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The evidence of long-term memory in equity returns is mixed. For instance, 
using classical R/S analysis, Peters (1989, 1996) finds evidence of such per-
sistence, but this finding disagrees with the results of Lo (1991) and Ambrose 
et al. (1993). The latter two studies use Lo’s modified R/S statistic which 
accounts for short-term dependence. We demonstrate that this modified R/S 
analysis does reveal the existence of long-term memory in stock returns during 
a recent period—that covering the 1992-2002 bubble—which was one of sus-
tained market exuberance and subsequent correction. During this time, our 
study finds significant evidence of persistence in the S&P 500 and the Nasdaq 
indexes. Our findings raise the interesting question of whether long memory 
effects characterize other periods of large deviations from rational pricing and 
have important implications for the modeling of equity returns. 

Introduction 
 In a speech to the American Enterprise Institute on December 5, 1996, Alan 
Greenspan imputed the rapid increase in stock prices since the early 1990s to an 
“irrational exuberance” on the part of investors. That is, prices were speculative in 
nature and were increasing faster than would be warranted by fundamental economic 
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factors. Although they took a slight dip upon these remarks, the major stock indexes 
quickly resumed their climb, a trend they would not reverse until five years later.1 
 
Figure 1—DJIA, Nasdaq, and S&P 500 Weekly Growth 1988-2004 

 
 
 Figure 1 portrays the growth in each of these indexes relative to 1988 values. 
All three indexes saw an apparently speculative upward trend in the 1992-2002 
period, and the pattern of a bubble was most pronounced in the case of Nasdaq. The 
present study tests this bubble period for the existence of a long-term memory effect 
and is motivated by the following considerations. First, as seen in Figure 1, the 
major stock indexes failed across a wide window of time to revert to any trend line 
based on the growth in fundamental values. Peters (1994) suggests that returns trend 
in a direction due to market sentiment or bias until an exogenous event changes the 
bias. Because returns apparently were buoyed by irrational exuberance, there may be 
a measurable long memory effect in returns over this period. Thus, investors may 
have used past returns information to form expectations about present and future 
returns.2 Second, existing evidence pertaining to long-term memory in stock returns 

                                                           
1For a discussion of the origin of the term “irrational exuberance” and the impact of 
Greenspan’s remarks, see Robert J. Schiller, “Definition of Irrational Exuberance: Origin of 
the Term,” (December 6, 2006) http://www.irrationalexuberance.com/Def-ie.htm 
2While a drop in spending after Y2K, interest rate hikes by the Fed, poor results for internet 
retailers, and concerns about Microsoft’s antitrust lawsuit may have weighed on market 
sentiment, it is difficult to pinpoint a specific event or news that precipitated the market crash 
that began around March 10, 2000. Johansen et al. (2000) note: “Within the efficient markets 
literature, only the revelation of a dramatic piece of information can cause a crash, yet in 
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is mixed. Some studies (such as those by Peters, 1989; 1996) using classical rescaled 
range (or R/S) analysis have found evidence of long-term memory. This evidence is 
inconsistent with Lo (1991), however, who adjusts the classical R/S statistic for 
biases arising from short-term dependence. Similarly, Ambrose et al. (1993) employ 
Lo’s (1991) modified R/S statistic and fail to find evidence of long-term memory in 
U.S. stock returns. Neither of these studies using the modified R/S statistic covers 
the extended period of speculative price increases witnessed during the 1990s 
bubble, the period of interest in the present study.  

Efficient Markets 
 In an efficient market, the price of an asset is an unbiased estimate of its true 
value; deviations of price from true value are random and unpredictable. New infor-
mation, the arrival of which is by definition random, induces a quick, unbiased, 
adjustment in prices by rational investors who constantly analyze such information 
as it becomes available. Thus, successive returns are independent, and prices follow 
a submartingale sequence or, more loosely, a random walk.3 
 Whether the evidence supports such market efficiency has been debated 
actively. Studies have indicated the predictability of daily and weekly returns based 
on past returns, but the return autocorrelations are either small, or potentially spuri-
ous on account of nonsynchronous trading. (See, for example, Fama, 1965; 1991; Lo 
and MacKinlay, 1988.) Fama and French (1988) and Poterba and Summers (1988) 
consider longer horizon returns, such as those over two to eight years, and report 
weak statistical evidence of a negative autocorrelation. DeBondt and Thaler (1985) 
also consider long-term returns, but report results that appear consistent with market 
overreaction to news. They identify winner and loser portfolios of stocks based on 
excess returns over the past three to five years and document that former losers sig-
nificantly outperform former winners over a 36-month period following portfolio 
formation. The methodology and findings of DeBondt and Thaler have been 
debated, but, on balance, evidence emerges in support of stock market overreaction 
and return reversals. [See, for instance, Zarowin (1989) for a critique and Albert and 
Henderson (1995) for a rebuttal.] Market overreaction also is suggested by Ritter 
(1991) and Spiess and Affleck-Graves (1995), who respectively report abnormally 
low long-term returns following initial and seasoned equity offerings. 
 In contrast to these studies, Jegadeesh and Titman (1993) report results consis-
tent with market underreaction. They find that earnings announcements by firms 
with strong (weak) past performance contain an element of positive (negative) sur-
prise for investors. This situation persists for eight months following the 

                                                                                                                                         
reality even the most thorough post mortem analyses are typically inconclusive as to what this 
piece of information might have been.” (p. 220) 
3For early work on the efficient market hypothesis, see Cootner (1964) and Fama (1970). 
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classification of stocks as winners and losers. Similarly, Bernard and Thomas (1990) 
document that stock prices take close to a year to embed information from earnings 
announcements, a finding suggestive of market underreaction. 
 Studies such as those just described pose a challenge to the efficient market 
hypothesis, and models based on behavioral attributes of investors have sought to 
explain observed anomalous returns behavior. For example, Daniel et al. (1998) sug-
gest that investors are subject to overconfidence and a self-attribution bias. 
Overconfidence leads them initially to overreact to a private signal. The self-attribu-
tion bias causes them to discount any contradictory signals and to receive validating 
public signals as confirmation of their decision. This lends inertia to their overreac-
tion in the short run, and the concomitant correction in the long run produces 
reversals. 
 The debate on market efficiency and rationality is by no means settled, how-
ever.4 Fama (1998), for instance, argues that evidence of anomalous behavior is not 
fatal to the efficient market hypothesis, for there appear to be about as many 
instances of market underreaction as of overreaction; apparent anomalies could be 
attributed to chance. Furthermore, apparently anomalous returns behavior may point 
either to market inefficiency or to an inadequate equilibrium asset-pricing model. 
 With regard to modeling, most traditional studies assume that stock returns are 
normally or approximately normally distributed and that they follow a random walk. 
The assumption of a normal distribution and finite variance allows the use of tradi-
tional mean-variance statistical techniques to obtain an optimal, or unique, risk-
return tradeoff. In contrast, Mandlebrot (1972a, 1972b) notes that stock returns tend 
to have higher peaks about the mean, skewness, and fatter tails than would be the 
case with normally distributed returns.5 He suggests that stock returns are best 
described by stable Paretian distributions which, as noted by Peters (1996), are 
“characterized by a tendency to have trends and cycles as well as abrupt and discon-
tinuous changes.” Even more telling, these distributions have infinite or undefined 
variance. Cootner (1964) admits that “almost all of our statistical tools are obsolete” 
if returns behave in a manner later observed by Mandlebrot. 

Persistence in Stock Returns 
 As noted above, the early studies of dependence in stock returns were 
essentially tests of the validity of the efficient market hypothesis. They employ asset 
pricing models such as the capital asset pricing model (CAPM) or arbitrage pricing 

                                                           
4See Fama (1998) and Rubinstein (2001) for a defense of the rational markets assumption. 
5During both periods analyzed in this study (1985-1994 and 1992-2002), the Jarque-Bera test 
indicates that returns are not normally distributed (with p-values less than 0.0001 for the 
Nasdaq, S&P 500, and the DJIA). Skewness and kurtosis are also strongly indicated (p-values 
less than 0.005) in both periods, with the sole exception that skewness for the S&P 500 Index 
is insignificant in the 1992-2002 period. 
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theory (APT), which involve the assumption that stock returns are normally 
distributed. A further assumption is that investors have a one-period time horizon, 
and so the studies do not specifically examine long memory. 
 Criticizing the use of linear single-period tests based on normally distributed 
returns, Mandelbrot (1970, 1972a, and 1972b) suggests the use of the rescaled range 
(R/S) analysis first proposed by Hurst (1951) in hydrology studies of the level of the 
Nile River Dam reservoir. Hurst (1951) derives a statistic, called the Hurst exponent, 
to measure whether time series are random or display persistence (long memory). Of 
particular value is the fact that the Hurst exponent has almost no underlying assump-
tions about the distribution of the time series. In an early study of the U.S. equity 
market, Green and Fielitz (1977) find evidence of long-term dependence in common 
stock returns using R/S analysis. More recently, Peters (1989, 1996) uses classical 
R/S analysis in studies of prices and returns in U.S. financial markets and finds evi-
dence of persistence in the bond, currency, and equity markets. 
 Lo (1991) notes, however, that the classical R/S test statistic is sensitive to 
short-term dependence. He modifies the R/S statistic to adjust for such dependence 
and finds no evidence of long-term memory in U.S. stock returns. The time period in 
Lo’s study ends in 1987; it spans the periods 1962-1987 and 1926-1987 for daily 
observations and monthly observations, respectively. In an analysis of Peters’ 
hypothesis of a fractal structure in the equity market, Ambrose, Ancel, and Griffiths 
(1993) use Lo’s modified R/S analysis and also find no evidence of persistence (or a 
fractal structure) in U.S. stock returns. Their study considers monthly returns on the 
S&P 500 between 1950 and 1988. The purpose of this paper is to determine whether 
Lo’s modified R/S analysis reveals a long-term memory effect in the returns of 
major U.S. stock indexes during the period of sustained market rise of the 1990s. 

Data and Methodology 
 The daily and weekly adjusted closing values for the Nasdaq Composite, S&P 
500, and Dow Jones Industrial Average indexes for the period from January 1, 1985 
to December 31, 2002 are used to compute daily and weekly holding period returns. 
The historical index values are provided by Commodity Systems, Inc. (CSI) and are 
available on the Yahoo Finance Web site. The daily and weekly returns series 
consist of 4544 and 939 observations, respectively. 
 Lo’s modified R/S analysis (LMRS) is used here to test for long memory effects 
versus short-term memory alternatives (such as ARCH effects or non-normality). 
The LMRS test also provides a robust measure with respect to short-term depend-
ence (autocorrelation), non-normality, and heteroskedasticity. Tse (1998) finds the 
LMRS to also be very robust to GARCH effects even when compared to the widely 
used Gweke and Porter-Hudak fractional cointegration test. 
 To apply LMRS, the deviation from the mean for all of the returns in a given 
series is computed as: 
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where: 
 Dt = Accumulated deviation from the mean in period t; 
 rt = The return in period t; and 
 rm = Mean return for all n observations (periods). 
 The range of the accumulated deviations, the difference between the maximum 
and minimum cumulative deviations for the return series is then calculated as: 

 Rn = Max(Dt) - Min(Dt), 1 < t < n (2) 

 The modified R/S statistic proposed by Lo (1991) is: 
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 St is derived from a variance estimator consisting of the sum of the sample vari-
ance plus a weighted sum of the autocovariance terms up to lag q, as shown in the 
following equation: 
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where: 
 Sx

2 = Sample variance; 
 Cj = Autocovariance term for lag j; and 
 wj(q) = Newey-West (1987) weighting factor for Cj. 
 The calculations of Cj and wj (q) in turn are shown in equations (5) and (6) 
respectively: 
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 Thus, the St value is based on a modified variance estimator that incorporates 
the weighted autocovariances up to lag q and is thus robust to many forms of 
heterogeneity and weak dependence (Lo, 1991). This measure, unlike the classical 
rescaled range, can distinguish short-range and long-range dependence. 
 The test for long-term dependence is then performed using the Qn statistic 
normalized by the number of observations:  
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 Lo (1991) derives the limiting distribution of the modified statistic, which, as he 
notes, converges to the range of the standard Brownian bridge. We use this expres-
sion for the distribution function to calculate the p-values for Vn and check those 
calculations against the critical values supplied in Lo’s study.6 The modified 
rescaled range is dependent on the truncation lag q. Yet it is unclear how best to 
choose q to prevent the finite-sample distribution of the modified statistic from 
deviating materially from its asymptotic distribution. Therefore, following the 
approach in Lo (1991), we compute the statistic for various values of q. As will be 
seen below, our point estimates are substantially stable across lag lengths. 
 
Table 1—LMRS Results for 1985-1994 Weekly Returns 
  Nasdaq  S&P 500  DJIA 
Lag (q)  Vn p-value  Vn p-value  Vn p-value 
1  1.288 0.408  1.056 0.749  1.164 0.589 
2  1.223 0.501  1.034 0.778  1.145 0.618 
3  1.184 0.559  1.036 0.776  1.150 0.610 
4  1.155 0.603  1.035 0.777  1.148 0.614 
5  1.134 0.635  1.038 0.773  1.149 0.611 
6  1.108 0.673  1.028 0.786  1.139 0.628 
7  1.087 0.704  1.015 0.803  1.128 0.643 
8  1.076 0.720  1.012 0.807  1.125 0.648 
9  1.067 0.733  1.012 0.808  1.125 0.648 
10  1.060 0.744  1.016 0.803  1.130 0.640 
11  1.055 0.749  1.018 0.799  1.132 0.638 
12  1.055 0.750  1.025 0.791  1.138 0.628 
13  1.055 0.750  1.027 0.788  1.138 0.628 
14  1.057 0.747  1.033 0.780  1.143 0.621 
15  1.061 0.742  1.038 0.773  1.144 0.619 
16  1.065 0.736  1.044 0.765  1.148 0.614 
17  1.070 0.728  1.050 0.757  1.150 0.610 
18  1.078 0.717  1.060 0.743  1.159 0.597 
19  1.087 0.704  1.068 0.732  1.164 0.590 
20  1.098 0.689  1.077 0.719  1.171 0.579 
21  1.109 0.672  1.087 0.704  1.179 0.567 
22  1.119 0.658  1.096 0.691  1.187 0.555 
23  1.129 0.642  1.103 0.681  1.193 0.546 
24  1.142 0.623  1.112 0.667  1.201 0.533 
 

                                                           
6See Lo (1991), p. 1292 equation (3.9) for the distribution function and p. 1288, Table II for 
the critical values. 
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LMRS Analysis of Stock Indexes 
 First, we tested the Nasdaq composite, S&P 500, and the DJIA indexes during 
the 1985-1994 period using the LMRS, and found no significant indication of long-
term memory or persistence in any of these major U.S. indexes. Results of the 
LMRS analysis for the weekly and daily returns over the 1985-1994 span are shown 
in Tables 1 and 2, respectively. Several other time frames were analyzed with 
similar findings.7 
 
Table 2—LMRS Results for 1985-1994 Daily Returns 
  Nasdaq  S&P 500  DJIA 
Lag (q)  Vn p-value  Vn p-value  Vn p-value 
1  1.425 0.245 0.873 0.943  0.973 0.854 
2  1.365 0.310 0.887 0.933  0.997 0.826 
3  1.340 0.341 0.905 0.920  1.017 0.801 
4  1.314 0.374 0.924 0.903  1.039 0.772 
5  1.285 0.412 0.928 0.899  1.044 0.766 
6  1.261 0.445 0.932 0.895  1.049 0.758 
7  1.246 0.467 0.936 0.892  1.053 0.753 
8  1.237 0.481 0.940 0.888  1.059 0.745 
9  1.229 0.492 0.944 0.885  1.064 0.737 
10  1.222 0.503 0.949 0.879  1.070 0.729 
11  1.214 0.514 0.953 0.875  1.074 0.723 
12  1.207 0.525 0.955 0.873  1.076 0.720 
13  1.200 0.535 0.958 0.870  1.079 0.716 
14  1.193 0.545 0.959 0.869  1.080 0.715 
15  1.188 0.554 0.962 0.866  1.083 0.711 
16  1.182 0.562 0.962 0.866  1.082 0.711 
17  1.177 0.569 0.963 0.865  1.083 0.710 
18  1.173 0.576 0.965 0.862  1.086 0.705 
19  1.169 0.581 0.970 0.857  1.091 0.698 
20  1.165 0.587 0.974 0.852  1.095 0.693 
30  1.133 0.635 1.004 0.817  1.121 0.653 
40  1.093 0.696 0.987 0.837  1.106 0.676 
50  1.074 0.724 0.990 0.834  1.111 0.668 
 
 The results in Tables 1 and 2 reveal that there is no evidence of any long-term 
memory effect in either the weekly or daily returns series for any of the major U.S. 
stock return indexes for any of the periods studied prior to the start of the stock mar-
ket bubble in 1992. This lack of significant persistence in U.S. stock returns is 
consistent with all past studies using the LMRS; thus, these results also suggest that 
the findings of long-term memory in studies using classical R/S analysis based on 

                                                           
7These results are typical for other time frames, wherein sequential ten to twelve year periods 
between 1985 and 1992 are analyzed. For example, the p-values are between 0.20 and 0.64 
(with most values around 0.50) for the daily and weekly returns for the S&P 500 and Nasdaq 
indices over the 1987-1997 period. 
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estimates of the Hurst exponent might be due to some type of short-term dependence 
(such as ARCH effects) and/or outliers. 
 In order to ascertain whether a long memory effect can be detected during a 
period which, particularly with the benefit of hindsight, we know to have been one 
of excessive investor exuberance, we apply the LMRS analysis to the period 
incorporating the 1990s bubble. Tables 3 and 4 show the computed test statistics and 
p-values for the 1992-2002 period. 
 
Table 3—LMRS Results for 1992-2002 Weekly Returns 
  Nasdaq  S&P 500  DJIA 
  Vn p-value  Vn p-value  Vn p-value 
1  1.784 0.040  1.688 0.070  1.340 0.341 
2  1.761 0.046  1.679 0.073  1.331 0.352 
3  1.744 0.051  1.690 0.069  1.340 0.341 
4  1.745 0.051  1.721 0.058  1.358 0.319 
5  1.723 0.058  1.747 0.050  1.390 0.283 
6  1.696 0.067  1.746 0.050  1.401 0.270 
7  1.701 0.065  1.773 0.043  1.427 0.244 
8  1.705 0.063  1.802 0.036  1.458 0.214 
9  1.718 0.059  1.831 0.030  1.489 0.187 
10  1.716 0.060  1.841 0.029  1.507 0.172 
11  1.709 0.062  1.832 0.030  1.506 0.173 
12  1.705 0.064  1.823 0.032  1.510 0.170 
13  1.697 0.066  1.813 0.034  1.513 0.168 
14  1.694 0.068  1.814 0.034  1.521 0.162 
15  1.688 0.070  1.807 0.035  1.527 0.157 
16  1.683 0.071  1.805 0.036  1.531 0.154 
17  1.683 0.072  1.799 0.037  1.531 0.154 
18  1.681 0.072  1.796 0.038  1.535 0.151 
19  1.680 0.073  1.796 0.038  1.544 0.145 
20  1.681 0.072  1.795 0.038  1.555 0.138 
21  1.683 0.072  1.792 0.038  1.563 0.132 
22  1.684 0.071  1.785 0.040  1.568 0.129 
23  1.684 0.071  1.774 0.043  1.570 0.128 
24  1.683 0.072  1.767 0.045  1.578 0.123 
25  1.681 0.073  1.762 0.046  1.583 0.120 
30  1.652 0.084  1.735 0.054  1.611 0.104 
35  1.628 0.096  1.710 0.062  1.635 0.092 
40  1.599 0.111  1.667 0.078  1.621 0.099 
 
 The results in Tables 3 and 4 confirm a significant long-term memory effect in 
the Nasdaq and S&P 500 Indexes, though not in the DJIA. For the Nasdaq and S&P 
500 series, the modified Lo statistic is significant at the 10 percent level or less to 
the 40th lag for the weekly returns and to the 120th lag for the daily returns.8 Except 
                                                           
8We thank an anonymous referee for drawing our attention to the critique of Lo’s test by 
Teverovsky et al. (1999). That study shows that Lo’s test is biased toward accepting the null 
as q increases. For the bubble period considered here, the test rejects the null (of no long 
memory) across relatively long truncation lags. 
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for the lack of long memory in the DJIA, these findings are in sharp contrast to the 
results for any of the periods studied prior to 1992. For the bubble period, the results 
suggest investors use past returns information when forming expectations about pre-
sent and future returns. 
 
Table 4—LMRS Results for 1992-2002 Daily Returns 
  Nasdaq  S&P 500  DJIA 
  Vn p-value  Vn p-value  Vn p-value 
1  1.708 0.062  1.544 0.145  1.274 0.428 
2  1.734 0.054  1.562 0.133  1.288 0.409 
3  1.748 0.050  1.586 0.118  1.303 0.389 
4  1.751 0.049  1.602 0.109  1.311 0.378 
5  1.762 0.046  1.625 0.097  1.323 0.362 
6  1.775 0.043  1.648 0.086  1.335 0.348 
7  1.777 0.042  1.673 0.076  1.347 0.332 
8  1.785 0.040  1.693 0.068  1.355 0.322 
9  1.792 0.038  1.707 0.063  1.361 0.316 
10  1.798 0.037  1.715 0.060  1.360 0.317 
11  1.804 0.036  1.726 0.056  1.367 0.309 
12  1.799 0.037  1.727 0.056  1.368 0.308 
13  1.783 0.041  1.723 0.058  1.366 0.310 
14  1.775 0.043  1.721 0.058  1.366 0.310 
15  1.768 0.044  1.721 0.058  1.367 0.308 
16  1.760 0.046  1.720 0.058  1.368 0.307 
17  1.752 0.049  1.720 0.058  1.369 0.306 
18  1.749 0.050  1.721 0.058  1.371 0.303 
19  1.744 0.051  1.723 0.057  1.374 0.301 
20  1.741 0.052  1.727 0.056  1.377 0.297 
30  1.709 0.062  1.771 0.044  1.419 0.251 
40  1.705 0.063  1.822 0.032  1.476 0.198 
50  1.727 0.056  1.877 0.023  1.534 0.152 
60  1.720 0.058  1.869 0.024  1.550 0.141 
70  1.715 0.060  1.855 0.026  1.558 0.136 
80  1.709 0.062  1.839 0.029  1.564 0.132 
90  1.709 0.062  1.828 0.031  1.566 0.131 
100  1.712 0.061  1.826 0.031  1.584 0.120 
110  1.721 0.058  1.819 0.033  1.600 0.110 
120  1.722 0.058  1.801 0.036  1.610 0.105 
 
 It has been suggested that the speculative bubble started with, but later was not 
confined to, smaller technology companies.9 In general, the stocks of smaller compa-
nies, not followed extensively by analysts, tend to be more speculative. Thus, a 

                                                           
9Two interesting notes on the speculative nature of stock returns during the 1992-2002 bubble 
are: 

“Nasdaq Bubble” (December 6, 2006) http://www.stock-market-creash.net/nasdaq.htm, 
and  

“The Dot-Com Crash” (December 8, 2006), 
http://www.investopedia.com/features/crashes/crashes8.asp. 
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comparison of the three indexes with respect to the relative size of their constituent 
information technology (IT) companies may shed some light on our long memory 
test results. The DJIA has only four IT stocks: IBM, Hewlett-Packard, Intel, and 
Microsoft, which had sales of $64.5 billion, $16.4 billion, $5.8 billion, and $2.8 
billion, respectively, in 1992, the start of the second period in our analysis. They are 
large, well-known stocks held in virtually all major mutual fund portfolios and fol-
lowed closely by analysts. To contrast the DJIA with the S&P 500 and the Nasdaq, 
we consider below the sales in the same year (in USD millions) of IT stocks in the 
latter two indexes by quartile:10 
 
Table 5—Size of Nasdaq and S&P 500 Component Firms, 1992 (Sales, USD millions) 

 Nasdaq  S&P 500 
Quartile Median Mean Range  Median Mean Range 

1 3.4 3.7 0.008 - 8.1  536.3 579.5 284.9 - 900.1 
2 15.9 16.7 8.2 - 28.6  1297.2 1375.9 933.4 - 1940.6 
3 47.8 49.8 28.6 - 78.8  3196.3 3062.5 2036.9 - 4099.8 
4 156.2 413.5 79.1 - 9440.5  8423.0 10956.5 7086.5 - 18089.0 

 
 The Nasdaq companies are significantly smaller than those in the S&P 500. For 
example, the Nasdaq companies in the fourth quartile are smaller on average than 
the S&P 500 companies in the first quartile. Furthermore, roughly half the IT 
companies in the S&P 500 are significantly smaller than those in the DJIA, and 
three-quarters of them are smaller than all but the smallest IT firm in the DJIA. The 
divergence in findings of long-term memory between the DJIA on the one hand and 
the Nasdaq and S&P 500 on the other could be due to the differences in the 
speculative nature of the companies in these indexes. 

Summary and Conclusions 
 Some early studies using classical R/S analysis did find evidence of long term 
memory in the U.S. stock markets. Subsequent studies using Lo’s modified R/S 
analysis (which is robust with respect to short-term dependence or autocorrelation, 
non-normality, and heteroskedasticity) find no evidence of long-term memory. 
Using the 1992-2002 bubble period, we document that a long memory effect may in 
fact be present during certain periods of market exuberance. Three of the major U.S. 
stock indexes (viz., DJIA, S&P 500, and Nasdaq) are analyzed before and during 
this bubble using Lo’s modified R/S analysis. The results provide no evidence of 
long memory prior to the bubble, but strongly indicate the presence of persistence in 
the bubble period for the Nasdaq and the S&P 500 Indexes. 

                                                           
10These figures omit the companies in the DJIA; i.e., Microsoft is excluded from the Nasdaq 
figures, and IBM, Intel, and Hewlett-Packard are excluded from the S&P 500 figures. Data 
are from Computstat. 
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 Several areas of further study are suggested. First, the availability of additional 
data in the future will allow before and after tests relative to this bubble, revealing 
whether or not the observed long memory effect was a temporary phenomenon con-
fined to the bubble. Second, as the presence of long memory in stock returns was not 
indicated prior to the study period, the evidence of persistence found in this study 
appears to be a recent phenomenon. Yet, it is possible that long memory effects were 
present during other periods of relatively large deviations from fundamental or 
rational prices, a subject that deserves investigation in light of the results presented 
here. 
 Finally, more research is necessary to see whether this long-term memory effect 
will be useful in formulating models (or even technical analysis tools) to predict 
future returns or market movements. In general, a long memory feature in time 
series would affect the accuracy of inferences and forecasts based on the traditional 
linear models with their independence assumption, and prediction accuracy may be 
enhanced by the use of ARFIMA models in which correlations decay exponentially 
rather than hyperbolically.11 For technical analysts, who make frequent use of mov-
ing averages, the presence of long memory may call for the use of higher-order 
moving averages in the formulation of trading rules (Sadique and Silvapulle, 2001). 
More specific to our results, which reveal significant persistence over a bubble, a 
successful exploitation of long memory would depend on the ability to recognize the 
stages of a bubble’s evolution from inception to a soft landing or a crash. The line of 
research exemplified by Johansen, Sornette , and others, who apply the science of 
complexity to the stock market, perhaps offers the most promise in the predictive 
modeling of bubbles and crashes (Johansen, 2004; Johansen and Sornette, 2001; 
Johansen et al., 2000; and Sornette and Zhou, 2006 inter alia).12 The results of this 
body of work suggest that an eclectic approach that draws from both the social and 
natural sciences may be effective in the predictive modeling of large events in finan-
cial markets. 
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