
 

Testing Calendar Effects of International Equity and 
Real Estate Markets

Eddie C. M. Hui1 & Ka Kwan Kevin Chan1 

1 Department of Building and Real Estate, The Hong Kong Polytechnic University, Hong Kong 
ZN744, Hong Kong 

Abstract 

There are a lot of previous studies on calendar effects. However, most of them use 
traditional methods like regression. Hui et al. Habitat International 48, 38–45, 
(2015b) incorporated Shiryaev-Zhou index with logistic regression to study the 
Halloween and January effects of eight securitized real estate markets, but they fixed 
the moving-window size to be 130 days. How the change in moving-window size 
affects the calendar effects cannot be seen. In this study, we also apply the Shiryaev-
Zhou index, but we allow the moving-window size to vary. Furthermore, we 
incorporated Shiryaev-Zhou index with analysis of mean (ANOM) and logistic 
regression to examine calendar effects of general equity and securitized real estate 
indices of Hong Kong, Japan, US, UK, France and Germany during the period 1996 
– 2014. The results show that our new methods can detect additional channels of
significant calendar effects of which normal methods fail to show. Furthermore, the
general equity indices show significant Halloween and January effects. However, for
the securitized real estate indices, the Halloween and January effects are less
significant or even go into reverse in some cases. This study has two main
implications. Firstly, investors can formulate a better trading strategy to earn more
profits. Secondly, trends and phenomena found in equity markets may not be
applicable to real estate markets, so investment rules on equity markets may not work
on real estate markets.
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Introduction 

The Bbuy-and-hold^ strategy, supported by the efficient market hypothesis (EMH), 
which tells that stock prices reflect all available information wholly at any time 
(Malkiel and Fama 1970), is believed by many investors. A number of studies like 
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Malkiel and Fama (1970), Malkiel (2003, 2005), Barber and Odean (2000) supported 
the EMH. However, some other studies showed evidence contrary to EMH. For 
example, Hui et al. (2013) found informed trading in Hong Kong and mainlandbased 
real estate equities listed in Hong Kong, which provides evidence contrary to EMH. 
With the EMH is questionable, the Bbuy-and-hold^ strategy may fail. In fact, a 
number of previous works found monthly trends, called Bcalendar effects^, in stock 
price movement. The most common calendar effects are the Halloween and January 
effects. The Halloween effect comes from the old saying BSell in May and go away^, 
which refers to the belief that stock returns are significantly lower during May-
October than during November-April. The effect was first found by Bouman and 
Jacobsen (2002), who discovered that during 1970 – 1998, the average returns from 
November to April were much greater than the average returns from May to October. 
The January effect states that stock prices increase in January by a significantly larger 
extent than in other months, and was first discovered by Wachtel (1942), who found 
that since 1925, the high-yields stocks had outperformed Dow-Jones Industrial 
Average (DJIA) in January. 

There were a number of studies on calendar effects in the past. However, most of 
them use traditional methods like linear regression (see Section 2 for details). Hui and 
Chan (2015b) incorporated Shiryaev-Zhou index with logistic regression to 
investigate the Halloween and January effects of eight securitized real estate markets. 
However, they fixed the moving-window size (the number of days used to calculate 
the estimator of the Shiryaev-Zhou index) to be 130 days. Hence the resulting trading 
strategy, although outperforms the Bbuy-and-hold^ strategy in general, may not be 
optimal. How the change in moving-window size affects the calendar effects cannot 
be seen, too. In this study, we allow the moving-window size to vary as in Hui and 
Chan (2015a), thus giving rise to a generalized time-dependent strategy (see Hui and 
Chan (2015a)) of which if a suitable moving-window size is chosen, the resulting 
strategy beats Bbuyand-hold^ by an even larger extent. This helps investors formulate 
a better trading strategy to increase profits. We can also see how the pattern the 
calendar effects changes as the moving-window size varies. Furthermore, Hui and 
Chan (2015b) tested the Halloween and January effects only, but not the overall 
calendar effect. Moreover, Hui and Chan (2015b) did not compare their results with 
those using normal methods like regression. In this study, we incorporate Shiryaev-
Zhou index with analysis of mean (ANOM) to investigate the overall calendar effect, 
including the January effect. We also incorporate Shiryaev-Zhou index with logistic 
regression to examine the Halloween effect. We compare the results with those using 
normal methods. 

This study investigates the calendar effects of general equity and securitized real 
estate indices of six economies: Hong Kong, Japan, US, UK, France and Germany 
(for each economy, one general equity index and one securitized real estate index are 
chosen, so there are totally 12 stock indices), during the period 1996 – 2014. The 
paper proceeds as follows: Section 2 review previous literature on calendar effects. 
Section 3 shows the formula of the Shiryaev-Zhou index, its statistical estimation and 
the resulting trading strategy derived by Hui and Chan (2015a). Section 4 describes 



 

 

the data source. Section 5 explains the tests of calendar effects and displays the 
results. Finally, a conclusion is drawn in Section 6. 

Literature Review 

There were a lot of studies on calendar effects in the past. The most common calendar 
effects studied are the Halloween effect and the January effect. Tables 1 and 2 
extracted from Hui and Chan (2015b) summarizes previous studies on Halloween and 
January effects. 

Tables 1 and 2 show that previous works on Halloween and January effects 
produced mixed results. From Table 1, the majority of previous studies on Halloween 
effect showed significant Halloween effect, but some studies found that the 
Halloween effect was insignificant. Table 2 shows that the results of previous studies 
on January effect are even more diverged: the number of articles which found 
significant January effect is almost the same as the number of articles which found 
insignificant January effect. Most of the previous studies investigated equity markets. 
Only a few worked on real estate markets (Hardin et al. 2005; Almudhaf and Hansz 
2011; Hui et al. 2014). Therefore, the real pattern of calendar effects of real estate 
markets is yet to be explored. Hence we investigate the calendar effects of six 
securitized real estate markets. VC Brokerage Limited (2015) found that in Hong 
Kong, the Hang Seng Property Index and the Centa-City Leading Index (CCL) 
exhibit some degree of positive correlation with the former running a few months 
ahead (see Fig. 1). This shows that securitized real estate indices can reflect the 
performance of the real estate markets. Furthermore, the majority of the previous 
works applied traditional methods like linear regression. None of them applied 
Shiryaev-Zhou index as their methodologies. Although Hui and Chan (2015b) 
incorporated Shiryaev-Zhou index with logistic regression to investigate the 
Halloween and January effects of eight securitized real estate markets, the 
movingwindow size was fixed to be 130 days in their studies. If the moving-window 
size varies, the pattern of calendar effects may change. In order to bridge these gaps, 
we modified Hui and Chan (2015b)’s method by allowing the moving-window size 
to vary as in Hui and Chan (2015a), giving rise to a generalized time-dependent 
strategy (see Hui and Chan 2015a) which outperforms the Bbuy-and-hold^ strategy 
in general. How the change in moving-window size affects the calendar effects can 
thus be seen. 

The Shiryaev-Zhou Index, its Statistical Estimation and the Resulting 
Trading Strategy 

This study applies the Shiryaev-Zhou index to investigate the calendar effects of 12 
stock indices. The Shiryaev-Zhou index is motivated from the problem of minimizing 
the time between the selling and maximum prices of a stock, which was solved by 
Shiryaev et al. (2008), who derived the Bgoodness index^ to determine the optimal 
time to sell a stock to minimize the average relative error of selling price to maximum 



  

 

price. A probabilistic proof of the Bgoodness index^ was provided by Du Toit and 
Peskir 
(2008). Yam et al. (2009, 2012, 2012a) adopted the techniques in solving the 
secretary 



 

 

 



  

 

problem to resolve the same problem in the binomial tree setting. Thus the 
ShiryaevZhou index was derived and generalized over the corresponding framework. 
Hui et al. (2012) first put Shiryaev-Zhou index into practice to find the latest selling 
dates of each property stock listed in Hong Kong. Hui and Yam (2014) derived a 
trading strategy from the Shiryaev-Zhou index, and found that their strategy generally 
outperformed the Bbuy-and-hold^ strategy on four European and North American 
securitized real estate indices. The same strategy was applied by Hui et al. (2014b) 
on six Asian securitized real estate indices. Their results also showed that their trading 
strategy yielded larger returns than the Bbuy-and-hold^ strategy in general. 

The formula of the Shiryaev-Zhou index is (Yam et al. 2009; 2012a, b; 2012a; Hui 
et al. 2012; Hui and Yam 2014): 

 μ¼α−0:5σ2.σ2 ¼α.σ2−0:5; ð3:1Þ 

where α, σ are the annual drift and annual volatility of the stock respectively (α,σ are 
constants). 

The trading rule is to buy a stock and hold it throughout the whole period if μ≥0. 
Otherwise, sell the stock immediately (Yam et al. 2009; 2012a 2012a, b; 2012a; Hui 
et al. 2012). 

In (3.1), α, σ are constants. However, in reality, these parameters always vary in 
time and we normally do not know their exact values. Therefore, as in Wong et al. 
(2012), we adopt the moving-window approach to estimate their values: for each day 
i (i>n), the starting day of the moving-window is day i−n+1, while the ending date is 
day i, so the moving-window size is n. We use the stock returns from day i−n+1 to 
day i to estimate the values of α and σ on that day, and hence obtain the estimated 
value of the Shiryaev-Zhou index on day i. Since the stock prices on both day i−1 and 
day i are required to calculate the stock return on day i, stock prices from day i−1 to 
day i are needed to estimate the values of α and σ on day i. 
The estimatorof the Shiryaev-Zhou indexμ on day i (i>n) is (Hui and Chan (2015a)): 

2 

μ^ið Þ ¼n α^ið Þn −20:5σ^i ð Þn ; ð3:2Þ σ^i ð 

Þn 

where n is the moving-window size, α^ið Þn is the estimator of α on day i, and σ^2
i ð 

Þn is the estimator of σ2 on day i. For details of derivation of the formula (3.2), please 
refer to Hui and Yam (2014) and Hui et al. (2014b). Unlike Hui and Chan (2015b) 
who fixed the moving-window size to be 130, this study allows the moving-window 
size n to vary. We select the six moving-window sizes chosen by Hui and Chan 
(2015a): 40, 80, 120, 160, 200, 240. 



 

 

Hui and Chan (2015a) used the estimator of the Shiryaev-Zhou index to construct 
a trading strategy. The following two assumptions are made: 

(1) The transaction price (buying and selling price) of a stock index is its closing 
price on that day. 



  

 

 



 

 

 
Fig. 1 Trends of the Hang Seng Property Index and the Centa-City Leading Index (CCL) since 1993. 
source: VC Brokerage Limited (2015) 

(2) The amount of cash held at time t=0 is adequate to cover all transactions during 
the period. 

Their trading strategy is as follows (Hui and Chan 2015a): 

1. On Day 1, if μ^1ð Þn ≥0, buy one unit of the stock index. Otherwise, take no 
action. 

2. From Day 2 to the second last day of the period, trade the stock index according 
to the following rule: 

(a) if μ^i−1ð Þn ≥0 and μ^ið Þn ≥0, take no action (keep holding one unit of the 

stock index). 

(b) if μ^i−1ð Þn ≥0 and μ^ið Þn < 0, sell the entire one unit of the stock index we 
hold. 

(c) if μ^i−1ð Þn < 0 and μ^ið Þn ≥0, Buy one unit of the stock index. 

(d) if μ^i−1ð Þn < 0 and μ^ið Þn < 0, take no action (keep holding entire cash). 

3. On the last day of the period, sell the entire one unit of the stock index if one is 
still holding the one unit of the stock index. Otherwise, do not take any action. 

For example, for HSI index, μ^ið Þ ¼n −4:06 on November 21, 2014, but rises to 

9.33 on the next trading day (November 24, 2014), so we buy one unit of HSI on 

November 24, 2014. For the same index, μ^ið Þ ¼n 1:99 on December 12, 2014, but 



  

 

falls to −0.96 on the next trading day (December 15, 2014), so we sell one unit of HSI 

on December 15, 2014. 

Hui and Chan (2015a) found that their strategy outperformed the Bbuy-and-hold^ 
strategy in general. 

Data 

The period of observation is January 1, 1996 – December 31, 2014, a total of 4958 
observations. As described in Section 3, since the largest moving-window size we 
choose is 240, the calculation of the estimated value of Shiryaev-Zhou index μ^ið Þn 
on day i using the moving-window size n=240 requires the stock price on day i−240 
to be known. Hence we trace back the timeline by 240 days, i.e., back to January 28, 
1995. For each of the 6 economies: Hong Kong, Japan, U.S., U.K., France and 
Germany, one general equity index and one securitized real estate index are selected, 
making up a total of 12 stock indices. We select the 12 stock indices chosen by Hui 
and Chan (2015a) as shown in Table 3. Note that the code in the bracket next to the 
index indicates the Bloomberg code of that index. The six general equity indices 
consist of the most frequently traded equities in the corresponding economies, and 
are widely accepted as benchmarks of performance of equity markets of the 
corresponding economies. Since most housing price indices are weekly or monthly 
indices, we use securitized indices, which are of daily frequency and can reflect the 
performance of the real estate markets. All of the six securitized real estate indices 
belong to the FTSE EPRA/ NAREIT Global Real Estate Index Series, which 
incorporates REITs and stocks of real estate holding and development companies, 
and is designed for the construction of index tracking funds, derivatives and as a 
performance benchmark. They consist of the most heavily traded real estate securities 
in the corresponding countries, and can reflect the performances of listed real estate 
companies (Hui and Chan 2014). Hence the selected securitized real estate indices 
can truly reflect the performance of the overall real estate market of the corresponding 
economies. 

We mention in Section 2 that in Hong Kong, the Hang Seng Property Index and 
the Centa-City Leading Index (CCL) exhibit some degree of positive correlation with 
the former running a few months ahead (Fig. 1). However, we select the FTSE 
EPRA/NAREIT indices as the securitized real estate indices in this study to make the 
indices compatible. In fact, the correlation between the continuously compounded 
daily returns of the Hang Seng Property Index and the FTSE EPRA/NAREIT Hong 
Kong Index (ELHK) during the period January 1, 1996 – December 31, 2014 is very 
high at 0.94. Therefore, the ELHK Index also has some degree of positive correlation 
with the CCL Index. We expect that the other FTSE EPRA/NAREIT indices are 
positively correlated to the housing price indices of the corresponding economies as 
well. 

Table 3 The stock indices we choose 



 

 

Economy General equity index Securitized real estate index 

Hong Kong Hang Seng Index (HSI) 
FTSE EPRA/NAREIT Hong Kong 

Index (ELHK) 

Japan Tokyo Stock Exchange Tokyo Price 
Index Topix (TPX) 

FTSE EPRA/NAREIT Japan Index (ELJP) 

U.S. S&P 500 Index (SPX) FTSE EPRA/NAREIT US Index (UNUS) 
U.K. FTSE 100 Index (UKX) FTSE EPRA/NAREIT UK Index (ELUK) 
France CAC 40 Index (CAC) FTSE EPRA/NAREIT France Index (EPFR) 
Germany DAX Index (DAX) FTSE EPRA/NAREIT Germany Index 

(EPGR) 
Tests of Calendar Effects 

In this section, we investigate the calendar effects of the 12 stock indices during the 
whole period of observation. In particular, we examine whether the Halloween and 
January effects exist. We divide the whole timeline into 12 months of a year. For each 
stock index and each moving-window size n, we calculate the percentage of days of 
which μ^ið Þn ≥0 for each month during the period of observation. For each month, 
the percentage of days of which μ^ið Þn ≥0 denotes the percentage of days of which 
we should hold the securitized real estate index according to Hui and Chan (2015a)’s 
trading strategy in that month. Thus we can observe whether any calendar exists. 
Applying the Shiryaev-Zhou index, the Halloween and January effects in this paper 
are equivalent to the following hypotheses: 

H1(Halloween effect): the percentage of days of which μ^ið Þn ≥0 is significantly 

higher from November to April than from May to October. 

J1(January Effect): the percentage of days of which μ^ið Þn ≥0 in January is 

significantly above the average level. 

The corresponding null hypotheses are defined as H0 and J0 respectively. 
For each stock index and each moving-window size n, define a dummy variable Ri 

by Ri=1 when μ^ið Þn ≥0, and 0 otherwise. The mean of Ri in each month denotes the 
percentage of days of which μ^ið Þn ≥0 in that month, i.e., the percentage of days of 
which we should hold the stock index in that month according to Hui and Chan 
(2015a)’s strategy (see Section 3). We use the technique analysis of mean (ANOM) 
to investigate the overall calendar effect (and hence the January effect). ANOM is a 
graphical analog to ANOVA that tests the equality of population means. The graph 
displays each factor level mean, the overall mean, and the decision limits. If a point 
falls outside the decision limits, then evidence exists that the factor level mean 
represented by that point is significantly different from the overall mean. To test the 
overall calendar effect, we conduct a one-way ANOM of Ri with month as the factor. 



  

 

normal method for comparison, we also use ANOM, but we replace Ri by the 
continuously compounded daily return ri ¼ logSS

i−i1, where Si is the stock index on day 
i. The following tables show the results performed by the software Minitab 17 (the 
significance level is set at 5 %): 

For our method, since there are totally 12 stock indices and 6 different 
movingwindow sizes (40, 80, 120, 160, 200, 240), this makes up a total number of 72 
cases. For the sake of convenience, we list out the results in Table 4. We only present 
the figure for HSI index with moving-window size 40 as an example (see Fig. 2). 

In Tables 4 and 5, the entries highlighted in green indicate that those entries lie 
above the 95 % confidence interval, this means that the percentage of days of which 
μ^ið Þn ≥0 (i.e., the percentage of days of which we should hold the stock index 
according to Hui and Chan (2015a)’s strategy) in that month is significantly above 
average at 5 % significance level. Meanwhile, the entries highlighted in red indicate 
that those entries lie below the 95 % confidence interval, this means that the 
percentage of days of which μ^ið Þn ≥0 (i.e., the percentage of days of which we 
should hold the stock index according to Hui and Chan (2015a)’s strategy) in that 
month is significantly below average at 5 % significance level. In this way, our 
method can show the percentage of time we should (or should not) hold a stock index 
in a month according to Hui and Chan (2015a)’s strategy. All entries in Table 5 lie 
within the 95 % confidence interval. This implies that for all the 12 stock indices, no 
significant calendar effects for any months can be detected at 5 % significance level 
(hence the January effect is also insignificant). However, some entries in Table 4 lie 
outside the 95 % confidence interval, showing significant calendar effects at 5 % 
significance level. This shows that our method using Shiryaev-Zhou index can detect 
significant calendar effects of which normal methods fail to detect. Furthermore, 
when the moving-window size increases, the number of red/green entries in Table 4 
generally decreases, indicating that the overall calendar effect becomes less 
significant as the moving-window size increases. The reason for this result is that 
when the movingwindow size n increases, a larger number of days is used to calculate 
μ^ið Þn . This creates a smoothing effect, reducing the volatility of μ^ið Þn and hence 
Ri, so the mean of Ri in each month tends to concentrate to a value, reducing the chance 
that the mean of Ri in a month lies outside the 95 % confidence interval. Another 
phenomenon is that as the moving-window size increases, the red/green entries in 
Table 4 shift to the right, indicating that the overall calendar effect delays. This is 
because μ^ið Þn is calculated using stock prices from day i−n to day i (see Section 3), 
so μ^ið Þn in fact lags behind the stock price. When the moving-window size 
increases, more past stock price data are used to calculate μ^ið Þn , so μ^ið Þn lags 
behind the stock price even more, delaying the calendar effect. 

To investigate the January effect, we look at the entries for the month January in 
Table 4. A green entry indicates that the percentage of days of which μ^ið Þn ≥0 (i.e., 
the percentage of days of which we should hold the stock index according to Hui and 
Chan (2015a)’s strategy) in January is significantly above average at 5 % significance 
level, so the January effect is significant. On the other hand, a red entry indicates that 



 

 

the percentage of days of which μ^ið Þn ≥0 (i.e., the percentage of days of which we 
should hold the stock index according to Hui and Chan (2015a)’s strategy) in January 
is significantly below average at 5 % significance level, so the January effect goes 
into reverse significantly. The result differs between general equity indices and 
securitized real estate indices. For the six general equity indices, there are totally 13 
green entries and 3 red entries, indicating that there are some cases where the January 
effect is significant, while there are only a few cases where the January effect goes 
into reverse significantly. However, for the six securitized real estate indices, there 
are totally 7 green entries and 8 red entries. This indicates that the number of cases of 
significant January effect is nearly the same as the number of cases where the January 
effect goes into reverse significantly. The general equity indices show some signs of 
the January effect, but the securitized real estate indices behave differently. 

For the Halloween effect, we have to apply regression. However, since the 
dependent variable Ri is a dummy variable which has a value of either 1 or 0, linear 
regression is inappropriate. We have to apply logistic regression instead. The 
following model is set up: 

 logitE R iDi ¼ αþβDi þεi; ð5:1Þ 

where logitð Þ ¼p 1−
p

p ;E denotes expectation, Di is a dummy variable giving a value 

of 1 when day i lies within the period November – April, and 0 otherwise. To test for 

the Halloween effect (i.e., the hypothesis H1), we apply logistic regression to (5.1), 

and 
Table 4 The test results for the overall effect using our method 



  

 

 
Table 4 (continued) 



 

 

 



  

 

 
Fig. 2 The overall calendar effect of HSI index using our method with moving-window size 40 

conductaone-tailedz-testto ,whereβ^ istheestimatorofβ,andσ^ 
isthestandarderrorofβ^. 

For the normal method for comparison, we use linear regression with the following 
model: 

 ri ¼γþλDi þεi; ð5:2Þ 

where ri is the the continuously compounded daily return defined above and Di is the 
dummy variable in (5.1). To test for the Halloween effect, we apply OLS regression 

to (5.2), and conduct a one-tailed z-test to , where λ^ is the OLS estimatorof λ, and 
φ^ is the standard error of λ^. 

The following tables show the results performed by Minitab 17: 
Note that Bp-value^ in Tables 6 and 7 corresponds to the p-value obtained from 

conducting a two-tailed z-test by Minitab 17. However, since we conduct a one-tailed 
test here, for those stock indices with β^ < 0 (or λ^ < 0), we would treat the result as 
the 

Halloween effect goes into reverse. Table 7 shows that λ^ < 0 for all 12 stock indices, 
but the statistics are significant at 5 % level for three indices only: TPX, CAC and 
DAX. This shows that by the normal method of linear regression, the Halloween 
effect exists in all 12 stock indices, but the effect is significant at 5 % level for the 
three indices only: TPX, CAC and DAX. For each economy, the p-value of the slop 
coefficient for the general equity index is smaller than that for the securitized real 

            

 

 

 

 

 

 

 

 

 

 

 

 
  



 

 

estate index, except for Hong Kong. In particular, all the three indices with significant 
Halloween effect at 5 % level (TPX, CAC and DAX) are general equity indices. The 
Halloween effect is more prevalent in the general equity markets than in the 
securitized real estate markets. However, Table 6 shows different results when using 
our method of logistic regression. Out of all 72 cases, there are 52 cases where the p-
value is smaller 



  

 

 



 

 

than 0.05, indicating that the Halloween effect (or the reverse of the Halloween effect, 
for cases where β^ < 0) is significant at 5 % level. The proportion of significant 
statistics is much larger than that using the normal method. This reaffirms that our 
new method can detect additional channels of significant calendar effects of which 
normal methods fail to show. 

Comparing the result of Table 4 with that of Table 6, we can see the contribution 
of each month to the Halloween effect. For example, Table 6 shows that the 
Halloween effect is significant at 5 % level for the general equity indices, especially 
for smaller moving-window sizes. Table 4 shows that the January effect is generally 
significant for the general equity indices (13 green entries and 3 red entries), 
especially for movingwindow sizes of 120 and smaller, so the January effect has some 
contribution to the Halloween effect. On the other hand, for the six general equity 
indices, the month of October reports 18 red entries out of all 36 cases, indicating that 
the percentage of days of which μ^ið Þn ≥0 (i.e., the percentage of days of which we 
should hold the stock index according to Hui and Chan (2015a)’s strategy) in October 
is significantly below average at 5 % significance level. This is due to the October 
effect, which is also called the Mark Twain effect saying that stock returns in October 
are lower than in other months. We can see that the October effect has a major 
contribution to the Halloween effect, too. 

Different results are shown for the general equity indices and the securitized real 
estate indices. For the six general equity indices, for smaller moving-window sizes 
(40, 

80 and 120), β^ > 0 for all cases except for HSI with moving-window size 40, and the 
p-value is smaller than 0.05 for all cases except for SPX with moving-window size 
120. This reflects that for most cases, the Halloween effect exists and is significant at 
5 % level (in fact, the Halloween effect is significant at 0.1 % level except for two 
cases: HSI with moving-window size 40, and SPX with moving-window size 120). 
However, for larger moving-window sizes (160, 200, 240), there are more cases 
where β^ < 0 (13 out of 18), and there are 8 cases where the p-value is larger than 
0.05, indicating that there are more cases where the Halloween effect goes into 
reverse, and the overall degree of significance is smaller than that using smaller 
moving-window sizes. This shows that for the six general equity indices, the 
Halloween effect is more significant when smaller moving-window sizes are used. 
When the moving-window size increases, the Halloween effect becomes less 
significant and even goes into reverse for some cases. In overall the Halloween effect 
exists rather goes into reverse for the majority of cases (22 out of 36). 

The results for the six securitized real estate indices are, however, different. β^ < 
0 for slightly over half of the cases (19 of 36), indicating that the Halloween effect 
goes into reverse for the majority of cases. In particular, there are more cases of β^ < 
0 for larger moving-window sizes (160, 200 and 240) (13 out of 18). Meanwhile, the 
number of cases where the p-value is less than 0.05 for smaller moving-window sizes 
(40, 80, 120) (12 out of 18) is approximately the same as that for larger moving-
window sizes (13 out of 18), showing that the moving-window size does not have an 
apparent effect on the significance of Halloween effect. 



  

 

The results reveal that for both the overall calendar effect and the Halloween effect, 
our methods can detect additional channels of significant calendar effects of which 
normal methods cannot show. This is because normal methods use the stock return ri 

of 
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Table 6 The test results for the Halloween effect using our method 
   

HSI 
Moving-window size 40 80 120 160 200 240 
β^ −0.1927 0.2468 0.5083 0.3942 0.0205 −0.2392 
p-value 0.001 <0.001 <0.001 <0.001 0.727 <0.001 

TPX 
Moving-window size 40 80 120 160 200 240 
β^ 0.5111 0.7243 0.5386 0.0048 −0.2503 −0.1063 
p-value <0.001 <0.001 <0.001 0.935 <0.001 0.077 

SPX 
Moving-window size 40 80 120 160 200 240 
β^ 0.2208 0.2544 0.1056 −0.1370 −0.2601 −0.0827 
p-value <0.001 <0.001 0.063 0.016 <0.001 0.147 

UKX 
Moving-window size 40 80 120 160 200 240 
β^ 0.3607 0.5934 0.3959 −0.0384 −0.1682 0.0425 
p-value <0.001 <0.001 <0.001 0.512 0.005 0.481 

CAC 
Moving-window size 40 80 120 160 200 240 
β^ 0.4791 0.6234 0.4854 −0.0702 −0.1372 −0.1631 
p-value <0.001 <0.001 <0.001 0.259 0.032 0.012 

DAX 
Moving-window size 40 80 120 160 200 240 
β^ 0.5460 0.6186 0.2137 −0.1476 −0.3235 0.0156 
p-value <0.001 <0.001 <0.001 0.016 <0.001 0.799 

ELHK 
Moving-window size 40 80 120 160 200 240 
β^ −0.1764 0.2984 0.4539 0.2403 0.1902 −0.1017 
p-value 0.002 <0.001 <0.001 <0.001 0.001 0.082 

ELJP 
Moving-window size 40 80 120 160 200 240 
β^ 0.1649 0.0283 −0.1636 −0.3192 −0.0730 0.0469 
p-value 0.004 0.629 0.005 <0.001 0.218 0.422 

UNUS 
Moving-window size 40 80 120 160 200 240 
β^ 0.1046 0.0430 −0.3556 −0.6294 −0.4259 −0.1542 
p-value 0.066 0.449 <0.001 <0.001 <0.001 0.007 

ELUK 
Moving-window size 40 80 120 160 200 240 
β^ 0.3925 0.3997 0.1877 −0.1809 −0.3259 −0.2382 
p-value <0.001 <0.001 0.002 0.003 <0.001 <0.001 

EPFR 
Moving-window size 40 80 120 160 200 240 
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β^ 0.2063 0.0549 −0.1503 −0.3036 −0.3425 −0.2419 
p-value <0.001 0.350 0.013 <0.001 <0.001 <0.001 

EPGR 
Moving-window size 40 80 120 160 200 240 
β^ −0.0058 0.0089 −0.1520 −0.0867 0.0980 0.1575 
p-value 0.919 0.876 0.008 0.129 0.085 0.006 

Table 7 The test results for the Halloween effect using the normal method 
  

Index HSI TPX SPX UKX CAC DAX 

λ^ 0.000236 0.000904 0.000463 0.000500 0.000849 0.00093
6 

p-value 0.614 0.017 0.183 0.135 0.039 0.029 
Index ELHK ELJP UNUS ELUK EPFR EPGR 
λ^ 0.000699 0.000538 0.000470 0.000369 0.000449 0.00057

8 
p-value 0.207 0.361 0.343 0.310 0.191 0.211 

which the distribution is more converged to a point. However, our new method use 
the dummy variable Ri which depends on the sign of μ^ið Þn , and has a value of either 
0 or 1. Hence Ri has a more dispersed distribution than ri. Therefore, when applying 
ANOM or regression to investigate the calendar effects, our methods would be more 
likely to result in significant statistics than the normal methods. 

However, our methods show that the general equity indices and securitized real 
estate indices exhibit different patterns of calendar effects. The general equity indices 
show significant Halloween and January effects as found in some previous studies, 
but the results of the securitized real estate indices are less normal. A possible reason 
is that the majority the previous studies worked on equity markets. Only a few studies 
investigated calendar effects of real estate markets. Therefore, the calendar effects of 
real estate markets have not been fully explored yet. Furthermore, most of the 
wellknown calendar effects like the Halloween and January effects were discovered 
in equity markets initially. The real estate market is different from the equity market 
in nature. An important feature of real estate is that it has a much lower liquidity than 
equity. According to Hatemi-J and Roca (2010), real estate is non-tradeable. 
Furthermore, real estate can serve as a type of consumption goods as well as an 
investment tool (Hui and Zheng (2012)). Therefore, securitized real estate indices, 
which can reflect the performance of the real estate markets (see Sections 2 and 4), 
may exhibit patterns of calendar effects which are different from those of general 
equity indices. This also explains why the Halloween and January effects are found 
significant on the general equity indices, but less significant, or even goes into reverse 
on the securitized real estate indices in our results. Furthermore, Gu (2002) found that 
seasonality and predictability of the real estate market are different among states in 
the U.S. This is another difference between the trends of equity and real estate 
markets. 
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Conclusion 

In this study, we incorporated the Shiryaev-Zhou index with ANOM and logistic 
regression to investigate the calendar effects of general equity and securitized real 
estate indices of six economies: Hong Kong, Japan, US, UK, France and Germany, 
during the period 1996 – 2014. The main results are as follows: 

(1) Our new methods can detect additional channels of significant calendar effects 
of which normal methods fail to show. 

(2) In general, the calendar effects diminish as the moving-window size increases, 
except for the Halloween effect of securitized real estate indices. 

(3) Most of the general equity indices show significant Halloween and January 
effects. However, for the securitized real estate indices, the Halloween and 
January effects are less significant or even go into reverse in some cases. 

A major advantage of our approach is that our methods can show the percentage 
of time we should (or should not) hold a stock index in a month according to Hui and 
Chan (2015a)’s strategy (see Section 5), which beats the Bbuy-and-hold^ strategy in 
general. Traditional methods cannot show the percentage of time we should hold a 
stock/stock index in a month. In this way, our method is superior. The results show 
that additional channels of significant calendar effects which cannot be shown by 
normal methods are discovered using our methods. From the results, we can know in 
which months, we should hold the stock indices for a significantly longer period of 
time than in other months, according to Hui and Chan (2015a)’s strategy. This can 
help investors to formulate a better trading strategy to earn more profits. Furthermore, 
different results are found between general equity indices and securitized real estate 
indices. Significant Halloween and January effects are found in the general equity 
indices, but these calendar effects go into reverse in some cases for the securitized 
real estate indices. This reflects the difference in nature between the equity and real 
estate markets as explained in Section 5. This has an implication to investors that 
trends and phenomena found in equity markets may not be applicable to real estate 
markets, so investment rules on equity markets may not work on real estate markets. 
A possible scope of future research is to apply our methodology to investigate 
calendar effects in markets of other financial assets and other calendar effects like the 
day-of-the-week effect. 
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