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Abstract: 

Prior literature from Atkins and Dyl (1990) has shown evidence of reversals in stocks following 
significant one day losses. However, in their paper the authors concluded that the large bid-ask spread 
associated with significant one day losers supports a weak form of efficient market theory, making it 
impossible to exploit the reversion for profit. In this paper, we plan to build on Atkins and Dyl’s work by 
using more recent data, limiting our focus to higher volume stocks with historically tighter bid-ask 
spreads, using date specific bid-ask spreads, and testing specific strategies (i.e. buying a top day 
percentage loser at the opening price of the next day and holding for certain amounts of time) in order to 
refute Atkins and Dyl’s claim that no profitable strategy exists from exploiting losers.  
 

The Efficient Market Hypothesis  

The Efficient Market Hypothesis (EMH) asserts that stock prices reflect all available 

information about companies, making it impossible to beat the market on a risk-adjusted basis. 

There are three forms of the EMH, each of which operates off its own set of varying 

assumptions. The weak-form EMH suggests stock price reflects all historical information. 

Therefore, basing investment decisions on historical movement and other technical analysis is 

useless. The semi-strong form EMH suggests prices reflect all currently publicly known 

information. Therefore, both fundamental analysis and technical analysis would be of little to no 

use in informing investment decisions. Lastly, strong-form EMH suggests prices reflect all 

current public information and private information. Under the assumptions of strong form EMH, 

no investment strategy can consistently beat the market.  

The Overreaction Hypothesis 

Since EMH was first presented, there have been many theories and hypotheses 

challenging it, one of which being the overreaction hypothesis. The Contrarian/Overreaction 

Hypothesis (DeBondt and Thaler 1985, 1987) asserts that buying previous losers and selling 

short previous winners results in abnormal short-term returns. This is based on the hypothesis 
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that previous big losers are left undervalued as a result of overreaction and sell-offs by panicked 

investors, likely as a result of bad news such as lower than expected earnings. The Overreaction 

Hypothesis suggests that the price will return to its average price over time, outperforming the 

market on its path back up. Conversely, under this theory large winners are left overvalued, 

fueled by an overreaction and surge in buying, just to return to the average price after time. If 

this hypothesis holds, it directly opposes all three forms of EMH.  

Introduction to our Paper  

The objective of this paper is to revisit the Overreaction Hypothesis, examining the 

performance of the top 5 and top 2 one-day percent losers in the S&P 500 over a time horizon of 

10 years. Our data came from CRSP (The Center for Research in Stock Prices) and consists of 

every company that was at any time a constituent of the S&P 500 from 2009-2019. To ensure our 

study only looks at high volume stocks, low-price, low-volume/liquidity stocks were eliminated 

from our data set before analysis began. This ensures growing companies' performances prior to 

entering the S&P 500 are not included. The study is most similar to Atkins and Dyl’s (1990), 

however, unlike the prior literature, we are only using information from companies with high 

volume, hoping to ensure that no profit is lost due to large bid-ask spreads.  

The paper is structured as follows: Section II  introduces relevant literature, including 

Atkins and Dyl (1990). Section III discusses our data and methodology. Section IV presents the 

main results of our analysis. Section V discusses our results as well as introduces any 

subsequent, more specific tests we run, and the results of said tests, and the paper ends with a 

final conclusion and summary.  
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Literature  

Prior studies have shown substantial evidence of overreactions in the stock market, 

giving much credence to the idea of there being inefficiencies present in the market. Beginning 

with Kahneman and Tversky (1973), evidence was presented that individuals tend to give much 

more weight to recent data when making decisions and judgements. De Bondt and Thaler (1985), 

(1987) first tested these overreaction theories in the stock market by creating two portfolios; one 

of stocks that had demonstrated abnormal positive returns dubbed “winners”, and one of stocks 

that had demonstrated abnormal negative returns (“losers”). They subsequently found that the 

winners exhibited negative, market-adjusted returns, while the losers earned positive 

market-adjusted returns. De Bondt and Thaler’s findings motivated additional research, which 

has generally supported the original findings. 

Following in De Bondt and Thaler’s footsteps, Brown and Harlow (1988) again found 

evidence of short-term corrections following negative events. Bremer and Sweeney (1991), using 

a design similar to De Bondt and Thaler (1985), examined short-term price movements from 

1962 to 1986. They examined all cases where a Fortune 500 company had a one-day price 

change of 10% or greater (also examining cutoffs of 7.5% and 15%). By looking only at larger 

companies, the authors avoided the issue of bid-ask spreads being responsible for changes in 

prices. Bremer and Sweeney tracked stocks after jumps for a period of 20 days, finding that five 

days post price drop, stocks averaged a 3.95% gain, whereas the winners showed no excess 

returns during the period following their large gains. 

While previous research showed evidence in support of stock market overreactions, no 

strategies to utilize these movements were created until Lehmann (1990). Using weekly returns, 
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Lehmann studied whether a return reversal strategy could generate profits by financing the 

purchases of stocks that had underperformed the market during the previous week by short 

selling the stocks that had outperformed the market. Lehmann used all securities listed on the 

NYSE and AMEX from 1962 to 1986, weighing the dollar amounts invested in each stock to the 

stock’s weekly excess return. Due to the large number of transactions each week (2000+) the 

profitability of the strategy depended on the size of transaction costs. Lehmann found that for a 

floor trader with assumed 0.1% transaction costs, the strategy would be extremely profitable, 

with a portfolio long $100 million of the losers and short $100 million of winners generating an 

average six-month profit of $38.77 million, with almost 2/3 of the profits coming from the losers 

in the portfolio. Following other previous studies, the winners and losers that had had the largest 

price changes demonstrated the largest reversals. 

Atkins and Dyl (1990) formed a different strategy, using the daily returns for all stocks 

on the NYSE from 1975 to 1984. The authors then selected the three stocks that experienced the 

largest percentage loss in value and the three that exhibited the largest percentage increase in 

value at close. Utilizing multiple forms of return analyses, Atkins and Dyl went on to find 

significant reversal in the largest percentage losers, demonstrating the presence of overreactions 

in the market. Contrary to Lehmann's findings, Atkins and Dyl found that profitability was not 

able to be achieved. This was due to transaction costs and the bid-ask spreads being large among 

these stocks, thus eliminating any gains that may have come from studied reversals. 

 

 

Data  
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To begin, we gathered the daily opening price, closing price, and bid-ask spread data for 

every S&P constituent for a period from January 2, 2008, to December 31, 2019, from CRSP. 

The inclusion of 2008 is in an attempt to model during both periods of recession and growth. 

This resulted in a complete dataset of over 2,000,000 entries. To differentiate ourselves from 

Atkins and Dyl (1990), we narrowed down the dataset into stocks that have a bid-ask spread of 

$0.05 or lower in effort to ensure that both large price drops were not due to bid-ask spread gaps, 

and that market orders would not suffer from large differences between bid and ask price. To 

further eliminate smaller companies, we eliminated any stock with a price lower than 5.00 (the 

current lowest-priced stock on the S&P 500 is Ford, priced at $6.74 as of 3/5/2020). By 

narrowing our data in this manner, we limit our data to only include more liquid, frequently 

traded stocks. Using this new dataset, we sorted our data by daily percentage drops, and 

identified the Top 5 and Top 2 losers for each day, creating the two main datasets we used for 

our analysis. Our Top-5 list has 15,080 observations, and our Top-2 list has 6,032 

observations.Table 1 shows the average price drop across our Top-5 and Top-2 data sets both by 

year and across the entire dataset.  

Methodology 

In each day for both our Top 5 and our Top 2 Datasets, we labeled the initial large 

percentage drops for each observation t​0​. The following five days post-drop are subsequently 

labeled t​i​ such that:  

t​i​ =  ​i ​= 1, 2, …, 5,Closing P rice day i
Closing P rice day 0 − 1  

Therefore, t​5​ represents the price change by percentage from day 0 (day of initial drop) to day 5 

following the initial drop. In addition, we also calculated t​ij​ such that: 
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t​ij​ ​=  j​ = ​i​ + 1,Closing P rice day j
Closing P rice day i − 1   

Therefore, in this calculation, t​12​ represents the price change by percentage from day 1 to day 2.  

 After calculating these values, we split both our Top 5 and Top 2 data sets into two 

groups, an in-sample and an out-of-sample. The designated in-sample years are 2008-2015, and 

designated out-of-sample years are 2016-2019. Using the results for t​i​ and t​ij​ for each year of our 

in-sample years, we averaged the values to find t​i​ or t​ij​ where we observe the highest returns by 

percentage, and applied the strategy to 2016-2019 to see if the same strategy results in the 

highest return in our out-of-sample years.  

In Sample Results 

In ​Table 2​ and ​Table 3​, the return results on t​i​ and t​ij​ for our Top-5 in-sample data 

(2008-2015) is presented. Taking the averages of the returns across the in-sample horizon, t​i​ is 

positive for all ​i​, meaning on average the-one day losers did show evidence of reversal. Of the 

eight years making up the in-sample data, t​5 ​was the highest performer five of those years. The 

exceptions are In 2008, when t​3​ = 0.29%, in 2014 when t​4​ = 0.30%,  and in 2010 and 2015 when 

t​1​ = -0.16% and -0.28%, respectively.  Across our time-horizon, t​4​ and t​5 ​both averaged the 

highest return, 0.18% on each trade. Therefore, if you had bought the top five biggest losers at 

the closing market price of day 0, on average, you would make 0.18% return on each trade if you 

closed out your position on day 4 or 5.  In ​Table​ ​4 ​and ​Table 5​, the return results on  t​i​ and t​ij​ for 

our Top-2 in-sample data (2008-2015) is presented. The return tests on our Top-2 prove to be 

similar to our Top-5, with t​4​ and t​5 ​again averaging the highest returns, this time 0.28% per trade. 

These results suggest that in our out of sample test,  t​4​ and t​5​ should again result in the 

highest returns for both our Top-5 and our Top-2 out-of-sample groups.  
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Out of Sample Results  

In ​Table 6 ​and ​Table 7​, our results for t​i​ are presented for Top-5 out-of-sample and Top-2 

out-of-sample. In both Top-5 and Top-2, our two highest performing days were t​4​ and t​5​, as 

predicted by our in-sample test. For the Top-5 losers, t​4​ returned 0.07% and t​5​ returned 0.18% per 

trade. For the Top-2, t​4 ​returned 0.08% and t​5​ returned 0.18% per trade. This confirms, then, that 

the most profitable strategy is to buy market price on close of day 0, and sell market price on 

close day 5.  

Profitability Test 

As stated above, in our analysis and subsequent findings within our data, we observed 

that the optimal strategy among our Top-5 and Top-2 lists was to buy the top losers at the closing 

price of day 0, and to hold and eventually sell these stocks at the closing price of day 5. Utilizing 

this strategy on our narrowed-down stock list, the issue of transaction costs observed by Atkins 

& Dyl is simplified, and bid-ask spreads do not play as big a part in our profitability analysis as 

they are incorporated in our strategy already.  

We began our profitability test by creating a balance of $1,000,000 to be invested over 

our time horizon of January 2, 2008 to December 31, 2019. Seeing as returns for our first trades 

would only become available for reinvestment following a period of 5 days, we allowed a fixed 

trade amount for the first five days of our time horizon before beginning to allow a flexible 

percentage of our available balance to be reinvested. For our Top-5 list, we set a $32,000 trade 

size for each of the 25 trades that would occur during our first 5 days, leaving 20% of our 

original balance or $200,000 available, in addition to the returns from our first day of trades, for 

a flexible reinvestment. For our Top-2 list, we set a $80,000 trade size for each of the 10 trades 
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that occured, again leaving $200,000 available in addition to our returns from the first day of 

trades for reinvestment. Beginning with the sixth day of trades for both lists, a new flexible trade 

size was implemented. This was a fixed percentage of our cash balance available for 

reinvestment, ranging, which we sensitized from 0.5% per trade to 20% per trade for our Top-5 

list and from 1% per trade to 35% per trade for our Top-2 list.  

Keeping a running track of our balance available for reinvestment, which included our 

trade returns lagged by 5 days and flexible trade sizes, we created our strategy. Once this strategy 

was applied to our data, we further sensitized our flexible trade size percentage to evaluate what 

strategies and trade sizes would have been the most profitable, if at all.  

Beginning with our results from the Top-5 list as seen in ​Table 10​, we found that our 

ending portfolio balance on December 31, 2019 increased monotonically with every .005 

increase in our fixed percentage per trade, with the highest % per trade of 19.5% culminating in 

an ending portfolio value of $2,777,884. This represents a 278% gain over our time horizon, a 

substantial return, particularly when compared to the S&P 500’s returns during the same time 

horizon of 220.7%. In ​Table 9​, we see our results for our Top-2 list. Again, our observed ending 

portfolio balances increase subsequent increases in our fixed per-trade percentage, with the 

highest % per trade of 35% culminating in a final value of $2,144,875, a gain of 214%. While 

this final portfolio result does not beat the S&P 500’s return of 220%, it is encouraging that our 

Top-2 Lists’ returns do not lag by a considerable gap. It is worthwhile to note that after these 

fixed rates go over a certain percentage, our formula ceases to work, as our portfolio balance 

either drops to $0 due to us not leaving extra cash on hand to deal with drops, or rockets to 

absurd values such as with the case of 55% in our Top-2 list yielding a portfolio value of 
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. This is due to us creating money out of thin air once our percentage goes over4.10$ × 1049  

50% (seeing as we would have two trades which would each take over 50% of our value for that 

one day, corresponding to a value larger than 100% of our actual balance available). These 

extraneous results are why we capped our percentage invested per trade as we did. 

Conclusion 

Using our data and our subsequent analyses, we can say firmly that utilizing a strategy of 

buying top losers and holding for a period of time (in our case t=5 days) can yield a profitable 

outcome. This outcome and observation goes against the observations of Atkins & Dyl but does 

go nicely with the observations and studies of Lehmann, who did develop a profitable, albeit 

different, strategy. When comparing our returns from our Top-5 and Top 2 lists to the returns of 

the S&P 500 during our time horizon, we can see that the superior returns come from our Top-5 

list, although both returns would be considered profitable on an absolute level. This result surely 

warrants additional research and testing. A potential reason for this difference may be due to the 

potential that the drops among the Top-2 losers every day were more warranted, due to larger 

issues within each stock, and thus the rebound may not have been as great as with the remaining 

three stocks within a Top-5 losers list. With our results, we can decisively state that the optimal 

strategy to produce returns would be to invest in the Top-5 list, using the data from our time 

horizons. Further studies could consider alternate time periods, extending the time each stock 

was held until sale past 5 days, changing the amount invested per stock as a percentage of the 

portfolio, or to analyze which types of stocks regressed more heavily than others.  
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