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A B S T R A C T   

Are equity anomalies a product of p-hacking in the asset pricing literature? To shed new light on 
this question, we perform a true out-of-sample study of 30 well-known anomalies in the cross- 
section of returns. We replicate these anomalies in a novel hand-collected dataset of firms lis-
ted on the historical Stock Exchange of Melbourne in the years 1926 to 1987. The vast majority of 
return-predictive signals cannot be confirmed. Those which are observed are commonly driven by 
small firms with marginal economic significance. Only a handful of anomalies survive our tests, 
namely, the dividend yield, value uncertainty, and short-term residual reversal effects. Overall, 
our findings support the view that many anomalies are statistical artifacts resulting from data 
mining.   

1. Introduction 

Should we believe in equity anomalies? Or are they just statistical artifacts born of p-hacking? To offer a new perspective on this 
issue, we perform a genuinely out-of-sample replication study. We examine a novel and unique dataset of companies listed on the 
historical Stock Exchange of Melbourne in the years 1926 to 1987. Using hand-collected security prices from stock exchange gazettes 
and records, we reproduce a broad array of return-predictive signals. Our findings cast substantial doubt on the validity of discoveries 
reported in the asset pricing literature. 
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The past couple of decades have seen an impressive proliferation of equity anomalies documented in the finance literature. Fuelled 
partially by demand from the investment industry, which capitalizes on anomaly research to forge profitable strategies, the academic 
literature has documented a number of cross-sectional patterns in returns. Published surveys of this literature (Feng et al., 2020; Green 
et al., 2017; Harvey and Liu, 2019; Hou et al., 2020; Jacobs and Müller, 2018, 2020) list hundreds of return-predicting signals, with the 
majority of these having been identified during the last 20 years. Motivated by Harvey (2017), an obvious question arises: Are all of 
these anomalies real? 

Not surprisingly, rapidly mounting evidence casts doubt on numerous equity anomalies, indicating that many of them are likely to 
be false discoveries (e.g., Chordia et al., 2020; Harvey et al., 2016; Harvey and Liu, 2019; Hou et al., 2020; Linnainmaa and Roberts, 
2018). In every paper claiming the detection of a new anomaly and rejecting a particular asset pricing model, there is also a risk of false 
rejection, that is, the Type I error. Although the test size for any standalone examination is low, it increases rapidly as the number of 
tests grows (Bickel and Doksum, 2015). Hence, the present-day challenge is to develop new methods to address false discoveries in the 
asset pricing literature (e.g., Chen and Zimmermann, 2020; Harvey and Liu 2019, 2020, Harvey et al., 2016; Rytchkov and Zhong, 
2020; White 2000). Nonetheless, statistical methods have their limitations. Most commonly, they rely on the availability of all the 
tested hypotheses for correct adjustment of the p-values; however, published papers tend to emphasize statistically significant results 
only (Linnainmaa and Roberts, 2018). 

One natural solution to the data mining problem is extensive out-of-sample testing. If an equity anomaly is real, then it should hold 
in both the original sample and data outside of it. Hence, the verification of these anomalies has spurred replication studies searching 
for evidence in other periods (e.g., Hou et al., 2020), other markets (i.e., international studies such as Jacobs, 2016; McLean and 
Pontiff, 2016; Jacobs and Müller, 2020; Tobek and Hronec, 2021), or other asset classes (e.g., Asness et al., 2013; Baltussen et al., 2021; 
Ilmanen et al., 2019; Zaremba et al., 2019). 

In general, the out-of-sample replications exploring alternative testing periods can be grouped into two classes (Linnainmaa and 
Roberts, 2018). The “post-sample” based studies focus on the time frame after the original study sample period. On the other hand, the 
“pre-sample” approach concentrates on the time frame before the in-sample period. Although the first method tends to prevail in the 
asset pricing literature, it suffers from certain shortcomings. If a given anomaly cannot be confirmed in the post-sample period, it does 
not necessarily mean it never existed. Equally, it could have deteriorated or even disappeared due to improvements in trading liquidity 
or market efficiency, or because of investor learning (Chordia et al., 2011; Chordia et al., 2014; McLean and Pontiff, 2016; Schwert, 
2003). The post-sample replication studies may find it challenging to differentiate between the reasons for the insignificance of 
anomalies out-of-sample. The mere fact that an anomaly cannot be reproduced does not clearly support a false discovery hypothesis. 

Notably, the case of pre-sample studies is quite different. The absence of anomalies in the time frame preceding the original study 
period cannot be explained by a gradual improvement in liquidity and trading efficiency or by investor learning. Investors cannot learn 
from academic papers that have not been published yet. With this method of verification, support for the data mining hypothesis 
clearly becomes more unequivocal. 

In this article, we perform an out-of-sample study of 30 well-known anomalies in a novel and unique dataset: historical stock 
market data from the former Stock Exchange of Melbourne (SEM). The SEM listed firms mainly from the state of Victoria in Australia, 
was one of the predecessors of the current Australian Securities Exchange (ASX), and was formally absorbed by the ASX in 1987. Our 
dataset contains hand-collected prices, dividend yields, share numbers, and corporate events for more than 3600 companies listed on 
the SEM in 1926–1987. All the data were retrieved from historical stock exchange gazettes and records and, to our knowledge, have not 
yet been published in the academic literature. Our unique dataset not only provides novel insights into the financial history of Australia 
but also offers a rare opportunity to perform an authentic out-of-sample replication of equity anomalies. First, the SEM sample is 
uncharted territory in asset pricing as it has never been used before in the context of discovering or verifying anomalies. Second, as it 
contains companies from a foreign market, it provides a non-U.S. perspective and does not carry any form of “pre-test bias”. Third, the 
study period precedes the discovery and publication of the vast majority of anomalies, thereby avoiding the influence of investor 
learning and improvements in market efficiency. Summing up, this exceptional setting enables a genuine out-of-sample study, helping 
to diagnose the scale of false discoveries in the anomaly literature. 

We begin our article by identifying, classifying, and reproducing 30 anomalies in the cross-section of expected stock returns. 
Overall, we concentrate on the return-predictive signals that belong to several major categories: momentum, risk, skewness, value, 
seasonality, reversal, and others. In our baseline approach, we form long-short value-weighted quintile portfolios and evaluate their 
performance with the simple one-factor asset pricing model. 

Our baseline results uncover the fragility of the findings in the anomaly literature. In line with the earlier evidence and the ar-
guments of Linnainmaa and Roberts (2018), Chordia et al. (2020), Harvey and Liu (2019), and Hou et al. (2020), among others, we 
demonstrate that the majority of profitable anomalies in the literature cannot be confirmed in an out-of-sample setting, even when only 
the most popular and established signals are checked. Using the conventional 5% threshold of statistical significance for standalone 
tests, we find only eight anomalies are statistically significant, representing 27% of those tested. 

Standalone tests may lead to “discoveries” of false anomalies due to the Type 1 error rate when applied in a multiple testing 
framework. When numerous predictors are tested simultaneously, false rejections of the null hypotheses are more likely to occur, as 
highlighted in Harvey et al. (2016). We employ a multiple testing framework, and only three anomalies pass the 5%-significance 
criterion. The anomalies that remain significant are dividend yield, value uncertainty, and short-term residual reversal. Furthermore, 
when we apply the alternative approach of Harvey et al. (2016), which employs a stricter hurdle for the t-statistic, the three anomalies 
remain significant. 

Notably, our set of surviving anomalies does not include any of the popular strategies related to momentum, skewness, or sea-
sonality. The inability to replicate even the broadly recognized anomalies resembles earlier evidence of p-hacking. For example, 
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Linnainmaa and Roberts (2018) claim that most accounting-based anomalies are statistical artifacts, and Hou et al. (2020) make the 
same argument in relation to market friction-related strategies. Admittedly, some of our results may be period-specific or distinctive to 
the Australian market. Nevertheless, the overall findings provide an important clue about the potential existence of false discoveries in 
the asset pricing literature. 

Having established our basic perspective on the performance of anomalies, we continue to provide additional insights. To begin 
with, we check the role of firm size. We demonstrate that many respected anomalies, such as momentum or value, are driven pre-
dominantly by small-cap or micro-cap firms, representing only a small and barely meaningful fraction of the total market capitali-
zation. Several well-known strategies, such as classic 12-month momentum, 52-week high, and moving average, produce sizeable and 
significant alphas in small firms but inconsistent profits in large-cap firms. Consistent with this finding, many strategies that are 
insignificant in value-weighted long-short portfolios are found to work much better for equal-weighted portfolios that overweight the 
exposure to the smallest companies. These observations support the view of Hou et al. (2020), who indicate that many anomalies are 
driven by market frictions and the performance of micro-cap stocks. As a consequence, even if these cross-sectional patterns exist in the 
data, their economic significance is negligible. 

Subsequently, we examine these anomalies across subperiods. We document no visible pattern of decline in profitability through 
time, which could be associated with market efficiency improvements. Hence, our dataset provides no support for the mispricing 
hypothesis, which implies that investor learning and market liquidity changes through time, which leads to a gradual decline in return 
predictability. 

Furthermore, we evaluate our results from a more practical investor perspective. We investigate the performance of anomalies 
under different security holding periods. This framework is essential for any practical implementation, as portfolio turnover is a crucial 
source of transaction costs. Even if an anomaly is real, reliable, and holds in large firms, it may be irrelevant to market participants if it 
cannot be translated into an effective trading strategy. We find that only two strategies continue to deliver positive and significant 
abnormal returns even when the holding period extends to twelve months, namely, dividend yield and value uncertainty. All other 
signals fail to produce profitable anomaly strategies. 

Our article contributes to three major fields of research. First, it extends the long-standing debate on data snooping in anomaly 
studies (e.g., Fama, 1998; Lo and MacKinlay, 1990; Schwert, 2003). The extant literature has produced mixed evidence. A number of 
authors (Batram and Grinblatt, 2018; Engelberg et al., 2018; Jacobs and Müller, 2020; Lu et al., 2018; Yan and Zheng, 2017) argue that 
stock market anomalies are at least, to a large extent, real. On the other hand, there are those who highlight the essential role of 
widespread data mining and p-hacking (Chordia et al., 2020; Harvey, 2017; Harvey et al., 2016; Hou et al., 2020; Linnainmaa and 
Roberts, 2018). Our findings support the latter view. 

Second, we contribute to the fast-growing strand of literature on equity anomalies in novel long-run historical datasets. These 
studies include, for example, Chabot et al. (2008) and Goetzman and Huang (2018), who examine price momentum in Victorian age 
England and Imperial Russia, respectively, Annaert and Mensah (2014) explore asset pricing in Brussels in the 19th century, and 
Grossman and Shore (2006) scrutinize the cross-section of British stock returns before World War I. The baseline anomalies, such as 
size, value, or momentum, have also been examined in 19th and early 20th century British and German stocks, yielding mixed results 
(Bossaerts and Fohlin, 2000; Fohlin and Reinhold, 2010; Korolenko and Baten, 2005; Ye and Turner, 2014). Many long-run historical 
studies suffer from two critical limitations. First, many studies evaluate the U.S. market only (Davis, 1994; Jaffe et al., 1989; Gompers 
and Lerner, 2003; Geczy and Samonov, 2018; Linnainmaa and Roberts, 2018; Wahal, 2019). This fits the broader picture of the “large 
and persistent U.S. (home) bias in academic research in finance” (Karolyi et al., 2012, p. 2075), even though international stock 
markets account for approximately 55% of global market capitalization.1 Meanwhile, the conclusions drawn on the reliability and 
robustness of anomalies derived from these U.S. studies may not necessarily hold for international equities (Jacobs and Müller, 2020; 
Tobek and Hronec, 2021). Second, the studies that do use data from foreign stock markets commonly reproduce just one (e.g., Geczy 
and Samonov, 2017; Hurst et al., 2017; Lempérière et al., 2014; Trigilia and Wang, 2019; Zaremba et al., 2020), or not more than a 
handful (e.g., Baltussen et al., 2021; Dimson et al., 2017; Ilmanen et al., 2019), of the most widely acknowledged return predictors such 
as momentum, value, or low-risk. Hence, they do not allow for any broader overview of the robustness of the discovery of these 
anomalies. Our study distinguishes itself by examining a wide range of different signals in a non-U.S. equity market. The replication of 
30 anomalies with Australian historical data offers a unique perspective, unavailable in earlier studies. 

Last but not least, our paper extends the anomaly literature on the Australian stock market. A considerable body of evidence at-
tributes the disproportionate influence of small- and micro-capitalization stocks in explaining Australian anomalies such as size 
(Brailsford et al., 2012; Brailsford and O'Brien, 2008; Zhong et al., 2014), value (Brailsford et al., 2012; Dou et al., 2013; O'Brien et al., 
2010), momentum (Demir et al., 2004; Dou et al., 2013; Gaunt and Gray, 2003; Marshall and Cahan, 2005) and other effects (Dou 
et al., 2013). These studies suggest the anomalies in Australia cannot be realistically earned due to limits-to-arbitrage constraints (i.e., 
shorting loser portfolios of small/micro-cap stocks, short portfolio borrowing fees, short-sale restrictions, bid-ask spreads, liquidity 
issues, and other trading related costs). The significant impact of small- and micro-capitalization stocks in explaining a large pro-
portion of documented anomalies in Australia is consistent with the findings in U.S. stocks from Hou et al. (2020). Despite the lim-
itations in crystallizing these anomalous profits, the recent literature by Cao et al. (2019), Chai et al. (2019), Chiah et al. (2020) and 
Huynh (2018) continue to report the presence of abnormal returns in Australian equities. Our study contributes to this debate by 
investigating a comprehensive array of return-predictive signals, including many that have never been examined in Australia before, 

1 Data for the year 2018 is sourced from the World Federation of Exchanges database available from the World Bank. Retrieved from https://data. 
worldbank.org/indicator/CM.MKT.LCAP.CD on September 2, 2020. 
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but we also test these anomalies using new and original data from the Stock Exchange of Melbourne. 
The remainder of the study proceeds as follows. Section 2 discusses data, methods and includes a brief historical overview of the 

Stock Exchange of Melbourne. Section 3 reports baseline empirical findings. Section 4 contains an extended analysis of additional 
results. Finally, Section 5 concludes the study. 

2. Data and methods 

In this section, we begin by providing a historical perspective on the Stock Exchange of Melbourne. Next, we present an overview of 
our sources and the preparation of our dataset. Subsequently, we discuss our sample of equity anomalies. Finally, we describe the 
replication procedures and evaluation methods. 

2.1. Stock Exchange of Melbourne: A historical perspective 

Melbourne originated from the infant settlement at Port Phillip in 1835 and became the center of the Colony of Victoria within the 
British Empire in 1851. The source of growth in the early colonial years came from gold discoveries, real estate, merchants, pastoral 
industry, and other farming, to name a few (J.B. Were and Son, 1954). Before the commencement of the Stock Exchange of Melbourne 
in 1884, the sale of stocks in companies was an adjunct business to the main real estate and auctioneering businesses of various 
merchants (J.B. Were and Son, 1954). The burgeoning economic conditions in Victoria in the 1870s–80s gave rise to many gold mines, 
stocks, and an ever-increasing number of brokers. As a result, several small stock exchanges were formed in these early years. On 16–18 
October 1884, the Melbourne Stock Exchange merged with its rival group, The Stock Exchange of Melbourne, and the merged entity 
continued using The Stock Exchange of Melbourne (SEM) name thereafter (Adamson, 1984; J.B. Were and Son, 1954). 

On 1st January 1901, the British parliament passed legislation allowing the six colonies (including Victoria) to govern in their own 
right within the Commonwealth of Australia. In January 1925, the SEM commenced the publication of its Official Record of sales and 
quotations of stocks until it was superseded by the Australian Stock Exchange Gazette in 1971 (Adamson, 1984). The Official Record is 
the source of the data employed in this study. 

World War II in 1939 led to significant changes and restrictions on SEM trading activity. In 1940, Australia introduced capital issues 
regulation under the National Security Act 1939–1940, which required any company seeking to raise capital to obtain prior autho-
rization from the Commonwealth Treasurer (Adamson, 1984). Effective on 21st February 1942, regulations placed a ceiling on price 
increases of public companies, which would not allow stocks to achieve a return of more than 4% after tax on capital employed (J.B. 
Were and Son, 1954). The war years and the introduction of the government's price ceiling resulted in subdued trading activity at the 
SEM. Sales of stocks were scarce as there were virtually no sellers of stocks under this regime of regulated price ceilings. When a stock 
was called for a transaction, the potential buyers entered a ballot to decide the lucky purchasers of the stock (Adamson, 1984). 

In 1946, Australia and the UK governments signed an agreement to remove dual taxation on British investors. At the time, British 
capital to Australia was subject to Australian taxation at the source and British taxation in the investor's hands. This change in the UK 
tax regime increased British investment in stocks listed on the SEM (J.B. Were and Son, 1954). The post-World War II era in 1947 saw 
the lifting of wartime price ceilings and the introduction of the 40-h week, which resulted in the cessation of the Saturday morning calls 
at the SEM. Unfortunately, this period of normality for capital issues was short-lived as the emergence of the Korean war reintroduced 
capital controls again from 1951 to 1953 (Adamson, 1984). 

The Reuters economic telex service extended to Australia in 1956, which increased the speed of global news and information 
arriving at the SEM (Adamson, 1984). On 10th–11th February 1966, the SEM closed to enable member firms to convert their business 
to decimal currency due to the introduction of the Australian dollar (and cessation of the former Australian pound). A computerized 
quotation system was installed at the SEM in 1968. (Adamson, 1984). 

The infamous Poseidon boom and bust of 1969–1970 resulted in the establishment of the Australian Senate Select Committee on 
Securities and Exchange in April 1970 with Peter Rae as committee chairman (Carew, 2007). The 1974 Rae Report recommended 
stronger regulation in Australia, which motivated the increased cooperation between the six state stock exchanges. The plan of the six 
exchanges to develop a national character took hold within the Australian Associated Stock Exchanges (AASE) during this period. In 
1976, both SEM and the Sydney exchange established a joint committee to develop common administrative and regulatory powers. 
(Carew, 2007). The late-1970s saw securities regulation shift from state-based legislation to the new Australian federal regulator, the 
National Companies and Securities Commission (NCSC). 

The commencement of the 1980s was the final decade of the SEM. The NCSC came into operation in 1980. In 1981, the Committee 
of Inquiry into the Australian Financial System (otherwise known as the Campbell Committee) advocated lower levels of regulation 
and greater market competition in the finance sector. This environment led to Australia's Trade Practices Commission's decision to 
abolish fixed brokerage rates with negotiable commissions. The increase in market forces coupled with ever-increasing technology 
costs accelerated the desire of the state-based exchanges to develop a national stock exchange. On 1st April 1987, the Australian Stock 
Exchange, commonly known as the ASX, was officially launched (Carew, 2007). 
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2.2. Data sources and sample preparation 

Australian researchers and practitioners have had ample access to Australian stock market data since the mid-1990s. Beforehand, 
the availability of equity data in digital form was varied and fragmented, with gaps in company coverage, uneven time series, and 
missing time variables.2 Our study is the first to take advantage of a unique dataset, covering all the equities listed on the no-longer- 
existing Stock Exchange of Melbourne (SEM). Our study period runs from January 1926 to March 1987. The beginning of the sample 
period is dictated by data availability. The end date is associated with the creation of the Australian Stock Exchange Limited (ASX). The 
ASX was created on April 1st, 1987, under the legislation of the Australian Parliament. The development of the national securities 
exchange involved the amalgamation of the six independent markets that used to function in each state's capital city. The new national 
trading body effectively absorbed the SEM (Carew, 2007).3 

The data is sourced from the newly created Australian Equities Database (AED) developed by the Monash Centre for Financial 
Studies (MCFS).4 To the best of our knowledge, the AED has never been used in asset pricing studies before. The dataset examined in 
this research contains monthly observations of four principal variables: total returns, prices, number of shares outstanding, and 
dividend yields. Because this information has not been previously available in digital format, it was manually retrieved from the hard 
copies of monthly gazettes of the Stock Exchange of Melbourne and the Australian Stock Exchange.5 Fig. 1 presents examples of the 
original data sources used to construct the dataset. 

Preparation of the dataset required significant work, including data collection, recording, and storage. For example, the proper 
identification of the listed firms was a considerable challenge as there was no system of company code until the three-letter code 
framework was introduced before the commencement of the ASX. Many data points were reported in non-uniform ways, and some-
times observations were missing. For example, the dividend yields were reported as a percentage of face value until 1969 and as cents 
per share after that. All corporate actions, such as changes in the nominal values of shares, mergers and acquisitions, terminations, new 
issues, or buy-backs, had to be identified to estimate the total returns correctly. Nevertheless, the total returns used throughout the 
study, i.e., in performance estimation of variable construction, always incorporate all the essential dividend payments, share splits, or 
capital changes. The details of the dataset preparation (e.g., handling of missing variables, data validation, etc.) are summarized in 
ACFS (2019) and are available upon request. 

One important feature of this unique dataset is reported currency. Notably, Australia not only switched from pounds to dollars on 
February 14th, 1966, but also from the imperial (pre-decimal) to the decimal system. Initially, all data observations were recorded in 
the currency of the published stock exchange data. Thus, a large proportion of the early part of the database (pre-February 1966) is 
recorded in the original imperial Australian currency ‘3-part’ system of pounds, shillings, and pence. Subsequently, all the values were 
converted to “current” Australian dollars and cents. Importantly, because there was no direct equivalent for the penny coin in the new 
system (i.e., the new 1 cent and 2 cents coins were equivalent to 1.2 and 2.4 pence, respectively), prices involving pennies were 
rounded up or down in the process used to convert pre-1966 pounds, shillings, and pence data to decimal currency equivalents. 

To ensure our data's highest possible quality, we apply a battery of standard static and dynamic tests. We follow Ince and Porter 
(2006) and examine only common equities. We disregard any non-common stocks or other securities types (Campbell et al., 2010; 
Griffin et al., 2010; Ince and Porter, 2006; Karolyi et al., 2012). However, unlike many asset pricing papers, we do not discard firms 
located outside Australia or companies quoted in non-Australian currencies (Griffin et al., 2010; Hanauer, 2020; Ince and Porter, 
2006). Instead, we include them to assure the completeness of our SEM sample. For example, stock exchange listings covered by this 
study include a varying number of non-domestic companies from, for example, New Zealand, Hong Kong, the United Kingdom, and the 
United States. Though not immediately recognizable in the stock exchange gazettes and records, the non-domestic equities can be 
identified by several means, including evidence of limited trading, evidence of being a non-trading overseas-origin holding company, 
discrimination by the ‘plc’ identification, a currency identifier, a particular geographic identification (Hong Kong in the name), being 
noted as a New Zealand company, or being noted as an NZ currency equity. Regardless of the initial recording currency, all the data on 
these companies are expressed in Australian dollars (AUD). 

Concerning the dynamic screens, a company is included in the sample in a given month if we can obtain both its current return and 
market capitalization at the end of the previous month. As advocated by Schmidt et al. (2017), we exclude monthly returns and 
associated market capitalizations in the case of return spikes (return >500%).6 Furthermore, as in Jegadeesh and Titman (2001), 
Gutierrez and Kelley (2008), and Hou et al. (2011), among others, we control for penny stocks: specifically, we exclude observations 
when the price at the beginning of the month falls below AUD 0.10. However, unlike, for example, Ball et al. (1995), De Moor and 

2 One exception is the Share Price & Price Relatives database maintained by RoZetta Institute (and previously by SIRCA), with their coverage 
starting in the mid-1970s. Before this date, virtually no reliable Australian market data was available to researchers. For further details, see https:// 
www.rozetta.com.au and https://www.sirca.org.au  

3 In 2006, the merger between the Australian Stock Exchange (ASX) and the Sydney Futures Exchange (SFE) resulted in the renaming of the joint 
entity as the Australian Securities Exchange (ASX).  

4 Previously known as the Australian Centre for Financial Studies (ACFS). For details, see https://www.monash.edu/business/mcfs.  
5 Scanned copies are available from the MCFS.  
6 Of note, previous studies rely on different thresholds to filter out extreme returns. For instance, van der Hart et al. (2005) discard monthly 

returns exceeding 300%, whereas de Groot et al. (2012) and Chui et al. (2010) are even more conservative, using a cut-off point of 100%. However, 
the choice of threshold has no qualitative influence on our overall findings. Furthermore, if we do not exclude any extreme returns at all, our results 
do not materially change either. 
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Fig. 1. Snapshots of original data sources. 
This figure illustrates example excerpts from the Stock Exchange of Melbourne (SEM) gazettes and records used to source the original data. The 
exhibits present the listings of building societies, as well as pastoral and finance companies. 
Panel A: SEM Gazette dated January 30th, 1926. 
Panel B: SEM official record dated March 25th, 1948. 
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Sercu (2013), and van der Hart et al. (2005), we do not exclude microcaps, that is, companies characterized by tiny market capi-
talization, because we can control for and explore the role of firm size in a separate test. 

Next, as Ince and Porter (2006) suggested, we delete zero returns at the end of the return time-series. This is to avoid any stale prices 
displayed in the database after a delisting event occurs. Finally, as De Moor and Sercu (2013) argued, automatic filters may not 
necessarily guarantee the elimination of all possible errors. Potential problems include decimal sign shifting, high reported returns not 
corresponding with a similar change in market capitalization, price not mirroring dividend payouts, or some other obvious types of 
wrongly handled corporate actions. Therefore, we follow Rouwenhorst (1999) and manually filter suspicious data coming from po-
tential errors.7 

It is important to note that, despite our best efforts and all the tests conducted, we acknowledge that our data may be of lesser 
quality in earlier decades. This fact is an essential limitation of the study that stems inherently from the nature of our long dataset. 
However, we expect that any errors should be randomly distributed and cancel each other out in the long run. 

Our final sample for analysis contains 3610 different companies and 365,707 monthly return observations. Notably, while our 
dataset begins in January 1926, we use the initial 12 months only to obtain different return predictive signals. As a consequence, the 
actual sample of returns is from February 1927 to March 1987.8 Naturally, the number and market value of firms in our sample are not 
constant through time but increase along with the development of the Australian capital markets. The overall size of our sample 
through time is reported in Fig. 2. 

The number of companies covered increases gradually from 157 in February 1927 to 1020 in March 1987. The most significant 
spike is recorded in 1972 when a national listing of all Australian securities was introduced. This brought an influx of a considerable 
number of small company listings. The aggregate market value of the firms in the sample also grows remarkably through time. The 
market capitalization of the companies commences at AUD 304 million in 1927 and increases to AUD 244 billion in 1987. 

Fig. 3 provides some additional insights into the properties of our data sample. The market value of the companies listed in 
Melbourne increases gradually through time (Fig. 3, Panel A). On the other hand, the average market price of securities remains more 
stable over the same period (Fig. 3, Panel B). This observation is consistent with the findings from other markets. For example, Weld 
et al. (2009) document that average stock prices in the United States remained relatively constant for almost a century. Lastly, the 
average dividend over the study period equaled approximately 5%, though, at some points, such as the late 1960s, it reached as high as 
9%. The overall mean dividend yield is marginally higher than for the United States, where the average dividend yield for the S&P 500 
over the same period amounted to approximately 4.6% (Shiller, 2020). 

As all the investigated prices and returns are expressed in AUD, we proxy the risk-free rates with the three-month Australian 
Treasury bill rate sourced from Global Financial Data.9 The original data is available from the Statistical Bulletin of the Reserve Bank of 
Australia. From 1928 through 1935, the data is provided annually (from July to June) and monthly after that. The Treasury bill rate 
was controlled by the government until 1959 when market rates were allowed to prevail. Notably, the data is available only from 1928, 
so for the 11 months from February to December 1927, we use rates from January 1928.10 

2.3. Anomaly portfolios 

To examine the cross-sectional return predictability at the SEM, we identify, classify, and replicate 30 well-established equity 
anomalies from the finance literature. Our sample of anomalies is essentially sourced from several broad surveys of asset pricing 
studies, namely, Feng et al. (2020), Green et al. (2017), Harvey and Liu (2019), Hou et al. (2020), and Jacobs and Müller (2018, 2020). 
Nonetheless, we impose several restrictions necessary to reproduce the anomalies in our sample. First, the anomalies are required to 
concern cross-sectional patterns in stock returns so that they can be captured with sorting and quantile portfolios. Hence, we do not 
consider anomalies in the time-series of returns, such as the calendar anomalies identified in Cooper et al. (2006) or Zhang and 
Jacobsen (2013). Second, we take into account only one-dimensional anomalies. As a consequence, we exclude the return regularities 
requiring double-sorting, such as various enhanced momentum strategies (Hanauer and Windmüller, 2020). Third, the anomalies must 
be derived from the elementary market data available in our dataset, including stock prices, total returns, market capitalizations, and 
dividend yields. Hence, we do not cover the accounting anomalies such as profitability or investment (e.g., Cooper et al., 2008; Novy- 
Marx, 2013), even if they are broadly acknowledged. Finally, due to the limitations of our data frequency, we are constrained to return- 
predicting variables based on monthly data. As a result, we cannot test the anomalies inherently requiring daily or intraday data, such 
as the trend factor (Han et al., 2016) or intraday momentum (Gao et al., 2018). 

Our final set comprises 30 anomalies which can be classified into seven broad categories. All return-predictive signals, along with 
their calculation methods and relevant literature references, are summarized in Table 1. 

We categorize the anomalies into seven broad groups as follows, based on similarities in variable construction and underlying 
philosophy: (1) momentum, (2) risk, (3) skewness, (4) value, (5), seasonality, (6) reversal, and (7) other. 

7 This last filter results in the correction of nine firm-month observations where the share split dates were inconsistently assigned to prices and the 
numbers of shares outstanding, resulting in the artificial inflation of the market value.  

8 The 31st March 1987 marked the cessation of the six state-based stock exchanges in the capital cities of Melbourne, Sydney, Brisbane, Adelaide, 
Perth and Hobart. Australia's national stock exchange known as the ASX officially launched on the 1st April 1987.  

9 See https://globalfinancialdata.com/ for details.  
10 Any changes to the decision to use the rate from January 1928 for the period February to December 1927, such as applying alternative rates or a 

rate equal to zero, have no influence on our overall findings. 
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Group 1: Momentum. The first category, momentum (Table 1, Panel A) comprises several different variables: short-term mo-
mentum (MOM6), classic momentum (MOM12), risk-adjusted momentum (RAMOM), six-month and twelve-month residual (or 
idiosyncratic) momentum (RESMOM6, RESMOM12), alpha momentum (AMOM), 52-week high (H52), and moving average (MA). 
These momentum-related strategies broadly assume that past trends in the stock price will continue in the near future. 

Group 2: Risk. Table 1, Panel B, summarizes signals linked to different types of systematic or idiosyncratic price risk. These include 
the classic beta (BETA), the beta of Frazzini and Pedersen (2014) (BETAFP), total volatility (VOL), idiosyncratic risks based on one- 
factor and three-factor models (IVOL1, IVOL3), and value-at-risk (VAR). Notably, the direction of the relationship between the 
returns and the variables in this category is not uniform. Some assume a positive correlation between risk and future stock performance 
(Sharpe, 1964; Douglas, 1967), whereas others argue that the relationship is negative (Frazzini and Pedersen, 2014; Ang et al., 2006; 
Zaremba et al., 2020). At times, the evidence is contradictory, even in the case of single anomalies. For example, Bali and Cakici (2004) 
indicate that high VAR stocks outperform others, whereas Bi and Zhu (2020) claim it is the low-VAR stocks that produce higher returns. 

Group 3: Skewness. Next, we consider asset pricing effects related to the skewness of the return distribution (Table 1, Panel C). 
Specifically, we examine the co-skewness measure of Harvey and Siddique (2000) (COSKEW), as well as two variants of idiosyncratic 
skewness based on a single-factor model and a three-factor model (ISEWF1 and ISKEWF3, respectively). 

Group 4: Value. The fourth category of anomalies is related to value (Table 1, Panel D). Obviously, we are constrained by the 
unavailability of critical accounting data, so we are unable to calculate many of the commonly used valuation ratios, such as the price- 
to-book or price-to-earnings ratio. Hence, we limit this category of anomalies to three value-related signals: dividend yield (DY), 
change in dividend (DYCH), and value uncertainty (VALUNC). 

Group 5: Seasonality. Table 1, Panel E, presents seasonality anomalies. Although most of the calendar anomalies are time-series in 
nature, we revert to the approach of Heston and Sadka (2008) and Keloharju et al. (2016) that can be applied in the cross-sectional 
context. In other words, we examine whether the average same-calendar-month return over the prior five (SEAS5) or twenty 
(SEAS20) years can predict future returns in the cross-section. 

Group 6: Reversal. Subsequently, we turn to reversal anomalies (Table 1, Panel F). The underlying philosophy of these strategies is 
the opposite to the momentum effect, arguing that past price trends tend to revert in the future. We reproduce the short-term reversal 
(STREV), short-term residual reversal (RESREV), long-term reversal (LTREV), and market value change (MVCH) anomalies. 

Group 7: Other. Finally, the last group of anomalies contains signals related to the issuance, information uncertainty, or market 
frictions, which cannot be easily classified into any earlier categories. This group includes four return-predictive signals, that is, 
composite equity issuance (CEI), firm age (AGE), market value or size effect (MV), and share price (SP). The final anomaly refers to the 
so-called low-price effect. 

We replicate all the anomalies closely following the approach in the original papers. Nonetheless, in some cases, we introduce 
minor modifications to accommodate the variables to the limitations of our dataset. For instance, the original value uncertainty 
anomaly of Bali et al. (2018) was based on the volatility of the book-to-market ratio (B/M). Due to the lack of relevant accounting data, 

Fig. 2. Research sample. 
This figure presents the research sample through time. Panel A illustrates the number of firms, and Panel B presents the aggregate market capi-
talization of all firms in the sample (in AUD million). The study period is from February 1927 to March 1987. 
Panel A: Number of firms. 
Panel B: Total market value. 
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we use the dividend yield instead of B/M. The precise derivations of all the return predictive signals are detailed in Table 1. 
Naturally, not all variables are available for each company in each month. The sample coverage by different return predictive 

signals varies across anomalies but is generally high. It ranges between 72% and 100%, with the lowest values recorded for anomalies 
requiring long-run data, such as CEI, LTREV, or SEAS20. We provide more detailed insights into this issue in the latter part of this article 
when we report the average number of firms in the anomaly portfolios. 

We reproduce all the anomaly portfolios using an identical, uniform procedure. For each month, we rank all stocks in the sample on 
a given return predictive signal. We sort the firms into quintiles based on 20th-percentile breakpoints derived from the entire pop-
ulation and form value-weighted portfolios. We also build long-short portfolios that buy (sell) the stocks with the highest (lowest) 
signal. 

Noteworthy, though the zero-investment portfolios are frequently employed in the studies of early asset returns (e.g., Goetzman 
and Huang, 2018; Linnainmaa and Roberts, 2018; Baltussen et al., 2021), they should be regarded more as a quick test of cross- 
sectional return monotonicity, rather than a practical examination of actual portfolio performance. The reason is that short selling 
has been typically heavily restricted (historically), and this applies to the SEM as well. On the other hand, however, following the 
arguments of Stambaugh et al. (2012), short selling limitations should impede arbitrage activity, leading to even more pronounced 
equity anomalies. 

Fig. 3. Properties of the research sample through time. 
This figure presents the selected properties of the research sample through time. The study period is from February 1927 to March 1987. We report 
monthly average values and cross-sectional standard deviations of the company market capitalization of each firm expressed in AUD million (Panel 
A), share price expressed in AUD (Panel B), and dividend yield expressed in percentage terms (Panel C). 
Panel A: Company Market Capitalization (AUD Million). 
Panel B: Share Price (AUD). 
Panel C: Dividend Yield (%). 
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Table 1 
Anomalies examined in the study.  

# Acronym Anomaly Key references Signal calculation details 

Panel A: Momentum 
1 MOM6 Short-term 

momentum 
Jegadeesh and Titman (1993) Total return from t-6 to t-2. 

2 MOM12 Classic momentum Fama and French (1996) Total return from t-12 to t-2. 
3 RAMOM Risk-adjusted 

momentum 
Dudler et al. (2015) Average log-return in months t-12 to t-2 scaled by their standard 

deviation in the same period. 
4 RESMOM6 Residual momentum 

(6 months) 
Gutierrez Jr. and Prinsky (2007); Blitz 
et al. (2011); Blitz et al. (2020); Page 
et al. (2020) 

Average residual from the three-factor model of Fama and French 
(1993) in months t-6 to t-2. The model to obtain the residuals is 
estimated based on months t-36 to t-1. The average residual is scaled 
by the volatility of the residuals over the period t-36 to t-1. 

5 RESMOM12 Residual momentum 
(12 months) 

Blitz et al. (2011); Blitz et al. (2020) Average residual from the three-factor model of Fama and French 
(1993) in months t-12 to t-2. The model to obtain the residuals is 
estimated based on months t-36 to t-1. The average residual is scaled 
by the volatility of the residuals over the period t-36 to t-1. 

6 AMOM Alpha momentum 
(three factors) 

Grundy and Martin (2001); Hühn and 
Scholz (2018) 

Alpha from the three-factor model of Fama and French (1993) 
estimated based on the months t-12 to t-2. 

7 H52 52-week high George and Hwang (2004) Stocks' total return index at t-1 over the maximum stock's total return 
index from t-12 to t-2. 

8 MA Moving average Han et al. (2013); Neely et al. (2014) Stocks' total return index at t-1 over the average stock's total return 
index from t-12 to t-2.  

Panel B: Risk 
9 BETA Beta Sharpe (1964); Lintner (1965); Mossin 

(1966); Fama and MacBeth (1973);  
Zaremba (2020) 

Stock market beta estimated based on months t-60 to t-1. 

10 BETAFP Frazzini-Pedersen 
beta 

Frazzini and Pedersen (2014) Stock market beta estimated following Frazzini and Pedersen 
(2014), using a 36-month correlation with the market portfolio, and 
12-month volatilities. 

11 VOL Total volatility Douglas (1967) The standard deviation of returns in months t-12 to t-1. 
12 IVOL1 Idiosyncratic 

volatility (CAPM) 
Ali et al. (2003), Bali and Cakici (2008) Idiosyncratic volatility estimated from the CAPM for months t-12 to 

t-1. 
13 IVOL3 Idiosyncratic 

volatility (three 
factors) 

Ang et al. (2006), Bali and Cakici (2008) Idiosyncratic volatility estimated from the three-factor model of  
Fama and French (1993) for months t-12 to t-1. 

14 VAR Value at risk Bali and Cakici (2004); Bi and Zhu 
(2020) 

5th percentile of the 60-month distribution of monthly returns.  

Panel C: Skewness 
15 COSKEW Co-skewness Harvey and Siddique (2000) Co-skewness estimated based on a 24-month estimation period. 
16 ISKEW1 Idiosyncratic 

skewness (CAPM) 
Boyer et al. (2010) The skewness of the residuals from the CAPM estimated over the 

months t-36 to t-1. 
17 ISKEW3 Idiosyncratic 

skewness (three 
factors) 

Boyer et al. (2010) The skewness of the residuals from the three-factor model in months 
estimated over the months t-36 to t-1.  

Panel D: Value 
18 DY Dividend yield Litzenberger and Ramaswamy (1979) Dividend yield at t-1. DY is calculated as the exchange-estimated 

twelve-month trailing historic dividend per ordinary share divided 
by the last quoted closing price. Companies paying no dividends are 
also included in the sample with the corresponding DY value of zero. 

19 DYCH Change in dividend Benartzi et al. (1997) Change in the dividend yield (DY, calculated as for the variable 18) 
from t-13 to t-1. 

20 VALUNC Value uncertainty Bali et al. (2018) The 60-month standard deviation of the dividend yield (DY, 
calculated as for the variable 18).  

Panel E: Seasonality 
21 SEAS5 Seasonality (5 years) Heston and Sadka (2008) Average same-month calendar return over the last 5 years. 
22 SEAS20 Seasonality (20 years) Keloharju et al. (2016) Average same-month calendar return over the last 20 years.  

Panel F: Reversal 
23 STREV Short-term reversal Jegadeesh (1990); Lehmann (1990) Total return in month t-1. 
24 RESREV Short-term residual 

reversal 
Blitz et al. (2013) Residual from the three-factor model in month t-1. The model to 

obtain the residuals is estimated based on months t-36 to t-1. 
25 LTREV Long-term reversal DeBondt and Thaler (1985) Total return from t-60 to t-13. 
26 MVCH Market value change Gerakos and Linnainmaa (2018) Log-change in market value from t-36 to t-1.  

Panel G: Other 
27 CEI Composite equity 

issuance 
Daniel and Titman (2006) Change in logarithms of market value from t-60 to t-1 minus the total 

log-return from t-60 to t-1. 
28 AGE Age Barry and Brown (1984); Jiang et al. 

(2005), Kumar et al. (2008) 
Number of months since the first coverage in the database. 

(continued on next page) 
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2.4. Performance evaluation 

To evaluate the portfolios, we turn to the simple capital asset pricing model (CAPM) described by Sharpe (1964): 

Rt = α+ βMKT MKTt + εt (1)  

where Rt denotes the return on an examined anomaly portfolio in month t, MKTt is the excess return on the market portfolio, εt is the 
error term, and α and βMKT are the estimated regression parameters. The reason why we opt for the CAPM is that we reproduce very 
basic anomalies, such as size, value, and momentum, that form the basis of the most popular multifactor models of Fama and French 
(1993) and Carhart (1997). 

The market portfolio return is computed as the value-weighted return on all the stocks available in the sample in excess of the risk- 
free rate. Table 2 provides an overview of the performance of the market portfolio. On average, the value-weighted portfolio of equities 
listed in the SEM outperformed the risk-free rate by 0.26% per month with a volatility of 3.49%. The returns were relatively consistent 
through time, with a similar mean return in the first and second half of the study period (0.23% vs. 0.28%). 

Fig. 4 uncovers further insights into the behavior of the market portfolio by plotting its cumulative returns. Overall, the trend is 
positive, and the time-series variation reveals remarkable similarities to major international stock markets. Though a geographically 
distant continent, Australia did not escape the influence of major global events. As a consequence, we observe a significant bear market 
following the Great Crash of 1929, as well as a prolonged sideways drift in the 1960s and 1970s. 

Our study assumes a simultaneous test of 30 return-predictive variables. The examination of each standalone test may lead to a 
Type I error. When multiple hypotheses are tested, false rejections of the null hypotheses are more likely to occur. As a consequence, 
we may incorrectly “discover” profitable anomalies that do not exist. Harvey et al. (2016) discuss several ways to evaluate this 
problem. Following Müller and Schmickler (2020), we employ the Bonferroni correction, which is the simplest and most conservative 
method. Furthermore, it requires no assumption concerning independence between hypotheses (Chordia et al., 2020). We examine 30 
different predictors, thus, the 10% and 5% significance thresholds imply adjusted t-statistics of 2.94 and 3.14, respectively. 

In addition to our baseline tests, we experiment with variations in our methodology. First, we consider an alternative equal- 
weighted approach. This allows us to minimize the influence of the largest companies on the overall portfolio performance. Sec-
ond, we explore the performance within the small and large firms, defined as companies with a market capitalization below and above 
the market-wide median, respectively. Third, we examine the performance in subperiods constituting the first (February 1927 – 
February 1957) and the second (March 1957 – March 1987) halves of the study period. Finally, we investigate extended holding 
periods for the anomaly strategies ranging from three to twelve months. We discuss the merits and details of these tests in further 
sections of this paper. 

3. Baseline empirical findings 

We begin the presentation of our results with the performance of the value-weighted anomaly portfolios. We are interested in how 
many and which anomalies produce significant cross-sectional return patterns within our sample. Subsequently, we discuss our 
findings within a broader context of the asset pricing literature. 

3.1. Main results 

Table 3 reports the performance of the anomaly portfolios examined in this study. Interestingly, the majority of mean returns or 
alphas are insignificant, casting doubt on the validity of the anomalies. Let us review all the categories of the return predictors one by 
one. The momentum anomalies, summarized in Panel A of Table 3, fare rather poorly; even the most prevalent strategies, such as the 
momentum effect (MOM6, MOM12) dating back to Jegadeesh and Titman (1993) and Fama and French (1996), do not exhibit sig-
nificant profits in the long-short portfolios. The most reliable anomaly in this category is the 12-month residual (or idiosyncratic) 
momentum, demonstrated originally in Blitz et al. (2011) and Blitz et al. (2020). The long-short portfolio formed on RESMOM12 
exhibits a mean monthly return of 0.40% (t-stat = 2.71). However, even this strategy fails to pass the appropriate level of statistical 
significance when we implement the multiple testing adjustment. 

In the category of risk-related effects (Table 3, Panel B), we do not find evidence supporting any anomalies. None of the average 
returns or alphas on the spread portfolios, formed on systematic, total, idiosyncratic, or tail risk, significantly depart from zero. We do 
not observe systematic outperformance of the low-risk stocks or the high-risk stocks. 

The skewness anomalies summarized in Table 3, Panel C, report results partly opposite to what was documented in the original 
studies by Harvey and Siddique (2000) and Boyer et al. (2010). The portfolios sorted on co-skewness reveal a positive relationship 

Table 1 (continued ) 

# Acronym Anomaly Key references Signal calculation details 

29 MV Market value Banz (1981), Asness et al. (2018) Market value at month t-1. 
30 SP Share price Blume and Husic (1973); Miller and 

Scholes (1982); Singal and Tayal (2020) 
Share price at month t-1. 

This table details the anomalies examined in the study. # is the running number and Acronym indicates the abbreviation used to identify the anomaly 
in the paper. 
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between systematic skewness and future returns. The differential return is positive, and the high-COSKEW portfolio outperforms the 
low-COSKEW portfolio by 0.48% (t-stat = 3.03) per month. These findings contradict the evidence of Harvey and Siddique (2000), who 
argue that co-skewness negatively predicts expected returns, though it matches evidence from certain emerging markets (see, e.g., 
Steyn and Theart, 2021). Moreover, the co-skewness results are not unique as previous studies have found opposite signs in the Fama 
and French factors as well.11 

On the other hand, the idiosyncratic risk measures that we examine support the findings of the earlier asset pricing literature on the 
pricing of this variable. Both ISKEW1 and ISKEW3 correlate negatively with future returns in the cross-section. The average return on 
the long-short portfolio equals − 0.42% (t-stat = − 2.32) and − 0.44% per month (t-stat = − 2.69) for ISKEW1 and ISKEW3, respectively. 
This finding corroborates the arguments of Boyer et al. (2010), who indicate that investors prefer high-idiosyncratic skewness com-
panies and demand a premium for investing in firms with low idiosyncratic skewness. 

Importantly, our results provide partial support for the previously documented skewness effects in asset pricing. On the one hand, 
our evidence for idiosyncratic skewness is consistent with the earlier findings. On the other hand, whereas the t-statistics are large 
enough to pass standalone tests (in absolute terms), they are insufficient to exceed statistical significance in the multiple hypothesis 

Table 2 
Performance of the market portfolio.   

Full period: Feb 1927 – Mar 1987 First half: Feb 1927 – Feb 1957 Second half: Mar 1957 - Mar 1987 

Average 0.26 0.23 0.28  
(1.96) (1.76) (1.24) 

Volatility 3.49 2.50 4.27 
Skewness − 0.84 − 3.67 − 0.20 
Kurtosis 8.18 42.69 1.73 
Maximum 13.91 9.48 13.91 
Minimum − 27.53 − 27.53 − 14.16 

This table reports the basic statistical properties on the market risk factor (MKT). The table presents cumulative returns on the MKT risk factor, that is, 
excess returns on the value-weighted market portfolio comprising all firms in the sample. The averages and volatilities, as well as maximum and 
minimum returns, are presented in percentage terms. The numbers in parentheses are t-statistics. The research period is February 1927 to March 
1987, and the descriptive statistics are reported for both the full study period and for subperiods representing the first and second half of the sample 
(February 1927 – February 1957, March 1957 – March 1987). 

Fig. 4. Performance of the market portfolio. 
This figure illustrates the cumulative returns on the MKT risk factor, that is, excess returns on the value-weighted market portfolio comprising all 
firms in the sample. The values are reported as percentages. The research period is February 1927 to March 1987. 

11 The estimation of a negative skewness anomaly in Australia is not unexpected in the empirical literature. There is a long history of mixed results 
in the estimation of the Fama and French (1992) SMB and HML risk factors in Australia, with some studies reporting opposite signs than expected. 
For example, Brailsford, Gaunt and O'Brien (2011) report an insignificant Australian SMB factor at − 0.22% per month. In another study, Dou et al. 
(2013) report insignificant Fama and French (1992) premia for both Australian size and value. The literature to date suggests the estimation of 
Australian SMB and HML risk factors are highly sensitive to the number of micro-cap stocks in the construction of portfolio sorts and the overall 
distribution of large-, mid-, small- and micro-caps in the sorting methodology. 

N. Cakici et al.                                                                                                                                                                                                         



Pacific-Basin Finance Journal 70 (2021) 101675

13

framework. 
Table 3, Panel D, focuses on value strategies. This category is, perhaps, the strongest of all. Of the three replicated strategies, two 

prove to be significant. The high dividend yield companies markedly outperform the low dividend yield companies. The average return 
on the long-short portfolio formed on DY amounts to 0.59% per month with an associated t-value of 3.07.12 There are no significant 
patterns observed in the returns for the second anomaly in this class, DYCH. Finally, our findings regarding the value uncertainty 
anomaly (VALUNC) strongly support the initial discoveries of Bali et al. (2018). The long-short strategy of buying (selling) firms with 
high (low) VALUNC delivers a mean monthly return of 0.60% per month (t-stat = 3.20). To conclude, the DY and VALUNC anomalies 

Table 3 
Returns on anomaly portfolios.   

Low 2 3 4 High H-L t-statH-L α t-statα N 

Panel A: Momentum 
MOM6 0.37 0.13 0.19 0.19 0.32 − 0.05 (− 0.27) − 0.03 (− 0.21) 101 
MOM12 0.35 0.13 0.29 0.24 0.35 0.00 (0.02) 0.01 (0.07) 101 
RAMOM 0.44 0.20 0.32 0.29 0.13 − 0.32 (− 1.48) − 0.37 (− 1.79) 100 
RESMOM6 0.34 0.22 0.34 0.30 0.43 0.09 (0.59) 0.11 (0.74) 92 
RESMOM12 0.17 0.26 0.25 0.40 0.57 0.40 (2.71) 0.41 (2.71) 92 
AMOMF3 0.50 0.31 0.13 0.27 0.23 − 0.27 (− 1.64) − 0.30 (− 1.88) 102 
H52 0.41 0.31 0.41 0.07 0.08 − 0.33 (− 1.62) − 0.20 (− 1.01) 101 
MA 0.37 0.27 0.28 0.23 0.18 − 0.18 (− 1.00) − 0.18 (− 1.02) 101  

Panel B: Risk 
BETA 0.24 0.13 0.49 0.52 0.36 0.12 (0.59) − 0.22 (− 1.22) 95 
BETAFP 0.27 − 0.07 0.32 0.36 0.33 0.06 (0.31) − 0.18 (− 1.00) 91 
VOL − 0.05 0.27 0.32 0.43 0.09 0.14 (0.68) − 0.05 (− 0.25) 102 
IVOL1 − 0.04 0.17 0.44 0.54 0.06 0.10 (0.58) − 0.02 (− 0.12) 101 
IVOL3 − 0.05 0.24 0.49 0.37 0.25 0.30 (1.73) 0.18 (1.08) 102 
VAR 0.23 0.29 0.42 0.49 0.40 0.18 (0.79) − 0.09 (− 0.48) 96  

Panel C: Skewness 
COSKEW 0.09 0.29 0.19 0.37 0.57 0.48* (3.03) 0.49* (3.05) 94 
ISKEW1 0.41 0.35 0.36 0.30 − 0.01 − 0.42 (− 2.32) − 0.38 (− 2.16) 92 
ISKEW3 0.45 0.39 0.18 0.43 0.01 − 0.44 (− 2.69) − 0.40 (− 2.46) 92  

Panel D: Value 
DY 0.01 0.22 0.30 0.46 0.60 0.59* (3.07) 0.70** (3.83) 101 
DYCH 0.34 0.16 0.13 0.33 0.51 0.17 (1.26) 0.18 (1.31) 99 
VALUNC 0.13 0.42 0.38 0.50 0.73 0.60** (3.20) 0.61** (3.39) 97  

Panel E: Seasonality 
SEAS5 0.70 0.31 0.28 0.40 0.20 − 0.51 (− 2.79) − 0.52 (− 2.87) 87 
SEAS20 0.56 0.34 0.40 0.38 0.40 − 0.17 (− 0.82) − 0.21 (− 1.03) 76  

Panel F: Reversal 
STREV 0.19 0.15 − 0.21 0.20 0.72 0.53 (2.34) 0.54 (2.38) 101 
RESREV 0.96 0.34 0.13 0.02 0.16 − 0.79** (− 3.52) − 0.79** (− 3.51) 92 
LTREV 0.34 0.64 0.33 0.34 0.43 0.09 (0.49) 0.04 (0.25) 77 
MVCH 0.57 0.42 0.26 0.26 0.20 − 0.37 (− 1.92) − 0.45 (− 2.46) 88  

Panel G: Other 
CEI 0.49 0.63 0.51 0.30 0.26 − 0.23 (− 1.30) − 0.23 (− 1.27) 72 
AGE 0.15 0.28 0.23 0.35 0.33 0.18 (1.47) 0.12 (0.99) 101 
MV 0.39 0.36 0.43 0.42 0.25 − 0.14 (− 0.84) − 0.34 (− 2.36) 101 
SP 0.19 0.59 0.58 0.41 0.16 − 0.03 (− 0.20) − 0.11 (− 0.70) 101 

This table reports the average monthly returns on value-weighted quintile anomaly portfolios formed on the different return-predicting signals 
outlined in Table 1. The signals are classified into seven major categories: Momentum, Risk, Skewness, Value, Seasonality, Reversal, and Other. High 
(Low) indicates the portfolios with the highest (lowest) value of the signal. H-L is the average return on the long-short strategy buying (shorting) the 
High (Low) portfolio, and α is the associated CAPM alpha. The numbers in parentheses are Newey and West (1987) t-statistics associated with the mean 
returns (t-statH-L) and alphas (t-statα). N is the average number of stocks in a single quintile portfolio. The study period is February 1927 to March 
1987. The average returns and alphas are expressed as percentages. The asterisks * and ** indicate values that exceed statistical significance after the 
Bonferroni adjustment for multiple comparisons at the 10% and 5% levels, respectively. 

12 Importantly, in our baseline approach, the sample encompasses both dividend payers and firms paying no dividends. The dividend yield of non- 
payers is assumed to equal zero, and they are sorted into the bottom basket of firms that have the lowest DY. Nevertheless, our findings are robust to 
the exclusion of companies with no dividend yield. In unreported analysis, we replicate our calculations discarding the firms with DY equal to zero. 
In such a setting, the mean differential return on a value-weighted (equal-weighted) portfolio from the univariate sort on DY amounts to 0.43% 
(0.67%) and is highly statistically significant. In essence, it not only matters whether the firm pays a dividend or not but principally how high the 
dividend yield is. All other results presented in further sections concerning the firm size or extended holding periods are also consistent. The detailed 
results of these additional tests are available upon request. 
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reproduced in the SEM sample prove to be significant sources of abnormal returns in a multiple hypothesis testing framework. 
Let us now turn to the seasonality anomalies summarized in Table 3, Panel E. Unfortunately, we cannot replicate the return patterns 

presented in Heston and Sadka (2008) and Keloharju et al. (2016). We find no evidence that companies with a high average return in 
the same calendar month in the past outperform their counterparts with low returns. The mean payoffs on the long-short strategies are 
negative rather than positive. 

The reversal anomalies (Table 3, Panel F) prove only partly significant. The short-term residual reversal effect (RESREV) is strong 
and sizeable in our Australian sample. The average return on the long-short portfolio amounts to − 0.79% per month with a t-value of 
− 3.52. Also, the market value change (MVCH) generates abnormal returns relative to the CAPM but is insufficient to pass multiple 
hypothesis comparison tests. The average differential return equals − 0.37% (t-stat = − 1.92) and the respective alpha is − 0.45% (t-stat 
= − 2.46). 

The last section of Table 3 (Panel G) presents the behavior of the other four anomalies. However, the signals from these remaining 
anomalies are insignificant in our sample. Almost none of the long-short strategies we tested exhibit convincing abnormal returns. The 
composite equity issuance (CEI), firm age (AGE), and share price (SP) strategies show no significant return regularities. The strongest 
performer is the size effect (MV). The alpha amounts to − 0.34% per month with a corresponding t-statistic of − 2.36. In other words, 
small firms appear to outperform large firms on a risk-adjusted basis. However, the t-statistic is still too small to validate the anomaly in 
the multiple testing framework, in both raw return differentials and on a CAPM risk-adjusted basis. 

3.2. Discussion 

Summing up our outcomes reported in Table 3, we find relatively weak evidence for the presence of recognized equity anomalies in 
the SEM sample. The vast majority of the tested strategies prove insignificant, including those belonging to the most prominent 
anomaly categories, such as low risk and seasonality. Only a handful of signals successfully predict the returns in the cross-section, in 
line with the earlier evidence from other markets. If we use a conventional 5% threshold for statistical significance in standalone tests, 
only eight strategies (27% of our sample) exhibit significant alphas consistent with earlier empirical evidence.13 These strategies are 
RESMOM12, ISKEW1, ISKEW3, DY, VALUNC, RESREV, MVCH, and (partially) MV. However, when we control for the multiple hy-
pothesis testing framework with the Bonferroni adjustment, the number of statistically significant strategies shrinks to just three 
anomalies: RESMOM12, DY, and VALUNC. 

Importantly, Harvey et al. (2016) argue that given the proliferation of potential false discoveries in the asset pricing literature, the 
classic 5% cut-off point may be too lenient. They advocate using a stricter hurdle, requiring a t-statistic of at least 3. Using this 
alternative criterion to evaluate the significance of anomalies (instead of the Bonferroni adjustment), leads to the same consistent 
conclusions. Only three anomalies, namely, dividend yield (DY), value uncertainty (VALUNC), and short-term residual reversal 
(RESREV) would qualify. In other words, as many as 90% of all the anomalies in our sample are classified as insignificant. Given that 
the anomalies in our sample were generally discovered and broadly covered in academic literature in the years proceeding our sample, 
their absence cannot be explained by investor learning. Hence, our findings generally support the hypothesis that many equity 
anomalies may result from intensive data mining, and their out-of-sample performance is generally poor. 

Although the fraction of significant anomalies, that is, 10%, may seem surprisingly low, it is consistent with the conclusions of other 
broad replication studies. For example, Hou et al. (2020) replicate 452 anomaly strategies in U.S. equities and find 82% of them cannot 
be replicated under realistic trading assumptions.14 The authors document many prominent anomalies that cannot be reproduced, 
including established ones such as the short-run reversal of Jegadeesh (1990) and the idiosyncratic volatility effect observed by Ang 
et al. (2006). Furthermore, Hou et al. (2020) employ U.S. stock market data where the majority of these anomalies were originally 
discovered, thus, some sort of “pre-test bias” may be present (Lhabitant, 2008). 

Finally, how do the three anomalies found to be the most powerful, namely, DY, RESREV, and VALUNC, compare with earlier 
Australian evidence? Whereas the RESREV and VALUNC have not been extensively tested, the dividend yield effect has also been 
confirmed by Huynh (2018), who examined Australian equities data for the years 1991–2007. Interestingly, the analysis of more recent 
data by Huynh (2018), Chiah et al. (2020), and Zhong et al. (2014) provide supportive evidence for several other asset pricing 
anomalies associated with momentum, firm size, or volatility. In contrast, our early security data does not deliver convincing 
confirmation of the same patterns. This may be associated with the time-variability of the profitability of these strategies, and may be 
associated, e.g., with changing market conditions. Alternatively, it may suggest the period- and sample-specific nature of the anomaly 
literature. 

A broader look at the international evidence provides further interesting insights. Again, the RESREV and VALUNC are relatively 
newly documented patterns and have not been extensively examined in international markets thus far, with just a few exceptions, such 
as China (Jansen et al., 2021). Nonetheless, the evidence on the DY effect is abundant. Furthermore, DY is partly linked to VALUNC, 
since both of them rely on signals derived from dividends. 

Since the seminal papers of Litzenberger and Ramaswamy (1979) and Blume (1980), the dividend yield effect have been tested in 

13 As previously mentioned, several strategies report significant alphas with an opposite sign observed in earlier studies. Recall the skewness 
anomalies in Panel C of Table 3 as an example (and Footnote 11). The findings of opposite signs provide further evidence of the fragility in the 
anomalies documented in prior academic publications.  
14 Hou et al. (2020) report that 82% of anomalies cannot be replicated when employing the minimum requirement of a 5% level of statistical 

significance. 
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many markets and periods. Though the initial findings were very promising, more recent studies – implemented in fresher and broader 
samples – yielded mixed results (see Pätäri and Leivo (2017)) for an extensive literature survey). For example, Hou et al. (2011), who 
examined 27,488 stocks from 49 global markets, found rather disappointing returns. Admittedly, the dividend yield has significant 
explanatory power on subsequent performance, but it works poorly as a value-based factor on global returns. The dividend yield 
strategy performance is unimpressive even in the undeveloped frontier markets, where it fares weaker than other value indicators (de 
Groot et al., 2012). Moreover, the recent broad replication studies, examining extensive arrays of various anomalies, found little 
support for the dividend yield anomaly (Hou et al., 2020; Qiao, 2019; Hollstein, 2020). 

Interestingly, unlike the studies based on recent data, the dividend yield anomaly typically works well in the studies using long-run 
historical datasets. For example, Dimson et al. (2003) document substantial profits by utilizing the DY strategy over the long-run on U. 
K. data, and Dimson et al. (2017) provide similar evidence from over a century of data from 23 international markets. The value effect 
measured with DY is also confirmed in the pre-World War I data from the U.K. and in 19th-century Belgium (Annaert and Mensah, 
2014; Grossman and Shore, 2006). Finally, Baltussen et al. (2021) demonstrate the powerful cross-sectional predictability of inter-
national returns in two centuries of stock market data. 

To sum up, our historical evidence on the dividend yield effect appears largely consistent with other studies of early security data. 
The recent attenuation of this anomaly may come from at least three sources. First, it may be associated with investor learning and 
improved market efficiency (Chordia et al., 2011; Chordia et al., 2014; McLean and Pontiff, 2016; Schwert, 2003). The dividend yield 
anomaly can be easily captured and translated into an investment strategy, so not surprisingly, it may be one of the first victims of 
increased financial market efficiency.15 

Second, the falling profitability of the dividend anomaly may indicate the decline in the importance of the dividends per se. Though 
early studies, such as Ibbotson and Chen (2003), accentuated the role of dividends in the decomposition of returns, more recent works 
argue that share repurchases became the essential source of payouts (Skinner, 2008; von Eije and Megginson, 2008; Baker and 
Weigand, 2015). As a consequence, the total payout yields –including both dividends and buybacks, are currently more relevant than 
dividends only (Boudoukh et al., 2007; Straehl and Ibbotson, 2017). 

Third and last, the dividend anomaly may also be considered from a risk-based rather than behavioral perspective. In such a case, 
the shrinking profitability of the dividend strategies may be a sign of temporary risk repricing. In line with this view, Bellone and de 
Carvalho (2021) and Blitz and Hanauer (2020) find evidence in the widening of value spreads in recent years. Value stocks have 
become structurally cheaper. This third interpretation may be the most optimistic from a practical perspective, as it paves the way for a 
return to higher profitability in the dividend strategy in the future. 

4. Further insights 

Having established the basic properties of the anomaly portfolios, we now focus on further insights. Specifically, we continue to 
examine the effects of different weighting methods, the role of firm size, performance in subperiods, and alternative holding periods. 

4.1. The role of weighting schemes and firm size 

Although the overall performance of the anomalies in our sample is poor, this does not necessarily mean that they are not present at 
all. They may be observable under alternative portfolio construction assumptions or within specific market segments. To investigate 
this, we now turn to equal-weighted portfolios and the role of firm size. 

Numerous papers have previously reported that stock market anomalies are generally more substantial and more prevalent in 
equal-weighted than in value-weighted portfolios (Fama and French, 2008; Hanauer and Lauterbach, 2019; Harvey and Liu, 2020; Lam 
and Wei, 2011; Zaremba et al., 2021).16 The reason given is that equal-weighted portfolios usually assign larger weights to small and 
illiquid microcaps (Fama and French, 2008; Hou et al., 2020), companies that may exhibit more considerable inefficiencies (e.g., Hong 
et al., 2000), but are hardly tradeable in practice. In addition, the equal-weighted portfolios benefit from regular rebalancing (Plyakha 
et al., 2017), which may be even more challenging to implement when the portfolio is over-weight small- and/or micro-cap companies. 
Consequently, when a study design takes into account the negligible economic role of micro-cap stocks, even by relying on value- 
weighted portfolios only, the statistical significance of equity anomalies diminishes markedly. 

To explore the role of this firm size issue, we begin by testing the equal-weighted portfolios. In this approach, we form portfolios in 
the same way as in Table 3, but instead of weighting their components on the total capitalization, we weight them equally. The results 
are presented in Table 4. 

The asset pricing anomalies are generally (though with some exceptions) stronger in small firms. In the momentum anomalies 

15 A significant change in Australia's tax environment was the introduction of the dividend imputation system on 1 July 1987. The dividend 
imputation system removes the double taxation treatment of dividends (i.e. an initial corporate rate tax and a second tax at the individual's marginal 
income tax rate). Instead, the total tax paid under the dividend imputation system is calculated based on the individual's marginal income tax rate 
only. The net effect of the Australian dividend imputation system is a reduction in total taxes paid on dividends, which encourages higher capital 
investment (Black et al., 2000). This important change in Australian tax policy commenced three months after the end of our data sample period, 
therefore, it is unlikely to have impacted our results.  
16 It is noteworthy that Taljaard and Maré (2021) find opposite evidence in certain emerging markets, arguing that equal-weighted portfolios 

underperform in South Africa. 
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section, the RESMOM12 signal becomes statistically significant at a much higher level, and the classic twelve-month momentum 
(MOM12) also reports sizeable profits. The mean returns (alphas) amount to 0.41% (0.44%) with a t-value of 2.98 (3.16). 

A similar improvement in the anomaly signal profitability is also visible in other categories. For example, the value anomalies 
(Table 4, Panel D) are remarkably strong. All three now report significant mean returns and alphas. Furthermore, those that were 
already significant in the value-weighting scheme, now exhibit much higher t-values. The t-statistics associated with the mean returns 
for the DY and VALUNC variables increase to 7.31 and 4.06, respectively. 

Finally, let us turn to the last category of anomalies classified as Other (Table 4, Panel G). The CEI and AGE variables also report 
sizeable differential returns. In line with the original evidence in Daniel and Titman (2006), firms intensively issuing new shares 
underperform their counterparts with low issuance by − 0.30% per month (t-stat = − 2.88). Furthermore, old firms deliver monthly 
returns that are, on average, 0.26% (t-stat = 2.67) higher than those of the young firms, consistent with existing empirical evidence 
(Barry and Brown, 1984; Jiang et al., 2005; Kumar et al., 2008). Nevertheless, although these individual tests appear to be seemingly 
supportive, all the t-statistics associated with these patterns are insufficient to pass the Bonferroni-adjusted thresholds. 

Although most signals are more powerful predictors of future portfolio returns in the equal-weighting framework, two anomalies 
weaken considerably. The idiosyncratic skewness variables (ISKEW1 and ISKEW3) no longer appear to affect the expected returns in 
the cross-section in any way. 

Apart from these exceptions, the overall tendency is visible: the equal-weighted anomaly portfolios yield higher (in absolute terms) 

Table 4 
Performance of equal-weighted anomaly portfolios.   

Low 2 3 4 High H-L t-statH-L α t-statα N 

Panel A: Momentum 
MOM6 0.37 0.25 0.38 0.46 0.53 0.16 (1.14) 0.17 (1.25) 101 
MOM12 0.21 0.26 0.42 0.48 0.61 0.41* (2.98) 0.44** (3.16) 101 
RAMOM 0.29 0.38 0.45 0.43 0.45 0.15 (1.12) 0.13 (0.99) 100 
RESMOM6 0.42 0.49 0.51 0.54 0.49 0.07 (0.74) 0.07 (0.80) 92 
RESMOM12 0.23 0.37 0.61 0.61 0.63 0.40** (4.38) 0.39** (4.25) 92 
AMOMF 0.55 0.33 0.27 0.40 0.54 − 0.01 (− 0.11) − 0.03 (− 0.27) 102 
H52 0.33 0.48 0.47 0.32 0.39 0.06 (0.37) 0.14 (0.98) 101 
MA 0.36 0.27 0.37 0.41 0.58 0.22 (1.59) 0.25 (1.79) 101  

Panel B: Risk 
BETA 0.47 0.38 0.57 0.55 0.64 0.17 (1.07) − 0.06 (− 0.50) 95 
BETAFP 0.55 0.12 0.49 0.52 0.58 0.04 (0.24) − 0.13 (− 1.05) 91 
VOL 0.07 0.36 0.58 0.57 0.41 0.34 (2.01) 0.21 (1.33) 102 
IVOL1 0.07 0.35 0.60 0.57 0.40 0.33 (1.97) 0.22 (1.40) 101 
IVOL3 0.04 0.40 0.59 0.59 0.47 0.42 (2.52) 0.31 (1.98) 102 
VAR 0.28 0.43 0.56 0.67 0.67 0.39 (2.26) 0.20 (1.35) 96  

Panel C: Skewness 
COSKEW 0.63 0.39 0.26 0.39 0.61 − 0.03 (− 0.25) − 0.04 (− 0.38) 94 
ISKEW1 0.50 0.53 0.55 0.51 0.37 − 0.13 (− 1.47) − 0.12 (− 1.37) 92 
ISKEW3 0.50 0.53 0.55 0.47 0.40 − 0.10 (− 1.19) − 0.09 (− 1.04) 92  

Panel D: Value 
DY − 0.05 0.19 0.37 0.64 0.84 0.89** (7.31) 0.92** (7.09) 101 
DYCH 0.46 0.39 0.22 0.40 0.72 0.27** (3.58) 0.25** (3.43) 99 
VALUNC 0.20 0.49 0.55 0.62 0.70 0.50** (4.06) 0.58** (4.84) 97  

Panel E: Seasonality 
SEAS5 0.80 0.45 0.35 0.41 0.58 − 0.22 (− 1.54) − 0.21 (− 1.45) 87 
SEAS20 0.65 0.36 0.40 0.44 0.44 − 0.21 (− 1.78) − 0.20 (− 1.77) 76  

Panel F: Reversal 
STREV 0.53 0.32 0.03 0.05 1.06 0.53 (2.75) 0.51 (2.66) 101 
RESREV 1.22 0.42 0.17 0.21 0.44 − 0.78** (− 4.77) − 0.77** (− 4.77) 92 
LTREV 0.54 0.53 0.51 0.55 0.62 0.08 (0.68) 0.10 (0.85) 77 
MVCH 0.58 0.54 0.42 0.41 0.42 − 0.16 (− 1.35) − 0.18 (− 1.55) 88  

Panel G: Other 
CEI 0.71 0.69 0.57 0.47 0.41 − 0.30 (− 2.88) − 0.30 (− 2.90) 72 
AGE 0.18 0.54 0.38 0.45 0.44 0.26 (2.67) 0.24 (2.45) 101 
MV 0.44 0.37 0.43 0.42 0.32 − 0.12 (− 0.81) − 0.27 (− 2.07) 101 
SP 0.33 0.51 0.49 0.41 0.25 − 0.09 (− 0.61) − 0.09 (− 0.62) 101 

This table reports the average monthly returns on equal-weighted quintile anomaly portfolios formed on the different return-predicting signals 
outlined in Table 1. The signals are classified into seven major categories: Momentum, Risk, Skewness, Value, Seasonality, Reversal, and Other. High 
(Low) indicates the portfolios with the highest (lowest) value of the signal. H-L is the average return on the long-short strategy buying (shorting) the 
High (Low) portfolio, and α is the associated CAPM alpha. The numbers in parentheses are Newey and West (1987) t-statistics associated with the mean 
returns (t-statH-L) and alphas (t-statα). N is the average number of stocks in a single quintile portfolio. The study period is February 1927 to March 
1987. The average returns and alphas are expressed as percentages. The asterisks * and ** indicate values that exceed statistical significance after the 
Bonferroni adjustment for multiple comparisons at the 10% and 5% levels, respectively. 
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and more reliable abnormal returns. One of the clear drivers of this effect is the role of firm size. The anomalies tend to be stronger in 
small firms, particularly in microcaps (Fama and French, 2008; Hou et al., 2020). Nevertheless, the total market capitalization of this 
category of firms is tiny or even virtually negligible. Furthermore, they tend to be exceptionally difficult and costly to trade in practice, 
especially on the short side of the portfolio. As a consequence, even if an anomaly exists but is driven solely by the smallest firms, its 
economic significance remains negligible. Although the anomaly is not non-existent per se, it does not matter from a practical 
perspective. 

To explore the role of firm size more carefully, we examine the anomaly performance within the separate subsamples containing 
large and small market capitalization companies. To achieve this, for each month, we divide our sample using the median market 
capitalization as a breakpoint. We classify the companies according to their market value with those above (below) the median 
classified as big (small), and we test the anomalies within these two groups. 

Let us highlight that although the quantity of companies classified as big and small is identical (or almost so) each month, their 
aggregate market value is certainly not. The big companies account, on average, for 97% of the total market capitalization, whereas the 
small companies represent only the remaining 3%. As a consequence, the investment capacity of the small firm segment may be 
limited, and even large paper profits on anomaly strategies may not be easily harvested, especially by institutional investors. 

Table 5 presents the performance of the anomalies among small and large companies. Clearly, firm size plays a major role in return 
predictability. This is visible, in particular, among the most prominent groups of equity anomalies, value and momentum (Asness et al., 
2013). The momentum strategies are evidently stronger across small stocks. In large firms (Table 5, Panel B), only one anomaly proves 
significant, that is, RESMOM12, but even in this case, the t-statistics do not pass the Bonferroni criterion. On the other hand, for small 
companies, MOM12 and RESMOM12 report significant and positive alphas, with both surviving the multiple testing framework. The 
monthly abnormal returns amount to 0.69% (t-stat = 3.81) and 0.39% (t-stat = 3.07), respectively. 

The effect of firm size on the value anomalies is very similar. In large firms, only one of the anomalies significantly predict returns, 
that is, DY. In small firms, DY and DYCH reliably explain the cross-section of future returns (after accounting for the multiple hy-
pothesis framework), but also VALUNC reports significant profits. Furthermore, the profitability of these small firm anomaly portfolios 
is also much higher. Let us consider DY as an example. For large firms, it reports a mean return on the long-short portfolio of 0.51% (t- 
stat = 2.77) per month, while the outcome for small companies is more than twice as high, amounting to 1.22% (t-stat = 7.80). 

The results in the small firm size group support the presence of momentum and value anomalies. They also support the AGE effect, 
with an abnormal performance of old firms in the small firm universe. Nevertheless, the increase in significance after controlling for 
size is not universal. Numerous anomalies remain insignificant and do not lead to any cross-sectional pattern in returns, and only a 
handful of the anomalies continue to work well for large stocks. If we assume a 5% significance threshold applied under the assumption 
of the multiple hypothesis testing framework, only two variables effectively deliver abnormal risk-adjusted returns, namely, DY and 
RESREV. This finding is consistent with our earlier empirical evidence. 

The evidence we have presented forms a rather gloomy picture of the validity of equity anomalies. The majority of the anomalies 
examined in this paper either cannot be confirmed at all or are driven by small companies that have little economic significance. Only a 
tiny subset of the strategies tested is supported by evidence from the SEM. 

4.2. Anomaly performance through time 

Let us now turn to changes in return predictability through time. The behavioral story of equity anomalies assumes that they are 
manifestations of investors' limited rationality that cannot be easily arbitraged away through time. If this is the case, then the prof-
itability of anomaly portfolios is expected to decrease over time. Improved liquidity conditions, changes in market efficiency, and 
investor learning should lead to a decrease in profitability, and the extant asset pricing literature essentially confirms this phenomenon 
(e.g., Chen and Zimmermann, 2020; Chordia et al., 2011; Kokkonen and Suominen, 2015; Linnainmaa and Roberts, 2018; McLean and 
Pontiff, 2016; Schwert, 2003).17 

Admittedly, the role of these factors may be limited to some extent in our sample. As Table 1 demonstrates, nearly all the anomalies 
we study were formally documented after our research period ends. Nonetheless, we believe that even within the years 1927–87, 
changes in the market and investors' behavior may have potentially affected the profitability of anomalies. On the one hand, tech-
nological development related to trading mechanics, speed of information processing and distribution, or the growth and increase in 
sophistication of institutional investors could have improved market liquidity and efficiency. On the other hand, although formal and 
rigorous academic evidence came as early as the 1930s when the first publications on technical trading strategies became available 
(Antonacci, 2014), authors such as Cowles III and Jones (1937), Darvas (1960), Chestnutt (1961), and Levy (1967, 1968) were some of 
the first to popularize the efficiency of trend following and relative value signals. Furthermore, the foundations of current value 
investing were laid out in the famous investment classics by Graham and Dodd as early as the 1930s and 1940s (Graham and Dodd, 
1934; Graham, 1949). As a consequence, if the anomalies reflect inefficiencies of a behavioral nature, we assume that increases in both 
investors' awareness and technological progress could have affected their profitability. The return predictability using our signals 
should decrease through time. 

To provide a brief overview of the performance of these anomalies through time, we examine their returns across two equal 
subperiods representing the first half (February 1927 to February 1957) and the second half (March 1957 to March 1987) of our 

17 Interestingly, some studies report contradictory results, finding little evidence that academic publications and market development affect return 
predictability, especially outside the U.S. market (see, e.g., Jacobs and Muller [2020], and the references therein). 
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sample. If the hypothesis of the mispricing-driven nature of the tested cross-sectional patterns holds, we should expect an overall 
deterioration in the return predictability over time. The results of this experiment are summarized in Table 6. 

The results in Table 6 reveal little evidence supporting any decline in the return predictability based on the anomaly variables. We 
observe that the significance of the return-predictive signals is usually higher in the second half of the sample than in the first. Let's 
examine the momentum anomalies as an example. In 1927–57, literally, none of the strategies report a significant and positive mean 
return or alpha. Nevertheless, in the latter years, RESMOM12 reports significant mean returns at the 5% significance level (on a 
multiple-hypothesis testing basis). Furthermore, MOM12 and MA exhibit small profits that can be accepted as significant with a lenient 
10% t-statistic criterion on a standalone basis. A similar situation characterizes the idiosyncratic skewness (ISKEW1, ISKEW3) and 
residual reversal (RESREV) signals. Furthermore, even the DY and VALUNC value anomalies become more substantial in the latter part 
of the sample period. In fact, among all the tested anomalies, only SEAS20 is significant when employing the Bonferroni framework in 
the first half and insignificant in the latter. All other statistics either improve through time or, more commonly, simply remain 
insignificant. 

The question of why the efficiency of some return predictors improves over time is an interesting issue per se. One of the reasons 
could be simply the growth of the entire market. As indicated in Table 6, whereas in the first half of the study period, the quintile 

Table 5 
Anomaly portfolios in large and small firms.   

Panel A: Small Firms Panel B: Large Firms 

H-L t-stat α t-stat H-L t-stat α t-stat 

Momentum 
MOM6 0.31 (1.52) 0.33 (1.60) − 0.02 (− 0.14) − 0.02 (− 0.10) 
MOM12 0.64** (3.58) 0.69** (3.81) 0.07 (0.36) 0.05 (0.26) 
RAMOM 0.27 (1.55) 0.27 (1.52) − 0.09 (− 0.49) − 0.11 (− 0.58) 
RESMOM6 0.03 (0.19) − 0.01 (− 0.07) − 0.02 (− 0.13) 0.01 (0.06) 
RESMOM12 0.41** (3.28) 0.39* (3.07) 0.43 (2.89) 0.43 (2.79) 
AMOMF3 0.13 (0.89) 0.13 (0.83) − 0.27 (− 1.58) − 0.31 (− 1.86) 
H52 0.31 (1.58) 0.41 (2.19) − 0.30 (− 1.69) − 0.18 (− 1.05) 
MA 0.41 (2.09) 0.47 (2.37) − 0.11 (− 0.63) − 0.11 (− 0.61)  

Risk 
BETA 0.09 (0.57) − 0.05 (− 0.33) 0.30 (1.56) − 0.06 (− 0.35) 
BETAFP 0.00 (0.03) − 0.10 (− 0.75) 0.29 (1.51) 0.05 (0.28) 
VOL 0.20 (0.97) 0.08 (0.43) 0.22 (1.16) 0.02 (0.14) 
IVOL1 0.19 (0.91) 0.09 (0.43) 0.26 (1.64) 0.13 (0.91) 
IVOL3 0.12 (0.60) 0.00 (0.03) 0.43 (2.61) 0.31 (2.04) 
VAR 0.25 (1.06) 0.05 (0.22) 0.04 (0.23) − 0.18 (− 1.14)  

Skewness 
COSKEW 0.03 (0.19) 0.02 (0.12) 0.38 (2.48) 0.37 (2.45) 
ISKEW1 − 0.04 (− 0.35) − 0.02 (− 0.16) − 0.35 (− 2.01) − 0.33 (− 1.88) 
ISKEW3 − 0.05 (− 0.38) − 0.02 (− 0.19) − 0.40 (− 2.35) − 0.37 (− 2.16)  

Value 
DY 1.22** (7.80) 1.26** (7.68) 0.51 (2.77) 0.62** (3.59) 
DYCH 0.38** (3.71) 0.35** (3.51) 0.15 (1.12) 0.16 (1.18) 
VALUNC 0.41 (2.72) 0.45 (2.88) 0.36 (2.33) 0.38 (2.39)  

Seasonality 
SEAS5 − 0.20 (− 1.26) − 0.18 (− 1.10) − 0.39 (− 2.09) − 0.41 (− 2.20) 
SEAS20 − 0.09 (− 0.57) − 0.05 (− 0.32) − 0.18 (− 0.88) − 0.22 (− 1.14)  

Reversal 
STREV 0.39 (1.98) 0.39 (1.94) 0.56 (2.43) 0.56 (2.45) 
RESREV − 0.76** (− 4.34) − 0.76** (− 4.43) − 0.84** (− 3.76) − 0.85** (− 3.75) 
LTREV 0.05 (0.27) 0.16 (0.90) 0.06 (0.33) 0.01 (0.03) 
MVCH − 0.14 (− 0.84) − 0.10 (− 0.65) − 0.26 (− 1.40) − 0.33 (− 1.89)  

Other 
CEI − 0.26 (− 2.00) − 0.26 (− 1.94) − 0.31 (− 1.85) − 0.32 (− 1.83) 
AGE 0.42** (3.56) 0.45** (3.70) 0.22 (1.71) 0.17 (1.27) 
MV 0.07 (0.55) 0.02 (0.18) − 0.16 (− 1.30) − 0.32 (− 2.91) 
SP 0.21 (1.05) 0.33 (1.71) − 0.33 (− 2.38) − 0.41 (− 2.92) 

This table reports the average monthly returns on long-short value-weighted anomaly portfolios formed on the different return-predicting signals 
outlined in Table 1. The anomalies are examined in the subsamples of Small and Large firms separately, and the Large and Small companies are 
defined as those with their market capitalization above and below the market-wide median, respectively. The signals are classified into seven major 
categories: Momentum, Risk, Skewness, Value, Seasonality, Reversal, and Other. H-L is the average return on the long-short strategy buying (shorting) the 
firms with the highest (lowest) return-predicting signal. α is the associated CAPM alpha. The numbers in parentheses are Newey and West (1987) t- 
statistics associated with the mean returns (t-statH-L) and alphas (t-statα). The study period is February 1927 to March 1987. The average returns and 
alphas are expressed as percentages. The asterisks * and ** indicate values that exceed statistical significance after the Bonferroni adjustment for 
multiple comparisons at the 10% and 5% levels, respectively. 
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portfolios comprised, on average, about 60 stocks, in the second half, the number increased to 120–140. A large equity universe not 
only allows the construction of more diversified portfolios but also more effectively captures the spread between the high and low 
anomaly variables. Nonetheless, regardless of the reason for this phenomenon, the overall conclusion here is clear, that is, we find no 
systematic and convincing evidence of a decline in return predictability through time. 

4.3. Extended holding periods 

Finally, we concentrate on the last additional aspect of the examined anomalies, that is, performance under extended holding 
periods. This issue is crucial from a practical perspective. Many anomalies are characterized by a great deal of turnover, leading to 
elevated trading costs. These, in turn, can have a substantial adverse impact on the performance of many anomaly-based investment 
strategies (Novy-Marx and Velikov, 2016). Accounting for all the trading frictions may even push the eventual profits almost to zero 
(Chen and Velikov, 2019). 

One of the most straightforward solutions to mitigate trading costs and reduce portfolio turnover is extending the holding periods. 
Therefore, to check this, we reproduce the long-short anomaly strategies presented in Table 3 with elongated holding periods of three, 

Table 6 
Equity anomalies in subperiods.   

Panel A: Feb 1927 – Feb 1957 Panel B: Mar 1957 – Mar 1987 

H-L t-statH-L α t-statα N H-L t-statH-L α t-statα N 

Momentum 
MOM6 − 0.29 (− 1.26) − 0.24 (− 1.17) 61 0.20 (0.78) 0.19 (0.77) 141 
MOM12 − 0.50 (− 1.74) − 0.46 (− 1.61) 61 0.51 (1.93) 0.51 (1.88) 141 
RAMOM − 0.78 (− 2.57) − 0.74 (− 2.57) 59 0.15 (0.51) 0.05 (0.20) 141 
RESMOM6 − 0.15 (− 0.83) − 0.12 (− 0.72) 60 0.33 (1.35) 0.35 (1.42) 125 
RESMOM12 − 0.04 (− 0.25) − 0.04 (− 0.23) 60 0.85** (3.68) 0.86** (3.63) 125 
AMOMF3 − 0.18 (− 0.94) − 0.18 (− 0.97) 62 − 0.36 (− 1.34) − 0.41 (− 1.55) 141 
H52 − 0.52 (− 1.81) − 0.41 (− 1.49) 61 − 0.14 (− 0.48) 0.01 (0.05) 141 
MA − 0.76* (− 3.06) − 0.77** (− 3.15) 61 0.40 (1.67) 0.40 (1.68) 141  

Risk 
BETA − 0.09 (− 0.35) − 0.36 (− 1.24) 64 0.32 (1.08) 0.05 (0.22) 126 
BETAFP − 0.10 (− 0.36) − 0.24 (− 0.85) 58 0.22 (0.78) − 0.08 (− 0.37) 125 
VOL − 0.09 (− 0.37) − 0.16 (− 0.60) 62 0.37 (1.16) 0.13 (0.52) 141 
IVOL1 − 0.12 (− 0.53) − 0.18 (− 0.71) 61 0.32 (1.29) 0.17 (0.81) 141 
IVOL3 0.24 (1.04) 0.16 (0.65) 62 0.36 (1.40) 0.22 (0.98) 141 
VAR 0.33 (1.44) − 0.02 (− 0.11) 65 0.02 (0.06) − 0.18 (− 0.53) 127  

Skewness 
COSKEW 0.63 (2.82) 0.71** (3.29) 56 0.33 (1.49) 0.31 (1.38) 132 
ISKEW1 − 0.14 (− 0.71) − 0.10 (− 0.52) 59 − 0.70 (− 2.34) − 0.67 (− 2.24) 125 
ISKEW3 − 0.24 (− 1.15) − 0.23 (− 1.12) 60 − 0.63 (− 2.60) − 0.59 (− 2.35) 125  

Value 
DY 0.33 (2.19) 0.33 (2.22) 61 0.85 (2.43) 1.02** (3.22) 141 
DYCH 0.16 (1.37) 0.22 (1.74) 60 0.17 (0.72) 0.16 (0.68) 138 
VALUNC 0.37 (1.96) 0.26 (1.29) 66 0.82 (2.60) 0.85 (2.76) 128  

Seasonality 
SEAS5 − 0.19 (− 0.82) − 0.21 (− 0.96) 58 − 0.83* (− 2.97) − 0.84* (− 3.00) 116 
SEAS20 0.56** (3.85) 0.62** (4.49) 63 − 0.90 (− 2.64) − 0.94 (− 2.82) 89  

Reversal 
STREV 0.27 (1.10) 0.28 (1.11) 61 0.80 (2.11) 0.80 (2.14) 141 
RESREV − 0.30 (− 1.12) − 0.28 (− 1.02) 60 − 1.29** (− 3.65) − 1.30** (− 3.68) 125 
LTREV − 0.01 (− 0.08) − 0.20 (− 1.14) 46 0.19 (0.62) 0.17 (0.57) 108 
MVCH − 0.52 (− 2.21) − 0.53 (− 2.38) 54 − 0.23 (− 0.74) − 0.33 (− 1.19) 122  

Other 
CEI − 0.38 (− 1.69) − 0.26 (− 1.02) 45 − 0.08 (− 0.30) − 0.10 (− 0.36) 100 
AGE 0.06 (0.51) 0.05 (0.43) 61 0.29 (1.42) 0.21 (1.02) 141 
MV − 0.12 (− 0.51) − 0.26 (− 1.09) 61 − 0.15 (− 0.68) − 0.39 (− 2.37) 141 
SP − 0.04 (− 0.24) − 0.06 (− 0.32) 61 − 0.02 (− 0.06) − 0.13 (− 0.51) 141 

This table reports the average monthly returns on long-short value-weighted anomaly portfolios formed on the different return-predicting signals 
outlined in Table 1. The anomalies are examined in the subperiods representing the first (Panel A) and second (Panel B) half of the full research period, 
i.e., February 1927 – February 1957 and March 1957 – March 1987. The signals are classified into seven major categories: Momentum, Risk, Skewness, 
Value, Seasonality, Reversal, and Other. H-L is the average return on the long-short strategy buying (shorting) the firms with the highest (lowest) return- 
predicting signal. α is the associated CAPM alpha. The numbers in parentheses are Newey and West (1987) t-statistics associated with the mean 
returns (t-statH-L) and alphas (t-statα). The average returns and alphas are expressed as percentages. The asterisks * and ** indicate values that exceed 
statistical significance after the Bonferroni adjustment for multiple comparisons at the 10% and 5% levels, respectively. 
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Table 7 
Returns on anomaly portfolios with extended holding periods.   

Panel A: Three-Month Holding Period Panel B: Six-Month Holding Period Panel C: Twelve-Month Holding Period 

H-L t-statH-L α t-statα H-L t-statH-L α t-statα H-L t-statH-L α t-statα 

Momentum 
MOM6 0.07 (0.43) 0.04 (0.28) 0.52** (3.29) 0.51** (3.14) 0.03 (0.21) 0.03 (0.20) 
MOM12 0.27 (1.48) 0.27 (1.41) 0.14 (0.76) 0.15 (0.80) 0.16 (0.86) 0.14 (0.78) 
RAMOM 0.06 (0.35) − 0.01 (− 0.05) 0.16 (0.89) 0.11 (0.60) 0.21 (1.21) 0.16 (0.92) 
RESMOM6 0.10 (0.72) 0.08 (0.55) 0.23 (1.69) 0.23 (1.74) 0.22 (1.50) 0.20 (1.36) 
RESMOM12 0.43* (3.11) 0.42* (3.08) 0.49** (3.33) 0.48** (3.32) 0.42 (2.71) 0.40 (2.58) 
AMOM − 0.04 (− 0.30) − 0.09 (− 0.71) − 0.06 (− 0.46) − 0.10 (− 0.71) 0.00 (0.00) − 0.03 (− 0.23) 
H52 − 0.02 (− 0.12) 0.08 (0.45) 0.12 (0.72) 0.22 (1.35) − 0.04 (− 0.22) 0.05 (0.31) 
MA 0.08 (0.45) 0.09 (0.47) 0.19 (1.06) 0.22 (1.17) 0.10 (0.57) 0.10 (0.56)  

Risk 
BETA 0.09 (0.46) − 0.24 (− 1.41) 0.02 (0.10) − 0.30 (− 2.00) 0.06 (0.32) − 0.28 (− 1.84) 
BETAFP 0.04 (0.21) − 0.19 (− 1.09) − 0.04 (− 0.22) − 0.29 (− 1.79) 0.03 (0.17) − 0.22 (− 1.30) 
VOL 0.13 (0.68) − 0.05 (− 0.27) 0.16 (0.83) − 0.01 (− 0.05) 0.28 (1.29) 0.09 (0.44) 
IVOL1 0.20 (1.10) 0.08 (0.45) 0.20 (1.09) 0.08 (0.46) 0.14 (0.75) 0.02 (0.12) 
IVOL3 0.29 (1.64) 0.18 (1.01) 0.29 (1.67) 0.19 (1.10) 0.27 (1.49) 0.15 (0.82) 
VAR 0.11 (0.51) − 0.16 (− 0.90) 0.15 (0.71) − 0.12 (− 0.66) 0.15 (0.72) − 0.11 (− 0.58)  

Skewness 
COSKEW 0.34 (2.45) 0.34 (2.42) 0.26 (1.97) 0.27 (1.95) 0.36 (2.55) 0.38 (2.62) 
ISKEW1 − 0.18 (− 1.15) − 0.15 (− 0.93) − 0.03 (− 0.19) − 0.01 (− 0.04) 0.01 (0.09) 0.04 (0.24) 
ISKEW3 − 0.21 (− 1.38) − 0.19 (− 1.20) 0.00 (0.00) 0.02 (0.12) − 0.03 (− 0.17) − 0.01 (− 0.08)  

Value 
DY 0.55 (2.81) 0.66** (3.51) 0.55 (2.90) 0.66** (3.65) 0.50 (2.79) 0.63** (3.76) 
DYCH 0.04 (0.34) 0.06 (0.45) 0.16 (1.17) 0.20 (1.41) 0.16 (1.21) 0.21 (1.60) 
VALUNC 0.57* (3.06) 0.59** (3.28) 0.58* (3.11) 0.58** (3.25) 0.53 (2.80) 0.53 (2.81)  

Seasonality 
SEAS5 − 0.18 (− 1.24) − 0.17 (− 1.25) 0.10 (0.68) 0.07 (0.46) 0.14 (1.05) 0.05 (0.36) 
SEAS20 0.04 (0.27) 0.06 (0.38) 0.37 (2.51) 0.39 (2.68) 0.09 (0.57) 0.00 (− 0.03)  

Reversal 
STREV 0.06 (0.38) 0.06 (0.39) − 0.09 (− 0.66) − 0.11 (− 0.75) 0.05 (0.37) 0.07 (0.55) 
RESREV − 0.30 (− 1.63) − 0.29 (− 1.59) − 0.16 (− 1.14) − 0.19 (− 1.38) 0.10 (0.69) 0.08 (0.56) 
LTREV 0.11 (0.60) 0.06 (0.35) 0.11 (0.58) 0.05 (0.28) 0.05 (0.29) 0.00 (− 0.01) 
MVCH − 0.32 (− 1.69) − 0.41 (− 2.24) − 0.30 (− 1.68) − 0.36 (− 2.12) − 0.13 (− 0.80) − 0.19 (− 1.25)  

Other 
CEI − 0.19 (− 1.17) − 0.18 (− 1.08) − 0.18 (− 1.16) − 0.18 (− 1.13) − 0.19 (− 1.24) − 0.19 (− 1.19) 
AGE 0.19 (1.53) 0.14 (1.08) 0.27 (2.08) 0.22 (1.66) 0.24 (1.72) 0.19 (1.35) 
MV − 0.11 (− 0.66) − 0.30 (− 2.08) − 0.12 (− 0.75) − 0.30 (− 2.04) − 0.07 (− 0.45) − 0.25 (− 1.58) 
SP 0.04 (0.24) − 0.05 (− 0.31) 0.00 (0.02) − 0.08 (− 0.50) 0.04 (0.21) − 0.05 (− 0.27) 

This table reports the average monthly returns on long-short value-weighted anomaly portfolios formed on different return predicting signals outlined in Table 1. The strategies assume three different 
holding periods: three months (Panel A), six months (Panel B), or twelve months (Panel C). The signals are classified into seven major categories: Momentum, Risk, Skewness, Value, Seasonality, Reversal, and 
Other. H-L is the average return on the long-short strategy buying (shorting) the firms with the highest (lowest) return-predicting signal. α is the associated CAPM alpha. The numbers in parentheses are 
Newey and West (1987) t-statistics associated with the mean returns (t-statH-L) and alphas (t-statα). The study period is February 1927 to March 1987. The average returns and alphas are expressed as 
percentages. The asterisks * and ** indicate values that exceed statistical significance after the Bonferroni adjustment for multiple comparisons at the 10% and 5% levels, respectively. 
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six, and twelve months. 
Table 7 shows that extending the holding periods does not improve return predictability. Nonetheless, a handful of anomalies that 

appear strong in Table 3 retain their validity. The RESMOM12, DY, and VALUNC anomalies report substantial profits and alphas even 
with long holding periods. For instance, for the 12-month holding period, the average monthly returns of the long-short portfolios for 
RESMOM12, DY, and VALUNC are 0.42%, 0.50%, and 0.53%, respectively. However, the RESREV strategy, which worked well in 
earlier tests, becomes relatively short-lived. If the portfolio holding periods are lengthened to only three months, the cross-sectional 
return pattern associated with this anomaly loses its robustness. 

Overall, the conclusions from Table 7 once again emphasize the fragility of these equity anomalies. Even if the relevant signals 
predict returns in the short-term, very few retain forecasting ability for a longer period. This evidence undermines the economic 
validity and significance of the tested anomalies even further. 

5. Concluding remarks 

This study employs a novel dataset comprised of securities listed in the Stock Exchange of Melbourne in the years 1926 to 1987. We 
use stock returns, prices, capitalizations, and dividend information retrieved from stock exchange gazettes and records. Our unique 
dataset has never been examined in an asset pricing context and offers a genuine out-of-sample perspective on stock return 
predictability. 

We find that the majority of anomalies cannot be successfully confirmed in this unique out-of-sample setting. When considered on a 
standalone basis, eight anomalies report positive alphas at the conventional 5% confidence level using single hypothesis tests. 
However, only three anomalies, constituting just 10% of our sample, survive the more stringent hurdle when we consider a multiple 
testing framework. These strategies are the dividend yield, value uncertainty, and short-term residual reversal effects. To conclude, our 
evidence supports the view of Harvey and Liu (2020) and Linnainmaa and Roberts (2018) that a large proportion of cross-sectional 
patterns may be the result of inconsequential data mining from single hypothesis testing, which appears to be a salient issue in the 
recent finance literature. 

Furthermore, our tests uncover the essential role of small firm size in equity anomalies. Many anomalies that prove to be significant 
in some specific settings are driven by the performance of microcaps that have no meaningful economic importance. At the best of 
times, there are implementation challenges when an institutional investor constructs and transacts a long-only position of micro-cap 
stocks of any significant level of funds under management. This practical challenge is exacerbated further when attempting to 
construct and transact a short portfolio of micro-caps. Furthermore, some of these anomalies, such as the short-run residual reversal, 
require high portfolio turnover and do not work for extended holding periods. Overall, even if some anomalies genuinely exist, they 
may not matter from a practical investor perspective. 

The major limitation of our study is data quality issues inherent in the long-term SEM dataset. First, our dataset is limited to several 
simple features, such as prices, returns, and dividend yields, and does not include financial statement-related variables. Hence, we are 
not able to verify the extensive universe of accounting anomalies in the literature. Second, our data originates from old historical 
sources; thus, it may potentially contain record-keeping inaccuracies and omissions. We acknowledge this and expect that the random 
errors in the dataset should cancel each other out. 

Our findings provide new insights into asset pricing in stock markets. They cast doubt on the validity of the return predictive signals 
identified in the anomaly literature. Notably, the findings also matter from a practical perspective. Our results indicate that quanti-
tative anomaly-based stock-picking strategies should be treated with caution. The principles that many of them rely on, as well as their 
future profitability, may be far from reliable. 

Future studies should continue to focus on separating the wheat from the chaff in the anomaly literature. The development of new 
methods may help to cope with p-hacking and recognize genuine anomalies in asset pricing. 
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