Price-to-Earnings Ratios

In Table 3, we report various correlations of the no-growth and PVGO
P/Es. The no-growth and PVGO components have a correlation of 0.363,
but this correlation has only a small effect on total P/E variation because of
the low volatility of no-growth P/E values. Thus, most of the variation in the
total P/E is caused by growth opportunities, and not surprisingly, the PVGO
P/E and the total P/E are highly correlated, at 0.998. Both the growth P/E
and the total P/E decrease when risk-free rates and earnings growth increase.
The correlation of the total P/E with earnings growth is particularly strong
at —0.766. High earnings growth by itself increases earnings, which is the
denominator of the P/E, and causes P/Es to decrease, resulting in the high
negative correlation between earnings growth and the P/E. But another
discount rate effect occurs because high earnings growth causes discount rates
to significantly increase (see Table 1). This effect also causes P/Es to decrease.
High payout ratios, as expected, are positively correlated with the P/E at
0.713. Finally, the latent factor, f; is negatively correlated with the P/E because
it is only a discount rate factor: By construction, P/Es are high when f is low.

Table 3. Correlation of Growth (PVGO) and
No-Growth Components of the P/E

No Growth P/E PVGO P/E

PVGO P/E: 0.363

Data P/E: 0.421 0.998
of -0.353 -0.426
g -0.051 -0.766
po -0.292 0.713
ip 0.114 -0.303
term 0.027 0.390
Fa -0.903 -0.538

Conclusion

We decomposed the P/E into a no-growth component (the perpetuity value of
tuture earnings held constant with full payout) and a component termed PVGO
that reflects the growth opportunities and real options a firm has to invest in
the future. We valued both components in a dynamic stochastic environment
where risk premiums and earnings growth are stochastic. We found that
discount rates exhibit significant variation: 27.5 percent of the variation in total
returns is caused by persistent, time-varying expected return components.
However, although the variation of discount rates is large, these rates are highly
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mean reverting. The result is that the no-growth value of earnings exhibits
relatively little volatility. The PVGO component dominates; it accounts for the
bulk of the level and variation of P/Es in the data: Approximately 80 percent
of the level and 95 percent of the variance of P/Es are a result of time-varying
growth opportunities.

We thank Geert Bekaert, Sigbjorn Berg, and Torres Trovik for helpful discussions.

Appendix A

Here, we provide the coefficients 4; and 4; and the definition of the P/E as used
by the S&P 500. All the formulas are derived in the online appendix at

www.columbia.edu/~2a610.

Full and No-Growth P/Es. The coefficients 4; and #; for the P/E in
Equation 12 are given by

a1 =—8g +a; + (ey +b, )'pu+% (e +b,) =3 (e, +b;)
and
by =—8; + D' (ey +b;).
where e, is a vector of Os with a 1 in the nth position. The initial conditions are
ap =3, + (e, +e3)'|uu+% (e; +e3) 3 (e, +e3)
and
by =—8; + @' (e, +e3).
The coefficients in the no-growth P/E, P/E}'8, in Equation 13 are given by
i =S+l +B w2 B TTH
and
b, =—5, +D'b;,

where 4} and 4/ have initial values 4;* = =8 and 6} = —9.
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Data. The P/E defined by Standard & Poor’s is the market value at time
¢ divided by trailing 12-month earnings reported from # to #— 1. To back out
earnings growth from P/Es, we used the following transformation:

E4

E4,

(PIE (B
"L R )
where P,,1/P, is the price gain (capital gain) on the market from # to # +1.
The dividend yield reported by Standard & Poor’s is also constructed from

trailing 12-month summed dividends. We computed the log payout ratio from
the ratio of the dividend yield, 4y, = D,/P,, to the inverse P/E:

exp (gt+l ) =

dy;
1/(P/E )t
_D
- R

€Xp (pOt ) =

For the risk-free rate, r/, we used one-year zero-coupon yields expressed
as a log return, which we obtained from the Fama Files derived from the CRSP
U.S. Government Bond Files. For the macro variables, we expressed industrial
production growth, ip, as a log year-on-year growth rate for which we used the
industrial production index from the St. Louis Federal Reserve. We defined
the term spread, zerm, as the difference in annual yields between 10-year and
1-year government bonds, which we obtained from CRSP.
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The first Equity Risk Premium Forum, sponsored by CFA Institute, was held
on 8 November 2001, not long after the September 11 terrorist attacks and
coincident with the first of two devastating bear markets in the first decade of
the new millennium. At the time of the first forum, stocks had already fallen
by more than half of what would become a nearly 50 percent decline from the
peak reached in March 2000 to the low in October 2002. Over the four years
after the low, the equity market recovered all of its losses and moved into new
all-time-high territory. But the 2008 financial crisis precipitated a more severe
bear market than 2000-2002 and the worst since the Great Crash of 1929-
1932. In the financial crisis, the S&P 500 Index plunged 57 percent from
October 2007 to March 2009 and non-U.S. equity markets fell more than 60
percent. As of this writing (May 2011), stocks worldwide have made a strong
recovery and are now within 15 percent of their all-time highs.

Nevertheless, the returns for stocks during the past decade have not been
good. Since the first forum was held, the stock returns on the broad-based
Russell 3000 Index have averaged 5.6 percent per year; when offset against 2.5
percent annual inflation, the real return is only a little more than 3 percent per
year. The nominal yields on Treasuries have averaged 2.2 percent during the
decade, leaving a real return of —0.2 percent per year on those instruments.
These returns mean that the realized equity premium, or excess return of stocks
over T-bills, has been between 3 percent and 3.5 percent. These numbers are
not far from the predictions that I made at the first forum 10 years ago. At the
time, I expected real returns of equities to be 4.5-5.5 percent and an equity risk
premium of 2 percent (200 bps).

As I read through my analysis from 10 years ago, I could see that the main
reason I overestimated the real return on stocks was that I overestimated the
price-to-earnings ratio (P/E) that investors would pay for stocks. There were
good reasons back then for why the P/E of stocks should be higher than its
historical average of 15, a level computed from earnings data extending back to
1871, and should instead range between 20 and 25. First, the sharp decline in
transaction costs caused by the development of index funds and the plunge in
commission prices gave investors a much more favorable realized risk—return
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trade-off than they received in earlier years. Another reason I conjectured that
the P/E would be higher than its historical level was the decline in the volatility
of real economy variables. This increase in macroeconomic stability was termed
by economists at the time as the “Great Moderation.”

Of course, the 2007-09 recession dispelled the idea that the business cycle
had been tamed. It is my opinion that the Great Moderation was indeed real,
but the long period of macroeconomic stability led to an excessive decline in
risk premiums, particularly in housing-related securities. So, when real estate
prices unexpectedly fell, the entire financial system came crashing down. The
financial crisis greatly increased the risk aversion of investors, and that result
brought the P/E back down to historical levels and led to the poor stock returns
of the past decade.

This observation can be confirmed by examining the data. When the first
forum was held in November 2001, the reported earnings of the S&P 500 over
the preceding 12 months were $15.90, which yielded a P/E of 36.77. The
trailing 12-month earnings on the S&P 500 at the time of the second forum in
January 2011 were $81.47, more than a threefold increase. Yet the index itself
was up by only 30 percent, and the P/E had fallen to 16.66. If the P/E had
fallen only to 22.5, the middle of my valuation range, stock returns would have
been about 3 percentage points per year higher.

Another prediction that did not materialize was my estimate of future bond
yields. I believed that the real yields on bonds would remain between 3 and 4
percent, the level that prevailed when Treasury Inflation-Protected Securities
(TIPS) were first issued in 1997. I also believed that the realized bond returns
in the period after World War II (WWII) were biased downward because of
the unanticipated inflation from the late 1960s through the early 1980s. So, 1
did not consider historical returns on bonds; instead, I used the current yield
on TIPS in making my forecast for future bond yields.

Instead, real yields fell dramatically, especially in the wake of the financial
crisis. As of early 2011, 10-year TIPS yields are less than 1 percent and 5-year
TIPS yields are negative. The two primary reasons for the drop in real yields
are the slowdown in economic growth and the increase in the risk aversion of
the investing public, which, in turn, is caused by both the aging of the
population and the shocks associated with the financial crisis. The decline in
inflation has caused the yields on nominal bonds to drop even more, generating
very large realized returns for nominal bond investors. Over the last decade,
realized bond returns were 4.7 percent per year after inflation, swamping stock
returns. Over the past 20 years, realized bond returns were 6.0 percent per year,
1 percentage point less than the 7.0 percent real returns on stocks.
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Updated Return Data

Table 1 shows historical returns for stocks, bonds, and T-bills from 1802
through April 2011. The past decade has shaved one-tenth of a percent oft of
the annualized real returns on stocks from 1802 through April 2001; three-
tenths off of the equity returns from 1871, which is when the Cowles Founda-
tion for Research in Economics data became available; and five-tenths off of
the real return since 1926, which is the period that Ibbotson and Sinquefield
popularized in their research.l Over all long-term periods, the real return on
stocks remained in the 6—7 percent range. Over the past 30 years, the real annual
return on stocks has been 7.9 percent, and over the past 20 years, the real return
has been 7.0 percent. In fact, the numbers that now fill the table are almost
identical to those that I calculated when I started my research in the late 1980s.
In essence, the poor returns of the past 10 years just offset the very high returns
of the previous decade.

Table 2 summarizes some of the important statistics about the equity
market, such as the P/E, earnings growth, and dividend growth, for 1871-April
2011. The average P/E has changed very little over the past decade. In the
version of Table 2 prepared for the 2001 forum, the average P/E was 14.45;
adding the subsequent 10 years of data increased it by 0.06 to 14.51. The
earnings yield, which is the reciprocal of the P/E, obviously also changes little.

One importantissue that was in contention in the first forum s still debated
today. Finance theory, particularly that of Modigliani and Miller (M&M),
predicts that when the dividend payout ratio declines, the dividend yield will
also decline, but this decline will be offset by an increase in the growth rate of
tuture earnings and dividends.2 Cliff Asness, at the 2001 forum, and Rob
Arnott, at the most recent forum, cite research, which they performed together,
that suggests that a lower payout ratio, in contrast to what finance theory would
predict, does not actually lead to faster earnings growth.3 At the first forum, I
claimed that this finding was a result of the cyclical behavior of earnings. Asness
and Arnott claimed to have run further tests to contest this point. Notwith-
standing their results, my data clearly show that over long periods of time, the
payout ratio is inversely correlated with dividend and earnings growth as

predicted by finance theory.

1Roger G. Ibbotson and Rex A. Sinquefield, “Stocks, Bonds, Bills, and Inflation: Year-by-Year
Historical Returns (1926-1974),” Journal of Business, vol. 49, no. 1 (January 1976):11-47.
2Franco Modigliani and Merton H. Miller, “The Cost of Capital, Corporation Finance and the
Theory of Investment,” American Economic Review, vol. 48, no. 3 (June 1958):261-297.
3Robert D. Arnott and Clifford S. Asness, “Surprise! Higher Dividends = Higher Earnings
Growth,” Financial Analysts Journal, vol. 59, no. 1 (January/February 2003):70-87.
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Table 2. Historical Equity Market Statistics, 1871-April 2011

Real Inverse of Real Real Real  Average

Stock  Average  Average Earnings Dividend Dividend Capital Payout
Return  P/E P/E Growth  Growth Yield Gains Ratio

1871-2011  6.51% 14.51 6.89% 1.81% 1.22% 4.47% 1.55%  59.92%
1871-1945  6.39 13.83 7.23 0.67 0.74 5.31 1.11 70.81
19462011 6.44 15.29 6.54 3.14 1.76 3.50 2.85 47.42

In fact, the evidence in favor of M&M has been strengthened by the
addition of the past 10 years of data. In the 1871-1945 data, annual real per
share earnings growth was only 0.67 percent per year and the payout ratio
averaged nearly 72 percent. In the post-WWII period, real earnings growth
was 3.14 percent and the payout ratio was only 47.42 percent.4

It is true that adding the past 10 years increases post-WWII real per share
dividend growth only marginally because the payout ratio is still declining and
has not yet reached a new “steady state” in which dividend growth will increase
to the level of earnings growth.

Projections for the Next Decade

I hope a third forum will be held in 2021 so we can look back on our predictions
in 2011, either nursing our wounds or congratulating ourselves on our astute-
ness. Using the current P/E as a basis, I expect real stock returns to be between
6 and 7 percent. But I will not be surprised if they are higher because the same
factors that influenced my prediction of P/Es in the range of 20-25 are as
operative in 2011 as they were at the time of the first forum in 2001.

Real bond returns are on track to be much lower. Ten-year TIPS are now
yielding about 1 percent, so the excess returns of stocks over bonds should be
in the 5-6 percent range, which is higher than the historical average. And the
bias, if any, will be toward a higher equity premium if real bond yields rise from
their extremely low levels, as I think they should. In short, relative to bonds,
stocks look extraordinarily attractive, and I expect stock investors will look back
a decade from now with satisfaction.

4Note that the 3.14 percent growth rate is more than 1 percentage point higher than the post-
WWII real earnings growth rate presented at the first forum; the addition of the past 10 years
also reduces the post-WWII average payout ratio from 50.75 percent to 47.42 percent.
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In the two and a half decades since “The Equity Premium: A Puzzle” (Mehra
and Prescott 1985) was published, attempts to successfully account for the equity
premium have become a major research impetus in finance and economics. In
an effort to reconcile theory with observations, I will elaborate on the appropri-
ateness of three crucial abstractions in that article. In particular, I will argue that
our finding (i.e., the premium for bearing nondiversifiable aggregate risk is small)
is not inconsistent with the average equity premium over the past 120 years.
The three abstractions that I address here are

*  using T-bill prices as a proxy for the expected intertemporal marginal rate
of substitution of consumption;

* ignoring the difference between borrowing and lending rates (a conse-
quence of agent heterogeneity and costly intermediation);

*  abstracting from life-cycle effects and borrowing constraints on the young.

I examine each of these in detail below.

Using T-Bill Prices as a Proxy for the Expected
Intertemporal Marginal Rate of Substitution of
Consumption

An assumption implicit in Mehra and Prescott (1985) is that agents use both
equity and the riskless asset to smooth consumption intertemporally. This
assumption is a direct consequence of the first-order condition (see Equation
1) for the representative household in our model. It implies that agents save by
optimally allocating resources between equity and riskless debt.

Uc s e
0= Et {ﬁ(”t,ﬁs _rtfit+s):|' (1)

Author Note: This paper draws widely on my collaborations with George Constantinides, John
Donaldson, and Edward Prescott. Quite independently of our joint work, they have made
substantial contributions to the literature on the equity premium puzzle. Consequently, the views
expressed in this paper do not necessarily reflect their views.
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Equation 1 is the standard asset-pricing equation in macroeconomics and
finance. U,(cy,) is the marginal utility of consumption at time £ + s; 7¢, .,  and
rd, ., are, respectively, the return on equity and the return on the riskless asset
over the period ¢ ¢ + 5; and E, is the expectation conditional on the agent’s
information set at time #

If the results from the model are to be compared with data, it is crucial to
identify the empirical counterpart of the riskless asset that is actually used by
agents to smooth consumption. In Mehra and Prescott (1985), we used the
highly liquid T-bill rate, corrected for expected inflation, as a proxy for this asset.
But one might ask: Is it reasonable to assume that T-bills are an appropriate
proxy for the riskless asset that agents use to save for retirement and smooth
consumption? Do households actually hold T-bills to finance their retirement?
Only if this question is empirically verified would it be reasonable to equate their
expected marginal rate of substitution of consumption to the rate of return on T-bills.

This question cannot be answered in the abstract without reference to the
asset holdings of households, so a natural next step is to examine the assets held
by households. Table 1 details these holdings for U.S. households. The four
big asset-holding categories of households are tangible assets, pension and life
insurance holdings, equity (both corporate and noncorporate), and debt assets.

Table 1. Household Assets and Liabilities as a Fraction/
Multiple of GDP
(average of 2000 and 2005)

Assets (GDP) Liabilities (GDP)
GDP GDP
Asset (x) Liability (x)
Tangible household 1.65 Liabilities 0.7
Corporate equity 0.85 Net worth 4.15
Noncorporate equity 0.5
Pension and life insurance reserves 1.0
Debt assets 0.85
Total 4.85 4.85

In 2000, privately held government debt was only 0.30 times GDP, a third
of which was held by foreigners. The amount of interest-bearing government
debt with maturity less than a year was only 0.085 times GDP, which is a small
fraction of total household net worth. Virtually no T-bills are directly owned
by households.1 Approximately one-third of the T-bills outstanding are held
by foreign central banks, and two-thirds are held by U.S. financial institutions.

1See Table B-89, Economic Report of the President (2005).
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Although large amounts of debt assets are held, most of these are in pension
tund and life insurance reserves. Some are in demand deposits, for which free
services are provided. Most government debt is held indirectly; a small fraction
is held as savings bonds.

Thus, much of intertemporal saving is in debt assets, such as annuities and
mortgage debt, held in retirement accounts and as pension fund reserves. Other
assets, not T-bills, are typically held to finance consumption in retirement.
Hence, T-bills and short-term debt are not reasonable empirical counterparts to the
risk—free asset priced in Equation 1, and it would be inappropriate to equate the
return on these assets to the expected marginal rate of substitution for an
important group of agents.

An inflation-indexed, default-free bond portfolio with a duration similar
to that of a well-diversified equity portfolio would be a reasonable proxy for a
risk-free asset used for consumption smoothing.2 For most of the 20th century,
equity has had an implied duration of about 25 years, so a portfolio of TIPS
(Treasury Inflation-Protected Securities) of a similar duration would be a
reasonable proxy.

Because TIPS have only recently (1997) been introduced in U.S. capital
markets, it is difficult to get accurate estimates of the mean return on this asset
class. The average return for the 1997-2005 period is 3.7 percent. An alternative
(though imperfect) proxy would be to use the returns on indexed mortgages
guaranteed by Ginnie Mae (Government National Mortgage Association) or
issued by Fannie Mae (Federal National Mortgage Association). I conjecture
that if these indexed default-free securities are used as a benchmark, the equity
premium will be closer to 4 percent than to the 6 percent equity premium
relative to T-bills. By using a more appropriate benchmark for the riskless asset,
I can account for 2 percentage points of the “equity premium.”

Ignoring the Difference between Borrowing and
Lending Rates

A major disadvantage of the homogeneous household construct is that it
precludes the modeling of borrowing and lending among agents. In equilibrium,
the shadow price of consumption at date # + 1 in terms of consumption at date
¢1s such that the amount of borrowing and lending is zero. However, there is a
large amount of costly intermediated borrowing and lending between house-
holds, and as a consequence, borrowing rates exceed lending rates. When
borrowing and lending rates differ, a question arises: Should the equity premium
be measured relative to the riskless borrowing rate or the riskless lending rate?

2McGrattan and Prescott (2003) use long-term high-grade municipal bonds as a proxy for the

riskless security.
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To address this question, Mehra, Piguillem, and Prescott (2011) con-
structed a model that incorporates agent heterogeneity and costly financial
intermediation. The resources used in intermediation (3.4 percent of GNP)
and the amount intermediated (1.7 percent of GNP) imply that the average
household borrowing rate is at least 2 percentage points higher than the average
household lending rate. Relative to the level of the observed average rates of
return on debt and equity securities, this spread is far from being insignificant
and cannot be ignored when addressing the equity premium.

In this model,3 a subset of households both borrow money and hold equity.
Consequently, a no-arbitrage condition is that the return on equity and the
borrowing rate are equal (5 percent). The return on government debt, the
household lending rate, is 3 percent. If I use the conventional definition of the
equity premium—the return on a broad equity index less the return on govern-
ment debt—I would erroneously conclude that in this model, the equity pre-
mium is 2 percent. The difference between the government borrowing rate and
the return on equity is not an equity premium; it arises because of the wedge
between borrowing and lending rates. Analogously, if borrowing and lending
rates for equity investors differ, and they do in the U.S. economy, the equity
premium should be measured relative to the investor borrowing rate rather than
the investor lending rate (the government’s borrowing rate). Measuring the
premium relative to the government’s borrowing rate artificially increases the
premium for bearing aggregate risk by the difference between the investor’s
borrowing and lending rates.4 If such a correction is made to the benchmark
discussed earlier, the “equity premium?” is further reduced by 2 percentage points.
Thus, I have accounted for 4 percentage points of the equity premium reported
in Mehra and Prescott (1985) by factors other than aggregate risk.

Abstracting from Life-Cycle Effects and Borrowing
Constraints on the Young

In Constantinides, Donaldson, and Mehra (2002), we examined the impact of
life-cycle eftects, such as variable labor income and borrowing constraints, on
the equity premium. We illustrated these ideas in an overlapping-generations
exchange economy in which consumers live for three periods. In the first period,
a period of human capital acquisition, the consumer receives a relatively low
endowment income. In the second period, the consumer is employed and
receives wage income subject to large uncertainty. In the third period, the
consumer retires and consumes the assets accumulated in the second period.

3There is no aggregate uncertainty in our model.
4For a detailed exposition of this and related issues, sce Mehra and Prescott (2008).
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In the article, we explored the implications of a borrowing constraint by
deriving and contrasting the stationary equilibriums in two versions of the
economy. In the borrowing-constrained version, the young are prohibited from
borrowing and from selling equity short. The borrowing-unconstrained economy
differs from the borrowing-constrained one only in that the borrowing con-
straint and the short-sale constraint are absent.

The attractiveness of equity as an asset depends on the correlation between
consumption and equity income. Because the marginal utility of consumption
varies inversely with consumption, equity will command a higher price (and
consequently, a lower rate of return) if it pays off in states when consumption
is high and vice versa.5

A key insight of ours in the article is that as the correlation of equity income
with consumption changes over the life cycle of an individual, so does the
attractiveness of equity as an asset. Consumption can be decomposed into the
sum of wages and equity income. Young people looking forward at the start of
their lives have uncertain future wage and equity income; furthermore, the
correlation of equity income with consumption will not be particularly high as
long as stock and wage income are not highly correlated. This is empirically the
case, as documented by Davis and Willen (2000). Equity will, therefore, be a
hedge against fluctuations in wages and a “desirable” asset to hold as far as the
young are concerned.

The same asset (equity) has a very different characteristic for the middle-
aged. Theirwage uncertainty has largely been resolved. Their future retirement
wage income is either zero or deterministic, and the innovations (fluctuations)
in their consumption occur from fluctuations in equity income. At this stage
of the life cycle, equity income is highly correlated with consumption. Con-
sumption 1s high when equity income is high, and equity is no longer a hedge
against fluctuations in consumption; hence, for this group, equity requires a
higher rate of return.

The characteristics of equity as an asset, therefore, change depending on
the predominant holder of the equity. Life-cycle considerations thus become
crucial for asset pricing. If equity is a desirable asset for the marginal investor
in the economy, then the observed equity premium will be low relative to an
economy where the marginal investor finds it unattractive to hold equity. The
deus ex machina 1s the stage in the life cycle of the marginal investor.

5This is precisely the reason why high-beta stocks in the simple capital asset pricing model
framework have a high rate of return. In that model, the return on the market is a proxy for
consumption. High-beta stocks pay off when the market return is high—that is, when marginal
utility is low and, hence, their price is (relatively) low and their rate of return high.
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We argued that the young, who should be holding equity in an economy
without frictions, are effectively shut out of this market because of borrowing
constraints. The young are characterized by low wages; ideally, they would like
to smooth lifetime consumption by borrowing against future wage income
(consuming a part of the loan and investing the rest in higher return equity).
However, they are prevented from doing so because human capital alone does
not collateralize major loans in modern economies for reasons of moral hazard
and adverse selection.

Therefore, in the presence of borrowing constraints, equity is exclusively
priced by middle-aged investors because the young are effectively excluded from
the equity markets and a high equity premium is thus observed. If the borrowing
constraint is relaxed, the young will borrow to purchase equity, thereby raising
the bond yield. The increase in the bond yield induces the middle-aged to shift
their portfolio holdings from equities to bonds. The increase in demand for
equity by the young and the decrease in demand for equity by the middle-aged
work in opposite directions. On balance, the effect is to increase both the equity
and the bond return, while shrinking the equity premium.

The results suggest that, depending on the parameterization, between 2
and 4 percentage points of the observed equity premium can be accounted for
by incorporating life-cycle effects and borrowing constraints.

Conclusion

I have argued that using an appropriate benchmark for the risk-free rate,
accounting for the difference between borrowing and lending rates, and incor-
porating life-cycle features can account for the equity premium. That this can
be accomplished without resorting to risk supports the conclusion of Mehra
and Prescott (1985) that the premium for bearing systematic risk is small.

My projection for the equity premium is that at the end of the next decade,
it will be higher than that observed in the past. During the next 10 years, the
ratio of the retired population to the working-age population will increase.
These retired households, in an attempt to hedge against outliving their assets,
will likely rebalance their portfolios by substituting annuity-like products for
equity. Because, in equilibrium, all assets must be held, this substitution will
lead to an increase in the expected equity premium. Consequently, during this
adjustment process, the realized equity premium will probably be lower than
the historical average.
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Opening of

"I think investors are starting to
come around to the view that stocks

aren't quite as special as they once
thought,” says Rob Arnott

==

By Jonathan Barnes

“My career has largely been successful as a con-
sequence of the fact that I love to test ideas,” says
Rob Arnott, chairman and CEO of Research Affil-
iates and former editor in chief of the Financial
Analysts Journal. Arnott’s reputation for testing
conventional investment wisdom made him one
of the key contributors when the Research Foun-
dation of CFA Institute gathered leading aca-
demics and practitioners in 2011 to discuss the
equity risk premium (ERP), the expected return
for equities in excess of a risk-free rate. He deliv-
ered a presentation titled “Equity Risk Premium
Myths,” which was subsequently included in the
book Rethinking the Equity Risk Premium. In this
interview with CFA Institute Magazine, Arnott
corrects some of the misconceptions about the
ERP, argues that “a cult of equities is worship-
ping a false idol,” deconstructs the notion of a
risk-free rate, and explains why “our industry,
both on the practitioner and on the academic
sides, has tremendous inertia, a resistance to
new ideas.”
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ALL TOO OFTEN,
THE TERM
"EQUITY RISK
PREMIUM"

IS ATTACHED
TO WIDELY
DIFFERENT
CONCEPTS.

Do we need a stronger definition of the
equity risk premium?

All too often, the term “equity risk premium”
is attached to widely different concepts. It is
applied to the historical difference in returns
between stocks and bonds—or between stocks
and cash—and it is also applied to forward-look-
ing expectational return differences. Really,
a risk premium is an expectational return, so
when we look at historical returns, I think it
is important to use different terminology. I
prefer the term “historical excess return,” not
risk premium.

If we turn attention from past to future, the
equity risk premium should be the expected
incremental return that an investor will likely
earn from a willingness to hold stocks instead
of bonds or cash. So, one needs to further define
one’s terms. The risk premium versus bonds and
the risk premium versus cash are very differ-
ent. Today, cash yields nothing; 30-year bonds
have yields around 3%.

Which measure is more widely used?
Academia tends to think of the equity risk pre-
mium relative to a risk-free rate (never mind
that there is nothing that is really risk free in
life), and typically that is thought of as a cash
yield. A much more relevant measure is equi-
ties versus long bonds because they both have
a long investment horizon. Cash is very risky
for the long-term investor!

When we look at stocks relative to long
bonds, we can do some very simple arithmetic
as it relates to expectational returns. Thirty-
year bonds have yields around 3%, and the
real return as indicated by long-term Treasury
Inflation-Protected Securities (TIPS) is 0.5%,
give or take.

Stocks produce returns in a real return form
because earnings and dividends grow with infla-
tion, plus a real growth kicker. Historically,
going back a hundred years, you find earnings
and dividends have grown a little less than
1.5% above the rate of inflation. If you add that
to the current yield, you get something on the
order of a 3.5% expected real return, as against
0.5% for long TIPS. That gives you a 3% risk
premium. And that assumes that past rates of
growth can continue, given the headwinds from
our aging population, as well as our burgeon-
ing debt and deficits.

So when we reframe the definition in terms of
forward-looking return expectations for stocks
(relative to forward-looking real return expec-
tations for long bonds), we get a comparison
of two relatively similar-horizon investments
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and a comparison that has some real economic
meaning. That’s my preferred way of thinking
about the equity risk premium.

Is more standardization of the ERP needed?
Discussions about the equity risk premium often
occur in vague terms: How much more do you
expect to earn from a willingness to bear equity
market risk? How much more return relative
to what? Over what investment horizon? These
questions are left ambiguous in all too many
examinations of the equity risk premium. If they
are defined with any precision, you get much
more reasonable apples-with-apples compari-
sons. Then, you have an ability to examine the
underlying assumptions.

There is an annual academic survey of esti-
mates on the equity risk premium in which the
ERP is defined as a long-term return against
T-bills. But you still have to factor inflation
expectations, and on a long-term basis, inflation
is anyone’s guess, not to mention the future real
T-bill yields. So, even with studies that define
their terms, if you have a gap in return hori-
zon—cash has a horizon that is measured in
weeks or months, stocks have a horizon that is
measured in decades—then again, you get into
ambiguous comparisons of apples and oranges
and a relatively meaningless phenomenon.

Can you explain the myth that the equity
risk premium is 5%?

The notion that stocks beat bonds by 5% was
embraced in the 1990s by much of the con-
sulting community (and through the consult-
ing community, by much of the plan sponsor
community). It is something of a core belief
in the practitioner community. This myth is
very dangerous because the long-term histor-
ical excess return—while not far from 5%—is
driven in large measure by a change in valua-
tion multiples for equities. The long-term his-
torical average dividend yield for stocks going
back a hundred or more years is about 4%. If
the yield now is 2%—a rise in valuation mul-
tiples from 25 years of dividends to 50 years
of dividends—that is a big change in valua-
tion multiples. So, it creates an inflated histor-
ical excess return, which people then translate
into an inflated expectational risk premium.

How does your estimate of 3% compare
historically?

It’s above the historic norms. In 2002, I wrote
a paper with Peter Bernstein for the Financial
Analysts Journal that showed that the reasonable
historical equity risk premium—not the excess



return—but what would reasonably have been
expected historically for stocks relative to long
bonds—was 2.4%.

So, if we are looking at 3% today, that means
that right now we have a modestly outsized
equity risk premium (if future economic growth
matches past growth). It’s predicated on negative
real yields at the long end of the bond market,
so that is a big problem. If you are looking at
anemic real returns on bonds (and less-anemic
real returns on stocks), you get a positive risk
premium through the unfortunate path of gen-
erally dismal returns.

Another myth is that the ERP is static over
time, companies, and markets. Can you

say more?

There are respected academics who build their
theories on the notion that the equity risk pre-
mium must be static. Yet, on the other hand,
there are those who argue that the equity risk
premium varies from one stock to another. If it
varies from one stock to another, why shouldn’t
it vary from one month or year to another? The
notion of a static equity risk premium is another
unfortunate myth.

The risk premium is really a function of pric-
ing. When bond yields are high, the risk pre-
mium can get very skinny indeed. Ever so briefly
in 2000, you could buy TIPS, long-term TIPS,
extending out 20-30 years that had a yield of
over 4%. I believe the top was 4.3%. A 4.3% real
return guaranteed with full faith and credit of
the U.S. Treasury is a marvelous default risk—
free return. To have that available in bonds at
a time when stocks had a yield of 1% is really
quite breathtaking. So, what we find is that the
risk premium is dynamic. It changes over time.

And across companies and markets.

Yes, let’s look across companies. Bank of Amer-
ica is a huge company and comprises less than
1% of the U.S. stock market. Apple is a much
smaller company that comprises over 4% of the
U.S. stock market. Is it reasonable to assume
that Apple—with wonderful growth, no seri-
ous competition, and viewed widely as a safe
haven—should have the same risk premium as
Bank of America, a company that has in recent
years seemed to lose its way strategically and is
facing daunting headwinds in the years ahead?
Should they be priced at the same forward-look-
ing rate of return? Probably not.

By the same token, compare the risk pre-
mium when people were worried about finan-
cial Armageddon in early 2009 and the risk pre-
mium when people felt that things were getting

| THINK THE MYTHS ARE A CONSEQUENCE

OF INERTIA. OUR INDUSTRY, BOTH ON THE
PRACTITIONER AND ON THE ACADEMIC SIDES,
HAS TREMENDOUS INERTIA, A RESISTANCE

TO NEW IDEAS.

solidly back on track in early 2011. Should that
risk premium be the same from one year to the
next? Of course not.

So, yes, risk premia vary cross-sectionally,
across time, across markets, across compa-
nies. Is the Greek risk premium higher than
the U.S. risk premium today? Yeah, I would
think so, which means that investors in Greek
stocks should be expecting a higher return than
investors in U.S. stocks because of the higher
expected uncertainty.

Why are these myths so enduring?
I think the myths are a consequence of iner-
tia. Our industry, both on the practitioner and
on the academic sides, has tremendous iner-
tia, a resistance to new ideas. Once people are
taught a particular way of thinking, there is
a resistance to questioning that way of think-
ing. One could characterize it even as a bit of
intellectual laziness. People embrace an idea
that they have been taught, and they hang on
to that idea. They are reluctant to relinquish it
in favor of something else.

People are taught the normal risk premium
is 5%. In early 2001, Ron Ryan and I wrote a
paper titled “The Death of the Risk Premium,”
which was first published as a First Quadrant
“President’s Letter” and later published in the
Journal of Portfolio Management, where we
suggested that the equity risk premium was
now negative. That created a firestorm of con-
troversy and even outrage in some quarters—
to suggest that stocks would produce a lower
return than bonds. But if stocks have a divi-
dend yield of 1% and bonds have a yield of 6%
in an environment of 2% inflation, that points
to a negative risk premium, unless stocks can
deliver long-term earnings and dividend growth
north of 5%. There is nothing written into con-
tract law in the finance community that says,
“Stocks must have a positive risk premium.”
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WE DO OURSELVES A GREAT FAVOR IF

WE ABANDON THE NOTION OF A RISK-FREE
RATE AND REPLACE IT WITH A NOTION OF
A RISK-MINIMIZING ASSET OR PORTFOLIO
OVER A HORIZON MATCHING THE INTENDED
LIABILITIES.

Why are you so interested in these myths?
My career has largely been successful as a con-
sequence of the fact that I love to test ideas. The
more widely accepted an idea is, the more I am
inclined to say, “Let’s test it and see if it is true.”

One of the things that startled me over
the course of my career is how few people
pursue that line of reasoning—“If an idea is
well accepted, maybe we should test it”"—and
how many people resist those tests when they
turn out to suggest that conventional wisdom
is wrong. Conventional wisdom isn't always
wrong; it’s just not always right.

How risk free is the risk-free rate?

I think the whole notion of a risk-free rate is a
distraction which takes our eye off of the ball in
terms of how people think about investments.
First, risk free in what context?

The risk of a 30-day Treasury bill defaulting
is, for all intents and purposes, zero. The risk
of it producing a real return that is less than
we expect—that is a much bigger risk because
the uncertainty about next month’s CPI has a
certain standard deviation that makes that so-
called risk-free asset a little less risk free than
we might think or hope.

Try to persuade any investor with a long-term
liability—a typical pension fund, for instance—
that owning and rolling T-bills is a risk-free
way to fund those pensions. Come on! We don’t
know what the rates are going to be over the
coming years. We don’t know what the infla-
tion is going to be, and we don’t know what
the growth of the liability itself will be. There
is no such thing as a risk-free rate. The sooner
we abandon the notion that there is a risk-free
rate, the better off we will be.

If not risk free, then what?
For most long-term investors, the risk-minimiz-
ing asset—not risk free—is something that is
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duration-matched to your intended spending
stream and to your liabilities. If you are a pen-
sion fund, for instance, if those liabilities have
an inflation kicker to them—if they are sensi-
tive to the rates of inflation—then long TIPS
are your risk-minimizing asset.

If we think in terms of risk-minimizing assets
over a horizon long enough to matter, we arrive
at very, very different answers. All of a sudden,
what feels low risk (a cash-dominated portfo-
lio) turns out to be very high risk measured
in terms of long-term return expectations and
long-term liabilities. Something that feels pretty
volatile, a 30-year TIPS instrument, winds up
being very low risk measured against long-term
liabilities. So, I think we do ourselves a great
favor if we abandon the notion of a risk-free rate
and replace it with a notion of a risk-minimiz-
ing asset or portfolio over a horizon matching
the intended liabilities.

Would that alter the traditional asset-pricing
models that evaluate risk-return trade-offs?
Peter Bernstein and I published a paper way back
in 1988 in the Harvard Business Review (they
assigned the title “The Right Way to Manage
Your Pension Fund,” which I thought was a
pretty arrogant title). The paper simply said, “If
you redefine your efficient frontier to charac-
terize risk as the mismatch between your assets
and liabilities, you wind up with a very differ-
ent efficient frontier and a very different port-
folio mix.” We urged consultants and pension
funds to consider optimizing their holdings on
the basis of a redefinition of risk. To this day, I
believe that makes absolute sense, and to this
day, hardly anyone does it.

How does the LIBOR scandal tie in to this?

I think that the LIBOR scandal is simultane-
ously a big deal and much ado about nothing,
which sounds contradictory.



I say much ado about nothing because when
people price swaps off LIBOR, when it is a
gamed LIBOR, they figure out what they want
to charge for the swap and they price it relative
to that gamed LIBOR. The gaming of the LIBOR
has nothing to do with the rate that they are
charging. The rate that they are charging rel-
ative to LIBOR is really an outcome of setting
a rate that you want to charge and subtracting
the gamed LIBOR from it. So if the gaming of
LIBOR is much the same from one period to the
next, no one is harmed.

But it was a very big deal in the sense that
people trusted that it was a fair interbank bor-
rowing rate. We have had so many damaging
body blows to the public’s sense of trust in the
capital markets. How useful are the capital mar-
kets if we can’t trust them? How effective is the
capitalist system that is predicated on trust?
When we do a deal, we trust that the other side
will honor their side of the deal.

You attended the CFA Institute forums on
the equity risk premium in 2001 and 2011.
What did you learn? What was your experi-
ence at the forums?
They were fun. As I mentioned, when Ron Ryan
and I wrote the paper “The Death of the Equity
Risk Premium” in 2000, we ran into a buzz saw
of resistance. Today, you don’t get that push-
back. One thing that has changed is that people,
probably by dint of the pain of the last dozen
years, are beginning to recognize that the cult
of equities is itself promulgating huge myths.

The notion that double-digit returns are nat-
ural for stocks, the notion that lower yields are
the market’s way of telling you to expect faster
growth, the notion that stocks are assuredly
going to produce higher returns than long bonds
for those patient enough to stay the course over
the course of one or two economic cycles and
that stocks are less risky than bonds for the
truly long-term investor—these are all myths
that are fast dissipating.

My view that a cult of equities is worshipping
a false idol is no longer a fringe view that gets
one consigned to our industry’s virtual luna-
tic asylum. It’s becoming an acceptable view.
So I think we are seeing an opening of minds.
The opening of minds is unfortunately a dozen
years too late to avert damage, but it is impor-
tant and interesting to see that it is happening.

You've written on the necessity of challeng-
ing deeply rooted assumptions of finance
theory. Can you explain?

Neoclassical finance and the capital asset pricing
model are predicated on an array of powerful

theories and, in many cases, mathematical proofs
that demonstrate that if the market behaves in
thus and such a fashion, it will have thus and
such implications.

Take the capital asset pricing model. If mar-
kets are efficient and if investors share a common
view on forward-looking risks and returns, if
investors trade for free with no taxes and no
trading costs, and if all investors have a sim-
ilar utility function, then the market-clear-
ing portfolio will be the “mean-variance-effi-
cient portfolio” and you can’t beat it on a risk-
adjusted basis.

That is a very powerful conclusion—deserv-
edly winning a Nobel Prize for Bill Sharpe—
built on a foundation of heroic and clearly inac-
curate assumptions. I think finance theory is
wonderful, but I think it is important that we
acknowledge that finance theory is theory. It
is not the real world. Theory is designed to tell
us how the world ought to work. The more we
can learn from theory and conform theory to
better match the real world, the deeper our
understanding of markets.

I think, with the coming quarter century, it
will be marvelous if we see a marriage—and
it will be an uncomfortable marriage—of neo-
classical finance with behavioral finance, a
theoretical foundation for the empirical obser-
vations of behavioral finance. The big issues in
finance theory are really simple. If you assume
that the theory is correct and true, then we are
tacitly assuming that the assumptions are cor-
rect and true. And yet nobody would argue that
the assumptions are true. I think we need to
back off from the notion that theory is reality.

Are equities worth the risk, given the poten-
tially low equity risk premium?

I think investors are starting to come around
to the view that stocks aren’t quite as special
as they once thought. The sad irony is that the
more extravagantly expensive stocks are, the
more members you will have in the cult of equi-
ties. The reason for that is simple. Stocks become
extravagantly expensive by performing bril-
liantly. After they have performed brilliantly,
it is painful to argue the case that stocks are a
lousy investment. People come around to the
view that stocks aren’t guaranteed a premium
return after equities have underperformed badly
for a long period of time. That is unfortunate
and it is ironic, but it is a simple fact.

Jonathan Barnes is a financial journalist and author of
the novel Reunion.
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The Level and Persistence of Growth Rates
LOUIS K. C. CHAN, JASON KARCESKI, and JOSEF LAKONISHOK *

ABSTRACT

Expectations about long-term earnings growth are crucial to valuation mod-
els and cost of capital estimates. We analyze historical long-term growth rates
across a broad cross section of stocks using several indicators of operating
performance. We test for persistence and predictability in growth. While some
firms have grown at high rates historically, they are relatively rare instances.
There is no persistence in long-term earnings growth beyond chance, and
there is low predictability even with a wide variety of predictor variables. Spe-
cifically, IBES growth forecasts are overly optimistic and add little predictive
power. Valuation ratios also have limited ability to predict future growth.

THE EXPECTED RATE of growth in future cash flows (usually proxied by accounting
earnings) plays a pivotal role in financial management and investment analysis.
In the context of aggregate market valuation, for example, projections about fu-
ture growth are instrumental in predicting the equity risk premium. Much cur-
rent controversy surrounds the appropriate level of the equity risk premium, as
well as whether recent market valuation levels (at least as of year-end 1999) can
be justified (Asness (2000), Welch (2000), Fama and French (2002)). Debate also
revolves around how much of the performance of equity asset classes, such as
large glamour stocks, can be attributed to changes in profitability growth (Fama
and French (1995), Chan, Karceski, and Lakonishok (2000)). When applied to the
valuation of individual stocks, projected growth rates have implications for the
cross-sectional distribution of cost of capital estimates (Fama and French (1997),
Claus and Thomas (2001), Gebhardt, Lee, and Swaminathan (2001)), as well as
widely followed valuation ratios like price-to-earnings and price-to-book ratios.
Common measures of expected growth in future earnings, such as valuation
ratios and analysts’ growth forecasts, vary greatly across stocks. In the case of
price-to-earnings multiples for the IBES universe of U.S. firms, for example, at

*Chan is with the Department of Finance, College of Commerce and Business Administra-
tion, University of Illinois at Urbana-Champaign; Karceski is with the Department of
Finance, Warrington College of Business Administration, University of Florida; and Lako-
nishok is with the Department of Finance, College of Commerce and Business Administra-
tion, University of Illinois at Urbana-Champaign, and NBER. We thank the editor, Rick
Green; CLff Asness; Kent Daniel; Ken French; an anonymous referee; and seminar partici-
pants at Dartmouth, Duke University, the London School of Economics Financial Markets
Group, the NBER Behavioral Finance Fall 2000 workshop, the University of Illinois, Washing-
ton University, and the Western Finance Association 2001 meetings.
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year-end 1999, the distribution of the stock price relative to the consensus fore-
cast of the following year’s earnings has a 90th percentile of 53.9, while the 10th
percentile is 74, yielding a difference of 46.5. Firms with a record of sustained,
strong past growth in earnings are heavily represented among those trading at
high multiples. Security analysts issue positive recommendations for these
stocks and forecast buoyant future prospects. Other stocks with a history of dis-
appointing past growth are shunned by the investment community. They are
priced at low multiples and analysts are unexcited about their outlook. Putting
aside the possibility of mispricing, one reason for the disparity in multiples is
differences in risk. At the level of individual stocks, however, the relation be-
tween risk and expected return is weak (Fama and French (1992)). It is thus un-
likely that the large dispersion is driven primarily by risk (the evidence in Beaver
and Morse (1978) also supports this view). Rather, if the pricing is rational, most
of the cross-sectional variation reflects differences in expected growth rates. A
more direct measure of the market’s expectations, security analysts’ forecasts of
long-term growth in earnings, also displays large differences across stocks. For
example, the 90th percentile of the distribution of IBES five-year forecasts is 40
percent as of year-end 1999, compared to the 10th percentile of 8.9 percent. If ana-
lysts and investors do not believe that future earnings growth is forecastable,
they would predict the same growth rate (the unconditional mean of the distribu-
tion) for all companies, and it is unlikely that the dispersion in forecasts or price—
earnings ratios would be as large as it actually is.

Based on market valuations and analysts’ forecasts, then, there is a widespread
belief among market participants that future earnings growth is highly predict-
able. However, economic intuition suggests that there should not be much consis-
tency in a firms profitability growth. Following superior growth in profits,
competitive pressures should ultimately tend to dilute future growth. Exit from
an unprofitable line of business should tend to raise the remaining firms’ future
growth rates. Some support for this logic comes from Fama and French (2002).
Their evidence for the aggregate market suggests that while there is some
short-term forecastability, earnings growth is in general unpredictable.

In short, there may be a sharp discrepancy between share valuations along
with analysts’ predictions on the one hand, and realized operating performance
growth on the other. The discrepancy may reflect investors’ judgmental biases or
agency distortions in analysts’ behavior. In any event, the divergence is poten-
tially large, judging from current market conditions. For instance, take a firm
with a ratio of price to forecasted earnings of 100. Such cases are by no means
minor irregularities: based on values at year-end 1999, they represent about 11.9
percent of total market capitalization. To infer the growth expectations implicit
in such a price earnings ratio, we adopt a number of conservative assumptions. In
particular, suppose the multiple reverts to a more representative value of 20 in 10
years, during which time investors are content to accept a rate of return on the
stock of zero (assume there are no dividends). A multiple of 20 is conservative,
since Siegel (1999) argues that a ratic of 14 may not be an unreasonable long-term
value. Further, an adjustment period of 10 years is not short, in light of the fact
that many of the largest firms at year-end 1999 did not exist 10 years ago. These
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assumptions imply that earnings must grow by a factor of five, or at a rate of
about 17.5 percent per year, for the next 10 years. Alternatively, suppose investors
put up with a paltry 10 percent rate of return (Welch (2000), reports that financial
economists’ consensus expected return is considerably higher). Then earnings
must grow at an even more stellar rate (29.2 percent per year) over 10 years to
justify the current multiple.

The above example highlights the two questions we tackle in this paper. How
plausible are investors’ and analysts’expectations that many stocks will be able to
sustain high growth rates over prolonged periods? Are firms that can consis-
tently achieve such high growth rates identifiable ex ante? We begin by document-
ing the distribution of growth rates realized over horizons of 1, 5, and 10 years.
This evidence lets us evaluate the likelihood of living up to the expectations of
growth that are implicit in market valuation ratios. To justify rich valuations, in-
vestors must believe that high growth persists over many years. Accordingly, we
also examine whether there is persistence in operating performance growth. In-
dividual firms’ earnings and incomes can be very erratic, so a robust empirical
design is a crucial consideration. We employ nonparametric tests on multiple in-
dicators of operating performance across a large cross section of stocks over re-
latively long horizons. In addition, we focus our tests for persistence by
examining subsets of firms where future growth is more likely to be predictable
(e.g., stocks in the technology sector and stocks which have displayed persistence
in past growth). To give the benefit of the doubt to the possibility of persistence,
we relax the definition of consistency in growth and redo our tests. Finally, we
expand the list of variables to forecast growth beyond past growth rates. We ex-
amine whether valuation measures, such as earnings yields and ratios of book-to-
market equity and sales-to-price, are associated with growth on an ex ante as
well as ex post basis. Security analysts’ earnings forecasts are also widely used
as measures of the market’s expectations of growth in future earnings. As acheck
on the quality of analysts’ predictions, we evaluate how well realized growth
rates align with IBES consensus forecasts.

Our main findings are as follows. Our median estimate of the growth rate of
operating performance corresponds closely to the growth rate of gross domestic
product over the sample period. Although there are instances where firms
achieve spectacular growth, they are fairly rare. For instance, only about 10 per-
cent of firms grow at a rate in excess of 18 percent per year over 10 years. Sales
growth shows some persistence, but there is essentially no persistence or predict-
ability in growth of earnings across all firms. Even in cases that are popularly
associated with phenomenal growth (pharmaceutical and technology stocks,
growth stocks, and firms that have experienced persistently high past growth),
signs of persistent growth in earnings are slim. Security analysts’ long-term
growth estimates tend to be overoptimistic and contribute very little to predict-
ing realized growth over longer horizons. Market valuation ratios have little abil-
ity to discriminate between firms with high or low future earnings growth. An
expanded set of forecasting variables also has scant success in predicting future
earnings growth. Allin all, our evidence on the limited predictability of earnings
growth suggests that investors should be wary of stocks that trade at very high
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multiples. Very few firms are able to live up to the high hopes for consistent
growth that are built into such rich valuations.

Related prior research in the financial literature on the behavior of earnings
growth is meager. Little (1962) and Little and Rayner (1966) examine the growth
in earnings of a limited sample of U.K. firms in the 1950s. Early evidence for U.S.
firms is provided by Lintner and Glauber (1967) and Brealey (1983). Beaver (1970)
and Ball and Watts (1972) start a long line of papers that apply time-series models
to earnings. However, few firms have sufficiently long earnings histories to allow
precise estimation of model parameters, and the emphasis in this line of work has
been on short-term forecasting. More recently, Fama and French (2002) examine
the time-series predictability of aggregate earnings for the market. Our work is
closest in spirit to that of Fama and French (2000), who look at the cross-sectional
predictability of firms’earnings, but even they focus on one-year horizons.

A much larger number of studies by academics and practitioners rely on esti-
mates of expected long-term earnings growth for stock valuation, or for estimat-
ing firms’ cost of capital. A selective list includes Bakshi and Chen (1998), Lee,
Myers, and Swaminathan (1999), Claus and Thomas (2001), and Gebhardt et al.
(2001). In particular, many studies use long-term consensus IBES forecasts for
expected growth rates (see, e.g., Mezrich et al. (2001)). Given the widespread use
of IBES long-term estimates, it is important to evaluate their correspondence
with realized growth rates.

The rest of the paper is organized as follows. Section I discusses our sample
and some basics of the methodology. The cross-sectional distribution of firms’
growth rates is reported in Section II. Section III presents the results of runs
tests for consistency in growth of operating performance. Section IV takes up
the issue of survivorship bias. Although our main focus is not on the determi-
nants of valuation multiples, Section V examines the relation between growth
and valuation ratios such as earnings yields and book-to-market ratios, on both
an ex ante and ex post basis. We compare IBES long-term forecasts with realized
growth rates in Section VI. Section VII uses cross-sectional regressions to fore-
cast future growth using variables including past growth, valuation ratios, and
IBES estimates. A final section concludes.

I. Sample and Methodology

Our sample of firms comprises all domestic common stocks with data on the
Compustat Active and Research files. Firms are selected at the end of each calen-
dar year from 1951 to 1997. The earlier years are included for the sake of complete-
ness, even though there is a backfill bias in the earlier part of the sample period
(see Chan, Jegadeesh, and Lakonishok (1995)), which may impart an upward bias
to growth rates in the beginning of the sample. The number of eligible firms grows
from 359 in the first sample selection year to about 6,825 in the last year; on aver-
age, the sample comprises about 2,900 firms.

We consider three indicators of operating performance: net sales (Compustat
annual item number 12), operating income before depreciation (item 13), and
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income before extraordinary items available for common equity (item 237). While
researchers and practitioners tend to focus exclusively on income before extra-
ordinary items, measuring growth in this variable is beset with pitfalls. In many
cases, earnings before extraordinary items is negative, so prospective growth
rates are undefined (for our sample, in an average year, 29 percent of firms have
negative values for earnings before extraordinary items). In other cases, firms
grow from low positive values of base-year net income, introducing large out-
liers.! These include such disparate cases as beaten-down companies with de-
pressed earnings and growing startup companies that are beginning to
generate profits. To avoid hanging all our inferences on such a noisy variable,
therefore, we also consider growth in net sales and growth in operating income
before depreciation. These are relatively better-behaved measures of operating
performance.

Researchers have adopted different conventions for calculating growth rates.
Given our focus on the predictability of growth rates, we measure growth on a per
share basis so as to strip out any predictability due to changes in the scale of the
firm’s operations. This also corresponds to the measurement convention in the
investment industry.?

Thus, we take the perspective of an investor who buys and holds one share of a
stock over some horizon and track the growth in sales or income that accrues to
one share, after adjusting for stock splits and dividends. Moreover, two firms can
offer the same expected return, but have different earnings growth rates because
of their dividend payout policies. From an investor’s standpoint, these two stocks
would be considered equivalent. To put firms with different dividend policies on
an equal footing, therefore, all cash dividends as well as any special distributions
(such as when a firm spins off assets) are reinvested in the stock.

II. The Distribution of Growth Rates of Operating Performance

This section documents the distribution of historical growth rates over rela-
tively long horizons (5 and 10 years). For the sake of completeness, results are also
provided for 1-year horizons. At each calendar year-end over the sample period,
we measure rates of growth in future operating performance for all eligible

1Some of these complications may be alleviated by averaging earnings over a number of
years and measuring growth in these averages. Since our focus is on point-in-time growth
rates, we do not explore this alternative procedure. In unreported work, we also experiment
with other ways to calculate growth rates. These include value-weighted growth rates for
portfolios, estimated growth rates from least-squares fits of linear and quadratic time trends
through sales and income, and growth rates without dividend reinvestment. Generally speak-
ing, the results are robust to how we measure growth rates.

“?Lakonishok, Shleifer, and Vishny (1994) calculate growth in a firm’s overall sales and earn-
ings, while Daniel and Titman (2001) calculate growth on a per share basis. These studies
focus on the impact of investor sentiment on stock returns. The hypothesis is that investors
tend to favor companies with strong past performance, those in a glamorous line of business,
or those which are perceived to be well managed. From this standpoint, it might be argued
that it is the performance of the overall company that is relevant, and not just the profits
earned per share.
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stocks. Percentiles are calculated for the distribution obtained at each year-end.
Table I reports the percentiles averaged across years in the sample period, as well
as the most recent distribution corresponding to the last selection year of the
sample period.

Several points are important as background to the results in Table I. First,
since we include reinvestment of dividends and special distributions, the growth
rates we report are typically higher than conventionally measured growth rates.
The median dividend yield for our sample (averaged across all years) is about 2.5
percent. A second caveat is that the tabulated growth rates are based only on
firms who survive for the following 1, 5, or 10 years. The survivorship bias may
induce an upward bias in our reported growth rates. Moreover, we follow the con-
ventional approach and do not calculate growth rates for operating income be-
fore depreciation or income before extraordinary items when the base-year
value is negative.? To illustrate the potential magnitude of these complications,
on average there are about 2,900 firms available for inclusion in the sample at
each year-end. Of these, 2,782 firms survive at the end of the next year and have
a reported value for income before extraordinary items. The calculations for 1-
year growth in earnings before extraordinary items are based on 1994 of these
firms; the remaining 788 firms have negative values for income in the base year.
At the 5-year horizon, there are on average 1884 surviving firms. Growth rates
are calculated for 1,398 of these; 486 have negative base-year values. At the 10-
year horizon, there are 1,265 surviving firms: 1,002 and 263 with positive and ne-
gative base-year values, respectively. In a subsequent section, we examine the
performance of nonsurviving firms.

Since negative base-year values are quite common for income before extraor-
dinary items, valid growth rates are unavailable in many cases. These observa-
tions are symptomatic of another problem. In particular, the high frequency of
cases with negative base values suggests that the neighboring portion of the dis-
tribution (with low, positive base-year values) contains a large fraction of the ob-
servations as well. These instances give rise to some very high growth rates. For
growth over five years, for example, the 98th percentile value for growth in in-
come before extraordinary items averages 624 percent per year. Hence, while
growth in income before extraordinary items captures much of the investment
community’s interest, its behavior is the most questionable. While the same pro-
blem applies to operating income before depreciation, the frequency of negative
base-year values is comparatively lower and growth in this variable is less proble-
matic.* For growth in this variable, the 98th percentile is 51.2 percent on average.
In comparison, sales growth is relatively well behaved, with a 98th percentile
value of 40.5 percent on average. These comparisons suggest that looking at

3 Note, however, that even if we are unable to calculate growth in income before extraordin-
ary items in such a case, we still get a reading on a firm’s operating performance growth from
sales (or operating income before depreciation if it is positive).

“For example, of the firms surviving after one year and with a reported value for income
before depreciation, about 14 percent on average have negative base-year values. The corre-
sponding percentage for income before extraordinary items is 29 percent.
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other indicators beyond income before extraordinary items helps to give a more
robust picture of growth in operating performance.

The results in Table I serve as cautionary flags to analysts and investors who
pursue stocks with rich price—earnings multiples. Take our original example of a
stock with a current price-earnings multiple of 100, which declines to 20 in 10
years’ time with an expected return of 10 percent per year. Earnings must grow
at 29.2 percent per year over 10 years to justify the current multiple. This is a tall
order by historical standards. In particular, the required growth rate corre-
sponds to about the 95th percentile of the distribution of 10-year growth rates,
even putting aside the inclusion of dividends. Put differently, suppose earnings
grow at a historically more representative, but still healthy, annual rate of 14.7
percent (the 75th percentile of the distribution from Part I). Then the current
ratio of 100 would be justified if the time it takes for the multiple to fall to 20 is
stretched out to 38 years.

Small firms start from a smaller scale of operations and so have more room for
potential growth, possibly justifying a high current multiple. However, high mul-
tiples also apply to many large, well-known firms. To see whether large firms in
general can also achieve high growth, Table Il reports the distribution of growth
rates for large firms (companies ranked in the top two deciles of year-end equity
market capitalization, based on NYSE breakpoints). Bigger firms have a larger
scale of operations and, hence, are more likely to face limits on their growth, so
extremely high growth rates are less prevalent in Table Il compared to Table 1. For
example, the 90th percentiles of growth rates over 10 years for income before
extraordinary items, operating income before depreciation, and sales are all
close to 16 percent per year. Also, note that dividend yields are generally higher
for large firms.

Our estimated median growth rate is reasonable when compared to the
overall economy’s growth rate. On average over the sample period, the
median growth rate over 10 years for income before extraordinary items is
about 10 percent for all firms. The behavior over the last 10-year period in the
sample roughly matches the overall average. Growth in the other two indicators
also exhibit comparable medians. After deducting the dividend yield (the median
vield is 2.5 percent), as well as inflation (which averages 4 percent per year over
the sample period), the growth in real income before extraordinary items is
roughly 3.5 percent per year. This is consistent with the historical growth rate
in real gross domestic product, which has averaged about 34 percent per year
over the period 1950 to 1998. It is difficult to see how the profitability of the busi-
ness sector over the long term can grow much faster than overall gross domestic
product.

Looking forward, if we project future growth using the median of the distribu-
tion of historical growth rates, the implication is that the expected future return
on stocks is not very high. For example, in a simple dividend discount model with
constant growth rates and constant payout ratio, the expected return is equal to
the dividend yield plus the expected future growth rate of earnings. Given the
low level of current dividend yields (below 1.5 percent) and expected inflation of
2.5 percent, the expected return is only about 7.5 pecent. This is lower than the
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Table 11
Distribution of Growth Rates of Operating Performance over 1, 5 and 10
Years: Large Firms

At every calendar year-end over the sample period, growth rates in operating performance are
calculated over each of the following one, five, and ten years for large firms {in the top two dec-
iles of year-end equity market capitalization, based on NYSE breakpoints). The sample period is
1951 to 1998, and the sample includes all domestic firms listed on the New York, American, and
Nasdaq markets with data on the Compustat files. Operating performance is measured as sales,
operating income before depreciation, or income before extraordinary items available to com-
mon equity. Growth in each variable is measured on a per share basis as of the sample formation
date, with the number of shares outstanding adjusted to reflect stock splits and dividends; cash
dividends and special distributions are also reinvested. Percentiles of the distribution are cal-
culated each year-end; the simple average over the entire sample period of the percentiles is
reported, along with the distribution of growth rates over horizons ending in the last year of
the sample period.

Percentile
Sample period 2% 10% 25% 40% 50% 60% 7% 90% 98%
Part I: Annualized Growth Rate over 10 Years
(A) Sales
Average —34 2.5 6.8 94 107 17 13.3 16.3 22.0
Ending 1998 =77 —0.2 44 6.7 85 95 111 15.0 215
(B) Operating Income before Depreciation
Average —-8.3 0.6 54 81 9.5 10.8 129 16.1 22.6
Ending 1998 - 116 —17 4.3 74 87 104 11.8 16.3 214
(C) Income before Extraordinary Items
Average —-12.8 -09 4.5 15 93 10.8 131 16.6 23.8
Ending 1998 —25.6 —-38 17 6.1 8.2 99 13.3 18.5 36.4
Part II: Annualized Growth Rate over 5 Years
(A) Sales
Average —-97 -0.6 6.9 94 10.8 11.9 14.1 18.1 279
Ending 1998 —136 —-30 4.0 8.8 10.2 115 137 196 325
(B) Operating Income before Depreciation
Average —169 —-35 4.3 19 9.8 115 14.3 19.3 321
Ending 1998 —136 — 6.6 45 5 10.8 127 15.6 199 320
(C) Income before Extraordinary Items
Average — 264 —64 2.8 76 9.8 12.0 15.3 21.3 37.2
Ending 1998 — 395 —101 4.3 9.5 11.8 144 19.6 304 574
Part II: 1-Year Growth Rate
(A) Sales
Average — 364 —24 5.7 9.3 113 13.3 17.0 25.2 477
Ending 1998 — 498 — 147 1.5 6.6 89 11.8 181 291 53.0
(B) Operating Income before Depreciation
Average —52.3 —15.2 0.2 71 10.6 13.8 19.8 33.7 82.3
Ending 1998 —60.0 - 30.3 -19 6.6 111 140 20.8 334 731
(C) Income before Extraordinary Items
Average —675 - 253 —-28 6.9 1.0 149 231 45,9 216.6

Ending 1998 —80.0 —46.9 —135 4.7 11.5 15.5 271 567 2136
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consensus forecast of professional economists (see Welch (2000)), but is in line
with Fama and French (2002).

ITl. Persistence in Growth

Differences in valuations indicate a pervasive belief that stocks with high or
low future growth are easily identifiable ex ante. For example, analysts and inves-
tors seem to believe that a firm that has grown rapidly in the past for several
years in a row is highly likely to repeat this performance in the future. Conver-
sely, stocks that have done poorly over prolonged periods are shunned and trade
at low multiples. This section checks whether there is consistency in growth. We
examine whether past growth or other characteristics, such as industry affilia-
tion or firm size, help to predict future growth.

A. Consistency across All Firms

Tables I and IT suggest that year-to-year growth in income can take on quite
extreme values. As a result, multiyear growth rate levels may look impressive be-
cause of one or two isolated years of sharp growth, although growth in other
years may be unremarkable. However, many of the firms with lofty multiples grow
rapidly every year for several years. Accordingly, we test for consistency in
growth using a design that does not rely heavily on the level of growth rates.’ In
our first set of tests, we define consistency as achieving a growth rate above the
median for a consecutive number of years: Such cases are labeled as runs®

At each year-end over the sample period, we calculate how many firms achieve
runs over horizons of 1 to 10 years in the future. A run over 5 years, for example,
denotes a case where in each of the subsequent 5 years, a firm’s growth rate ex-
ceeds the median growth rate that year. Each year’s median is calculated over all
growth rate observations available in that year. Again, note that survivorship
bias affects our runs tests. To see how many firms achieve runs above the median
for 5 years in a row, we necessarily look at firms that survive over the full 5 years.
In each of these years, we compare the survivors to a median which is based on all
available firms that year, including those that do not survive for the full 5 years,

5 Brealey (1983) uses a similar procedure.

5We want to avoid discarding an entire sequence of observations because one year’s growth
rate cannot be calculated when earnings are negative. Instead, we handle such cases as fol-
lows, taking growth in operating income per share O, as an example. In addition to calculat-
ing the percentage growth rate of operating income as (Ol,,, — OI,)/Ol, for each firm, we also
scale the change in operating income by the stock price as of the base year ¢, (Ol,, — OL)/P,.
All firms in a given year are ranked by their values of change in income relative to stock
price. For any firm with negative income in a base year, we find its percentile rank based on
income change relative to price. We then look up the corresponding percentile value from the
distribution of growth rates of income (based on firms with positive base-year values) for that
vear. This growth rate is then assigned to the firm with negative base-year income. At the
same time, however, it would be dangerous to pin our estimates of growth over a 5- or 10-year
horizon in Tables I and II on some imputed value of base-year earnings. Accordingly, we do
not impute growth rates in those tables for cases with negative base-year values.



654 The Journal of Finance

TableI11
Persistence in Growth Rates of Operating Performance: All Firms

At every calendar year-end over the sample period, growth rates in operating performance are
calculated over each of the following one to ten years (or until delisting) for all firms in the
sample. The sample period is 1951 to 1998, and the sample includes all domestic firms listed on
the New York, American, and Nasdaq markets with data on the Compustat files. Operating per-
formance is measured as sales (panel A), operating income before depreciation (panel B), or
income before extraordinary items available to common equity (panel C). Growth in each vari-
able is measured on a per share basis as of the sample formation date, with the number of shares
outstanding adjusted to reflect stock splits and dividends; cash dividends and special distribu-
tions are also reinvested. For each of the following ten years, the number of firms with valid
growth rates, the number of firms whose growth rate exceeds the median growth rate each year
for the indicated number of years, the percentage these firms represent relative to the number of
valid firms, and the percentage expected under the hypothesis of independence across years, are
reported. Statistics are provided for the entire sample period, and for the ten-year horizon cor-
responding to the last sample formation year.

Firms with Above-Median Growth each year for Number of Years

Variable 1 2 3 4 5 6 7 8 9 10

(A) Sales
Average Number of 2771 2500 2263 2058 1878 1722 1590 1471 1364 1265
Valid Firms
Average Number 1386 721 382 209 118 70 42 26 17 1
above Median
Percent above Median 500 288 169 102 6.3 40 217 18 1.3 0.9
1989-1998 500 300 186 119 7.8 5.6 34 24 15 1.2
(B) Operating Income before Depreciation
Average Number of 2730 2456 2219 2014 1833 1678 1546 1428 1322 1223
Valid Firms
Average Number 1365 628 290 136 67 34 18 10 6 4
above Median
Percent above Median 500 256 130 6.8 3.6 2.0 1.2 07 0.5 0.3
1989-1998 500 250 131 70 4.0 21 1.3 0.8 0.5 0.5
(C) Income before Extraordinary Items
Average Number of 2782 2509 2271 2065 1884 1727 1593 1473 1365 1265
Valid Firms

Average Number 1391 6256 277 125 57 28 14 7 4 2

above Median

Percent above 500 249 122 6.0 30 1.6 0.9 0.5 0.3 0.2
Median

19891998 500 248 122 5.7 26 13 0.8 0.5 0.2 0.0
Expected Percent 500 250 125 63 31 16 0.8 04 0.2 01

above Median

and newly listed firms. Since the survivors are likely to have better performance
than the population, they tend to have a greater chance of being above the med-
ian. Section IV examines differences between the growth rates of surviving and
nonsurviving firms.

Table III reports the counts of runs, averaged across the year-ends. For growth
in sales (Panel A), for example, out of an average number of 2,900 firms available
for sample selection at each year-end, 2,771 firms on average survive until the end
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of the following year. Over the following 10 years, there are on average 1,265 sur-
viving firms. Of these, 11 have sales growth rates that exceed the median in each
of the 10 years, representing 0.9 percent of the eligible firms. If sales growth is
independent over time, we should expect to see 0.5 (about 0.1 percent) of the sur-
viving firms achieve runs above the median over 10 years (see the last row of the
table). To give a flavor of what happens in the more recent years, we also report
the percentage of firms with runs over the 10-year period ending in the last year
of our sample period.

There is a great deal of persistence in sales growth. Over a five-year horizon,
for example, on average 118 firms, or 6.3 percent of the 1878 firms who exist over
the full five years, turn in runs above the median. The number expected under the
hypothesis of independence over time is about 59 (3.1 percent of 1,878), so roughly
twice more than expected achieve runs over five years.

The persistence in sales growth may reflect shifts in customer demand, which
are likely to be fairly long-lasting. A firm can also sustain momentum in sales by
expanding into new markets and opening new stores, by rolling out new or im-
proved products, or by granting increasingly favorable credit terms. Persistence
in sales may also arise from managers’ “empire-building” efforts, such as expand-
ing market share regardless of profitability. In all these cases, however, profit
margins are likely to be shrinking as well, so growth in profits may not show as
much persistence as sales growth.

While it may be relatively easy for a firm to generate growth in sales
(by selling at a steep discount, for example), it is more difficult to generate
growth in profits. The recent experience of Internet companies, where sales
grew at the same time losses were accumulating, provides a stark example.
Panel B confirms that there is less persistence in operating income before
depreciation compared to sales. On average, 67 firms a year, or 3.6 percent of
1,833 surviving firms, have above-median runs for 5 consecutive years. The ex-
pected frequency of runs is 3.1 percent or 57 firms. There are, thus, 10 firms more
than expected out of 1,833, so the difference is unremarkable. An average of 4
firms ayear (or 0.3 percent of 1,223 survivors), which is only 3 more than expected,
pull off above-median growth for 10 years in a row. The patterns in the more re-
cent years do not deviate markedly from the averages across the entire sample
period.

Any sign of persistence vanishes as we get closer to the bottom line (Panel C).
On average, the number of firms who grow faster than the median for several
years in a row is not different from what is expected by chance. An average of 57
firms out of 1,884 survivors (3 percent) beat the median for 5 years in a row, while
59 (3.1 percent) are expected to do so. Runs above the median for 10 years occur in
0.2 percent of 1,265 cases (or 2 firms), roughly matching the expected frequency
(0.1 percent, or 1 firm). To sum up, analysts and investors seem to believe that
many firms earnings can consistently grow at high rates for quite a few years.
The evidence suggests instead that the number of such occurrences is not much
different from what might be expected from sheer luck. The lack of consistency in
earnings growth agrees with the notion that in competitive markets, abnormal
profits tend to be dissipated over time.
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TableIV
Persistence in Growth Rates of Operating Performance: Selected Equity
Classes

At every calendar year-end over the sample period, growth rates in operating performance are
calculated over each of the following one to ten years (or until delisting) for all firms in the
sample. The sample period is 1951 to 1998, and the underlying sample includes all domestic firms
listed on the New York, American, and Nasdag markets with data on the Compustat files. Oper-
ating performance is measured as sales, operating income before depreciation, or income before
extraordinary items available to common equity. Growth in each variable is measured on a per
share basis as of (the sample formation date, with the number of shares outstanding adjusted to
reflect stock splits and dividends; cash dividends and special distributions are also reinvested.
For each of the following ten years, the number of firms whose growth rate exceeds the median
growth rate each year for the indicated number of years is expressed as a percentage of the
number of firms with valid growth rates. Statistics are provided for the following sets of stocks:
technology stocks (panel A), comprising stocks whose SIC codes begin with 283, 357, 366, 38,48,
or 737; value stocks (panel B), comprising stocks ranked in the top three deciles by book-to-mar-
ket value of equity; glamour stocks (panel C), comprising an equivalent number as in panel B of
the lowest-ranked stocks by book-to-market value of equity; large stocks (panel D), comprising
stocks ranked in the top 2 deciles by equity market value; mid-cap stocks (panel E), comprising
stocks ranked in the third through seventh deciles by equity market value; and small stocks
(panel F), comprising stocks ranked in the bottom three deciles by equity market value. All
decile breakpoints are based on domestic NYSE stocks only.

Percent of Firms with Above-
Median Growth each Year for Number of Years

Variable 1 2 3 4 5 6 7 8 9 10
(A) Technology Stocks

Sales 51,6 307 191 125 85 59 42 30 23 17

Operating Income 510 272 149 87 53 33 22 14 10 07

Income before Extraordinary Items 509 259 135 73 41 25 15 09 05 04
(B) Value Stocks

Sales 506 300 182 111 69 43 28 19 13 09
Operating Income 493 253 132 68 35 18 09 05 03 02
Income before Extraordinary Items 483 238 114 54 25 12 07 04 03 02
(C) Glamour Stocks
Sales 483 266 1561 85 47 27 17 10 08 06
Operating Income 501 252 119 59 33 17 10 06 04 03
Income before Extraordinary Items 507 252 120 58 29 16 09 04 02 01
(D) Large Stocks
Sales 53.2 313 189 117 75 48 32 22 16 11
Operating Income 494 252 130 69 37 20 11 06 04 03
Income before Extraordinary Items 467 219 100 47 22 12 07 04 03 02
(E) Mid-cap Stocks
Sales 539 324 188 121 76 49 33 22 15 10
Operating Income 505 266 189 75 42 24 15 10 07 04
Income before Extraordinary Items 494 249 124 62 31 16 09 05 03 02
(E) Small Stocks
Sales 470 261 147 86 52 32 21 14 10 07
Operating Income 501 252 126 64 33 18 10 06 04 02

Income before Extraordinary Items 510 255 126 63 32 17 09 04 02 01
Expected Percent above Median 500 250 125 63 31 16 08 04 02 01
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B. Consistency for Subsets of Firms

While Table III suggests that there may not be much consistency in growth
across all firms, it is possible that consistency may show up more strongly in sub-
sets of firms. Table IV focuses our tests by looking at the performance of subsam-
ples of firms. For a subsample such as small stocks, we consider a “run”as a case
where the firm’s growth rate exceeds the median for a consecutive number of
years, where each year the median is calculated across all firms in the entire sam-
ple, not just small stocks. This explains why the percentage of runs is not identi-
cally 50 percent in the first year.

Many observers single out technology and pharmaceutical firms as
instances of consistently high growth over long horizons. Such firms may be
able to maintain high growth rates because of their intangible assets,
such as specialized technological innovations or drug patents. Panel A examines
firms in these sectors. Specifically, the sample comprises firms that are
relatively heavily engaged in research and development activity, and are predo-
minantly drawn from the computer equipment, software, electrical equipment,
communications, and pharmaceutical industries.” Growth in sales and operating
income for the set of technology firms both display strong persistence. However,
the percentage of runs in income before extraordinary items does not differ
markedly from the expected frequency. For example, over a five-year horizon, 14
firms (or 4.1 percent of the 331 surviving technology stocks) have above-median
runs. This is only 4 more than the expected number of runs (10 firms, or 3.1 per-
cent). The recent experience of Internet companies provides numerous examples
where sales grow rapidly for several years, at the same time that losses are
mounting.

Panel A may exaggerate the degree of persistence in growth for technology
stocks on two accounts. First, the technology stocks are evaluated against the
median growth rate of the entire sample of firms, which would include, for exam-
ple, utility stocks with relatively unexciting growth rates. Second, technology
stocks are relatively more volatile, so survivorship bias may be a particularly
acute problem in this subsample.

Technology stocks that are intensive in research and development also tend to
be glamour stocks with low ratios of book-to-market value of equity. The popular
sentiment regarding persistence in growth applies to glamour stocks generally.
These stocks typically enjoy higher past growth in operating performance than
value stocks with high book-to-market ratios (see Lakonishok et al. (1994)). The
evidence from psychology suggests that individuals tend to use simple heuristics
in decision making. As LaPorta et al. (1997) argue, investors may think that there
is more consistency in growth than actually exists, so they extrapolate glamour
stocks’ past good fortunes (and value stocks’ past disappointments) too far into
the future. Panels B and C of Table IV test for consistency in growth for value
and glamour stocks, respectively. Value stocks comprise stocks that are ranked

7 Specifically, the sample includes all firms whose SIC codes begin with 283, 357, 366, 38, 48,
or 737. See Chan, Lakonishok, and Sougiannis (2001).
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in the top three deciles by book-to-market ratio based on NYSE breakpoints,
while glamour stocks represent an equivalent number of stocks with the lowest
positive book-to-market ratios. Growth in sales is persistent for both sets of
stocks. The results for the other measures of operating performance, however,
are not markedly different across the two sets of stocks.

The remaining panels perform our runs tests for large, midcapitalization, and
small stocks. Large stocks include stocks in the top two deciles of market capita-
lization based on NYSE breakpoints as of June in the sample selection year, mid-
capitalization stocks fall in the next five deciles, and small stocks include the
bottom three deciles. While sales growth tends to be more persistent for large
firms, it does not translate into persistent growth in income. Of the large stocks,
2.2 percent achieve five-year runs in growth of income before extraordinary
items, while 3.2 percent of small stocks achieve the same result (the expected
fraction is 3.1 percent).

C. Runs Tests Conditional on Past Growth

It might be expected that firms that have demonstrated consistently superior
past growth would be able to maintain their growth in the future. In the case of
firms such as Microsoft and EMC, their valuations at year-end 1999 reflected in-
vestors’ bets that these firms will beat the odds and continue the streak. Table V
checks whether firms that have demonstrated consistently high (or low) past
growth have continued success in the future.

Part I of Table Vapplies runs tests to those firms that have achieved superior
past growth. In Panel A, at every year-end, we select those firms with above-med-
ian growth in each of the prior five years (or three years), and examine their sub-
sequent growth.

Superior past growth in sales carries over into the future. In Panel Al, out of
all firms whose sales grow above the median rate each year over the prior three
years, on average 305 firms survive over the three years following sample selec-
tion. Of these, 70 firms have above-median growth rates in each of the three post-
selection years. They represent 22.8 percent of the survivors, compared to the 12.5
percent that is expected by chance. Growth in income, on the other hand, is an
entirely different matter (Panels A2 and A3). For example, there are 222 firms
with the impressive track record of above-median growth in income before extra-
ordinary items in each of the three prior years and that survive over the follow-
ing three years. Yet over the postselection period, only 28 or 12.5 percent manage
to repeat and beat the median over all available firms each year. This matches the
number expected under the null hypothesis of independence. Although sample
sizes become much smaller in the case of firms with favorable growth over the
past five years, the findings are similar. Starting out with roughly 2,900 eligible
firms on average, 43 firms enjoy a run over the preceding five years for growth in
income before extraordinary items and survive over the subsequent five years. In
these five years, the percentage of firms who manage to repeat the run is 5.1 per-
cent, while the percentage expected by chance is 3.1 percent. This corresponds to
only one run more than expected, however, so the difference is not outstanding.
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The results caution against extrapolating past success in income growth into the
future.

A firm may have extraordinary past growth even though it slips below the med-
ian for one or two years, as long as growth in the other years is very high. To in-
clude such cases of successful past growth, we use a different criterion for what
qualifies as superior past growth. In particular, we also classify firms by their
average growth ranks. At every calendar year-end over the sample period, we as-
sign each firm a score based on its past growth. The score is obtained by looking
back over each of the preceding five (or three) years, ranking the firm’s growth
rate each year relative to all available firms (where the firms with the highest
growth rate and the lowest growth rate get ranks of one and zero, respectively),
and then averaging the ranks over five (or three) years. Firms whose average
ranks fall in the top quartile are classified as firms with superior past growth in
Panel B. While high past sales growth foretells high future sales growth, there
are still no signs of persistence in growth of income before extraordinary items
in Panel B3. Out of the firms who survive for three years following sample selec-
tion, 108 firms have an average rank based on growth over the preceding three
years falling in the top quartile. Only 11 or 104 percent of them have above-med-
ian runs in the three postselection years, amounting to 2 less than the expected
number.

In Part 11 of Table V, Panel C performs the same analysis for firms with below-
median growth over each of the past five or past three years. However, survivor-
ship bias is a particularly grave concern here. After a long period of lackluster
performance, the firms that are left standing at the end of the following period
are particularly likely to be those who post relatively high growth rates. From
Panel C1, future sales growth is persistently low. The fraction of above-median
runs in sales growth is notably lower than the expected percentage. On the other
hand, they are not less likely to achieve favorable above-median runs with regard
to future growth in income. For example, looking at firms with a below-median
run for the past three years, over the following three- and five-year horizons, the
actual (expected) proportions of above-median runs are 15.3 (12.5) and 34 (3.1)
percent for growth in income before extraordinary items. While survivorship bias
makes it difficult to draw a definitive conclusion, it does not appear that, going
forward, the firms with disappointing past growth differ notably from the more
successful firms with respect to growth in income.

D. Alternative Criteria for Consistency in Growth

Given the large transitory component of earnings, investors may consider a
firm to show persistent growth even if its growth fades for a few years, as long
as there is rapid growth for the rest of the time. Even a celebrated example of a
growth stock such as Microsoft, for example, falls short of delivering above-med-
ian growth in income before extraordinary items for 10 years in a row.?

8In the 10-year period preceding the latest sample selection date, Microsoft’s growth rank
of 0.49 in 1994 narrowly misses the median that year.
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InTable VI, we adopt more relaxed criteria for defining consistency in growth.
In particular, we check whether a firm beats the median for most years over the
horizon, but allow it to fall short of the median for one or two years. For example,
looking forward from a sample selection date, 269 firms on average have sales
growth rates that exceed the median in five out of the following six years. These
firms represent 15.6 percent of the surviving firms, more than the expected value
of 94 percent. In the case of income before extraordinary items, the departures
from what is expected under independence are slender, especially over longer
horizons. For instance, an average of 9.9 percent have income before extraordin-
ary items growing at a rate above the median for five out of six years, which is
close to the expectation of 94 percent. Similarly, if we let a firm falter for two
years, 4.8 percent of the surviving firms have growth in income before extraordin-
ary items that exceeds the median in 8 out of 10 years, compared to an expected
value of 4.4 percent.

As another way to single out cases of sustained high growth while allowing for
some slack, we require a firm to post an average annual growth rank over the
subsequent five years that falls in the top quartile (where in any year a growth
rank of one denotes the highest realized growth rate that year, and zero denotes
the lowest rate). The results for this definition of consistency are provided in the
last column of Table VI. On average, 14 percent of the surviving firms (27 firms)
pass this criterion with respect to growth of income before extraordinary items.
Assuming independence, the expected value is 2.5 percent.

In summary, analysts’ forecasts as well as investors’ valuations reflect a wide-
spread belief in the investment community that many firms can achieve streaks
of high growth in earnings. Perhaps this belief is akin to the notion that there are
“hot hands” in basketball or mutual funds (see Camerer (1989) and Hendricks,
Patel, and Zeckhauser (1993)). While there is persistence in sales growth, there
is no evidence of persistence in terms of growth in the bottom line as reflected
by operating income before depreciation and income before extraordinary items.
Instead, the number of firms delivering sustained high growth in profits is not
much different from what is expected by chance. The results for subsets of firms,
and under a variety of definitions of what constitutes consistently superior
growth, deliver the same verdict. Put more bluntly, the chances of being able to
identify the next Microsoft are about the same as the odds of winning the lottery.
This finding is what would be expected from economic theory: Competitive pres-
sures ultimately dissipate excess earnings, so profitability growth reverts to a
normal rate.

IV. The Behavior of Nonsurvivors

Survivorship bias is a serious concern in our tests. By necessity, we condition
on surviving into the future in order to calculate growth rates and to carry out
our runs tests. Moreover, in our runs tests, the survivors are compared each year
to all firms (survivors and nonsurvivors) available that year. To gauge the poten-
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tial magnitude of the problem, in this section, we replicate some of our tests on
firms who do not survive over the entire future horizon.

Specifically, we examine two sets of stocks. Given our focus on long-horizon
growth, we first select at each year-end a sample of firms who survive over the full
10-year following period. The behavior of these (the survivors) is compared to a
second set (the nonsurvivors) that also includes firms who do not last for the full
period. To strike a balance between the mix of survivors and nonsurvivors in this
second set, we require firms to survive for the first five years after sample selection,
but they may drop out between the 6th to 10th year of the postselection period.

The results are reported in Panels A and B of Table VII. The survivors have a
higher chance than expected for achieving runs above the median in growth of
income before extraordinary items. Conversely, the fraction of runs is lower for
the set of nonsurvivors. Of the survivors, for example, 3.4 percent sustain runs for
five years of growth in income before extraordinary items above the median
(where the expected proportion is 3.1 percent). The corresponding percentage
for nonsurvivors is 2.3 percent. Nonetheless, the differences across the two sets
are generally not substantial. Panels C and D apply the same procedure to the
technology stocks considered in Table I'V. Here the differences across the two sets
are more notable. At the five-year horizon, for example, 5.2 percent of the survi-
vors achieve runs above the median for growth in income before extraordinary
items, compared to 3.2 percent of the nonsurvivors.

Finally, Panels A and B of Part IT of Table VII give the distribution of one-year
growth rates for the two sets of firms (where the percentiles are averaged across
all sample selection years). The results confirm that survivors realize higher
growth rates than nonsurvivors. For example, the median growth in income be-
fore extraordinary items for the survivors averages 10.6 percent, compared to 8.2
percent for nonsurvivors.

V. The Predictability of Growth: Valuation Ratios

Based on the historical record, it is not out of the question for a firm to enjoy
strong growth in excess of 20 percent a year for prolonged periods. The issue, how-
ever, is whether such firms are identifiable ex ante. Our attempts in the previous
sections to uncover cases of persistently high future growth using information
such as past growth, industry affiliation, value—glamour orientation, and firm
size have limited success. In this section, we expand our search for predictability
by investigating whether valuation indicators such as earnings-to-price, book-to-
market, and sales-to-price ratios distinguish between firms with high or low fu-
ture growth. Further, several studies suggest that investors are prone to judg-
mental biases, so they respond to past growth by extrapolating performance too
far into the future (see, e.g., La Porta (1996) and La Porta et al. (1997)). Conse-
quently, after a period of above- or below-average growth, the valuations of firms
with high (low) realized growth may be pushed too high (or too low).

In Table VIII, stocks are sorted into deciles at each year-end on the basis of
their growth rate in income before extraordinary items over the following five
years (Panel A) or over the following 10 years (Panel B). Within each decile, we
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calculate the median realized growth rate, as well as median characteristics
such as size decile rank and valuation ratios. This is done at the beginning of
the 5- or 10-year growth horizon and also at the end of the horizon. We report
results averaged across all sample selection years, as well as results for the most
recent 5-year or 10-year growth horizon in our sample period.

We focus the discussion on Panel A of the table (the results are similar for the
10-year horizon). In line with the results from Tables I and II, the stocks in the
extreme growth deciles tend to be smaller firms.The median firm in the top decile
(with a growth rate of 41.7 percent a year) falls in the third size decile, while the
median firm in the bottom decile (with a growth rate of —18.9 percent) ranks in
the fourth size decile. Over the following 5 years, however, the high-growth firms
perform relatively well, resulting in a surge in their market values. Conversely,
the market values of the low-growth firms show a relative slump.

Sorting by realized future growth induces a mechanical association between
growth rates and the level of earnings at the beginning and end of the growth
horizon. To weaken this link, we measure earnings one year prior to the base year
{or one year before the final year) of the growth horizon.The price is measured at
the start or end of the horizon, so the numbers correspond to the conventional
measure of trailing earnings yield that is widely used in practice and research.
There is reason to be wary about relying too heavily on the earnings yield vari-
able, however, because net income is the most problematic of our measures of op-
erating performance. For example, a firm may have a low earnings yield because
its price impounds investors’ expectations of high growth in future earnings, but
another reason may be its recent performance has been poor and its earnings are
currently depressed. On this account, earnings-to-price ratios are not generally
used in academic research, or investment industry analysis, to classify firms as
“value” or “glamour” stocks. Instead other, better-behaved, indicators such as the
book-to-market ratio, are favored.

The top decile of growth firms at the beginning of the growth horizon has a
median earnings-price ratio (0.068) that is much lower than the others (which
cluster around 0.08). The low earnings yield for this group is consistent with the
notion that the market’s valuation accurately incorporates future growth. On the
other hand, decile portfolios 8 and 9, which also show relatively strong growth, do
not have notably low earnings yields. Rather, the association for the highest-
growth decile may reflect cases where firms grow from a depressed level of in-
come. At the end of the growth horizon, only the earnings-price ratio of the bot-
tom decile of firms is eye-catching. Contrary to intuition, however, these firms
have comparatively low earnings yields so they appear to be relatively “expen-
sive” Instead, the explanation here may also lie in their low earnings levels, since
they have gone through a period of disappointing growth.

Given the shortcomings of the earnings yield variable, we also look at valuation
measures that tend to be better-behaved. Table VIII provides median ratios of
book-to-market and sales-to-price at the beginning and end of the growth horizon
for each decile. Firms which are ranked in the highest decile by earnings growth
have relatively high sales-to-price and book-to-market ratios at the beginning.
For example, their median book-to-market ratio is 0.880 {compared to 0.690
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averaged across the other groups) and the median sales-to-price multiple is 2.323
{compared to 1.486 for the other groups). The modest ex ante valuations suggest
that the market fails to anticipate their subsequent growth.

On the other hand, ex post valuations closely track prior growth. The top decile
of high-growth firms have ending book-to-market and sales-to-price ratios of
0.560 and 1.503, respectively. These are substantially lower than the averages
across all the other groups. This finding fits in with earlier evidence on the exis-
tence of extrapolative biases in investors’ expectations about future growth (see
La Porta (1996) and La Porta et al. (1997)).

The last column in Panel A of Table VIII provides corresponding statistics for
firms whose income before extraordinary items grows above the median rate for
five consecutive years. The difference between these firms’ valuation ratios at the
beginning and end of the growth horizon is striking. At the beginning, their
book-to-market and sales-to-price ratios are not too far out of line from the aver-
age, suggesting that their future performance is not foreseen by the market. How-
ever, at the end of the growth horizon, the median book-to-market and sales-to-
price ratios of this group are the lowest in Table VIII. The rich ending multiples
such firms command highlight the importance investors attach to consistently
superior growth, and not just high growth per se. Investors handsomely reward
firms that have achieved several consecutive years of strong growth, and believe
they will continue the streak (counterfactually, as the results in TableV indicate).

In summary, the results suggest that market valuation ratios have little ability
to sort out firms with high future growth from firms with low growth. Instead, in
line with the extrapolative expectations hypothesis, investors tend to key on past
growth. Firms that have achieved high growth in the past fetch high valuations,
while firms with low past growth are penalized with poor valuations.

V1. Comparisons with IBES Consensus Forecasts

Security analysts’ estimates of near-term earnings are widely disseminated
and receive much attention. Dramatic movements in a stock’s price can arise
when an influential analyst issues a revised earnings estimate. Possibly, there-
fore, analysts’estimates of long-term earnings growth may also be useful in fore-
casting future growth over longer horizons. Analysts are not shy about making
aggressive growth forecasts either (the dispersion between the top and bottom
decile of IBES long-term forecasts is about 31 percent), so they apparently are
confident in their own ability to pick the future success stories.

The current dividend yield on a stock may also have predictive power for future
growth in earnings per share. Standard textbook analysis suggests that, given a
firm’s investment policy and ignoring tax effects, it is a matter of indifference to a
shareholder whether earnings are paid out as current dividends or retained for
growth in future dividends. For example, a firm may choose to raise the amount
paid out from earnings as dividends to current shareholders. To maintain invest-
ment, however, it must use external financing, thereby diluting current share-
holders’ claims to future profits. In other words, high current dividends come
at the expense of low future growth per share. To use a simple constant-growth
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dividend discount model as an illustration, given investors’ required rate of re-
turn, there is a one-to-one trade-off between future growth per share and the di-
vidend yield. Furthermore, a firm’s dividend payout may signal whether it has
attractive investment projects available to fuel future growth.

To allow a cleaner comparison with analysts’ forecasts, which do not include
dividends, in the remainder of the paper, we drop our convention of reinvesting
dividends when we calculate growth rates. Analysts’ predictions refer to growth
in income before extraordinary items, but realized growth in this variable is
highly prone to measurement problems (such as the exclusion of cases with nega-
tive base-year values for income). For this reason, we also report realized growth
in sales and operating income before depreciation. Growth rates in these vari-
ables are correlated with growth in income before extraordinary items, but are
better behaved and are available for a much larger fraction of the sample.

A. Individual Firm Growth Rates

Table IX relates IBES consensus long-term growth forecasts to realized future
growth, At each year-end, we rank all domestic firms with available IBES long-
term forecasts and sort them into quintiles. IBES long-term estimates do not be-
come available until 1982, so the sample period in Table IX runs from 1982 to 1998.
The breakpoints for the sort use all NYSE firms available as of the sample selec-
tion date (regardless of whether they survive in the future). In Table IX, we track
the subsequent growth rates of firms who survive over the next one, three, or five
years in each quintile. The median realized growth rate over firms in each quin-
tile is then averaged across all sample selection dates.

The dispersion in IBES consensus growth forecasts is large, so analysts are
boldly distinguishing between firms with high and low growth prospects. The
median estimate in quintile 1 averages 6 percent, while the median estimate in
quintile 5 is 224 percent on average.? Notably, analysts’ estimates are quite opti-
mistic. Over the period 1982 to 1998, the median of the distribution of IBES
growth forecasts is about 14.5 percent, a far cry from the median realized five-
year growth rate of about 9 percent for income before extraordinary items.”

Near-term realized growth tends to line up closely with the IBES estimate (Pa-
nel A). In the first postranking year, the median growth rate in income before
extraordinary items is 18.3 percent on average for quintile 5, and 5.1 percent on
average for quintile 1. The difference between the growth rates for the other quin-
tile portfolios is much milder, however. Comparing quintiles 4 and 2, median
growth rates in income before extraordinary items are apart by only 2.5 percent.

A naive model for predicting future growth uses the dividend yield, and is
based on the trade-off between current dividends and future growth. Suppose,

9 Note that since the breakpoints are based on NYSE stocks only, the number of stocks dif-
fers across the quintiles. In particular, many firms penetrate the top quintile.

BTy sharpen the point, note that the median realized growth rate of nine percent (without
dividends reinvested) is based on all firms, including smaller firms that tend to be associated
with somewhat higher growth rates. IBES forecasts, on the other hand, predominantly cover
larger firms.
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Table IX
Realized Median Growth Rates of Operating Performance for Stocks
Classified by IBES Long-Term Growth Forecasts

At every calendar year-end ¢ over the sample period, stocks are ranked and classified to one of
five groups based on IBES forecasts of long-term earnings growth. Results are reported for in-
dividual stocks and for portfolios. For individual stocks, growth rates in operating performance
are calculated over each of the five subsequent years (years ¢+1to ¢+5) for all firms in the sample
with available data. The sample period is 1982 to 1998, and all domestic firms listed on the New
York, American, and Nasdaq markets with data on the Compustat files are eligible. Operating
performance is measured as sales, operating income before depreciation, or income before extra-
ordinary items available to common equity. Growth in each variable is measured on a per share
basis as of the sample formation date, with the number of shares outstanding adjusted to reflect
stock splits and dividends. The median realized growth over all stocks in each classification is
calculated each year, and the simple average over the entire sample period is reported. For port-
folios, a value-weighted portfolio is formed at each year-end from all the stocks in each quintile
sorted by IBES forecasts. The portfolio’s income before extraordinary items is calculated over
each of the subsequent five years, with the proceeds from liquidating delisted stocks reinvested
in the surviving stocks. Growth rates for each portfolio are calculated in each formation year,
and the simple average over the entire sample period of the growth rates is reported. Also re-
ported are the ratios of the prior year’s income before extraordinary items per share to current
price, and the prior year’s cumulative regular dividends per share to current price.

Quintile Based on IBES Forecast:

Growth in: 1 (Low) 2 3 4 5 (High)
(A) Growth Rate in Year t+1
Sales 14 4.5 6.3 8.3 137
Operating Income before Depreciation 36 6.8 78 10.3 16.0
Income before Extraordinary Items 5.1 9.5 101 120 18.3
Portfolio Income before Extraordinary Items 126 42 4.5 7.2 136
No. with Positive Base & Survive 1 year 242 256 266 318 584
No. with Negative Base & Survive 1year 71 78 60 88 265
(B) Growth Rate in Year t+2
Sales 17 45 6.4 78 11.6
Operating Income before Depreciation 3.2 7.0 84 99 14.0
Income before Extraordinary Items 47 9.9 10.5 12.2 164
Portfolio Income before Extraordinary Items 6.9 75 6.1 91 10.6
No. with Positive Base & Survive 2 years 225 235 244 296 497
No. with Negative Base & Survive 2 years 62 (53 59 85 252
(C) Annualized Growth Rate over 8 Years
Sales 11 40 56 7.3 1.3
Operating Income before Depreciation 2.5 5.2 6.8 81 10.9
Income before Extraordinary Items 31 74 70 90 11.5
Portfolio Income before Extraordinary Items 90 7.3 52 71 114
No. with Positive Base & Survive 3 years 202 209 230 263 439
No. with Negative Base & Survive 3 years 67 70 56 82 217
(D) Annualized Growth Rate over 5 Years

Sales 1.2 34 51 6.9 99
Operating Income before Depreciation 2.2 51 6.8 73 9.2
Income before Extraordinary Items 20 6.5 6.5 80 95
Portfolio Income before Extraordinary Items 80 107 7.2 77 11.3
No. with Positive Base & Survive 5 years 182 179 201 233 356
No. with Negative Base & Survive 5 years 57 63 50 68 170
Median IBES Forecast 6.0 10.2 12.3 151 224
Median Stock Dividend Yield, % 6.0 34 21 15 01
Portfolio Dividend Yield, % 6.9 46 3.3 2.5 1.3

Median Stock Earnings to Price Ratio, % 100 89 79 7.2 5.6
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as a first approximation, that all stocks have the same long-term expected return.
Given this, the naive model forecasts a spread in future growth across stocks that
is identical to the spread in their current dividend yields (but in the opposite di-
rection). The naive forecast is quite successful at picking up differences in growth
across the intermediate quintiles. Over the first postranking year, the difference
between the dividend yields of quintiles 2 and 4 (3.4 and 1.5 percent, respectively)
corresponds roughly to the difference in their growth rates. Once differences in
the dividend yield are taken into account, then, IBES estimates have forecast
power for realized growth over the first year only at the extremes.

In general, IBES long-term forecasts refer to a three- to five-year horizon, so the
behavior of realized growth over these horizons is more interesting. Median rea-
lized growth rates over three years and over five years are reported in Panels C
and D. These panels highlight the upward bias in analysts’ long-term growth esti-
mates. In every quintile, median forecasts exceed median realized growth rates,
with the most pronounced bias in quintile 5. For five-year growth in income before
extraordinary items, for example, the median forecast in the top quintile is 224
percent, much higher than the median realized growth rate, which is only 9.5 per-
cent. Furthermore, the realized growth rate for the firms in the top quintile should
be taken with a grain of salt. In the highest-ranked quintile, the percentage of
firms who survive for the full five postranking years is lower than for any of the
other quintiles. For example, there are 849 firms on average who survive in the
first postranking year in quintile 5, but this drops to 526 by the fifth year, so about
38 percent of the firms drop out between the first and fifth years. For quintile 3, the
corresponding counts are 326 and 251, respectively, so 23 percent disappear from
the sample. The upshot is that realized growth in income before extraordinary
items is likely to be somewhat overstated for firms in the top quintile.

Over longer horizons, analysts’growth estimates still do not add much informa-
tion beyond what is contained in the dividend yield. For example, the median rea-
lized five-year growth rate is 9.5 percent for the highest-ranked quintile by IBES
forecasts, compared to 2 percent for the lowest-ranked quintile. The difference of
7.5 percent is not much higher than the spread in their dividend yields. The yields
are 0.1 percent and 6 percent for the highest and lowest ranked quintiles, respec-
tively, so the dividend yield spread is 5.9 percent. The results for growth in operat-
ing income before depreciation yield similar conclusions.

To sum up, analysts forecast that long-term earnings growth for the top quin-
tile outperforms the bottom quintile by 16.4 percent. The realized gap in five-year
growth rates, however, is only 7.5 percent. Much of the spread in realized growth
reflects differences in dividend yields, and some is due to survivorship bias in the
top quintile. After accounting for these influences, analyst forecasts add informa-
tion only over shorter horizons.

B. Portfolio Growth Rates

Issues of survivorship bias and low or negative base-year values for income be-
fore extraordinary items are major concerns. Table IX takes another approach to
measuring growth rates that tries to work around these concerns. Specifically,
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after ranking stocks by IBES long-term forecasts at each year-end, we form a va-
lue-weighted portfolio of the stocks in each quintile. Value-weighting affords
some degree of robustness to our measures, to the extent that problems in mea-
suring growth are less severe for large companies. We then track over the postfor-
mation period the income before extraordinary items of the portfolio as a whole.
If a stock is delisted in a year after portfolio formation, we assume it generates
the average income of the remaining firms in that year. Then, at the end of the
year, we take the proceeds from liquidating nonsurviving firms and reallocate
them proportionally across the surviving stocks. As a result, we are able to use
all eligible companies to calculate growth rates, regardless of whether they sur-
vive over the full growth horizon, or whether they have positive earnings in the
base year.!! The portfolio approach, however, is not without its drawbacks. As
firms drop out of the sample and the funds from their liquidation are reinvested
in the remaining firms, over time, the portfolio can build up large stakes in a
relatively small number of surviving firms who tend to have relatively high
growth rates. The implication is that long-term portfolio growth rates for cases
where survivorship bias is acute, such as the fastest-growing firms in the top
quintile by IBES forecasts as noted above, should be interpreted with caution.

The results for the portfolios’ long-term growth rates are in line with our ear-
lier findings. IBES long-term forecasts are essentially unrelated to realized
growth in income before extraordinary items beyond one or two years out. For
example, over the five postformation years (Panel D), the bottom and top quintile
portfolios on average experience growth rates of 8 and 11.8 percent per year, re-
spectively. The spread of 3.3 percent in the portfolios’growth rates is smaller than
the gap between their dividend yields (5.6 percent).

One difference between our results for individual stocks’growth rates and the
portfolios’ growth rate concerns the performance of the bottom quintile in the
first postranking year. In the year immediately following portfolio formation,
the bottom quintile portfolio experiences a strong recovery. Its short-term
growth rate (12.6 percent) falls slightly short of the top quintile portfolio’s growth
rate (13.6 percent). This difference from the earlier results based on individual
stocks reflects several methodological details, specifically the use of value-
weights, the inclusion in the portfolios of nonsurviving firms as well as firms with
negative income, and the use of a time-series average of the yearly portfolio
growth rates rather than the cross-sectional medians. In particular, since firms
with low IBES forecasts generally tend to start with low or negative values of
income before extraordinary items at the portfolio formation date, the growth
rate over the following year is likely to be high.!?

Analysts’ forecasts substantially overstate realized long-term growth in the
top three quintile portfolios. In the top-ranked quintile, for example, the median
projected future growth rate is about 22.4 percent, but the portfolio’s realized

" The portfolio approach to measuring growth rates is described further in Chan et al.
(2000, 2001).

2 Qur results parallel the findings for the prospective earnings growth of beaten-down va-
lue stocks documented in Lakonishok et al. (1994).
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growth is only 114 percent over three years and 11.3 percent over five years. These
results suggest that, in general, caution should be exercised before relying too
heavily on IBES long-term forecasts as estimates of expected growth in valuation
studies. The bottom quintile portfolios by IBES forecasts predominantly com-
prise firms in mature industries whose growth prospects are relatively unexcit-
ing, so analysts’ estimates come closer to the mark here. For instance, about 25
percent of the firms in the first quintile are utilities.

The long-term estimates of analysts may be overly optimistic for several
reasons. One explanation draws on evidence from studies in psychology that
individuals’ forecasts are susceptible to cognitive biases.*® For example, the con-
firmation bias suggests that individuals tend to focus on evidence that supports
their beliefs, while downplaying other information that is inconsistent. In this
regard, analysts’ estimates will be particularly bullish for glamour stocks that
have shown strong past growth and which enjoy favorable investor sentiment.
In addition, an analyst is employed by a brokerage firm and is expected to make
contributions beyond predicting earnings. Up-beat forecasts may encourage
trading by investors and thereby raise commission income, as well as generate
investment banking business from firms that receive favorable coverage. The gen-
eral perception is that these aspects of the brokerage and investment banking
business are larger, and their links to analysts closer, in the U.S. market than
overseas. As one piece of evidence that such considerations may lead to inflated
forecasts, IBES estimates as of mid-2001 for U.S. companies project long-term
growth of about 18 percent on average. At the same time, in non-U.S. markets,
analysts are forecasting long-term growth for companies of roughly the same size
to average 11 percent. Perhaps the close ties that exist in practice between the
brokerage and investment banking businesses in the U.S. market foster an envir-
onment where analysts tend to be less impartial and err on the side of optimism.

VII. Regression Models

We close out our analysis by gathering all the variables we have previously con-
sidered individually into one model in order to take our best shot at forecasting
growth. Table X reports the results from cross-sectional regressions to predict
future growth in operating profits. The model is

Yia+j = ﬂo -+ BIPASTGSSw -+ ﬁzEPit—l -+ ﬂgGit—l + ﬁ4RDSALESu
'+ BsTECHj; -+ BBMit + p;PASTR6;, + BIBESLTGy; + s DP:
+ &gy, (1)

The dependent variable, y;+; is the rate of growth for firm i over year ¢+j in
sales (SALES), operating income before depreciation (OIBD), or income before
extraordinary items available to common equity (IBEI). We forecast growth over
the first year following sample selection, over the three and five years subsequent
to sample selection, and over the second to fifth subsequent years.

137Phe evidence is discussed in Kahnemann and Riepe (1998) and Fisher and Statman
(2000).
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To see whether high past growth is a precursor to future growth, we use
PASTGSS, the growth rate in sales over the five years prior to the sample selec-
tion date. Sales growth is correlated with earnings growth, but is much less erra-
tic and so should yield a relatively more reliable verdict on whether past growth
helps to predict future growth.*

Simple theoretical models of earnings growth suggest one set of variables that,
in principle, should help to predict growth. For instance, a firm’s earnings-to-
price ratio, EP, is widely interpreted as impounding the market’s expectations
of future growth. We measure this as the firm’s income before extraordinary items
in the year prior to the sample selection date, relative to its price at the sample
selection date. Similarly, in the standard constant-growth valuation model, a
firm’s sustainable growth rate is given by the product of its return on equity and
its plowback ratio. Our proxy for this measure is G, where return on equity is
measured as the firm’s earnings before extraordinary items in the year prior to
sample selection, divided by book equity in the preceding year; plowback is one
minus the ratio in the prior year of dividends to income before extraordinary
items.!® Finally, to capture the firm’s investment opportunities, we use the ratio
of research and development expenditures to sales, RDSALES. The intensity of
R&D relative to sales is widely used in practice as an indicator of how much re-
sources a firm is investing in future growth opportunities (see, e.g., Chan et al.
(2001)). When a firm has no R&D spending, we set this variable to zero, so all firms
are eligible for the regression.

The forecast equation also incorporates variables that are popularly thought to
connote high growth. Firms in technologically innovative industries, or more
generally, growth stocks as measured by low book-to-market ratios, are popularly
associated with high growth. High past returns for a stock may signal upward
revisions in investors’ expectations of future growth. Analysts’ long-term fore-
casts are another proxy for the market’s expectations of future growth. Finally,
the dividend yield may provide information on the firm’s investment opportu-
nities and hence ability to grow future earnings. Correspondingly, the other fore-
casting variables are TECH, a dummy variable with a value of one for a stock in
the pharmaceutical and technology sectors (defined as in Panel A of Table IV)
and zero otherwise; BM, the firm’s book-to-market value of equity; PASTRG, the
stock’s prior six-month compound rate of return; IBESLTG, the IBES consensus
forecast of long-term growth; and DP, the ratio of dividends per share cumulated
over the previous 12 months to current price. To be eligible for inclusion in the
regression at a given horizon, a firm must have nonmissing values for all the pre-
dictors. In addition it must have a positive base-year value for the operating per-
formance indicator in question, so as to calculate a growth rate. To screen out

M Results using past five-year growth in OIBD or IBEI as predictor variables indicate that
these variables do a worse job in capturing any persistence in growth.

% Firms with negative value of book equity are dropped from the sample for the regression,
In cases where the measure for sustainable growth is negative (when income is negative, or
when dividends to common exceed income so the plowback ratio is negative), we set the sus-
tainable growth rate variable G to zero.
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outliers due to low values in the base year, we exclude cases where the ratio of the
price to the operating performance variable exceeds 100 in the base year.

The model is estimated each year-end, yielding a time series of estimated coeffi-
cients and the adjusted R% Means for the time series, and ¢-statistics based on the
standard error from the time series, are reported in Table X. Standard errors
from the overlapping regressions in Panels B to D use the Hansen-Hodrick
(1980) correction for serial correlation.

The results in Table X deliver a clear verdict on the amount of predictability in
growth rates. In line with our earlier results, it is much easier to forecast growth
in sales than growth in variables such as OIBD and IBEI, which focus more on
the bottom line. For example, the forecasting model that has the highest adjusted
R?inTable X is the equation for five-year growth in sales (11.75 percent; Panel C).
By comparison, the adjusted R? in the equations for OIBD and IBEI barely ex-
ceed 3 percent, so there is relatively little predictability for growth in these vari-
ables. If anything, our results may be overstating the predictability in growth.
Our cross-sectional regressions are reestimated monthly, so we let the coeffi-
cients in the model change over time. As a check on the robustness of our resuits,
we also replicated the regressions in the table using growth rate ranks (ranging
from zero for the firm with the lowest growth rate in that year to one for the firm
with the highest growth rate). The results from the growth rank regressions echo
the findings in Table X.

Our full model includes a total of nine predictors, and the correlations between
some of them are quite high. As a result, sorting out the relative importance of
each variable is not straightforward. Focusing on the models for OIBD and IBEI,
no variable has coefficients that are statistically significant across all forecasting
horizons. The coefficient of past sales growth PASTGSS is generally negative, sug-
gesting that there are reversals in growth rates. When past sales have been de-
clining, income levels tend to be low in the base year, resulting in relatively
higher future growth rates.’

At least over longer horizons (Panels B to D), R&D intensity, RDSALES, has
the strongest forecast power. In accordance with economic intuition, firms that
are investing heavily in R&D, and thereby building up their intangible capital
base, on average tend to be associated with elevated future growth. Specifically,
a firm that spends 10 percent of its sales on R&D tends to have higher five-year
growth in IBEI by about 2.5 percent, compared to a firm with no R&D (Panel C).
However, the high correlation between RDSALES and variables like TECH or DP
suggests caution is warranted in interpreting this result.

The variable IBESLTG is provided by supposed experts, and is widely used as a
proxy for expected future growth. Its coefficient has the expected positive sign,
but it is not statistically significant in the equations for ZBEI This variable does
somewhat better in the equations for OIBD, especially over shorter horizons. In
general, however, IBESLTG does not have higher forecast power than the divi-

¥ The effect of extremely low base-year values is mitigated to some extent because we drop
from the regression cases where the ratio of the price to operating performance indicator ex-
ceeds 100 in the base year. However, this is only a partial solution.
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dend yield, DP, which can be viewed as another proxy for the firm’s investment
opportunities.” In terms of predicting long-term growth, the forecasts of highly
paid security analysts are about as helpful as the dividend yield, a piece of infor-
mation that is readily available in the stock listings of most newspapers.

In line with the results in Table VIII, a low earnings yield EP is associated with
higher future growth rates, especially for IBEIL However, the association is dri-
ven by a relatively small number of cases with unusually low base-year earnings.
Low values of the earnings base result in a low earnings yield, and given that the
firm survives, in an unusually high future growth rate. This explanation agrees
with the results in Table VIII, where the relation between EPand future growth is
confined to companies with the highest growth rates. As further confirmation of
this line of reasoning, when we use growth in a variable such as OIBD, which is
less prone to the problem of a low base level, EP does a poor job of forecasting in
Table X.

The coefficient of the technology dummy TECH is highly significant in many
cases, but it generally has an unexpected sign. This may be due to the high corre-
lation between TECH and RDSALES. For example, dropping RDSALES from the
model substantially reduces the #-statistics for TECH (although its coefficient re-
tains a negative sign).

Neither the book-to-market ratio nor our proxy for sustainable growth G reli-
ably predicts growth in OIBD and IBEI Contrary to the conventional notion that
high past returns signal high future growth, the coefficient of PASTRG is nega-
tive. The explanation for this result echoes our explanation for our findings with
respect to EP. When a firm’s near-term prospects sour and current earnings are
poor, stock returns tend to be disappointing as well. Once again, these cases of
low base levels of earnings may induce a negative association between past re-
turn and future growth.

Panels Cand D also provide results that are based on a simple textbook model
for predicting growth. Here the predictor variables are earnings yield, sustain-
able growth, and R&D intensity. The textbook model has weak forecast power.
For example, over a five-year horizon, the adjusted R? from the equation for IBEI
1s only 1.48 percent.

VIII. Summary and Conclusions

We analyze historical long-term growth rates across a broad cross section of
stocks using a variety of indicators of operating performance. All the indicators
vield a median growth rate of about 10 percent per year (with dividends rein-
vested) over the 1951 to 1998 period. With dividends taken out, the median esti-
mate is the same magnitude as the growth rate of gross domestic product over
this period, between 3 and 3.5 percent in real terms. Given the survivorship bias
underlying the growth rate calculations, the expected growth rate is likely to be
lower. Based on these historical values and the low level of the current dividend

Y Forecasting models with IBESLTG and DP as the only predictors yield qualitatively simi-
lar conclusions. In particular, the dividend yield does at least as well as the consensus fore-
cast in forecasting growth.
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yield, looking forward, the expected return on stocks in general does not appear
to be high. In particular, the expected return using a constant-growth dividend
valuation model is about 7.5 percent, assuming there is no mispricing.

Expectations about long-term growth are also crucial inputs in the valuation
of individual stocks and for estimating firms’ cost of capital. At year-end 1999, a
sizeable portion of the market commanded price—earnings multiples in excess of
100. Justifying such a multiple under some relatively generous assumptions re-
quires that earnings grow at a rate of about 29 percent per year for 10 years or
more. Historically, some firms have achieved such dazzling growth. These in-
stances are quite rare, however. Going by the historical record, only about 5 per-
cent of surviving firms do better than a growth rate of 29 percent per year over 10
years. In the case of large firms, even fewer cases (less than 1 percent) would meet
this cutoff. On this basis, historical patterns raise strong doubts about the sus-
tainability of such valuations.

Nonetheless, market valuation ratios reflect a pervasive belief among market
participants that firms who can consistently achieve high earnings growth over
many years are identifiable ex ante. The long-term growth expectations of one
influential segment of the market, security analysts, boldly distinguish between
firms with strong and weak growth prospects. To see whether this belief that
many firms can achieve persistently high growth holds up in reality, we use an
experimental design that singles out cases where a firm consistently delivers fa-
vorable growth for several years in a row. Our results suggest that there is some
persistence in sales revenue growth. The persistence in sales does not translate
into persistence of earnings, however. Even though we measure consistency
against a hurdle that is not particularly challenging (the median growth rate),
there are few traces of persistence in growth of operating income before deprecia-
tion, or in income before extraordinary items. For example, on average three per-
cent of the available firms manage to have streaks in growth above the median for
five years in a row. This matches what is expected by chance. The evidence for
persistence is still slim under more relaxed criteria for consistency in growth.
Allin all, the evidence suggests that the odds of an investor successfully uncover-
ing the next stellar growth stock are about the same as correctly calling coin
tosses.

A skeptic might argue that while there is little persistence for the population at
large, specific segments of the market are able to improve earnings steadily over
long periods. In particular, popular sentiment views firms in the pharmaceutical
and technology sectors, along with glamour stocks, as being able to maintain con-
sistently high growth rates. To accommodate this argument, we narrow our
search to these subsets of firms. While there is persistence in sales growth, when
it comes to growth in bottom-line income, over long horizons, the likelihood of
achieving streaks is not much different from sheer luck. Conversely, value firms
who are out of favor do not seem to do much worse, although survivorship bias
makes it difficult to deliver a definitive verdict. To narrow the search even more,
we check whether firms with consistently high past growth manage to maintain
their performance going forward. While past growth carries over to future sales
growth, the income variables do not display strong persistence.
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There is a widespread belief that earnings-to-price ratios signal future growth
rates. However, the cross-sectional relation between earnings yields and future
growth is weak, except possibly in the cases of firms ranked highest by realized
growth. For these firms, an inverse association between ex ante earnings yields
and growth may arise because they start from a battered level of earnings in the
base year, so future growth is high. In light of the noisiness of the earnings yield
measure, academic and practitioner research mainly focuses on other valuation
ratios such as book-to-market and sales-to-price. These multiples, which are bet-
ter behaved, show little evidence of anticipating future growth. On the other
hand, firms that enjoy a period of above-average growth are subsequently re-
warded by investors with relatively high ratios of sales-to-price and book-to-mar-
ket. Conversely, investors tend to penalize firms that have experienced poor
growth. These results are consistent with the extrapolation hypothesis of La Por-
ta (1996) and La Porta et al. (1997).

Additionally, it is commonly suggested that one group of informed partici-
pants, security analysts, may have some ability to predict growth. The dispersion
in analysts’ forecasts indicates their willingness to distinguish boldly between
high- and low-growth prospects. IBES long-term growth estimates are associated
with realized growth in the immediate short-term future. Over long horizons,
however, there is little forecastability in earnings, and analysts’ estimates tend
to be overly optimistic. The spread in predicted growth between the top and bot-
tom quintiles by IBES forecasts is 16.4 percent, but the dispersion in realized five-
year growth rates is only 7.5 percent. On the basis of earnings growth for portfo-
lios formed from stocks sorted by IBES forecasts, the spread in realized five-year
growth rates is even smaller (3.3 percent). In any event, analysts’ forecasts do not
do much better than a naive model that predicts a one-for-one tradeoff between
current dividend yield and future growth per share.

A regression forecasting model which brings to bear a battery of predictor
variables confirms that there is some predictability in sales growth, but meager
predictability in long-term growth of earnings. Only about three percent of the
variation in five-year earnings growth rates is captured by the model. One vari-
able that stands out is the level of research and development intensity, suggesting
that a firm’s intangible assets may have an important influence on its future per-
formance. On the whole, the absence of predictability in growth fits in with the
economic intuition that competitive pressures ultimately work to correct exces-
sively high or excessively low profitability growth.
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1. Introduction

Specification error and measurement error are two major issues
in applying the econometric model to economic and finance
research. Studies by Miller and Modigliani (1966) and Roll (1969)
are two of the earliest finance related research studies to apply
errors-in-variables (EIV) model in their empirical works. Miller and
Modigliani (1966) show that, in determining the cost of capital,
anticipated average earnings are unobservable and using account-
ing estimates of earnings as the proxy may result measurement
error problems. Roll (1969, 1977) and Lee and Jen (1978) show that
the observed market rate returns in terms of stock market index
are measured with errors since the stock market index does not
include all assets which can be invested by investors. Roll (1969,
1977)arguesthat testing capital asset pricing model suffers from an
EIV problem and concludes that no correct and unambiguous test of
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E-muail addresses: fnhchen@nccu.edu.tw (H-Y. Chen), alice.finance@gmail.com
(A.C. Lee), lee@business.rutgers.edu (C.-F. Lee).
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the theory can be accomplished. Lee and Jen (1978) have theoreti-
cally shown how beta estimates and Jensen performance measures
can be affected by both constant and random measurement errors
of the market rate of return and risk free rate. Other issues such as
the determination ofthe capital structure and investment functions
also suffer EIV problems.!

Understanding the existence of measurement error problemson
finance related studies, a large extent of the literature subsequently
tries to mitigate biased results from measurement errors. For the
issue of the estimation of the cost of capital, Miller and Modigliani
(1966) use the instrumental variable approach to resolve the
measurementerror problem and get consistent estimatorsin deter-
mining the cost of capital. Zellner (1970) and Lee and Wu (1989)
also uses various estimation methods to deal with potential EIV
problems on estimating the cost of capital. For the issue of the

1 For the measurement problems related to the determinants of the capital struc-
ture, please see Titman and Wessels (1988), Chang et al. (2009), and Yang et al.
(2009). For the measurement problems related to the investment function, please
see Erickson and Whited (2000, 2002) and Almeida et al. (2010).

1062-9769/© 2015 The Board of Trustees of the University of lllinois. Published by Elsevier B.V. All rights reserved.
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capital asset pricing test, Lee and Jen (1978) argue that both mar-
ket return and beta coefficient are subjected to measurement error,
and show how the beta coefficient can be estimated. Lee (1984)
shows that the most generalized beta estimate can be decomposed
into three components; bias due to specification error, bias due
to measurement error, and interaction bias. Therefore, the evi-
dence of failure in capital asset pricing model or the finding of
new risk factors might result from model misspecification error or
EIV problem. Gibbons and Ferson (1985), Green (1986), Roll and
Ross (1994) and Diacogiannis and Feldman (2011) have argued
that market portfolio measure with errors is an inefficient portfolio
and show how the inefficient benchmark can affect the theoretical
CAPM derivation. For the issue of the determinants of the capital
structure, Titman and Wessels (1988), Chang, Lee, and Lee (2009)
and Yang, Lee, Gu, and Lee (2009) apply structure equation mod-
els to investigate determinants of the capital structure. For the
measurement error problems related to Tobin’s g in investment
function, Erickson and Whited (2000) use generalized method of
moments (GMM) to obtain consistent estimators in testing q the-
ory. Most recently, Almeida, Campello, and Galvao (2010) propose
an alternative instrumental method to deal with measurement
error problems in Tobin’s g and support the g theory.

The main purpose of this paper is to study existing EIV estima-
tion methods and to discuss how these estimation methods have
been used in finance research. We first show how EIV problems
affect estimators in the regression model. We further demonstrate
seven alternative estimation methods dealing with EIV problems.
Classical method, grouping method, instrumental variable method,
mathematical programming method, maxima likelihood method,
LISREL method, and Bayesian approach will be discussed. Finally,
we conduct a survey on various studies and investigate the effect
that resulted from EIV problems associated with cost of capital, cap-
ital asset pricing model, capital structure, and investment equation.
We also investigate the correction models used in such studies to
mitigate the problem raised from measurement errors.

The remainder of this paper is organized as follows. Section 2
shows the classical EIV problems and how they affect estimators
of the linear regression model. Section 3 provides seven alterna-
tive correction methods in dealing with EIV problems. Section 4
presents the effects of EIV problems on the empirical research of
cost of capital, asset pricing, capital structure, and investment deci-
sion. Finally, Section 5 presents the conclusion.

2. Effects of errors-in-variables in different cases
2.1. Bivariate normal case

Suppose we have a two variate structural relationship
Vi=a+ BU; (1)

Both V; and U; are unobserved, while we can observe Y; = V; + 1;
and X; = U; + ;. We assume that

(a) &~N(0, o) and 7;~N(0, o7).
(b) E(e:U;) = 0, E(&;V;) = 0, 5(81771) 0, E(niU;) =
(¢) U~N(E(X), o) and Vi~N(w + BE(X), B202).

0,and E(n;V;) = 0.

This results in measurement error on the estimates of « and
implying that the asymptotic biases for § and « are

)
plimB - B8 = # (2a)
O’U -I—O’l
2
a:
plim& — o = %E(X), (2b)
O’U -I—O’1

Eq. (2) implies that B is downward biased and & is upward
biased.

2.2. Multivariate case

Suppose we have a trivariate structural relationship
Wi =a+ BU +yV; 3)

W;, U, and V; are unobserved, but we can observe Z; = W; + 1,
X; =U; + ¢, and Y; = V; + n;. Uy and V; have a joint normal distri-
bution with variances 05 and 0‘2/ and correlation coefficient pyy. In
the observed variables X, Y, and Z, the observed errors ¢, 1, and T
are independent normal variables with zero means and variance
oz, O’%, ¢2.X,Y, and Z have a multivariate normal distribution.

The asymptotic biases of,B and y can be seen from the following:

lim B f— oywop - ,3(0202+0202 +oo}) (4a)
im = a
P (0%0l — oby)) + 0l0% + olot + oo}
2 ) 2 4242
o oers —]/(O’O’—I—O’O’ +ogoy)
plimyp —y = > v (4b)

(ok0d — 0ky) + 0} 0f + oko? + oo}

The direction of the biases of,B and  can be treated according
to different assumptions.?

Concerning the coefficient of the reliability, Cochran (1970)
shows that measurement errors of both explained and explana-
tory variables will reduce the multiple correlations and increase
the residual variance, and the good prediction formula is more sen-
sitive to measurement errors than the poor one. Moreover, from
the analysis of the effects of measurement error on both the sim-
ple regression coefficient and residual variance, in general, we can
conclude that the ¢ statistic of the simple regression coefficient will
be downward biased if variables are measured with errors.

3. Estimation methods when variables are subject to error

In this section, we will discuss alternative EIV estimation meth-
ods, classical method, grouping method, instrumental variable
method, mathematical method, maxima likelihood method, LISREL
method, and the Bayesian approach.

3.1. Classical estimation method

3.1.1. The classical method to a simple regression analysis

In general, the classical method considers three cases: (i) either
o? or o} is known; (ii) A = o /o is known; and (iii) o7 and o} are
known. We can obtain the estimate for 8 from Eq. (2) under every
possible situation as:

(i)B = SSX—YUZ, when o2 is known. (5)
XX — O

- Syy — o2 i

B= o L, wheno} isknown. (6)

(i) B (Syy = ASxx) + {(Syy — ASxx)” + 4ASxy}
N 2Sxy ’
2
when i = —Z is known. (7)
£

2 Please see Lee (1973) and Chen (2011) for detail.
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(iii) When both 07 and o7} are known, Kendall and Stuart (1961)
regarded it as an over-identified situation unless a non-zero covari-
ance between U; and V; is introduced. Barnett (1967) followed
Kiefer’s (1964) suggestion and derived a consistent estimator of
,B as one of the real roots of Eq. (19).

N 1 X P ba\ »
4 (2 4~ 3 42 7}
3 (bz - szz) FEEY) (1 xbl) 3

b ] -~ b
) 2 342
—I—)\, <}\,—b% — _b1 - 2b2> ,3 - A _bl = 0, (8)

where Sy = (X0, -X))/m, Sy =0 (% -7V )/n,
Sxy = (i, (X = X)(Y; = 1)/, myx = Var(X) = o + o2,
myy = Var(Y) = 2o} + o7, mxy =Var(Y) = Bo, by =mxy/mxx,
by = mxy/myy, and ). = o}, /o?.

The advantage of the knowledge of both o7 and O’% is that one
obtains a more efficient estimator of 6,%,

The analysis of Eqs. (5)-(8) furnish us two important implica-
tions. First, if only U or V is subject to measurement error, then
we know that the maxima likelihood estimator of S is equivalent
to fitting a least square line when using the error-free variable
as a regressor. Second, if both U and V are measured with errors,
then the estimate of f lies between the values estimated from Eqs.
(5) and (6). This situation can be further analyzed. The quadratic
equation for Eq. (7) is

B?Sxy + B(ASxx — Syy) — ASxy = 0. (9)

(a) When either o7 — 0 or 07 — oo, Eq. (6) shows B= %

(b) When 02 — 0 or 02 — o0, Eq. (5) shows B = %

3.1.2. The classical method to a multiple regression analysis

It is clear that U is orthogonal to Vif p = 0. It is well-known that
this multiple regression reduces to two simple regression relation-
ships.If p # 0,to identify S and y, we need to know either the actual
values of o7, O’%, and o2 or the relative ratios among o2, O’%, and o2,
We will investigate the following cases:

N ol 2 2 % _ gD
(i) o5 =0, 07 >0, 07 <0, and 67 = ho7

(ii) o2 > 0, O’% >0,ando? > 0

(a) 0f and o7 are known
(b) 0} = 1102 and o7 = )y07

(Case i) Only Z and X are measured with errors,
The estimator of § can be one of real root of Eq. (10)
koB2 + k1B +ko =0, (10)

where

S 52 52

and Ky = —Ako = —A <5xz B SXYSYZ) '
Syy

There are three cases to consider:
(a) » — Owheno? — 0, then in this case from Eq. (10), we know
that

B —SxvSyz + 5x§5w' 11
SxxSvy — 2y

(b) A — cowhen O’.% — 0, in this case from Eq. (11), we know that
B ~SzzSyy — S, '
SxzSyy + SxySyz
(c) Whenbotho? > 0 and o2 > 0, then

B k; ﬂ:w/k%+4)»k%' (13)

2)\,/{0

When g isdetermined, y can also be estimated. After both and
y are estimated, then « can be estimated by

(12)

a=7Z-pX-9Y. (14)
(Case ii) When Z, X, and Y are all observed with errors

(a) Both 7 and o are known.
We can obtain the two normal equations as follows:

Sxz = B(Sxx — 63)+ ¥Sxy (15)
Syz = BSxz + ¥(Syy — 87) (16)
Solving Eqs. (15) and (16) by Cramer’s rule we have

SxzSvy — SxySvz — Sxz 07

B= - . —
Sxx Syy —O’%Syy —O’%Sxx—l—o’go’% —(Sxy)2 (]7)
o= SyzSxx — SxzSvy — Svz62

N ~ A A 2"
SxxSyy — 62Syy — 82Sxx + 6287 — (Sxy)
(b) Both &} = 1157 and 67 = X, 67 are known.,

We can obtain S estimator as one of real roots of the following
cubic equation

P?Hs + BHy + BH1 +Ho =0, (18)

where

Hs = SxyS%, — MSxzSvz — M SxvS2,

Hy = =82, + 24552, Svz + MTSyz — Mo SxySvz — M52, Svz + 274 TSxz Sxy

Hy = 3353, — 222552, + MTAaSxy + AaSxy Svz + AaMSvzSxz — A haS%,Sxy
2S5 S2, — M T2Sxy

Hy = A%Syszw + )»%szSxY + M AZS)%ZSYZ + TA1A2SxzSvz — 201 A2 TSxz Sxy

When X, =0, Eq. (18) will reduce to a quadratic equation in B

3.1.3. The constrained classical method

Under the classical case (Case ii), if we only know &5 = &2, then
we can identify 8 and y by imposing S+ y = 1.

We can obtain a quadratic equation in B

B(1 = 1)Sxy + B(Svz — ASxz + 2ASxy
+Syy — ASxx) + A(Sxz — Sxv) = 0. (19)

When X =0, Eq. (19) will reduce to

B= _Syzsﬁ, (20)
XY

Imposing 8+ y =1, upon a multiple regression will help to
identify the regression coefficients, but it should also be realized
that the constrained regression technique will bias the estimates of
the regression coefficients if the unrestricted estimator fails to sat-
isfy the restriction § + y = 1. The advantages and disadvantages of
the constrained regression technique have been discussed by Theil
(1971) in some detail.
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3.2. Grouping method

Following the structural relationship described in Eq. (1)
Vi =a+ BU;.

Both V; and U; are unobserved, and only Y; = V; +; and X; =
U; + ¢; can be observed. There exists EIV bias when using Y; and X;,
to investigate the relationship between V; and U;.

Wald (1940) proposes a two-portfolio grouping method in deal-
ing with the EIV problem when both dependent and independent
variables are subject to measurement errors. He suggests that the
measurement error can be reduced by grouping observations into
portfolios. In Wald’s two-portfolio grouping method, he groups the
independent variable either in descending or ascending order, and
divides the observations into two equal groups for both dependent
and independent variables; therefore, the first-step estimator of
the market model, estimated beta risk, can be written as:

B= (h-%) 21)
X1 -X)’

where X; and X are the arithmetic means of independent variables

for the first and the second groups, respectively; and ¥; and ¥ are

the arithmetic means of independent variables for the first and the

second groups, respectively.

Grouping method is widely used in finance related research.
For example, to minimize the EIV problem in testing the asset
pricing model, Black, Jensen, and Scholes (1972), Blume and
Friend (1973), Fama and MacBeth (1973) and Litzenberger and
Ramaswamy (1979) use two-pass procedure and the k-portfolio
grouping method to examine the capital asset pricing model. By
combining securities into portfolios, most of the firm-specific com-
ponent of the returns can be diversified away and the precision of
the beta estimates will be enhanced. The grouping method can,
therefore, mitigate the problem raised from measurement errors
in estimated beta.

However, some limitations affect the grouping method. First,
the grouping method shrinks the range of estimators in the first
stepand reduces statistical power. To mitigate this problem, in two-
pass procedure, the grouping method suggests sorting securities on
the first-pass estimator first. Then portfolios are formed by group-
ing securities with same level of first-pass estimators. This sorting
procedure is now standard in empirical tests. Second, a trade-off
exists between the bias and the variance of the first-pass estimator
according to the number of portfolios. Shanken (1992) argues that
the grouping method may cause a larger variation in the portfo-
lio beta. As the number of portfolios (N) increases, the magnitude
of the bias becomes greater while the variance of the estimator
becomes smaller, and vice versa; therefore, an optimal number of
portfolios might exist in which a minimum mean squared error
can be obtained. More specifically, when risk premium is esti-
mated by the time-series mean of the cross-sectional regression
estimates in testing capital asset pricing model, the mean squared
error of the risk premium estimate would be dominated by its bias
because its variance would monotonically decrease as the testing
period becomes longer. Third, the formation of portfolios for the
second-pass estimation might cause a loss of valuable informa-
tion about cross-sectional behavior among individual securities,
because the cross-sectional variations would be smoothed out.
Fourth, Ahn, Conrad, and Dittmar (2009) argue that the group-
ing method, although mitigating measurement error, may yield
different results by using different portfolio grouping methods.

Although the grouping method suffers from the limitations
discussed above, it still has some clear advantages. With the cross-
sectional regression in the second pass, interpreting the results in

economic terms is straightforward. Examining model misspecifica-
tion by testing whether firm characteristics, such as firm size and
book-to-market ratio, can explain returns across firms is also con-
venient. Moreover, the grouping method is intuitive and easy to
implement with real data. The grouping method is therefore still
preferred in many empirical studies.

3.3. Instrumental variable method

Durbin (1954) proposes an instrumental variable method to
deal with the EIV problem in a regression model. In the instrumen-
tal variable method, the instrumental variable, T;, is an observable
variable known to correlate with V; and U;, but is independent of
7; and &;. Then B can be estimated by

> (T TU - D)+ > (- T — )
i=1

i=1

n n
ST -TYV -7+ ) (T - T)e - 8)
i=1 i=1
n
If plimZ(Ti — T)(U; — U) exists, then Bb is a consistent estima-
i=1
tor of B because both ¢; and »; are independent of T;. Eq. (22) can
be written in matrix form as follows:

& '8 71 8
{A}:(TX) TY, (23)
B

P I O T T B R I DR B |
WhereT_{n T T ... Tn}’x_{xl X, X3 ... xn}
andY=[Y1 Y5 Y3 ... Yq].

However, finding an instrumental variable uncorrelated with 7;
and ¢; while highly correlated with V; and U; is difficult. Durbin
(1954) suggests that if the order of U; is the same as the order
of X;, then a better instrumental variable would be T;=i, where

X; are ordered by magnitude. That is, T' = o and
123 ... n
, 11 1 ... 1 . . .
X . This variable will lead to a more effi-

X X X3 oo X
cient estimate than that of the method of grouping. If we let T; =1
for X; greater than its median, T;=0 for X; equal to its median,
and T;=-1 for X; smaller than its median, then the estimator of
the instrumental variable method will be the same as the esti-
mator of Wald’s two-group grouping method. Therefore, Wald'’s
two-group grouping method is a special case of the instrumental
variable method. In other words, the instrumental variable method
is more generalized than the grouping method.

Griliches and Hausman (1986) propose an instrumental vari-
able approach to reduce the bias resulted from measurement error.
In a penal data framework, they show that instrumental variables
estimator is consistent if the measurement error ¢;; is i.i.d across
iand t and unobserved independent variable is serially correlated.
An instrumental variable using the lags or the difference of lags
of the unobserved independent variable can result in a consistent
estimator when T is finite and N approaches to infinite,
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However, Griliches and Hausman’s i.i.d assumption is too strong.
Biorn (2000) further relaxes Griliches and Hausman’s i.i.d assump-
tion, and, instead, assumes that the regressor has 7 period moving
average process. Biorn (2000) shows that using the lags of the vari-
ables at least 7 — 2 periods as instruments can clear the memory of
the moving average process and obtain the consistent estimator.

Lewbel (1997) show simple functions of the model data can be
used as instruments for two staged least squares (TSLS) estima-
tion. Such instruments can be used for identification and estimation
when no other instruments are available or improve efficiency.

Given the standard linear regression model with measurement
error:

Yi=a+bW;+cX;+e;, and (24)
Z,»:d+X,»+vi, (25)
in which Y;, W;, and Z; are observable fori =1, ..., n, while X;,

e;, and v; are unobservable. Egs. (34) and (35) imply that
Yi =O[+b/Wi+CZi+8i' (26)

However, since both Z; and ¢; depend on v;, estimators of b and ¢
from OLS regression is inconsistent. Lewbel (1997) shows that the
consistent estimators can be obtained by using TSLS with instru-
ments 1, W;, and g;, where g; is some vector of instruments that are
correlated with X; but not correlated with e; and v;.

Lewbel (1997) further empirically applies the instrumental vari-
able method to testing elasticity of patent applications with respect
to research and development (R&D) expenditures. He finds, using
the TSLS instrumental variable model, the estimated elasticity
yields very close to one. Therefore, the TSLS instrumental variable
model can mitigate the effects of measurement error and confirm
the relationship between patent and R&D.

In addition, Erickson and Whited (2000, 2002) propose a two-
step generalized method of moments (GMM) estimators that
exploit over-identifying information contained in the high-order
moments of residuals obtained from perfectly measured regres-
sors. Basing GMM estimation on residual moments of more than
second order requires that the GMM covariance matrix be explic-
itly adjusted to account for the fact that estimated residuals are
used instead of true residuals defined by population regressions.
Erickson and Whited (2000) show that estimators obtained by
using moments up to seventh order perform well in Monte Carlo
simulations.

Almeida et al. (2010) use Monte Carlo simulations and empiri-
cally test investment models to compare the performance of the
instrumental variables approach suggested by Biorn (2000) and
generalized method of moments. They find that the instrumental
variable method can obtain more consistent and efficient esti-
mators than generalized method of moments when independent
variables subject to measurement error.

However, it is difficult to obtain appropriate instrument vari-
ables, resulting in weak evidence in empirical research. Lewbel
(2012) proposes a new method to deal with measurement error
problems in regression model when instrumental variables are not
available, Under the assumption of heteroscedastic errors, Lewbel
(2012) shows that the regression model with measurement regres-
sors can be identified and estimated by TSLS or GMM.

3.4. Mathematical method

3.4.1. Bivariate case

Deming (1943), York (1966) and Clutton-Brock (1967) have
developed a weighted-regression-method-under-iteration
approach. Deming (1943) proposed that the best straight line

of Eq. (1) can be obtained by minimizing the sum in the following
equation:

S= WO - X + w0 - ¥)') (27)

0; and V; are the adjusted value of X; and Y; which make the sum
in Eq. (27) a minimum. Since we require U; and ¥; to lie on the best
straight line, we must have

Vi=a+p0;, (i=1,...,n) (28)

Both w(X;) and w(Y;) are the weights of various observations.
They are reciprocally proportional to the variance of their mea-
surement error, respectively.

If these values of U,», \7,», «, and B make S a minimum, we have

k?x? k2xy; kZy?
- i 9p2 P w2 i
ﬁE:mwm Zﬁilwag 5{21&& Elwmg}
+ Zikixi%‘ =0, (29)

where x, =X, - X, y;=Y, -V, X = Zikfi Y= Zikiyi, and k; =
WO W) l l
BPw(Y+w(X)'

Eq. (29) is the least-square cubic derived by York (1966). To
solve Eq. (29), an initial value is assigned to f to estimate k;. After
obtaining the roots of Eq. (29), one of the legitimate solutions is
assigned to estimate k; and obtain new solutions for f again. A sim-
ilar procedure is employed iteratively until a convergent solution
is obtained.

The mathematical approach involves the estimation of the
parameters of a function conditional on the maximum likelihood
function adjusted for the true values. This method is different from
the classical method in three ways. First, variances of measure-
ment errors for every observation are different. Second, a weighted
regression method is applied. Third, the iteration procedure is used
to obtain a consistent estimator.

It can be proved that the mathematical programming method
reduces to the classical method under three certain conditions.

(i) Only Y; has an EIV problem
We can put more weight on X; which has no EIV problem,
w(X;) = o0, k; = w(Y;). We can therefore solve the least square

cubic
WYX v
8= Z, (Y;) 132/1’ (30)
2w
which is the estimated coefficient of weighted regression of Y;
on X;.

(ii) Only X; has an EIV problem

In this case, we put more weight on Y; which has no EIV prob-
lem, then w(Y;) = o0, k; = W—ggr) We can solve the least square

cubic

o wXixgy;
which is the inverse estimated coefficient of weighted regres-
sion of Y; on X;.

(iii) Both X; and Y; have EIV problem, and w(X;)/w(Y;) = c.

B= (31)

The least square cubic becomes

82 +[3{CZikiXi2 — > ki) B
> kv

c=0 (32)



218 H.-Y. Chen et al. / The Quarterly Review of Economics and Finance 58 (2015) 213-227

3.4.2. Multivariate case
Lee (1973) extends the bivariate mathematical programming
method, which was developed by Deming (1943), York (1966) and
Clutton-Brock (1967), to a trivariate case. We define w(Z;), w(Z;),
and w(Y;) which are the weights of the various observations of Z;, X;,
and Y;. It is assumed W, U, and V are functionally rather than struc-
turally related. The mathematical programming procedure begins
by minimizing?
S = AW = X0 + WYy = Yo + w2z - Z)°)

S't'Zi =+ IBXi + Yyi.

(33)

This extension will reduce to Deming’s (1943) weighted regres-
sion results when the quadratic term of equations are omitted,
while Lee’s (1973) result is more general than Deming’s weighted
multiple regression analysis.

3.5. Maximum likelihood method

In testing capital asset pricing model with dividend and tax,
Litzenberger and Ramaswamy (1979) use maximum likelihood
method to reduce the effect of errors-in-variables. Litzenberger
and Ramaswamy (1979) show that, assuming that the variance of
the measurement error in beta is known, the cross sectional vari-
ance of true betas can be replaced by the difference in the variation
of the observed betas and the variance of the measurement error.
Then the estimator in capital asset pricing model test, under such
condition, is consistent by maximum likelihood method.

Kim (1995, 1997, 2010) further provides a maximum likelihood
method to correct the EIV problem in testing the asset pricing
model. Based upon two-pass capital asset pricing model, Kim
(1995) shows that in a multifactor asset pricing model test the
EIV leads to an underestimation of the independent variable with
a measurement error and an overestimation of the independent
variable without measurement error. To correct EIV biases, Kim
(1995) extracts additional information about the relation between
idiosyncratic error variance which can be obtained from the first
step and the measurement error variance, and incorporates such
additional information into the second step of the capital asset pri-
cing model test. Assuming the homoscedasticity of the disturbance
term of the market model, Kim (1995) shows that the corrected
factors for the traditional least squares estimators of the cross-
sectional regression coefficients can be obtained by the maximum
likelihood method. The closed form estimators of the multifactor
asset pricing model test can therefore be obtained. Assuming the
first and second steps of the multifactor asset pricing model are

Rir =i+ BiRmt + e, (34)
and
Rie=vYoe+v1,Bie1+12Vie 1 +eie (35)

where f; .1 is the market risk factor with measurement error, and
Vi1 is a risk factor with no measurement error for security i at
time ¢ — 1. The adjusted estimators in the second step can be written
as follows:

1/2
M+ |M? + 45tmi3(1 — (Prv D2y / Prp))

2mpa(1 = (Prv Dy / Pra))

Pae = (mgy = Premyg,, )/ myy

Pe=

for = Re = P1eBey — P2V

3 Please see Lee (1973) for the solution of Eq. (33).

where M = mgg(1 - p%,) - Sempp(1 — ,6/26‘/), My = (]/N)z:i‘\]:l

N . -\ N N . N N N
Do Wi =X = I/ D1 D Wi X =D gD i Wiki/ D iy
Zszlwij’ y= ZLZLW:‘%/ZLZLW@ wjj is the (i, j) ele-

~

ment of inverse matrix of residual variance in the first-step, 2 1,
and ﬁ%y = mxy/(mxxmyy)l/z'

As aresult, the maxima likelihood method can correct the prob-
lem on exaggerating the estimated coefficient associated to the
variable without measurement error. Moreover, the absolute value
of estimated intercept by maxima likelihood method is generally
smaller than the absolute value of estimated intercept by tradi-
tional least squares.

3.6. LISREL and MIMIC methods

Goldberger (1972) conceptually described the LISREL model
as a combination of factor analysis and econometrics model. In
addition, Anderson (1963) has shown that factor analysisisa gener-
alized version of errors-in-variables (EIV) methods. In this section,
we will review and discuss how LISREL and MIMIC methods can be
used to deal with EIV in finance research.

The linear simultaneous equation system is widely used in
finance and accounting related research. However, a serious limita-
tion of the simultaneous equation approach is an EIV problem. For
example, the theoretical determinants of capital structure in cor-
porate finance can be attributed to unobservable constructs that
are usually measured in empirical studies by a variety of observ-
able indicators or proxies. These observable indicators or proxies
can then be viewed as measures of latent variables with measure-
ment errors. Maddala and Nimalendran (1996) show that the use of
these indicators as theoretical explanatory variables may cause EIV
problems. Bentler (1983) also emphasizes the estimated results of
the traditional simultaneous equation model has no meaning when
variables have measurement errors. Therefore, the latent variable
covariance structure model is provided and applied in corporate
finance. Titman and Wessels (1988), Chang et al. (2009) and Yang
et al. (2009), mitigate the measurement problems of proxy vari-
ables, and apply structure equation models (e.g. LISREL model and
MIMIC model) to determine capital structure decision. Maddala
and Nimalendran (1996) use the structure equation model to exam-
ine the effect of earnings surprises on stock prices, trading volumes,
and bid-ask spreads.

Goldberger (1972) and Joreskog and Goldberger (1975) devel-
oped a structure equation model with multiple indicators and
multiple causes of a single latent variable, MIMIC mode, and
obtained maximum likelihood estimates of parameters. Fig. 1
shows the path diagram that depicts a simplified MIMIC model in
which variables in a rectangular box denote observable variables,
while variables in an oval box are latent constructs. In this dia-
gram, observable variables X;, X5, and X3 are causes of the latent
variable », while Y7, Y5, and Y3 are indicators of 7. In our study, X's
are determinants of capital structure (77), which are then measured
by Ys.

Joreskog and Sérbom (1989) show that the full structural equa-
tion (LIEREL model) can be restricted to a MIMIC model. We here
discuss the structural model and show how structural model can
be restricted to a MIMIC model.

3.6.1. Structural model (LISEREL model)

A structural equation model is composed of two sub-models -
structural sub-model and measurement sub-model. The structural
model can be defined as

n=IX+¢, (37
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Fig. 1. Path diagram of a simplified MIMIC model.

Y:Ayn+8, (38)

where Y is a vector of indicators of the latent variable #, and X is a
vector of causes of 7.

The latent variable » is linearly determined by a set of observ-
able exogenous causes, X=(X1, X,. . .,Xq), and a disturbance ¢£. The
latent variable », in turn, linearly determines a set of observable
endogenous indicators, Y=(y1, ¥2,. . ..yp) and a corresponding set
of disturbance, £ =(¢1, £2,. . .,£p).

3.6.2. MIMIC model
Substituting Eq. (48) into Eq. (49), we obtain a reduced form:

Y=An+e=AyyX+)+e=MT'X+2z (39)

In structural equation modeling, the total effect of a cause vari-
able on an indicator can be measured as the sum of the direct effect
and the indirect effect. Since a MIMIC model is a reduced form of a
structural equation model, the total effect of MIMIC model, denoted
as IT" in Eq. (39), comes merely from the indirect effect.

Since the scale of the latent variable is unknown, the factorinde-
terminacy is a common problem in the MIMIC model, as in other
structure equation models. We can obtain infinite parameter esti-
mates from the reduced form by arbitrarily changing the scale of
the latent variables. However, by fixing the scales of latent vari-
ables, one can solve the indeterminacy problem. Two methods are
usually adopted to fix the scale of latent variables. One method is
normalization in which a unit variance is assigned to each latent
variable, while another method is to fix a non-zero coefficient at
unity for each latent variable.

In terms of estimation of the parameters, Jéreskog and
Goldberger (1975) adopt the normalization method to deal with
the factor indeterminacy problem and use maximum likelihood
estimation method in structural equation modeling to estimate
parameters. The maximum likelihood estimates for the parameters
of the model are obtained at the minimization of the fit function as
follows:

F=log|| X +tr(SX~ ") —log|ISI| - (p — q), (40)

where X' is the population covariance matrix; S is the model-
implied covariance matrix; p is the number of exogenous
observable variables; and q is the number of endogenous observ-
able variables. Minimization of the fit function can be done by the
LISREL program provided by Joéreskog and Sérbom (1981).

3.7. Bayesian approach
Zellner (1970) uses the Bayesian approach to deal with mea-
surement problems in the estimation of regression relationships

containing unobservable independent variables. Zellner (1970)
shows that the Bayesian approach can obtain optimal estimates

4 Stapleton (1978) further develops MIMIC with more latent variables.

under a finite sample. Several studies use Bayesian approaches to
examine cost of capital (e.g. Lee & Wu, 1989) and asset pricing mod-
els (e.g. Ang & Chen, 2007; Davis, 2010; Geweke & Zhou, 1996;
McCulloch & Rossi, 1991).

Davis (2010) develops a Bayesian approach and uses U.S. firm
level data to reexamine the capital asset pricing model. The
Bayesian approach can estimate all parameters simultaneously in
one step and effectively avoid the errors-in-variables problem on
the estimators induced from two-pass capital asset pricing test.

Davis (2010) uses a Bayesian approach to simultaneously esti-
mate coefficients of the following three equation system.

Tity = iy +Viyfmey + 8 yTme—1y + i ey,
where &, ,~N(0, o2 ); (41)

Tiy

—_— 2
Tiy = Tfy = C0y + CmyPiy + M1y, Wheren; y,~N(0,07) and

IBi,yNVi,y + (Si,y; (42)
Co,y Co
¢ = ~N(c,V:), wherec= and
Cm,y Giri
2 2
e | B T, (43)
g = 0_2 0_2 ’
Om m

wherer; ; , is firmi’s return in month t during the time period y, and
iy — 11,y denotes the average monthly excess return for firm i dur-
ing the time period y. The model allows firm-level s to vary over
eachtime period, y. The model also assumes that the joint normality
of stock returns and market returns, contemporaneously estimated
Ps, and average excess returns are statistically independent.

In addition to deal with errors-in-variables problem, there are
several advantages using the Bayesian approach to test the capi-
tal asset pricing model. First, the Bayesian approach allows fs to
vary over time periods and firms and controls the inherent uncer-
tainty associated with firm-level is. Second, the Bayesian approach
can modify the distribution assumptions in stock returns and mar-
ket returns. Third, the Bayesian inference is free from the use of
asymptotic approximations and therefore can be used under finite
sample. Fourth, the Bayesian approach takes parameter uncertainty
associated with all the model parameters into account.

4. Applications of errors-in-variables models in finance
research

For the last four and a half decades, EIV models have been used
to correct estimation bias associated with empirical results in var-
ious finance-related research issues. We here review four kinds
of research, cost of capital, asset pricing models, capital structure,
and investment equation, and discuss how EIV models can rem-
edy measurement error problems induced from finance-related
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research. It is therefore useful to understand the statistical prop-
erties of these EIV models in situations resembling real research
question.

The main focus of this section is to discuss the measurement
error problems on various empirical studies related to finance
research and investigate how EIV models can remedy such prob-
lems. However, in empirical studies, it is impossible to observe
variables without measurement error. We cannot evaluate EIV
models and suggest a best EIV model for a certain circumstances.
Instead, we here provide Table 1 to summarize the application of
EIV models in finance-related research. Research topics, EIV mod-
els, specialties of EIV model, and results for each study are included
in Table 1.

4.1. Cost of capital

Miller and Modigliani (1966) developed a theoretical expression
for the value of a firm from which the firm'’s cost of capital could
be derived. They assume a perpetual stream of earnings from real
assets, and a constant capitalization rate (p), at which the market
discounts the uncertain pure (unlevered) equity stream of earnings
for some risk classes and perfect markets. It is thus possible to esti-
mate the market capitalization rate (and thus the cost of capital) of
a group of firms by performing a cross-sectional regression of the
market value of the firm'’s equity on the expected average earnings
of the firm, the market value of debt, and the growth resulting from
the above-average investment opportunities. The above analysis
suggests a cross-sectional regression:

(V —1.D) = ag + a1X(1 — 7.) + ay(growth potential) + &, (44)

where V is sum of the market value of all securities issued by the
firm, 7. is the corporate tax rate, D is the market value of a firm'’s
debt, and X is the expected level of average annual earnings gen-
erated by current assets.

To avoid heteroscedasticity of regression residuals, the equa-
tion must be adjusted to compensate for the dominance of the
large companies. Miller and Modigliani (1966) use weighted least
square to adjust the standard deviation of the errorterm to firmssize
(deflating each variable by the book value of total assets). Therefore
Eq. (51) can be adjusted to:

(V-1tD) ag (1-1) AA

A _x+a1XT+a27+u, (45)
where u =¢/A. With this reformulation, the regression equation is
expected to be homogeneous, that is, to have no constant term, and
the term A, total assets, is used to avoid heteroscedasticity.

An additional problem beyond that of heteroscedasticity is
the possible error of measurement associated with the earnings
term. Since anticipated average earnings are essentially unobser-
vable, accounting-statement estimates of earnings must be used
instead. Therefore, the true relation between value and anticipated
earnings, when replaced by the observable estimates, implies a
simultaneous system of relationships:

Vi* = O[Xi* + ZIBJZU + Uy, (46)
j
Xi = Xi* + v, (47)
Xi = 8z +wi, (48)
J

where V= (V; —7.Di)/A;, X =(X(1-7))/A; (the true antici-
pated earnings); v; = measurement errors associated with current
earnings; X;=observable estimate of earnings derived from the

accounting statements; and Z;=other relevant variables deter-
mining earnings. Equations (46)-(48) are related to anticipated
earnings and a set of explanatory variables which may also be
correlated with the firm’s anticipated earnings.

In addition, the earnings variable used in the regression only
approximates the true value of anticipated earnings, varying by the
error of measurement, v;. The system represents the simultaneous
determination of two endogenous variables, V* and X, by the Z;
exogenous variables, In regressing:

Vi=oXi+ Y BZi+U (49)

the coefficients will be biased. The coefficient for earnings, «, will
have a downward bias.

In an attempt to remedy the simultaneous-equation bias, Miller
and Modigliani (1966) use an instrumental-variable approach. In
this approach, the endogenous variable X is first regressed against
all the instrumental variables, Z;, to obtain estimates of the vari-
ous coefficients. These estimates are then used to develop a new
variable, X, which is

X =Y bz (50)

Depending on the choice of Z;, the new estimate ofearnings,f(i*,
should be relatively free of the error measurement. It can then be
used in the second-stage regression as the earnings variable. The
resulting estimates of & and f can be shown to be consistent.

Miller and Modigliani (1966) hypothesized that the constant
term was really zero. The reduction of bias on the estimates through
the use of the two-stage process also seems to support the hypoth-
esis that the constant term is zero. Miller and Modigliani (1966)
state that the reason the constant term was significantly different
from zero for the direct least-squares cases was that the error of
measurement for earnings was large. This error is reduced by the
two-stage process.

Higgins (1974) derives and tests a finite-growth model for the
estimation of the cost of capital and share price of electric util-
ity industry between 1960 and 1968. He suggests that the market
value of equity is related to the trend of earnings and the trend of
population in utility’s service area. Assuming that observations of a
variable consist of a true component and arandom element, if such
random elements have zero mean and are serially uncorrelated, the
smoothing procedure can reduce potential errors in measurement.
Empirical results show that the extrapolation of historical popula-
tion trends is superior to the conventional use of change of capital,
and share prices are not a positive function of dividends as often
suggested.

Zellner (1970) proposes a least squares regression method to
deal with potential errors-in-variables problems. He shows that
his methods utilize more information than traditional instrumen-
tal variables methods do in dealing with an errors-in-variables
problem. Lee and Wu (1989) further apply Zellner’s method to reex-
amine Miller and Modigliani’s (1966) cost of capital estimation for
utility industry and obtain better cost of capital estimates than OLS
methods and instrumental variable method.

More recently, Pastor, Sinha, and Swaminathan (2008) propose
an implied cost of capital which is calculated by earnings forecasts
and argue that the implied cost of capital can capture time variation
in expected stock returns. Ortiz-Molina and Phillips (2014) adopt
Pastor et al. (2008) method to investigate the relationship between
real asset liquidity and the cost of capital, and find the implied cost
of capital can mitigate measurement error problem on determine
the cost of capital. Guay, Kothari, and Shu (2011) further propose
the implied cost of capital corrected sluggish analyst forecast to
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Study

Issue

Method

Specialties/conditions

Results

Miller and Modigliani
(1966)
Black et al. (1972)

Blume and Friend (1973)

Fama and MacBeth (1973)

Higgins (1974)

Lee (1977)

Litzenberger and
Ramaswamy (1979)

Cheng and Grauer (1980)

Gibbons (1982)

Titman and Wessels (1988)

Lee and Wu (1989)

MacKinlay and Richardson
(1991)
Shanken (1992)

Fama and French (1992)

Jagannathan and Wang
(1996)

Determinants of cost of
capital
CAPM test

CAPM test

CAPM test

Determinants of cost of
capital

CAPM test

CAPM test

CAPM test

CAPM test

Determinants of capital
structure

Determinants of cost of
capital

CAPM test

CAPM test

CAPM test

CAPM test

Instrumental variable
method
Grouping (10 groups)

Grouping (12 groups)

Grouping (20 groups),
period by period

Smoothing procedure

Wald’s
Grouping/Instrumental
Variable

MLE, OLS, GLS

Grouping (20 groups)

One-step Gauss-Norman
Procedure (40 groups)

LISREL model

Zellner's EV method

GMM

MLE

2-way grouping (10 x 10

groups)

Multifactor Asset Pricing
Model

Have to find exogenous
variables
Panel data; 2-pass estimation

Panel data; 2-pass estimation

Panel data; 2-pass estimation

Assume that measurement
error has zero mean and
serially uncorrelated

Adjust for measurement error
of market return in first-step

For individual stocks

Price-level testing (Invariance
Law)

One-step estimation

Deal with EIV problem due to
the imperfect representation of
proxy variables for interested
attributes

Use sample information to
estimate the ratio of error
variances and construct an
operational estimator

Release the assumption of the
normality of asset returns

For individual stocks; deal with
small-sample bias in the
second-step cross-sectional
regression estimates

Take size and book-to-market
ratio into account

Test conditional CAPM

— Measurement error problem
matters

- Reject both the CAPM and the
zero-beta CAPM

- Linear model is better than
quadratic model in explaining
expected return

- Reject both the CAPM and the
zero-beta CAPM

- Find a linear relationship
between the expected return and
beta risk, beta is the only risk
measure in explaining expected
return, and risk premium is
greater than zero

- CAMP and efficient capital
market hold

- The extrapolation of historical
population trends is superior to
the conventional use of change of
capital, and share prices are not a
positive function of dividends as
often suggested

- Estimated risk premium is
larger than realized risk
premium

- Reject CAPM

- Before-tax expected rates of
return are linearly related to
systematic risk and dividend
yield

- MLE can obtain consistent
estimators without losing
efficiency

— CAPM is rejected because of
non-zero 7

- Neither framework of
Invariance Law or security
market line can accommodate
the possibility that the CAPM
may hold for each period

- Reject CAPM

- Gauss-Norman procedure can
increase the precision of
estimated risk premium

— Reject CAPM

- Do not support for four of eight
propositions on the
determinants of capital structure

- A firm’s capital structure is not
significantly related to its
non-debt tax shields, volatility of
earnings, collateral value of
assets, and future growth

- Obtain better cost of capital
estimates

- Conclusions of mean-variance
efficiency vary by settings

- The adjustment does not have
much effect on Fama and
MacBeth’s (1973) conclusion

- Support CAPM

- The market capitalization and
the book-to-market ratio can
replace beta altogether

- Reject CAPM

- Including human capital and
business cycle can increase
explanatory power of expected
return

- Support CAPM
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Study Issue Method Specialties/conditions Results
Kim (1995, 2010) CAPM test MLE Closed form adjustment; for - MLE method can effectively
individual stocks or groups adjust the errors-in-variables
bias and CAPM holds
- Support CAPM
Kim (1997) CAPM test MLE Closed form adjustment; for - Linear relationship between
individual stocks or groups; for beta and expected return
multifactor estimation
- Book-to-market ratio has
significant explanatory power for
expected return, but size has not
Lewbel (1997) Elasticity of patent Instrumental variable Applicable if no outside data — TSLS estimator can mitigate the
applications to R&D method available for use as instruments effects of measurement error
expenses
- The estimated elasticity of
patent applications with respect
to R&D expenditures yields very
close to one
Erickson and Whited Test g theory GMM For balanced panel data - Cash flow does not affect firms’
(2000) financial decision, even for

Pastor et al. (2008)

Chang et al. (2009)

Yang et al. (2009)

Almeida et al. (2010)

Davis (2010)

Jagannathan et al. (2010)

Guay et al. (2011)

Daetal. (2012)

Erickson and Whited
(2012)

Determinants of cost of
capital

Determinants of capital
structure

Determinants of capital
structure

Test g theory

CAPM test

CAPM tests

Determinants of cost of
capital

CAPM tests

Test g theory

Implied cost of capital

MIMIC model

LISREL model

GMM and instrumental
variables method

Bayesian approach

Three-stage cross-sectional

regression

Corrected implied cost of
capital

Three-stage cross-sectional

regression

GMM

Use earnings forecasts to
compute implied cost of capital

Allow several observable

variables as indicators without
multicollinearity problem

Jointly determine capital
structure and return

Simple instrumental variable —
lagged variable

One-step estimation

Adjust for rolling window betas

Sluggish analyst forecasts may
result measurement error on
implied cost of capital

Adjust for rolling window betas

For unbalanced panel data

financially constrained firms

- Support the g theory if
measurement error is taken into
account

— The implied cost of capital can
capture time variation in
expected stock returns

- Seven constructs, growth,
profitability, collateral value,
volatility, non-debt tax shields,
uniqueness, and industry, as
determinants of capital structure
have significant effects on capital
structure decision

- Stock returns, expected
growth, uniqueness, asset
structure, profitability, and
industry classification are main
determinants of capital structure
- Leverage, expected growth,
profitability, firm value, and
liquidity can explain stock
returns

- The capital structure and stock
return, in addition, are mutually
determined by each other

- Estimators from GMM are
unstable across different
specifications and not
economically meaningful

- Estimators from a simple
instrumental method are robust
and conform to g theory

- Positive relationship between
excess return and market risk

- Support CAPM

- Dealing with measurement
error in rolling window betas

- Support CAPM

- The corrected implied cost of
capital can improve the ability to
explain cross-sectional variation
in future stock returns

- Dealing with measurement
error in rolling window betas

— Support CAPM

- Instrumental variables,
dynamic panel estimators, and
high-order moment estimators
can perform well under correct
specification

- Developing a minimum
distance technique allowing
high-order moment estimators
be used in unbalanced panel data
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Table 1 (Continued )

Study Issue Method

Specialties/conditions Results

Determinants of cost of
capital

Ortiz-Molina and Phillips
(2014)

Lee and Tai (2014) Determinants of capital

structure

Implied cost of capital

SEM with CFA approach

Use earnings forecasts to
compute implied cost of capital

- The implied cost of capital can
mitigate measurement error
problem on determine the cost of
capital

- SEM with CFA approach
outperforms MIMIC model and
2SLS method in terms of the joint
determinants of capital structure
and stock return

Jointly determine capital
structure and return

improve the ability to explain cross-sectional variation in future
stock returns.

4.2. Capital asset pricing model

The capital asset pricing model (CAPM) developed by Sharpe
(1964), Lintner (1965) and Mossin (1966) implies that the expected
returns on securities and their market risks () are positively and
linearly correlated and that market risks have sufficient power to
explain expected returns of securities. Black et al. (1972), Fama
and MacBeth’s (1973), and others use the two-step method to test
CAPM. In the first step, estimated betas are obtained by time-series
market model for each security. In the second step, the estimated
betas are used in testing the linear relationship between betas and
expected returns on securities. Because estimated betas are sub-
jected to a measurement error (estimation error) problem, there
exists an EIV problem in the second step. The EIV problem will
result in estimating the explanatory power of beta and the esti-
mated rate of return on beta risk. More specifically, the EIV problem
leads to an underestimation of the coefficient associated with beta
risk. Although the EIV problem exists in the two-step method of the
asset pricing test, most researchers do not carefully use sophisti-
cated econometric and statistical methods to deal with this kind
of problem. Roll (1969, 1977) shows that the testing asset pri-
cing model suffers an EIV problem, concluding that (i) no correct
and unambiguous test of the theory has appeared in the litera-
ture, and (ii) practically no possibility exists that such a test can
be accomplished in the future. Roll and Ross (1994) show that the
measurement error problem of market rate of return can bias the
empirical test of CAPM.

Several studies focus on beta estimation in the first step to solve
the EIV problem in testing CAPM. Brennan (1970), Lee and Jen
(1978) and Roll (1977) show that the possible measurement error
in market beta risk is the unobserved market rate of return and
risk-free rate of return.’> To improve the beta estimator, Fabozzi
and Francis (1978) and Lee and Chen (1979) use the random coeffi-
cient procedure to estimate random coefficient betas. Brennan and
Schwartz (1977), Brennan (1979) and Brown and Warner (1980)
also provide different types of market models which can produce
different results in predicting rates of return, testing efficient mar-
ket hypotheses, and measuring security price performance.

5 Roll (1969), Roll (1977) and Lee and Jen (1978) show that the observed mar-
ket rate returns in terms of stock market index are measured with errors since the
stock market index does not include all assets which investors can invest. Lee and
Jen (1978) have theoretically shown how beta estimate and Jensen performance
measures can be affected by both constant and random measurement errors of Ry,
and Ry. Diacogiannis and Feldman (2011), Green (1986), Roll and Ross (1994) and
Gibbons and Ferson (1985) have argued that market portfolio measure with errors
is an inefficient portfolio and show how the inefficient benchmark can affect theo-
retical CAPM derivation. Diacogiannis and Feldman (2011) provide a pricing model
that uses inefficient benchmarks, a two beta model, one induced by the benchmark,
and one adjusting for its inefficiency.

To reduce the impact of the measurement error problem in
the second step, Black et al. (1972) use the grouping method in
the capital asset pricing model test. Although the results support
the linear relationship between the systematic risk and expected
return, CAPM cannot hold because of the non-zero intercept term
and the lower market premium in the cross-sectional regression.
Blume and Friend (1973) and Fama and MacBeth (1973) also use the
grouping method in testing CAPM and show that the CAPM is valid.
However, Jagannathan, Skoulakis, and Wang (2009) show that the
time series average of the cross-sectional estimators converges
in probability to the true value of the estimator. Although their
results support CAPM indicating a linear relationship between the
systematic risk and the expected return, the lower value of time-
series average of the market premium shows that the measurement
error problem still exists after Fama and MacBeth's (1973) grouping
method.

Considering the measurement errors of the market rate of return
and risk-free rate of return, Lee (1977) uses two EIV estimation
methods, Wald’s two-group grouping method and Durbin’s instru-
mental variable method, to adjust the estimated beta risk in the
first step of the capital asset pricing test. Although correcting the
measurement errors induced from the unobservable market rate
of return, Lee (1977) finds that the predictive ability of the capital
asset pricing model is still poor.

Litzenberger and Ramaswamy (1979) derive an after-tax ver-
sion of CAPM and show that, in the equilibrium, the before-tax
expected returnonasecurityis linearly related to its systematic risk
anditsdividendyield.Litzenberger and Ramaswamy (1979)further
empirically test both the before tax and the after-tax versions of
CAPM. Instead of grouping method, Litzenberger and Ramaswamy
(1979) use maximum likelihood estimation in the second-step
regression to test the before-tax and the after-tax versions of capital
asset pricing model. Although maximum likelihood estimators are
consistent, the average risk premium is small and not significantly
different from zero.

Given the EIV bias in the two-step CAPM test, Gibbons (1982)
introduces a one-step Gauss-Newton procedure and uses the maxi-
mum likelihood method to obtain the estimated price of systematic
risk. Because the one-step Gauss-Newton procedure does not use
estimated beta as an explanatory variable in a regression model,
the measurement errors problem of estimated beta can be avoided.
Shanken (1992) shows that using generalized least square (GLS) on
the second step of CAPM test can yield an estimator identical to the
Gauss-Newton estimator obtained by Gibbons’ (1982) maximum
likelihood method. Gibbons (1982) shows that the Gauss-Newton
procedure increases the precision of estimated risk premium, but
rejects the mean-variance efficiency of the market portfolio.

Shanken (1992), who provides a modified version of the two-
step estimator by using maximum likelihood estimation, finds
that Fama and MacBeth’s two-step procedure overstates the preci-
sion of the estimator in the second-step and therefore provides
an adjusted standard error for the estimator in the second-
step regression. Jagannathan and Wang (1998a, 1998b) further
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release Shanken’s assumption that asset returns are conditional
homoscedasticity to derive a more general standard error for the
second-step estimator by generalized least squares.

Fama and French (1992) use a two-way sort grouping method
to control for size effect, and find a weak relationship between beta
risk and expected return. Before reaching the conclusion that the
capital asset pricing has not been valid in the recent years, one pos-
sible reason that may be considered is that the measurement error
problem cannot be fully eliminated by the grouping method, and
results of CAPM test may vary depending on the portfolio formation
technique (e.g. Ahn et al., 2009).

To deal with the problem of EIV in testing CAPM, Kim (1995)
provides a maximum likelihood method, extracting information
associated with the relationship between the measurement error
variance and idiosyncratic error variance and incorporating such
information into the maximum likelihood estimation in the second
step of the capital asset pricing model test. Given the assumption
that the disturbance term of the market model is homoscedasticity,
the corrected factors for the traditional least squares estima-
tors of the cross-sectional regression coefficients can be obtained.
Although Kim’s (1995) maximum likelihood method can only deal
with the EIV problem of the estimated beta in the first pass, the
maximum likelihood method can test, besides the capital asset pri-
cing model, the multifactor asset pricing models. Kim (1995) uses
maxima likelihood method to reexamine CAPM and multi-factor
asset pricing model and finds more support for the role of market
beta risk and less support for the role of firm size. His results show
that the prominent risk factors (e.g. size, book-to-market ratio, and
momentum factors) might result a different explaining power for
cross-sectional stock returns after correcting the EIV problem.

MacKinlay and Richardson (1991) use generalized method of
moments (GMM) to test the mean-variance efficiency. They theo-
retically show that the estimator from GMM and the estimator from
maximum likelihood method are equivalent when stock returns
are conditionally homoscedasticity, but GMM can avoid the EIV
problem by estimating coefficients in one step. Empirical and sim-
ulation results show that the conclusion mean-variance efficiency
of market indexes is sensitive to the model settings.

Chen (2011) offers an empirical examination of various EIV
estimation methods in the testing of CAPM, including the group-
ing method, the instrumental variable method, and the maximum
likelihood method. Both potential measurement error problems of
market return in the first pass and estimated beta in the second
pass are corrected by either the grouping method or the instru-
mental variable method. Chen (2011) shows that empirical results
support the role of market beta in the capital asset pricing model
after correcting the EIV problem.

To deal with the measurement error problem associated with
testing both CAPM and APT, Lee and Wei (1984) and Wei (1984) use
the MIMC model to test whether APT outperformed CAPM. Betas
are obtained from simultaneous equation system, and a cross-
sectional regression of the security return against its 8 will be used
to test the CAPM. They conclude that the beta estimated from the
MIMC model by allowing measurement error on the market port-
folio does not significantly improve the OLS beta estimate, and MLE
estimator does a better job than the OLS and GLS estimators in the
cross-sectional regressions because the MLE estimator takes care
of the measurement error in beta.

More recently, Jagannathan, Kim, and Skoulakis (2010) and
Da, Guo, and Jagannathan (2012) use three-stage cross-sectional
regression to correct the errors-in-variables problem from the
rolling-window betas. Their empirical findings support CAPM in
explaining option-adjusted stock returns at the individual stock
level.

4.3. Capital structure

Titman and Wessels (1988), Chang et al. (2009) and Yang et al.
(2009)use structure equation models (e.g. LISREL model and MIMIC
model) to mitigate the measurement problems of proxy variables
when working on capital structure theory. Titman and Wessels
(1988) use LISREL method to investigate determinants of capital
structure. In the structure equation model, they use 15 indicators
associated with eight latent variables and set 105 restrictions on
the coefficient matrix. Empirical results, however, do not support
four of eight propositions on the determinants of capital structure.
Specifically, their results show that a firm'’s capital structure is not
significantly related to its non-debt tax shields, volatility of earn-
ings, collateral value of assets, and future growth. One possible
reason for the poor results is that the indicators used in the empir-
ical study do not adequately reflect the nature of the attributes
suggested by financial theory.

Chang et al. (2009) apply a Multiple Indicators and Multiple
Causes model (MIMIC) with refined indicators to reexamine Titman
and Wessels (1988) work on determinants of capital structure.
Chang et al. (2009) examine the seven indicator factors as fol-
lows: growth, profitability, collateral value, volatility, non-debt tax
shields, uniqueness, and industry. Their empirical results show that
the growth is the most influential determinant on capital struc-
ture, followed by profitability, and then collateral value. Under a
simultaneous cause-effect framework, their seven constructs as
determinants of capital structure have significant effects on capital
structure decision.

Yang et al. (2009) apply a LISREL model to find determinants
of capital structure and stock returns, and estimate the impact of
unobservable attributes on capital structure decisions and stock
returns. Using leverage ratios and stock returns as two endoge-
nous variables and 11 latent factors as exogenous variables, Yang
et al. (2009) find that stock returns, expected growth, uniqueness,
asset structure, profitability, and industry classification are main
determinants of capital structure, while leverage, expected growth,
profitability, firm value, and liquidity can explain stock returns. In
addition, the capital structure and stock return are mutually deter-
mined by each other.

Lee and Tai (2014) develop a simultaneous determination
model to identify the joint determinants of capital structure and
stock returns. The structural equation model with confirmatory
factor analysis shows that stock return, asset structure, growth
rate, industry classification, uniqueness, volatility and financial
rating, profitability, government financial policy, and managerial
entrenchment are key factors in determining a firm'’s capital struc-
ture. Such results are robust in the MIMIC and two-stage least
square methods.

4.4. Measurement error in investment equation

Modern g theory, developed by Lucas and Prescott (1971) and
Mussa (1977), shows that the shadow value of capital, marginal g,
is the firm manager’s expectation of the marginal contribution of
new capital goods to future profits. Marginal g, therefore, should
summarize the effects of all factors relevant to the investment
decision. Lucas and Prescott (1971) and Hayashi (1982) show that
the equality of marginal g with average ¢q is under the assump-
tions of constant returns to scale and perfect competition. Because
the marginal q is unobservable in the real world, most of empiri-
cal studies adopt Lucas and Prescott (1971) and Hayashi’s (1982)
assumption and use average q instead of marginal g to test g the-
ory. In addition, if financial markets’ valuation of the capital will
be equal to the manager’s valuation, average ¢, should equal an
observable value, Tobin’s g, defined as the ratio of the market value
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to the replacement value. Most empirical studies use Tobin’s g as a
proxy for marginal q to test the g theory of investment. However,
their empirical results are inconsistent to the q theory (e.g. Blundell,
Bond, Devereux, and Schiantarelli, 1992; Fazzari, Hubbard, and
Petersen, 1988; Gilchrist & Himmelberg, 1995; Schaller, 1990),6

The model introduced by Fazzari et al. (1988) is
2 = P+ T g, (51)
where I;; represents the investments of firm i at time ¢, Ky is capital
stock of firm i at time ¢, g}, is the marginal gy, CFy is cash flow of
firmi at time ¢, 7; is the firm-specific effect, and u;; is the innovation
term.

Almeida et al. (2010) show that OLS estimated coefficient
of independent variable with measurement error, qi will be
biased downward, and OLS estimated coefficient of the indepen-
dent variable without measurement error, CF;/Kj;, will be biased
upward. Following Eq. (51), if one of independent variables has
measurement error and the other independent variables has no
measurement error; the asymptotic biases of estimated coefficients
can be defined as:

2
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in which o2_,, is the variance of CFIK, dg is the variance of error

CF/K
term between unobserved marginal g and observable average ¢,
bepkq+ is the auxiliary regression coefficient of a regressing q

on CF/K, and R%F/K 2 is the correlation coefficient between ¢~ and

CF/K. We know that UgF/K — bep/k,q+ + 07 is generally positive, so

the estimated coefficient ofq* is downward biased. In addition, the
direction of bias of estimated coefficient of CF/K will depend on the
signs of B and beg/k ¢+ Given that g and cash flow are positively
correlated, we can get the conclusion of Almeida et al. (2010) that
,B is downward biased and & is upward biased.

Erickson and Whited (2000) argue that the measurement error
of marginal q can result in different implications in empirical gq
models. They incorporate an EIV model to reexamine the empirical
work done by Fazzari et al. (1988). By using generalized method
of moments (GMM), Erickson and Whited (2000) obtain consistent
estimators that the information contained in the third- and higher-
order moments of the joint distribution of the observed regression
variables. The estimator precision and consistency can be increased
by exploit the information afforded by an excess of moment equa-
tions over parameters. Results show that cash flow does not affect a
firms’ financial decision, even for financially constrained firms, and
the g theory is held if measurement error is taken into account.

Almeida et al. (2010) use Monte Carlo simulations and real data
to compare the performance of generalized method of moments
and instrumental variables approach dealing with measurement
error problems in investment equations. In Monte Carlo sim-
ulations, they find estimators of GMM proposed by Erickson
and Whited (2000) are biased for both mismeasured and well-
measured regressors when the data have individual-fixed effects,

6 Empirical work in testing association between the investment decision and
cash flow shows that cash flow has poor explanation in determining investment
decision. In addition to cash flow, output, sales, and internal funds have significant
explanation in determining investment decision.

heteroscedasticity, or no high degree of skewness. In contrast, the
instrumental variable method results fairly unbiased estimators
under those same conditions. Almeida et al. (2010) further empiri-
cally examine the investment equation introduced by Fazzari et al.
(1988) by using GMM and instrumental variable method. Almeida
etal.(2010) adopt Biorn’s (2000) method using the lags of the vari-
able as instruments in testing the investment equation. Empirical
results show that estimators from generalized method of moments
are unstable across different specifications and not economically
meaningful, while estimators from a simple instrumental method
are robust and conform to g theory. Almeida et al. (2010) conclude
that instrumental method yields more consistent estimators and
support the g theory in the investment equation.

In contrast, Erickson and Whited (2012) compare the ability of
three errors-in-variables models, instrumental variables, dynamic
panel estimators, and the high-order moment estimatorsin invest-
ment equation. They conclude that all of three models can perform
well under correct specification, while the high-order moment esti-
mators often outperform the instrumental variables and dynamic
panel estimators in terms of bias and dispersion. Erickson and
Whited (2012) also demonstrate a minimum distance technique
to extend the high-order moment estimators used on unbalanced
panel data.

5. Conclusion

In this paper, we investigate theoretical issues related to errors-
in-variables (EIV) problem, and review how existing EIV estimation
methods deal with measurement error problem. We first show how
EIV problems affect the coefficients of independent variables in the
regression model. We then discuss how classical method, math-
ematical programming method, grouping method, instrumental
variable method, maximum likelihood method, and LISREL method
deal with EIV problems. We further investigate how alternative EIV
models have been used in empirical finance research. We find that
the empirical research of cost of capital, asset pricing, capital struc-
ture, and investment equation have used alternative EIV methods
to improve the empirical results. Not only can the reader of this
paper understand the important research topics in finance, but also
can the reader realize how measurement error problems affect the
results of empirical work in such research topics. Finally, we sug-
gest that future empirical studies on finance related issues should
pay more efforts to deal with EIV problems and obtain more robust
empirical results.
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1 Introduction

Size premium, the empirical finding that small stocks (measured by market capitalization) outper-
form big stocks on average, is one of the most well-known investment strategies in the stock market.
In the asset pricing literature, besides the market factor, the small-minus-big (SMB) size factor is
the only factor that is included in all leading multi-factor asset pricing models, including Fama and
French (1993) three-factor model, Carhart (1997) four-factor model, and more recent Hou, Xue,
and Zhang (2015) four-factor model based on ¢ theory of investment and Fama and French (2015)
five-factor model. In this paper, we examine the size premium from a different perspective from
many existing studies in the literature. We decompose the firm size into four components and study
how each component contributes to current firm size and to the size premium.

Our decomposition is motivated by the well-known cross-sectional stock return patterns at
various horizons, namely, long-term contrarian (De Bondt and Thaler (1985)), intermediate-term
momentum (Jegadeesh and Titman (1993)), and short-term reversal (Jegadeesh (1990)). The first
component in our size decomposition is the (log) firm size five years ago, capturing the extremely
persistent component of firm size. The second component, the long-run component, measures
the cumulative change in (log) firm size during prior 13-60 months, following the timing of long-
term contrarian strategy. The third component, the intermediate-run component, captures the
cumulative change in (log) firm size during prior 2-12 months, corresponding to the timing of the
price momentum strategy. The last component is the short-run component, defined as the prior
1-month change in (log) firm size, consistent with the timing of the short-term reversal.

Our empirical analyses suggest that despite being the most important determinant of current
firm size, the lagged 5-year component has little predictive power for future stock returns. Com-
pared with the 4.93% annual size premium, the premium based on the lagged 5-year component is
only 1.53% per year with a t-statistic of 0.63. Controlling for the market factor further reduces the
magnitude of the lagged 5-year size premium to —0.59% per year. Given that firm size is highly
persistent, this result indicates that the size premium does not originate from the level of firm size;
instead, it is the changes in firm size during past years that possess the predictive power for future
stock returns. The second component is the long-run change in size, which explains an average
of 18.4% of the cross-sectional variation in firm size. However, this component strongly predicts
stock returns. In decile portfolios sorted by this long-run component, the difference in stock returns
between firms with the most decrease in market value and firms with most increase in market value
in the prior 13-60 months is 7.33% per year with an annual Sharpe ratio of 0.5. As a comparison,
the Sharpe ratio for the size premium based on the same sample is only 0.3. The intermediate-run
component is also a strong return predictor, with stocks with most increase in market value in the
prior 2-12 months outperforming stocks with most decrease in market value by 8.64% per year,
which has a similar magnitude to the momentum profit. All else being equal, small firms tend to
have worse past stock performance than big firms, so the size strategy contains a short position
in momentum which contributes negatively to the size premium. Despite its large premium, the

intermediate-run component explains only about 2.6% of firm size, so its overall effect on the size
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premium is small. For the same reason, the short-run component only explains less than 1% of the
cross-sectional variation in size.

The relative performances of the strategies based on size components suggest that the size pre-
mium is mainly driven by the long-run component, which we further confirm in several ways. First,
in an independent double sort by firm size and its long-run component, we find that conditional on
firm size, the average premium based on the long-run component is 5.42% with a t-statistic of 3.84,
whereas the average size premium conditional on the long-run component is only 2.65% per year
with a {-statistic of 1.31. Controlling for the market factor further amplifies the difference, gener-
ating a capital asset pricing model (CAPM) alpha of 6.11% and 1.41%, respectively. Second, we
conduct linear factor model time series regressions tests. When size portfolio returns are regressed
on the long-run size component factor (together with the market factor), none of these portfolios
has a statistically significant abnormal return, including the long-short size portfolio. On the other
hand, when returns of portfolios sorted by the long-run component are regressed on the size pre-
mium factor (together with the market factor), we find a significant abnormal return of more than
3 standard errors from zero for the long-short spread portfolio. Our last test is Fama-MacBeth
regressions. Although firm size and its long-run component are both significant predictors for the
future stock returns in univariate regressions, the coefficient on firm size becomes insignificant once
controlling for its long-run component. Taken together, our results suggest that for size premium
investors, a strategy that is based on its long-run component consistently dominates the traditional
size strategy in terms of risk-return tradeoff.

Our decomposition is simple and straightforward. It also sheds lights on several other aspects
of the size premium. For instance, the close link between changes in the firm size and stock returns
provides a natural explanation for the negative (positive) correlation between momentum (long-
term contrarian) profits and size premium. More interestingly, our decomposition uncovers a novel
seasonality of the size premium in its exposure to the momentum factor due to the standard Fama
and French (1992) timing. In Fama and French (1992), size portfolios are rebalanced at the end of
every June, and firm size in June of year { is used to create size portfolios from July of year ¢ to
June of year ¢t 4+ 1. This timing implies that the relative weight of the intermediate-run component
decreases monotonically from July of current year to June of next year. If a large portion of the
change in market equity is due to stock returns, we expect a similar seasonality in the momentum
factor exposure of the Fama and French (1992) size premium. Indeed, in the time series regressions
of the long-short Fama and French (1992) size portfolio returns on the market and momentum
factors, we find the negative momentum factor loading peaks in the third quarter (—0.17 with a
t-statistic of —2.72) and bottoms in the second quarter (0.05 but statistically insignificant). As a
comparison, when we repeat the same analysis using the size portfolios sorted by the market value
from the previous month, the seasonality in momentum betas disappears.

Our decomposition also provides insights into the January effect, the empirical finding that the
size premium is concentrated in January (e.g., Keim (1983)). Two leading explanations for the

January effect in the literature are the tax-loss selling hypothesis and institutional investor window



dressing hypothesis, both of which posit that shortly before year-end, investors sell stocks that have
had losses during the year. Since the stock performance within the past year is closely related to the
intermediate-run and short-run components, our decomposition provides a quantitative evaluation
of these two hypotheses. Our empirical analyses suggest that although all size components positively
contribute to the strong performance of size strategies in January, the intermediate-run and short-
run components combined only explain less than 20% of the January effect. In contrast, we find a
surprisingly large January effect based on the lagged 5-year and the long-run components, which
contribute about 60% and 30%, respectively, to the overall January effect. The results for the long-
run component, and especially for the lagged 5-year component, pose a challenge to both leading
hypotheses of the January effect, as neither interpretation traces firm performance for such a long
horizon. Therefore, our analysis indicates that a large portion of January effect remains puzzling.

Size premium is found to have disappeared since its discovery in early 1980s. In a review
paper on anomalies and market efficiency, Schwert (2003) writes that “it seems that the small-firm
anomaly has disappeared since the initial publication of the papers that discovered it”. Indeed,
the average size premium between 1982 and 2002 is only 1.55% per year (t-statistic = 0.39) in our
sample. However, we find that the long-run size component remains a significant return predictor
during the same sample period. When firms are sorted into decile portfolios based on the long-run
component, the long-short portfolio generates an average return of 8.22% per year ({-statistic =
2.16). Therefore, although the traditional size premium indeed disappears between early 1980s
and early 2000s, the premium based on the component that is driving the size premium (i.e., the
long-run component) was still alive and remains quite strong. Our analysis also suggests that the
disappearance of the size premium is primarily due to the bad performance of the lagged 5-year
component, which produces an average annual excess return of —2.19% in that sample period.

Lastly, we apply our decomposition to uncover a novel phenomenon among new entrants, which
are excluded from our benchmark analyses. We find a positive relation between the size premium
and firm age for firms that enter the CRSP dataset within the past 5 years. In the Fama-MacBeth
univariate regressions of one-month ahead stock returns on the log firm size, the size coefficient
decreases in magnitude from —0.22 for stocks of 4-5 years old to —0.03 (statistically insignificant)
for stocks younger than one year old. Our decomposition provides a natural explanation for this
interesting pattern. Since young firms do not have a long history, the long-run component, the
component that drives the size premium, becomes less important in explaining the cross-sectional
size variation, whereas the intermediate-run component that drags down the size premium becomes
relatively more important. Our analysis indicates that although the premiums based on each size
component remain quantitatively similar and stable across age groups, the change in the size
composition with firm age implies a smaller size premium among younger firms.

The paper adds to the large literature on the firm size effect. Beginning with Banz (1981),
size premium has been studied extensively in the past three decades. Fama and French (1995)
find that size premium can be related to financial distress. Fama and French (1996) use the size

premium factor to mimic the underlying risk factor that size premium represents. Studies most



closely related to us are Berk (1995, 1996). Berk (1995) argues that size-related regularities should
not be regarded as anomalies if size is measured by market value. All else being equal, a firm
with higher discount rate has a smaller firm value and higher expected return, so even without
specifying the underlying data generating process for stock returns, the negative relation between
firm size and future stock returns should always be observed. Berk (1996) uses alternative non-
market based measures of firm size, including book value of assets, book value of un-depreciated
property, plant, and equipment, total value of annual sales, and total number of employees, but
finds no return predictive power. The result of our analyses is consistent with Berk (1995, 1996).
Instead of studying non-market based size measures, we find the lagged 5-year market value also
doesn’t predict stock returns, which suggests that it is not the level of market value, but its changes
in recent years that predict stock returns. In addition, because past changes in market value have
no direct relation with the current level of book asset, annual sale, or number of employees, the
lack of return predictability of these variables that is documented in Berk (1996) should not be
surprising.

Our decomposition and its implication for return predictability are motivated by the cross-
sectional stock return regularities at various horizons, including long-term contrarian, intermediate-
term momentum, short-term reversal, and equity issuance. The objective of this paper is not to
explain these patterns.! Instead, we take these phenomena as given and study how the compo-
sition of these size components quantitatively affects the overall size premium. In terms of the
methodology of variable decompositions, our paper is similar to Gerakos and Linnainmaa (2016)
who decompose the book-to-market ratio to understand the value premium.

The paper proceeds as follows. Section 2 describes the data. In Section 3, we provide detailed
discussions on how to decompose firm size into four components. Section 4 explores the return
predictability of each size component. We document that the size premium is mainly driven by
the component that captures the change in firm size in prior 13-60 months. In Section 5, we
apply our size decomposition to other aspects of the size premium, including a novel seasonality in
the momentum factor exposure, the January effect, the disappearance of size premium since early

1980s, and the behaviors of new entrants. Section 6 concludes.

IThere is large literature on these phenomena in the cross section. For long-term contrarian and value premium,
see, for instance, De Bondt and Thaler (1985), De Bondt and Thaler (1987), Lakonishok, Shleifer, and Vishny (1994),
Zhang (2005), Lettau and Wachter (2007), Da (2009), Ai, Croce, and Li (2013), Ai and Kiku (2015), Kogan and
Papanikolaou (2014). For intermediate-term momentum, see Jegadeesh and Titman (1993), Jegadeesh and Titman
(2001), Johnson (2002), Liu and Zhang (2008), Liu and Zhang (2014). For short-term reversal, see Lehmann (1990),
Jegadeesh (1990), Jegadeesh and Titman (1995), Nagel (2012), Da, Liu, and Schaumburg (2013). For equity issuance,
see, Daniel and Titman (2006), Pontiff and Woodgate (2008), Lyandres, Sun, and Zhang (2008). A small line of
research focuses on a joint explanation for these phenomena, especially for intermediate-term momentum, long-term
contrarian, and value premium. See, for example, Barberis, Shleifer, and Vishny (1998), Daniel, Hirshleifer, and
Subrahmanyam (1998), Hong and Stein (1999), Sagi and Seasholes (2007), Li and Zhang (2017), and Li (2016). See
Fama and French (2008) and Nagel (2013) for excellent literature reviews on the cross-sectional stock returns.



2 Data and Summary Statistics

Our data come from several sources. Stock data are from the monthly CRSP database. Account-
ing data are from Compustat Annually database. The Fama and French factors are from the
Fama/French data library. Our sample include NYSE/AMEX/NASDAQ common stocks (with a
share code of 10 or 11) with nonmissing market value at the end of June. Our sample period covers
630 months from July 1963 to December 2015. We use size and market value interchangeably unless
specified otherwise. In addition, we follow Shumway (1997) to correct for the delisting bias.

Panel A of Table 1 presents the mean (R®), standard deviation (Std), Sharpe ratio (SR), Skew-
ness (Skew), and Kurtosis (Kurt) of the value-weighted excess returns, as well as the CAPM alpha
(aCAPMY - of size decile portfolios and the spread portfolio that buys small firms and short-sells
big firms (S-B). Panel B reports the firm characteristics of these portfolios. Following Fama and
French (1992), at the end of each June, we form ten portfolios based on the market equity at June
using NYSE breakpoints. The portfolios are then held for one year. Panel A of Table 1 confirms
the finding in previous literature that small firms have higher average returns than big firms. The
return difference between small and big firms is 3.28% per year, with an annualized Sharpe ratio
of 0.2. The long-short portfolio return has large positive skewness and kurtosis, indicating that
the size strategy has a small chance of gaining large positive returns. CAPM captures a portion of
the size premium. After controlling for the market factor, the average abnormal return of the S-B
portfolio becomes only 2.21% per year with a t-statistic of 0.89. The latter finding is consistent
with Israel and Moskowitz (2013), who document that CAPM captures a sizable portion of the size

premium.
[Insert Table 1 Here]

Panel B reports the characteristics of a typical firm in each size decile. These characteristics
include the log market cap (ME), the book-to-market equity ratio (BM), prior 2-12 month stock
returns (MOM), and the prior 13-60 month stock return (LTCON). This panel shows that there is
a large cross-sectional dispersion in firm size. For instance, the average market value for a typical
firm in the small size decile (Decile S) is only 20 million dollars, compared with 6.6 billion dollars
in the big size decile (Decile B). Small (big) firms tend to be value (growth) firms, and the book-
to-market ratio decreases monotonically from the small decile to the big decile. More importantly,
big firms tend to have better past stock performance than small firms. Specifically, the average
prior 2-12 month return (MOM) is 0.44% for small firms and 11.54% for big firms, and the average
prior 13-60 month return (LTCON) is 6.66% for small firm and 69.72% for big firms.

The pattern above suggests that the size strategy contains a long position in long-term contrar-
ian strategy that buys long-term losers and short-sells long-term winners, and a short position in
the momentum strategy that buys momentum winners and short-sells momentum losers. The large
profitability of the long-term contrarian and intermediate-term momentum strategies documented

in the literature motivates us to decompose firm size into components over corresponding horizons.



3 Decomposing firm size

Based on the results from the previous section, we decompose the log firm size into four compo-
nents. The first component, AME(SR), captures the change in firm size during the past 1-month,
consistent with the timing of short-term reversal effect. As we will see later in this paper, although
this short-run component may not be crucial for the Fama and French (1992) size strategy, it is an
important component for the size strategy based the market value of the previous month, especially
for its unique role in January effect. The second component, AME(IR), captures the change in firm
size during prior 2-12 months, consistent with the timing of intermediate-term momentum effect.
The third component, AME(LR), captures the changes in firm size during prior 13-60 months,
consistent with the timing of the long-term contrarian effect. The last component, ME(lagh), mea-
sures the firm size five years ago and captures the extremely persistent component of firm size. For
the benchmark analysis, we focus on the Fama and French (1992) timing in creating size portfolios
using the market value at the end of June.? We also restrict our benchmark sample to only include
firms that have non-missing market value in previous June and June 5 years ago. In Section 5.4,
we apply our decomposition to understanding the behaviors of these new entrants.

With the Fama and French (1992) timing, the size portfolios are created at the end of June of
year ¢, and the firm size at June and the resulting size decile is assigned to every month from July of
year t to June of year {+ 1. In contrast, the short-run, intermediate-run, and long-run windows that
correspond to the timing of short-term reversal, momentum, and long-term contrarian strategies
are moving with the calendar month even within the twelve months following the rebalancing of
size portfolios at the end of June. With this difference taken into consideration, each month, we
decompose market equity as follows. For firms in July of year ¢, the (log) firm size contains all four
components, because the size change from the beginning to the end of June of year { represents the

short-run component. As a result, our decomposition is based on the following three cross-sectional

regressions:
MEys = ags + bot x MEy5 + cor = M Eo; + AME(SR), (1.1)
MEy = ay + by x ME_1 6+ €1, = MEy; + AME(IR), (1.2)
MEy; = ag + by x MEy_56 + ez = ME(lag5) + AME(LR),, (1.3)

where M Eyg, ME; 5, ME;_1 6, ME;_5¢, are the log market equity (in million dollars) at the end
of June in year ¢, the end of May in year {, the end of June in year { — 1, and the end of June in
year t — 5, respectively. In the cross-sectional regression equation (1.1), we regress the log size at
the end of June of year { on the log size at the end of May of year {, and the residual component
AME(SR), is the short-run component for the size in July of year {. The predicted values ]\ZEOt
from (1.1) are then used as the dependent variables in equation (1.2) to extract the intermediate-

run component. Specifically, we regress ]\Z\E)t on the log size at the end of June of year ¢ — 1, and

2In some analyses of this paper, we also consider an alternative size strategy that is based on the market value
from the end of previous month.



the residual AME(IR), is the intermediate-run component. Lastly, we regress the predicted values
from equation (1.2), M Ey,, on the log size at the end of June of year ¢ — 5 in equation (1.3). The
residual is the long-run component AME(LR),, whereas the predicted value is our lagged 5-year
component ME(lag5).

For all other months from August of year ¢ to June of year t-+1, there are only three components,
because the information about the change in size from the previous month is absent in the size
at the end of June.? For each of these months, we first regress the log firm size onto the log size
twelve months ago. The residual is the intermediate-run component AME(IR),, and the predicted
values from the first step are then regressed onto the log size at the end of June of year { — 5. For

example, for size in August of year ¢, we perform the following decomposition:

ME = ay + by x ME;_1 7 + e1; = MEy; + AME(IR), (2.1)
MEy, = ag + by x ME_56 + ez = ME(lag5) + AME(LR),, (2.2)

The residuals from equations (2.1) and (2.2), AME(IR), and AME(LR),, are the intermediate-run
and long-run size components for firms in August year ¢, whereas the predicted value from equation
(2.2), ME(lagh), represents the lagged 5-year component.

The decomposition implies that even though the firm size is a constant (fixed to be the market
value at the end of previous June) within the twelve months following size portfolio rebalancing,
its components do change from one month to the next. The change in the composition has novel
implications on the factor loadings and the performance of new entrants, which we discuss in later
sections. We also realize that there are other ways to decompose firm size in a similar spirit. We
choose the current procedure because, by construction, it guarantees that: 1) the components add
up to the (log) firm size in June; and 2) these components are orthogonal to each other.*

Figure 1 shows the time series variation of the relative importance of these size components in
explaining the cross-sectional variance of firm size. Each month, we run cross-sectional univariate
regressions of log size in June on each of these four components (or three components if not in
July) and collect the adjusted R2?. The R? for year ¢ is then calculated as the average R? from July
year t — 1 to June year ¢ to remove the seasonality of the size components. The figure shows that
among all four size components, the lagged 5-year component, ME(lagh), is the most important
determinant that explains about 80.5% of the cross-sectional variance of firm size.® This result is
expected because firm size is highly persistent over time — a big firm today is very likely to remain
a big firm five years later. The next important component is the long-run component AME(LR),

which explains an average of 18.4% of current size. Between late 1980s and early 2000s, we observe

®However, this short-run component is present every month for the size measure based on the market value at
the end of the previous month.

4We repeat our analysis based on alternative decomposition procedures and find very similar results. For instance,
when we construct size components by directly taking the difference in log size between the beginning and end of
each horizon, instead of running regressions, the main finding is quantitatively similar. These results are available
upon requests.

®These R?s are reported in Panel A of Table 7 under Group 0.



an increase in the stock return idiosyncratic volatility, which could drive the increase in the R?
of the long-run component relative to the lagged 5-year component. The last two components,
the intermediate-run AME(IR) and short-run AME(SR), explain an average of 2.6% and 0.4%,
respectively, of the cross-sectional size distribution. Given that the short-run component is only

available in July, we ignore it in most discussions on the Fama and French (1992) size strategy.
[Insert Figure 1 Here]

Table 2 reports the firm characteristics of deciles sorted by the size components. Since our
benchmark sample now imposes the restriction of non-missing size components, which differs from
Table 1, we also report the characteristics of size deciles using this benchmark sample in Panel A.
Besides properties of log size (ME), book-to-market (BM), prior 2-12 month returns (MOM), and
prior 13-60 month returns (LTCON), we also report the results for size components— ME(lagh),
AME(IR), and AME(LR). Panel A shows that the components display an increasing pattern from
the small decile to the big decile size portfolios. For AME(IR), it is —0.06 for small firms and
0.05 for big firms. For AME(LR), it increases from —0.36 for small firms to 0.43 for big firms.
Interestingly, the dispersion in lagged 5-year firm size is only slightly smaller than that in the
current firm size, again indicating that firm size is highly persistent. This finding is also consistent
with the large explanatory power of the lagged 5-year component for the cross-sectional variation
in firm size plotted in Figure 1.

[Insert Table 2 Here]

Panels B, C, and D of Table 2 report the characteristics of the decile portfolios sorted by the
size components. Since our decomposition procedure enforces an orthogonal condition among these
components, sorting by one component does not create dispersions in other components, as shown in
the last three rows of each panel. In Panel B, the intermediate-run component sorts create a large
spread in the prior 2-12 month return. Firms with high AME(IR) have an average momentum
(MOM) of 57.03%, in contrast with —27.19% for firms with low AME(IR). In Panel C, firms
with high AME(LR) have a large long-term contrarian (LTCON) of 271.58%, compared with that
among firms with low AME(LR) (—45.78%). Therefore, the strategies based on intermediate-run
and long-run components are closely related to momentum and long-term contrarian strategies,
respectively.® Similar to the patterns for the size portfolio in Panel A, Panel D also shows that
firms with large lagged 5-year size have higher current size and lower book-to-market ratio than
those with small lagged 5-year size.

SChanges in firm size can be due to both stock returns and net issuance. The existing studies document both
variables predict future stock returns. We could have further decomposed the change in firm size at each horizon into
the change in price and change in number of shares outstanding. We choose not to do this for the sake of parsimony.



4 Decomposing the Size Premium

Based on the size decomposition from the previous section, we study the return predictability of
these components and quantitatively estimate their contributions to the overall size premium.
Table 3 reports the mean (R°), standard deviation (Std), and Sharpe ratio (SR) of the value-
weighted excess return, as well as CAPM alpha (a“4"M), of decile portfolios sorted by size (Panel
A), AME(IR) (Panel B), AME(LR) (Panel C), and ME(lagh) (Panel D). By restricting non-missing
size components, the size premium becomes stronger: the average size premium is 4.93% per year
(t-statistic = 2.02) with a Sharpe ratio of 0.3. However, controlling for the market factor reduces

the size premium to 4.01% and the corresponding t-statistic becomes 1.68.
[Insert Table 3 Here]

Panel B reports the results for the intermediate-run component AME(IR). Stocks with the
largest increase in firm size in the intermediate run (Decile Hi) have an average excess return
of 10.32% per year (t-statistic = 3.36), compared with only 1.69% for the firms with the largest
decrease in size (Decile 1) in the same horizon. The difference in average returns between the
two extreme decile portfolios is 8.64%, which is more than 3.6 standard errors from zero. A long-
short investment strategy that buys high AME(IR) firms and short-sells low AME(IR) generates a
Sharpe ratio of 0.51. In addition, CAPM fails to explain the strategy returns; controlling for market
exposures creates an abnormal return of 9.1% per year with a t-statistic of 3.85. This strategy
performance is consistent with the momentum strategy that past intermediate-term winners have
higher future returns than intermediate-term losers. Unfortunately, size premium investors do not
benefit from its good performance at all, because the size strategy effectively takes a short position
in it. In fact, this exposure consistently drags down the profitability of the size strategy over time.

Panel C reports the stock performance of the long-run component AME(LR). Opposite to the
intermediate-run component, firms with the largest increase in size in the long run underperform
firms with the largest decrease in firm size by 7.33% per year (t-statistic = 3.23). The long-short
investment strategy based on AME(LR) generates a Sharpe ratio of 0.5, and this strong profitability
is not captured by CAPM. The CAPM abnormal return is 7.76% with a t-statistic of 3.41. The
result for the portfolios sorted by the lagged 5-year component is reported in Panel D. In contrast
to the other two components from Panel B and Panel C, the return displays a hump shape from the
low ME(lagh) decile to the high ME(lagh) decile. The long-short portfolio generates an insignificant
average return of only 1.53% with a Sharpe ratio of 0.1. Controlling for the market factor further
reduces this premium to a negative value (—0.59% per year).

The result in Table 3 indicates that among all components of firm size from our decomposition,
only the long-run component, AME(LR), contributes positively to the overall size premium in an
statistically and economically significant way. In other words, the size premium is likely to be
mainly driven by this long-run component. To test this conjecture, we perform three different
analyses. In the first analysis, we compare the performance of portfolios double sorted by size
and its long-run component. In particular, we create 5-by-5 portfolios double-sorted independently
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by size and AME(LR). Panel A.1 of Table 4 reports the conditional size premium within each
AME(LR) quintile and the average conditional size premium across AME(LR) quintiles. Among
all AME(LR) quintiles, the conditional size premium is only significant in AME(LR) quintile 2.
In the high AME(LR) quintile, the conditional size premium is negative at —1.24% per year,
even though it is not statistically significant from zero. The average conditional size premium
across AME(LR) quintiles is insignificant at 2.65%. The unconditional CAPM further reduces the
abnormal conditional size premium to 1.41% per year. In sharp contrast, the conditional AME(LR)
premium is significant in 4 out of 5 size quintiles. It ranges from 8.92% (t-statistic = 6.37) among
small firms to 3.65% (f-statistic = 1.50) among big firms. The average conditional AME(LR)
premium is 5.42% per year, which is more than 3.85 standard errors from zero. The CAPM alpha
for the conditional AME(LR) premium is even higher at 6.11% per year, with a t-statistic of 4.33.

[Insert Table 4 Here]

The second test is a linear factor model test between size premium and AME(LR) premium.
In Panel B.1 of Table 4, we test a two-factor model on size decile portfolios with the market factor
and the AME(LR) premium factor as the factors. The AME(LR) premium factor is calculated as
the return difference between the low AME(LR) decile and the high AME(LR) decile. Compared
with the CAPM result from Panel A of Table 3, none of the AME(LR) deciles has a significant
abnormal return in the two-factor model, and the long-short portfolio (I.-H) has an abnormal return
of —0.54% per year (f-statistic = —0.29). The reduction in abnormal returns is mainly due to the
exposure to the AME(LR) factor, which decreases monotonically from 0.49 for small firms to —0.09
for big firms, and the difference is 12.6 standard errors from zero.

When we switch the order and regress the AME(LR) decile excess returns on a two-factor model
with the market factor and size premium factor as the factors, the result looks quite different. In
Panel B.2, we find that despite the strong decreasing pattern of the size factor exposures across
AME(LR) portfolios, the abnormal return remains large in many portfolios. In addition, the long-
short AME(LR) portfolio (I.-H) has an abnormal return of 5.8% per year, which is more than 3.18
standard errors from zero. Adding the AME(IR) premium factor does not alter the result in a
significant way (Panel C). If anything, the abnormal return of the long-short AME(LR) portfolio
becomes even bigger (7.72% per year with a t-statistic = 4.38).

Our third test is Fama-MacBeth regressions. Compared to the value-weighted portfolio ap-
proach in the first two tests, Fama-MacBeth regressions put relatively more weights on small firms.
Fach month, we run a cross-sectional regression of one-month ahead stock returns on log size and its
components AME(IR), AME(LR), and ME(lag5), and the time series average of these coefficients
are reported in Table 5. Columns (1)-(4) report the univariate regression results. Consistent with
the results from Table 3, we find that although size (ME) is a strong predictor for future stock
returns, the coefficient on ME(lag5) is only —0.05 with a ¢-statistic of —1.43. In contrast, the other
two components AME(IR) and AME(LR) have much stronger predictive power. The coefficient on
AME(IR) is 0.73, which is more than 4 standard errors from zero. The coefficient on AME(LR) is
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—0.41 with an even stronger {-statistic of —5.52. These results confirm the relative performance of
the corresponding long-short portfolios reported in Table 3.

[Insert Table 5 Here]

Columns (5)-(7) present the horse race results from the Fama-MacBeth regressions using log
size and one of its components as the return predictors. In Column (5), when both size and size 5
years ago are included into the same regression, the coefficient on size becomes more significant at
—0.32 with a t-statistic of —4.4, compared with the univariate specification. On the other hand,
the coefficient on ME(lagh) is now positive. This finding is intuitive from our decomposition: if the
lagged 5-year component has no predictive power for stock return and is adding noise to the size
premium, controlling this component would make the size premium stronger. We find a similar
pattern when we control for the AME(IR) component (Column (7)). As we discussed earlier, the
size premium strategy contains a short position in the AME(IR) premium, so controlling AME(IR)
would enhance the performance of size strategies. In column (6), the horse race between size and
its long-run component AME(LR), controlling for AME(LR), firm size has little predictive power
for returns. Its coefficient decreases from —0.11 in the univariate regression in Column (1) to an
insignificant value of —0.04 (¢-statistic = —1.12). Interestingly, the coefficient on the AME(LR)
becomes more statistically significant.

One advantage of the Fama-MacBeth regressions over the portfolio approach is that we can
quantify the contribution of each size component to the overall size premium. If one component
explains an average of X (or 100X percent) of the cross-sectional variation in size, and the Fama-
MacBeth regression coefficient on this component is Y, its contribution to the coefficient on size
in the Fama-MacBeth regression would be X x Y. We use the coefficient estimates from Spec-
ifications (2)-(4) and the explanatory power of each component for the cross-sectional variation
in firm size in Section 3 to estimate their contributions. For the lagged 5-year component, its
percentage contribution is approximately 39.9% (0.054 x 80.5%/0.109), and this is compared with
69.4% (0.411 x 18.4%/0.109) for the long-run component and —17.5% (—0.734 x 2.6%/0.109) for
the intermediate-run component.” This result indicates that although the 5-year component cap-
tures more than 80% of the firm size, it only contributes less than 40% of the size premium.® In
contrast, the long-run component AME(LR) captures only 18% of firm size but contributes almost
70% of the size premium. In untabulated analyses, we find the AME(LR) premium is not driven
by extremely small and illiquid firms, which is a criticism for the implementability of size strategies
(Horowitz, Loughran, and Savin (2000)). For example, when we exclude from our sample firms

with market value of less than 5 million dollars, or firms with end-of-June price lower than $5 per

"The fact that the contributions from these components do not exactly add up to one can be due to: 1) we did
not include the short-run component in this calculation; 2) there are seasonality in the size components within a
year; and 3) the panel data is not balanced; we have more observations in later years than earlier years.

8The contribution from the lagged 5-year component is driven by its correlation with the premium based on the
long-run component. In an untabulated analysis, we find that the ME(lag5) premium changes sign and becomes
positive after controlling for the market factor and a AME(LR) premium factor.
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share, the long-short AME(LR) portfolio still produces an average return of more than 7% per year
with a ¢-statistic greater than 3.

Taken together, our analyses suggest that the size premium is driven by its long-run component
AME(LR). Once controlling for this long-run component, firm size does not have significant pre-
dictive power for future stock returns. These findings are consistent with Berk (1995, 1996). Berk
(1995) argues that size-related regularities should not be regarded as anomalies if size is measured
by market value. All else being equal, a firm with a higher discount rate has a smaller firm value
and higher expected return, so even without specifying the data generating process of stock returns
of a firm, the negative relation between firm size and future stock returns should always be ob-
served. Our findings can be consistent with this argument: firms that experience a large decrease
in market value in the prior 13-60 months (i.e., in the long run) could have experienced positive
shocks to discount rate (either rationally or irrationally). Their realized returns are negative but
expected returns increase. However, we find the similar argument does not hold for the horizon of
prior 2-12 months. Instead, this intermediate-run change in firm size, which is related to the mo-
mentum strategies, positively predicts future stock returns. Berk (1996) studies the size premium
using alternative measures of firm size including book value of assets, book value of un-depreciated
property, plant, and equipment, total value of annual sales, and total number of employees, but
find no return predictive power. Our decomposition provides a natural interpretation for his find-
ings. Particularly, it is not the level of market value, but its recent change, that predicts stock
returns. Because the recent changes in market value have no direct relation with the level of these
alternative size measures, it is not surprising these variables have no return predictive power. For
size premium investors, our findings also suggest that investing in its long-run component is far

better than investing in firm size itself from the perspective of risk-return tradeoff.

5 Further Implications

In this section, we explore additional implications of our size decomposition. In Section 5.1, we
uncover an interesting seasonality in the momentum factor loading of size portfolios that is due
to the Fama and French (1992) timing. In Section 5.2, we use our decomposition to evaluate
leading explanations for the January effect in the existing literature. In Section 5.3, we discuss
the disappearance of the size premium between early 1980s and early 2000s. We study how our
decomposition can be applied to new entrants in Section 5.4.

5.1 Seasonality in momentum beta

Our size decomposition is performed at each month, so these components change from one month to
the next. The rolling horizons of the intermediate-run and long-run components indicate that there
is a seasonality of the intermediate-run and long-run components in the twelve months following the
portfolio rebalancing at the end of each June. For instance, in July of year ¢, the intermediate-run
component is based on the change in log market value from July of year ¢ — 1 to May of year t.
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As time moves forward by one month, the horizon shrinks by one month, and the intermediate-run
component in August of year t is based on the change in log market value from August of year ¢t —1
to May of year {. In June of year £+ 1, although the firm size still corresponds to the market value
at the end of June of year %, its intermediate-run component is only based on the change in size
from May of year ¢ to June of year t. Since the intermediate-run change in size is highly correlated
with the price momentum, the size premium should also show a seasonality in its momentum factor

exposure. Figure 2 presents this seasonality.
[Insert Figure 2 Here]

In Panel A of Figure 2, we plot the average quarterly momentum factor beta of the size premium
following portfolio rebalancing at the end of June according to the Fama and French (1992) timing.
For each quarter, we estimate the momentum beta by running time series regressions of the monthly
long-short size portfolio excess return on the market excess return and the winner-minus-loser
portfolio return from momentum deciles. We test this at the quarterly frequency to avoid even
higher frequency seasonality such as the January effect. Panel A shows that for Quarter 3 (Q3)
from July to September, i.e., the first quarter following portfolio rebalancing, the size premium has
a large negative momentum factor loading of —0.174 (¢-statistic = —2.72). This negative sign is
consistent with the short position of the size premium in the momentum strategies. The momentum
beta increases monotonically over time, and by Quarter 2 (Q2) from April to June, i.e., the last
quarter of the 12-month holding period, it becomes positive at 0.05 but statistically insignificant
(t-statistic = 0.56). As a comparison, we also estimate the momentum beta across quarters for
the size premium based on the market value from the end of the previous month, and the result
is plotted in Panel B of Figure 2. With this alternative timing, size deciles are rebalanced every
month, and the horizon for the intermediate-run component is constant. Therefore, we do not
expect a strong seasonality in momentum beta for this size strategy. Indeed, from Panel B of
Figure 2, the size premium has a negative momentum exposure in all quarters: the momentum
beta is —0.176 for Q3, —0.114 for Q4, —0.194 for Q1, and —0.13 for Q2. This confirms that the

seasonality of momentum beta from Panel A is due to the Fama and French (1992) timing.

5.2 The January effect

The size premium itself is also highly seasonal. Banz (1981) and Reinganum (1983) document that
the good stock market performance in January is mainly driven by small stocks. Keim (1983) finds
that half of the size premium over the 1963 to 1979 period occurs during January, whereas Blume
and Stambaugh (1983) show that all of the size effect occurs in January after adjusting for the
“bid-ask spread” bias. Among alternative hypotheses explaining the puzzling January effect, two
leading explanations are tax-loss selling hypothesis (see, e.g., Branch (1977), Dyl (1977), Givoly
and Ovadia (1983), Starks, Yong, and Zheng (2006)) and the institutional investor window dressing
hypothesis (see, for instance, Haugen and Lakonishok (1988), Musto (1997), and Ritter and Chopra
(1989)). Both hypotheses argue that investors tend to sell stocks that have had bad performance,
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and this selling pressure depresses year-end stock prices which rebound in January. In the tax-loss
selling hypothesis, investors sell losing stocks in order to lower taxes on net capital gains. In the
institutional investor window dressing hypothesis, portfolio managers sell losing stocks to avoid
revealing that they have held poorly performing stocks.

To evaluate these two hypotheses, we decompose the size premium in January in the same
way as we decompose the overall size premium. Table 6 reports the result. We consider both
the Fama and French (1992) size strategy, and the size strategy based on the previous-month-end
market value to fully capture the stock performance during the previous year. Panel A presents
the average explanatory power of each size component for the cross-sectional variation in firm size.
For the Fama and French (1992) size strategy, there are three size components because the short-
run component only exists in July. The lagged 5-year, long-run, and intermediate-run components
explain 80.6%, 18.6%, and 2.3% of firm size, respectively. The composition looks very similar
for the size premium based on the previous-month market value, except for the intermediate-run
component, which doubles its explanatory power to 4.7%. Furthermore, the short-run component
now shows up and explains about 0.6% of firm size.

[Insert Table 6 Here]

Panel B of Table 6 reports the results from Fama-MacBeth regressions. For the Fama and
French (1992) timing, the coefficient on the log firm size in January is —1.62, which is 14.9 times
greater than the estimate for all months (Column (1) of Table 5), confirming the January effect
in our sample. In addition, these values suggest that the average size premium estimated from
the Fama-MacBeth regression for non-January months is negative. The three size components all
contribute positively to January effect. The estimated coefficient on ME(lagh) is —1.29, which
is 23.9 times greater than that from Table 5, suggesting that even the lagged 5-year component
displays a strong January effect. The coefficient on AME(LR) is —3.04, which is 7.4 times greater
than that from Table 5. This result indicates that although the AME(LR) premium is significantly
higher in January, it also exists in other months.? The coefficient on that AME(IR) is —3.27, which
is 4.5 times greater than that for all months in magnitude but with an opposite sign. The latter
pattern is consistent with the momentum literature that find the average momentum profit to be
negative in January (e.g., Jegadeesh and Titman (1993)). The predictive power of the short-run
and intermediate-run components for the January return is also consistent with Branch (1977)’s
observation that stocks that had negative returns during the prior year also have high returns in
January, a finding that motivates the tax-loss selling hypothesis.

In order to quantify the contribution of each size component to the January effect, we multi-
ply the estimated R? from Panel A of Table 6 with the corresponding Fama-MacBeth regressions
coefficients from Panel B. In the case of the Fama and French (1992) timing, the contributions
from the lagged 5-year, long-run, and intermediate-run components are 64.0%, 34.8%, and 4.6%,

°Indeed, in an untabulated analysis, we find that the average value-weighted return of the long-short AME(LR)
portfolio for non-January months is 4.5% with a ¢-statistic of 2.06.
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respectively. In the case of the size strategy based on the market value from previous month,
the intermediate-run component becomes more important and these three components contribute
to 58.0%, 29.2%, and 11.5%, respectively. In addition, the short-run component appears in Jan-
uary and has a large negative predictability for the January return. The estimated coefficient of
AME(SR) is —17.22 with a t-statistic of —7.23, indicating that stocks that perform poorly in pre-
vious December rebounds strongly in January. This pattern is consistent with the selling pressure
on losing stocks in the tax-loss selling hypothesis and institutional investor window dressing hy-
pothesis. Despite its significance, this component only explains about 5.8% of the overall January
effect, due to its low explanatory power for firm size from Panel A.

Our quantitative results pose a challenge for both leading hypotheses for the January effect.
Both hypotheses rely on investors’ behaviors in reaction to the stock performance from the previous
year. Our estimates suggest that the contribution from the stock performance in the previous year is
well below 20%. The significant coefficient on the long-run component is consistent with De Bondt
and Thaler (1985) and Chan (1986), and suggests that investors may wait for years before realizing
losses. Still, there is about 60% the January size premium that comes from the lagged 5-year

component. Therefore, a large portion of the January effect remains puzzling.'

5.3 The disappearance of size premium

It has been documented that the size premium has disappeared since its discovery. For example,
Schwert (2003) reports an average CAPM alpha of 0.2% per month with a t-statistic of 0.67 be-
tween 1982 and 2002 for the Dimensional Fund Advisors (DFA) US 9-10 Small Company Portfolio,
which closely mimics the size strategy described in Banz (1981). Several studies have proposed
potential explanations for this disappearance. Hou and van Dijk (2014) argue that it is the large
negative profitability shocks that drives the poor performance of small firms after early 1980s. As-
ness, Frazzini, Israel, Moskowitz, and Pedersen (2015) document that size premium is robust after
controlling for quality. Shi and Xu (2015) emphasize the importance of the delisting bias. They
document that there is a positive size premium for firms close to be delisted, and once excluding
these observations, the size premium reappears. Ahn, Min, and Yoon (2016) find that the size
effect is significantly positive at the bottom of the business cycles.

Our decomposition provides an alternative explanation for this phenomenon. Figure 3 plots the
cumulative returns of the long-short portfolio based on firm size and its components. The figure
shows that the strategy based on the long-run component outperforms the size strategy, whereas
the intermediate-run and the lagged 5-year components perform poorly. For the full sample period
from July 1963 to December 2015, the cumulative return is about 190.5% for the size premium,
which is smaller than 327.3% for the AME(LR) premium. On the other hand, the cumulative return

is only 14.4% for the lagged 5-year component, and —531.1% for the intermediate-run component.

19Tn untabulated analyses, we extend the horizon back further and find that the premium based on the lag 10-year
or even 20-year market values still displays a strong January effect. This pattern is unlikely to be explained by the
delayed realization of long-run losses by investors.
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The large negative loss for the intermediate-run component is consistent with its strong return
predictability documented in Section 4.

[Insert Figure 3 Here]

Narrowing the sample period down to 1982-2002 during which Schwert (2003) documents the
disappearance of the size effect, we find that the average size premium is indeed only 1.55% per
year, which is about 0.39 standard errors from zero. However, the premium based on the long-run
component, AME(LR), is 8.22% per year with a t-statistic of 2.16. These results suggest that
although the size premium has disappeared between early 1980s and early 2000s, the premium
based on the component that drives the size premium (i.e., the long-run component) was still alive
and remained quite strong. But what makes the overall size premium disappeared? Our analysis
indicates that one main reason is the poor performance of the lagged 5-year component. When
focusing on the pattern of the cumulative returns of the size premium and the lagged 5-year size
premium between 1982 and early 2000s in Figure 3, we can see a strong comovement between
these two time series. More importantly, the average premium of this lagged 5-year component
is —2.19% per year during this sample period. This bad performance, together with its large
explanatory power for the cross-sectional variation in size (Figure 1), drags down the average size

premium.!>12

5.4 New entrants

Our analysis in previous sections focuses solely on firms that have non-missing size components
from the decomposition. In particular, we exclude firms that entered the CRSP database within
the previous 5 years. Fama and French (2004) document that firms that obtain public equity
financing expands dramatically in the 1980s and 1990s. The cross section of the profitability of
these firms are highly left skewed but their growth rates are highly right skewed. Therefore, the
behavior of the size premium among these new entrants could potentially be different from those
in our benchmark sample.

In this subsection, we apply our size decomposition to these new entrants. Different from a
relatively mature firm in our benchmark sample, the composition of a newly entered young firm
depends on the number of years since its entry. For example, a firm that enters the CRSP database
4 years ago has both the long-run and intermediate-run components. In contrast, for a firm that
enters 11 months ago, the long-run component is absent. To control this cohort effect, we separate

these new entrants into five groups. Group 1 includes stocks younger than 1 year, Group 2 includes

1 0One possible explanation for the negative ME(lag5) premium is the increased idiosyncratic volatility. In unt-
abulated analyses, we notice that the level of common idiosyncratic volatility (CIV) (Herskovic, Kelly, Lustig, and
Van Nieuwerburgh (2016)) doubled from early 1980s to early 2000s. Furthermore, we find a strong negative exposure
of the ME(lag5) premium to the CIV shock, so unexpected increases in CIV lower the ME(lag5) premium in this
sample period. A comprehensive exploration of these historically small firms can be interesting for future studies.

12 Another explanation for the disappearance of size premium since early 1980s is the bad performance of the newly
entered firms. See, for example, Fama and French (2004), Hou and van Dijk (2014). We discuss the implication of
our decomposition on the performance of these firms in Section 5.4.
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