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Abstract  

A large body of empirical literature suggests that stock prices are roughly 

proportional to earnings in the long-term. However, econometric tests on a range of 

different model specifications have not been able to verify this expected contribution 

of earnings to stock prices, a result that has become known as the price-earnings (PE) 

puzzle. A number of econometric issues arise from previous studies that model the PE 

relation assuming a constant ratio and a linear model. The contribution of this paper is 

to model the PE relation as a log-linear function, the PE ratio as a variable, and in 

doing so to show how the PE puzzle may thereby be resolved.  

 

 

JEL classification: C22; C51; G12;  

Key words: PE ratio; earnings response coefficient; type I spurious regression; 

 

 



 2 

1. Introduction 

Empirically, it has long been recognised that stock prices are roughly 

proportional to earnings in the long-term. Earnings of firms are calculated so as to 

evaluate their operating performance, with predictions used to forecast stock prices. 

However, econometric tests on a range of different model specifications have been 

unable to verify the anticipated contribution of earnings to stock prices. This has 

given rise to the well-known price-earnings (PE) puzzle in the accounting literature. 

The main focus of this paper is to establish the anticipated contribution of 

earnings to stock prices and, therefore, to resolve the PE puzzle. We then address 

important econometric issues that we believe have compromised previous empirical 

studies and have led to conclusions that have helped create the puzzle. 

Empirical research of the PE relation started from the estimation of a constant 

PE ratio. The PE ratio is defined either as the ratio of the stock price, P, divided by the 

earnings per share, EPS, or the reciprocal the earnings yield, EY. It follows that  

EYEPS

P
PE

1
== ,      ……………… (1) 

and 

EPS
EY

P 





=

1
      ……………… (2) 

If the PE ratio is assumed to be constant, then the PE relation implies a proportional 

relation between price and earnings, where the constant of proportionality is the 

reciprocal of the earnings yield. 

Under the assumption that the reciprocal of the earnings yield (the PE ratio) 

defined in equation (1) is constant, then linear regression has most often been the 

technique used to estimate the earnings response coefficient (ERC) from equation 

(2).
1
 In the estimation of the ERC, linear regression of the levels of variables is known 

as the price model, while regression of the differences of variables is known as the 

return model.  

Various specifications of both price and return models have been proposed in 

previous empirical studies. In summarising twenty years of econometric testing, Lev 

(1989) reported that the return models showed poor fit as measured by a very low R
2
 

value and unstable estimates of the ERC. He suggested that the linear relation 

between returns and earnings could be misspecified. Since then many researchers 

                                                 

1
 From equation (1) it can be seen that the PE ratio measures the average response of price to earnings, 

while from equation (2) the ERC measures the marginal response of price to earnings. 
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have attempted to address the low R
2
 problem, but improvements seem to have been 

marginal. Easton et al. (1992) found that the R
2
 value could be improved by 

increasing the time interval of returns. Collins et al. (1994) considered that the delay 

of earnings data release might be the reason behind this problem. Ryan and Zarowin 

(1995) considered that earnings data may contain value-irrelevant noise and explained 

the problem by an errors-in-variables approach. Kothari and Zimmerman (1995) 

compared price and return models and reported that, while price models had more 

economic meaning and higher R
2
 values, return models had lower R

2
 values but 

encountered fewer econometric problems (for example, autocorrelation and 

heteroscedasticity).
2

 Considering changes both in prices and in earnings to be 

endogenous, Beaver et al. (1997) specified a return model as a system of simultaneous 

equations and obtained a slightly higher R
2
 value than those achieved with single 

equation models. 

The issue concerning the problem of unstable ERC estimates has also received 

attention in the literature. Ali and Zarowin (1992) found that, in the presence of 

transitory components of earnings, the change in earnings may be a poor proxy for 

unexpected earnings (UE) and a potential reason for the widely documented, differing   

low-valued ERCs. Teets and Wasley (1996), using a firm-specific versus pooled 

cross-sectional regression estimation procedure, found mean differences of up to 

thirteen times for the firm-specific ERCs. Their results suggest a need to consider 

heterogeneity in the ERCs, especially if there is reason to suspect correlation between 

the ERC and characteristics of independent variables in the regression. Hayn (1995) 

found results that support the hypothesis that pooling profitable and loss-making 

observations in samples leads to a downward bias in the estimated ERC. The extent of 

the bias is considerable with the ERC almost tripling when loss cases are excluded. 

Elliot and Hanna (1996) examined the information content of earnings in the presence 

of the increasing frequency of the reporting of negative special items (write-offs). 

They found significant changes to the ERC attached to the unexpected portion of 

earnings (before the impact of write-offs). 

We agree with Lev (1989) that the price and return model specifications used 

in previous empirical studies may be misspecified. Both the marginal improvement in 

fit when estimating a constant ERC, and the evidence of instability of ERC estimates 

                                                 

2
 The argument for preferring return models is concerned with avoiding Type II spurious regression. 

Econometric ramifications from the decision to use return models in preference to price models is 

discussed in a later section of this paper.  



 4 

that have been identified in previous studies suggest the need to address econometric 

issues arising from model specification, estimation and coefficient interpretation. Our 

approach for resolving the PE puzzle provides us with a framework by which this can 

be achieved.     

The fact that the ERC has been found to be unstable in many previous 

empirical studies suggests that it might not be a constant but rather a variable. If the 

ERC (or the PE ratio) is a variable, then the relation between the stock price, earnings 

and earnings yield given by equation (2) is nonlinear and it is invalid to estimate a 

nonlinear relation by linear regression. By use of a logarithmic transformation, the PE 

relation in log-variables becomes linear, whereby 

)ln()ln(ln)ln( EYEPS
EY

EPS
P −=





= . 

 It is this linear relation in its empirical form, 

 εβα +−+= )]ln()[ln(ln EYEPSP ,                           ………………… (3) 

that we argue can be estimated by linear regression. In order to facilitate estimation of 

this log-linear function where the earnings yield, EY, is a variable instead of a 

constant, it is important to find a proxy variable to explain EY. The interest rate, R, 

turns out to be a good proxy for EY and suggests a cointegration between ln(P) and 

[ln(EPS) – ln(R)]. This suggested cointegration is well supported by the stock index 

data of the S&P 500.
3
 

In order to answer the PE puzzle that relates stock prices to earnings, we need 

to clearly understand different interpretations of the dynamics of stock prices, the 

extent to which these interpretations are interrelated, and how the financial process is 

conditioned on fundamental economic factors and not purely driven by chance. 

Current research into stock price dynamics focuses on the stochastic aspects of short-

term stock returns and non-systematic financial risk (that is, variance risk). What is 

not in the forefront of consideration is a disequilibrium adjustment approach that 

governs the evolution of stock prices and how earnings play a crucial role in that 

process. 

The prevailing notion of stock price dynamics is the random walk model 

where no pattern is to be found in past stock prices for forecasting purposes. 

                                                 

3
 Apart from the suggested cointegration between ln(P) and [ln(EPS) – ln(R)], the use of  

[ln(EPS) – ln(R)] as a single independent variable in a linear regression equation is justified on the 

basis that it serves as a stock price leading indicator as used by practitioners for stock price forecasting 

(Wigmore, 1998).  
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Accordingly, stock prices are often described by the diffusion equation from the 

theory of stochastic processes. As an alternative to the diffusion approach, Chiarella 

and Gao (2004) model the value of the stock price index using a disequilibrium 

adjustment process. This process is based on the economic principle that price 

approaches value in competitive markets and that stock price dynamics are considered 

as a price-following-value process. In other words, the market adjusts price towards 

value according to fundamental economic factors and subject to disturbances. It is 

value that determines the (time-varying) trend of price, while random buy-sell 

pressure drives price fluctuations about value. 

By utilizing the disequilibrium adjustment approach to stock price dynamics, 

and by adopting the trend-plus-noise decomposition
4
, we show how earnings rather 

than dividends and short-term interest rates instead of constant interest rates drive 

stock valuation. In doing so, we determine the time-varying trend of price which 

provides our rationale for the role played by earnings in determining stock prices and 

a resolution of the price earnings puzzle. 

In the following section we overview different interpretations of stock price 

dynamics, the distinction between them critical for understanding the contribution of 

earnings to stock prices. The price-earnings relation at the firm and stock index levels 

are discussed in section 3. Section 4 provides the results of our empirical study of the 

PE relation with a variable earnings yield, while econometric issues arising from 

previous empirical studies that have helped create the PE puzzle are discussed in 

section 5. Section 6 contains our conclusions. 

 

2. Different Interpretations of Stock Price Dynamics 

 

2.1  The Random Walk Model 

A widely advocated view of stock price dynamics is that prices follow a 

random walk (Kendall, 1953; Samuelson, 1965). This, in turn, implies that a time 

series of price changes is random. Both the unconditional probability of a price 

reversal and the probability conditional on the length of the run to date are 0.5 at any 

point in the price run.  

                                                 

4
 Trend-plus-noise decomposition is a technical method from system dynamics to analyse the trend and 

noise components separately. 
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An alternative explanation of stock price dynamics proposed by Fama and 

French (1988) and Poterba and Summers (1988) is based on the mean reversion 

hypothesis. Lo and Mackinlay (1988), while finding evidence against the random 

walk model, are unable to find support consistent with the mean reversion hypothesis. 

Recent evidence supporting the random walk model for a stock price index is reported 

in Yao, Partington and Stevenson (2005). Using survival analysis to estimate time-

varying probabilities of price reversals in daily data from the Australian All 

Ordinaries Index, they find that the predictive accuracy of the length of individual 

out-of-sample price runs from estimated models is less accurate than those from a 

random walk model. 

Some time ago, Cootner (1962) suggested the restricted random walk. It is the 

random walk model, but with reflective barriers. This model explains in part the 

fluctuating behaviour of serial correlation and aspects of kurtosis in price series, along 

with the long-run behaviour of price converging to value. Empirical support for the 

reflective random walk model is found in Anderson (1989), while the nonlinear 

dynamic model of Chiarella (1992) provides theoretical justification. 

The wide agreement that stock prices follow a random walk has led to the 

increased acceptance of the diffusion equation from the theory of stochastic processes 

as an appropriate model to explain stock price dynamics. Chiarella and Gao (2004) 

suggest an alternative approach using disequilibrium adjustment, whereby the market 

adjusts price towards value according to fundamental economic factors. This 

adjustment process and the fundamental factors involved are discussed in the 

following section.  

 

2.2       A Disequilibrium Adjustment Interpretation of Stock Price Dynamics 

In order to appreciate the Chiarella and Gao (2004) disequilibrium adjustment 

interpretation of stock price valuation, it is important to understand the role of price 

and value in the theory of asset pricing. 

 

2.2.1 Asset price versus value 

The price of an asset is determined by the balance of supply and demand for 

the asset. It is the amount at which a transaction takes place in the market place. It can 

be negotiated and can be regarded as an extrinsic entity. 
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Value, on the other hand, is an intrinsic entity. It is determined according to 

fundamental economic factors underlying the asset. To the extent that these 

fundamental factors generate returns, along with the potential capital gain from 

holding the asset, the market assesses its worth or value. 

What is generally agreed on by economists is that the price approaches value 

in a competitive market. 

 

2.2.2 The price-following-value process 

The price-following-value process posits that the financial process is not 

driven purely by chance, but that it also responds to the value of the underlying asset 

conditioned on one or more fundamental factors. Mandelbrot (1966) provided a 

theoretical model for the price-following-value process. In his model, value serves as 

a reference for price expectation with price then fluctuating about value. His 

theoretical framework is not dissimilar to Cootner’s reflecting barrier approach and 

the idea that earnings play a role in determining fundamental value. Black (1986) 

adopted the price-following-value approach from the perspective of noise and 

information traders, with the former driving price away from value while the latter 

pulls it back. 

Empirical research into the price-following-value process is rare due to the 

unobservability of value and the associated difficulty in estimating it. Different 

perceptions exist from related academic disciplines, as well as by practitioners as to 

what are the fundamental factors determining stock value. Financial economists 

perceive the fundamental to be the present value of the expected future dividend 

stream, discounted at a constant discount rate. However, Shiller (1981) concluded that 

the dividend discount model (DDM) did not result in an appropriate measure of 

intrinsic value. He based his conclusions on the fact that the stock price index was 

excessively volatile when compared to the intrinsic value of the combined stocks in 

the index when calculated by the DDM. 

Financial accountants prefer earnings as the fundamental driver of stock value. 

Miller and Modigliani (1961) theoretically established why earnings were preferred to 

dividends as the fundamental for determining value. Ohlson (1995) relied on expected 

abnormal earnings as a fundamental factor in addition to book value. Lee, Myers and 

Swaminathan (1999) confirmed the Ohlson approach by calculating the intrinsic value 

of the individual stocks comprising the Dow Jones Index using a residual income 
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formulation. They then modelled the time series relation between price and value as a 

cointegrated stochastic system. 

There are good reasons for preferring earnings as a fundamental factor for 

stock value rather than the DDM. Earnings represent the performance of firms and 

reflect macroeconomic policy. Alternatively, dividends are smoothed to maintain a 

clientele effect and to enable a long-term ability for the firm to apply a stable dividend 

policy. As a consequence, dividend yield is less volatile than earnings yield and not as 

relevant for modelling the adjustment process of stock prices. Another reason for not 

using the DDM in the adjustment process stems from the need to use a time-varying 

market capitalisation rate as a discount factor rather than a constant discount rate. The 

time-varying discount rate reflects the changing risk and state of the whole financial 

market and influences the risk premium associated with individual stocks. Clearly, 

risk premium needs to be incorporated into the value of market-listed stocks. 

Chiarella and Gao (2004) estimate the value of the S&P 500 stock price index 

by focusing on the mechanism of stock market adjustment and price formation. By 

recognising the close co-movement between earnings yield and short-term interest 

rates, they conclude (as do Lee et al., 1999) that it is earnings rather than dividends, 

and time-varying interest rates instead of constant rates that matter for stock price 

valuation. To estimate value they use the technical method from system dynamics 

known as trend-plus-noise decomposition. It is particularly suitable for modelling the 

adjustment process of the price dynamics when it is driven by fundamental factors. 

The time-varying trend is a fundamental trend that represents value. It is driven by 

fundamental factors and is not a statistical trend line resulting from smoothing price 

with a smoothing algorithm such as a moving average or spline fitting. Noise mean 

reverts to the trend, reflecting the price-following-value process. The price-following-

value process is distinct from the random walk and is, in some sense, aligned to the 

restricted random walk model. With the time-varying trend determined by 

fundamentals, the noise is the only random part of the stock price dynamics. 

 

 

2.3 Stock Market Adjustment and Price Formation 

As will be established empirically in a following section, the trend focuses on 

the adjustment process of the earnings yield which is driven by a fundamental factor, 
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the interest rate. The basic adjustment process of the stock market then is the earnings 

yield-following-interest rate process. 

The performance indicator of the stock market is the price earnings ratio, PE, 

which in turn links the stock price, P, to the earnings, EPS, through the earnings yield, 

EY. This then explains the contribution of earnings to stock prices. This linkage of the 

earnings through earnings yield to stock prices sits well with market practice as 

financial analysts judge stock prices according to earnings yields (or PE ratios). 

For time series such as stock prices, earnings and earnings yield, the trend-

plus-noise (T+N) decomposition provides a framework for incorporating a 

deterministic variable trend into the modelling process. The classical time series 

decomposition has a slowly drifting trend representing the long-term growth path, 

with cyclical components being captured by mean-reverting noise. The trend can also 

be interpreted as representing the long-term dynamics explained by fundamental 

factors, with the cyclical components regarded as short-term dynamic phenomena. 

Regression of time series seeks to capture correlation which is predominantly 

contained in the trends. If we assume that the data generating process is T+N, then the 

regression is likely to capture the long-term equilibrium relation between the time 

series. 

Adjustment is a key mechanism underlying the data generating process of 

many economic and financial time series. An adjustment process can be expressed by 

differential or difference equations as in Chiarella and Gao (2004).
5
 When there is an 

adjustment mechanism underlying the data generating process of time series, then 

they are known as level matching processes.
6
 Cointegrated processes belong to the 

class of level matching processes where the level matching adjustment guarantees 

long-term equilibrium. In level matching processes, information is contained in the 

levels of variables making the regression of the levels of such processes meaningful. 

When considering whether a cointegrating relationship exists between the 

component series of the financial ratio under study, it is analytically useful (and 

                                                 

5
 They combine a first-order differential equation model for the earnings yield adjustment process with 

another first-order equation for the formation of adaptive expectations to yield a second-order 

adjustment process that includes both fundamental and speculative behaviour. The combination results 

in a second-order ordinary differential equation which, in its reduced form, serves as a continuous time 

econometric model. 

 
6
 This is in contrast to integrated processes where the trend is just an accumulation of errors, is 

stochastic and contains no information. 
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without loss of generality) to consider their logarithmic transformation. Stock prices, 

as well as earnings and earnings yield, are integrated processes of order one [I(1) 

processes] and therefore nonstationary. Nonstationarity of a series is not removed by 

the logarithmic transformation. The logarithm of the ratio is then given by the 

difference in the logarithm of nonstationary components. This provides a framework 

for determining the existence of cointegration between the ratio components.
7
 

Whether a ratio transformation results in a stationary series and, therefore, a 

cointegrating relationship exists between the two nonstationary component series, was 

the conjecture tested by Whittington and Tippet (1999). They found on a firm level 

basis that the ratio transformation did not always result in a stationary series and did 

not necessarily remove the nonstationary effects in the ratio components. If this is the 

case for any financial ratio, then we can no longer assume the existence of a long-term 

equilibrium relation between the individual time series that form the ratio. No longer 

are we dealing with level matching processes, nor is it appropriate to seek a long-term 

equilibrium relation by regression of the levels of the ratio components. 

In order to resolve the PE puzzle it is critical to first establish the credibility of 

two results. The first of these results is that the interest rate, R, is a good proxy 

variable for earnings yield, EY. The second refers to the conditions under which a 

cointegrating relation exists between the two series that comprise the numerator and 

denominator of the logarithm of the financial ratio in this study that links price to 

earnings. This is done later in section 4 using a data-orientated approach. 

  

3. The Price-Earnings Relation at the Firm and Stock Market Index Levels 

 

Many of the empirical studies previously referred to in the introduction tested 

different earnings-return model specifications based at the firm level. The starting 

point in these studies originates from a balance sheet-orientated approach. If the 

fundamental valuation equation is assumed to be MVE=BVE, where MVE is the 

market value of equity and BVE its book value, then differencing and scaling leads to 

the regression of returns R on scaled earnings E. In its empirical form, 

ttt ER εβα ++=  ………………… (4) 

                                                 

7
 A general model of a financial ratio and the necessary conditions for the existence of a cointegrating 

relationship between its component series is developed in the following section.  
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α and β  are constants in the above regression equation and ε  is a well-behaved error 

term. If β  is not constant, then to make the above assumption concerning the 

valuation equation is not consistent with our proposition that the PE relation is 

nonlinear. We argue that if E
Y

P 





=

1
with 

Y

1
variable, it is not plausible to start 

with a firm specific balance sheet approach. Rather than modelling the earnings-return 

relation at the firm level, the relation in this study is modelled at the level of an 

aggregated market index while recognising that the PE relation is nonlinear. 

 There are fundamental differences in the structure of the data in this study 

compared to the data required for a similar study at the firm level. This study deals 

with a stock price index (namely the S&P 500 market index) that is highly aggregated. 

Because this price index (denoted here as )PI is the weighted return of the top 500 

listed US companies ranked by market capitalisation, clearly, it is a much smoother 

series than the prices of individual firms. Similarly, the S&P 500 earnings yield EY 

relates to an aggregate of the earnings yields of the firms making up the index and, as 

such, is smooth relative to the earnings yields of individual firms. In addition, 

aggregate earnings will always be positive. Apart from the obvious difference in the 

volatility of the prices and earnings yield series, there are major differences between 

the market interest rate (the FED discount rate R) used in this study and the cost of 

capital that is relevant to an individual firm. Although R is not necessarily equivalent 

to a risk-free rate, any market premium that is charged above the risk-free rate and 

which is incorporated into R, is negligible compared with that corresponding to the 

cost of capital measure for the more risky proposition of an individual firm. 

Accordingly, the issue of estimating any market risk premium component of R is not a 

concern in this study. A further advantage of using an aggregate measure of earnings 

yield, and therefore aggregate earnings E, is that it allows the application of the 

logarithmic transformation to all values of earnings. 

These differences provide difficulties and challenges in replicating this study 

of the earnings-return relation at the firm level. 
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4.  An empirical study of the PE relation with a variable EY  

4.1  Data and variables  

In this study, the chosen stock price index, PI, is the S&P500, and the interest 

rate, R, is the discount rate of the Federal Reserve Board. We use monthly time series 

data over the time horizon from January, 1979 to August, 2001. The interest rate, R, 

the stock price index, PI, and the PE ratio are obtained from the DATASTREAM 

database. Earnings yield is then
PE

EY
1

= , with the earnings per share
PE

PI
EPS = . 

Since EPS is calculated from PI, to avoid spurious correlation between their noise 

components in the regression of differenced time series, the time series EPS is 

smoothed using a centred moving average algorithm. Smoothing will have little effect 

on the regression of levels of variables.
8
  

For brevity we shall refer to the stock price index as price, and the earnings 

per share as earnings. Further, we denote each of the variables and their natural 

logarithmic transformations by: )ln( PIp = , )ln( EPSe = , and )ln( EYey = . 

Additionally, we define )ln( Rr = , along with the leading price indicator, 

R

EPS
PI =*   and rePIp −== *)ln(* .

9
 

One reason for the use of aggregate time series data is that the stock price 

index is a well-diversified portfolio of stocks, in which most of the non-systematic 

risk has more or less been cancelled, with systematic risk dominating. The systematic 

risk comes from the effect of changing macroeconomic conditions on firms during 

business cycles and is captured by interest rates. The earnings yield reflects the risk of 

stocks, with the correlation between the earnings yield and the interest rate seen more 

clearly from an index rather than from individual stocks. Also, from time series it can 

be easily recognised that the earnings yield is indeed a variable rather than a constant 

 

4.2  Earnings yield as a variable  

Time series plots in Figure 1 show the close relation between the earnings 

yield, EY, and the interest rate, R, over the last two decades. Such a co-movement has 

in fact existed for four decades since the late 1950s (see Asness, 2000). This implies 

                                                 

8
 In this study we smoothed earnings by a 13-term centred moving algorithm 10 times. This is of course 

but one of a number of standard smoothing algorithms. 
9
 In a later section we justify the use of the logarithmic transformation to control for scale. 
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that the earnings yield should be treated in a similar fashion to the interest rate (or 

bond yield). Importantly, the earnings yield should be treated as a variable rather than 

a constant.  

 

Figure 1   Time series relation between the S&P 500 earnings yield, EY,  

and the FED discount rate, R, monthly data. 

 

Data source: the DATASTREAM database.  

 

Figure 2 shows the regression of EY on R, indicating a linear relation given a 

high R
2
 value and well-behaved residuals. More importantly, as expected, there is 

strong statistical support for the hypothesis that the slope, b, equals unity and the 

intercept, a, equals zero. It follows that R is an unbiased proxy for EY.  

The rationale underlying the observation that R is an unbiased proxy for EY is 

that the interest rate is the Federal Reserve discount rate which proxies for monetary  

policy and the stock market responds to this policy.
10

 The earnings yield reflects the 

risk premium required by investors. This is so since investors diversify among 

different financial instruments, and the stock market adjusts to maintain a no-arbitrage 

position with the general financial market. For this reason the earnings yield should be 

closely related to the interest rate.  

 

 

 

                                                 

10
 Other bond yields (or interest rates) are not relevant to the underlying adjustment process, since they 

have less of a causal relation but more correlation with earnings yield. 
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        Figure 2   Regression of the time series in Figure 1 

 

The PE relation,
EY

EPS
PI = , implies that stock prices link to the performance 

of firms through earnings, and to risks in financial markets through earnings yields. 

The time-varying earnings reflect the effect that changing macroeconomic conditions 

have on firms, while time-varying interest rates and earnings yields reflect changing 

financial market conditions. It follows that both earnings and earnings yields are time-

varying quantities.  

4.3  Control for scale by logarithmic transformation  

The time series plots in Figure 3 show the relation among the stock price, PI, 

the earnings, EPS, and the stock price leading indicator, PI*, that is used by 

practitioners for stock price forecasting (see Wigmore, 1998). Taking the interest rate, 

R, as a proxy for the earnings yield, EY, in the PE relation,
EY

EPS
PI = , results in the 

stock price leading indicator,
R

EPS
PI =* . These time series plots also have a general 

time trend that is the shape of the exponential function.  
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Figure 3  Time series monthly data for the S&P 500 stock price index, PI, the leading     

price indicator,
R

EPS
PI =* , and the earnings per share, EPS.  

 

Note: EPS is calculated from price and PE ratio using
PE

PI
EPS = . Data source: DATASTREAM  

 

Figure 4 below shows the regression of PI on EPS and that of PI on
R

EPS
, 

where residuals exhibit strong scale effects: a nonlinear shape, data points crowding at 

the lower end of the trend line, and evidence of heteroscedasticity. 

 

                            Figure 4   Regression of the time series in Figure 3  
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Bodie, Kane and Marcus(1999, Ch.18) relate the S&P500 stock price index to 

earnings and interest rates, showing the long-term co-movement between the earnings 

yield and the 10-year treasury bond yield since 1955. The article in the Wall Street 

Journal by Lowenstein (1995) also points out how financial market practitioners 

believe that the most important fundamental factors that underlie stock values are 

interest rates and expected earnings. 

In order to control for scale the logarithmic transformation is adopted. The time series 

plots in log-variables in Figure 5 show a close relation between stock price, p, and its 

leading indicator, p* = e – r. This close relation where p ≈ e – r, shows that the price, 

p, can be better approximated by e – r than by just earnings, e. We see from Figure 5 

that the log-variables p and p* seem to follow a linear time trend. The time series of 

earnings, e, is also plotted for comparison. Clearly, from the plots in Figure 5 it is 

obvious that the co-movement of p and p* is not shared by e. 

 

                Figure 5   Logarithmic transforms of the time series in Figure 3  

 

             In log-variables, the regression of p on e and that of p on e – r are shown in 

Figure 6. By comparison with Figure 4, an improvement can be observed in the 

behaviour of the residuals: a linear shape, evenly spread data points, and a greater 

indication of homoscedasticity. One implication that can be drawn from Figure 6 is 

that the scale problem in price models can be somewhat reduced by the use of log 

variables. 
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   Figure 6   Regression of the time series in Figure 5  

 

4.4  Cointegration in the price model  

Time series are dynamically related. When estimating the relation between 

levels of variables by static regression, as in the specification of the price model given 

by:  

 tttt rep εβα +−+= )(  ,         ………………….. (5) 

what is of concern is the long-term equilibrium between the levels. In deriving the 

long-term equilibrium relation, the dynamic (that is, temporal) effects can often be 

ignored with the static model used only to approximate the long-term equilibrium 

relation. In doing so, it is important to realise that the ignored dynamic effects become 

systematic errors that are included in the residuals. To guarantee the long-term 

equilibrium relation to be significantly identified by a static regression, the variables 

(the regressand and the linear combination of the regressors in this case) are required 

to be integrated of order 1, that is I(1) processes (which exhibit trends), and the 

residual to be an I(0) process (that exhibits no trend). The time series plots in Figure 3 

confirm the I(1) characteristics of the stock index price series, PI, the earnings series 

corresponding to that index, EPS, and the leading price indicator, 
R

EPS
PI =* , 

where R is the Federal Board discount rate. This characteristic of each of these series 

is not removed by a logarithmic transformation as depicted in the time series plots in 

Figure 5. 
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The regression result from the price model specified in equation (5) is given in 

equation (6) below. 

                             
93.0)079.0()016.0(

)(071.1429.0

2 =

−+−=

R

rep ttt
      ………………. (6) 

For comparison, the result of the regression of price on earnings only is given in 

equation (7).
11

  

                             
86.0)196.0()009.0(

723.1544.0

2 =

+=

R

ep tt
 ……………... (7) 

It can be seen from equations (6) and equation(7) above that when the logarithm of 

the interest rate r is included to form the logarithm of the leading indicator of price, p* 

= e - r, as the independent variable, both the goodness-of-fit measure, R
2
, and the 

behaviour of residuals observed in Figure 6 are improved. The well-behaved residuals 

from the regression of p on rep −=* imply the existence of a cointegrating relation 

between the two series. 

It follows that earnings contribute to the stock index price through the earnings yield 

following the interest rate. This, we claim, answers the PE puzzle at least at the 

aggregate level of the stock index price.  

 

4.5 Evidence of structural change 

For the fitted price model given by equation (6), the autocorrelation at the 

higher end of the residual in Figure 6 reflects the persistent gap between p and e – r in 

Figure 5, and the gap between EY and R in Figure 1, in the 1990s. The different 

pattern of these gaps in the 1980s and the 1990s imply a structural change. The 

structural change may be partly explained by international capital flows, and this may 

imply a missing variable in the specification. On reflection, some part of the gap in 

the late 1990s has turned out to be a stock price bubble. Even though econometric 

tests may reject the cointegration in the data of the 1990s, this should not result in a 

denial of the long-term PE relation, as bubbles are a short-term phenomenon in the 

stock market. In our model, the earnings yield follows the short-term interest rate in 

                                                 

11
 In equations (6) and (7) the numbers in parentheses are standard errors after autocorrelation 

correction by the Box and Jenkins method, while those in Figure 6 are OLS estimates without 

autocorrelation correction. 
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“normal” market conditions. When the short-term rate is too low during a recession, 

the earnings yield may switch to follow other higher rates.  

4.6  A return model in log-variables  

A return model corresponding to the price model given by equation (5) is 

represented by:  

 tttt rep εϕφ +−∆+=∆ )(  ………………… (8) 

For the differenced log-variables ∆p and ∆p* = )( tt re −∆ , the time series and 

their smoothed trends are plotted in Figure 7. The regression of these time series and 

the regression of their smoothed trends are shown in Figure 8.  

If the interpretation of ϕ  is the earnings elasticity of price, then we would 

expect it to be unity. However, from Figure 8 clearly this is not the case. 

 

      Figure 7   Differences of the time series in Figure 5 and their smoothed trends 
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Comparing the regression results of the price model (equation 5) and the 

return model (equation 8), the obvious PE relation contained in the price model has 

disappeared from the return model.   

These contradictory results raise an obvious question as to which regression is 

the spurious one? This question is discussed in the next section. 
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      Figure 8   Regression of the time series in Figure 7  
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Note:  The scatter is the residual of raw data, and the kernel is that of trends. 

 

5.  Spurious regression and the PE puzzle 

 In this section we deal with two important econometric issues that we believe 

have compromised the results of previous empirical studies whose aim was to 

establish the anticipated contribution of earnings to stock prices. 

 The first of these issues arises from the poor fits (as measured by R
2
) that have 

characterised the results from previous studies concerned with estimating earnings 

response coefficients (ERCs) using a variety of linear specifications. The non-

existence of a constant ERC and the corresponding need to consider the incorporation 

of a variable earnings yield into the analysis, questions the appropriateness of the 

linear price and returns model specifications, as well as the interpretation of the ERC 

from previously reported studies. 

 The second of the econometric issues is concerned with the attempt to control 

for spurious regression. There are two types of spurious regression. Variables are 

differenced and the returns model adopted in order to avoid the chance of one type of 

spurious regression. However, this increases the likelihood of spurious regression of 

the other type. Unless the levels of variables are cointegrated I(1) processes and an 

error-correction term is included to compensate for the removal of the trend through 

differencing, then parameter estimation of the returns equation will be biased and 

inconsistent along with a poor model fit. Spurious regression effects that are 

introduced as a consequence will obscure the relation between price and earnings. 
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5.1 The ERC and the PE Puzzle 

The basic functional forms for linear regression are the linear function and the 

log-linear function. The coefficient of an explanatory variable in the linear function is 

called a marginal response coefficient, while for the log-linear function it is called the 

elasticity. The ERC (earning response coefficient) is associated with a linear function, 

while a variable PE ratio is associated with a log-linear function. If it is indeed true 

that the PE ratio is a variable then a constant ERC does not exist. 

The earlier cited empirical research has been based on linear regression built 

around the PE relation,
EYEPS

P
PE

1
== , with the assumption of a constant PE 

ratio implying that 1/EY = Constant. The basic specification of the price model is the 

linear relation given by  

 ttt EPSP 111 εβα ++= ,            …………………. (9) 

where the price, Pt, and the earnings, EPSt, are variables, α1 and β1 are coefficients, 

and ε 1t is the error term. The intercept, α1, is expected to be zero; the slope, β1, is the 

sought ERC, and is expected to be close to the PE ratio. The error,ε 1t, is assumed to 

be an independent and identically distributed (iid) normal random variable. However, 

the assumption of a normal residual usually does not hold empirically. Since the price, 

Pt, and the earnings, EPSt, are of scale distribution, the residual,ε 1t, is usually also of 

scale distribution requiring control for scale.  

As a rule of thumb to avoid spurious regression of nonstationary time series, 

the model is often specified in terms of differenced variables as  

 ttt EPSP 222 εβα +∆+=∆ . …………………… (10) 

Equation (9) is assumed to be equivalent to (10) in slope estimation, and the slope, β2, 

would still be regarded as the sought-after ERC.  

The price models and return models actually used in empirical studies are 

variants of the basic specifications (9) and (10). The various specifications of price 

and return models have been assumed to be equivalent in the sense that the estimated 

β is the ERC (see Christie, 1987, and Kothari and Zimmerman, 1995). The quite 

different estimates from these models and the universally poor model fits as measured 

by R
2
, have contributed to the puzzle about the existence of the PE relation.  
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For example, Beaver et al. (1997) proposed the following model:  

 
t

t

t

t

t

EPS

EPS

P

P
3

1

33

1

εβα +
∆

+=
∆

−−

, ……………….... (11) 

to express the PE relation, with percentage changes in Pt and EPSt as variables, and 

the slope β3 interpreted as the ERC. Recall that elasticity is often defined as the ratio 

of percentage changes in variables. In reality equation (11) is the differenced form of 

the log-linear function, and thus the slope, β3, is the earnings elasticity of price and 

not the ERC. 
12

 

Kothari and Zimmerman (1995), and Ryan and Zarowin (1995) expressed the 

PE relation by employing the model: 

 
t

t

t

t

t

P

EPS

P

P
4

1

44

1

εβα ++=
−−

, …………………. (12) 

designed to explain price, Pt, by earnings, EPSt. In order to control for scale, the 

equation has been divided by a deflator, the lagged price, Pt-1. However, division by a 

variable creates new variables, and the equation then assumes a different economic 

meaning. The model in fact explains the gross return,
1−t

t

P
P

, by the earnings yield, 

1−t

t

P
EPS

 , and the slope, β4, is no longer the ERC.  

In a model similar in spirit to (12), Easton et al. (1992) included dividends, Dt. 

Their model is given by 

                                        
t

t

t

t

tt

P

E

P

DP
5

1

55

1

εβα ++=
+∆

−−

,       ……………………(13) 

with the lagged price, Pt-1, as a deflator. The above model was designed to explain the 

stock income, ∆Pt + Dt, by earnings, Et. What one actually reads from the model is 

that it explains the net return,
1−

∆

t

t

P
P

, plus the dividend yield,
1−t

t

P
D

, by the 

earnings yield, 
1−t

t

P
E

 . In fact the time series data of 
1−

∆

t

t

P
P

is virtually a noisy 

process compared to
1−t

t

P
D

 and
1−t

t

P
E

 and, as such, it can be merged into the error 

term. In this case the model then expresses the relation between dividend yield and 

                                                 

12
 The ERC that we report in Figure 4 is 32.4, while for the earnings elasticity reported in Equation (6) 

we find a value of 1.071. 
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earnings yield, but says little about the PE relation. Here again, the slope, β5, is not the 

ERC. 

Despite the variety of specifications, one common feature shared by the 

previous studies is the assumption of a constant PE ratio or ERC. Constant 

coefficients are a basic assumption of linear regression and the specifications 

dependent on it need to be reconsidered. 

 

5.2 Spurious Regression and the PE Puzzle 

Spurious regression arises from the static regression of dynamic processes, 

that is, the static approximation of a dynamic relation. There are two types of spurious 

regression: type I that involves falsely rejecting an existent relation, and type II that 

falsely accepts a nonexistent relation. Spurious regression of type II is well known to 

applied researchers, while type I is not as widely appreciated and is worthy of further 

explanation.
13

  

5.2.1  Adjustment processes and dynamic models 

The causal relation between time series is guaranteed by the underlying 

adjustment process between them. Such an adjustment mechanism is known as error-

correction in econometrics. The relation between time series is a dynamic one. In time 

series plots the dynamic relation of an adjustment process manifests itself in the 

pattern of intertwined curves, such as EY and R in Figure 1, PI and EPS/R in Figure 3, 

p and e – r in Figure 5, and the trends of ∆p and )( re −∆  in Figure 7. We see that the 

dynamic relation is contained in both levels and differences of the variables. Thus, a 

dynamic relation can be identified by dynamic models involving either levels or 

differences of variables. This is the rationale underlying the use of both price models 

and return models in the estimation of the PE relation.  

According to Chiarella and Gao (2004), the fundamental adjustment in the 

stock market is the adjustment of the value of stocks based on fundamental economic 

variables, while speculation drives overreaction of the adjustment. They found that a 

second-order dynamic model can capture well the dynamics of both fundamental 

adjustment and speculation, while a first-order model is only able to capture the 

                                                 

13
 This section discusses the spurious regression problem intuitively and we refer the reader to Chiarella 

and Gao (2002) for a more detailed discussion.  
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fundamental adjustment, but fails to capture the speculation. Any model can only be 

some approximation to real world processes and the relation between them. A lower 

level of approximation means that less information is extracted from the data. In the 

current context of dynamic models, the lowest level of approximation to a dynamic 

relation is the first-order model. 

A linear regression equation is a first-order model, but static. The level of 

approximation of a static model to a dynamic process is even lower than that of the 

first-order dynamic model mentioned above, and may be regarded as a zero-order 

approximation. In the static approximation only the static relation is considered, while 

all dynamic relations are ignored. In the case of the stock market, a linear regression 

equation would ignore both the fundamental adjustment and speculation, and only 

focus on the long-term growth equilibrium. 

5.2.2  Spurious regression of time series  

Statistical estimation is sensitive to specification errors as estimators are 

derived under the assumption of no such errors. In the static regression of time series, 

the ignored dynamics do not disappear, but become systematic (specification) errors 

included in the residuals. Thus, for statistical estimation the no-specification-error 

condition is violated (on this point see Blatt, 1983). Regression seeks to capture the 

correlation of time series with correlation mainly coming from their trends. Hence, if 

the time series have strong growth trends, then the influence of systematic errors is 

small. This can be observed from Figure 6, where the R
2
 values are high and the 

regression line clearly provides a good fit to the data. Thus, the estimation tends to be 

significant, and statistical inference tends to accept a relation more often. In this 

situation, if time series are cointegrated then the estimation is consistent. If not, then it 

is biased towards falsely accepting a nonexistent relation and so incurs type II 

spurious regression.  

On the other hand, if time series are made stationary by differencing, then the 

influence of the systematic errors are strong as a result of the removal of the strong 

growth trends. The regression of the difference of the logarithm of price, tp∆ , on the 

difference of the logarithm of the leading indicator of price, )( tt re −∆ , is given by 

 

tp∆  =  0.103  +  0.084 )( tt re −∆       ……………………… (14)  

            (0.023)    (0.061)           R
2
 = 0.003 
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According to the standard errors (given in parentheses) in equation (21) above, both 

coefficients are not significantly different from zero. By comparing the regression 

results from equation (6) and equation (14) above, and after consideration of the 

cointegration between tp and )( tt re − , we can conclude that the estimators in equation 

(14) are inconsistent and biased towards zero.  

Stationary time series are the usual pre-requisite for unbiased estimation, 

under the assumption of no specification error. However, this assumption is not true 

since time series regression almost always involves systematic error. Furthermore, the 

systematic errors of the ignored dynamics are always autocorrelated. This can be 

observed, for instance in Figure 5 and Figure 7, from the gaps between the trends of 

the intertwined curves of the adjustment processes. From time series plots mapping to 

regression plots, these autocorrelated gaps will be the autocorrelated residuals for the 

case of cointegration (see Figure 6) and for the differenced data (see Figure 8). From 

Figure 6 we observe that the residuals are concentrated about the regression line, 

while in Figure 8 they appear to be a random scatter around the origin. What is 

surprising to learn from Figure 8 is that the residual is also autocorrelated for the 

differenced variables. Although the autocorrelation is concealed by the raw data, it is 

revealed in the smoothed trends.  

Autocorrelation violates the white noise residual requirement of ordinary least 

squares (OLS). It makes things even worse to insist on a white noise residual by 

autocorrelation correction (including differencing). This can be seen from equation 

(14) and the plot of the residuals in Figure 8. After removing the growth trends of the 

time series by differencing, the residuals exhibit a ball shape that is without an 

obvious regression line. This has the effect of reducing the R
2
 value and resulting in 

slope estimates close to zero with little statistical significance. Thus, statistical 

inference tends to reject a relation more often. To avoid type II spurious regression, 

regression of differences is used to infer the relation between levels. However, if the 

relation is true then, as a consequence, there will be a bias towards falsely rejecting an 

existent relation and incurring type I spurious regression.  

It is well known in econometrics that long-term information will be lost 

through differencing. From the above discussion we have seen that due to the 

presence of systematic errors, differencing the data does not preserve correlation and 

parameter estimates under regression. Correlation that is present in trends of time 

series will be removed by differencing. Also as mentioned earlier, cointegration 
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captures only the long-term growth equilibrium of a dynamic relation. If the growth 

trends are removed by differencing, then little correlation is left.  

Prior to the popularity of the concepts of cointegration and error-correction, 

conventional wisdom was that the regression of differenced data was not subject to 

spurious regression when the time series in levels were nonstationary. Engle and 

Granger (1987) proved that, for cointegrated time series, there exists an underlying 

error-correction mechanism that accounts for the long-term equilibrium. If the 

variables are cointegrated, then a vector autoregressive (VAR) model in differenced 

variables will be misspecified, because of the lack of an error-correction mechanism 

in the VAR model. They also pointed out that regression of the first differences of 

variables will not be consistent, and the use of the Cochrane-Orcutt or other 

autocorrelation correction measures in the cointegration regression will produce 

inconsistent estimates. McNown and Wallace (1997) also argued that autocorrelation 

correction of cointegrated time series would cause spurious results in regression. An 

important conclusion is that a model of differenced time series will be subject to type 

I spurious regression if the time series are cointegrated and no error-correction 

mechanism is incorporated into the model. In this case a true relation between the 

levels of variables will be rejected.  

To guard against both types of spurious regression, a dynamic model should 

be used in time series analysis and this, it can be argued, is an explanation for the 

popularity of the error-correction model. In the case of cointegration when static 

regression is used, concession should be made on the requirement of white residuals. 

As Clements and Hendry (1999) indicate, a properly specified and estimated model 

with well-behaved residuals may produce worse forecasts than an alternative model 

that fails residual diagnostic tests. 

5.2.3  Type I spurious regression in return models  

In previous empirical research return models have been preferred to price 

models, principally in order to avoid the problems of scale, autocorrelation, as well as 

(type II) spurious regression. Return models were believed to encounter fewer 

econometric problems (except for that of very low R
2
 values), and so more likely to 

pass diagnostic tests. Since the long-term PE relation cannot be found in return 

models, the focus of these models has instead turned to the short-term information 

content of earnings for stock returns.  
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From Figure 7 it can be seen that the differenced time series are well-behaved 

noise processes, therefore they encounter fewer econometric problems. From the 

intertwined smooth trend curves in Figure 7 it can also be observed that the 

information content of the dynamic relation of the stock market adjustment process 

still remains, but cannot be detected by static regression. Even for the smoothed 

trends, the regression still results in a very low R
2
 value and a very low slope 

estimate. Thus, return models incur type I spurious regression, and the issue of a very 

low R
2
 value remains an inherent problem.  

The message we should take from the foregoing discussion is that the ill-

founded confidence in the use of return models arises from a misunderstanding of the 

underlying dynamic processes and the fact that a static model is only an 

approximation to such processes. Hence a return model without an error-correction 

mechanism is misspecified, and should be avoided.  

 

6.  Conclusions  

Previous empirical studies of the PE relation have sought to estimate a 

constant PE ratio or ERC from a linear PE relation. By allowing the PE ratio to be a 

variable instead of a constant, and assuming a log-linear PE relation, this paper sheds 

new light on the PE puzzle.  

We define the PE ratio to be equal to the reciprocal of the earnings yield and, 

by using a data-orientated approach at the level of the stock market, we show that the 

earnings yield corresponding to the stock price index follows the Federal Reserve 

discount rate. By recognising that the adjustment process for the earnings yield is via 

the interest rate then, in the long-term, the PE relation can be well-approximated by 

the inverse of the Federal Reserve discount rate. It follows that
R

EPS
PI ≈ , with the 

stock price index, PI, proportional to the earnings, EPS, and inversely proportional to 

the interest rate, R. This relation fully recognises the contribution of earnings to 

prices, and verifies the usefulness of earnings to equity valuation at least in an 

aggregate sense. It also indicates that the interest rate, a fundamental economic factor 

that captures financial market risk, plays an equally important role in determining the 

prices of market-listed stocks. We conclude that earnings contribute to the stock price 

index through the earnings yield following the interest rate. 

Some econometric pitfalls involved in much of the previous research on 

establishing the PE relation has also been discussed. Unstable ERC estimates imply a 
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variable PE ratio that, in turn, implies the non-existence of a constant ERC. Also, in 

the framework of cointegration and error-correction we show that the effect of type 1 

spurious regression is the cause of poor model fit in return models.  
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