Earnings Forecasts and the Predictability of Stock Returns: Evidence from Trading the S&P^�

Joel Lander, Athanasios Orphanides and Martha Douvogiannis Board of Governors of the Federal Reserve System

January 1997

Abstract

We develop a simple error-correction model, based on a well known theory espoused by Benjamin Graham and David Dodd, and others, which presumes stock returns tend to restore an equilibrium relationship between the forecasted earnings yield on common stocks and the yield on bonds. The estimation uses I/B/E/S analysts forecasts of S&P earnings. To evaluate the model, we use rolling regressions to obtain out-of-sample forecasts of excess returns. Tests of association show the implicit timing signals to be statistically significant. Further, a strategy of investing in cash when the excess return is forecasted to be negative and in the S&P otherwise outperforms the S&P, yielding higher returns with smaller volatility. Using the bootstrap methodology we demonstrate that the findings are statistically significant.

Keywords: Asset allocation, earnings yield, analyst earnings forecasts, I/B/E/S, S&P 500, market timing, regression models.

JEL Classification System: G11, G14.

� An earlier version of this paper was presented at the October 1996 Conference of the International Association of Financial Engineers in New York City. The opinions expressed are those of the authors and do not necessarily reflect the views of the Board of Governors of the Federal Reserve System.

Introduction

Among academic researchers, conventional wisdom regarding the predictability of stock prices has shifted dramatically over the past couple of decades. While early empirical evidence favored the random walk hypothesis for stock returns, accumulating empirical evidence now suggests that stock returns are, in fact, partly predictable. The initial trickle of evidence in favor of predictability, obtained by examining the univariate time series properties of stock prices (Lo and MacKinley, 1988; Poterba and Summers, 1988), has been supplemented by convincing evidence that financial and accounting variables appear to have predictive power for stock returns. (See Keim and Stambaugh, 1986; Fama and French, 1988, 1989; Campbell and Shiller, 1988; Jaffe, Keim, and Westerfield 1989; and Lakonishok, Shleifer and Vishny, 1994.)

Clearly, such evidence could have important implications for market timing or active asset allocation strategies. Whether stock returns are sufficiently predictable at horizons relevant for such strategies to be sensible once trading costs are considered, however, remains contentious. For example, Fuller and Kling (1994) suggest that, despite some predictive power, market timing strategies would likely not be useful to practitioners. Larsen and Wozniak (1995) present alternative elaborate specifications using logit models with a large number of parameters. However, market participants could have scarcely been expected to be aware of, let alone implement their complex approach. Yet, Brock, Lakonishok and LeBaron (1992) report that simple technical trading rules, fashioned around techniques championed by market practitioners over several decades, appear to provide useful market “buy” and “sell” signals even in the recent past. They do not, however, evaluate the performance of such rules, adjusting for trading costs.

In this paper, we provide new supporting evidence that simple trading strategies based on investment concepts long enunciated by market practitioners could indeed be useful to gauge the direction of future stock prices and to time the market. We investigate a well-known security valuation theory that presumes a simple relationship between earnings yields and yields on government and high-grade corporate bonds. We formalize this theory in a statistical framework and evaluate how trading rules based on this approach would fare under real trading conditions. To that end, we limit our attention to simple regression models and focus our evaluation on out-of-sample forecasts based only on real-time data.

In particular, our approach considers whether stocks are appropriately valued relative to analysts’ perceptions of future earnings and yields on alternative investments. The documentation of the usefulness of earnings forecasts and price-to-earnings ratios in this regard has a long history. In the 1951 edition of Security Analysis, for instance, Graham and Dodd provide annual comparisons of the Dow-Jones Industrial and a “central value” obtained by comparing historical earnings yields and high-grade corporate bond yields. As explained in their 1962 edition,

Theoretical analysis suggests also that both the dividend yield and the earnings yield on common stocks should be strongly affected by changes in long-term interest rates. It is assumed that many investors are constantly making a choice between stock and bond purchases; as the yield on bonds advances, they would be expected to demand a correspondingly higher return on stocks, and conversely as bond yields decline. (Security Analysis, 4th edition, 1962, p. 510.)

Exhibit 1 depicts the yield on constant maturity 30-year Treasury bonds and our construction of a forecasted earnings yield that aggregates analysts’ forecasts. The strong visual correlation suggests continued validity to Graham and Dodd’s observation.

Some other recent studies use model specifications that are close in spirit to the observations of Graham and Dodd. Campbell and Shiller (1988) show that averages of past earnings yields have some power to predict future equity returns. However, past earnings serve only as a proxy for forecasted earnings yields in this framework. Indeed, Graham and Dodd note that “[T]he proper theoretical basis for valuing the Dow-Jones Unit or an individual common stock is to estimate average future earnings and to capitalize that figure at an appropriate rate.” (1951, p. 671, emphasis in the original). Reiterating this distinction, Molodovsky (1953) also carefully distinguishes between current earnings and “earnings power” (reflecting expected future earnings) in discussing stock valuation.

In practice over the last 18 years, market practitioners have had access to actual analyst earnings forecasts from which to compute a forecasted earnings yield. In this paper, we compute such a monthly forecasted earnings yield series for the S&P 500 index, use the resulting series in simple regressions to predict the return on the S&P, and evaluate the usefulness of the month-ahead forecasts with a simple trading rule. Specifically, we use a simple error-correction model that predicts the return of the S&P based on the deviations from a presumed equilibrium between forecasted earnings yields and yields on bonds. The trading rule uses out-of-sample forecasts from rolling samples such that a money manager could have implemented it in real time. The sole determination of the investment direction is whether the forecast of the excess return of the S&P is positive–in which case all funds are invested in the S&P–or negative–in which case all funds are invested in cash. We provide estimates and evaluations of the resulting trading rules using several alternatives for the maturity of the long-term bonds and the length of the sample period used in our rolling regression analysis and report all results. Statistically, the rule correctly identifies which months to be in and out of the market relative to the null hypothesis of no market timing ability. The rule also generates returns that are both higher on average even after deducting trading costs and less volatile than those of the alternative of buying and holding the S&P.

We examine the significance of the higher returns and lower volatility under our modelbased rule using the bootstrap methodology. We find that under most specifications the model-based trading rule generates a cumulative return that exceeds that of random timing rules at statistical significance levels below 5%. We also find that the volatility of returns under our trading rule is significantly lower than expected under random market timing.

Thus, while the rule is designed to significantly outperform random market timing regarding the level of returns it also achieves the additional benefit of reduced volatility of returns. The relatively consistent results among trading rules suggests that the results are robust to alternative specifications of the model.

Methodology

Our forecasting model is best motivated by the principle that the expected earnings yield on stocks and the yield on bonds should be closely linked, on average. We express this as a simple linear equilibrium relationship between the equilibrium expected earnings yield,

EP �, and bond yield, R. EP �_t = a_0 + ρR_t

Potentially, this equilibrium could be violated when, for instance, the current stock price overreacts or underreacts relative to shifts in fundamentals. Using the Graham and Dodd terminology, the equilibrium relationship is best identified for the “central value” of stock prices, while actual prices may deviate from this “... ‘central value’ or ‘justified selling price.’ ” (1962, p. 511). We denote the deviation between the actual and equilibrium earning yields by e_t. EP_t � EP �_t = e_t The theory predicts that investors reallocate assets in response to this disequilibrium causing stock prices to move in the direction that reduces the deviation. If so, and to the extent the full adjustment is not immediate, stock returns can be represented as:

SP RET_t = b_0 + κe_t�_1 + ϵ_t

where b_0 is the unconditional expected stock return, κ the speed of adjustment to the equilibrium expected earnings yield consistent with the bond yield, and ϵ_t is the unforecastable part of the period’s return. Combining all three equations yields the following regression model:

SP RET_t = α + κ(EP_t�_1 � ρR_t�_1) + ϵ_t (1) where α = b_0 � κa_0.

Needless to say, partially predictable returns that owe to the temporary deviation of the earnings yield from its hypothesized equilibrium level need not indicate market inefficiency. Instead, a time-varying risk premium could, in principle, be the driving factor of this term.^1

Data

Since the end of 1978, on the morning of the third Friday of each month, I/B/E/S has published consensus analyst forecasts of earnings-per-share that correspond to one unit of the S&P 500 index. The “Bottom-Up” forecasts we employ for the S&P are created by I/B/E/S as a weighted average of the earnings-per-share forecasts for all of the companies comprising the index. On each release date except in January, I/B/E/S reports an estimate of earnings-per-share for the previous calendar year and forecasts for the current and next calendar years. The January release includes estimates of earnings for the previous two calendar years and a forecast for the current calendar year.^2 Each month, we combine the latest I/B/E/S calendar year earnings estimates and forecasts to form AEP S, an estimate of the expected average monthly earnings for the 24-month period centered around that month.^3 We construct the earnings yield variable, EP_t, required for estimating equation 1 as the ratio AEP S_t/P_t, where P_t is the month-ending level of the S&P.

1Fama (1991) elaborates on this point. Here, such considerations could in principle be modeled by abandoning the constant unconditional expectation of expected stock returns, b0, in favor of a more complicated time series process or relation to other variables.

2Individual companies report their actual earnings per share with varying lags. The estimates for the entire S&P 500 index only become finalized several months after the end of the year in question, after all companies have reported.

3For example, the March 1995 value for AEP S is computed using data published by I/B/E/S on March 17, 1995 as 10/24 of the estimated 1994 earnings plus 12/24 of the forecasted 1995 earnings plus 2/24 of the forecasted 1996 earnings.

Our regression model also requires the effective yield to maturity on a long-term bond; in alternative specifications, we present results using month average yields of the 3-, 7-, 10-, and 30-year maturity Treasury bonds and Moodys’ Aaa-rated long-term corporate bonds as the variable R_t. Most consistent with the theoretical framework are the longer maturities. From these, comparison of the results using the 10-, and 30-year Treasury benchmarks with those obtained by employing Moodys’ Aaa-rated yield allows us to examine the sensitivity of the results to the implicit risk premium in non-Treasury debt. We included the 3-, and 7-year benchmark yields to examine the sensitivity of the results to using shorter maturities recognizing that the short duration of the 3-year Treasury yield makes it the least consistent with the theory.

For the dependent variable in the regression, SP RET , we use the total monthly return on the S&P, inclusive of dividend payments. For the regression analysis, we standardize all yield variables and the S&P return by converting them to a 30.5-day monthly effective basis. In our trading rule analysis, we employ the actual monthly return on the S&P as would be appropriate to evaluate actual performance. The trading rule also requires that we compare the forecasted S&P return to the risk-free yield for which we employ the effective return on the one-month Treasury bill, adjusting it for the correct number of days.

Exhibit 2 reports summary statistics of the variables used in our analysis. The sample period 1979-1996 in the top panel corresponds to all years for which complete data are available. The bottom panel reports statistics for the period 1984-1996 corresponding to the time frame over which our out-of-sample trading rule is in effect. (Our rolling regression models require the earlier years of data for estimation.) For most variables in the exhibit, we report statistics on their one-month lagged values to correspond to their use in our regression analysis.

The yield variables (S&P return, and earnings and bond yields) are reported on a 30.5 day monthly basis, in percent. As can be seen, the S&P return inclusive of dividends averaged 1.401 percent on a monthly basis during the 1979-1996 period. In the worst month, October 1987, the total return on the S&P was -21.877 percent. The average S&P return far exceeded that of the risk-free return, 0.592 percent as well as yields on Treasuries with maturities of 3-, 7-, 10-, and 30-years and Moodys’ Aaa-rated corporate industrial bonds. The relatively small value of the risk-free return helps explain why random market timing is unlikely to be fruitful. The Aaa-rated bonds had the highest mean yield among the bonds examined, 0.816 percent. The average earnings yield over this period was 0.724 percent, similar in magnitude to the Treasury yields.

Estimation

As a first step for evaluating the predictability of stock returns using our model, we present estimation results based on the full sample and describe the associated in-sample properties of the predicted one-month returns.

Exhibit 3 presents results for the 1979-1996 sample period and also for the shorter 1984- 1996 period. Each row presents estimates for a specification of equation 1 based on the alternative bond yield variables shown. As anticipated, higher bond yields lead to lower subsequent expected returns (for constant earnings yields) and higher earnings yields lead to higher subsequent expected stock returns (for constant bond yields). What is surprising, perhaps, is the strength of the statistical results for the smaller sample period. In all five regressions, the coefficient estimates of both κ and ρ are positive as expected, and their t-statistics exceed three. And as indicated by the summary statistics in the last columns of the exhibit, the implied predictability of stock returns in these specifications captures generally about 10 percent of the variance in stock returns. The regression results for the longer sample period are not as strong; the summary statistics indicate that the models explain only half as much of the variance. This result, however, is not unexpected as the parameters of the equilibrium relationship between expected earnings yields and bond yields in a model as simple as this could be expected to change slowly over time.^4 We use these regressions to develop forecasts of S&P returns in order to implement a trading rule. Our trading rule is to invest all funds in either the S&P or cash, according to which one has the higher expected value. In addition to the in-sample forecasts obtained from the regressions shown in exhibit 3, we estimated rolling regressions to generate onemonth-ahead out-of-sample forecasts of the S&P for the 1984-1996 test interval. Recursive use of rolling regressions for forecasting recognizes that money managers could not have had the data from which to estimate the fixed parameters used for our in-sample forecasts and also that the parameters of the model might be varying over time. An additional issue we investigate is whether the model’s predictive power is sensitive to the sample length used in each of the rolling regressions. To that end, we present results using estimation horizons of 48 and 60 months to test the robustness of our approach.

Exhibit 4 depicts the risk-free return and in-sample and out-of-sample predicted returns for the S&P, generated using the 30-year Treasury specification. The depicted out-of-sample predictions use a 60-month estimation horizon. For either the in-sample or out-of-sample implementations, the intersections of predicted S&P and the risk-free return lines indicate recommended switches between cash and the S&P. As can be seen, although the in-sample and out-of-sample predictions are not identical, their overall pattern is similar suggesting that the timing recommendations from the two specifications would be predominantly in agreement.

4In describing their central tendency for stock prices in 1962 Graham and Dodd indeed argue that different multipliers (the equivalent of our parameter ρ) appear appropriate for the 1950s relative to the 1940s. (p. 745, 1962).

Market Timing

To assess the market timing ability of trading rules based on our model, we examine the frequency under which the rule correctly and incorrectly gives out-of-the-market and inthe-market signals. Exhibit 5 reports these contingency table results. The first two panels correspond to the in-sample regressions, and the last two panels correspond to the out-of-sample forecasts using 48-month and 60-month rolling regressions. Within each panel, each row corresponds to alternative specifications in which a different constant maturity Treasury yield or the Aaa-rated yield is used in the regression. The first column reports the number of months out of the market specified by the trading rule; recall that out-of-the-market months occur when the predicted excess return is negative.

The next two columns report for out-of-the-market months, the frequency that the actual excess return was positive and negative. Columns 4-6 report the same statistics for in-the-market months.

For example, in the case of the out-of-sample forecasts using 60-month rolling regressions and the 30-year Treasury yield specification, there were 27 out-of-market months. During 16 of those months the excess return on the S&P was negative (as predicted) and during 11 of those months it was positive. For this same specification, there were 129 in-the-market months. During 87 of those months, the excess return on the S&P was positive (as predicted) and during 47 of those months it was negative.

The last column reports the p-value from Fisher’s exact one-tailed test of association. The null hypothesis is that the sign of the actual excess return on the S&P is not associated with the sign of the predicted excess return from our model. As can be seen, under each model specification for the in-sample regressions for the 1979-1996 period, the null hypothesis of no predictive ability is rejected at the 1 percent level of significance. For the out-of-sample models using either the 48-month or 60-month rolling samples, the null hypothesis is rejected at significance levels ranging from 1 to 10 percent as shown.

Another noteworthy feature of the out-of-sample results is that while the rules based on the Treasury yield specifications provide out-of-market signals with roughly similar frequency (about 25 percent of all months for the 48 month horizon and 20 percent for the 60 month horizon) the rules based on the Aaa yield provide about 30 percent fewer signals. Clearly, the implicit risk premium in non-Treasury debt introduces some differences in the performance of the trading rules. Such a difference could arise, for instance, if the difference between the equilibrium and the actual earnings yields (which determine the likelihood of out-of-market signals) are correlated with the spread between the Treasury and corporate yields.

Trading Rule Performance

Given the timing ability of our model demonstrated in Exhibit 5 our next step is to examine whether trading rules based on these timing recommendations would be superior to a buyand-hold strategy. Exhibits 6 and 7 examine profitability measures from a trading rule that places all funds either in the S&P or in cash depending on which is the forecast with the highest return. The rule produces superior returns both relative to those earned under buying and holding the S&P and relative to random market timing implementations.

Exhibit 6 plots the geometric average of the monthly returns associated with the rule when out-of-sample forecasts are generated using rolling regressions, against the number of the months the rule recommends to stay out of the market. To assess the statistical significance of the timing rule returns, we used stochastic simulations to obtain a distribution of comparable returns from random timing rules specifying the number of months to be out of the market but picking these months at random. The solid line on exhibit 6 represents the median return from 10,000 random market timing implementations. The median return is a decreasing function of the number of out-of-market months because on average and for most months the risk-free return is less than the S&P return. The dashed lines correspond to the 5th and 95th percentiles of the distribution of returns from the simulations. As can be seen by comparing our model results to the upper dashed line, a test based on this bootstrapping technique rejects the hypothesis that random timing could achieve results comparable to those based on our timing rule at about the 5 percent or lower level under all model specifications.

Exhibit 7 presents the complete results for all our in-sample and out-of-sample tests. The left three columns pertain to the months that the rule specifies a cash position; the middle three columns to the months that the rule specifies being in the S&P; and the last four columns report principal ratios (P-ratios). The P-ratio is the accumulated value of a $1 initial investment following the rule divided by the principal that would have accumulated from buying-and-holding the S&P over the same time period; hence, a P-ratio exceeding one indicates superior performance. To ensure that our results would be representative of actual trading strategies, we also provide statistics adjusting for roundtrip trading costs of 0.5% whenever the trading strategies call for reallocating assets between cash and the S&P.^5 These are shown in the adjusted P-ratio column in the exhibit. The entries in the expected P-ratio column correspond to the median P-ratios from 10,000 stochastic simulations based on random timing. As such, they provide a benchmark for comparison adjusting for the fact that random timing should be expected to yield a P-ratio below 1. The corresponding p-values show the fraction of P-ratios of the random timing simulations which exceeded the P-ratios obtained from our rule. As a result, they correspond to p-values associated with a one-sided test of the hypothesis that the results obtained from our timing rule are merely due to chance.

5For investors facing taxes, our trading rule returns would be negatively impacted owing to higher turnover and superior gains. The results we report are exact for tax-exempt investors such as managers of pension plan assets.

The in-sample results suggest the rule is quite effective. For the 1979-1996 sample, depending on the model specification, the number of months out of the market range from 26 to 36 months (12 percent to 17 percent) of a total of 216 months. The geometric mean of the S&P total return during those months is negative for all specifications. For the Aaa-rated bond specification, the average S&P return is �1.23 percent during out-of-market months compared to 1.66 percent during in-market months. The P-ratio is 1.75 (the transaction-cost adjusted P-ratio is 1.67) compared to an expected value of .81 for a random market timing strategy that has an equal number of out-of-market months. The second to last column reports p-values indicating the likelihood that our results were merely due to chance. For the 1979-1996 in-sample regression and specification using the Aaa-rated corporate bonds, the p-value rejects this hypothesis at below the .0005 level.

The in-sample results over the shorter 1984-1996 sample are also impressive. For all specifications out-of-market months comprise about 25 percent of the total 156 months. Under all model specifications, mean returns of the S&P for those months are negative and the P-ratios range from 1.17 to 1.51 compared to expected P-ratios under .80. The associated p-values range from .002 to .034.

The bottom panels pertain to the results of the rule based on out-of-sample predictions from rolling regressions. The results remain much the same. For the 48-month rolling regression approach, out-of-market months range from 30 to 42 months out of 156 total months depending on the specification, and the mean S&P return is close to zero or negative for each specification. The P-ratios range from 1.05 to 1.37, and the associated p-values range from .004 to .071. For the 60-month rolling regression approach, there are fewer out-of-the-market months under each specification than when the 48-month rolling sample is used. Otherwise, the results are similar. The P-ratios ranging from 1.17 to 1.33 are well above unity and the p-values range from .011 to .039 indicating rejection of the null hypothesis that our rule is no more likely to produce high returns than any random market timing rule.

Exhibits 8 and 9 evaluate the riskiness of our trading rule as measured by the standard deviation of its returns compared to returns under the alternative of buying and holding the S&P and random market timing rules with an equal number of out-of-market months. As in exhibit 6, exhibit 8 pertains to the rule when out-of-sample forecasts are generated using rolling regressions. The solid and dashed lines correspond to the median and 5th and 95th percentiles from the distribution of standard deviations under 10,000 random market timing implementations. The drop off in the dashed line representing the 5th percentile reflects the fact that in a small number of months the returns were extremely large in absolute value, and the more out-of-market months there are, the more likely the 5th percentile will exclude all such months.

Under all model specifications, the standard deviation of returns is lower than 4.2 percent per month as it was for the S&P 500 over the entire sample period. Moreover, the standard deviation of returns were in all cases less than the median standard deviation of the random market timing implementations. The bootstrapping test for risk rejects the null hypothesis that the standard deviation of returns for our rule has the same expected value as a random market timing implementation at about the 5 percent confidence level. We show results for all such tests in exhibit 9. For both in-sample and out-of-sample tests and for all model specifications, the standard deviation of the returns under our rule are much lower than for the S&P. The standard deviations under our rule ranged from 3 to 3.7 percent per month, considerably lower than that of the S&P. The last two columns report the bootstrap results. The standard deviation for most specifications is significantly lower than expected under random market timing; the p-values range for the out-of-sample implementations of our trading rule range from .007 to .034.

The lower than expected standard deviation of returns obtained from our trading rule suggests that the superior performance in terms of return is not obtained at a cost of additional risk. Indeed, these results suggest that our trading rule recommends staying out of the market disproportionately more frequently when the return on the S&P exhibits large deviations from its average rather than when it exhibits small deviations. A likely explanation is that the conditional variance of stock returns may be increasing in the difference between the equilibrium and the actual earnings yield. Then, stock return volatility will tend to be larger in exactly those months when our model is more likely to trigger an out-of-the-market recommendation.

Summary

We formalize Graham and Dodd’s observation that common stock and bond valuations are linked by an equilibrium relation between forecasted earnings yields and bond yields and that stock prices tend to move to restore deviations from this equilibrium. With the resulting model we obtain one-month-ahead forecasts of S&P 500 returns and implement a market timing trading rule that alternates between the S&P and cash. For the 1984-1996 sample period, the trading rule performed well compared to the alternative of buying and holding the S&P 500 and yielded significantly higher returns (in a statistical sense) than what would be expected by pure chance. Surprisingly, the rule also tended to produce returns with significantly lower variance.

References

Brock, William, Josef Lakonishok, and Blake LeBaron, “Simple Technical Trading Rules and the Stochastic Properties of Stock Returns,” Journal of Finance, 47(5), December 1992, pp. 1731-1764.

Campbell, John Y. and Robert J. Shiller, “Stock Prices, Earnings, and Expected Dividends,” Journal of Finance, 43(3) July 1988, p 661-676.

Fama, Eugene F., “Efficient Capital Markets: II,” Journal of Finance, 46(5), December 1991, pp. 1575-1617.

Fama, Eugene F., and Kenneth R. French, “Dividend Yields and Expected Stock Returns,” Journal of Financial Economics, 22(1), October 1988, pp. 3-25.

Fama, Eugene F., and Kenneth R. French, “Business Conditions and Expected Returns on Stocks and Bonds,” Journal of Financial Economics, 25(1), November 1989, pp. 23-49.

Fuller, Russell J. and John L. Kling, “Can Regression based Models predict Stock and Bond returns?, ” Journal of Portfolio Management, Spring 1994, pp. 56-63.

Graham, Benjamin and David L. Dodd, Security Analysis, 3rd edition, New York: McGraw- Hill, 1951.

Graham, Benjamin, David L. Dodd and Sidney Cottle, Security Analysis, 4rd edition, New York: McGraw-Hill, 1962.

Keim, Donald B., and Robert F. Staumbaugh, “Predicting Returns in the Stock and Bond Markets,” Journal of Financial Economics, 17(2), December 1986, pp. 357-390.

Lakonishok. Josef, Andrei Shleifer, and Robert W. Vishny, “Contrarian Investment, Extrapolation, and Risk,” Journal of Finance, 49(5), December 1994, pp. 1541-1578.

Larsen, Glen A., Jr., and Gregory D. Wozniak, “Market Timing Can Work in the Real World,” Journal of Portfolio Management, Spring 1995, pp. 74-84.

Lo, Andrew and A. Craig MacKinlay, “Stock Market Prices Do Not Follow Random Walks:

Evidence From A Simple Specification Test,” Review of Financial Studies, 1(1) Spring 1988, pp. 41-66.

Molodovsky, Nicholas, “A Theory of Price-Earnings Ratios,” The Analyst Journal, November 1953, pp. 65-80. (Reprinted in the Financial Analyst Journal, January-February 1995, pp. 29-43).

Poterba, James, M. and Lawrence H. Summers, “Mean Reversion in Stock Prices,” Journal of Financial Economics, 22(1), October 1988, pp. 27-59.