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earnings growth predictability under the presence of the most recent global financial
recession. Second, we exploit the long-run equilibrium relationship in two systems,
[De,de e ] and [Py, by, e, ] and examine the predictive ability of our newly formed
variables, namely pde; and pbe,.
Design/methodology/approach:
In this study, we examine the most recent data set of Financial Times Stock Exchange
100 (FTSE 100) and analyze it based on the formation of size portfolios. The main focus is
placed on the index’s returns, dividend and earnings growth rates and the predictive
ability of the four financial ratios we have selected following their reputation as strong
predictors. We also formulate two extra ratios based on their long-run equilibrium
relationship.
Finding:
Our study’s main findings can be summarized as following. First, we retrieve evidence
that in-sample return predictability is evident in the medium and large-sized portfolios
and is better captured by pde; at 35% and 47% equivalently. Second, forecasts on dividend
growth are even more linked to the size criterion we employ. Third, in-sample regressions
of continuously compounded earnings growth rate show that most predictive benefits are
obtained by dp; in the medium portfolio with an R? of 45%.
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growth, carnings growth, size /A first constraint is the forecasters we employ; we have used the most indicative ones due

portfolios, FTSE 100 to their popularity in similar data sets but there are other macroeconomic variables such
as spreads and interest rates that could be tested in future research. Also, we could
examine the sensitivity of our results on whether we use nominal, excess or real returns
and then, attempt to alter our data’s frequency so as to address the seasonality effect
observed mainly in dividends and earnings.
Originality/value:
‘We believe that our paper contributes to the ongoing debate of the traits that make return
predictable and the information included in either dividends or earnings to explain that
predictability. Finally, the novelty of this paper lies in the links it tries to retrieve among
market capitalization value and predictability in a market whose predictive components
have not been entirely explored. Our paper may prove informative to investors focused on
short-term forecasting and interested in the effects of size in portfolio formation.

1. Introduction

There have been intensive efforts on examining the predictive ability of certain macroeconomic variables so as to
produce valid forecasts. Employing a number of data sets and methodologies, the empirical literature has covered in
great depth the issues of financial ratios’ ability to explain variations in stock returns and shed light on other
predictable components such as dividend and earnings (see for example, Cochrane, 2009; Lettau and Ludvigson, 2005;
Campbell and Shiller, 2001). A significant limitation of the literature though is that it has primarily focused on US
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data (see, e.g. Campbell and Shiller, 2001; Cochrane, 2009; Lettau and Ludvigson, 2001; Welch and Goyal, 2008; Ang
and Bekaert, 2007). Fewer studies can be retrieved with regards to European data, and in particular UK data sets (e.g.
Fletcher, 2010; Clare et al., 1997; Michou et al., 2012) with the notable exception of a rather small number of studies
which have focused on the ability of several forecasters to predict UK stock returns (see Strong et al., 1997; Morelli,
2007).

Under the light of this event, our paper tries not only to retrieve evidence of returns forecasting in the British
market, but it also associates the findings with market capitalization value by fixing size portfolios of the market’s
strongest index. We therefore focus on the Financial Times Stock Exchange 100 (FTSE 100) and group its securities
into size portfolios of returns, dividend and earnings growth. The included securities are grouped in such a way that
the small portfolio consists of one third of the index’s securities with the smallest market capitalization value, while
the large portfolio includes the last third of FTSE 100 with the highest market cap value. Consequently, we construct
three (small, medium and large) return portfolios, and extend our analysis by also fixing three dividend and three
earnings growth portfolios. There are three main reasons why the UK market is chosen as a case study in this
research; first, the data availability and second, the quality of the data are far more superior compared to other
markets. Third, since the research efforts on US datasets are so extensive, it is perhaps more efficient in terms of
comparison to isolate the Anglo-Saxon economies and study similarities, if any, in forecasting patterns.

We examine the predictive power of book-price (bp;), dividend-price (dp,), earnings-price (ep,) and dividend-
earnings’ (de;). Unlike the majority of the studies in this field, our forecasts are only in-sample, since due to data
availability, we are unable to provide out-of-sample forecasts. However, we leave this puzzle for future research. The
selection of the ratios is primarily based on these ratios’ predictive capacity in return forecasting as they are all well-
renowned for their predictive benefits (Lamont, 1998; Cochrane, 1999b; Torous et al., 2004).  Specifically, Pontiff and
Schall (1998) argue that bp, acts a good predictor because book value proxies for expected future cash flows, while in
dp,’s case, there has been a vigorous discussion over dividend’s ability to measure the permanent components of stock
prices, and thus explain the managerial behavior behind dividend policies setting (Cochrane, 2009). Regarding ep,’s
predictive ability, it is linked to its potential to be a good measure of current business conditions (Lamont, 1998),
while the classical de; ratio has provoked fruitful discussion and empirical research since it associates the level of
future earnings to dividend payment schemes (Gill et al., 2010).

In this context the aim of our paper is twofold. First, we examine the predictive ability of log bp;, dp;, ep; and de;
ratios on the most recent data set of the strongest securities in the UK economy; unlike the majority of the studies in
this data set, our analysis is not limited on returns but further investigates dividend and earnings growth predictive
patterns under the presence of the most recent global financial recession. Previous research on this specific dataset
indicates rather mild evidence of returns predictability by ratios such as the dividend and earnings yields (see Morelli,
2007), while classical performance models such as the CAPM and Fama and French factor models are unable to
interpret observed variations in the British stock market (see Fletcher, 2001; Georgiou et al., 2019). We also exploit
the long-run equilibrium relationship in two systems, [p;, d;, e;] and [py, by, €, and examine the predictive ability of
our newly formed variables, namely pde; and pbe;. Similar efforts may have been employed before primarily on US
data, however the degree at which cointegrated series can forecast the UK returns remains unexplored.

We believe that our paper contributes to the ongoing debate of the traits that make return predictable and the
information included in either dividends or earnings to explain that predictability. Finally, the novelty of this paper
lies in the links it tries to retrieve among market capitalization value and predictability in a market whose predictive
components have not been entirely explored. This study presents new evidence with regards to the strongest index of
the UK economy during a severe economic recession worldwide. To the best of our knowledge such an analysis with
this specific data set has not been reported elsewhere.

The remainder of the paper is organized as follows: Section 2 presents some key references of the literature review
on time series predictability, while Section 8 sets our research framework. Section 4 formally examines the ability of
our selected financial ratios to forecast the UK returns, dividend and earnings growth rates in-sample. Concluding
remarks follow in Section 5.

2. Literature Review

2.1 Evidence of ratios that predict returns

The literature that examines return predictability has extensively referred to several variables that potentially explain
the observed variations in returns. With regards to the ratios employed in this study, there have been vigorous
theoretical and empirical discussions stressing that both dp; (see the discussion in Campbell and Viceira, 2002;
Lewellen, 2004; Campbell and Yogo, 2006) and ep, (e.g. Campbell and Shiller, 1998; Lamont, 1998; Shen, 2000) are
highly persistent, and that is the reason why predictability as measured by R?, tends to rise in longer horizons. For
instance, Lewellen (2004) reports that both dp; and ep;’s persistence is strong, leading to a coefficient of 0.99 on a
monthly basis during the period 1946-2000. Campbell and Yogo (2006) show that ep,’s predictive benefits are
stronger in US data, while dp, can predict returns but only on an annual basis. On the other hand, by examining
similar ratios” forecasting ability on a variety of data sets, Campbell and Shiller (2001) conclude that dp; and ep; are
weak forecasters of dividend and earnings growth, but they do forecast changes in future stock prices. Shen (2000)
reports that high pe ratios today mean low stock prices tomorrow.
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Supplementary studies on the selected forecasters include Lamont (1998) who examines dividends and earnings
ability to predict returns during 1947-1994 and argues that financial ratios are rather weak in long-term predictions
but do a fine job on the short-term. He argues that the reason why de; provides evidence of predictability is either
because dividends can predict future returns and/or earnings do. More specifically, he supports that dividends
measure the managerial behavior in dividends setting schemes, thus dividends is a good measure of the permanent
component in prices. On the other hand, earnings vary according to the economic conditions; in times of recession,
investors demand high expected returns, while in times of booms, they do not worry on lower expected returns. In
other words, earnings is a good measure of the current business conditions. Finally, when examining the ability of bp,
to similarly explain variations in the stock market, Pontiff and Schall (1998) associate its predictive ability to size
portfolios and argue that it is a far stronger predictor compared to other examined variables such as dividend yields
and interest rate spreads; in fact, it manages to predict both future market returns and excess returns of DJIA and
S&P stocks in small portfolios for the period 1920-1993. Cochrane (1999) also supports that low price-book values
today signal high average returns tomorrow; it is the value of prices rather than the book values that determines
future returns in either individual or grouped into size-portfolios securities and thus, book values alone hold almost
minor predictive power (Berk, 1995; Cochrane, 1999).

More specifically about the UK market, variables that have been identified for their strong predictive benefits are
the dp, ratio, the January effect’, money supply, inflation rate and the company size effect. Li (2009) argues that out of
these variables, the January effect is the most powerful predictor. Also, Bowen et al. (2010) report predictability
evidence on the UK market, identifying certain periods that are highly predictable. By employing the Lo and
MacKinlay Variance Ratio and the Chow and Denning Multiple Variance Ratio, they form size portfolios similar to
the ones of this study for the period 1963-2007. They argue that in certain sub-periods, namely 1965-1974 and 1975-
1985, all size portfolios are predictable, while during 1986-1996 only the large size portfolios have some predictive
benefits. Their paper also examines the 1997-2007 period, during which predictability is revived for the majority of
the included stocks in their sample.

2.2 Dividend growth predictive evidence

A separate strand of empirical literature is also focused on the dividend growth predictability (Ang and Bekaert, 2007;
Welch and Goyal, 2008; Lettau and Van Nieuwerburgh, 2008; Cochrane, 2009) and mainly stresses on dp;’s
forecasting ability. Cochrane (2009) argues that dp, is unable to predict dividend growth on US data, and dp;’s
variations can only explain expected returns’ variations. A similar result is also retrieved for the UK data set by
Wetherilt and Wells (2004), who run the same regression as Cochrane on non-overlapping data for the period 1925-
2002 and receive an R? equal to 0.02 compared to Cochrane’s result at 0.06. Nonetheless, they do find evidence of UK
predictability on quarterly excess returns, confirming that both dp; and ep; have some predictive power.

A more recent study of Garrett and Priestley (2012) on a similar data set, presents evidence that dividend growth
is indeed highly predictable when the predictor variable is estimated from the cointegration relationship between
dividends, prices and earnings. Retrieving evidence on cointegrated time series and testing whether these long-run
equilibrium relationships can explain variations in different stock markets has been employed before. For example,
Lettau and Ludvigson (2001) fix their consumption-wealth ratio (cay) in US data sets and further elaborate on the
reasons why the traditional dp, ratio is a weak forecaster of dividend growth and why their cay interprets business
cycle variations in expected excess returns.

2.3 Earnings growth predictability

Finally, references on earnings growth predictability are rather limited, particularly in the British data. In fact,
earnings growth has been associated with return predictability either in cross-sectional or time series studies (see for
example, Teets and Wasley, 1996; Kothari et al., 2006). Campbell (1991) argues that there are two scenarios for
earning changes at time t; either they are positively correlated with news of expected returns at time t, or/and they
are negatively correlated with expected returns at time t-1. An indicative study on monthly and annual US returns for
instance, for the period 1965-2005, report that the dp, ratio is able to predict earnings growth and returns but in
opposite directions (that is, high dp; values predict higher returns and lower earnings growth rates), indicating that
both expected returns and expected earnings are negatively correlated (Sadka and Sadka, 2009). A supplementary
reason why researchers are rather reluctant on employing earnings data in financial forecasting may also be the very
nature of the data sets; the variety of accounting definitions and the changing measurement traits of earnings produce
earnings related ratios that may seriously tackle with their forecastability. An indicative example is Siegel’s recent
paper (2016) who fixes Campbell and Shiller’s cyclically-adjusted price-earnings ratio (cape) with either NIPA profits
and S&P’s reported earnings; he shows that cape constructed by NIPA data is a stronger forecaster.

! A seasonal effect, suggesting that January average returns are much higher compared to other months (see the discussion in Clare et
al., 1995).
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3. Research Methodology

3.1 Data description

Our data set consists of monthly observations on prices, ep;, bp, and de; of each stock included in the Financial
Times Stock Exchange 100 (FTSE 100), covering the period 1996:01-2016:12. We construct three size portfolios,
based on stocks’ market capitalization value. Therefore, the “small’ portfolio consists of one third of the securities with
the lowest market capitalization value of the index, while the “large” portfolio includes the last third of the securities
with the highest market cap value. There are two primary arguments in favor of sorting stocks in portfolios; first, it
reduces the idiosyncratic volatility, and second, factor loadings and thus, risk premia are more precisely estimated.
This is an approach which originates in Blume (1970) who argues that the estimation errors in betas can be scattered
away when stocks are aggregated in portfolios. The main rationale is that the more precision we receive when
estimating factor loadings, the more precise we can be overall and have lower standard errors of factor risk premia
(see the discussion in Black, Jensen and Scholes, 1972; Fama and MacBeth, 1973; Fama and French, 1993).

With regards to our dependent variables, we construct returns (73), dividend growth (4d;) and earnings growth
(4ey) of all size portfolios on a monthly basis. We denote 1; as the log nominal returns of each portfolio, P, D;, By and
E, the values of price, dividends, book and earnings at month t, respectively. When lowercase numbers are used, they
stand for the log values of their capital equivalents (that is, p, = logP,, d; = logD,, b, =logB; and e, = logE}). The
monthly returns are estimated following the formula:

e = log(;9) (3.1)
This estimation is similar to the rationale of Ang and Bekaert (2007) and Chen (2009).
By keeping size as our selection criterion of grouping the total 100 stocks included in the index, we additionally form
three dividend and three earnings growth portfolios. Overall, nine portfolios (three return portfolios, three dividend
and three earnings growth portfolios) are constructed in this study.
The monthly dividend growth rate is estimated as,

Di+1
— De+1y _ (Pt+1) Peyiy _ D41 Pt P41
4d; = log(2) = ogCHE 1) = ogGe2 £ 1) (52)
t
where, P;H is the monthly returns without dividends. The monthly earnings growth rate is respectively,
E
e, = log(fy = log(Zit) Py _ g e £ e (3.9)
t Et (Et/Pt) Pt Pty1 E¢ Py '

These variables are constructed under the rationale of Cochrane (2009).

The synthesis of our independent variables includes bp; estimated as the ratio of book value to price for each
security, as calculated by Bloomberg database. We consider dividends as the 12-month moving sums of dividends paid
on the FTSE 100. Therefore, dp;, is the difference between log dividends and log prices. Earnings are also considered
as the 12-month moving sums of the index’s earnings, thus our ep, is the difference of log earnings to log prices.
Finally, we construct de, as the difference of log dividends to log earnings (see the discussion in Campbell and Shiller,
1998; Lamont, 1998; Welch and Goyal, 2007; Ang and Bekaert, 2007).

Our efforts focus on retrieving the predictive ability of bp,, dp;, ep;, and de; on returns, earnings and dividend
growth of the entire index. We also examine the trends among individual components of these forecasters, and find
two cointegration relationships; one among prices (p), dividends (d) and earnings (e), and another in prices, book
values (b) and earnings. We consequently form pde, and pbe, and examine their performance in our portfolios. Our
analysis exploits the size criterion and seeks linkages between the market capitalization value of stocks and the
predictability of the selected variables. The entire data set is provided by Bloomberg database.

3.2 Estimating the co-integration among the series

In this paper we follow the multivariate Johansen methodology (1995a) which tests for the presence of multiple
cointegration relations. The implementation of the technique itself can be divided into several steps, in the first of
which we need to test the order of integration of each variable entering the multivariate model. Second, we need to set
the suitable lag length of the VAR and third, test and determine the reduced rank of the matrix IT = af8’. In the fourth
step, we need to decide whether trends exist in the data, and thus, deterministic variables should enter the
cointegration space. Finally, we examine the case of weak exogeneity and test for unique cointegration vectors by
setting restrictions on a and B.

More specifically, in our study we are interested in examining the presence and number of cointegration relations
in two systems of variables: w{ = [p;,d;, e.]" and z{ = [p;, bs,e;]’ on the index’s monthly data based on the
assumption that all variables included in both systems are I(1) as verified by unit root tests. The Johansen approach
essentially estimates a Vector Error Correction (VEC) model and concludes its rank by the size of the eigenvalues of
an impact matrix IT = af’, where a is the speed of adjustment to disequilibrium while B is the matrix of long-run
coefficients such that the term B'w,_; embedded in the VECM of eq. (3.7) below stands for up to (n-1) cointegration
relationships in the multivariate model.
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We firstly assume that there are two separate three-dimension vectors w'y = [p; d; €] and z'; = [p; b; e;] and
two cointegration vectors b and ¢ exist respectively. Then the errors in the data set are represented by b'w,_; and
¢'z;_1. Our pde, and pbe, variables refer to the trend deviations from the long-run equilibrium between prices,
dividends and earnings on the one hand, and prices, book values and earnings on the other.

pde; = pr — V1de — V26; (3.4)
pbe, = p, — 6,b; — 6,6, (8.5)

We proceed by normalizing each vector and setting the coefficient on price equal to one, therefore each
cointegration relation is denoted as g'=(1,—y;, —¥;) for the vector w; and p'=(1, =83, —8;) for the vector z;. In order
to estimate the parameters ¥4, ¥, and 83, 8, we examine both systems in separate VAR models in levels. Based on the
aforementioned steps of the technique, we commence with two unrestricted VAR models involving up to k lags of the
form:

W = AWi_q + -+ AW + U, U,~IN(0,%) (3.6)
where, w; = [p; d; e;]" and each A; is an (3x1) matrix of parameters. A similar VAR is formed for z, = [p; b; e;]".
We then test for lag length criteria by assuming a high initial number of auto-regressive lags (that is 12 since we are
dealing with monthly data). Based on Hannan-Quinn criterion (HQ)?, we condition down to a more harmonious
representation of using 2 lags for VAR, and thus 1 lag for VECM in both vectors. Eq. (8.6) is the then formulated in a
VECM following the form of:

Aw, = v+ Bg'w,_y + T(L)AW,_; + ¢, (3.7)

where, Aw, is the (3x1) vector of log first differences for (Ap;, Ad;,Ae;)’, v and B are (3x1) vectors, I'(L) is a finite
order distributed lag operator, and § is the (8x1) vector of previously estimated cointegration coefficients. A similar
set of equation holds for (Ap;, Ab;, Ae;)’ where we replace § with .

We consider the Trace statistic values as our identification criterion of cointegration, under the null hypothesis
(Hy) that there are exactly r cointegrating relations against the alternative (H;) that there are p cointegration
relations (where p is the number of the series included in each vector)®. Regarding the determination of critical values,
we consider that our log series have linear trends but the cointegration relation consists of only a constant (see the
discussion in Johansen, 1995 about these assumptions).

Table 1: Cointegration table and the null hypothesis [1 -1 07 for pde,. The table presents the results of the Johansen
test on the pair [p d €], to retrieve evidence of cointegration relationships among prices (p), 12-month summed
dividends (d) and 12-month summed earnings (e). Panel B tests the restriction that [1 -1 0] spans the cointegration
space among (p, d, e). 5% and 1% significance are denoted by ** and *** respectively. Data is monthly, covering the
period 1996:01-2016:12

Panel A Coint. Vector Trace test stat. 5% crit. value
0 38.48%* 29.80
<1 9.12 15.49
<2 0.64 3.84
Panel B H,:[1 —1 0] x?%-stat.
28.44H**

Source: Bloomberg database

Table 2: Cointegration table and the null hypothesis [1 -1 07 for pbe,. The table presents the results of the Johansen
test on the pair [p b €], to retrieve evidence of cointegration relationships among prices (p), book values (b) and 12-
month summed earnings (e). Panel B tests the restriction that [1 -1 07 spans the cointegration space among (p, b, e).

5% and 1% significance are denoted by ** and *** respectively. Data is monthly, covering the period 1996:01-2016:12

Panel A Coint. Vector Trace test stat. 5% crit. value
(0] 40.87%% 29.80
<1 11.77 15.49
<2 3.78 3.84
Panel B Hy:[1 —1 0] x*-stat.
11.65%%%

Source: Bloomberg database

The evidence in Tables 1 and 2 strongly suggest that there is a single cointegration relationship in each system
following the forms:

pde, = p, + 0.0485d, — 2.7270e, (.8)

? See the discussion in Johansen et al. (2000) for the reason why this specific criterion is utilized against the alternatives, even though
results are similar if one prefers to use the Akaike Information Criterion (AIC).

We have also considered L-max statistic to identify cointegration with no significant changes in the outcomes.
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pbe, = p, — 0.6161b, — 0.3967¢, (3.9)

Also, Panel B of both Tables examines the restriction that [1 -1 0] spans the cointegration space of the Johansen

methodology on [p; d; e, and [p; b, e, and confirms that it does not. This consists an even stronger indication
that our series are indeed I(1) processes.

4. Results

This section presents the empirical findings and proceeds on interpreting the outcomes.

4.1 Descriptive statistics

Table 3 reports the descriptive statistics of the F'TSE 100 after the construction of the size portfolios of returns (Panel
A), of the dividends growth rate (Panel B), earnings growth rate (Panel C) and the selected predictive variables (Panel
D) for the period 1996:01-2016:12. Certain patterns that are related to the rest of this paper are boldfaced and
discussed below.

Table 3: Data summary of the FTSE 100 returns (r(), dividend growth (4d;) and earnings growth (Ae;), covering
the period 1996:01-2016:12 as provided by Bloomberg database. The mean, standard deviation and autocorrelation
coefficient based on an AR(1) model of returns, dividends and earnings growth are reported. Panel A consists of the
returns of the size portfolios based on the market capitalization criterion, while Panels B and C report the portfolios’
dividend and earnings growth rates respectively. Panel D includes the selected financial ratios employed. The
discussed numbers in the text are boldfaced.

Size portfolios Mean Std AR(1)
Panel A: Returns

Small 2.16 0.54 0.89

Medium 2.20 0.53 0.94

Large 2.25 0.39 0.84

Panel B: Dividend growth

Small 0.74 0.39 0.01

Medium 0.74 0.16 -0.11
Large 0.95 0.39 0.08

Panel C: Earnings growth

Small 0.89 0.42 0.95

Medium 0.71 0.06 -0.05
Large 0.71 0.12 -0.08
Panel D: Predictive variables

bp, -0.87 0.48 0.95

dp, 3.69 0.22 1.01

ep; -0.59 0.45 0.98

det 4.29 0.88 0.99

pdet 8.62 0.61 1.00

pbe, 8.22 0.24 0.94

Three points are highlighted. First, the mean values of the returns portfolios are much higher compared to both
earnings and dividend growth portfolios. Specifically, we receive greater mean values of 2.16 to 2.25 in the return
portfolios, while in Panels B and C the highest mean value is noticed in the large portfolio of dividend growth at 0.95
and in the small portfolio of earnings growth at 0.89.

Second, Table 3 shows that small and medium portfolios’ returns are considerably more volatile at 0.54 and 0.53
respectively, compared to 0.39 for the large portfolio. However, in Panel B an interesting indication is that both the
small and the large portfolio are equally volatile at 0.89, while the medium one provides almost half the respective
value of standard deviation. In the case of earnings growth portfolios, the highest volatility is observed in the small
portfolio at 0.42.

Third, our constructed variable pde, depicts the highest volatility at 0.61, with bp, and ep, follow at 0.48 and 0.45
equivalently. All of our predictors seem to be highly persistent, particularly dp, with an AR(1) value of 1.01 and pde,
at 1.00. The fact that persistent variables are well claimed to provide increased values of slope coefficients in longer
horizons is clearly discussed and identified several times in the finance literature, starting early on from Miller and
Modigliani (1961), Fama and French (1988) and later by Cochrane (1991), Lettau and Ludvigson (2001) and many
others.

To illustrate extra patterns that are evident among returns, dividend and earnings growth and our newly
constructed variables, pde, and pbe;, we plot all series on separate graphs. Figure 1 shows that there are several time
periods that returns move to the exact opposite direction with pbe;, namely 1998-2001 and 2002-2010. Also, large
negative spikes of pde,, in the periods 2008-2009 and 2011-2018 co-exist with sudden increases in returns, indicating
that huge decreases in either prices or earnings were accompanied by even greater increases in dividends which kept
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returns positive during a time period of severe economic turbulences worldwide. Dividend growth on the other hand,
provides several positive spikes that co-exist with either much lower values of pde, or pbe;, except the period 2012-
2015 that all series follow a positive uprising trend. Finally, the plot on earnings growth reveals that after 2013
sudden increases are clearly more evident that overcome in magnitude the respective fluctuations of both pde, and
pbe,. From the beginning of our sample till 2013 though, minor fluctuations in earnings growth do not exhibit any
interpretable behavior in conjunction with sudden drops and increases derived by either pde; or pbe,. Overall, if the
center of our focus is the recent financial crisis’ period (2008-2010), the index’s returns do depict significant
fluctuations since prices drop significantly while both dividend and earnings growth are not as severely affected.

Returns

Dividend growth

Time

Eamings growth

Time

Figure 1: Returns, dividend growth and earnings growth, covering the period 1996:01-2016:12 as provided by
Bloomberg database. The figure compares returns, dividend and earnings growth (solid line in each graph) to pde,
(dashed line) and pbe; (double dashed line)

Finally, in Figure 2 we isolate our two constructed variables pde, and pbe; and examine their behavior in the
sample. We notice that these trend relations tend to move together after 2005, except the late 2012 when there is a
huge negative spike in pbe, although they both show a declining pattern. Overall, declining values in pbe; seem to
lead to increasing upcoming values of pde; and vice versa.

DOI: 10.25103/ijbesar.133.05 62



pde and pbe

Time
Figure 2: Long-run equilibrium relationships among [py, d;, €;] (solid line) and [py, by, €;] (dashed line), covering the
period 1996:01-2016:12 as estimated by authors’ calculations.

4.2 Monthly long-horizon regressions
In this sub-section, we report the results of the forecasting regressions of the returns and the growth rates of dividend
and earnings for the three size portfolios on the FTSE 100 stock market index at horizons ranging from 1 to 24-
months. Our regressions follow the spirit of Cochrane (2009) on our selected financial ratios, namely bpy, dp;, ep,
de; and our constructed variables from the cointegration relationships (see section 3.2 in this paper), pde; and pbe;.
We firstly construct continuously compounded returns, dividend and earnings growth for all horizons and then we
consider the following regression on monthly data:

Ye+n = Qn + BpXe + Eean (4-1)
where Yy, is either return, dividend or earnings growth at month t, and y; is either bp,, dp;, ep;, de;, pde; or pbe, .
Tables 4, 5 and 6 report the regression coefficient in the first row, the t-statistics in parenthesis in the second row
(following a GMM correction for heteroscedasticity and serial correlation) and R? in the third row. Consequently, our
discussion focuses on three dimensions, the slope size (regressions’ coefficients values), significance (t-statistics) and
explanatory power (R?)*.

Table 4: In-sample predictability of continuously compounded returns (r¢) of the size portfolios on the selected
financial ratios and the long-run equilibrium relationship of [py, dy, e;] and [p,, by, €;], covering the period 1996:01-
2016:12. The first row reports the regression coeflicient, t-statistics is reported in parenthesis in the second row and

the third row reports R?. Standard errors are GMM corrected. Boldfaced numbers are discussed in the text

h 1 6 12 18 24
Panel A: Small
bp, 0.19 7.66 6.81 21.57 31.52
(2.45) (2.89) (8.26) (8.56) (8.98)
0.02 0.01 0.05 0.09 0.07
dp, 0.33 8.42 7.93 27.69 44.70
(3.81) (2.20) (1.62) (1.57) (1.59)
0.03 0.02 0.06 0.14 0.10
ep; -0.09 -2.08 2.93 16.84 36.93
(-1.47) (-1.15) (2.42) (8.65) (4.4:5)
0.01 0.00 0.02 0.13 0.17
de, -0.08 4.67 7.15 -8.71 -29.04
(-0.77) (1.62) (0.08) (-2.99) (-8.86)
0.00 0.01 0.00 0.02 0.06
pde; -0.07 2.33 -6.86 -10.21 -31.86
(-1.86) (1.80) (-0.09) (-2.86) (-8.71)
0.01 0.00 0.00 0.08 0.20
pbe, -0.28 -1.22 -9.78 -28.68 -22.27
(-8.00) (-8.84) (-8.58) (-8.81) (-2.16)
0.02 0.02 0.06 0.11 0.02
Panel B: Medium
bp, 0.28 2.15 13.82 5.97 10.95
(2.66) (5.40) (4.81) (8.47) (8.25)
0.04 0.10 0.11 0.05 0.01
dp; 0.22 1.65 1.45 7.64 16.35

4 L . . . s L . L .
Due to their size and in order to avoid confusion, our analysis in this sub-section is mainly focused on the most significant in-
sample outcomes of Tables 4, 5 and 6.
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(1.41) (1.60) (1.61) (1.54) (1.56)
0.01 0.05 0.10 0.08 0.03
ep; -0.11 3.08 9.11 6.57 20.47
(-1.09) (0.69) (8.27) (3.66) (3.56)
0.01 0.00 0.10 0.14 0.27
de, 0.35 7.62 -8.92 -4.90 -20.55
(8.55) (1.88) (-1.74) (-8.29) (-8.42)
0.06 0.02 0.01 0.05 0.07
pde; -0.09 -6.46 -8.03 -6.35 -20.03
(-1.29) (-1.81) (-3.26) (-3.45) (-3.28)
0.01 0.03 0.12 0.22 0.35
pbe, -1.02 -2.98 -14.02 -31.10 13.96
(-7.71) (-5.43) (-8.43) (-1.50) (2.63)
0.21 0.12 0.07 0.02 0.01
Panel C: Large
bp, 0.17 9.78 4.36 14.89 87.71
(1.98) (5.15) (5.48) (4.62) (4.06)
0.03 0.09 0.10 0.10 0.08
dp, 0.28 8.12 25.84 7.32 14.12
(1.61) (1.75) (1.77) (1.72) (1.70)
0.04 0.05 0.03 0.02 0.01
ep; 0.22 7.62 3.57 12.33 29.34
(4.69) (5.61) (5.24) (5.78) (6.05)
0.06 0.11 0.15 0.16 0.20
de, -0.09 -5.12 -3.89 -13.29 -34.61
(-1.49) (-8.87) (-4.72) (-4.42) (-8.77)
0.01 0.03 0.08 0.11 0.09
pde, -0.06 -4.13 -8.25 -15.93 -40.56
(-1.22) (-2.94) (-5.10) (-5.57) (-4.47)
0.01 0.05 0.20 0.40 0.47
pbe, 0.09 3.44 1.40 12.38 21.42
(0.98) (1.70) (2.19) (0.86) (0.58)

Table 4 shows that evidence of return predictability is primarily focused on the medium and large-size portfolios;
in fact, ep;, and pde, manage to explain 27% and 35% of returns variations in the medium portfolio at A=24. The
forecasting power of pde; is even more impressive in the large portfolio, reaching a R? of 47% at our longest horizon,
and providing significant but negative coefficients in all horizons. Also, another forecaster with large and positive
values of coefficients and rising R%s till 20% at h=24 is ep,. However, our second constructed variable based on the
long-run equilibrium of [py, d;, ;] is rather weak in explaining return variations regardless of size. Overall, pde; and
ep; 's forecasting power is mostly distinguishable in the returns portfolios and is mainly evident in the medium and
large-size securities. Also, unlike the strong forecasting ability of dp, in US data sets reported in similar studies (see
for example, Campbell and Shiller, 2001; Campbell and Yogo, 2006), here in the British data, and in particular when
sorted in portfolios, it seems unable to provide any significant results.

Table 5: In-sample predictability of continuously compounded dividend growth (Ad,) of the size portfolios on the
selected financial ratios and the long-run equilibrium relationships of [py, d, €;] and [Py, by, €;], covering the period
1996:01-2016:12. The first row reports the regression coefficient, t-statistics is reported in parenthesis in the second
row and the third row reports R%. Standard errors are GMM corrected. Boldfaced numbers are discussed in the text

h I 6 12 18 24
Panel A: Small
bp, -0.11 -4.76 -3.66 -15.36 -67.45
(-1.09) (-1.12) (-8.01) (-4.01) (-4.63)
0.01 0.01 0.07 0.10 0.13
dp, 0.17 6.02 14.94 42.92 -39.86
(1.99) (8.18) (2.22) (2.06) (-0.24)
0.02 0.02 0.01 0.01 0.00
ep; 0.03 0.65 85.01 47.56 89.33
(0.56) (0.39) (2.05) (8.42) (1.59)
0.00 0.00 0.01 0.02 0.00
de, -0.08 -5.84 -25.89 -92.71 -26.67
(-1.02) (-2.23) (-3.89) (-4.46) (-3.89)
0.01 0.02 0.04 0.05 0.03
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pde, -0.02 -2.31 -85.65 -35.89 -88.50

(-0.53) (-2.26) (-2.53) (-2.60) (-1.79)
0.00 0.01 0.01 0.02 0.01
pbe, 0.05 -6.69 -32.78 -14.16 -26.76
(0.41) (-1.60) (-2.48) (-2.89) (-1.48)
0.00 0.01 0.03 0.05 0.01
Panel B: Medium
bp, -0.01 4.70 27.08 12.06 45.24
(-0.17) (5.75) (6.17) (6.75) (7.73)
0.00 0.07 0.12 0.18 0.23
dp, 0.06 3.70 18.83 73.95 23.55
(1.48) (1.90) (1.94) (1.99) (2.12)
0.01 0.04 0.05 0.06 0.06
ep; 0.03 2.66 16.51 77.06 27.79
(1.86) (4.07) (4.28) (5.05) (5.82)
0.01 0.05 0.09 0.16 0.19
de, -0.01 -2.19 -16.13 -79.95 -30.97
(-0.69) (-8.75) (-4.83) (-4.94) (-5.72)
0.00 0.02 0.06 0.11 0.15
pde, 0.01 -0.05 -86.24 -69.27 -25.76
(0.46) (-0.10) (-2.61) (-4.52) (-5.66)
0.00 0.00 0.04 0.20 0.26
pbe, 0.06 4.71 20.90 53.95 16.13
(1.97) (4.19) (5.90) (4.61) (8.70)
0.01 0.04 0.04 0.05 0.06
Panel C: Large
bp, -0.01 27.26 13.89 41.16 -11.62
(-0.05) (5.27) (2.41) (0.92) (-0.81)
0.00 0.07 0.03 0.00 0.00
dp, 0.13 5.27 13.26 15.95 -25.74
(1.46) (1.15) (0.25) (0.4:5) (-0.01)
0.01 0.00 0.00 0.00 0.00
ep; 0.03 -2.60 -93.78 -10.40 -9.85
(0.59) (-0.70) (-8.06) (-8.91) (-4.41)
0.00 0.00 0.03 0.06 0.04
de, -0.09 -17.86 -15.19 -11.23 -7.26
(-1.25) (-8.58) (-4.81) (-8.61) (-8.52)
0.01 0.04 0.05 0.04 0.04
pde, -0.01 -4.89 -29.20 -35.80 -23.36
(-0.22) (-1.99) (-1.61) (-2.07) (-2.07)
0.00 0.01 0.01 0.01 0.04
pbe, 0.42 48.00 47.25 29.33 22.06
(4.34) (6.49) (8.75) (5.10) (4.89)
0.07 0.13 0.23 0.25 0.29

Turning to long-horizon forecasts of dividend growth in Table 5, again most predictive components of our
selected ratios are found in our medium portfolio. More specifically, the t-statistics from the forecasting regressions
on bp; and ep; are all above four from 6 to 24-month horizon; simultaneously, R? keeps augmenting, reaching the
highest values at 1=24 of 23% from bp; and 19% from ep;.

Furthermore, pde, proves rather explicable, the more we extend the horizon, with an R? value of 26% at h=24,
and rising values of regressions coefficients in absolute values. Further predictive evidence is noticed by dp, de;, and
pbe, with a more impressive performance derived by de, with large significant t-statistics and R? of 15% at its
highest. Focusing on the discussion of the coefficients’ sign, we also observe that dp, forecasts dividend growth but
with the wrong sign; when prices are higher compared to dividends, higher dividend growth should be forecasted (see
the discussion in Cochrane, 1991; Campbell, 2003; Lettau and Ludvigson, 2005). Such empirical evidence is no news in
the forecasting literature, but the fact that the same applies even when the size criterion is taken into consideration is
new. Finally, the results of pde; and pbe, suggest that the latter is a stronger forecaster in the large portfolio,
explaining 29% of the dividend growth variation. The fact that all classical ratios apart from our tri-variate predictors,
provide some degree of explicability for the variations in the British dividend growth is impressive enough since they
do not manage to perform seemingly in US data (see for example, Cochrane, 2009; Chen, 2009).
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Table 6: In-sample predictability of continuously compounded earnings growth (4e;) of the size portfolios on the
selected financial ratios and the long-run equilibrium relationships of [py, dy, €;] and [Py, by, €;], covering the period
1996:01-2016:12. The first row reports the regression coefficient, t-statistics is reported in parenthesis in the second
row and the third row reports R%. Standard errors are GMM corrected. Boldfaced numbers are discussed in the text

h 1 6 12 18 24
Panel A: Small
bp, 0.08 14.84 60.38 22.39 8.30
(0.48) (6.53) (6.04) (5.50) (4.90)
0.01 0.08 0.07 0.07 0.05
dp, 0.19 62.78 25.45 10.87 7.12
(1.69) (1.74) (1.64) (1.56) (1.64)
0.02 0.01 0.01 0.01 0.01
ep; 0.03 32.94 21.89 9.46 3.84
(0.77) (2.51) (3.97) (8.52) (2.87)
0.00 0.01 0.02 0.02 0.02
de, 0.11 4.25 -10.48 -5.32 -5.92
(1.62) (0.20) (-1.40) (-1.72) (-0.51)
0.01 0.00 0.00 0.00 0.00
pde, 0.29 97.08 37.37 13.84 5.88
(6.62) (6.85) (7.13) (4.50) (4.28)
0.17 0.20 0.21 0.08 0.08
pbe; 0.70 25.43 11.19 4.93 1.63
(6.48) (6.57) (6.88) (5.76) (4.98)
0.15 0.17 0.17 0.14 0.11
Panel B: Medium
bp, 0.01 1.67 99.58 40.71 14.29
(1.01) (4.89) (8.11) (11.10) (15.90)
0.00 0.06 0.18 0.29 0.45
dp, 0.01 0.44 26.35 97.54 33.21
(0.90) (1.21) (1.91) (2.22) (2.63)
0.00 0.00 0.01 0.01 0.02
ep; -0.00 -0.53 -25.15 -59.83 48.04
(-0.44) (-1.72) (-2.04) (-1.48) (8.56)
0.00 0.01 0.02 0.03 0.07
de, 0.01 1.16 65.39 20.25 -50.20
(1.12) (8.40) (4.89) (4.44) (-0.4:3)
0.00 0.04 0.10 0.10 0.00
pde, 0.01 0.83 30.38 34.56 -16.10
(1.01) (3.98) (8.21) (0.88) (-0.16)
0.00 0.06 0.06 0.01 0.00
pbe, 0.01 0.16 -40.35 -20.23 -77.50
(0.53) (0.31) (-2.83) (-8.69) (-4.56)
0.00 0.00 0.02 0.04 0.08
Panel C: Large
bp, -0.09 1.27 58.73 23.82 84.56
(-1.49) (2.40) (3.45) (4.80) (6.21)
0.09 0.01 0.02 0.06 0.11
dp, 0.03 -0.23 38.06 19.49 63.16
(0.68) (-0.49) (1.70) (1.79) (1.85)
0.01 0.00 0.01 0.03 0.05
ep; 0.01 -0.11 -5.76 -23.78 68.87
(0.78) (-0.85) (-0.61) (-0.85) (0.78)
0.00 0.00 0.00 0.00 0.00
de, 0.01 -0.18 27.56 16.04 34.09
(0.32) (-0.87) (2.19) (4.08) (3.19)
0.00 0.00 0.01 0.03 0.02
pde, 0.02 1.01 70.12 26.64 66.39
(1.15) (4.04) (5.95) (7.70) (8.62)
0.01 0.03 0.11 0.23 0.25
pbe, 0.08 2.82 10.61 28.40 78.07
(1.60) (8.00) (8.41) (8.59) (3.60)
0.02 0.03 0.04 0.05 0.05
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Table 6 summarizes the results of the long-horizon forecasting regressions on earnings growth. In this case, our
forecasters do capture some components of the small-sized securities and their time-varying earnings growth rate. In
particular, pde, and pbe; are able to provide highly significant coefficients with t-statistics exceeding the value of six
in our longer horizons and high R?s of 21% and 17% at h=12, respectively. In the medium portfolio, forecasting
evidence is again richer and is derived by all forecasters, especially bp, which manages to explain 45% of total
variations in this portfolio. The conventional ratios that include information on the index’s earnings (that is, ep; and
de;) as well as dp; show limited performance with de; being more capable with big values of t-statistics, even though
R? is kept at 10% till A=18. Finally, pbe, proves superior to pde;, even though the performance here is not as
impressive as in the case of dividend growth of the medium portfolio.

Additional evidence on the large portfolio though reflect on pde,’s superiority on capturing variations of large-
sized securities against a rather milder performance of bp;, dp; and pbe,. More specifically, t-statistics reaches the
value of 8.62 at h=24, while R? becomes 25%. All in all, earnings growth predictability is better explained by pbe; and
pde; in the small portfolio, bp, in the medium and pde; in the large portfolio. Traditional ratios such as ep, and bm,
have been tested for their earnings growth’ forecastability (see for instance Lamont, 1998; Pontift and Schall, 1998)
and provided poor outcome for both the DJIA and S&P’s earnings data.

Overall, there are three key findings in this section of the paper. First, return predictability is mainly concentrated
in our medium and large portfolios and is better retrieved by pde; in both cases with R? reaching the values of 35%
and 47% equivalently. Unlike other studies on this specific data (see for instance, Li, 2009; Bowen et al., 2010), we
introduce that our fixed pde, is a capable explanatory variable of UK return variations. Second, evidence of dividend
growth predictability is again observed mostly in the medium and large portfolios. Both bp, and ep; provide highly
significant coeflicients early on from ~=6 with rising t-statistics as we increase horizon, similarly to the findings of
Wetherilt and Wells (2004) as far as ep;’s forecastability is concerned. Also, pde;’s explanatory power surpasses the
other forecasters in the medium portfolio, while pbe; performs better in the large-sized securities. Third, earnings
growth predictability provides more mixed outcomes as we observe predictability evidence in the small portfolio as
well, with significant coefficients provided by pde;, pbe; and bp;. In terms of explanatory power, bp, gives an R? of
45% in the medium portfolio, while variations in the large portfolio are better explained by pde; with t-statistics
exceeding the value of eight. Consequently, some of our findings confirm previous research, but we also provide new
indications of the forecastability of certain predictors. Finally, the link with the size criterion that we base our analysis
may prove informative to investors interested not only in forecasting but also, in asset pricing and business
augmentation.

5. Conclusion

In this paper, we have examined the most recent data set of FT'SE 100 and analyzed it based on the formation of size
portfolios. We have focused on the index’s returns, dividend and earnings growth rates and chose four financial ratios,
namely bp;, dp;, ep; and de; as our predictive variables based on their reputation as strong predictors. We also
formulate two extra ratios based on the long-run equilibrium relationship of [p; d;, e,] and [p¢, b, e, ], namely pde;
and pbe;. By allocating all stocks of FTSE 100 into size portfolios according to their market capitalization value, we
have not only examined our selected ratios” ability to explain the observed variations in returns and growth rates, but
also stress on the presence of any links between size and predictability in-sample.

Our study’s main findings can be summarized as following. First, we retrieve evidence that in-sample return
predictability is evident in the medium and large-sized portfolios and is better captured by pde; at 85% and 47%
equivalently. Second, dividend growth portfolios present strong links with size; particularly, highly significant
coefficients are provided by bp; and ep, with rising t-statistic values as we extend the horizon. Similarly, our
constructed ratios based on the cointegration relationships act as strong performers too; more specifically, pde,
explains 26% of the medium portfolio, while pbe; explains 29% of the large portfolio. Third, in-sample regressions of
continuously compounded earnings growth rate show that most predictive benefits are obtained by dp; in the medium
portfolio with a R? of 45%. Also, pde, provides high values of t-statistics both in the small and large portfolios, while
pbe, and bp, perform better in the small portfolio.

The encouraging findings of this study suggest that the implementation of further methodologies could lead to
even more fruitful evidence. Examining for instance, other macroeconomic variables such as spreads and interest rates
and testing the sensitivity of our results on whether we use nominal, excess or real returns are left for future research.
We could also attempt to alter our data’s frequency into annual so as to address the seasonality effect observed mainly
in dividends and earnings (see the discussion in Lamont, 1998; Lettau and Ludvigson, 2005). Additionally, if
permitted by data availability, we could extend the time horizon and produce out-of-sample forecasts as well.

An alternative approach would be to study the forecasters’ ability before and after Brexit. At present, data is not
enough to satisfy such a project but it would be interesting to test the predictive capacity of the examined ratios
against an event of this scale. More time may be required to reflect on the true economic effects of the Brexit path, yet
still it certainly did not cause an immediate recession as originally speculated, despite the slow turn of the UK’s
economic growth compared to other major economies (see for instance Born et al., 2017). Perhaps, it is crucial to
consider that the majority of the FTSE 100 companies have global presence, thus they generate earnings
internationally. Consequently, the value of their assets may rise in different currencies against a weakening pound.
This argument is better reflected at the early days of the Brexit Referendum results, that the pound may have fallen
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greatly but overall, the value of the FTSE 100 increased impressively. Also, these companies do diversify and belong
to a wide group of sectors. Therefore, some may be severely affected, while others may benefit from these
circumstances. Finally, the fact that Brexit has created certain uncertainty in the country’s overall outlook is
undeniable, however, this may also leave room for investment speculation, particularly for long-term investing plans.
We leave this puzzle for future endeavor.

All in all, the relationship between market capitalization value and several forecasters has interesting implications.
There are few strings in literature that connect those two traits and could potentially work as a significant parameter
to consider in investment decision-making. Our paper may prove informative to investors focused on short-term
forecasting and interested in the effects of size in portfolio formation. Further in-depth analysis of this pattern,
primarily empirical, can be very beneficial to link the dots between business augmentation and financial forecasting,
and provide more entail of the imprint of asset pricing to the real economy.
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