h-month returns on the structural h-month

[194

ahead cost of equity at the beginning of month ¢. “s” is the average slope, “steg

2

its Newey-West standard
error, and “|ts—1|” the absolute t-value that tests the slope equals one. “bias” is the average cross-sectional

2

mean of subsequent h-month returns minus the h-month ahead costs of equity (in %), “ste,” its time-series

Newey-West standard error, and “tp—¢” the t-value that tests the bias equals zero.

Panel A: Portfolio sorts

h 1 2 3 4 5 6 7 8 9 10 H-L
The full sample
1 0.38 0.68 0.77 0.72 0.73 0.80 0.80 0.77 0.93 0.92 0.54
1.45 3.06 3.72 3.48 4.29 4.69 4.85 3.97 5.41 4.40 2.30
3 0.20 0.58 0.72 0.81 0.68 0.85 0.93 0.82 0.88 0.97 0.77
0.73 3.12 3.45 4.02 3.75 4.90 5.06 4.63 4.75 4.88 3.45
12 0.38 0.55 0.71 0.79 0.83 0.79 0.86 0.83 0.83 1.06 0.68
1.51 3.04 3.48 3.95 4.09 4.32 4.63 4.22 4.30 5.54 3.19
24 0.47 0.59 0.72 0.73 0.84 0.80 0.81 0.79 0.88 0.91 0.44
1.86 3.33 3.49 3.43 4.07 4.19 4.29 4.01 4.35 4.89 2.13
36 0.55 0.68 0.83 0.84 0.91 0.83 0.85 0.85 0.85 0.89 0.34
2.11 3.79 4.56 4.19 4.69 4.71 4.65 4.61 4.36 5.05 1.64
60 0.60 0.72 0.81 0.88 0.86 0.82 0.84 0.85 0.82 0.84 0.24
2.40 3.89 4.00 4.29 4.43 4.29 4.54 4.48 3.96 4.58 1.23
The all-but-micro sample
1 0.20 0.67 0.72 0.73 0.66 0.80 0.87 0.80 0.77 0.90 0.70
0.81 3.65 3.52 3.58 3.53 4.12 4.85 4.29 4.17 4.71 3.31
3 0.25 0.62 0.75 0.80 0.63 0.86 0.79 0.86 0.82 0.89 0.64
1.01 3.38 3.50 3.80 3.36 4.59 4.46 4.61 4.38 4.81 2.97
12 0.35 0.60 0.76 0.81 0.74 0.81 0.84 0.90 0.77 0.92 0.57
1.39 3.32 3.78 3.68 4.27 4.15 4.50 5.13 3.74 4.81 2.63
24 0.44 0.66 0.75 0.78 0.73 0.79 0.81 0.86 0.77 0.88 0.44
1.81 3.53 3.72 3.56 3.77 4.15 4.11 4.62 3.72 4.69 2.14
36 0.52 0.79 0.82 0.88 0.82 0.85 0.88 0.89 0.80 0.89 0.37
2.06 4.25 4.63 4.26 4.31 4.79 4.79 4.99 4.16 5.14 1.80
60 0.57 0.81 0.86 0.83 0.78 0.88 0.80 0.88 0.77 0.83 0.26
2.25 4.28 4.66 3.85 4.03 4.80 4.31 4.70 3.91 4.63 1.30
Panel B: Cross-sectional predictive regressions
h s stes [ts=1] bias step tb—o s stes [ts=1] bias step tb—o
The full sample The all-but-micro sample
1 0.07  0.03 33.09 —2.13 0.26 —8.16 0.06 003 2774 —224 0.21 —10.65
0.15  0.06 15.15 —1.41 091 —1.54 0.11  0.06 16.13 —1.99 0.73 —2.72
12 026 0.14 5.37 7.03 5.44 1.29 0.14 0.11 8.10 3.15 267 1.18
24 031 0.12 5.93 20.16 6.74 2.99 0.19  0.08 10.66 11.91  3.66 3.26
36 0.32  0.09 7.20 34.35 9.78 3.51 0.23  0.07 10.54 22.06 4.74 4.65
60 0.31 0.10 7.03 66.28  18.42 3.60 0.17  0.06 13.24 49.36  9.76 5.06
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