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Abstract

For short-term investments in equity markets, investors use price points, candlestick 
patterns, moving averages, support and resistance levels, trendlines, price patterns, rel-
ative strength index, and moving average convergence-divergence as reference(s) for 
making decisions. This study investigates whether investors use daily price extremes 
(highest and lowest prices for the day) for making short-term investments or trading 
decisions in the context of the Indian equity market. Using 6,902 observations of daily 
data of the NIFTY 50 index since its launch, it is observed that daily price extremes 
(high or low) have no impact on opening returns of the next trading day. Based on the 
dummy regression analysis, next-day opening returns were found to be statistically 
significant, which implies the presence of momentum behavior. However, insignificant 
coefficients for high or low-price extremes of the day mean that investors do not use 
them as an anchor or reference point for decisions. Results are consistent over time and 
robust to the rising or falling markets. Further, opening returns were seen to be more 
volatile than closing returns in the first half of the sample, and they are less volatile in 
the second half, implying that markets have become more efficient in the last few years.
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INTRODUCTION 

Stock markets are ideal avenues for wealth creation (Bessembinder, 
2021) and attract many retail and institutional investors who want 
to make a fortune. Investors use numerous fundamentals-based or 
technical analysis tools to make investment decisions (Arévalo et 
al., 2017; Shah et al., 2019). They make decisions based on time ho-
rizon (short-term versus long-term) and expectations (bulls versus 
bears) of the market direction (Bahadar et al., 2019). Long-term in-
vestors base their investment decisions on the intrinsic value (Lee et 
al., 1999) and expected returns (Lyle & Yohn, 2021) derived by analyz-
ing the fundamentals of a firm, i.e., financial ratios, macroeconomic 
environment, geopolitical situation, and risk. In contrast, short-term 
investors use patterns in asset prices (Friesen et al., 2009) supported 
by various technical analyses such as price-volume action, candlestick 
patterns, moving averages, support and resistance levels, trendlines, 
relative strength index (RSI), moving average convergence-divergence 
(MACD) indicators. Short-term investors look for potential inefficien-
cy in the market due to imperfect information and make decisions 
(entry, exit, stop loss) that are anchored to the price points suggested 
by different technical indicators (Metghalchi et al., 2019). Their deci-
sions also reflect the influence of psychological biases (Daniel et al., 
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1998) and market sentiments (Hao et al., 2018). Price extremes (i.e., 52-weeks, monthly, weekly, or daily 
high/low prices) are typical candidates for reference and pricing points that influence investment deci-
sions (George & Hwang, 2004; Li & Yu, 2012; Parkinson, 1980). Price extremes are comparatively more 
publicized and readily available in mainstream and social media (George & Hwang, 2004). Compared 
to long-term investors, short-term traders react to new information quickly due to the limited time win-
dow available for trades (Sturm, 2013), and they are more prone to price extremes. 

In a recent study, Sturm (2021) examined whether extreme prices can serve as reference points for short-
term investment decisions. The use of daily price extremes (highest and lowest prices) as reference points 
provides evidence of anchoring bias (Tversky & Kahneman, 1974) in the short-term decision-making 
of traders and investors. Sturm (2021) used S&P 500 index data to investigate the impact of daily price 
extremes on the opening price returns and concluded that excess momentum returns in opening prices 
are found for days in which prices open outside the previous day’s price extremes. The current research 
paper extends the modeling approach of Sturm (2021) and examines the impact of daily price extremes, 
as an anchor or reference point, on short-term investments in the context of the Indian equity market. 
Understanding extreme price behavior in the Indian equity market would be interesting as it is one of 
the fastest among emerging economies, and the participation of retail investors is increasing with the 
rise in disposable incomes. Recent studies (Baker et al., 2018; Raut et al., 2020) indicate the presence of 
anchoring bias among Indian investors. Hence, examining the anchoring bias, especially daily price 
extremes in the context of Indian investors, would be quite fascinating due to its unique market setting 
and ensuing volatility. 

1. LITERATURE REVIEW

The topic of stock price prediction is debatable in 
the scholarly literature (Sturm, 2013), and the im-
pact of daily price extremes on the next day’s in-
dex returns in an emerging market context is a little 
studied phenomenon. Using historical monthly or 
daily data, researchers forecast indices that capture 
broader market movement than individual stocks. 
For example, researchers have investigated daily da-
ta of the NASDAQ Stock Exchange Index (Guresen 
et al., 2011), Dow Jones Industrial Average Index 
(O’Connell et al., 2011), Istanbul Stock Exchange, 
S&P 500 Index (Cao & Tay, 2001; Sturm, 2021), S&P 
500 Index ETF (Zhong & Enke, 2017), MSCI World 
Index (Eugster & Uhl, 2022). However, because of 
the unique setting of different markets and ensuing 
volatility, and despite the availability of machine 
learning algorithms and advanced statistical tech-
niques, stock price prediction continues to remain 
challenging (Shah et al., 2019).

Believers in the efficient market hypothesis (Fama, 
1970) emphasize that stock prices fully reflect the 
publicly available information, and advocate that 
using any analysis, whether technical or funda-
mental, for predicting stock prices is a futile ex-
ercise. The efficient market hypothesis is also con-

sistent with the random walk hypothesis (Fama, 
1995; Malkiel, 2003), which posits that stock prices 
are random and historical prices cannot be used 
to predict the future price movements of a stock. 
However, Shiller (2015) argues that prices across 
all asset categories are psychologically driven as 
reflected in the bubbles in stock markets when 
stock prices become inflated and burst over time. 
As regulatory environments and tax laws change, 
market participants’ risk and reward preferences 
also change (Lo, 2004). As stock prices fully dis-
count all available information, the historical path 
taken by the stock prices also influences the ag-
gregate risk preferences (Lo, 2004). Because of be-
havioral patterns and some short-term phenome-
na (Shiller, 2015), markets may show information 
asymmetry. Short-term investors look for poten-
tial inefficiency in the market due to imperfect 
information and link their decisions to the price 
points suggested by different technical indicators 
(Metghalchi et al., 2019). Because equity prices are 
less predictable in the short run than in the long 
run, price points act as reference points to make 
the decisions for investing in the equity markets. 
In a significant way, the technical analysis contains 
valuable information for decision-making (Sturm, 
2013) and a plethora of studies (Abu-Mostafa & 
Atiya, 1996; Lu et al., 2012; Metghalchi et al., 2019; 
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Park & Irwin, 2007) highlight that technical anal-
ysis is a valuable technique in predicting prices. 
Technical analysts argue that stock prices move in 
specific patterns, which makes them predictable 
in the short term (Murphy, 1999; Pring, 2002). In a 
novel dataset of news sentiments, Eugster and Uhl 
(2022) found no significant relationship between 
technical analysis indicators and future asset re-
turns. Nevertheless, it is worthwhile to note that 
historical prices (or returns) and past technical 
analysis have explanatory power to forecast future 
price behavior in the short run (Chong et al., 2017; 
Eugster & Uhl, 2022; Zhong & Enke, 2017).

Overreaction and momentum are popular hypoth-
eses from a behavioral finance perspective explain-
ing the predictive power of historical prices. The 
overreaction hypothesis suggests that when histor-
ical price changes (returns) are extreme, the subse-
quent price reversals will be more pronounced (De 
Bondt & Thaler, 1985, p. 80). It implies that inves-
tors tend to reverse the price directions in the fol-
lowing days. On the other hand, the momentum 
hypothesis suggests that buying past winners and 
selling past losers will generate abnormal returns 
as prices react in a delayed manner to firm-specific 
information (Jegadeesh & Titman, 1993). The mo-
mentum profits are generated mainly from time-se-
ries predictability in stock market indices (Chan et 
al., 2000). Scholars have found evidence for both 
hypotheses, momentum, and overreaction, in the 
context of the Indian stock market (Ansari & Khan, 
2012; Choudhary & Sethi, 2014). 

Short-term investors use past stock prices and 
signals from technical analysts to predict the di-
rection of daily stock market returns. As per the 
behavioral models discussed above, this might be 
caused by the serial correlation of daily returns 
(Jegadeesh & Titman, 2011). However, there is lit-
tle evidence to show whether the serial correlation 
is under-reaction or over-reaction. Another view 
outlined by Park and Sabourian (2011) suggest 
that investors herd if they see extreme outcomes 
as more likely, else they act as contrarian if any 
technical analyses such as RSI, technical support, 
or resistance levels lead them to middle values.

Also, markets can turn inefficient and offer a po-
tential to earn returns because of psychological 
reasons of participants (Shiller, 2015) and asset 

mispricing (Hirshleifer, 2001) resulting from deci-
sion biases such as overconfidence bias, anchoring 
bias, representativeness bias, loss aversion, opti-
mism. It makes financial decision-making com-
plex. Investors tend to suffer from anchoring bias, 
a concept popularized by Tversky and Kahneman 
(1974), who argued that investors rely on some 
popular price levels such as a 52-week high/low 
(George & Hwang, 2004; Li & Yu, 2012), 200-day 
moving average, or technical support or resistance 
levels for making investment decisions (Murphy, 
1999; Pring, 2002). Anchoring bias influences in-
vestors when they evaluate, a priori, future stock 
prices. However, this estimation is a complex task 
involving a higher degree of uncertainty (Cen et 
al., 2013). These price levels are well covered by 
print media (TV channels, business newspapers) 
and social media (YouTube, Telegram, and Twitter, 
among others). Hence, the role of these salient 
price levels, however irrelevant as an anchor, be-
comes pivotal in influencing investment decisions 
(Cen et al., 2013). Sturm (2008, 2021) argues that 
investors consider price extremes as new reference 
levels and anchor their decisions based on them. 
Sturm (2021) used the previous day’s highest or 
lowest trading prices to calculate excess momen-
tum returns on the days in which prices open out-
side of the previous day’s highest or lowest trad-
ing price and found it to be robust to the market 
direction (up/down) and consistent over time. 
Price extremes become crucial reference points 
and influence short-term investment decisions 
as investors adjust their previous anchors based 
on recent significant real price (Zielonka, 2004). 
Previous studies (George & Hwang, 2004; Li & Yu, 
2012) showed evidence of the explanatory power 
of price extremes in future returns. Investors can 
forecast aggregate market returns when prices are 
near to 52-week high or historical high (Li & Yu, 
2012). Similarly, daily price extremes are expected 
to act as an anchor when traders analyze the avail-
able information for forecasting next-day prices 
(Sturm, 2021). However, the impact of daily price 
extremes on the daily index returns might not be 
the same across countries because of volatility 
and other macro variables such as regulations and 
corporate governance. The current research paper 
aims to look for empirical evidence of the impact 
of daily price extremes, as a psychological anchor, 
on the daily index returns in the context of the 
India stock index.
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2. DATA AND METHODOLOGY

To proxy investor behavior, adjusted daily pric-
es of the NIFTY50 index were extracted from 
Bloomberg in open, high, low, and close (OHLC) 
format. NIFTY50 index is India’s benchmark in-
dex, the underlying index for the world’s most 
liquid derivatives contracts (futures and options), 
index mutual funds, and exchange-traded funds 
(ETFs). The data spans from November 3, 1995 
to April 30, 2022. The data have been taken since 
the origin of the National Stock Exchange (where 
NIFTY 50 is traded) to date to do a comprehensive 
analysis. This study examines the impact of price 
extremes (highest and lowest prices on a day) on 
the next day’s opening prices. Stock market stud-
ies generally are based on close prices (or close-to-
close returns). However, the current study will use 
open prices (or open-to-open returns) to examine 
the impact of price extremes (the high and low 
prices) on the opening returns. In the literature, 
many renowned scholars have also used open-to-
open returns for different scholarly purposes. For 
example, Parkinson (1980) used extreme values 
(the high and low prices) for the volatility mode-
ling of stock returns. Whereas Garman and Klass 
(1980) used open and close prices as well, in addi-
tion to the extreme values (the high and low pric-
es), to estimate stock return volatility. However, 
the properties of opening and closing returns 
might differ as they are recorded at different times, 
and they might discount different sets of informa-
tion for price discovery. Hence, a comparison of 
opening and closing prices are shown in Table 1.

These descriptive statistics align with the findings 
of Sturm (2021). Both price series, opening and 
closing, have the same average return of 0.04% 
(Column 2 of Table 1). However, there is a slight 
variation in the standard deviation of both series. 
Column 3 indicates that opening returns are more 

volatile than closing returns, which is consistent 
with the findings of Hong and Wang (2000). Such 
behavior can also be attributed to the findings of 
Moshirian et al. (2012), who report that opening 
prices immediately discount the overnight news, 
but the discounting process is slower when infor-
mation arrives during the day. Statistically, both 
price series are identical, as shown by the highly 
insignificant p-value of 0.991 for the difference in 
returns in column 5 of Table 1. Column 6 shows 
that the correlation between the two series is sig-
nificant but low, suggesting that both series dis-
count different sets of information. 

Finally, consistent with Sturm (2021), both price 
series exhibit a positive and highly significant 
first-order autocorrelation of 0.029 and 0.042, 
respectively (column 7 of Table 1). Though the 
first-order correlation coefficient’s magnitude is 
much less in both series, opening return autocor-
relation (0.029) is much less than closing return 
autocorrelation (0.042). It suggests that opening 
price discovery is more efficient than closing price 
discovery. The study also compares the nuances of 
opening and closing returns to understand the na-
ture of the two-price series. 

Before investigating the impact of price extremes 
on opening price returns, opening price returns 
were investigated to find evidence of momentum 
or overreaction behavior. As suggested in the liter-
ature (Bremer & Sweeney, 1991; Sturm, 2021), the 
entire data set was sorted in the order of opening 
returns of day t and divided into deciles. Later, re-
turns of the following five days were averaged and 
examined for abnormal returns. These results are 
reported in Table 3. Next, the impact of price ex-
tremes on opening returns was examined using 
dummy variable regression analysis, which was 
the primary motivation of this study. The purpose 
was to isolate the impact of price extremes and the 

Table 1. Descriptive statistics
Source: Authors’ calculation.

Series Mean
Standard 

Deviation Observations Difference  
in returns

Correlation First order 
Autocorrelation

Opening Returns 0.04% 1.48% 6902
0.000 (0.991) 0.185*** (0.000)

0.029** (0.013)

Closing Returns 0.04% 1.45% 6902 0.042*** (0.000)

Note: This table exhibits descriptive statistics for opening (open-to-open returns) and closing returns (close-to-close returns) 
of the NIFTY 50 index from November 3, 1995 to April 30, 2022. Returns are computed as log differences in respective prices. 
Column 5 presents the difference in opening and closing returns; Column 6 shows the correlation between opening and 
closing returns; Column 7 exhibits the first-order autocorrelation of opening and closing returns. The p-value of test statistics 
is reported in parentheses. ***, **, and * indicate the statistical significance at 1%, 5%, and 10% levels, respectively.
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previous day’s opening prices on today’s opening 
price returns. For the estimation of impact, the 
following regression model was used:

1 1 2 3
 ,

t t H L
R R D Dα γ γ γ ε+ = + + + +  (1)

where R
t+1

 and R
t
 are opening price returns on day 

t+1 and day t of the event; D
H
 and D

L
 are dichoto-

mous variables taking the value of 1 if the opening 
price on day t is higher (lower) than that of the 
previous day’s high (low) and 0 otherwise; α is the 
intercept term, γ

s
 are the coefficients for the varia-

bles, and ε is the error term.

In the regression equation, γ
1
 estimates the mo-

mentum in opening price returns (i.e., impact of 
the previous day’s opening returns), γ

2
 and γ

3
 cap-

ture the influence of daily price extremes (high 
and lows). γ

2
 captures the impact of the event 

when the price on day t is opening higher than the 
previous day’s highest price, whereas γ

3
 captures 

the impact of the event when the price on day t is 
opening lower than the previous day’s lowest price. 
The setup of extreme price events and returns on 
day t+1 is explained in Table 2.

If daily price extreme events (on Day t) work an-
chors and influence short-term investment be-
havior and decisions, γ

2
 and γ

3
 will be statistically 

significant. The regression results are reported in 
Table 4.

3. RESULTS

To understand the impact of the previous day’s 
opening prices on today’s opening price returns, 
it is essential to isolate the effect of price extremes 
from the impact of the previous day’s opening 
prices on today’s opening price returns. The first 
column of Table 3 shows the deciles (from 1 to 10), 
where decile 1 is for the largest returns and decile 
10 is for the smallest returns. Column 2 shows the 

average opening returns on day t, and columns 3-7 
present the average opening returns for five days 
following day t.

Table 3. Momentum in opening price returns

Source: Authors’ calculation.

Decile t t+1 t+2 t+3 t+4 t+5

1
2.61 0.1 –0.04 0.05 0.15 0.03

– 0.95 –1.32 0.13 1.72* –0.19

2
1.25 0.24 0.12 0.11 0.04 0.09

3.39*** 1.29 1.11 0(1) 0.81

3
0.79 0.09 0.08 0 0.06 0.12

– 0.84 0.73 –0.71 0.37 1.34

4
0.45 0.03 0.04 0.08 0 –0.01

– –0.26 –0.02 0.63 –0.67 –0.95

5
0.15 0.04 –0.01 0.04 0.16 0.07

– –0.09 –0.94 –0.01 2.06** 0.52

6
–0.03 0.07 0.04 0.04 0.13 –0.02

– 0.53 0.02 –0.05 1.48 –1.07

7
–0.28 –0.04 0.08 0.07 0 0.03

– –1.39 0.6 0.48 –0.77 –0.16

8
–0.64 0 0.03 –0.01 0.04 0.05

– –0.66 –0.17 –0.92 0.04 0.11

9
–1.17 –0.08 0.01 0 –0.04 0.11

– –2.05** –0.47 –0.64 –1.46 1.15

10
–2.73 –0.03 0.06 0.04 –0.12 –0.05

– –1.18 0.29 –0.01 –2.64*** –1.47

Note: This table exhibits the average daily returns calculated 
from opening prices for the NIFTY 50 over the period from 
November 3, 1995 to April 30, 2022. Returns are in % (no 
decimals). Returns (on Day t) are sorted first and then divided 
into deciles. Column 2 shows the returns of each decile, and 
Columns 3 to Column 7 exhibit average daily returns along 
with their test statistic for the consecutive 5 days (1, 2, 3, 
4, and 5 days) following Day t. The test statistic tests the 
difference of means between the entire return series and 
the period under examination (each decile). ***, **, and * 
indicate the statistical significance at 1%, 5%, and 10% levels, 
respectively.

Though Table 3 does not show any strong evidence 
of short-term momentum in opening returns, 
some deciles on two days (t+1 and t+4) following 
the day t show abnormal average opening returns, 
which reflects the possibility of the existence of 
momentum. Abnormal returns are visible for the 
day t+1 in deciles 2 and 9 only (in the bold font in 
Table 3). Similarly, for the day t+4, deciles 1, 5, and 

Table 2. The setup of extreme price event and returns on day t+1
Source: Authors.

Day t-1 Extreme price event on Day t Day t+1

For example, the prices on day 

t-1 are as follows:

Open price is 50 

Close price is 52 

Highest price is 55 

Lowest price is 49

An extreme price event occurs only if the price opens below 49 

(lowest of the previous day) or above 55 (highest of the previous day).

If the opening price is above 55, D
H
 will be assigned 1, or 0 otherwise.

 If the opening price is below 49, D
L
 will be assigned 1 or 0 otherwise.

Opening price returns 

calculated on the day following 

the extreme price event.
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10 show statistical significance. Previously, Table 
1 showed that first-order autocorrelation in open-
ing price returns is 0.029. Hence, the likelihood of 
impact of price extremes on opening price returns 
cannot be ruled out. Next, the impact of price 
extremes on opening returns is examined using 
dummy variable regression analysis. The regres-
sion results are reported in Table 4.

Table 4. Regression results for the full sample 
and sub-samples

R
t

N γ
1

γ
2

γ
3

Panel A: Full Sample  

(November 3, 1995 to April 30, 2022)

All 

Observations

6901 0.04 –0.04 0.05

– 2.68*** –0.81 0.66

R
t
 > 0

3475 0.03 –0.08 NA

– 1.13 –1.64 –

R
t
 < 0

3063 –0.01 NA 0.06

– –0.48 – 0.79

Panel B: First Half of the sample  
(November 3, 1995 to January 23, 2009)

All 

Observations

3450 0.06 0.04 –0.03

– 3.19*** 0.32 –0.22

R
t
 > 0

1720 –0.01 0.04 NA

–0.21 0.31 –

R
t
 < 0

1543 0.02 NA 0.01

– 0.58 – 0.03

Panel C: Second Half of the sample  
(January 26, 2009 to April 30, 2022)

All 

Observations

3451 –0.03 –0.02 –0.02

– –1.62 –0.31 –0.21

R
t
 > 0

1755 0.04 –0.07 NA

– 1.31 –1.20 –

R
t
 < 0

1520 –0.17 NA –0.09

– –4.37*** – –1.11

Note: Regression results are obtained from estimating 
equation (1). ***, **, and * indicate the statistical significance 
at 1%, 5%, and 10% levels, respectively.

Panel A of Table 4 shows the regression results for 
the full sample period, while Panels B and C rep-
resent results for the first and second half of the 
sample period, respectively. Within each panel, 
three rows present the results for all observations, 
positive, and negative Day t returns, respectively. 
Columns 3, 4, and 5 of each panel present the coef-
ficients and their test statistics. 

The first row in Panel A of Table 4 exhibits re-
gression results for the entire dataset spanning 
November 3, 1995 to April 30, 2022 (6,901 ob-
servations). It shows that γ

1
 is 0.04 and statisti-

cally significant at the 1% level of significance, 
which implies that, despite the presence of the 
prior day’s price extremes, momentum behavior 
is evident in opening returns. However, γ

2
 and 

γ
3
 are not statistically significant, which implies 

that daily price extremes (highs or lows) do not 
work as an anchor or reference point for inves-
tors while making a short-term investment or 
trading decision in the Indian equity market.

For robustness check, data is divided into two 
halves (first half and second half), and regres-
sion is run on two subsamples. The regression 
results for the first half (November 3, 1995 to 
January 23, 2009) are reported in row 1 of Panel 
B. Results for the second half (January 26, 2009 
to April 30, 2022) are reported in row 1 of Panel 
C. Results for the first half are similar and indi-
cate that momentum persists (statistically sig-
nificant γ

1
) and there is no impact of daily price 

extremes (statistically insignificant γ
2
 and γ

3
). 

However, regression results for the second half 
are different and suggest that all coefficients (γ

1
, 

γ
2
 and γ

3
) are statistically insignificant. It im-

plies that there is no effect of momentum and 
daily price extremes on opening price returns in 
the second half of the sample.

Next, the impact of falling or rising prices is 
tested. Row 2 in all three panels reports the re-
gression results for days having positive returns 
only for Day t (R

t
 > 0). And, row 3 in all three 

panels reports the regression results for days 
having negative returns only on Day t (R

t
 < 0). 

One clear finding is that there is no impact of 
daily price extremes in rising or falling markets 
as γ

2
 and γ

3
 are statistically insignificant in row 

2 and row 3 of all panels. However, the momen-
tum behavior of the investors is not the same in 
the rising and falling markets. Row 1 of Panel A 
shows that investors are displaying momentum 
behavior for the full sample, evident from statis-
tically significant γ

1
 (0.04). However, row 2 and 

row 3 indicate that investors are not showing 
any momentum behavior as γ

1
 (0.03 and –0.01, 

respectively) becomes statistically insignificant. 
Panel B for the first half also reports similar re-
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sults. However, the results for the second half 
(Panel C) are different. Row 3 of Panel C shows 
that investors are showing momentum behavior 
in the declining markets, which is evident from 
statistically significant γ

1
 (–0.17), which was in-

significant for the entire dataset of the second 
half (–0.03).

4. DISCUSSION

Analysis shows the presence of momentum on 
fewer days. Except for these statistically signifi-
cant values, there is no other reliable presence of 
momentum or overreaction. In fact, there is no 
consistent pattern (from decile 1 to decile 10) to 
show the presence of momentum. Hence, these 
results might be just artifacts of the sample. It 
is also evident from Table 3 that there is no mo-
mentum or overreaction found in the opening 
price returns (decile-wise), as most of the aver-
age returns on all five days following day t are 
statistically insignificant. This finding is con-
sistent with Hong and Wang (2000) but contra-
dictory to that of Sturm (2021), who finds strong 
momentum in the results. The plausible reason 
for such different findings can be the different 
nature of time series data or periods studied.

The regression findings (refer to Table 4) also contra-
dict the findings of Sturm (2021), who indicated that 
price extremes of the day might serve as reference 
points for short-term decisions in the equity markets. 
The divergence in the results can be attributed to the 
different regulatory environments, different time se-
ries, different time periods, or the nature of volatili-
ty. The findings do not provide conclusive evidence 
that behavioral biases can affect aggregate market 
returns in the Indian context.

The findings are robust over the years, which indi-
cates that over the years, the Indian equity markets 
have become more efficient, in the weak form, due to 
enhanced regulations and a better focus on corporate 
governance practices. Moreover, such an evolution of 
the Indian equity market points to the adaptive mar-
ket hypothesis (Lo, 2004), which combines the effi-
cient market hypothesis with behavioral economics. 
So, with the shift in the regulatory environment and 
tax laws over time, the risk/ reward relationship also 
changes (Lo, 2004). Through findings, row 1 in all 
three panels in Table 4 (Panel A, B, and C), implies 
that daily price extremes have no impact on short-
term investment and trading decisions, they might 
become profitable when environmental conditions 
for risk/reward relationships become favorable.

It would be interesting to investigate whether inves-
tor behavior remains the same or changes during 
the regime of rising versus falling stock prices. The 
well-established disposition effect (Odean, 1998) 
suggests that investors behave differently during pe-
riods of rising versus falling prices. Generally, short-
term investors keep loser stocks and sell the winner 
stocks. 

In a nutshell, the regression results, as reported in 
Table 4, show that daily price extremes do not work 
as an anchor or reference point for investors while 
making short-term investments or trading decisions 
in the Indian equity market. This investor behavior 
is consistent irrespective of rising and falling mar-
kets. However, momentum behavior is seen in open-
ing returns for the entire sample, which can be at-
tributed to the first half of the sample. The findings 
mean that asset pricing and returns are dynamic and 
psychology-based because of the high degree of un-
certainty associated with estimating the future (Cen 
et al., 2013; Hirshleifer, 2001).

CONCLUSION

The decision-making for investing (entry, exit, and stop-loss) in the equity markets is very complex, and 
investors resort to price extremes or some other price points (moving averages, support and resistance 
levels, trendlines, price patterns, RSI, or convergence-divergence indicator, among others) as reference 
for making the investing decisions in equity markets. Price extremes are helpful in forecasting returns 
and volatility of financial assets. Reference price points act as anchors, thereby creating an anchoring 
bias in decision making. Current research examines the momentum behavior due to the previous day’s 
opening returns and daily price extremes (highest and lowest prices) in the Indian equity markets. 
Based on 6,902 observations of daily price data (open, high, low, and close) of NIFTY 50 over the period 
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from November 3, 1995 to April 30, 2022, this study finds that opening returns were found to be more 
volatile than closing returns. Opening prices are more volatile because at the opening hour, markets 
discount the overnight news quickly, whereas the discounting process is comparatively slower during 
the rest of the day.

After isolating the impact of the previous day’s price extremes on today’s opening price returns, the 
study finds that daily price extremes have no influence on the opening price returns. It implies that ex-
treme daily price events do not work as an anchor or reference point for investors when making a short-
term investment or trading decisions in the Indian equity market. This investor behavior is consistent 
over time, irrespective of rising or falling markets. However, momentum behavior is seen in opening 
returns for the entire sample, which can be attributed to the first half of the sample. However, Indian 
equity markets have become more efficient (weak form) over time as there was no momentum effect in 
the second half of the sample. Such evolution of the Indian equity market can be attributed to the adap-
tive market hypothesis, which combines the well-known efficient market hypothesis with behavioral 
finance. 

Overall, this study provides evidence that daily price extremes do not work as the reference point 
for short-term investment decisions in the Indian equity market, which contradicts the anchoring 
bias theory but is consistent with the efficient market hypothesis. This finding is useful to inves-
tors, traders, and portfolio managers who make short-term trading/investment decisions in con-
firming that certain trading strategies work well in specific environments and perform poorly in 
others. Future research can examine the impact of daily price extremes on price returns in other 
equity markets. Moreover, it would also be fruitful to extend such analysis to other asset classes 
such as commodities or bullion.
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