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1. Introduction

Both macroeconomic variables and technical indicators can be used to forecast market-
level equity returns (e.g., Goyal and Welch, 2008; Brock, Lakonishok, and LeBaron, 1992).
Moreover, Neely, Rapach, Tu, and Zhou (2014) show that these variables can complement
each other in forecasts of the market risk premium. We contribute to the literature by
considering the predictive ability of macroeconomic and technical factors for individual stock
returnst.

We consider whether there is variation of predictability in the cross-section based on
the extent of limits to arbitrages in different stocks and whether the predictability changes
through time. Campbell, Lettau, Malkiel, and Xu (2001) find that investors bear higher
idiosyncratic risks by investing in individual stocks rather than the aggregate market and
Stambaugh, Yu, and Yuan (2012) note that stocks with higher idiosyncratic risk are more
susceptible to greater arbitrage risk and mispricing. Moreover, Peng and Xiong (2006) show
that limits to investor attention mean that firm-specific information is more likely to be
overlooked than market-wide information.

Our study for individual stock returns predictability builds on the framework in Neely,
Rapach, Tu, and Zhou (2014, NRTZ hereafter). We follow NRTZ and extract three principal
components from the fourteen macroeconomic variables (PC-MACRO), one principal
component from the fourteen technical indicators and four principal components from all the
twenty-eight predictors. We contribute to the literature in three ways. First, we investigate the

forecasting roles of macroeconomic and technical predictors at the firm level. We find that

L While the majority of papers consider predictability using market returns, a number of authors (including Lee
and Swaminathan (2000), Jegadeesh and Titman (2001) for technical factors and Boudoukh, Michaely,
Richardson, and Roberts (2007) and Mookerjee and Yu (1997) for fundamental factors) have considered
individual stock returns.
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market-level predictability evident in NRTZ shows up at the firm level. Both fundamental
indicators and technical variables predict individual stock returns.

Second, we consider the impact of proxies for limits to arbitrage, including firm size,
liquidity and volatility on predictability. We find that macroeconomic variables perform better
in predicting large size, high liquidity, and low volatility with low arbitrage constraint stocks,
technical indicators exhibit stronger predictive power for the high limits of arbitrage firms
(smaller, illiquid, volatile firms). A sizable literature shows that large, high liquidity, and low
volatility firms are more sensitive to the change of macroeconomic conditions and are,
therefore, more susceptible to changes in macroeconomic variables?. On the contrary, technical
analysis is widely applied for assessing stocks with less efficiency and the prediction mainly
based on past prices and perhaps other past statistics decisions®.

Third, we assess the variation of individual stock predictability over the business cycle
and test whether the influence of limit of arbitrage changes through time. Our results show that
macroeconomic variables display good predictive ability across the business cycle but even
better in recessions while technical indicators show stronger predictive power during tight
periods but are somewhat weaker in expansions. Furthermore, macroeconomic variables can
better predict low arbitrage constraint firms; that is, the large, high liquidity firms in recessions.

However, technical indicators consistently show more significant evidence of stronger

2 papers that test the relationship between macroeconomic indicators and firm size include Chan, Chen, and Hsien
(1985), who find that macroeconomic variables can well explain size effect, and Chan and Chen (1991) who
indicate that large firms are more effective in dealing with market economic information than smaller firms are.
Chen and Mahajan (2010) find a positive relationship between macroeconomic factors and corporate liquidity.

3 Delong et al. (1990) show that in the presence of limits to arbitrage, noise traders with irrational sentiments make
trading decisions based on current trading price rather than rational analysis of fundamental information of stocks,
which drives the stock price far away from its instinct value.

4



predictive power for high limits of arbitrage firms (smaller, low liquidity and volatile firms) in
expansions.

Our paper contributes to several strands of the literature. First, we add to predictability
papers. Goyal and Welch (2008) claim that macroeconomic variables cannot predict the
aggregate stock market. Similarly, Rapach, Wohar, and Rangvid (2005) state that few
macroeconomic variables have predictive power based on worldwide aggregate stock markets.
Other recent studies which employ fundamental variables include Maio and Philip (2015) and
Rapach, Ringgenberg, and Zhou (2016). In investigating the predictive roles of technical
indicators, earlier empirical studies like Lo, Mamaysky, and Wang (2000) find significant
prediction evidence by applying technical analysis while most recent research of Lin (2018)
demonstrates that his new technical analysis index can improve the predictive power in
forecasting the aggregate market. NRTZ evaluate both fundamental and technical variables in
predicting equity returns. However, these studies do not comprehensively analyze how
macroeconomic Vvariables and technical indicators predict individual stock returns.
Consequently, we fill the gap of predictability in the individual section by applying both the
two sets of indicators and find highly consistent prediction evidence of previous market level
findings.

Second, we add to literature around limits to arbitrage. Shleifer and Vishny (1997)
suggest that limited and costly arbitrage opportunities drive stock prices far away from their
fundamental value. This inefficient arbitrage of stock returns creates predictability
opportunities. Many papers illustrate that high-constrained firms earn higher risk premium
returns (e.g., Whited and Wu, 2006; Li and Zhang, 2010). Therefore, we motivate to investigate
whether there is variation in individual stock predictability based on the extent of limits to
arbitrages, mainly on the three main proxies: firm size, stock return volatility and illiquidity.

To our knowledge, we are the first paper to document a predictive link between arbitrage



proxies-sorted individual firms with both macroeconomic variables and technical indicators.
Our results are consistent with related areas of theoretical and empirical studies. Li and Zhang
(2010) indicate larger limits of arbitrage firms earn higher expected returns by employing g-
theory. Lam and Wei (2011) find that there is a significant positive relationship between limits
to arbitrage and the asset growth anomaly.

Third, we contribute to the literature that considers variation in predictability over time.
Fama and French (1989) find that the default spread and the dividend yield display different
roles in tracking expected returns across the business cycle. Pesaran and Timmermann (1995)
indicate that the predictive power of various economic factors are in volatile periods.

The remainder of this paper proceeds as follows. Section 2 presents the data and method.

Empirical results are discussed in Section 3. Finally, we make a conclusion in section 4.

2. Data and Method

2.1. Data

The sample in our paper is all common stocks trade on the NYSE, AMEX, and
NASDAQ exchanges with available monthly stock return data retrieved from the Centre for
Research in Security Press (CRSP) database. In order to have comparisons with prior market
predictability, we follow the sample data spanning of NRTZ that starts from January 1951 and
ends in December 2011. In order to keep sufficient observation of regression, we keep firms
that have over ten years’ monthly returns. After excluding delisting stocks and deleting the
observations with a monthly return less than 100%, 8,695 firms remain at the end. There are

two sets of parallel control variables in our paper: the first is the 14 macroeconomic variables



by following the variable definitions detailed in Goyal and Welch’s* (2008) paper while the

other one is the 14 technical indicators applied from NRTZ’s® study.

2.2. Method

2.2.1. Principal Components Predictive Regression

We apply the principal component predictive regression in detecting the predictability

of individual stocks as follows:

Vi1 = @+ 2n=q Bnﬁf,t + €41y (1)

where y;,, is one of the 8,695 equity returns in excess of risk-free rate in month t + 1; ﬁ,’;t
represents the n-th principal components which incorporate information from the document 14
fundamental variables (P=MACRO), 14 technical predictors (P=TECH), or all the 28
predictors together (P=ALL). Comparing with market level predictive results, we generally
follow NRTZ in selecting the components value N. The value of N equals three for 14
macroeconomic variables; N equals one for the 14 technical variables; and N equals four,
given all the 28 predictors taken together. The critical value applied in our in-sample regression
based on the heteroscedasticity-consistent t-statistics by applying the Newey West test under
the hypothesis of Hy: 8; = 0 against Hy: §; # 0.

The predictability results are categorized based on the ranking of three arbitrage proxies:

illiquidity, volatility, and size. First, we measure the monthly volatility of each stock by the

4 Much appreciation for Amit Goyal making these data available on his website
5 Much appreciation for Dave Rapach making these data available on his website



standard deviation of its daily return. Second, we directly apply the monthly capitalisation to
rank each stock into different size groups. Last, the illiquidity index ILLIQ is calculated by

Amihud's (2002) measure defined as follows:

ILLIQ, = 106&2(1& )

VOL;

where R; is the daily return in month t; DVOL, is the dollar volume which equals daily price
times daily volume, and D, is the number of trading days in month t. This illiquidity index
measures the changes in absolute returns for a given trading volume. Each firm’s monthly
illiquidity index is calculated from the average of daily illiquidity value.

Following the cross-sectional prediction investigation above, we further engage the
predictability change over time by applying the following principal component predictive

regression:
Yes1 = @+ Xoq BBy * DREC, + X0 —y VnFly * DEXPy + €444 3)

where the added DREC, (DEXP,) represents the recession (expansion) dummy variable that
equals unity when month t in recession (expansion) and zero otherwise, DEXP;, =1 —
DREC, . We apply four alternative specifications in defining the recession dummy
variable DREC, and the expansion dummy variable DEXP;. The first is the National Bureau of
Economic Research (NBER)® dated business cycle expansions and recessions, DREC, equals
to unity if the economy is in recession and zero otherwise, DEXP, = 1 — DREC,. The second

alternative is defined by applying data from Chicago Fed National Activity Index (CFNAI)’,

6 The data are available at http://www.nber.org/cycles/cyclesmain.html
7 The data are available at_https://www.chicagofed.org/publications/cfnai/index



http://www.nber.org/cycles/cyclesmain.html

the recession (expansion) dummy indicator equals to unity when CFNAI-MAZ3 is less (greater)
than -0.7 in month t and zero otherwise. We estimate the third alternative by following Cooper,
Gutierrez, and Hameed (2004) who measure economic condition based on past three years’
financial market performance. If the cumulative return on a broad stock market index of the
past 36 months is greater (less) than zero, the expansion (recession) dumm Amihud Yy indicator
is defined as unity and zero otherwise. The last alternative measure comes from Hameed, Kang,
and Viswanathan (2010) who directly use the market-value-weighted stock index to estimate
the economic conditions, and the recession (expansion) dummy variable equal to unity if and

only if the market return is less (greater) than zero.

2.2.2. Simple Linear Regression

Principal component analysis parsimoniously incorporates information from a large
number of predictors. In comparison, we apply the conventional simple linear regression

model as our robustness test as follows:

Veer = @ + BiXir + €ip41 (4)

where y.,, is the excess return of each individual stock at month t+1; x; . is one of the 14
macroeconomic or 14 technical predictors in month t. We calculate the Newey West t-statistics
of each predictive regression that are consistent with the above principal component analysis.
The estimated results of each firm are sorted into five groups based on three arbitrage proxies,
illiquidity, volatility, and size, which are the same in the principal component predictive

analysis.



Exploring the time effect on the predictability of individual stocks, we apply the
recession dummy variable to interact with each predictor in the regression to detect the

predictability of individual stocks across the business cycle:

Yes1 = & + B1ixit * DRECy + BoiX;i * DEXPy + €414 (5)

where x; . * DREC, (x; * DEXP,) is the interaction between the recession (expansion) dummy
variable and one of the macroeconomic or technical predictors in month t. We report the main

results by applying the NBER business cycle.

3. Empirical Results

3.1. Firm Level Predictability Evidence

Table 1 contains the principal components predictive regression results collected from NRTZ’s
paper and our firm level study which is summarised by proportion. Market level results in the
second column shows that macroeconomic variables can positively predict an aggregate market
based on the principal components while the R2-statistics in the third column provide the
complementary predictive evidence of macroeconomic and technical predictors in forecasting
aggregate markets. The sum of the R2-statistics for the PC-MACRO (1.18%) and PC-TECH
(0.84%) models in panels A and B are equal to the R?-statistics for PC-ALL (2.02%) model in
panel C.

In comparison, the firm-level principal components predictive regression results report
in the other columns of table 1. All the estimate coefficients significant at 10% level are sorted

into positive and negative proportions in the fourth and fifth columns. We can observe that all
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the positive and significant (PS) proportions are typically higher by six to twenty percent than
when there is a negative and significant (NS) proportion. The row immediately close to the last
component of panel B and panel C reports the average positive (negative) significant proportion
that is calculated by summing the numbers of positive (negative) and significant slope
coefficients and then dividing by the total number of firms times the value N. The aggregate
results include consistent higher positive and significant proportions of estimated coefficients.
At first glance, the average R? statistic is comparatively larger for the PC-MACRO model in
panel A than the PC-TECH model in panel B. Additionally, the sum value of average R? and
adjusted-R? for firm level PC-MACRO (2.22%, 0.77%) and PC-TECH (0.57%, 0.08%) is
closely equal to the average R? and adjusted-R? for PC-ALL (2.74%, 0.81%) model in panel
C. Moreover, we contract significant tests for the difference of R? statistic between the average
R? ( adjusted-R?) for PC-ALL models and the PC-MACRO or PC-TECH models in the last
two rows of panel C to confirm the suggestion of NRTZ at firm level that macroeconomic

variables and technical indicators essentially contain complementary prediction information.

[Please Insert Table 1 About Here]

The conventional regression results are reported in appendix 1 which are robust to the
principal component predictive approach in table 1. All the macroeconomic variables and 13
of 14 technical variables exhibit stronger predictive power in positively forecasting individual
firms returns that are highly consistent with the principal component predictive regression

results in table 1.
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3.2. Cross sectional Predictability

The limits-to-arbitrage hypothesis suggests that higher limits of arbitrage firms receive
higher risk returns than low limits of arbitrage firms. Thus, to investigate the influence of
limits-to-arbitrage in predicting individual stock returns, we consider three primary aspects of
limits of arbitrage in this section: the arbitrage risk (measured by volatility), transaction costs
(measured by Amihud (2002) illiquidity), and the investment friction (measured by firm size).

Tale 2 shows the size-sorted predictive regression results at the firm level. The
estimation results for the PC-MACRO model in panel A indicate that macroeconomic variables
have higher predictive ability for larger firms, whereas the estimate proportion results of the
PC-TECH model in panel B exhibit stronger forecasting power for smaller firms. The results
of the PC-AIll model in panel C imply that macroeconomic variables and technical variables
actually complement each other in cross section predictability of individual stocks. Four
principal components in the PC-ALL model essentially reflect the predictive message of the
PC-MACRO model in panel A and the PC-TECH in panel B. The significant proportion of
first principal component (FAL) in the PC-ALL model has a higher magnitude for smaller
firms which is highly consistent with the findings on panel B (FTE¢H), whereas the other three
components show stronger predictive power for large size firms that reveal similar information
on panel A of the three macroeconomic components (FECON, FECON = FECON),

These findings confirm NRTZ’s (2014)® suggestion and are further evidence that macro
variables and technical indicators provide complementary information in the cross section

prediction based on the extent of limits of arbitrage.

8 Neely et al. (2014) illustrate that the first principal component in the PC-ALL model closely responds to the
technical indicators while the other three principal components of PC-ALL load heavily on PC-MACRO (1), PC-
MACRO (2), and PC-MACRO (3), respectively.
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[Please Insert Table 2 About Here]

Average R?- statistics of all the three panels in table 2 are higher for smaller firms and
diminish when the firm size increases. In addition, the sum of the average R? statistics for the
PC-MACRO (with components extracted from 14 macroeconomic variables) model and the
PC-TECH model (with components extracted from 14 technical variables) equals the average
R? statistic for the PC-ALL (with components extracted from the entire variables) model.
These findings indicate that macro and technical predictors complement each other in
predicting size-sorted firms. Moreover, Appendix 2 delivers the same information as table 2
by applying univariate simple linear regression. The majority of macroeconomic variables
exhibit higher predictive ability for large stocks, whereas technical indicators do better in

forecasting small firms®.

[Please Insert Table 3 About Here]

The liquidity-sorted principal component predictive regression results in table 3 have a
similar predictive pattern to the size-sorted findings in table 2. Panel A of Table 3 shows that
macroeconomic variables have stronger predictive power for higher liquidity firms especially
for the first and third component, FECON | and FECON | The larger firms show significantly
higher proportions in predicting individual stocks for the first and third principal components
in panel A. However, technical predictors in panel B display contrary roles in that they show
significantly stronger forecasting power for low liquidity firms. Panel C reports the prediction

results by the four principal components extracted from the entire 28 variables.

% For brevity, the complete results of liquidity and volatility sorted predictability results are reported in the internet
appendix.
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We can learn that macroeconomic variables and technical indicators generate
complementary predictive information in forecasting individual stock returns. The first
principal component (F{A-L) reports identical predictive information of the technical component
in panel B, while the other three components (FALL, FALL, FALL) in panel C again have the
most instances of generating similar predictive messages to the three macroeconomic
components in panel A. The R? statistic in the last row of each panel diminishes with increase
of liquidity. Moreover, the sum of the R?- statistic in panel A and B equals the R?- statistic in
panel C which provides the consistent information of size-sorted results in table 2 that further
support the complementary prediction evidence of macroeconomic variables and technical

indicators in predicting liquidity-sorted individual stocks.

[Please Insert Table 4 About Here]

The volatility-classified results in table 4 report that three out of four principal
components extracted from macroeconomic variables in panel A can better predict low
volatility firms while technical indicators in panel B primarily capture the fluctuations of
volatile firms. The four principal components extracted from the entire variables
complementary load the predictive information from macro variables and technical indicators.
The evidence from the first principal component is weaker than presented in the size-sorted
and liquidity-sorted finings, whereas the other three components were generally consistent with
the prediction results of macro principal components in panel A. We can see that the magnitude
of the R?- statistic is significantly reduced by the increase of volatility at the end of each panel,
and the sum of the R?- statistic in panels A and B for the PC-MACRO and the PC-TECH
roughly equals the R?- statistic in panel C for PC-ALL models. Thus, the results for R?-

statistic keep supporting our hypothesis of volatility-sorted firms that low volatility firms (low
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limits of arbitrage firms) can be better predicted by macroeconomic factors while technical
indicators do better in forecasting volatile firms (high limits of arbitrage firms).

Taken together, the results based on table 2 to table 4 suggest several takeaways for the
limits to arbitrage effecting work on the cross-sectional predictability of individual stock
returns. First, macroeconomic variables and technical indicators capture complementary
information in the cross-sectional predictability of individual returns based on the extent of the
limits of arbitrage. Principal components derived from macroeconomic variables play higher
predictive ability in forecasting large, liquid and low volatility firms, while principal
components extracted from technical indicators show stronger forecast power to high limits of

arbitraged (smaller, low liquidity, and volatile firms) firms.

3.3. Predictability during Recessions and Expansions

The main results in Section 3.2. explain the influence of different aspects of the limits
of arbitrage on the predictability of individual stock returns by using both macroeconomic
variables and technical indicators. In this section, we further investigate the variation of firm

level predictability across the economic cycle.

[Please Insert Table 5 About Here]

The results shown in table 5 report the overall predictability of individual stock returns
across the business cycle. Panel A of table 5 indicates that principal components extracted from
macroeconomic variables perform well through time but comparatively better in recessions.
Technical indicators in panel B demonstrate that technical indicators have good forecast

performance in recessions but are somewhat weaker in expansions and comparatively show
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significantly higher predictive proportions during recessions. The average R?- statistic for the
PC-ALL model in panel C is 5.18%, which generally equals the sum of the R2- statistic for the
PC-MACRO model (4.17%) and the PC-TECH model (1.11%). In addition, we report the
significant test of the two pairs of the R?- the statistical difference between the PC-ALL model
with the PC-MACRO model, and the PC-ALL model with the PC-TECH model at the bottom
of panel C. The significant t-statistics for both of the two pairs of R?- statistic difference
suggest that the macro variables and technical indicators capture different predictive
information over the business cycle.

Appendix 3 contains predictive information by applying the alternative recession
dummy variable calculated by using the CHANI-MAS3 index which is highly consistent with

the findings in table 5.

3.4. Cross-Sectional Predictability during Recessions and Expansions

In this section, we consider the influence of economic conditions on the cross-section

predictability of individual stock returns based on the extent of limits to arbitrage.

[Please Insert Table 6 About Here]

Table 6 represents the size-sorted principal component predictive regression results
across the business cycle. For comparison, we only report the results for the largest firms and
smallest firms. The fourth column in panel A shows that macroeconomic variables generally
do better in predicting large firms in recessions especially for the third principal components

and the average level as well. However, the proportional estimate results in panel B reveal the
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opposite prediction roles of technical indicators that the extracted principal components show
stronger predictive power for smaller firms on expansions but weaker during recessions.

Turning to the results in panel C, we can see that the first principal component extracted
from the entire variables exhibits similar predictive information of technical predictors in panel
B that provide more predictive information for small firms in expansions. The other three
components in panel C exhibit closer identical information of macroeconomic variables in
panel A that better forecast large firms in expansions. Moreover, the comparison results in the
last column show that the difference between smaller and larger firms’ predictability are higher
in expansions which indicates that the size effect for all the principal components is higher
during expansions. Smaller firms have significantly higher R?-statistics in the prediction
regression than large firms in all the three panels.

Table 7 shows the principal component analysis results sorted by Amihud’s (2002)
illiquidity measure. We compare the estimate results for the highest illiquidity firms and the

lowest illiquidity firms during recessions and expansions, respectively.

[Please Insert Table 7 About Here]

The principal components extracted from macroeconomic variables in panel A exhibit
higher predictive ability for high liquidity firms in both recessions and expansions. However,
turning to the results of the technical indicators in panel B, we can see that the technical
indicators do better in measuring the movement of low liquidity firms in expansions. In
addition, panel C provides complementary predictive information for macroeconomic and
technical indicators for liquidity-sorted firms. The first principal component mimics the
predictive ability of technical indicators in panel B while the other three exhibit similar

information of macroeconomic variables in panel A. Additionally, the difference in liquidity-
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sorted proportion difference between recessions and expansions is significantly negative in
panel B and panel C which indicate that the liquidity effect is more obvious in expansions for
technical variables. Moreover, the R?-statistics are higher for the low liquidity firms of all three
principal components’ predictive regressions.

Table 8 presents the results of volatility-sorted individual firms during recessions and

expansions, respectively.

[Please Insert Table 8 About Here]

As shown in Table 8, the predictive ability of macroeconomic variables and technical
indicators are quite different for the volatility-sorted firms during recessions and expansions.
The empirical results in panel A of table 8 indicate that macroeconomics generally have higher
predictive ability for high volatility firms in recessions and low volatility firms during
expansions. However, turning to the results of technical indicators in panel B of Table 8, we
can see those technical indicators show different predictive performance from macroeconomic
indicators that better predict the low volatility firms during recessions but have stronger power
in forecasting high volatility firms in expansions. The comparison results in the last column
report that the macroeconomic variables better predict high volatility firms in recessions and
the proportion difference is higher in recessions, whereas principal components in panel B and
C have the opposite conclusion. The R2- statistic in the last row of each panel give the
complementary predictive evidence of macroeconomic and technical indicators, the R?-
statistic for the PC-ALL model general equals the sum of the R?- statistic for the PC-MACRO

and PC-TECH models.
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4. Conclusions

We investigated firm-level predictability by both macroeconomic variables and
technical indicators from previous documents. While these two sets of predictors are
thoroughly investigated in the aggregate section of financial market predictability, much less
is known at individual-level forecasting. Therefore, we apply previous document
macroeconomic variables and technical indicators in comprehensively exploring firm level
predictability.

First, we find that market level predictability can also be evident at the firm level, and
both macroeconomic variables and technical indicators can significantly predict individual
stock returns that count with larger positive proportions. Second, our results suggest that
macroeconomic variables and technical variables complement each other in predicting
individual firms based on the extent of their limits to arbitrage. Macroeconomic variables show
stronger predictive power in forecasting firms with lower arbitrage constraints (large, liquid,
low volatility firms) while technical variables catch more predictive information for small, low
liquidity and high volatility firms. Third, we examine firm-level predictability over economic
states and find that macroeconomic variables have good prediction performance across the
business cycle but even better in recessions while technical indicators mainly exhibit predictive
ability during recessions. Fourth, the cross-sectional predictive results over time indicate that
technical indicators consistently show stronger predictive power for high limits of arbitrage
firms (smaller, low liquidity and volatile firms) in expansions. However, macroeconomic
variables can better predict the large size, high liquidity firms (with low limits of arbitrage) in

recessions, but low volatility firms in expansions.
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Table 1: Firm Level Principal Component Predictive Regression

1) (2 @k @ ®) (6) (7) (8)
Market level Firm level
Predictor f(')‘;?;ciem R2(%) PS(%) NS(%) PS(%)-NS(%)  R%(%)  ADJR%(%)
Panel A: Macroeconomic variables
FECON 0.04 [0.48] 118 8.32 2.51 5.81 [3.94]*** 2.22 0.77
FECON 0.07 [0.61] 21.87 2.56 19.31 [13.59]***
FECON 0.31[2.48]*** 12.83 3.91 8.92 [6.15]***
FECON 14.34 299 11.35 [13.57]***
Panel B: Technical variables
FTECH 0.12[2.12]*** 0.84 8.99 1.41 7.58 [5.13]*** 0.57 0.08
Panel C: All predictors
FALE 0.11 [1.98]** 2.02 8.00 1.85 6.15 [4.16]*** 2.74 0.81
FALL 0.08 [0.93] 1145 1.74 9.71 [6.63]***
FALL 0.31[1.51]* 21.06 3.05 18.05 [12.66]***
EALE 0.04 [2.30]*** 1256 3.16 9.40 [6.45]***
FALL 13.27 245 10.82 [14.86]***
R2(FALLY — R2(FECON) 0.52 0.03
[38.50]***  [2.45]**
R?(FALLY — R?(FTECH) 2.17 0.73

[97.23]%**  [33.77]***

Table 1 shows principal component analysis (PCA) results at market and firm-level respectively
based on the following regression:
Yer1 = a+ Zg=1 ﬁnﬁrf,t t 41 1)

where y.,, represents the market-level or individual firm level’s log equity risk premium
respectively. £F, is the nth principal component extracted from the documented 14 fundamental
variables (P = MACRO), 14 technical predictors (P = TECH), or all the 28 predictors together
(P = ALL). We report collected market level principal component prediction results from Neely
et al.’s paper in the second and third columns. The positive and negative significant proportions of
estimate coefficients of firm-level principal component predictive regression report in the fourth
and fifth columns and their difference report in the sixth column. All the regression results show
significantly higher positive proportion for all the three principal component predictive models.
We report the average R? statistics and average adjusted-R? average of firm-level regression in
the last two columns of table 1. We calculate the difference in average R? and average adjusted
R? between PCA-ALL model and PC-MACRO (PC-TECH) model in the last two rows of panel
C.
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Table 2: Size-Sorted Principal Component Predictive Regression Results

(1) ) ®3) (4) () (6) (@)
Positive and Significant Proportion

Component (Sn?all) 2 3 4 (LI;rge) S-L [t-stat]
Panel A: Macroeconomic variables

FECON 6.33 8.22 8.91 9.74 8.38 -2.05 [-2.20]**

FECON 20.24 21.79 20.76 24.14 22.45 -2.21 [-1.57]

FECON 9.89 12.13 13.05 12.27 16.82 -6.93 [-6.12]***

FECON 12.15 14.05 14.24 15.38 15.88 -3.73 [-2.06]**

R:con 2.31 2.49 2.26 2.27 1.79 0.52 [7.17]***

Panel B: Technical variables
FTECH 12.02 11.50 7.82 6.74 6.89 5.13 [5.31]***
R2pcy 0.66 0.65 0.54 0.53 0.44 0.22 [7.74]***
Panel C: All predictors

FALL 10.93 10.29 6.56 5.47 6.77 4.16 [4.53]***

FALL 9.72 13.34 11.85 12.04 10.33 -0.61 [-0.57]

FpLL 20.18 20.64 19.84 21.89 22.73 -2.55 [-1.84]*

EALL 8.97 9.66 12.48 13.31 14.52 -5.55 [-4.70]***

FALL 12.71 18.21 17.40 17.53 18.37 -5.66 [-3.37]***

R%,, 2.92 3.10 2.79 2.73 2.15 0.77 [9.85]***

Table 2 shows the size-sorted estimate coefficients based on the principal component predictive
regression results of equation (1). All positive and significant estimate coefficients are sorted
into five groups by the firm’s size ranking. The proportions for the smallest firms (S) to the
largest firms (L) in the second to sixth columns show that macroeconomic variables in panel
A have stronger predictive power for large firms while technical indicators in panel B display
higher predictive ability for smaller size firms. Moreover, the first principal component of PC-
ALL model in panel C show similar predictive information of technical variables in panel B
while the rest three principal components display close identical prediction information of
macroeconomic variables in panel A. The average R?- statistic of all the firms for each model
report in the last row of each panel, which is larger in magnitude for smaller firms. The
proportions difference between smallest and largest firm shows in the last column of table 2
and the corresponding t-value inside the bracket come from the estimate coefficient a; in
following linear regression:
Dps =ag+a;*D;+a, *Dy +az * D3 +a, Dy + €

where Dpg is the positive and significant dummy variable, if the estimated coefficient of each
firm is positive and significant at the 10% level then Dy equal to the unit, otherwise zero. D;
is the dummy variable of individual firm’s size group. For example, if a firm in the smallest
size group, D, equals to the unit, otherwise zero. The t-statistic of the difference average R?-
statistic between the smallest and largest firms is also calculated by the equation above with
replacement of the Dp to the R?- statistic from the regression of equation (1).
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Table 3: Liquidity-Sorted Principal Component Predictive Regression Results

@ @ ® @ 6 ® @)
Positive and Significant Proportion
L (Low H (High
Component Liguidity) 3 4 Licguic?ity) L-H [t-stat]
Panel A: Macroeconomic variables
FECON 6.04 8.28 8.86 9.32 9.09 -3.05 [-3.26]**
FECON 21.22 2133 21.79 2398 21.05 0.17[0.12]
FECON 9.20 10.70 1271 16.39 15.18 -5.98 [-5.29]**
FECON 12.15 13.44 1445 1656 15.11 -2.95 [-1.62]
R2con 2.35 2.34 2.14 232 196 0.39 [5.35]***
Panel B: Technical variables
FTECH 11.62 10.93 8.63 736 6.44 5.18 [5.35]***
Ripcy 0.65 0.60 0.56 052 0.50 0.15 [5.18]***
Panel C: All predictors
FALL 11.04 8.68 7.13 6.84  6.33 4.71 [5.13]***
FALL 10.81 12.25 1282 1029 11.10 -0.29 [-0.27]
FpLL 21.05 2116 19.84 2191 2133 -0.28 [-0.21]
EALL 8.22 1098 13.34 13.63 12.77 -4.55 [-5.49]***
FALL 12.65 1792 18.00 18.13 17.54 -4.89 [-4.04]***
R%,, 2.95 2.90 2.67 276 241 0.54 [6.84]***

Table 3 shows the liquidity-sorted estimate coefficients based on the principal component
predictive regression results of equation (1). All of the positive and significant of estimate
coefficients are sorted into five groups based on each firm’s aggregate illiquidity ranking. We
apply Amihud’s (2002) illiquidity proxy by calculating the monthly illiquidity index from the
changes in absolute daily returns for a given trading volume. The proportions for the lowest
liquidity firms (L) to the highest liquidity firms (H) in the second to sixth columns show that
macroeconomic variables in panel A have stronger predictive power for high liquidity firms
while technical indicators in panel B display higher predictive ability for low liquidity firms.
Moreover, the first principal component of PC-ALL model in panel C shows similar predictive
information of technical variables in panel B while the rest three principal components display
identical forecast information of macroeconomic variables in panel A. The average R?2- statistic
of all the firms for each model report in the last row of each panel, which is larger in magnitude
for low liquidity firms. The proportions difference between highest liquidity and lowest
liquidity firm shows in the last column of table 2 and the corresponding t-value inside the
bracket come from the estimate coefficient a in following linear regression:
Dps =ag+a;*D;+a, *Dy +az * D3 +ay, Dy + €

where Dpg is the positive and significant dummy variable, if the estimated coefficient of each
firm is positive and significant at the 10% level then Dy equal to the unit, otherwise zero. D;
is the dummy variable of individual firm’s liquidity group. For example, if a firm in the highest
liquidity group, D, equals to the unit, otherwise zero. The t-statistic of the difference average
R?- statistic between the highest and lowest liquidity firms is also calculated by the equation
above with replacement of the Dpg to the R2- statistic from the regression of equation (1).
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Table 4: Volatility-Sorted Principal Component Predictive Regression Results

@) @) ® @& 6  © @)
Positive and Significant Proportion
H (High L (Low
Component Vo(latigllity) 3 4 Vélatility) H-L [t-sta]
Panel A: Macroeconomic variables
FECON 8.68 8.11 9.72 828 6.79 1.89 [2.03]**
FECON 16.50 17.83 2352 2484 26.68 -10.18 [-7.29]***
FECON 9.60 9.09 12,71 1541 17.37 -7.77 [-6.87]***
FECON 11.60 11.67 1532 16.18 16.95 -5.35 [-2.95]***
R2.on 2.22 2.08 234 231 216 0.06 [0.86]
Panel B: Technical variables
FTECH 10.93 9.72 9.55 7.48 7.30 3.63 [3.74]***
R2pcy 0.65 0.61 058 050 0.49 0.16 [5.70]***
Panel C: All predictors

FALL 8.86 8.11 8.05 6.90 8.11 0.75[0.81]
FALL 13.63 10.70 13.46 11.39 8.11 5.52 [5.12]***
FpLL 16.56 18.29 22.02 2289 25.53 -8.97 [-6.51]***
EALL 6.21 9.49 1472 1484 13.69 -7.48 [-4.98]***
FALL 11.85 16.10 19.26 18.65 18.56 -6.71 [-3.99]***
R3,, 2.87 2.74 2.87 271 249 0.38 [4.70]***

Table 4 shows the volatility-sorted estimate coefficients based on the principal component
predictive regression results of equation (1). All positive and significant principal component
estimate coefficients sort into five groups based on each firm’s volatility ranking. We estimate
the firm’s monthly volatility by the standard deviation of daily return of each firm. The positive
and significant proportion of estimated coefficients from the highest volatility firms (H) to the
lowest volatility firms (L) report in the second to sixth columns and the volatility-sorted
average R? report in the last row of each panel. Macroeconomic variables in panel A have
stronger predictive power for low volatility firms while technical indicators in panel B display
higher predictive ability for highest volatility firms. Moreover, the first principal component of
PC-ALL model in panel C show similar predictive information of technical variables in panel
B while the other three principal components display close identical forecast information of
macroeconomic variables in panel A. The difference of positive and significant (PS)
proportions between highest and lowest volatility firms shows in the last column of table 4 and
the corresponding t-value inside the bracket come from the estimate coefficient a, in following
linear regression:
Dps =ag+a;*Dy+a,*xDy +azxDy+ay,*Dy + €

where Dpg represent the dummy variable if prediction result of each firm is positive and
significant at the 10% level then Dy equal to unit, otherwise zero. D; is the dummy variable
of each volatility group. For example, if a firm in the highest volatility group D; equals to the
unit, otherwise zero. The t-statistic of the difference average R? statistic between the highest
and lowest volatility firms is also calculated by the equation above with replacement of the Dpg
to the R2- statistic from the regression of equation (1).
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Table 5: Principal Component Predictive Regression Results across Business Cycle

1) (2 @) (4) (5) (6) [(2) - (3)] N4 -5)] 8) [(2) - 4] 9)
REC (5,,) EXP (y,) PSR — NSR PSE — NSE PSR — psE R2(%)
Predictor ~ PS NS PS NS [t-stat] [t-stat] [t-stat] 0
Panel A: Macroeconomic variables

EfeoN 5.66 614 1195 207 -0.48 [-0.33] 9.88 [6.75]*** -6.29 [-4.34]*** 4.17
FECON 23.22 3.81 1494  2.28 19.41 [13.76]*** 12.66 [8.73]*** 8.28 [6.07]***

FEcoN 1517  6.36 8.80 3.57 8.81 [6.15]*** 5.23 [3.56]*** 6.37 [4.48]***

Frve ™ 1468 543 1190  2.64 9.25 [11.13]*** 9.26 [10.98]*** 2.79 [3.42]***

Panel B: Technical variables
FTECH 1039  1.28 457 3.85 9.11 [6.19]*** 0.71 [0.48] 5.82 [3.99]*** 1.11
Panel C: All predictors

FALL 1461  4.35 3.59 6.00 10.26 [7.11]*** -2.42 [-1.63] 11.02 [7.62]*** 5.18
FpLL 8.60 4.74 1324 191 3.86 [2.64]*** 11.33 [7.77]*** -4.63 [-3.99]***

FfLL 19.08  6.05 15.07 263 13.03 [9.12]*** 12.43 [8.59]*** 4.01 [2.99]***

FALL 16.18  5.37 9.78 3.01 10.81 [7.55]*** 6.76 [4.61]*** 6.41 [4.53]***

7 14.62 5.13 1042  3.39 9.49 [13.18]*** 7.03 [9.60]*** 4.20 [5.92]***

2 2
RALL - RECON

2 2
RALL - RTECH

1.01 [51.07]***

4.06 [119.21]***

Table 5 reports firm level predictability results across business cycle the by equation 3 as follow:
Ver1 = A+ XNog .BnFr}L),t * DREC;y + Y1 VnFr}L),t * DEXP; + €41,

(3)

where DREC, (DEXP;) is the NBER recession (expansion) dummy variable that equals to unity when month t in recession (expansion) and
zero otherwise, DEXP, = 1 — DREC,. The second (fourth) column shows the positive and significant proportion of estimate slope B, (v»)
during the recession (expansion) while the negative and significant proportions for recession and expansion are reported on the third and fifth
column respectively. The six and seventh columns show that the positive proportions are significantly higher than the negative and significant
proportion for all the three principal component analysis (PCA) across business cycle while column (8) indicates that all the principal
component predictors have better performance during the recession.
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Table 6: Size-Sorted PCA Results across Business Cycle

1) (2 (©) 4) [(2)-(3)] (5) ©  (MIE-6)] (8) [(D-(7]
Recession Expansion S—-LR—-(S-L)E
S L (S—L)R[t-stat] S L (S — L)E [t-stat] [F-Stat]
Panel A: Macroeconomic variables
FECON 489 574  -0.85[-1.09] 10.47 8.61  1.86[1.69]* -2.71 [4.09]**
FFCON 2001 2204 -2.03[-1.42] 1576 12.86  2.90 [2.40]***  -4.93 [7.45]***
FECON 1190 1975  -7.85[-6.47]*** 627 1091 -4.64[-4.84]***  -3.21[4.79]**
Fase™ 1227 1584  -358[-1.97]** 10.83  10.79  0.04[0.02] -3.62
Ricon 428  3.36 0.92 [8.14]***
Panel B: Technical variables
FTECH 1156  9.87 1.69 [1.63] 8.05 224  5.81[8.25]*** -4.12[10.80]***
Rigew 117  0.90 0.27 [6.03]***
Panel C: All predictors

FAM™ 1535 1481  0.54[0.45] 6.27 230 3.97[6.32]***  -3.43[6.39]**
FfM 765 1062 -2.97[-3.13]*** 1323  8.67  4.56[3.98]***  -7.53[25.15]***
F{* 1829  20.09 -1.80[-1.36] 1558 1412  1.46[1.21] -3.26 [3.51]*
FAM™ 1282 2113 -8.31[-6.67]*** 886 10.22 -1.36[-1.35] -6.95 [19.92]***
Fare 1353 1666  -3.13[-2.01]** 1098  8.83  2.16[1.34] -5.29
RZ, 536 417 1.19 [9.65]***

Table 6 shows the size-sorted principal component predictive regression results across the
business cycle of equation (3). The t-values inside the bracket immediate beside the proportion
difference of smallest and largest size firms are calculated from the t-statistic of a; by the
following linear regression:
Dps=ag+a;*Dy+a,*Dy +a3 %Dy +a,*Dy + €

where Dpg is the dummy variable, if the estimated coefficient of each firm is positive and
significant at the 10% level then Dpg equal to the unit, otherwise zero. We report the positive
and significant proportions of slope coefficients for smallest firms (largest firms) during
recession and expansion in the second (third) and fifth (sixth) columns respectively.
Macroeconomic variables in panel A exhibit stronger predictive power for large firms while
technical variables in panel B can better predict smaller firms during expansion. The first
principal component in panel C reflects nearly similar predictive information of technical
variables in panel B while the other three principal components display similar predictive ability
of macroeconomic predictors in panel A. The R? statistic in the last row of each panel shows
that the R2- statistic for the PC-ALL model general equals the sum of the R2- statistics for the
PC-MACRO and PC-TECH models.
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Table 7: Liquidity-Sorted PCA Results across Business Cycle

@ ) 3) 4) [(2)-3)] (5) 6 (MI5)-6)] (8) [(D-(7]
Recession Expansion (L—HR - (L - H)E
L H (L — H)R[t-stat] L H (L — H)E [t-stat] [F-Stat]
Panel A: Macroeconomic variables
FECON 495 610  -1.15[-1.47] 1029 1081  -0.52[-0.47] -0.63 [0.22]
FFCON 2174 2041 1.33[0.92] 1461 13.63 0.98 [0.81] 0.35 [0.04]
FECON 1162 1742  -580[-4.77]*** 575 1006  -4.31 [-4.50]***  -1.49 [1.04]
FieéN 1277 1464 -1.88[-1.03] 1022 1150  -1.28[-0.69] -0.60
Ricon 434  3.64 0.70 [6.43]***
Panel B: Technical variables
FTECH 1116 8.97 219 [2.11]** 748  3.11 437 [6.19]***  -2.18 [3.02]*
R2;.; 120  0.99 0.21 [4.69]***
Panel C: All predictors

FAM 1368 14.09  -0.41[-0.34] 564 276 2.88 [457]***  -3.29 [5.84]**
FfM 748 955 -2.07[-2.18]** 1415 1185 2.30 [2.00]**  -4.37 [8.43]***
F{* 1806 1846  -0.40 [-0.30] 1512 14.72 0.40 [0.33] -0.80 [0.21]
FAM™ 1110 1788 -6.78 [-5.45]*** 6.96  10.01  -3.05[-3.03]***  -3.73 [5.76]**
Fife 1258 1499  -2.41[-153] 10.47 9.83 0.64 [0.39] -3.05
R, 539 459 0.80 [6.44]***

Table 7 shows the liquidity-sorted principal component predictive regression across business
cycle of equation (3). The t-values inside the bracket immediate beside the proportion
difference of lowest and highest liquidity firms are calculated from the t-statistic of a; by the
following linear regression:
Dps=ag+a;*Dy+ay*Dy +az3* D3 +ay*Dy+ €

where Dpg is the dummy variable; if the estimated coefficient of each firm is positive and
significant at the 10% level then Dpg equal to the unit, otherwise zero. We report the positive
and significant proportions of slope coefficients for high illiquidity firms (high liquidity firms)
during recession and expansion in the second (third) and fifth (sixth) columns respectively.
Macroeconomic variables in panel A exhibit stronger predictive power for high liquidity firms
while technical variables in panel B can better predict low liquidity firms during expansion.
The first principal component in panel C reflects similar predictive information of technical
variables in panel B while the other three principal components display close identical
predictive ability of macroeconomic predictors in panel A. The R? statistic in the last row of
each panel shows that the R2- statistic for the PC-ALL model general equals the sum of the
R?- statistics for the PC-MACRO and PC-TECH models.
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Table 8: Volatility-Sorted PCA Results across Business Cycle

) (2) ®) (4) [(2)-B3)] ®) (6) (1) [(5)-(6)] (8) [(4)-(7)]

Recession Expansion (H—L)R—(H-L)F
H L (H — L)R[t-stat] H L (H — L)E [t-stat] [F-Stat]
Panel A: Macroeconomic variables
FECON 736 4.4 3.22 [4.12]*** 1236 8.34 4.02 [3.67]***  -0.80 [0.36]

FECON 2231 2329 -098[068 1156 1823  -6.67 [-5.63]*** 569 [10.34]***
FFCON 1438 1650 -212[-1.75]* 615 1225  -6.10[-6.36]***  3.98 [7.34]***
EFON 1468 1464  0.04[0.02] 10.02 1298  -2.96 [-1.60] 3.00
RZcon 425  3.88 0.37 [3.21]***

Panel B: Technical variables

FTECH 983  10.70  -0.87 [-0.83] 713 259 4.54 [6.44]*** -5.41 [18.57]***
R, 117  1.00 0.17 [3.92]***

Panel C: All predictors

FA' 1248 1599  -351[-2.93]*** 477  2.36 2.41 [3.83]*** -5.92[19.09]***
Ff* 966 851 1.15[1.21] 1397 1012 3.85[3.36]***  -2.70 [3.23]***
FfM 1708 19.95 -2.87 [-2.16]** 12.02 1869  -6.67 [-5.51]***  3.80 [4.73]***
Ffh 1392 1742  -350[-2.81]*** 7.88 1001  -213[-2.11]**  -1.37[0.79]
Fift 1328 1547 -219[1.39] 966 1029  -0.63[-0.39] -1.56

R, 537 473 0.64 [4.04]***

Table 8 shows the volatility-sorted principal component analysis results across business cycle by
equation (3). The t-value inside the bracket immediate beside the proportion difference between
the highest volatility (H) and lowest volatility (L) firms calculate from the t-statistic of a; by the
following linear regression:
Dps=ag+a;*Dy+a,*Dy +az3* D3 +ay*Dy+ ¢

where Dy is the dummy variable of positive and significant estimate coefficient. If the estimated
coefficient is positive and significant at the 10% level then we define D¢ to the unit, otherwise
zero. We report the proportion of positive and significant slope coefficients for the highest
volatility (lowest volatility) firms during recession and expansion in the second (third) column
and third (sixth) columns respectively. In panel A, the second and third principal components
extracted from macroeconomic variables exhibit stronger predictive power for low volatility
firms during expansion. However, technical indicators in panel B show higher forecast ability for
volatile firms in the expansion. The first principal component in panel C shows similar predictive
information of technical variables in panel B while the other three principal components display
similar predictive ability of macroeconomic predictors in panel A. The R? statistic in the last row
of each panel shows that the R?2- statistic for the PC-ALL model general equals the sum of the
R?- statistics for the PC-MACRO and PC-TECH models.

29



Appendix 1: Firm Level Prediction Results

1) (2 ©) 4 ®) (6) @) 8) 9) (10)
Macroeconomic variables Technical variables

Market level Firm level Market level Firm level

Slope coefficient PS (%) NS (%) PS-NS [t-stat] Slope coefficient PS (%) NS (%) PS-NS [t-stat]
BM 0.54 [0.75] 8.76 2.35 6.42 [4.35]*** MA(1,9) 0.67 [1.78]** 10.30 2.01 8.29 [5.64]***
NTIS 0.66 [0.06] 12.25 4.75 7.50 [5.17]*** MA(1,12) 0.87 [2.22]** 12.13 1.75 10.39 [7.10]***
DP 0.78 [1.98]** 13.88 1.62 12.26 [8.42]*** MA(2,9) 0.70 [1.88]** 8.50 1.87 6.62 [4.49]***
EP 0.43[0.97] 8.29 2.83 5.46 [3.71]*** MA(2,12) 0.94 [2.42]*** 9.79 1.68 8.11 [5.51]***
DE 0.59 [0.93] 7.02 2.65 4.37 [2.95]*** MA(3,9) 0.77 [2.04]** 8.04 3.52 4.52 [3.07]***
TBL 0.11[1.90]* 14.24 1.81 12.43 [8.55]*** MA(3,12) 0.54 [1.39] 4.43 3.81 0.62[0.42]
LTY 0.08 [1.25] 8.18 3.73 4.45 [3.03]*** MOM(9) 0.55 [1.40] 6.46 2.15 4.31 [2.91]***
LTR 0.13 [2.05]** 21.15 1.84 19.31 [13.53]*** MOM(12) 0.58 [1.44] 5.15 2.53 2.62[1.76]*
TMS 0.20 [1.74]* 16.93 1.24 15.69 [10.85]*** VOL(1,9) 0.68 [1.86]** 11.80 0.84 10.96 [7.47]***
DFY 0.16 [0.37] 17.75 1.73 16.02 [11.12]*** VOL(1,12) 0.89 [2.31]** 13.32 0.66 12.66 [8.66]***
DFR 0.16 [0.89] 10.25 1.83 8.42 [5.73]*** VOL(2,9) 0.74 [2.02]** 12.82 0.71 12.11 [8.27]***
DY 0.84 [2.13]** 19.10 0.99 18.11 [12.59]*** VOL(2,12) 0.74 [1.94]* 8.97 0.97 8.00 [5.41]***
INFL 0.10[0.18] 11.27 4.50 6.77 [4.65]*** VOL(3,9) 0.48 [1.27] 5.84 2.33 3.51[2.36]***
RVOL  7.39 [2.45]*** 16.33 0.95 15.38 [10.61]*** VOL(3,12) 0.85 [2.25]** 7.02 2.08 4,93 [3.33]***

Appendix 1 report the predictive regression results of market and firm level respectively. Firm level proportion results of estimate coefficients S;
of all individual firms by following forecasting regression,
Yerr = @+ Bixie + € v 4

where y,, 4 is one of the 8,695 firms’ log excess return at month t. x; . presents one of the 14 macroeconomic variables or 14 technical indicators
in column (1) and (6) respectively. Column (2) include the overall market predict results collected from Neely et al.’s (2014) paper. Column (3) —
(4) shows individual level forecasting results by proportion with the same data spanning of Neely et al. (2014) from January 1951 to December
2011. The third (fourth) column represents positive (negative) and significant proportion of estimate results at the 10% level under Newey-West
test. Column (5) indicate difference between positive and negative significant proportion. The insignificant predict results of overall market in
second column indicate that both macroeconomic variables and technical indicators can hard predict market return. However, the all the higher
positive and significant proportion showed in column (3) indicate that market level predictability actually shows up in the individual stocks,
especially for the five macroeconomic indicators: LTR, TMS, DFY, DY and RVOL and the four technical variables: MA(1,3), VOL(1,9),
VOL(1,12) and VOL(2,9).
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Appendix 2: Size-Sorted Firm Level Predictive Regression Results

() (2) ) (4) ®) (6) ()

Positive and Significant Proportion

S L

Predictor (Small) 2 3 4 (Large) S-L [t-stat]
Panel A: Macroeconomic Variable
BM 6.21 9.43 8.57 10.89 8.73 -2.52 [-2.63]***
NTIS 10.64 11.44 12.77 13.82 12.57 -1.93 [-1.74]*
DP 9.09 12.88 13.86 16.47 17.11 -8.02 [-6.87]***
EP 5.52 7.07 8.63 10.94 9.30 -3.78 [-4.05]***
DE 6.73 7.59 7.02 6.68 7.06 -0.33[-0.38]
TBL 15.87 16.16 14.49 11.87 12.80 3.07 [2.59]***
LTY 9.26 9.72 8.11 7.32 6.49 2.77 [2.99]***
LTR 10.52 15.12 19.38 27.07 33.64 -23.12 [-17.05]***
TMS 15.41 17.54 19.03 17.22 15.44 -0.03 [-0.02]
DFY 14.15 18.46 17.83 20.68 17.62 -3.48 [-2.69]***
DFR 13.57 11.62 10.18 7.49 8.38 5.19 [5.06]***
DY 15.12 19.26 17.83 21.89 21.41 -6.29 [-4.73]***
INFL 14.55 15.64 10.81 9.56 5.80 8.75 [8.21]***
RVOL 11.73 14.66 16.22 18.61 20.44 -8.71 [-6.97]***
Panel B: Technical Variable
MA(1,9) 13.46 12.48 9.72 8.24 7.63 5.82 [5.66]***
MA(1,12) 15.35 14.09 10.58 9.91 10.73 4.62 [4.18]***
MA(2,9) 10.35 9.26 8.34 6.74 7.81 2.54 [2.69]***
MA(2,12) 9.78 11.04 9.20 8.35 10.56 -0.79 [-0.78]
MA(3,9) 8.51 9.20 7.19 6.97 8.32 0.19 [0.20]
MA(3,12) 5.12 5.46 3.97 3.28 431 0.81[1.17]
MOM(9) 8.57 8.51 5.46 4.78 4,99 3.57 [4.30]***
MOM(12) 7.07 6.50 4.20 3.92 4.08 3.00 [4.01]***
VOL(1,9) 17.14 14.72 11.10 8.99 7.06 10.08 [9.27]***
VOL(1,12) 17.31 15.99 12.31 11.18 9.82 7.49 [6.53]***
VOL(2,9) 17.19 14.61 11.44 10.66 10.22 6.98 [6.17]***
VOL(2,12) 11.33 11.21 7.82 7.49 7.00 4.32 [4.47]***
VOL(3,9) 9.95 7.65 3.74 4.03 3.85 6.10 [7.72]***
VOL(3,12) 9.03 7.82 5.64 5.36 7.23 1.80 [2.08]**

Appendix 2 is the size-sorted firm’s positive and significant proportion of estimate coefficients
significant at the 10% level under Newey-West regression test. All the individual firms are
sorted into five groups according to their aggregate size rank that calculated from average
monthly size rank based on capitalization data. Column (2) — (6) report the positive and
significant proportion of each size-sorted firm groups, S represent the smallest firms while L
represent the largest firms. The last column of table 2 used to test the proportion difference
between the smallest firm and largest firms, macroeconomic variable in general can better
predict large firms, especially for the five macroeconomic indicators: DP, LTR, DY, INFL and
RVOL. Technical indicators have a higher predict power in smaller firms, in addition, MA(1,9),
VOL(1,9), VOL(2,9) and VOL(3,9) have significantly higher predict ability for smallest firms.
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Appendix 3: Principal Component Predictive Regressions Results across Business Cycle (CFNAI_MAS3: 1967:06-2011.12)

1) (2) 3 4 ) 6) [(2-(3)] QIORO] 8 [(2)-4)] 9 [B3)-B)]
REC(Bk) EXP(yk) PSR — NSE PSE — NSE PSR — pSE NSR — NSE R%(%)
Predictor  PS NS PS NS [t-stat] [t-stat] [t-stat] [t-stat]
Panel A: Macroeconomic Variable
FECON 1241 313 749 361 9.27 [6.18]*** 3.88 [2.56]*** 4.92 [3.32]***  -0.48 [-0.31] 4.18
FECON 1466 416 2007 211 10.50 [7.06]***  17.96 [12.19]***  -5.40 [-3.81]*** 2.05[1.33]
FECoN 1064 9.09 876 273 1.55 [1.05] 6.03 [3.97]*** 1.88 [1.18] 6.36 [4.19]***
Average  11.85 515 1141 2.66 6.70 [8.00]***  8.76 [10.37]*** 0.44 [0.53] 2.49 [2.90]***
Panel B: Technical Variable
FTECH 9.31 226 467 249 7.05 [4.65]*** 2.18 [1.42] 4.64[3.08]***  -0.23[-0.15] 1.09
Panel C: All Variable
FpL 1393 320 431 348 10.73 [7.19]*** 0.83[0.54] 9.62 [6.46]***  -0.28 [-0.13] 5.34
F 2030 335 843 294 16.94 [11.55]*** 5.49 [3.62]***  11.87 [8.21]*** 0.41[0.27]
Ft 1345 592 1963 260 7.54[5.08]***  17.03 [11.56]***  -6.17 [-4.32]*** 3.32 [2.17]**
FALL 1275 6.68 1033 3.10 6.06 [4.08]*** 7.23 [4.79]*** 2.42 [1.64]* 3.59 [2.35]**
Average 1424 451 1006 1.66 9.73 [13.48]*** 7.21 [9.83]*** 4.18 [5.88]*** 1.66 [2.23]***

RZ(F'ALL) _ RZ(F'ECON)
RZ(F'ALL) _ RZ(FTECH)

1.16 [55.27]***
4.25 [119.17]***

Appendix 3 reports firm level predictability results across business cycle by following regression,
Ver1 = A+ Xy ﬁnﬁTIl\,]t * DREC, + Y34 )/nﬁ;{:,]t * DEXPp + €144 )
where y, 4 is the risk premium return of each firm while ﬁ,’l‘ft represent the Kth principal component we abstract from the 14 fundamental variables,
14 technical predictors, or all the 28 predictors together. We apply CFNAI_MAZ3 index to calculate the recession and expansion dummy indicators
and the data spanning cut by CFNAI_MAZ3 index from Jun 1967 to December 2011. DREC,(DEXP;) equal to unity if CFNAI_MAZ3 is less (higher)
than -0.7 and zero otherwise. The second (fourth) column presents the positive and significant proportion of estimate slope £, (y,,). The third
(fifth) column shows the negative and significant proportion during recession (expansion). The t-value inside the bracket immediate beside the
proportion difference between the smallest and largest firm calculate from the t-statistic of a; by the following linear regression:
Dps =ag+a;*D;+a,*D, +az *D3 +a,*Dy + €
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