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Abstract
We employ a Mixed-Frequency VAR to study the effect of four valuation ratios (the price-dividend
ratio, the price-earnings ratio, the Cyclically Adjusted Price Earnings Ratio and the Total Return
Cyclically Adjusted Price Earnings Ratio) on the US stock market. We quantify the interaction
between high and low frequency data. We show that all valuation ratios (observed at a monthly
frequency) significantly affect stock market returns (observed at a daily frequency) at both long
and short horizons.
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1. Introduction

Campbell and Shiller (1988) pioneered work on the influence of cash flows measures on aggregate
stock market portfolio returns which states that increases in the price-dividend ratio and the price-
earnings ratio should decrease future returns. Their work was followed by a number of studies
including Lettau and Ludvigson (2001, 2005), Rapach and Wohar (2006), Ang and Bekaert (2000),
Bollerslev ez al. (2015), Choi ez al. (2017) and Jagannathan and Liu (2019). The main body of the
literature suggests that stock market index returns are significantly affected by cash flow measures
at long horizons. However, significant impact at shorter horizons (less than a year) also emerges
once empirical specifications allow for either the presence of market risk (such as the panel defined
tail risk measure of Kelly and Jiang, 2014) or investors’ learning about existing market risks
(Jagannathan and Liu, 2019).

Empirical disagreement on the timing of stock market returns predictability relates to the
adopted methodological framework, the set of predictors or even the choice of data frequency.
Most of the literature uses annual, quarterly or monthly data and the analysis is carried out at the
lower frequency after aggregating higher frequency observations. As a result, valuable information
is smoothed out therefore failing to take full advantage of the underlying data dynamics (Ghysels,
2010).

This paper focuses on the short-run and long-run impact of different cash flow measures
for stock market index returns. We deviate from previous work by considering the mixed
frequency nature of the involved variables. We focus on four US cash flow measures (the price-
dividend ratio, the price-earnings ratio, the Cyclically Adjusted Price Earnings Ratio (CAPE) and
the Total Return Cyclically Adjusted Price Earnings Ratio (TRCAPE); all observed at a monthly
frequency) and assess their impact on the S&P 500 index returns (observed at a daily frequency).
We follow the Ghysels (2016) Mixed Frequency Vector Autoregression (hereafter MF-VAR)
impulse response analysis framework to evaluate the timing at which the above valuation ratios
impact on aggregate market returns. We differentiate between the short and long-run dynamics of
the responses among the trading days belonging to the low frequency time index.

The paper proceeds as follows. Section 2 outlines the methodology and Section 3 discusses

the data. Section 4 reports the findings and Section 5 concludes.



2. Methodology

Ghysels (2016) and Ghysels ez a/. (2016) draw inference from a set of random processes with mixed
observational frequency. Within this context, both high {r,,.(,,, j)"} }.,, and low {d,.(z,,)},
frequency (hereafter HF and LF) processes are concatenated into the x(r,,) vector by stacking

the HF process at the LLF time index 7,, € {0...7}. For the x(r)vector, the K -dimensional VAR

process of order p is written as:

x(e,)=Agt ) Ax(r, —kpre(r,,) M

where, K=K, +mKy,, K;; and Kp; is the number of the LLFF and HIF variables, respectively,
and m is the number of observations for the HF variable that belong to the LI time index. A,
ate the (KxK) coefficient matrices and A, and &(r,,)are the (Kx1)vectors of intercepts and
errors, respectively.

By introducing the LF lag operator £, that is £x(7,,)=x(r,,—1), Eg. (1) is re-written more

compactly as:
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Eg. (2) is estimated by OLS at the LF time index and the respective impulse responses are
calculated through the usual iterative approach based on the Cholesky identification scheme given

by Eg. (3) below:
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Although the Cholesky identification scheme is frequently questionable within the standard VAR
framework, this is not the case for MF-VAR models. Given that for every 7,, the HF observations

lead the corresponding LF values in terms of publication, the variables are ordered according to

their release time. Therefore, the HF variable precedes the LLFF one. Hence, the identification of
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the underlying shocks based on the Cholesky scheme is a justified choice (Ghysels, 2016). Finally,
the MF-VAR specification describes better the system dynamics as it allows to observe a different

response for every stacked HI observation that belongs to the LF time index.

3. Data

We use daily S&P 500 closing prices and monthly data for (a) U.S. dividends, (b) U.S. earnings, (c)
the Cyclically Adjusted (over 10 years of earnings) Price Earnings Ratio, and (d) the Total Return

Cyclically Adjusted Price Earnings Ratio over the 1950:1-2019:7 period.' Let Syp(z, i), Dyp(7)
and E,,(7) to denote the S&P 500, dividend and earnings series, respectively. We compute the
annualized S&P 500 returns 7,,(7, 5} as:
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where ijl]D)LF (7-1) refers to the past twelve months sum of D, ,(z) and Sy (T,-12'm(‘[)) is the

lag of the HF variable 12-m(7) trading days back, with m(7) being the average number of the HF
observations for all sample months (21 in our case).

The price-dividend ratio, d;;(7), and the price-earnings ratio, €;,(7), are computed as:

S8 yulr.9)/m(z) S8, (2,9)/m()
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where z E, (2’ i) is the past twelve months sum of E,,(z) and Zm S, Z’ ,7)/m(7) is the

aggregation of the HF variable at the LI time index. Furthermore, as the number of business days
m(t) differs in each month of the sample 7, the HF observations are balanced according to the

following modification:

! Changes in corporate payout policy (i.e. in the form of shate repurchases rather than dividends; see e.g. Jivraj and
Shiller, 2017) may affect the level of the CAPE ratio. The TRCAPE variable corrects for this bias through reinvesting
dividends into the price index and scaling the earnings per share. All data are expressed in real terms and come from
R.J. Shiller’s website (available at: http://www.econ.yale.edu/~shiller/data.htm), except the daily S&P 500 closing
prices which were retrieved from Yahoo Finance. The price-earnings variable ends in 2019:4 and the TRCAPE one
in 2018:9 due to data availability.
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The annualized S&P 500 index returns (Eg. 4), the price-dividend ratio (Eg. 5), the price-earnings
ratio (Eg. 5) and the natural logarithm of CAPE and TRCAPE ratios, all are presented jointly in
the double-scaled Figure 1. The HF variable of our dataset (S&P 500 index returns), is presented
as an embedded graph in Figure 1.
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Figure 1. Valuation ratios and S&P 500 index returns

4. Impulse Response Analysis

We run bivariate time-stamped MF-VAR models and report the impact on the S&P 500 returns
per trading (or business) day of a one standard deviation shock to each of the four monthly
valuation ratios.” The results are reported in a three-dimensional surface plot. The middle surface
is shaped by the impulse responses per business day and is colored according to the magnitude of

the response,” whereas the upper and lower surfaces indicate the upper and lower bootstrapped

2 Effective estimation is from 1951:2 onwards. For all models, an optimal lag length of two months is chosen by the
Akaike Information Criterion. All variables are demeaned since the estimated specifications do not include the
constant term. All estimations were done in Matlab.

3 See the colorbar at the upper right-hand side of Figure 2.



95% confidence bands (based on 999 replications), respectively. The vertical left-axis depicts the
magnitude of the response; the bottom central horizontal axis displays the impulse horizon in
months, and the bottom horizontal right-axis portrays the business day that each derived impulse
response refers to.

The responses of the stacked S&P 500 returns to a shock in the price-dividend ratio are

reported in Figure 2. In total, the sample includes 822 months with 17 business days (see Eg. 06),
implying 13,974 observations for 17;,(z, 7). For all business days within the low frequency time

index, the paths of the responses are predominantly positive and statistically insignificant over the
first five horizons (months). From the sixth horizon onwards, the responses of returns turn
negative and persistent. The region of all likely trajectory paths, defined by the bootstrapped
confidence surfaces, suggests that the responses are statistically different from the zero threshold
from the tenth horizon onwards (indicated by the red impulse horizon of the central horizontal
axis). In addition, while for various business days the short-run dynamics of the responses

differentiate, at longer horizons the responses comove in a very similar manner.
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Figure 2. Responses of returns to a one standard deviation price-dividend shock (1951:2-

2019:7)

The responses of the stacked S&P 500 returns to a shock in the price-earnings ratio are

reported in Figure 3. The shape of the response surface for all business days, is qualitatively similar



to the price-dividend case. Indeed, the responses are mainly negative; the short-run dynamics imply
weak and insignificant variation per business day, whereas this variation disappears at longer
horizons. The main exception is the horizon at which the responses become statistically significant;

these are different from zero at horizon 20 and beyond.
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Figure 3. Responses of returns to a one standard deviation price-earnings shock (1951:2-

2019:4)

Overall, the impulse response analysis shows that market returns are sensitive to the price-
dividend and price-earnings ratios not only at long but also at short horizons. Although the
magnitude of the response is similar, the price-dividend shock becomes significant 10 months
earlier than the price-earnings shock which implies that investors pay more attention to dividends
than earnings in valuing stocks. *

The responses of returns to one standard deviation CAPE (TRCAPE) shocks are
statistically significant from month 9 (month 10) onwards; see Figure 4 and Figure 5, respectively.
Therefore, cyclically adjusted earnings measures produce shocks that match the timing of price-

dividend shocks.’

* Within the dividend signaling theory, Aharony and Swary (1980) find that dividends convey information over and
above earnings. Gopalan and Jayaraman (2012) find evidence for the superiority of dividends over earnings and flag
the debate on earnings management being prone to information manipulation.

5> For robustness reasons, we examine the impact of valuation ratio shocks on stock returns over time by running our
models over the 1951:2-1986:1 period and then expanding our sample sequentially by 10 years. Results (available on
request) were qualitatively similat to what we report here.
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Figure 4. Responses of returns to a one standard deviation CAPE shock (1951:2-2019:7)
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Figure 5. Responses of returns to a one standard deviation TRCAPE shock (1951:2-
2018:9)



5. Conclusions

This paper focuses on the influence of cash flow measures on stock market index returns by
considering the mixed frequency nature of the financial data to show that price-dividend and price-

earnings ratios impact significantly on stock returns both at long and short horizons.
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