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Abstract 

The price momentum anomaly is one of the premier market irregularities in the study of 

financial markets.  Momentum trading strategies are well documented for consistently 

delivering returns in excess of expected market returns, although the driving factors 

behind this irregularity lack explanatory consensus many decades later.  Different streams 

of financial theory have endeavored to attribute drivers of the price momentum effect to 

behavioral biases, market liquidity, reactions to earnings, stability price premiums, 

fundamental value models, and a wide range of technical patterns and measures.   

 This inductive quantitative multivariate statistical study assessed 24 potential 

factors driving the price momentum anomaly by using multiple tests of ANOVA and 

multiple discriminant analysis (MDA) to compare short-term momentum results against 

asset pricing model outcomes and well established characteristics of the momentum 

anomaly.  In an efficient market, predictable classification patterns of stock performance 

should not emerge from any of the momentum segments tested.  Analyzing seven distinct 

categories of momentum across eight industry sectors using 7,208 stocks in repeated 

measures identified that the strongest discriminant power was found among six of the 24 

financial variables tested: RSI, Log of Beta, Log of ATR, Log of Price, Log of Dividend 

Yield, and Log of EPS – each at p < 0.001.  Additionally, the technical financial variables 

were found to explain the variance in price momentum significantly better than the 

behavioral and fundamental variables tested in this short-term study.   

 In all cases tested across the seven different momentum segments and eight 

different industry sectors, the null hypotheses were rejected in favor of the alternative 

hypotheses that predictable aspects of momentum were found at statistically significant 



 

 

levels.  The momentum classification accuracy of the MDA tests exceeded chance 

probabilities by more than three times across all sectors, but showed the best results in 

Basic Materials, Services, Technology, and Utilities where the probability of 

classification into the correct momentum segments exceeded chance by more than four 

times.  By revealing predictable elements of market momentum, these results 

significantly challenge principles of the Efficient Market Hypothesis, whereby no 

predictable patterns that support excess market returns should exist. 
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Chapter 1: Introduction 

The price momentum anomaly is considered the premier market irregularity in the 

study of financial securities (Fama & French, 2008; Jegadeesh & Titman, 1993).  

According to foundational principles of the efficient market hypothesis (EMH) stock 

prices quickly reflect all available information, are not predictable, and do not allow for 

traders to earn excess market returns (Himmelmann et al., 2012; Lo & Mackinlay, 2002).  

However, momentum trading strategies have been well documented for consistently 

delivering returns in excess of expected market returns, both by proponents of the EMH, 

like Eugene Fama and Kenneth French (2008) and detractors alike (Asness et al., 2013; 

Benou & Richie, 2003).  The driving factors behind this irregularity lack explanatory 

consensus and confound scholars more than 20 years later (Asness et al., 2014; 

Schulmerich et al., 2015).   

 Momentum is based on the observed phenomenon, “where stocks with low 

returns over the last year tend to have low returns for the next few months and stocks 

with high past returns tend to have high future returns” (Fama & French, 2008, p. 1653).  

Attempts to explain why the price momentum anomaly has not been arbitraged away 

despite decades of research on the subject and the large number of informed traders, has 

generated a wide spectrum of theories across behavioral, technical, rational, and neo-

classical finance.   

Detractors of the EMH argue that the ongoing lack of consensus about the drivers 

of the momentum anomaly – despite the development of more than 136 variants of asset 

pricing models (Celik, 2012) and more than 60 studies on momentum reversals (Amini et 

al., 2013) – strongly suggest that markets may not be efficient at all and that some 
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anomalous market behavior cannot be explained.  Proponents of the EMH maintain that 

the persistence of the anomaly is not a contradiction of efficient markets, but rather 

shortcomings in the models used to evaluate risk factors that may better explain the 

anomaly (Himmelmann et al., 2012).  However, none of the studies evaluated, nor any 

studies reviewed to date, have ventured toward a momentum cycle theory proposed in 

this study with a design for multiple discriminant analysis across each of the momentum 

cycles and industry sectors as a way to explain momentum conditions and their 

potentially related reversal events. 

Background 

For more than 20 years the price momentum anomaly has been documented 

(Asness, 1994; Jegadeesh & Titman, 1993) to be a significant market irregularity that 

persists in the field of finance (Asness et al., 2014).  Many explanations have been 

offered trying to identify the drivers behind these abnormal profits and still the 

momentum anomaly persists without consensus (Schulmerich et al., 2015).  According to 

Asness et al. (2014), “The existence of momentum is a well-established empirical fact. . . 

the return premium is evident in 212 years of equity data. . . in 40 countries, and in more 

than a dozen other asset classes” (p. 2).  Da, Liu, and Schaumburg (2011) in their study 

commissioned by the Federal Reserve Bank of New York, find in further analysis of the 

underlying factors that drive short term reversal events are “important for understanding 

the failings of the efficient market hypothesis of Fama (1970)” (Da, Liu, & Schaumburg, 

2011, p. 1). 

Explanations in the literature of the price momentum anomaly and related reversal 

events generally fall into either risk-based arguments or behavior-based arguments 
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(Zacks, 2011).  The risk-based argument follows rational financial theories that higher 

risks should generate higher returns to account for the positive momentum profits.  

However, even after controlling for risk it appears that excess momentum returns remain 

significant.  Fama and French (1996) conceded that their three-factor model is an 

improvement on understanding long-term price reversals, but cannot fully explain 

medium-term momentum.  In more recent advancements of asset pricing models and 

published literature, Fama and French (2012) still concede that even “the four-factor 

model fails to absorb all the momentum in U.S. average stock returns” (p. 458).   

Identifying key drivers of the momentum anomaly remains an important aspect of 

capturing profitable trading strategies and validating theories of efficient markets.  

 Behavioral based theories are gaining traction for explanatory evidence of the 

price momentum anomaly.  According to economist Richard Thaler (2016), 

behavioralists (e.g. De Bondt & Thaler, 1987; Lakonishok, Shleifer, & Vishny, 1994) 

have for many years argued that excess market returns may reflect different forms of 

mispricing in contrast to the views of efficient market proponents.   Whereas the efficient 

market advocates (e.g. Fama & French, 1993, 2008, 2015a) argue high returns to value 

stocks occur because those stocks carry more risk (Thaler, 2016).  It has become well 

established that market traders do not react to gains and losses in a symmetrical behavior 

pattern (Zacks, 2011).  For the average trader, the adverse reaction to losses is 

disproportionate to the sense of pride or elation that accompanies stock market gains.  As 

a result, theories such as overreaction, underreaction, and uncertain information have 

emerged to help explain the asymmetry in price reversals and momentum anomalies.  

Scholars like De Bondt and Thaler (1987), Lakonishok, Shleifer, and Vishny (1994), and 
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Thaler (2015, 2016) have posited how the behavioral component may contribute to the 

price momentum anomaly in asymmetrical ways described in detail in the literature 

review that follows.  In addition, aspects of technical trading theory based on price trends 

and patterns may contribute to behavioral based patterns addressed in literature.  A 

review of the literature supports the possibility that each of these diverse financial 

theories likely has a basis in the explanatory evidence of the price momentum anomaly.  

A thorough examination of different variables from across the rational, behavioral, and 

technical fields of finance may shed light on the explanatory power of each these 

competing theories.  The potential exists that each of these theories provides powerful 

explanations at different stages of the momentum cycle.  An evaluation of these theories 

may also reveal different levels of explanatory power for different industry sectors in the 

market.  The unique design and research that follows may help to close many of the gaps 

surrounding the price momentum anomaly that have persisted for decades.   

Statement of the Problem 

 The price momentum anomaly first documented by Jegadeesh and Titman (1993) 

and further confirmed by Chan, Jegadeesh, and Lakonishok (1996) continues to defy 

rational explanation many decades later as tested by current financial valuation models 

(Fama & French, 2008).  According to the seminal works of Samuelson (1965) and Fama 

(1965, 1970), who are credited with the Efficient Market Hypothesis (EMH), stock 

market anomalies that persistently generate abnormal returns should not be possible 

without a rational efficient market explanation.  The key implication of the EMH is that 

stock prices reflect all available information instantaneously, are not predictable, and do 

not allow for traders to earn abnormal returns (Lo, 2004; Fama, 1970; Fama & French, 
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2008; Himmelmann et al., 2012).  The underlying drivers of momentum and the related 

reversal events remain unexplained and continue to confound financial principles of the 

EMH many decades later (Da, Liu, & Schaumburg, 2011).   

 The problem to be addressed is that decades after these seminal papers first 

documented the abnormal returns of the price momentum anomaly there is no consensus 

about the reasons underlying the momentum effect (Schulmerich et al., 2015).  

Proponents of EMH view empirical evidence of the momentum anomaly not as a 

contradiction to EMH, but as failures in the methodology used in prior studies 

(Himmelmann, 2012).  As a result, scholars have called for more credible hypotheses of 

the momentum anomaly that link more closely with different streams of financial 

research and focus on subsets of securities where the mispricing is expected to be greatest 

(Amini et al., 2013; Richardson, Tuna, & Wysocki, 2010).  These failures for example, 

may stem from the inclusion of inadequate factors or combination of factors used to 

model expected values of assets.  To address this gap in the literature, substantial value is 

gained by cross-sectional examination of short-term momentum reversals to identify 

potential rational, behavioral, or technical factors that may relate to unexplained 

momentum changes in asset prices. 

Purpose of the Study   

 The purpose of this inductive quantitative multivariate statistical study was to 

identify potentially statistically significant drivers behind the price momentum anomaly 

that emerge from the proposed tests.  From the significant results that emerged reliable 

discriminant functions were developed to capture predictable aspects of this premier 

market irregularity that enhance trading practices for increased profitability.  
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Additionally, the identification of certain discriminant factors that reliably predict or 

signal momentum behavior may challenge the legitimacy of the EMH.  Consistent with 

the goals of theory-building according to Wacker (1998), this study informs practitioners 

in three ways: (a) provide a new framework for analysis; (b) facilitate a key development 

in the field of financial anomalies, and (c) generate applicability to practical trading 

problems by leveraging predictable aspects of this short-term irregularity for market 

traders in generating excess market returns.   

 This cross-sectional repeated measures study includes U.S. stocks drawn from the 

New York Stock Exchange (NYSE), the NYSE MKT, formerly called the American 

Exchange (AMEX), and the NASDAQ.  Monthly samples were taken at the end of the 

first week of January, February, and March, 2016.  Reuters News service reported that 

this January sample period was documented to include the worst weekly start of a year 

ever recorded for U.S. equities (Valetkevitch, 2016) (Appendix O.1, O.2).  A combined 

sample of 7,208 stocks along with a corresponding subset of 24 independent variables 

unique to each firm is represented in the sample across eight major market sectors: Basic 

Materials, Consumer Goods, Financial, Healthcare, Industrial Goods, Services, 

Technology, and Utilities.  The dependent variable is represented by portfolios of seven 

differing stock price momentum conditions in combination with one-week and one-

month returns.  The sampled stocks were sorted into seven different portfolios according 

to the standards set for each condition of the price momentum cycle. It is important to 

note that the portfolio sorts for this financial analysis were more than a grouping process 

to generate different conditions for further testing.  According to John Cochrane (2011), 

the former president of the American Finance Association, “portfolio sorts are really the 
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same thing as nonparametric cross-sectional regressions, using non-overlapping 

histogram weights” (p. 1061). Then following the sorts, separate ANOVA tests of 

between and within groups of the 24 independent variables were used to evaluate the 

differentiations of means for selection of the most statistically significant discriminating 

variables.  Then through parametric testing, using multiple discriminant analysis (MDA), 

robust classifications were made of the independent variables that most strongly 

represented each of the different stages of the price momentum cycle.   These outcomes 

reveal specific stock characteristics that time-vary across the seven tested periods of the 

momentum cycle: (a) steady price momentum (positive/negative/non), (b) reversal 

periods (positive/negative), and (c) price acceleration periods (positive/negative) 

according to statistically predictable patterns.  In order to maintain a manageable scope of 

research, periods of momentum deceleration were omitted from this study due to their 

limited trading value.  Independent variables used in the discriminant analysis included: 

Market Capitalization, Market Sector, Price to Earnings Ratio, Price to Cash Ratio, Price 

to Sales Ratio, Short Ratio, Book to Market, Beta, Percent Dividend Yield, Shares 

Outstanding, Shares Float, Insider Ownership, Return on Assets, Current Ratio, Debt to 

Equity Ratio, Relative Strength Index, Earnings Per Share, Earnings Per Share Growth 

Percentage, Sales Growth Percentage, Institutional Owner Percentage, Gross Margin, 

Profit Margin, Beta, Analyst Recommendation, Price, and Average True Range.   

 Many key considerations of momentum were integrated into the unique design of 

this study:  (a) because momentum is known to be equally profitable and persistent in 

both the negative and positive directions (Asness et al., 2014); (b) because the 

momentum payoffs are most significant within a 12 months holding period (Chordia & 
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Shivakumar, 2002); (c) because the predictive power of financial ratios is known to be 

most powerful in the short-term and investor sentiment suffers rapid decay in less than 10 

months (Ben-Rephael et al., 2012; Jiang & Lee, 2012); (d) because of “strong elements of 

predictability among security returns after large price changes” (Amini, et al., 2013, p. 2); 

(e) because momentum reversals vary significantly across-industry and within-industry 

(Moskowitz & Grinblatt, 1999), and (f) because efficient markets are expected to exhibit 

the same reaction to the same stimuli, a more robust possibility exists in the short-term 

(one week to one-month) to identify highly predictive signals related to momentum 

reversal events. This list of important characteristics of momentum illustrates a few 

considerations that have shaped the research design in order to provide meaningful 

outcomes and improve internal validity of the study.    

 This study provides the opportunity to explore known gaps and validate findings 

in the literature regarding the price momentum anomaly and short-term momentum 

reversal events.  The purpose of the study sought to reveal any statistically meaningful 

relationships between conditions of price momentum and the selected independent 

variables.  The 24 independent variables span the financial spectrum of behavioral theory, 

rational/fundamental theory, and technical theory.  A screening process using the 

momentum control portfolios reduced the number of independent variables using 

ANOVA tests to limit the study to only statistically significant variables.  This screening 

process is followed by the actual hypotheses testing using multiple discriminant analysis.  

In the first part of the hypotheses testing, descriptive discriminant analysis was used to 

classify the strongest stock characteristics for each of seven conditions of momentum and 

eight industry sectors in the market.  In the second part of the testing, predictive 
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discriminant analysis was used to generate discriminant function equations for each 

momentum condition within each market sector.  Lastly, meaningful coefficients of the 

discriminant function were used to develop predictive equations generalizable to the 

broader population of stocks to estimate individual stocks’ reversal occurrence 

probabilities and thereby improve trading decisions and future investment returns. 

Theoretical Framework 

 The persistence of the price momentum anomaly has been a point of contention in 

finance for more than 20 years (Asness et al., 2014).  Proponents of the EMH argue that 

the persistence of this unexplained anomaly is not a contradiction of efficient markets, 

but only an indication that prior methodologies were not suitable to explain the abnormal 

returns of the phenomenon (Himmelmann et al., 2012).  Detractors of the EMH argue 

that the ongoing lack of consensus about the drivers of the momentum anomaly strongly 

indicates that markets may not be efficient at all and that some anomalous market 

behavior cannot be explained.  The development of more than 136 variants of asset 

pricing models (Celik, 2012) and more than 60 studies on momentum reversals (Amini et 

al., 2013) have not brought to consensus the understanding of the drivers behind the 

momentum anomaly.  The remaining gaps in the literature since the price momentum 

anomaly was first documented by Jegadeesh and Titman (1993) have narrowed, but 

significant opportunity remains in changing the statistical tests used, increasing the 

number of financial variables tested, and enhancing the methodology employed.   

 This research serves to close many of the multifaceted gaps observed in the 

literature.  Of the gaps that were encountered: (a) no significant tests of the price 

momentum anomaly or related reversal events were found that relied on statistical 
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methods of either DDA or PDA; (b) nor introduced a momentum cycle of segmented 

conditions for classifying stocks; (c) nor tested 24 variables simultaneously; (d) nor 

deliberately included factors from three different streams of behavioral, fundamental and 

technical finance; (e) nor combined these approaches for inter-industry portfolio 

comparisons; (f) nor applied an semi-inductive quantitative approach open to the findings 

that emerged; (g) nor did any studies seek to generate predictive discriminant function 

equations applicable to each security evaluated within each of eight corresponding 

industries.  This framework provides a unique approach toward evaluating the persistence 

of the price momentum anomaly.   

Research Questions 

 The following research questions rely on multiple discriminant analysis (MDA) to 

test the strength of each independent variable’s relationship with the dependent variable 

of market momentum performance within each of the seven conditions of the momentum 

cycle. The selected independent variables serve to link different streams of financial 

theory using behavioral, fundamental, and technical characteristics that claim strong 

explanatory powers based on previous studies.  The resulting weighted coefficients of the 

discriminant function were then used to develop a prediction model to value stocks on 

reversal event occurrence-probabilities for enhanced future investment strategies.  The 

research questions are as follows: 

 Q1.  Do either research questions: Q2, relating to different price momentum 

conditions, or Q3, relating to different stock market sectors, provide any predictive 

results that may explain the price momentum anomaly or challenge the legitimacy of the 

EMH? 
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 Q2.  For each of the seven momentum cycle portfolio conditions tested (see 

Figure 1), which independent variable(s) (from pared list of 24 ANOVA tested variables) 

best discriminate for classification purposes within each portfolio type: (a) positive 

reversal, (b) negative reversal, (c) positive acceleration, (d) negative acceleration, (e) 

positive momentum control, (f) negative momentum control, and (g) non-momentum 

control?   

 Q3. Do any of the seven momentum cycle portfolio conditions vary significantly 

between-sector and within-sector using MDA for each of the eight stock market sectors: 

Basic Materials, Consumer Goods, Financial, Healthcare, Industrial Goods, Services, 

Technology, and Utilities?   

Hypotheses  

 H1o = No statistically significant results from either Q2 or Q3 generated any 

predictive momentum signals to help explain the price momentum anomaly or challenge 

the legitimacy of the EMH. 

 H1a= Statistically significant results from either Q2 or Q3 did provide predictive 

momentum signals to help explain the price momentum anomaly or challenge the 

legitimacy of the EMH. 

 H2o = No statistically significant classification differences using MDA exist 

among the independent variables (Market Capitalization, Price to Earnings Ratio, Price to 

Sales Ratio, Price to Book Ratio, Price to Cash Ratio, Percentage Dividend Yield, 

Earnings Per Share, Earnings Per Share Growth Percentage, Sales Growth Percentage, 

Shares Outstanding, Shares Float, Insider Ownership Percentage, Institutional Ownership 

Percentage, Short Ratio, Return on Assets, Current Ratio, Debt to Equity Ratio, 
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Percentage Gross Margin, Percentage Profit Margin, Beta, Average True Range, Relative 

Strength Index, Analyst Recommendation, and Price per Share) in relation to each 

momentum cycle portfolio (Positive Reversal, Negative Reversal, Positive Acceleration, 

Negative Acceleration, Positive Momentum Control, Negative Momentum Control, and 

Non-Momentum Control).  

H2a= Statistically significant classification differences do exist among the 

independent variables (Market Capitalization, Price to Earnings Ratio, Price to Sales 

Ratio, Price to Book Ratio, Price to Cash Ratio, Percentage Dividend Yield, Earnings Per 

Share, Earnings Per Share Growth Percentage, Sales Growth Percentage, Shares 

Outstanding, Shares Float, Insider Ownership Percentage, Institutional Ownership 

Percentage, Short Ratio, Return on Assets, Current Ratio, Debt to Equity Ratio, 

Percentage Gross Margin, Percentage Profit Margin, Beta, Average True Range, Relative 

Strength Index, Analyst Recommendation, and Price per Share) in relation to each 

momentum cycle portfolio (Positive Reversal, Negative Reversal, Positive Acceleration, 

Negative Acceleration, Positive Momentum Control, Negative Momentum Control, and 

Non-Momentum Control) at the 0.05 level for variables in the subset.   

H3o = None of the eight market sectors (Basic Materials, Consumer Goods, 

Financial, Healthcare, Industrial Goods, Services, Technology, and Utilities) vary 

significantly in classification from the seven momentum cycle portfolio conditions 

(Positive Reversal, Negative Reversal, Positive Acceleration, Negative Acceleration, 

Positive Momentum Control, Negative Momentum Control, and Non-Momentum 

Control) tested using MDA for between-sector and within-sector performance at the 0.05 

significance level. 



13 

 

 

 H3a= Statistically significant classification differences do exist among the eight 

market sectors (Basic Materials, Consumer Goods, Financial, Healthcare, Industrial 

Goods, Services, Technology, and Utilities) across the seven momentum cycle portfolio 

(Positive Reversal, Negative Reversal, Positive Acceleration, Negative Acceleration, 

Positive Momentum Control, Negative Momentum Control, and Non-Momentum 

Control) conditions tested using MDA for between-sector and within-sector performance 

at the 0.05 significance level.   

 

Figure 1. The Seven Evaluated Segments of the Momentum Cycle.  

Visual representation of the price momentum changes observed in stock price 

performance over varying time periods. 
 
Nature of the Study 

 This research study was ideally suited to a multivariate quantitative inductive 

approach to evaluate the financial data that emerged over time and throughout each 

segment of the momentum cycle.  In evaluating the expansive literature on financial 
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anomalies and profitable trading strategies most studies followed two paths: (a) 

identifying stock characteristics that generated the most profitable returns over time, or 

(b) explaining what may have contributed to sudden irregular price events.  Rather than 

following prior quantitative deductive approaches, it became evident that a more 

inductive quantitative approach could be applied to test the theories of much of the 

literature regarding different momentum conditions and reversal events observed in the 

market place.   Effective inductive studies benefit most from a large sample size and as 

many measurement variables as reasonably possible.  In this research method, descriptive 

discriminant analysis (DDA) is applied in an inductive approach to identify potential 

drivers of the anomalous events.  Then predictive discriminant analysis (PDA) is applied 

in a deductive approach to evaluate how strongly and accurately the classification of the 

drivers affects different conditions of momentum.  This unique combination of both 

deductive and inductive approaches in the design follows more of a reverse engineering 

approach that differs from typical financial methods.  In contrast, the research begins 

with the known stock performance outcomes and works back toward identifying 

important stock characteristics unique to each performance condition.  More than 7,000 

stocks were sorted according to their one-week and one-month price performance along a 

momentum continuum that combined both the profitable return studies and the irregular 

reversal event studies.  This format allowed for many observations of the stocks as 

classified in each stage of price momentum to be measured according to 24 independent 

characteristics for any patterns that emerged inductively.  In total, 96 ANOVA tests were 

conducted to optimize and screen the selected variables to produce the best discriminant 

function equations for each of the momentum condition portfolios and market sector 
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portfolios. The study leveraged a highly intensive quantitative approach to find 

statistically different characteristics of stocks in each of the seven momentum portfolios, 

for each of the eight market sectors, in each month of the quarter, for each of the 24 

financial test variables (see Figure 2).   

 

Figure 2. Visual representation of how the test variables are examined within each month 

by Sector and Momentum Type 

 

 One significant advantage of this study is that it allowed the researcher to find 

those quantitative characteristics that differentiate the stocks over time, by momentum 

type, and by market sector.  Not only could this design validate factors in the literature on 

momentum theory and reversal theory using descriptive discriminant analysis (DDA), but 
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it provided additional significant insight toward identifying the signals prior to 

momentum and reversal events using predictive discriminant analysis (PDA). 

Significance of the Study 

 This study is significant for its unique multivariate design using multiple 

discriminant analysis (MDA) in a cross-sectional analysis of stock performance 

characteristics.  Financial researchers seeking explanations for the persistence of the price 

momentum anomaly may benefit from the robust examination of this phenomenon and 

the identification of key drivers contributing to these evets. Investment and trading 

practitioners may benefit from the predictive equations that help signal reversal events 

and changes in price momentum conditions.   The unique design of this study serves to 

address the many multi-faceted gaps in the literature concerning the price momentum 

anomaly.   

 First, the study employed underutilized statistical analyses of both descriptive 

discriminant analysis (DDA) and predictive discriminant analysis (PDA) to evaluate 

characteristics and explanatory factors of the momentum anomaly.  Use of discriminant 

analysis within finance was seen to date back as far as Altman (1968) and Taffler (1984) 

in their seminal works to effectively identify and predict corporate bankruptcies.  

However, current application of MDA in the financial literature was limited and not 

observed in any studies of the price momentum anomaly.   

 Second, this study leveraged MDA to conduct simultaneous evaluations of 24 

independent variables across three different streams of finance and eight different sectors 

of industry.  This approach was designed to fill more gaps by drawing explanatory 

variables from fundamental, behavioral, and technical theories of finance not commonly 
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tested concurrently.  The large number of independent variables adds considerable value 

to the research and is an advantageous feature of MDA that can easily accommodate 

multivariable analysis.   

 Third, this study also considered inter-industry analysis of the price momentum 

anomaly to evaluate whether the 24 independent variables have different levels of 

explanatory power about price momentum within each of the eight different market 

sectors.  This level of evaluation of 24 firm characteristics across market sectors was not 

observed anywhere in the financial literature.   

 Fourth, the dependent variable, price momentum, was segmented into seven 

distinct price momentum conditions to evaluate classification accuracy and any predictive 

strength from among the 24 variables applied in the MDA.  This unique study was then 

used to produce reliable discriminant function equations that deliver probabilistic 

momentum predictions for individual stocks according to each of eight market sectors.   

 Fifth, to enhance the predictive capabilities of the independent variables a series 

of 96 ANOVA tests were applied and used to determine the best normalization 

techniques of each variable’s distribution.  In some cases, variable distributions were 

normalized using linear, logarithmic, cubic or quadratic transformations.  This level of 

MDA data preparation and enhancement was not common in the literature and serves to 

strengthen the validity of the analysis.  

 Sixth, the combined evaluation of seven momentum conditions served to link 

together disparate research studies of positive and negative momentum reversal events, 

momentum acceleration, controlled conditions of no price momentum, and stable positive 

or negative momentum trends.  This study takes the approach that all momentum studies 
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contribute to an interrelated cycle of price movement.  Connecting different theories 

related to different conditions of momentum across the momentum cycle generated a 

much better understanding of this persistent pricing phenomenon.   

 The significance of the study was in the variables, statistical tests, design, and 

methodology undertaken to address multifaceted gaps in the financial literature regarding 

the price momentum anomaly.  Because of these unique features, the results provided 

unique insights into the driving factors behind this irregularity that lack explanatory 

consensus and have confounded scholars more than 20 years later (Asness et al., 2014; 

Schulmerich et al., 2015).    

Definition of Key Terms 

 The following terms and definitions were critical to understanding the concepts of 

this dissertation topic.  Definitions of the 25 operational variables of this study are listed 

in Chapter 3 – Operational Definition of Variables.   

 Alpha. Alpha is the risk-adjusted performance of an investment compared to the 

benchmark.  The return on an investment compared to a benchmark beyond what would 

be predicted by beta.  “The abnormal rate of return on a security in excess of what would 

be predicted by an equilibrium model like CAPM or APT” (Bodie, Kane, & Marcus, 

2011). 

 Beta.  Beta is the measurement of the systematic risk of a security, the tendency 

of a security’s returns to respond to swings in the broad market” (Bodie, Kane, & 

Marcus, 2011).  Used in the Capital Asset Pricing Model (CAPM) to calculate the 

expected return of an asset based on Beta and expected market returns. 
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 Discriminant Analysis.  “A statistical technique which allows the researcher to 

study the differences between two or more groups of objects with respect to several 

variables simultaneously” (Klecka, 1980, p. 7).  Discriminant analysis (DA or MDA) 

provides a multivariate approach toward predictive discriminant (PDA) or descriptive 

discriminant (DDA) statistical analysis.  PDA evaluates the accuracy of group 

classification prediction using linear discriminant functions (LDF) as predictive models.  

DDA evaluates how many variables are needed and how well the variable constructs 

characterize group separation (Huberty & Olejnik, 2006).   

 Efficient Market Theory.  The central financial theory related to the study of 

short-term momentum price reversals is the longstanding Efficient Market Hypothesis 

(EMH).  This prominent hypothesis is usually credited to Samuelson (1965) and Fama 

(1965, 1970) and theorizes that the market adjusts to include all available information in 

an efficient and timely way so that prices closely resemble fair and accurate values.  A 

theory of markets in which asset prices reflect new information quickly and rationally 

(CFA, 2014).  EMH is associated with “random walk” the “idea that subsequent price 

changes represent random departures from previous prices” (Malkiel, 2003, p. 3).  EMH 

consists of three main forms: (a) the Weak form that contends technical analysis is of no 

value, (b) the Semi-strong form that contends all published information is already priced 

into a security making excess returns impossible through fundamental analysis, and (c) 

the Strong form that contends that all information – public and private – is already priced 

into a security and no excess returns are possible.   

 Fundamental analysis. Fundamental analysis is the examination of publicly 

available information and the formulation of forecasts to estimate the intrinsic value of 
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assets (CFA, 2014).  Research to predict stock value that focuses on such determinants as 

earnings and dividends prospects, expectations for future interest rates, and risk 

evaluation of the firm (Bodie, Kane, & Marcus, 2011).   

 Liquidity. Liquidity is the ability to purchase or sell an asset quickly and easily at 

a price close to fair market value.  The ability to meet short-term obligations using assets 

that re the most readily converted into cash (CFA, 2014). 

 Market Anomaly.  A market anomaly is the change in the price or return of a 

security that cannot directly be linked to current relevant information known in the 

market or to the release of new information into the market (CFA, 2014).  “Fama and 

French (1993) argue that a three-factor asset-pricing model (including price-to-book-

value and size as measures of risk) is the appropriate benchmark against which anomalies 

should be measured” (Malkiel, 2003, p. 19).   

 Market Capitalization. Market capitalization is the measure of a firm’s market 

value found by multiplying the stock price per share times the number of total 

outstanding shares. 

 Momentum Effect. Momentum effect is the tendency of poorly performing 

stocks and well-performing stocks in one period to continue that abnormal performance 

in following periods (Bodie, Kane, & Marcus, 2011).  “Stocks with low returns over the 

last year tend to have low returns for the next few months and stocks with high past 

returns tend to have high future returns” (Fama & French, 2008, p. 1653).  “Momentum 

is the phenomenon that securities which have performed well relative to peers (winners) 

on average continue to outperform, and securities that have performed relatively poorly 

(losers) tend to continue to underperform” (Asness et al., 2014, p. 2). 
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 Return Reversals.  Return reversals are positive or negative changes in price 

against the prevailing trend in returns or momentum, and are also referred to as negative 

reversal or positive reversal.  

 Technical analysis.  Technical analysis is a form of security analysis that uses 

price and volume data, which is often displayed graphically, in decision making (CFA, 

2014).  Malkiel (2003) describes technical analysis as, “The study of past stock prices in 

an attempt to predict future prices” (p. 3).  Technical analysis may also comprise the 

residual component related to non-fundamental stock characteristics contributing the 

most to momentum as observed by Da, Liu, and Schaumburg (2011).    

Summary 

      This quantitative study was conducted to evaluate the characteristics of stocks 

during seven different phases of the price momentum cycle for unique predictive signals 

that may enhance future trading strategies and help explain well-documented market 

anomalies. The research questions relied on multiple discriminant analysis (MDA) to test 

the strength of each independent variable’s relationship with the dependent variable of 

market momentum performance within each of the seven conditions of the momentum 

cycle. The selected independent variables served to link different streams of financial 

theory using behavioral, fundamental, and technical characteristics that claim strong 

explanatory powers based on previous studies.  The resulting weighted coefficients of the 

discriminant function were used to develop prediction models to value stocks on reversal 

event occurrence-probabilities for enhanced future investment strategies. These 

predictive capabilities that signaled changes in momentum also served to challenge the 

legitimacy of the efficient market hypothesis.  This unique design provided additional 
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insight toward generating consensus about the drivers behind the price momentum 

anomaly. 
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Chapter 2: Literature Review 

 The purpose of this study was to identify any statistically significant factors that 

may explain the persistent abnormal performance of the price momentum anomaly.   The 

study relies on significant variables in the literature from different streams of finance to 

develop a reliable discriminant function that may capture predictable aspects of this well 

documented market irregularity.  A review of the considerable literature addresses the 

prominent themes related to momentum reversal events in the stock market organized 

into a coherent narrative discussion.  Each of the sub-topics included in the review 

correspond to seminal work in the literature framing important theoretical explanations of 

short-term reversal events in this complex field of financial literature.  The relationships 

of these financial theory clusters are highlighted in the heuristic below (see Figure 3) to 

show how five prominent market hypotheses may rely upon combinations of five  

 

Figure 3. Relationships between Market Hypotheses and Pricing Theories. Visual 

representation of the relationships between five prominent Market Hypotheses and five 

underlying Pricing Theories that best correspond and overlap with each hypothesis. 



24 

 

 

 

major asset pricing theories as illustrated.  The connections between clusters identify 

asset pricing theories upon which different market hypotheses are based.  The heuristic 

was not intended to be all inclusive.  Instead it was designed to represent broad 

connections discussed in more detail throughout this paper about the relationships 

between prominent pricing theories and market hypotheses.   

 Within the spectrum of these competing financial market explanations exists 

important contributing characteristics to my study of momentum and related short-term 

reversal events that develop upon key findings from each of these different streams of 

financial research.  Additionally, these competing theories appear to have overlapping 

explanatory evidence that contributes to a more comprehensive understanding of the 

price momentum anomaly.   

Documentation 

 The literature search for this study was developed around the competing theories 

from seminal research regarding explanations of the price momentum anomaly and the 

PEAD anomaly.  The search strategy began with core financial market anomaly research 

examining asset pricing theories (e.g. Behavioral, Fundamental, Technical and 

Idiosyncratic) and expanded outward to broader market hypotheses (e.g. Efficient 

Market, Uncertain Information, Overreaction).  This approach formed a useful web 

relating the vast knowledge surrounding a complex phenomenon into a meaningful 

framework for interpretation during the inductive analysis.  Literature was primarily 

obtained through academic databases including EBSCO® Business Source Complete, 

ScienceDirect®, ProQuest® ABI/INFORM, and SpringerLink®.  Basic and advanced 
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Boolean searches were conducted on key financial terms including, but not limited to the 

following:  Anomaly, market irregularity, momentum, asset pricing, behavioral pricing, 

market efficiency, PEAD, EMH, UIH, overreaction, underreaction, reversals, reversal 

events, and mispricing.  References drawn from or referencing to seminal work also 

served as an important approach for identifying the key relevant literature cited in this 

study.   

Theoretical Framework Underpinning this Study 

 Among the thousands of market place irregularities documented in financial 

research, Nobel laureate Eugene Fama and Kenneth French (2008) identify the price 

momentum anomaly as the premier anomaly.  Chordia and Shivakumar (2006) have also 

assessed the broad literature finding that, “Two robust and persistent anomalies over the 

last four decades that have defied rational explanations are the post-earnings 

announcement drift, or earnings momentum, and the short-run return continuations, or 

price momentum” (p. 655).  The post-earnings announcement drift (PEAD) was first 

documented by Ball and Brown (1968).  Rational based explanations suggest that PEAD 

is a form of latent risk that is being compensated for but the basis of the risk is not known 

to the investor (Zacks, 2011).  Behavioral explanations of PEAD suggest that investors 

may be able to enhance returns by examining measures of unsophisticated investors 

whose inexperience may be contributing to these mispricing effects (Zacks, 2011).  These 

two prominent anomalies of PEAD and momentum have come to represent important 

financial irregularities that continue to be explored in every possible aspect of financial 

and theoretical methodology to reveal the drivers behind their persistence.  Assessing the 

theoretical framework revealed different explanations of price momentum that may have 
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led to significant undiscovered relationships in the current research to find meaningful 

signals of short-term momentum reversal events.  The theoretical framework 

underpinning this study forms the basis for evaluating the emerging results of the 

inductive quantitative testing.   

 The results from the 96 ANOVA tests as well as the 48 multiple discriminant 

analysis test required substantial interpretation that relied upon all of the following 

theoretical frameworks of competing financial theories and hypotheses.  Green, Hand, 

and Zhang (2013) in their analysis of more than 330 return predictive signals in the 

literature, concluded, “that either US stock markets are pervasively inefficient, or there 

exist a much larger number of rationally priced sources of risk in equity returns than 

previously thought” (p. 692).  This current study adopted the possibility that the EMH 

was not violated and many of the large number of rationally priced factors described in 

the broad literature review that follows were revealed in the unique testing design applied 

in this research.  A thorough understanding of alternative explanations of anomalies in 

the literature review leads to a better understanding of the results that emerged from the 

analysis of the price momentum anomaly in this study.   

Behavioral Pricing Theory 

 Behavioral pricing is a component of behavioral finance that studies how “biases 

such as sentiment, overconfidence, biased self-attribution, conservatism, and a 

representativeness heuristic generate underreaction and overreaction to information, 

which manifests in underpricing and overpricing” (Zack, 2011, p. 8).  Financial 

behaviorists like Chazi, Khallaf, Liu, and Zantout, (2014) and Thaler (2015, 2016) 

studied investor reactions, sentiment, and deliberate investor manipulations to understand 
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pricing irregularities not explained by a wide selection of risk based asset pricing models.   

Prominent scholars in this field including, “Shiller (1984), Black (1986), Stiglitz (1989), 

Summers and Summers (1989), and Subrahmanyam (2005), among others, have 

suggested that short-term reversal profits are evidence that market prices may reflect 

investor overreaction to information, or fads, or simply cognitive errors” (Da, Liu, & 

Schaumburg, 2011, p. 1).   

 A large segment of the behavioral literature focuses on understanding the PEAD 

anomaly (Price Earnings Announcement Drift) and why the underreaction or drift 

continues following earnings announcements.  A variety of explanations attributed 

underreaction to earnings announcements to unsophisticated investors (Bartov et al., 

2000), arbitrage risk (Mendenhall, 2004), the inflation illusion hypothesis (Modigliani & 

Cohn, 1979), erroneous stochastic beliefs, and excessive optimism or pessimism, (De 

Long et al., 1990; Lee et al., 1991; Kumar & Lee, 2006).   

 Other related studies go beyond underreaction to examine behavioral overpricing 

theories, such as: sophisticated investors rarely sell short (Nagel, 2005), or short sale 

constraints block negative opinions from balancing the market prices (Ofek et al., 2004; 

Chang et al., 2007), or that external sentiment drivers are creating overpricing distortions 

(Lamont & Thaler, 2003; Ofek & Richardson, 2003).  Studies in this field of finance are 

increasingly using behavioral search results from social media and search engines to 

create predictive databases on trading intentions (Batelle, 2005; Rangaswamy, Giles, & 

Seres, 2009).  Scholars studying behavior often measure reactions and effects related to 

short-interest announcements (Lasser, Wang, & Zhang, 2010), to different components 

and timing of company news (Barberis et al., 1998; Daniel et al., 1998; Hong and Stein, 
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1999; Terence et al., 2000), and toR&D as well as technology transfer announcements 

(Chazi et al., 2014).  

 In the research by Chazi, Khallaf, Liu, and Zantout (2014) they examined the 

price behavior of firms following technology transactions, announcements, acquisitions 

and reversals.  The results were not fully explained, but Chazi et al. (2014) attributed the 

reversals to behavioral explanations based on the interaction between price momentum 

and announcement of certain corporate events.  They find that in response to 

announcements of acquisition or sale of technology rights investors initially respond 

positively.  However, within 20 days for no apparent reason investors tended to reverse 

their initial reaction and give up the announcement-period gains.  The challenge of the 

interaction of momentum and reversals has motivated many researchers to explore a 

greater understanding of the drivers behind the momentum events. The literature supports 

the notion that behavior plays an important role in the irregular price performances 

observed. 

 Some studies ventured deeper into psychology to explain anchoring bias and other 

cognitive biases that affect investors’ decision-making processes in what is being called 

dynamic psychology-based asset-pricing theory (Cen et al., 2013).  Market sentiment and 

investor sentiment are also being measured by tracking net exchange cash flows between 

equities and bonds to predict future market changes both short and long term (Ben-

Rephael et al., 2012).   

 In a recent study by Yang and Zhou (2015) they expressed the view that 

understanding how trading behavior and investor sentiment impact stock prices is of the 

utmost importance to finance.  To begin their research Yang and Zhou (2015) first 
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constructed an investor sentiment index that proxies for sentiment by combining four 

daily components, relative strength index (RSI), psychological line index (PSY), trading 

volume, and adjusted turnover rate (ATR).  ATR in their study is not to be confused with 

average true range (ATR) used as a test variable in the current study.  Second, they 

constructed a trading behavior proxy index by measuring the aggregate buy and sell 

imbalance of the stock index.  Then they tested their hypothesis that trading behavior and 

investor sentiment affected excess returns beyond what was captured by the Fama-French 

three-factor model.  In particular, Yang and Zhou (2015) found that trading behavior has 

a larger effect on excess returns than investor sentiment (p. 44).  Interestingly, the 

researchers focused their examination on weekly and monthly periods and found that 

investor trading behavior and investor sentiment affected small stocks more than large 

stocks (Yang & Zhou, 2015).  Although their research applies to the Chinese stock 

market, some generalities may be relevant to the US market and the behavior and 

sentiment of US investors.  In observing the variables selected to proxy their sentiment 

index, the use of RSI as sentiment indicator explicitly shows how technical and 

behavioral variables may combine or overlap in different studies.  The relative strength 

index as originally created by Wilder (1978) has been viewed as a technical indicator that 

purports to show overbought and oversold conditions upon which to base trading rules of 

a particular firm.  The recurring theme that small stocks behave differently than large 

stocks and represent a much greater occurrence of financial irregularities continued 

throughout the behavioral study by Yang and Zhou (2015).  The researchers also 

concluded that trading behavior and investor sentiment as proxied in their study can 
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explain the excess returns of small stocks where Fama and French (1993, 2012, 2015) 

have failed to do so.     

 Investor sentiment is an important component of behavioral research and has been 

shown to be a strong predictor of anomalous returns in the market (Jacobs, 2015).   In the 

survey of more than 100 anomalies by Jacobs (2015), he found that in “more than 80% of 

the anomalies, the role of sentiment goes in the predicted direction, even though findings 

are only significant for about 40%” (p. 66).  These findings are consistent with theories 

related to overreaction where sentiment creates an amplified reaction to information and 

announcements in the market. 

 According to research by Li, Livdan, and Zhang (2009), “behavioral market 

timing can create value for existing shareholders by timing financing decisions to exploit 

mispricing” (p. 4326).  In their study of market anomalies researchers combined financial 

decision making of the firm with market timing by the investor.  This study overlaps with 

some fundamental theories but relies on the choices of the firm to account for behavioral 

aspects contributing to anomalous pricing behavior. Researchers used an optimal 

investment approach based on prior literature that firms can issue equity or leverage cash 

and debt to alter market prices in favorable ways to create anomalous value for 

shareholders.  The researchers build on numerous studies of external financing anomalies 

first addressed by Fama and French (1995, 2000, 2006).  Their findings cannot be 

explained by the CAPM and show clear anomalous behavior.  This behavioral approach 

introduced additional financial variables useful for testing as price movement predictors.  

One of their findings was that firms with low capital investment outperform firms with 

high capital investment with extreme differences at the 0.01 significance level.  They also 
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observed that the magnitude of investment return increases substantially with higher 

operating income-to-assets.  This research identified that firms issuing equities earn lower 

average returns out to three to five years than similar firms not issuing shares.  Cash 

distributions however related to firms outperforming other firms without distributions by 

significant margins ranging from 45.3% to 12.1% over three to five year periods (Li et 

al., 2009). 

 Another behavioral segment consists of market manipulation, both legal and 

illegal, conducted to generate abnormal returns and market advantages.  Some schemes 

are trading-induced or volume-driven manipulations (Allen & Gale, 1992), others are 

characterized as wash sales, advancing the bid, pumping and dumping, marking the close, 

and cornering or squeezing the market (Imisiker & Tas, 2013).  All of these examples of 

behavioral biases, manipulations, sentiment measures, psychology, over-reactions and 

under-reactions contribute to the irregularities and inefficiencies, and relate to this current 

study of price momentum and return reversals in the market.  Capturing meaningful 

variables and proxies for some of these effects was an important aspect of identifying the 

underlying drivers of short-term market reversals examined in the research. 

Fundamental Pricing Theory 

 A different theoretical approach toward explaining the effects of the momentum 

anomaly is the rational structural uncertainty basis, also called financial-based 

explanations (Zacks, 2011).  This conceptual cluster of financial theory consists of the 

analytical and financially based explanations that do not rely significantly on the 

cognitive behaviors of investors.  Potential drivers of the price momentum anomaly also 

include accounting anomalies such as the accrual anomaly (Sloan, 1996) and the analyst 
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recommendations and earnings forecast anomaly (Stickel, 1995; Womack, 1996).  Other 

important components of the rational basis include stochastics and financial ratios (Jiang 

& Lee, 2012), distress factors on fundamentals (Argawal & Poshakwale, 2010), lead-lag 

effect or auto and cross-sectional correlation between equities (Choi, 2014), sector and 

industry momentum effects (Chou et al., 2012; Fama & French, 1997; Lewellen et al., 

2010), intra-industry co-movement price momentum (Chan et al., 2007; Chou et al., 

2012), symmetry breaking of return parity theory (Choi, 2014), business cycles and 

monetary policy measures (Booth & Booth, 1997; Fama & French, 1989; Jensen et al., 

1996; Jensen & Mercer, 2002; Kaya & Engkuchik, 2012), physical science momentum 

theory (Choi, 2014), rational equilibrium framework (Chordia & Shivakumar ,2002, 

2006; Conrad & Kaul, 1998; Johnson, 2002; Sagi & Seasholes, 2007), trading volume 

patterns (Lee & Swaminathan, 2000), 52-week high price (George & Hwang, 2004; Liu 

et al., 2011), predictive financial variables testing (Jiang & Zhang, 2013), front-running 

end of month momentum anomaly (Henker, Henker, & Huynh, 2012), to name but a few 

fundamental studies and corresponding seminal works.   

 For example, Nam, Brochet, and Ronen (2012) examined the fundamental 

components of cash and accrual accounting in predicting future cash flows and 

contributing to market anomalies.  Their study found that portfolios formed on stock 

return predictions using information of current cash flows from operation and accruals 

yielded significantly positive returns (Nam et al., 2012).  This anomaly was based on the 

seminal work of Sloan’s (1996) accrual anomaly where the accounting standards board 

(FASB) asserted that earnings are better predictors of future cash flows than current 

flows.  Scholars and practitioners have argued that the earnings reports have distortions 
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and subjectivity driven by managers of the firm to time the earnings accruals in ways that 

most benefit the firm and related announcements.  To this end, scholars have tested that 

cash flow predictability may be better assessed using other fundamental accounting 

variables than earnings.  In the research conducted by Nam et al. (2012) they found that 

accruals contribution is strongest when predicting the next quarter market value or shorter 

time periods.  However, the value of accruals in prediction was diminished over longer 

periods, but still contributed toward positive returns in stocks one-quarter-ahead (Nam et 

al., 2012).  This suggests that earnings and other key fundamental variables become 

diminished after periods of more than six months and are most effective within a 

quarterly, three month period.  These findings also contributed to the design and sample 

period considerations used in the current study.   

 These financial components play an integral part in explaining the underlying 

causes of short-term momentum reversal events.  It was difficult to include representative 

variables of each theory for testing within this study, but where commonalties did occur 

in the outcome, the data interpretation returned to a more detailed analysis of these 

published works.  While the main axis of disagreement among scholars about the source 

of momentum irregularities trends between behavioral and rational theories (Zacks, 

2011), there is considerable overlap with each viewpoint sharing theories of market 

friction and liquidity that explains some of the variation.   

Market Friction and Liquidity Theory 

 A key detractor to the efficient market hypothesis (EMH) is evidence of an 

illiquid market or a trading exchange with measurable frictions.  Those that hold to the 

EMH and insist markets are efficient without market irregularities must rely on a difficult 
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assumption that there are no limits or interferences to arbitrage (Zacks, 2011).  In fact, a 

great deal of evidence shows that market frictions and liquidity are substantial forces in 

the market place.  “Kaul and Nimalendran (1990), Conrad, Gultekin, and Kaul (1997), 

and Jegadeesh and Titman (1995) find that a significant part of short-term reversals is 

related to market frictions due to the bid– ask bounce in transaction prices” (Hameed & 

Mian, 2015, p. 2).  Regardless of the behavioral or rational theories used as a basis for 

understanding anomalies, these frictions create additional irregularities and distortions in 

achieving an accurate value using asset pricing models.  “Amihud and Mendelson (1986), 

Brennan and Subrahmanyam (1996), Brennan, Chordia, and Subrahmanyam (1998), 

Jones (2002), and Amihud (2002) all provide evidence that liquidity is an important 

determinant of expected returns” (Brennan & Chordia, 2012, p. 523).  Further, liquidity 

itself is an anomalous effect caused by liquidity-timing methods of hedge funds that show 

robust differences in returns between skilled and unskilled investor timing methods (Cao 

et al., 2013).   A direct link between liquidity shocks and return reversals has been 

documented by Campbell, Grossman, and Wang (1993), Conrad, Hameed, and Niden 

(1994), and more recently by Avramov, Chordia, and Goyal (2006).  This critical link 

finds, “greater return reversals in high turnover, illiquid stocks and attribute such return 

reversals to non-information based demands for immediacy” (Da & Gao, 2010, p. 29).   

 Another recent study by Amihud et al. (2015) examines illiquidity internationally 

across stock markets in 45 countries finds a strong positive illiquidity premium priced in.  

Common to studies of illiquidity is the Amihud (2002) illiquidity measure that reflects 

the absolute value of return on a stock multiplied by the shares traded daily over a three-

month moving window.  Consistent with other studies of anomalous liquidity returns the 
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Amihud et al. (2015) find that portfolios of the most illiquid stocks generate significantly 

higher risk-adjusted returns than portfolios of the most liquid stocks (p. 367).   

 Liquidity effects show a high degree of relevance to the current reversal event 

research and variables of liquidity will represent an important component of this study in 

combination with the other clusters.  What is not captured by liquidity, behavioral, and 

rational theories, is categorized as idiosyncratic risks or external effects. 

Idiosyncratic Risk and External Effects 

 Idiosyncratic risk by definition is unpredictable, but can be mitigated through 

many different means including diversification.  External effects are those forces outside 

of behavioral, liquidity, and rational financial theory that may contribute to irregular 

pricing in the markets and more particularly affect short-term event reversals.  Examples 

of these sources are: weather effects such as the sun, moon, rain, snow, and star effects 

(Hirscheifer & Shumway, 2003; Chang et al., 2008; Jacobsen & Marquering, 2008, 2009; 

Kamstra et al., 2009); national success or failure in sporting events (Edmans et al., 2007; 

Kaplanski & Levy, 2010); and calendar effects (Doyle & Chen, 2012).  The ability to 

capture these effects and find meaningful variables to include in the current tests was 

limited, but some understanding of their contributions to pricing irregularities may help 

explain the findings in future research.  

 Other unusual effects studied in the literature include the January effect, the 

January barometer, the Sell-in-May-and-Go-Away effect, many different holiday effects 

both in US and foreign markets, different Day-of-the-Week effects, numerous political 

effects and so on (Zacks, 2011).  Considerations for patterns in the resulting data of this 

current study were made to provide further explanatory evidence about the findings.  For 
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example, the sample drawn for my study was taken from the first quarter of the year, a 

period that overlapped idiosyncratic theories of the January effect, holiday effect, Turn-

of-the-Month effects and many different weather effects most notably snow.   

 In a recent study by Novy-Marx (2014) using predictive regressions of a number 

of idiosyncratic variables, the author implored financial researchers not to dismiss these 

anomalies so quickly.  Despite the seeming lack of plausibility, Novy-Marx (2014) 

showed that standard predictive regressions fail to reject the hypothesis that market 

anomalies may be related to such events as the party of the US President, the weather in 

Manhattan, global warming, El Nino, sunspots, or the alignment of the planets.  His 

research delved into water temperatures trends of the Pacific Ocean, patterns of full moon 

periods, alignment aspects of Mercury and Venus, and fluctuations of solar activity 

measured by Nasa (Novy-Marx, 2014).   Connections to behavioral responses to weather 

may be plausible.  Ideas that lower temperatures contribute to aggression and higher risk 

taking in the markets are plausible but seem difficult to measure or test.  Novy-Marx 

(2014) also tried to isolate weather factors toward the New York metropolitan area where 

traders predominantly live.  Establishing metrics for traders’ moods seems particularly 

perilous even if a seemingly logical and regional weather based system is applied.  The 

correlations were significant in some cases, but in many cases, the causation was not 

established and required additional research as the author suggests.  It would also be 

difficult to trade on this data even with the documented correlations because the 

parameters of buy and sell decisions are not clearly delineated.  The results of the study 

may engage future researchers, but at this time, it was difficult to apply these findings 

toward a meaningful explanation of the price momentum anomaly.   
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 Again, while it is possible that idiosyncratic theories contribute some explanatory 

value it was difficult to fit the variables into a multiple discriminant analysis or interpret 

the results for any significant outcome.  It is also possible that many adherents of these 

idiosyncratic effects trade in the markets in ways that are captured within overlapping 

components of behavioral theory or manifest themselves in technical market patterns 

acted upon by traders who may unconsciously adhere to certain theories. 

Modeling and Measurement Errors 

 Lastly, a great deal of the literature pursues flaws in asset pricing models, the 

quality of data, chance, timing, and a wide variety of validity concerns.  Alternative 

measurements and models are frequently proposed and challenged over decades of 

testing and analysis.  The current heuristic would not be complete without accounting for 

these errors known to contribute to flawed outcomes in the body of research on financial 

anomalies.  For example, the Fama and French three-factor model is a core measurement 

in most research studies, but research by Cremers et al. (2010) found, “that significant 

alphas obtained from the Fama-French model primarily arise due to the disproportional 

weights on small value stocks and on CRSP value-weighted market index” (Fan & Yu, 

2012, p. 120).  Beyond the attack on pricing models, scholars frequently propose new 

ones: Hirshleifer and Jiang (2010) proposed a financing-based misevaluation factor 

model; Blitz et al. (2011) proposed a residual momentum model; and Moskowitz et al. 

(2012) proposed changing the momentum portfolio construction rules for better time-

varying measurement.   

 Hundreds of additional asset pricing models are offered and promoted in the 

search for the best explanation and measurement of financial irregularities (Celik, 2012).  
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Celik (2012) provided an excellent overview of the development of fundamental asset 

pricing that has grown in large part from the desire to reduce or eliminate measurement 

error and unexplained effects in valuing assets.  According to Celik (2012) asset pricing 

models have branched into two principle stems, namely, neo-classical based asset pricing 

and behavioral based.  Among the neo-classical based pricing models are the 

subcomponents of absolute pricing, relative pricing, and Von Neumann-Morgenstern 

theory that relies on Bayesian techniques.  The capital asset pricing model (CAPM) and 

related variants such as the Fama-French three, four, and five factor pricing models 

(2008, 2015) come under the absolute pricing component and form a key standard of neo-

classical based measurement for detecting financial anomalies.  On the behavioral branch 

of asset pricing models is prospect theory, considered the counterpart to the neo-classical 

Von Neumann-Morgenstern theory.  Under prospect theory, Celik (2012) organizes 

heuristics and biases to capture such psychological explanations of market anomalies as 

overconfidence, overreaction, optimism, and others detailed in this review of the 

literature.  Depending on the measurements applied and the factors included in each 

model, the different streams of finance often reach very different conclusions to explain 

the irregular market phenomena.  Celik (2012) concluded that the trend of asset pricing 

models is to try to adopt additional variables into the pricing process as well as relaxing 

and adjusting assumptions of previous models in order to address valuation problems 

from different approaches.  As is addressed in the current study an improved focus on the 

variables may identify the best discriminators for use in asset pricing models as well as 

the most appropriate transforms (e.g. logarithmic, cubic, quadratic) for normality in 

achieving the strongest modeling results. 
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 Other scholars disputed that there were any irregularities being detected at all.  

Novy-Marx (2012) for example, analyzed past performance and suggested that return 

predictability looked more like an echo than momentum (Gong, Liu, & Liu, 2015).  

Welch and Goyal (2007) argued that predictability has not been significant in sample or 

out-of-sample in the past 30 years.  The scope of literature on these subjects is enormous 

and the intense desire to validate predictability or dispute findings carries many 

investigations forward in this field of financial anomalies.   

Efficient Market Hypothesis (EMH) 

 The first central financial theory related to the study of short-term momentum 

price reversals is the longstanding Efficient Market Hypothesis (EMH).  This prominent 

hypothesis is usually credited to Samuelson (1965) and Fama (1965, 1970) and theorized 

that the market adjusts to include all available information in an efficient and timely way 

so that prices closely resemble fair and accurate values.  The key implication of EMH is 

that stock prices are not predictable and do not allow for traders to earn abnormal returns 

(Himmelmann et al., 2012). In recent years, detractors to EMH have increasingly 

documented price irregularities that escape rational explanations and produce substantial 

anomalous returns.  Nobel laureate Eugene Fama and Kenneth French (2008) identified 

the momentum effect anomaly as the premier anomaly despite their well-established 

positions that the market remains efficient.  Chordia and Shivakumar (2006) have also 

concluded that, “Two robust and persistent anomalies over the last four decades that have 

defied rational explanations are the post-earnings announcement drift, or earnings 

momentum, and the short-run return continuations, or price momentum” (p. 655).  In 

order to sustain the efficient market hypothesis however, proponents argued, “that the 
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observed empirical evidence is not a contradiction of the EMH, but rather a failure of the 

methodologies employed in the studies” (Himmelmann, 2012, p. 401).  As a result, many 

EMH theorists focused on modifying and improving the asset pricing models by 

changing the factors, the weighting of factors, or varying the timing within their models.  

Other scholars such as Novy-Marx (2012) disputed that there were any irregularities 

being detected at all and suggested that return predictability looked more like an echo, 

than momentum (Gong, Liu, & Liu, 2015).   

 Short-term reversal events of the momentum anomaly under this hypothesis 

would generally be explained as efficient rapid responses to market information not 

properly explained by weaknesses in current asset pricing models.  In fact, Ajayi et al. 

(2006) illustrated the price reaction of EMH well with examples of good and bad news at 

event period to (see Figure 4).  Conceptually the more vertical the reaction line at the 

moment that unexpected information is introduced (to) the more efficiently the market 

adopts the new asset price.   
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Figure 4. Price reactions under the Efficient Market Hypothesis. Stock price reaction to 

unexpected information following good and bad news (Ajayi, Mehdian, & Perry (2006) 

Figure 1. p. 463) 

 

 The connection of EMH to asset pricing theory most strongly related to modeling 

error and measurement weaknesses.  The depiction of EMH also relates to Reversal 

Event Theory and expected price magnitudes and directions in explaining observed price 

reversals in other literature.   

Uncertain Information Hypothesis (UIH) 

 The Uncertain Information Hypothesis (UIH) is a prominent market hypothesis to 

explain how transactional exchanges adjust to find equilibrium among asset prices.  

Originally put forward by Brown et al. (1988) the hypothesis does not break with 

fundamental principles of EMH that the market remains efficient.  Rather, UIH provides 

an alternative EMH explanation beyond the failures or weaknesses of models to explain 

pricing irregularities.  “The UIH postulates that rational, risk-averse investors, when 

confronted with new information, the true nature of which is not immediately clear, 

would be expected to underreact to good news and overreact to bad news” (Himmelmann 

et al., 2012, p. 401).  This hypothesis takes on aspects of behavioral and fundamental 

asset pricing theories without committing that such market irregularities reflect any real 

inefficiencies of the marketplace (see Figure 5). 
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Figure 5. Price reactions under the Uncertain Information Hypothesis.  Stock price 

reaction to unexpected information following good and bad news (Ajayi, Mehdian, & 

Perry (2006) Figure 1. p. 463) 

 

 Research by Avramov, Chordia, Jostova, and Philipov (2007, 2013) found 

empirical evidence that supported the UIH while examining momentum with regard to 

firm credit ratings and financial distress.  Their study indicates that momentum 

profitability was large and significant among low-grade credit firms, but that the anomaly 

was nonexistent among high-grade firms.  Of particular interest was their finding that 

momentum effects were generated by low-grade firms that accounted for less than 4% of 

the market capitalization of overall credit-rated firms.  Based on a sample of 3,578 

NYSE, AMEX and NASDAQ firms rated by S&P from July 1985 to December 2003 the 

extreme winners and losers were only among the noninvestment grade portfolios in the 

sample.  Further, they found that loser stocks from among the noninvestment grade 

sample represented the dominant continuation of momentum significantly outpacing 
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winner stocks from among the same low-rated credit portfolio.  This corroborated other 

research by Jiang, Lee, and Zhang (2005) and Zhang (2006) who found evidence of 

higher momentum payoffs among firms with higher information uncertainty. While 

studies sorted momentum effects based on firm size, firm age, return volatility, cash flow 

volatility, and analyst forecast dispersion, the credit-rating effect was shown in this 

research to be independent and much stronger among all other variables (Avramov et al., 

2007).   

 Within this current study of market reversal events, possible validations of the 

UIH could be made from high correlations of information uncertainties in the underlying 

independent variables.  Incorporating behavioral and fundamental financial variables 

helped to test this hypothesis.  The difficulty with this hypothesis as with EMH was 

maintaining the view that reversals attributed to trading frictions, uncertain information, 

or idiosyncratic risks do not compromise the hypothesis.    

Overreaction Hypothesis (ORH) 

 In contrast to UIH and EMH the Overreaction Hypothesis (ORH) posited by De 

Bondt and Thaler (1987) explained momentum and other market anomalies as evidence 

of weakly efficient or actually inefficient market (Himmelmann, et al., 2012).  Prominent 

scholars in this field including, “Shiller (1984), Black (1986), Stiglitz (1989), Summers 

and Summers (1989), and Subrahmanyam (2005), among others, have suggested that 

short-term reversal profits are evidence that market prices may reflect investor 

overreaction to information, or fads, or simply cognitive errors” (Da, Liu, & 

Schaumburg, 2011, p. 1).  Asset pricing theories associated with this hypothesis relied 

primarily on behavioral overpricing theories, such as: sophisticated investors rarely sell 
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short (Nagel, 2005), or short sale constraints block negative opinions from balancing the 

market prices (Ofek et al., 2004; Chang et al., 2007), or that external sentiment drivers 

were creating overpricing distortions (Lamont & Thaler, 2003; Ofek & Richardson, 

2003).  

 

Figure 6. Price reactions under the Overreaction Hypothesis.  Stock price reaction to 

unexpected information following good and bad news (Ajayi, Mehdian, & Perry (2006) 

Figure 1. p. 463) 

 

 The Overreaction Hypothesis may contribute a good understanding as to why 

short-term reversals change so dramatically in response to some behavioral pricing 

catalyst in the market (see Figure 6).  Richard Thaler (2015) a prominent economic 

behaviorist showed how anomalies can be predicted by psychology and calls this 

inefficient market behavior “generalized overreaction.”  In a recent overreaction 

hypothesis study, Choi and Jayaraman (2009) examined the role of option markets in the 

reversal event process following large one-day declines (p. 373).  The researchers found 
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that significant positive rebounds occurred in the two days following the large decline, 

but only for nonoptionable firms (Choi & Jayaraman, 2009).  In the optionable firms, the 

study found that informed traders migrated from the stock markets to the option markets 

and did not contribute to a rebound in price for the declining stock (Choi & Jayaraman, 

2009).  The difference in overreaction response between informed and uninformed 

traders contributes a better understanding of the behavioral responses behind the 

abnormal price movements.  As shown in the results that emerged, this current focused 

dissertation study validated some behavioral overreaction during short-term momentum 

reversal events consistent with the ORH. 

Underreaction Hypothesis (URH) 

 Related to the Overreaction Hypothesis but uniquely different is the 

Underreaction Hypothesis (URH) that allows for more consideration of different types of 

market frictions to prevent efficient market behaviors also contributing to market 

anomalies.  In particular, a large segment of the URH behavioral literature focused on 

understanding the famous PEAD (Post Earning Announcement Drift) anomaly and why 

the underreaction (drift) exists following earnings announcements (Chung & Hrazdil, 

2011).  A variety of explanations attributed earnings announcement underreaction to: 

unsophisticated investors (Bartov et al., 2000), arbitrage risk (Mendenhall, 2004), the 

inflation illusion hypothesis (Modigliani & Cohn, 1979), erroneous stochastic beliefs, and 

excessive optimism or pessimism, (De Long et al., 1990; Lee et al., 1991; Kumar & Lee, 

2006).   

 In the PEAD research conducted by Chung and Hrazdil (2011), researchers 

examined whether the PEAD was directly related to market efficiency or more precisely, 
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the lack thereof.  The results of their study using multiple cross-sectional regressions 

found that the market efficiency variable contributes significantly to the underreaction of 

prices following earnings announcements (Chung & Hrazdil, 2011).  These results also 

showed that prior determinants of the PEAD such as residual volatility, volume, trading 

costs, and investor sophistication were not as strong as the efficiency variable in 

explaining the drift following earnings announcements (Chung & Hrazdil, 2011).  

 Another significant work by Liu, Szewczyk, and Zantout (2008) examined 

dividend reductions and omission announcements in a sample of 2,337 announcements 

over more than 70 years.  The objective was to examine whether dividend changes 

contributed toward or accounted for the post-earnings announcement drift documented 

throughout the financial literature.  Using Fama-French three-factor regressions and buy-

and-hold return measurements, Liu et al. (2008) concluded that firms that alter their 

dividend offerings have the same PEAD effect as firms with similar earnings 

performance that made no changes to their dividends.  These findings further strengthen 

the perspective that the PEAD remains a significant anomaly following earnings 

announcements and that earnings rather than dividends were the main focus of investors 

underreaction to announcements.  Additionally, the research found that the price drift was 

confined to smaller capitalized firms adding to the likelihood that a lack of efficiency in 

the markets contributed to an underreaction to announcements that extended the period of 

drift in price (Liu et al., 2008). 

 As the current heuristic illustrates, the URH connects behavioral theories and 

asset pricing complexities involving liquidity and market frictions to explain why 

anomalies like momentum may persist.  URH may serve to explain inefficiencies with 
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stocks that have low volumes and poor liquidity contributing to a lack of efficient 

response to news, earnings announcements, or other pricing catalysts in the market.  

Value stocks that have been severely depressed may tend to underreact to favorable 

changes. This market hypothesis may also explain a lack of response in a momentum 

reversal event study (see Figure 7).   

 

Figure 7. Price reactions under the Underreaction Hypothesis.  Stock price reaction to 

unexpected information following good and bad news. 

 

Conversely, this underreaction hypothesis could explain behavioral anchoring biases 

where investors choose to ignore important negative feedback as long as a stock was 

performing well with sustained positive momentum.   

Inefficient Market Hypothesis (IMH) 

  Detractors to the Efficient Market Hypothesis (EMH) including evidence of an 

illiquid market, trading with measurable frictions, idiosyncratic risks, and external effects 

all belong to the Inefficient Market Hypothesis (IMH).  Those that hold to the EMH and 



48 

 

 

insist markets are efficient with no market irregularities must rely on a difficult 

assumption that there are no frictions or outside interferences to arbitrage (Zacks, 2011).  

In fact, a great deal of evidence shows that market frictions and liquidity are substantial 

forces in the market place.  “Kaul and Nimalendran (1990), Conrad, Gultekin, and Kaul 

(1997), and Jegadeesh and Titman (1995) found that a significant part of short-term 

reversals was related to market frictions due to the bid– ask bounce in transaction prices” 

(Hameed & Mian, 2015, p. 2).  Regardless of the behavioral or rational theories used as a 

basis for understanding anomalies, these frictions created additional irregularities and 

distortions in achieving an accurate value using asset pricing models.  “Amihud and 

Mendelson (1986), Brennan and Subrahmanyam (1996), Brennan, Chordia, and 

Subrahmanyam (1998), Jones (2002), and Amihud (2002) all provide evidence that 

liquidity is an important determinant of expected returns” (Brennan & Chordia, 2012, p. 

523).  Further, liquidity itself is an anomalous effect caused by liquidity-timing methods 

of hedge funds that show robust differences in returns between skilled and unskilled 

investor timing methods (Cao et al., 2013).   A direct link between liquidity shocks and 

return reversals has been documented by Campbell, Grossman, and Wang (1993), 

Conrad, Hameed, and Niden (1994), and more recently by Avramov, Chordia, and Goyal 

(2006).  This critical link finds, “greater return reversals in high turnover, illiquid stocks 

and attribute such return reversals to non-information based demands for immediacy” 

(Da & Gao, 2010, p. 29).   The illiquidity return premium identified by Amihud and 

Mendelson (1986) was recently reconfirmed as positive and significant across a sample 

of 45 countries after controlling for risk factors and firm characteristics (Amihud, 

Hameed, Kang, & Zhang, 2015).  Liquidity effects show a high degree of relevance to 
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this current reversal event research and variables of liquidity represent an important 

component of this study in combination with the other clusters.   

 External effects are those forces outside of behavioral, liquidity, and rational 

financial theory that may contribute to irregular pricing in the markets and more 

particularly affect short-term event reversals.  Examples of these sources are: weather 

effects (Hirscheifer & Shumway, 2003; Chang et al., 2008; Jacobsen & Marquering, 

2008, 2009; Kamstra et al., 2009); national success or failure in sporting events (Edmans 

et al., 2007; Kaplanski & Levy, 2010); and calendar effects (Doyle & Chen, 2012).  

Studies also include such topics as the January effect, the January Barometer, Sell-in-

May-and-Go-Away effect, holiday effects, Day-of-the-Week effects, political effects, 

Turn-of-the-Month effect, and every aspect of weather like sun, rain, snow, moon and 

star studies (Zacks, 2011).  For example, Chang et al. (2008) in one of the most detailed 

studies on the impact of cloud cover, wind, temperature, and incremental weather 

conditions on investor behavior as measured in fifteen-minute increments throughout the 

trading day, found significant impacts on investor sentiment and stock return volatility.  

The ability to capture these effects and find meaningful variables to include in current 

hypotheses tests was limited.  However, some understanding of their possible 

contributions to pricing irregularities did help explain the findings that emerged.  

Price Reversal Event Theory 

 The substantial literature on price reversal events generally falls into three 

categories of reversal assessments: (a) ex-ante studies that examine the period preceding 

reversal events (Avramov et al., 2013; Banerjee & Hung, 2011); (b) cross-sectional 

studies that examine catalysts during reversals (Da, Liu, Schaumburg, 2011; Hameed & 
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Mian, 2015); and (c) ex-post studies that examine price performance behavior after an 

event (Bharati, Crain, & Nanisetty, 2009; Chung & Hrazdil, 2011).  In addition, a 

comprehensive survey of price reversal literature by Amini, Gebka, Hudson, and Keasey 

(2013) showed that researchers differentiate reversal studies by time-varying the 

observation periods or altering the price change criteria of a qualifying price reversal 

event.  There was no consensus on what constitutes a large enough price change or an 

adequate reversal event time period.  Studies ranged from criteria of 10% or higher daily 

price moves (Bharati et al., 2009; Choi & Jayaraman, 2009; Corrado & Jordan, 1997; 

Larson & Madura, 2003; Yu & Leistikow, 2011), to those with 2-6% changes within 120 

minutes (Zawadowski, Andor, & Kertesz, 2006), or 50% percent changes within a week 

(Howe, 1986), or 20% drops within a month (Benou & Richie, 2003).  Other studies 

relied on evaluations of top and bottom price performance deciles (Niederhoffer, 1971; 

Schnusenberg & Madura, 2001) or standardized residuals from GARCH models (Ajayi, 

Mehdian, & Perry, 2006; Nam, Pyun, & Avard, 2001).  The methods to evaluate reversal 

events were even more numerous than the theories attributed to the source of each price 

reversal event.  A natural driver behind financial research into asset pricing anomalies 

was the curiosity to understand why some stock prices suddenly drop precipitously while 

other stock prices increase at abnormal rates in short periods of time.  

Historical Methods of Evaluating Momentum 

 The review of the literature that follows examined the wide range of methodology 

used in momentum and reversal event research and assessed the strengths and 

weaknesses of the designs.  The impact of these drivers likely extends across many 

countries, markets, and types of financial securities. This was the underlying motivator 
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for the current research building on strong market evidence that a better understanding of 

anomalous momentum and reversal events forms an important basis for managing risk 

and valuing assets throughout the world (see Figure 8).  

 

Figure 8. MSCI World Index.  Global equity benchmark of large and mid-cap stocks 

from 23 developed market countries approximating 85% of the free float-adjusted market 

cap of each country.  Price performance from 1992-2016 illustrates predictable cycles not 

normally associated with the Efficient Market Hypothesis.  Positive and negative reversal 

events at a global level may also relate to characteristics of reversal events in shorter time 

horizons.  Chart created by Zerohedge.com.   

 In a study commissioned by the Federal Reserve Bank of New York, researchers 

Da, Liu, and Schaumburg (2011) specifically decomposed short-term reversal event 

investment strategies into four underlying components as they looked for significant 

contributors to its profitability.  In the quest to advance understanding of what drives 

short-term reversal profits, Da, Liu, and Schaumburg (2011) tested competing hypotheses 

in the literature.  Researchers used a monthly sort into three group levels on the basis of a 

stock characteristic and hypothesis from the literature: size, book-to-market ratio, analyst 

coverage, analyst forecast dispersion, and the Amihud (2002) illiquidity measure with 
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reversal decomposition conducted within each group.  The results of the study provided 

unique insight into the strong components of the short-term reversal effect that were then 

decomposed into four components generally related to: (a) across-industry return 

momentum, (b) within-industry variation in expected returns, (c) under-reaction to 

within-industry cash flow shocks, and (d) a residual component capturing reaction to 

recent “non-fundamental” price changes (Da, Liu, & Schaumburg, 2011).  Not only did 

the decomposition study find that return reversals are much more pervasive than 

previously documented, but surprisingly, the only significant positive returns in the study 

came from the residual component related to reaction of the “non-fundamental” price 

changes (Da, Liu, & Schaumburg, 2011).  This residual component related to non-

fundamental factors was shown to be driven by investor sentiment during downturns and 

liquidity shocks during positive reversals (Da, Liu, & Schaumburg, 2011).   

 This robust analysis of reversal event drivers commissioned by the New York 

Federal Reserve Bank reinforced the importance of alternative theories, particularly the 

inclusion of behavioral theories of market sentiment and technical theories of market 

liquidity.  The residual component of the Da, Liu, & Schaumberg (2011) research could 

also include alternative financial theories such as those that rely on technical indicators to 

time the markets or influence behavioral responses.  For example, Chiang, Ke, Liao and 

Wang (2012) examined whether technical trading strategies are profitable and use 

stochastic dominance theory to compare the relationships among nine trading strategies 

to see if technical trading can outperform a passive strategy in the Taiwan markets.  

Researchers Chiang et al. (2012) noted that in 95 modern studies of technical trading, 56 

studies found positive results, 20 studies were negative, and the remaining 19 studies had 
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mixed results (p. 956).  The results of the technical trading analysis by Chiang et al. 

(2012) found that the RSI oscillator and parabolic strategies outperform all other trading 

strategies.  They also found that all eight of their actively traded portfolios outperformed 

the passive trading portfolio, confirming that technical trading can be profitable and that 

the Taiwan market was not efficient (Chiang et al., 2012).    

 The contributing theories from different streams of finance have been reviewed 

previously, each as meaningful potential explanations behind reversal events in the data 

that emerges.  The challenge then becomes the development of an understanding of how 

all these dynamics fit together to impact an event of price performance and how to 

undertake a meaningful measurement of the phenomenon.  As Cochrane (2011) has 

stated in his regression studies, “eventually, we have to connect all this back to the 

central question of finance: Why do prices move?” (p. 1061).  My research process 

leveraged a unique design structure emerging from the basis that the two most prominent 

and well documented market anomalies over the past 20 years are price momentum and 

the post earnings announcement drift (Chordia & Shivakumar, 2006).  Rather than 

consider these well-documented anomalies as opposing explanations of abnormal price 

returns, the current study included the possibility that both types of irregularities 

contributed strong mutual explanations of different stages across the momentum cycle 

(see Figure 1).  Conceptualizing reversal events as connected via the price momentum 

cycle with different characteristics over time could unite much of the literature.  Jacobs 

(2015) highlighted that forming a common basis among the anomaly research could have 

a significant impact on inferences.  Richardson et al. (2010) reached a similar conclusion 

after surveying the literature that there was great need for clarifying studies that can bring 
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structure to the anomaly research.  The research in this current study was designed to fit 

the momentum cycle continuum in an effort to classify stocks according the 

characteristics represented in each stage of momentum.  This effectively developed a 

structure to view and understand outcomes from across related anomaly research. 

 In addition, this perspective may preserve elements of the contributing financial 

theories and the abnormal behavior of the two most prominent market anomalies.  One 

approach toward strengthening the relationships among studies and explaining the gap of 

this phenomenon was to connect the distinct literature that examines ex-ante, cross-

sectional, and ex-post reversal event research into a more continuous cycle of price 

momentum.   

 Ex-ante reversal event research.  The ex-ante approach toward understanding 

anomalous reversal event performance examines the factors that lead up to a significant 

event and evaluates which possible contributors explain a majority of the variance.  For 

example, many financial studies examined the ability to achieve excess market returns 

(typically positive) over a future time period by forming portfolios based on different 

firm characteristics:  Price to earnings, book to market, cash flow to price, beta, market 

capitalization (Chao et al., 1991; Fama & French, 2008).  Some tested the ability of 

informed momentum trader selections over naïve investor portfolio selections (Banerjee 

& Hung, 2011) or past trading volume levels as a way to predict future returns (Lee & 

Swaminathan, 2000).   Other studies tried to anticipate improved portfolio performance 

according to different industries by firm size (Chan et al, 2007) or by “style factors” like 

technology versus non-technology, value versus growth, or large versus small cap (Froot 

& Teo, 2008).  Outcomes from a momentum event may yield market returns either 
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statistically in excess or worse than expected returns.  Methods of predicting asset price 

downturns are just as important as the positive momentum performance that garners 

much of the focus on investment strategies.  For example, Argarwal & Taffler (2008) 

examined the relationship of momentum and mispricing of distressed firms.  Their 

findings validated evidence that financial distress was consistent with high failure rates 

and lower returns than non-distressed firms (Argarwal & Taffler, 2008; Avramov et al., 

2007).  Recognizing the characteristics that contributed to sustained momentum in 

positive, negative, or no significant direction contributes significant value.  Typically, ex-

ante event studies use portfolio sorts and regressions in consistent methodologies 

designed to measure abnormal returns from expected returns as modeled by the dozens of 

different asset pricing models and CAPM modifications (Celik, 2012; Fama & French, 

2007, 2008, 2015a).  These ex-ante studies provided an understanding about positive and 

negative momentum performance that generally fits the standard classical finance 

approach.   

 Most recently Fama and French (2015b) addressed the increasing number of 

studies pursuing variables that will improve upon the regression models. They 

highlighted that under multivariate regression the addition of incremental variables 

provided less power to produce improvements to average portfolio returns for two main 

reasons: (a) “adding an explanatory variable can attenuate slopes in a regression,” and (b) 

“adding a variable with marginal explanatory power always attenuates the values of other 

explanatory variables in the extremes of a regression’s fitted values” (p. 470).  Their 

article addressed some of the weakness with using sorts and regressions and explained 

why simply adding or changing factors within asset pricing models was not an optimal 
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approach.   By contrast, this tends to highlight the advantages of using multiple 

discriminant analysis where the evaluation of factors in step-wise statistical methodology 

selects discriminant variables from strongest to weakest and considers the magnitude of 

each contributing variable in the outcome.  Variables that already explain the variance are 

redundant and are not included in the MDA selection and the statistical method generates 

the most optimal combination from among all the variables tested.  However, as Fama 

and French (2015b) point out in their study, the incremental contribution of additional 

variables in regressions can be detrimental to the effectiveness of asset pricing models.  

As they described it, “to take advantage of the information in a new variable, some of the 

information in the original variables must be sacrificed” (Fama & French, 2015b, p. 484).  

However, as addressed in Chapter 3: Research Method, the inclusion of many variables 

was not a disadvantage, but rather a feature of MDA in determining the optimal 

coefficients and selection of variables in this study.   

 Another unique approach was conducted by Banerjee and Hung (2011) that 

evaluated ex-ante momentum effects by comparing portfolio returns between informed 

momentum traders and uninformed traders.  Rather than using the CAPM and factor 

models as a baseline to benchmark value against the returns of momentum effect, the 

authors compared momentum using two trading methodologies.  An informed group of 

momentum investors (MI) traded stocks based on a clear view of past performance 

capitalizing on momentum effects. An uninformed group of naïve investors (NI) traded 

without any information or view of historical price momentum effects.  The research tests 

the MI against the NI using monthly equity data from the NYSE, AMEX, and NASDAQ 

from 1926 through 2005 using sub-sample periods and 100 randomly selected 10-year 
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periods.   The results were significant both in the approach for testing anomalous returns 

and in the outcomes measured between the MI and NI portfolios.  Using “informed” and 

“uninformed” or random portfolios takes some of the measurement error out of the 

process of determining value.  While the relative portfolio methodology may be a good 

approach to testing the relative behavior of momentum effects, it may eliminate the 

means for generalizable results to other market anomaly studies.  Most significantly, the 

researchers concluded, “The momentum profits are almost equally likely to either go 

higher than the 80th percentile, or drop below the 20th percentile of the profits of the 

naive investor’s strategies, and hence, receive either the highest or the lowest scores at 

different points in time” (p. 3078).  This created an offsetting outcome over time and the 

results showed that the momentum strategies did not outperform the portfolios of the 

naive investors in the study. 

 Each of the studies seeks through different processes to isolate characteristics 

within sampled portfolios that contribute to excess market returns above expected market 

returns over time.  From the perspective of this current integrated study the ex-ante 

research best helps explain conditions of positive and negative slopes of the momentum 

cycle, but not necessarily the gaps in the literature behind what causes momentum 

acceleration or reversal.  Rather than exclude these studies, the discriminant analysis 

approach can reveal and validate significant changes in the variables between positive 

and negative slopes that provide reliable signals of the reversal event between the 

trending price slopes.  The research examining the specific price change events between 

positive and negative slopes is what I consider the cross-sectional reversal event research. 
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 Cross-sectional reversal event research.  Another approach toward 

understanding market anomalies is to study the factors during that moment in time when 

reversal events occur and evaluate why they differ from baseline expectations of asset 

prices.  Studying these positive and negative price reversals and acceleration is again 

accomplished in many ways.  For example, Choi and Jayaraman (2009) examined one-

day price declines of 10% or more across the NYSE, AMEX, and NASDAQ firms from 

January 1996 through December 2004.  The sample consisted of 2,461 pairs of 

optionable and non-optionable firms that experience stock-price declines of at least 10% 

on the same day (Choi & Jayaraman, 2009).  The researchers observed abnormal 

rebounds in prices for optionable stocks “consistent with informed traders’ preference for 

trading in option markets” (Choi & Jayaraman, 2009, p. 374).  A related factor may also 

be that larger firms are significantly more optionable than smaller firms and could 

reasonably rebound from a reversal event more quickly with higher levels of liquidity and 

trading volume than smaller firms.  While cross-sectional studies provide some of the 

most direct insight into possible signals and catalysts of a reversal event, the challenge is 

that the parameters for observing reversal events vary widely.   Some research focused 

narrowly, for example, Zawadowski, Andor, and Kertesz (2006) who studied 2-6% price 

changes within 120-minute intervals.  Studies also broadly examined reversal events over 

a month (Benou & Richie, 2003) and exceeded the parameters of observation used in the 

current study.   Nevertheless, the observations of reversal events cross-sectional may play 

a critical role in explaining the results that emerged from the discriminant analysis of the 

current data.  For example, Da, Liu, Schaumberg (2011) found that the within-industry 

reversal strategy always generated a significant positive profit with “1.5 times the profit 
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of a standard reversal strategy” (p. 3).  The current data sample differentiates by industry 

sector as well as fundamental firm characteristics to allow for any observed differences to 

emerge by sector across the momentum cycle. In related research, Hameed and Mian 

(2015) tested the performance between intra-industry and inter-industry short-term 

reversal strategies.  In addition to the importance of liquidity on profitability, the Hameed 

and Mian (2015) study found “striking evidence of intra-industry return reversals that are 

significantly stronger and more pervasive than the unconditional reversals” (p. 115).  

Diversity of design to test hypotheses of reversal events vary widely.  For example, in a 

physics approach to price momentum reversals, Choi (2014) used ideas of financial mass 

and velocity to analyze price volatility and leverage a reversal event investment strategy 

based on mean-reversion.  The result of the study showed that maximum drawdowns 

were reduced by almost 50% over the benchmark strategy and the portfolios exhibited 

much higher Sharpe ratios (lower risk) for higher returns (Choi, 2014).  

 In addition to mean-revision, one of the most common approaches to reversal 

event study is the selection of drawdown events and the analysis of firm and market 

characteristics within a set time period.   The cross-sectional research of reversal event 

price movements greater than 10% has been well evaluated in the literature both for US 

and foreign markets, but with limited consensus.  Of eleven different US studies from 

1991 to 2009 based on 10% reversal events as surveyed by Amini et al. (2013), three 

attributed the reversals to the Uncertain Information Hypothesis, five attributed reversals 

to the bid-ask bounce or liquidity, and the remainder offered alternative explanations.  Of 

the eight different non-US market studies from 1997 to 2012 based on 10% reversal 

events, Amini et al. (2013) found that three studies attributed reversals to the 
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Overreaction Hypothesis, two credited the Underreaction Hypothesis, and the remaining 

studies found the evidence too weak and the profits insignificant for definitive attribution.  

One of the main problems with considering a wide range of non-US markets is that the 

accounting and trade reporting standards vary greatly, so that finding commonality of 

results related to microstructure components of individual stocks is unlikely (Amini et al., 

2013).  More than 60 reversal event studies are evaluated by Amini, Gebka, Hudson, and 

Keasey (2013) and the findings were as diverse as the methodologies employed.  

However, none of the studies evaluated, nor any studies reviewed to date have ventured 

toward a momentum cycle theory with a design for discriminant analysis across each of 

the momentum cycles as a way to explain reversal event conditions. 

 As the current research revealed significant firm characteristics as indicators of 

short-term reversals, the cross-sectional reversal based literature has been revisited to 

help add clarity to the findings.  The segmented studies of reversal events follow a logical 

progression with the last stage of research focused on ex-post price momentum behavior 

and the identifications of conditions that may contribute to sustained reversals, 

acceleration, or drift as reviewed in the next section.   

 Ex-post reversal event research.  The last approach evaluated in this review is 

the study that evaluates factors after a reversal event has occurred in order to ascertain 

why asset prices readjusted and whether those changes will sustain at new equilibrium 

prices.  While ex-ante and cross-sectional research of reversal events tend to parallel the 

price momentum anomaly, the ex-post studies appear to apply more closely to studies of 

the PEAD anomaly.  The phenomenon of price drift after an earnings announcement 

(PEAD) is a topic of considerable importance that shares similarities with the studies of 



61 

 

 

stock price performance after a reversal event.  For example, Chung and Hrazdil (2011) 

concluded that there is a 60-day drift period that “results from inefficient incorporation of 

information into prices, largely attributable to an environment with high barriers to 

arbitrage” (p. 952).  This outcome reinforces the view that liquidity and transaction costs 

are strong contributing factors to price movement after an announcement or event.  Cao 

and Narayanamoorthy (2012) defined PEAD as “function of both the magnitude of an 

earnings surprise and its persistence” (p. 41).  Likewise, the ex-post studies of reversal 

events conducted similar tests to explain both the magnitude and persistence of surprising 

directional changes.   

 Returning to the survey of reversal event literature by Amini et al. (2013), a 

detailed listing was provided by their research study of ex-post price pattern behavior 

after large drops and large rises.  Again, much like the PEAD research, the results 

depended on the time duration measured and the magnitude that satisfies the researchers’ 

standards for significance.  In the US studies with greater than 10% daily price drops, the 

ex-post price behavior showed a majority of outcomes generated positive returns within 

20 days (Amini et al., 2013).  Conversely, in the US studies with greater than 10% daily 

price increases, the ex-post price behavior was mixed, though in more than half of the 

studies increases were not even analyzed (Amini et al., 2013).  The survey also evaluated 

non-US ex-post reversal event price patterns and served as a useful reference point for 

evaluating the results that emerged from this current analysis.  However, as the current 

research primarily evaluated microstructure variables of individual US firms the non-US 

studies have less relevance in assessing those outcomes.  What is significant was how the 

ex-post studies characterized price performance as sustained positive or negative returns 
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following an event in much the same way the ex-ante trends were examined in advance 

of a reversal event.   

 The hypotheses for this study were based on the idea that each of these ex-ante, 

cross-sectional, and ex-post reversal event studies were essentially evaluating price 

movement along different segments of a price momentum cycle.  Their outcomes and 

conclusions may relate better to different segments of the cycle, but provided insight to 

the entire flow rather than just to an isolated price event as is often characterized.  It was 

evident that overlap among the theories was occurring and could be clarified through the 

results that emerged.  These relationships were evaluated and confirmed in the current 

study that follows.  The discriminant analysis and Chi-squared checks of this study 

helped reveal how specific stock characteristics were unique to each segment of the 

momentum cycle and served to validate findings across different pricing theories, 

financial anomalies, and scholarly research.   

Gap in the Literature 

 A review of the extensive research on stock market irregularities and in particular 

the price momentum anomaly gave rise to the identification of important gaps in the 

literature.  This undertaking of evaluating meaningful gaps related to the price 

momentum anomaly took on a comprehensive three-pronged approach.  First, the most 

recent and prominent literature related to the anomaly was reviewed for limitations within 

each study and recommendations for future research.  Second, tests of anomalies were 

reviewed and analyzed, especially those conducted by proponents of the EMH who 

tended to view the existence of predictable irregularities as faults of measurement tests or 

the factors used within asset pricing models.  Third, many alternative theories were 
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evaluated for inclusion and testing in a robust aggregated study of the price momentum 

anomaly for ideas, variables, designs, or theories that had not been fully developed.  In 

this three-pronged way, gaps were identified through recommendations for future 

research that encouraged the search for new measurements and testing across different 

financial theories using a large number of significant variables not normally found in one 

study alone.  The resulting gap in the research of the price momentum anomaly was then 

discovered to be multifaceted.  Of the gaps that were encountered: No significant tests of 

the momentum anomaly were found that relied on statistical methods of DDA or PDA, 

nor introduced a momentum cycle of segmented conditions for classifying stocks, nor 

tested 24 variables simultaneously, nor deliberately included factors from the different 

streams of behavioral, fundamental and technical finance, nor combined these approaches 

for inter-industry portfolio comparisons, nor applied an inductive quantitative approach 

open to the findings that emerged, nor did any studies seek to generate predictive 

momentum equations applicable to each security evaluated and its corresponding 

industry.  This section of the paper discusses each of these components and the 

significance of the identified gaps this research study is designed to address. 

 Gaps in the testing. While there have been many hundreds of studies relating to 

the price momentum anomaly the two most common methods for identifying anomalies 

rely on (a) sorts of returns on anomaly variables, and (b) regressions common to CAPM 

and its variants of asset pricing models (Fama & French, 2008).   The advantage of sorts 

is the simple view of the how average returns vary for each criterion sorted.  The main 

problem is that sorts are typically skewed by extremely small stocks or extremely large 

stocks and cannot be adequately compensated by either forming equal-weight or value-
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weighted portfolios (Fama & French, 2008).  These same limitations can impact the 

regression methods, but are generally overcome by estimating separate regressions for 

micro, small and large stocks (Fama & French, 2008,).   

 While Jegadeesh and Titman (1993) who are credited with first documenting the 

price momentum anomaly relied on decile sorts to generate their empirical evidence, this 

current study is less focused on disputing the existence of the anomaly than identifying 

potential drivers behind it.  Sorts involve the selection of individual sorting variables 

applied to a sample of stocks in intervals typically ranging from terciles, deciles, ventiles, 

and percentiles.  Sometimes rank sorts are used to provide testing under non-parametric 

statistical methods that can better assist with evaluating non-normal distributions.  

Naturally, following the portfolio sort successes and design of Jegadeesh and Titman 

(1993) the financial literature is replete with similar methodology and results.   

 Likewise, the regression modeling approach is fundamental to asset pricing 

evaluation throughout neoclassical finance.  Celik (2012) documented more than 136 

variants of asset pricing models in the literature ranging from the Markowitz (1952) 

Mean-Variance Algorithm and the famous Sharpe (1964) – Lintner (1965) – Mossin 

(1966) CAPM to the Fama and French three and four-factor models of present day.  

While newer pricing models appear to be improving the efforts to capture momentum 

returns of the price anomaly, Fama and French (2012) conceded that even “the four-

factor model fails to absorb all the momentum in U.S. average stock returns” (p. 458).   

Motivated by the shortcomings found in their three-factor and four-factor models by 

Novy-Marx (2013) and others, Fama and French (2015a) set out to create a five-factor 

asset pricing model.  Their five-factor model claimed better explanatory strength when 
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stock portfolios tilt toward size, value, profitability, and investment premiums, but still 

performed about as well as the four-factor model (Fama & French, 2015a).  The pursuit 

of incrementally better variables and models remains a key motivator in the neo-classical 

approach to approximating value and explaining market anomalies.  The weakness of the 

multiple regression approach can be viewed more clearly as each subsequent asset pricing 

study involves the addition or removal of individual factors in a labor intensive approach 

to find an optimal fit of the data.  By contrast the statistical approach of multiple 

discriminant analysis can easily leverage a large selection of test variables and sort in 

several ways to find the best discriminating variables as well as the optimal direction 

(positive or negative) and magnitude of each variable’s contribution in explaining the 

variance in the data.  Jacobs (2015) in the survey of more than 100 anomalies suggested 

different directions for future anomaly research that addresses “the need for identification 

of the drivers of fluctuations in anomaly returns” (p. 83).  The testing proposed in the 

current study addresses exactly this concern across the fluctuations of the entire 

momentum cycle.   

 Studies continue to crosscheck and combine methodologies between regressions 

and sorts; there remains no consensus about the factors underlying the momentum effect 

(Schulmerich et al., 2015).  The lack of studies relying upon statistical methods of 

descriptive discriminant analysis (DDA) and predictive discriminant analysis (PDA) to 

evaluate the price momentum anomaly provide a significant gap in testing.  These 

multiple discriminant analysis (MDA) approaches provide unique and powerful statistical 

techniques that permit the inclusion of multiple variables simultaneously, identify in 

order the most significant factors, and even measure the magnitude of contribution from 
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each variable considered (Klecka, 1980).  The selection of the MDA statistical technique 

marks a significant new approach to address the gap in testing of the price momentum 

anomaly.  The PDA component provides a uniquely predictive based output in the form 

of discriminant function equations that represent the best fit for classifying stocks into the 

most likely condition of price momentum.  In the simplest terms, MDA uses advanced 

sorting that processes many criteria variables simultaneously to classify the strongest 

independent variable contributions toward explaining the different conditions of the 

dependent variable.  The assumptions, limitations, delimitations, and advantages of MDA 

including both PDA and DDA are detailed at length in Chapter 3: Research Method. 

 Gaps in the momentum relationships.  Another noteworthy gap in the literature 

stems from the generally narrow selection of relationships and theories of momentum for 

testing and evaluation.  For example, Amini et al. (2013) surveyed more than 60 reversal-

event studies and observed that, “many studies have tended to focus on one particular 

possible explanation without much consideration of other possibilities” (p. 2).  To some 

degree, this may be due in part to the statistical limitations of the sorts and regressions 

most commonly used and the associated resource constraints caused by such labor-

intensive methods.  As a result many different research studies have been conducted that 

may share more in common than has been previously considered.  For example, reversal-

event research that examines short-term effects of stock prices after large price changes 

may be contributing great insight into one or two segments of an entire momentum cycle 

(see Figure 1).  One of the advantages of using MDA in this research is that the seven 

segments of the dependent variable are related in a logical series across the momentum 

cycle.  This relationship among the segments is the most optimal application for MDA in 
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classifying subjects to different groups and also contributes to the most meaningful 

interpretation of the results (Klecka, 1980).   

 Gaps in the variables tested. The gaps in the variables tested were another 

significant condition that this study was designed to address.  Scholars have called for 

more credible hypotheses of the momentum anomaly that link more closely with different 

streams of financial research and focus on subsets of securities where the mispricing was 

expected to be greatest (Amini et al., 2013; Richardson, Tuna, & Wysocki, 2010).  This 

study undertakes the unique approach of including a large number of test variables and 

from across different streams of finance, including fundamental, behavioral, and 

technical theories.  Idiosyncratic variables used in other studies, such as weather effects 

(Hirscheifer & Shumway, 2003; Chang et al., 2008; Jacobsen & Marquering, 2008, 2009; 

Kamstra et al., 2009); national success or failure in sporting events (Edmans et al., 2007; 

Kaplanski & Levy, 2010); and calendar effects (Doyle & Chen, 2012) are difficult to 

measure across a momentum cycle for MDA testing and have been excluded.   

 A survey by Jacobs (2015) highlighted the most common variables used to 

evaluate momentum and improved upon the traditional momentum effect first 

documented by Jegadeesh and Titman (1993).  Variables tested among the enhanced 

momentum strategies include: (a) firm age, (b) turnover, (c) market-to-book ratio, (d) 

credit rating, (e) market capitalization, (f) residual analyst coverage, (g) analyst forecast 

dispersion, (h) formation period return consistency, (i) idiosyncratic volatility, (j) 

nearness to 52 week high, (k) extremity of formation period returns, (l) weighted signed 

volume, (m) change in mutual fund breadth of ownership, (n) continuous information 

arrival, and (o) intermediate horizon past performance (Jacobs, 2015).  The number of 
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variables tested relating to price momentum extends beyond on this list, but as Jacobs 

(2015) noted, “most asset pricing studies concentrate on only one or few anomalies” (p. 

66).   

 Green, Hand, and Zhang (2013) analyzed a population of more than 330 return 

predictive signals (RPS) across 40 years of literature generally inclusive of variables and 

methods that purport to produce above average returns.  In particular, Green et al. (2013) 

found that 88% of RPS papers only test the returns of any signal against variables of size, 

book-to-market, and momentum.  Momentum in this case is the classical use as a variable 

of past performance over a set time period predicting future returns.  In this form it was 

not directly applicable to the current research as momentum was segmented into seven 

conditions for evaluation and classification in the current study.  The overemphasis in the 

literature on a few variables was driven in large part by the asset pricing literature of 

Fama and French who use these three variables most often in their factor modeling 

(Green et al., 2013).   

 Testing 24 independent variables simultaneously as conducted in the current study 

added significant value not found elsewhere in the literature.  According to Green et al. 

(2013) more than 88% of the studies limited the number of variables to fewer than three 

and many are constrained by the limitations of their statistical designs to one variable.  

Not only were there significant limitations on variables selected for testing in many of the 

studies, but also as a result most cannot account for multidimensional components of 

several variables acting together.  Many studies do not consider that variables may act in 

non-linear ways better evaluated in statistical studies that can identify curvilinear and 

logarithmic relationships.  Few studies considered multiple variables from across 
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different streams of finance for inclusion in the same study.  According to the survey of 

databases used in anomaly studies fewer than 37% of researchers used non-traditional 

databases (Green et al., 2013) to include alternative variables, such as technical variables 

as were included in the current research.  The use of MDA in this way added significant 

value even if the tested variables remained comparable to many studies in the financial 

literature.   

Summary 

 The inductive research conducted in this study of short-term momentum reversal 

events drew upon the different aspects of financial market hypotheses and asset pricing 

theories covered in the literature review to help interpret the results that emerged.  

Conclusions were based solely on the resulting strengths of the relationships between 

dependent variables and short-term momentum conditions including the related reversal 

events.  This inductive quantitative study was designed to fill gaps in the literature by 

connecting key variables across the different streams of financial theory to explain 

underlying stock characteristics of the price momentum anomaly through each of the 

seven phases of the momentum cycle from start to end.  The concentrated short-term 

focus adds value by limiting statistical noise found in comparable studies that involved 

decade long tests of aggregated momentum, or examined only one-direction of reversal 

events, or used excessively long reversal periods that were too dilutive for identifying 

robust signals. The research conducted in this study fits a common measurement period 

from between one week to up to three months.  Until consensus is found and a clear 

understanding of the underlying contributing factors of the momentum anomaly have 
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been identified, this inductive approach inclusive of many different theories may add 

significant value to the financial literature and to portfolio strategies of short-term traders. 
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Chapter 3: Research Method 

 This inductive quantitative multivariate statistical study was designed to assess 

the discriminating power of 24 variables drawn from prior research across the financial 

spectrum in classifying stocks according to seven distinct stages of price momentum 

performance.  This exploratory analysis of the price momentum anomaly was best suited 

to a quantitative approach leveraging archival finance data and numeric stock 

characteristics.  The research employs 96 ANOVA tests for screening and optimizing 

distributions of the independent variables prior to applying parametric tests of multiple 

discriminant analysis.  Both predictive and descriptive multivariate analyses were then 

used for testing the research hypotheses.  The equivalent of 48 descriptive discriminant 

analysis tests were conducted in two parts: (a) to classify the most significant variables by 

rank and magnitude contributing to the seven different momentum conditions, and (b) to 

identify by rank and magnitude the most significant variables that distinctly classified the 

eight market sectors. Lastly, using predictive discriminant analysis 56 discriminant 

function equations were produced that represent the best predictive equation for each 

condition of momentum in each market sector examined (7 x 8).  The proposed three-

month period of the study for evaluation of short-term reversal and momentum of weekly 

and monthly momentum characteristics was consistent with standard short-term 

momentum measures and prior research.  In addition to evaluating classification 

differences between four momentum and three controlled momentum conditions, the 

study also examined significant classification differences that arose between eight 

industry sectors.  The constructs in this study were designed for simultaneous evaluation 

of the three hypotheses of the research.  The final evaluation of research question Q1 
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aligned directly with the problem statement of this study depended on the outcomes of 

both Q2 and Q3.  The research questions are as follows: 

 Q1.  Do either research questions: Q2, relating to different price momentum 

conditions, or Q3, relating to different stock market sectors, provide any predictive 

results that may explain the price momentum anomaly or challenge the legitimacy of the 

EMH? 

 Q2.  For each of the seven momentum cycle portfolio conditions tested (see 

Figure 1), which independent variable(s) (from pared list of 24 ANOVA tested variables) 

best discriminate for classification purposes within each portfolio type: (a) positive 

reversal, (b) negative reversal, (c) positive acceleration, (d) negative acceleration, (e) 

positive momentum control, (f) negative momentum control, and (g) non-momentum 

control?   

 Q3. Do any of the seven momentum cycle portfolio conditions vary significantly 

between-sector and within-sector using MDA for each of the eight stock market sectors: 

Basic Materials, Consumer Goods, Financial, Healthcare, Industrial Goods, Services, 

Technology, and Utilities?   

 H1o = No statistically significant results from either Q2 or Q3 generated any 

predictive momentum signals to help explain the price momentum anomaly or challenge 

the legitimacy of the EMH. 

 H1a= Statistically significant results from either Q2 or Q3 did provide predictive 

momentum signals to help explain the price momentum anomaly or challenge the 

legitimacy of the EMH. 

 H2o = No statistically significant classification differences using MDA exist 



73 

 

 

among the independent variables (Market Capitalization, Price to Earnings Ratio, Price to 

Sales Ratio, Price to Book Ratio, Price to Cash Ratio, Percentage Dividend Yield, 

Earnings Per Share, Earnings Per Share Growth Percentage, Sales Growth Percentage, 

Shares Outstanding, Shares Float, Insider Ownership Percentage, Institutional Ownership 

Percentage, Short Ratio, Return on Assets, Current Ratio, Debt to Equity Ratio, 

Percentage Gross Margin, Percentage Profit Margin, Beta, Average True Range, Relative 

Strength Index, Analyst Recommendation, and Price per Share) in relation to each 

momentum cycle portfolio (Positive Reversal, Negative Reversal, Positive Acceleration, 

Negative Acceleration, Positive Momentum Control, Negative Momentum Control, and 

Non-Momentum Control).  

H2a= Statistically significant classification differences do exist among the 

independent variables (Market Capitalization, Price to Earnings Ratio, Price to Sales 

Ratio, Price to Book Ratio, Price to Cash Ratio, Percentage Dividend Yield, Earnings Per 

Share, Earnings Per Share Growth Percentage, Sales Growth Percentage, Shares 

Outstanding, Shares Float, Insider Ownership Percentage, Institutional Ownership 

Percentage, Short Ratio, Return on Assets, Current Ratio, Debt to Equity Ratio, 

Percentage Gross Margin, Percentage Profit Margin, Beta, Average True Range, Relative 

Strength Index, Analyst Recommendation, and Price per Share) in relation to each 

momentum cycle portfolio (Positive Reversal, Negative Reversal, Positive Acceleration, 

Negative Acceleration, Positive Momentum Control, Negative Momentum Control, and 

Non-Momentum Control) at the 0.05 level for variables in the subset.   

H3o = None of the eight market sectors (Basic Materials, Consumer Goods, 

Financial, Healthcare, Industrial Goods, Services, Technology, and Utilities) vary 
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significantly in classification from the seven momentum cycle portfolio conditions 

(Positive Reversal, Negative Reversal, Positive Acceleration, Negative Acceleration, 

Positive Momentum Control, Negative Momentum Control, and Non-Momentum 

Control) tested using MDA for between-sector and within-sector performance at the 0.05 

significance level. 

 H3a= Statistically significant classification differences do exist among the eight 

market sectors (Basic Materials, Consumer Goods, Financial, Healthcare, Industrial 

Goods, Services, Technology, and Utilities) across the seven momentum cycle portfolio 

(Positive Reversal, Negative Reversal, Positive Acceleration, Negative Acceleration, 

Positive Momentum Control, Negative Momentum Control, and Non-Momentum 

Control) conditions tested using MDA for between-sector and within-sector performance 

at the 0.05 significance level.  

 This cross-sectional repeated measures study examined U.S. stocks drawn from 

the New York Stock Exchange (NYSE), the NYSE MKT, formerly called the American 

Exchange (AMEX), and the NASDAQ.  Monthly samples were taken from the end of the 

first week of January, February, and March, 2016.  Reuters News service reported that 

the January sample period was documented as the worst weekly start of a year ever 

recorded for U.S. equities (Valetkevitch, 2016) (Appendix O.1, O.2).  A combined 

sample of 7,208 stocks along with a corresponding subset of 24 independent variables 

unique to each firm were represented in the sample across eight major market sectors: 

Basic Materials, Consumer Goods, Financial, Healthcare, Industrial Goods, Services, 

Technology, and Utilities.  The dependent variable was represented by portfolios of seven 

differing stock price momentum conditions in combination with one-week and one-
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month returns.  The sampled stocks were sorted into seven different portfolios according 

to the standards set for each condition of the price momentum cycle. It was important to 

note that the portfolio sorts for this financial analysis were more than a grouping process 

to generate different conditions for further testing.  According to Cochrane (2011), the 

former president of the American Finance Association, “portfolio sorts are really the 

same thing as nonparametric cross-sectional regressions, using nonoverlapping histogram 

weights” (p. 1061).  ANOVA tests of between and within groups of the 24 independent 

variables were used to evaluate the differentiations of means for selection of the most 

statistically significant discriminating variables.  Then through parametric testing using 

multiple discriminant analysis (MDA) a robust classification of independent variables 

that most strongly represent each of the different stages of the price momentum reversal 

cycle was conducted.  These outcomes revealed specific stock characteristics that time-

vary across seven periods of the momentum cycle: (a) steady price momentum 

(positive/negative/non), (b) reversal periods (positive/negative), and (c) price acceleration 

periods (positive/negative) according to statistically predictable patterns.  Periods of 

momentum deceleration were omitted from this study due to limited trading value and the 

need to maintain a manageable scope of research for this dissertation. 

 Independent variables used in the discriminant analysis included: Market 

Capitalization, Market Sector, Price to Earnings Ratio, Price to Cash Ratio, Price to Sales 

Ratio, Short Ratio, Book to Market, Beta, Percent Dividend Yield, Shares Outstanding, 

Shares Float, Insider Ownership, Return on Assets, Current Ratio, Debt to Equity Ratio,  

Relative Strength Index, Earnings Per Share, Earnings Per Share Growth Percentage, 
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Sales Growth Percentage, Institutional Owner Percentage, Gross Margin, Profit Margin, 

Beta, Analyst Recommendation, Price, and Average True Range.   

 Many key considerations of momentum were integrated into the unique design of 

this study:  (a) because momentum is known to be equally profitable and persistent in 

both the negative and positive directions (Asness et al., 2014); (b) because the 

momentum payoffs are most significant within a 12 months holding period (Chordia & 

Shivakumar, 2002); (c) because the predictive power of financial ratios is known to be 

most powerful in the short-term and investor sentiment suffers rapid decay in less than 10 

months (Ben-Rephael et al., 2012; Jiang & Lee, 2012); (d) because of “strong elements of 

predictability among security returns after large price changes” (Amini, et al., 2013, p. 2); 

(e) because momentum reversals vary significantly across-industry and within-industry 

(Moskowitz & Grinblatt, 1999), and (f) because efficient markets are expected to exhibit 

the same reaction to the same stimuli, a stronger possibility exists in the short-term (one 

week to one-month) to identify highly predictive signals related to momentum reversal 

events. This list of important characteristics of momentum illustrates a few considerations 

that have shaped the research design in order to provide meaningful tests of outcomes and 

improve internal validity of the study.    

 This study provides the opportunity to validate other findings in the literature 

regarding short-term momentum reversal events, and most importantly reveal any 

statistically meaningful relationships between the price momentum reversal-events and 

the selected independent variables.  The 24 independent variables span the financial 

spectrum of behavioral theory, rational/fundamental theory, and technical theory.  A 

screening process using the momentum control portfolios reduced the number of 



77 

 

 

independent variables using ANOVA tests to limit the study to only statistically 

significant variables.  Strong PDA correlational data between remaining key variables 

and price reversal events were used to generate predictive models.  Meaningful 

coefficients of the discriminant functions were used to develop predictive linear 

equations generalizable to the broader population of stocks to estimate individual stocks’ 

reversal occurrence probabilities, both positive and negative, and thereby improve trading 

decisions and future investment returns. 

Research Methods and Designs 

 This exploratory analysis of financial anomalies was best suited to a quantitative 

approach leveraging archival finance data and numeric stock characteristics.  The 

research employed both predictive and descriptive multivariate analysis toward the 

testing of the hypotheses.  ANOVA tests were used in a preliminary screening of the 

variable list for the most widely variant means that could best add discriminant value to 

the hypothesis testing.  Consistent with financial literature on market anomalies and with 

Creswell (2014), the quantitative approach was most suitable for data dependent research 

in numeric form.  The research proposed undertakes an inductive approach to classify and 

evaluate characteristics of stocks that emerge according to different conditions of price 

momentum.  Then a deductive approach was employed to test the hypothesis that 

predictable differences may be observed that increase the probability of anticipating or 

signaling momentum behaviors such as price reversal events.  Secondary data for this 

study was drawn from public sources using historical financial market data without 

involvement of human participants or sensitive information and provides no opportunity 

for influence over the behavior of participants. 
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 The three month period of the study for evaluation of short term reversal and 

momentum of weekly and monthly momentum characteristics was consistent with 

standard momentum measures and prior research.  Periods less than 12 months have been 

considered optimal for testing momentum and reversal events as financial data suffers 

rapid decay in less than 10 months (Ben-Rephael et al., 2012; Jiang & Lee, 2012).  The 

large sample size was designed to overcome weaknesses in the statistical tests and 

structured to effectively fill the gaps identified in the literature.  Among the gaps that 

were identified that helped shape the research method and design: No significant tests of 

the momentum anomaly were found that relied on statistical methods of DDA or PDA, 

nor introduced a momentum cycle of segmented conditions for classifying stocks, nor 

tested 24 variables simultaneously, nor deliberately included factors from the different 

streams of behavioral, fundamental and technical finance, nor combined these approaches 

for inter-industry portfolio comparisons, nor applied an inductive quantitative approach 

open to the findings that emerged, nor did any studies seek to generate predictive 

momentum equations applicable to each security evaluated and its corresponding 

industry.  By using the unique design and methods described, this study provided new 

insight and understanding of the drivers behind the price momentum anomaly. 

Population 

 The population for this study consisted of all the US stocks listed on the NYSE, 

NASDAQ, and the NYSE MKT (formerly called the AMEX) for the first quarter of 

2016.  The total number of stocks in the population was represented by those stocks from 

each exchange available for analysis via the FinViz.com Elite proprietary database.  In 

addition, the population of stocks used in this study combines with the total number of 



79 

 

 

stocks available in January, February, and March of 2016.   This combination created a 

comparable time series performance data pool of more than 21,800 total stocks from 

which the sample for this research study was drawn.  This large population of stocks from 

only US exchanges served the research study well by allowing for consistency of firm 

microstructure comparisons among US stocks under the same accounting and trade 

reporting requirements.  The inclusion of the same stocks over a three month time period 

contributed repeated measures for greater internal validity of the evaluation criteria in the 

outcomes of discriminant analysis.   

Sample 

 The sample for this study began with the selection of as many qualifying stocks 

from the NYSE, NASDAQ, and NYSE MKT as were available for analysis in January, 

February, and March of 2016.  The scope of this study was limited to data drawn from 

the first financial quarter of the year, which included some prior historical data from the 

prior month necessary for portfolio formations.  The large sample size of 7,208 stocks 

was designed to support the statistical analyses necessary for classifying stock price 

performance according to seven different stages of price momentum with adequate 

sampling from each of eight industry sectors using 24 discriminant variables.  Sampling 

occurred across the following industry sectors: Basic Materials, Consumer Goods, 

Financial, Healthcare, Industrial Goods, Services, Technology, and Utilities.   

 In addition to the large sample of stocks drawn from the first quarter of 2016, a 

sample of 24 independent variables drawn from different streams of financial literature 

were evaluated for use in the study.  The selection of these 24 financial variables was 

based on a non-random sampling process that identified frequently tested variables drawn 
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in a representative approach from different fundamental, behavioral, and technical 

research identifying meaningful value for further testing.   

 The statistical analyses applied in this study first involved ANOVA tests to screen 

prospective independent variables on their significance for inclusion in the subsequent 

Discriminant Analysis.  First, the G*Power 3.1.9.2 software was used a priori to calculate 

the minimum required sample size to ensure statistical significance for an ANOVA 

repeated measures, within-between interaction for seven groups and 24 measures with a 

confidence interval of 95% assuming a worst case effect size of 0.05.  The resulting 

minimum sample size requirement was determined to be 546 (see Appendix A.1.).  

Second, the G*Power 3.1.9.2 software was used a priori to calculate the minimum 

required sample size to ensure statistical significance for a MANOVA repeated measures, 

within-between interaction for seven groups and 24 measures with a confidence interval 

of 95% assuming a worst case effect size of 0.05.  This power analyses used MANOVA 

in place of Multiple Discriminant Analysis (MDA) as the two tests were nearly 

equivalent and the G*Power software does not accommodate MDA power tests.  The 

resulting minimum sample size requirement was determined to be 4,350 (See Appendix 

A. 2.).   

 The qualifying sampling standards for this analysis were consistent with prior 

financial sampling methodology.  Constraints on the sample included the selection of 

only US firms using US Generally Accepted Accounting Principles (GAAP) standards, 

all foreign based firms listed on the NYSE, NASDAQ, or NYSE MKT were excluded.  

Consistent with financial research standards, firms with significantly incomplete datasets 

were removed.  Firms with insufficient trading data typically represented by a share price 
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below two dollars or an average volume below 100,000 shares traded were also removed 

from the sample. The firm size and volume trading standards were consistent with prior 

literature so that “the results will therefore not be driven by positions in extremely small 

and illiquid stocks” (Da, Liu, & Schaumberg, 2011, p. 3).  No stocks listed on NYSE, 

NASDAQ, or NYSE MKT that were either Exchange Traded Funds or Closed End Funds 

were included in the sample.   

 The cumulative sampling for January, February, and March from the NYSE, 

NASDAQ, and NYSE MKT of the 7,294 available stocks created a data set well in 

excess of the minimum sample size requirement of 4,350 stocks under the worst-case 

conditions.  In fact, the effect size of the MDA was much higher than used in the 

G*Power analysis (see Appendix B.1., B.2.), and the number of discriminant variables 

was reduced from 24 through the ANOVA screening process.  Improvements in sample 

size and effective power exceeded the minimum sample size requirement significantly 

and further strengthened the outcomes of the statistical tests in this study.   

Materials/Instruments 

 All of the data used in this study were drawn from public archival sources.  No 

requirement for the collection of primary data was necessary and no participants were 

involved in this study.  The principal source for secondary data was the Financial 

Visualization Elite (FinViz) financial database, a subscription based Internet site with 

proprietary screeners and advanced visualization features that satisfied all the 

fundamental, behavioral, and technical data requirements for this study.  The dataset for 

this study was reliable and valid since it contained actual prices, ratios, characteristics, 

and values of publicly traded corporations consistent with values on the NYSE, 
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NASDAQ, and NYSE MKT exchanges.  Data from FinViz Elite is used by many of the 

largest global financial institutions including, but not limited to: Bank of America Merrill 

Lynch, JP Morgan Chase, Goldman Sachs, Morgan Stanley, PIMCO, Deutsche Bank, 

UBS, and Barclays Capital.  The analyses, calculations, and tabulations presented in this 

study were conducted exclusively through Microsoft Excel and SPSS version 23 

statistical software (Statistical Package for the Social Sciences).  The researcher 

employed ANOVA and Multiple Discriminant Analysis tests to evaluate the null 

hypotheses associated with research questions Q1, Q2 and Q3.  The null hypotheses were 

to be rejected only with confirmation from all parametric and non-parametric tests with a 

statistical significance of p < 0.05 for ANOVA, Wilks’ Lambda p < 0.05 for DA. 

Operational Definition of Variables  

  The primary constructs of this study supported the two key research questions 

examining how well classifications of stock characteristics differentiate in the short-term: 

(Q2) among the seven different momentum portfolio conditions (Positive Reversal, 

Negative Reversal, Positive Acceleration, Negative Acceleration, Positive Momentum 

Control, Negative Momentum Control, and Non-Momentum Control), and (Q3) among 

each of eight different market sectors (Basic Materials, Consumer Goods, Financial, 

Healthcare, Industrial Goods, Services, Technology, and Utilities).  Independent variables 

were selected from prior literature as having significant statistical value across different 

financial theories related to momentum (Amini et al., 2013; Da, Liu, & Schaumburg, 

2011).  In all cases, the data was archival NYSE, NYSE MKT, and NASDAQ financial 

U.S. stock market data drawn from FinViz.com Elite proprietary database.  The selected 

independent variables were operationalized in two forms, initial and transformed 
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distributions, in order to generate the most robust multiple discriminant function analysis 

(MDA) possible.  Conditions for the measurement procedures are described for each 

operational definition of the independent variables.  In most cases, the stock market 

variables were not normally distributed nor did they satisfy tests of linearity.  Where 

normalization transformation could occur to satisfy the tests of normality and other 

parametric assumptions of the MDA those treatments (e.g. square root, logarithmic) were 

implemented during data analysis.   

 Stock Price Momentum (Dependent Variable) -- Relative price movement was 

distributed among portfolios sorted by conditions that outperforms (underperforms) the 

overall market over a selected period (Asness et al., 2013).  The seven categories of price 

momentum evaluated were: (a) Negative Momentum Reversal, (b) Negative Momentum 

Acceleration, (c) Negative Momentum Control, (d) Non Momentum Control, (e) Positive 

Momentum Control, (f) Positive Momentum Acceleration, and (g) Positive Momentum 

Reversal (see Figure 1).   

 Following a momentum sort consistent with financial literature to allocate stocks 

according to prior market performance, a screening process of the independent variables 

was conducted.  The following list comprises the total independent variables submitted to 

an initial ANOVA screening process designed to identify and limit the scope of the 

current study to the most significant variables for subsequent multivariate statistical 

analysis: 

 Book to Market (Fundamental, Ratio, Independent Variable) – Book to 

Market is considered a fundamental ratio variable for MDA.  Standard procedure for the 

Chi-Squared testing Book to Market (B/M) equity is measured in a relative market 
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process “based on B/M equity of the highest 30% (H), middle 40% (M), and lowest 30% 

(L) using NYSE breakpoints” (Asness et al., 2013, p. 4).  Scholars have identified the 

B/M variable to be especially noteworthy among outperforming portfolios (Chan et al., 

1991; Guerard et al., 2015).   

 Market Capitalization Size (Fundamental, Interval, Independent Variable) --

Capitalization size of stocks, not normally distributed.  Portfolio testing was broken into 

three categories using NYSE market cap median data divided into the largest 30% (B), 

middle 40% (M), and smallest 30% (S) (Fama & French, 2008).  This sorting could 

satisfy the non-parametric requirements of the Chi-Squared analysis.  Market Cap was 

one of the main categorical variables in portfolio analysis (Jegadeesh & Titman, 1993; 

Fama & French, 2008).   

 Relative Strength Index (Technical, Interval, Independent Variable) -- The 

relative strength index measures stocks on a relative percentage strength scale from 1 to 

100%.  Stocks below 20% are considered undervalued/underperforming (U); Stocks 

above 80% are overvalued/outperforming (O); Stocks between 20-80% are trending (T).  

The variable was not normally distributed, but ranks high as a statistically significant 

explanatory variable of price performance variance (Arnott, 1979; Brush & Boles, 1983; 

Faber, 2010).   Depending on the stochastic values chosen by the trader, the overbought 

signal typically arises when the RSI value is over a specific benchmark, usually 70 or 80, 

and the oversold signal occurs when this value falls below 20 or 30 (Boboc & Dinica, 

2013).  Bodas-Sagi et al. (2013) describe RSI as a technical analysis oscillator showing 

price strength by comparing upward and downward close-to-close movements. The RSI 
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is expressed as a percentage that varies between 0 and 100 %, being 50 % the neutral 

line.  The expression for RSI is shown in Equation 1: 

  (1) 

 Where An is the average of the variations of the price which resulted positive of 

the last n periods, Bn is the average of the variations of the price which resulted negative 

of the last n periods.     

 Price-to-Sales Ratio (Behavioral, Ratio, Independent Variable) -- The price to 

sales ratio represents the ratio of Market Cap to Annual Sales of a company.  The P/S 

ranges from 0 (no sales) to more than 1,000 times price to sales on a non-normal 

distribution.  Generally 0 – 0.2 is considered undervalued (L), 0.2 to 3 is a normal range 

(M), above 3 times sales is overvalued (H).  The ratio is considered comparable to price 

to cash as a significant predictive variable of price performance according to Brush and 

Boles (1983). 

 Price to Earnings (Behavioral, Ratio, Independent Variable) – The ratio of 

share price to earnings per share (CFA, 2014).  P/E ranges from large negative values 

(losses) to large positive (gains) that can exceed more than 1,000 times price to earnings 

in either direction.  One seminal metric of the price to earnings ratio (P/E) suggests that 

no stock should be purchased with a P/E greater than 1.5x the P/E multiple of the market 

aggregate (Graham, Dodd, & Cottle, 1934).   

 Short Ratio (Sentiment/Behavioral, Ratio, Independent Variable) -- The short 

ratio represents the ratio of shares shorted in proportion to the available float of shares 

trading in the market.  This ratio implies a sentiment indicator of the expected change in 

direction of the stock price.  The H, M, L, indicators may best be determined relative to 
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prior levels for each firm as sentiment is not standardized.  One study found in the 

aggregate that short-sellers are better informed and outperform long investors in the 

short-term (Lynch et al., 2014).   

 Price to Cash Ratio (Behavioral, Ratio, Independent Variable) – A ratio of the 

current price of the stock divided by the latest quarter’s cash per share. Deemed a 

significant predictor variable especially in combination with value ratios including price 

to sales (Bloch et al., 1993; Chan et al., 1991; Guerard et al., 2013; Haugen and Baker, 

2010; Lakonishok, Shleifer, & Vishny, 1994).  Terciles for Chi-Squared analysis are 

comparable to P/S and P/E ratios. 

 Beta (Technical, Interval, Independent Variable) -- The measurement of the 

systematic risk of a security.  Reflects a tendency for the firm price to move in concert 

with the overall market.  Range of beta is from an unlikely negative value to a value less 

than 100.  A low beta (L) is considered less than market equivalent of 1 to a value greater 

than 0.  Medium beta (M) equals or nearly equals market volatility of 1.  High beta (H) is 

any value above 1 with volatility in excess of the overall market.  Brush and Boles (1983) 

found that model adjustments with beta improved predictive power in six to twelve-

month periods.   

 Market Sectors (Categorical, Nominal, Independent Variable) -- The 

inclusion of eight categories of market sectors helps to assess event reversal reactions 

across uniquely different firms: Basic Materials, Consumer Goods, Financial, Healthcare, 

Industrial Goods, Services, Technology, and Utilities.  Cross-sectional sector 

performance is expected to show high differentiation in momentum reversal events.  The 

categorical variable of Market Sector will be used to sort the data into portfolios for 
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testing according eight market sectors and assess the statistical outcomes according to 

these categories.  The categories will be used to pair, segment, and classify the other 24 

independent variables in tests of ANOVA, PDA, and DDA. 

 Percent Dividend Yield (Fundamental, Interval, Independent Variable) -- 

The percentage of return from dividends based on dividends per share divided by share 

price (CFA, 2014).  Described as a variable contributing to a positive stock anomaly 

according to Malkiel (1996) and one of three highly significant variables in addition to 

P/E and P/B.  Confirmed again by Cochrane (2011) and Cornell (2014) “that with respect 

to U.S. data, dividend yield is a significant predictor of future returns…” (p. 122).   

 Earnings Per Share (Fundamental, Ratio, Independent Variable) -- The 

amount of income earned during a period per share of common stock (CFA, 2014).  EPS 

is highly correlated with stock returns and is a principle fundamental basis for assessing 

value of a traded firm.  For purposes of this study EPS is a benchmark variable included 

in the tests to better assess outcomes from the MDA.   

 Earnings Per Share Growth Percentage (Fundamental, Interval, 

Independent Variable) – Growth percentage of earnings per share for the current year.  

EPS growth percentage much like EPS is highly correlated with stock returns and is a 

principle fundamental basis for assessing value of a traded firm.  Growth percentage 

provides a simple extrapolation estimate of future expected returns.  Not normally 

distributed, terciles of high, medium, and low could be set by a sort of the data for Chi-

Squared analysis. 

 Shares Outstanding (Fundamental, Interval, Independent Variable) -- The 

measurement of total shares issued by a firm gives some indication of the liquidity of the 
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shares in the marketplace.  Repurchasing shares or the reduction of shares outstanding 

tends to demonstrate greater improvement in operating performance and more favorable 

long-term abnormal returns for a firm (Huang, 2015).  Not normally distributed, terciles 

of high, medium, and low could be set by a sort of the data for Chi-Squared analysis. 

 Shares Float (Fundamental, Interval, Independent Variable) -- The 

measurement of shares outstanding made available for public trade without restrictions.  

Essentially the same proposition as shares outstanding for analysis of stock performance 

as described by Huang (2015).  Not normally distributed, terciles of high, medium, and 

low could be set by a sort of the data for Chi-Squared analysis. 

 Insider Ownership Percentage (Fundamental, Ratio, Independent Variable) -

- The percentage ownership of a firm’s shares outstanding by members of the firm 

considered by SEC requirements as insiders.  The insider trading anomaly is documented 

as one of the most profitable stock market irregularities over the past 20 years and returns 

have been shown to vary significantly by industry (Zacks, 2011).  Not normally 

distributed, terciles of high, medium, and low could be set by a sort of the data for Chi-

Squared analysis. 

 Institutional Ownership Percentage (Fundamental, Ratio, Independent 

Variable) -- The percentage ownership of a firm’s shares outstanding by institutions.  

According to Sias and Whidbee (2008) in the aggregate institutional investors’ trade in 

the opposite direction as insiders.  Not normally distributed, terciles of high, medium, and 

low could be set by a sort of the data for Chi-Squared analysis. 

 Return on Assets (Fundamental, Ratio, Independent Variable) – A 

profitability ratio calculated as net income divided by average total assets; indicates a 
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company’s net profit generated per dollar invested in total assets (CFA, 2014).  

According to Ruenzi and Lilienfeld-Toal (2014), firms with owner-CEOs deliver higher 

return on assets but have slower sales growth due in part to an incentive to increase firm 

value that may lead more slowly to positive abnormal returns.  This is another potential 

driver of momentum.  Not normally distributed, terciles of high, medium, and low could 

be set by a sort of the data for Chi-Squared analysis. 

 Current Ratio (Liquidity, Fundamental Ratio, Independent Variable) – A 

liquidity ratio calculated as current assets divided by current liabilities (CFA, 2014).  Not 

normally distributed, terciles of high, medium, and low could be set by a sort of the data 

for Chi-Squared analysis. 

 Gross Margin (Profitability, Ratio, Independent Variable) – Sales minus the 

cost of the sales (i.e. the cost of goods sold for a manufacturing company) (CFA, 2014).  

Not normally distributed, terciles of high, medium, and low could be set by a sort of the 

data for Chi-Squared analysis. 

 Analyst Recommendation (Sentiment, Ordinal, Independent Variable) – 

Investment recommendation by a market analyst following a particular firm.  Analyst 

forecasts were found to be a dominant variable in regression-based composite models of 

expected returns (Guerard et al., 2015).  Not normally distributed, terciles of high, 

medium, and low could be set by a sort of the data for Chi-Squared analysis. 

 Stock Price (Fundamental, Interval, Independent Variable) -- The price of a 

share of common unrestricted stock on the NYSE, AMEX, or NASDAQ.  Not normally 

distributed, terciles of high, medium, and low could be set by a sort of the data for Chi-

Squared analysis. 
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 Sales Growth Percentage (Fundamental, Ratio, Independent Variable) -- The 

measurement of sales growth as a percentage from one time period to another typically 

annually or quarterly.  Not normally distributed, terciles of high, medium, and low could 

be set by a sort of the data for Chi-Squared analysis. 

 Average True Range (Technical, Interval, Independent Variable) – A 

technical measure of volatility introduced by Welles Wilder (1978).  It measures average 

true price ranges over time, where high ATR values often occur at market bottoms after 

panic sell-offs and low ATR values are often found at market tops or consolidation 

periods (Larson, 2012).   This technical indicator of true range reflects sentiment in the 

form of the commitment of traders and is calculated using the steps in Equation 2: 

  

The ATR at the moment of time t is calculated using the following formula: 

 

The first ATR value is calculated using the arithmetic mean formula: 

 (2) 

The limitation of this variable is that it is not well suited for comparison to other stocks as 

ranges represent firm specific absolute values of price changes.  This variable as applied 

in the study may actually be a proxy for stock price.   

 Debt to Equity (Fundamental, Ratio, Independent Variable) – A solvency 

ratio calculated as total debt divided by total debt plus total shareholders’ equity (CFA, 

2014).  Debt to equity is not normally distributed across the sample of stocks in the U.S. 

market exchanges. 



91 

 

 

 Independent variable characteristics including fundamental, sentiment, and 

technical variables will be drawn from the FinViz.com Elite proprietary database.  The 

importance of each variable will be analyzed using a step-wise methodology of 

multivariate discriminant analysis for each of the portfolios tested.   

Data Collection, Processing, and Analysis 

 Data Collection.  All of the data required for this quantitative inductive study was 

drawn from publicly available sources.  The primary source for secondary data was the 

FinViz.com Elite proprietary database service that provides detailed stock screening 

functionality across technical, fundamental, categorical, and behavioral stock 

characteristics not readily available for export and analysis through basic archival 

database systems.   

 The data for this study spans the period from December 1, 2015 through March 4, 

2016.  Data was collected at three monthly intervals marked by the end of the first week 

of trading for January, February, and March.  Each month a sample of US stocks was 

drawn from the available population of 7,294 stocks from the combined NYSE, NYSE 

MKT, and NASDAQ markets as described in the sampling section.  Roughly, one third 

of the total population of stocks each month met the sampling requirements as set forth in 

the sampling and data processing sections.   

 Then using the robust screening filters in FinViz Elite database, 31 columns of 

data for each stock was exported to SPSS: (1) Ticker Symbol, (2) Company Name, (3) 

Sector, (4) Industry, (5) Country, (6) Market Cap, (7) P/E, (8) P/S, (9) P/B, (10) P/C, (11) 

Dividend, (12) EPS, (13) EPS Q/Q, (14) Sales Q/Q, (15) Shares Outstanding, (16) Share 

Float, (17) Insider Ownership, (18) Institutional Ownership, (19) Short Ratio, (20) ROA, 
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(21) Current Ratio, (22) Debt/Equity, (23) Gross Margin, (24) Profit Margin, (25) 

Performance Week, (26) Performance Month, (27) Beta, (28) ATR, (29) RSI, (30) 

Analyst Recommendation, and (31) Price.  Two additional classification columns were 

added to capture a value for each Sector Grouping and each Month corresponding to the 

sampled stocks.  These test variables and sampled stocks comprised more than 230,000 

data cells that were evaluated first in Excel and then in the SPSS data worksheet as 

described below. 

 Data processing.  Once all the data was collected for each month it was 

evaluated, processed, and organized.  Portfolio formation was the first and most 

important step in the processing of the sampled stocks.  Portfolios were formed based on 

seven momentum conditions reflected in the price momentum behavior of each stock for 

a one-week period relative to the price behavior in the prior one-month period.  The one-

week period corresponded with the first week of January, February, and March.  In part, 

this sample period offset was designed to capture possible end of month irregularities 

caused by any quarterly or monthly reports or events common among publicly traded 

firms.  In the finance literature, portfolio formation was most commonly constructed 

using either relative performance ranking in quartiles, quintiles and deciles or by setting 

absolute value parameters for each portfolio condition.  For this cross-sectional study 

with a large sample size, it was determined that absolute measures would generate the 

most consistent parameters for application of discriminant analysis.  In the future, an 

analysis by relative rankings may prove useful especially with smaller sample sizes and 

constraints of time and resources. The methodology for the portfolio formation sorts by 

momentum type is depicted in Table 1.   
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Table 1. 

 

Momentum Segment Sort Criteria for Seven Momentum Conditions 

 

 

 The sorting for each momentum segment portfolio used the listed formulas to 

return the desired parameters in Excel as described in the columns of One Month 

Performance, One Week Performance, and Extra Conditions.  The Extra Conditions 

column reflects those additional parameters needed to separate magnitudes of momentum 

price movement in order to create the stable condition portfolios used as momentum 

controls for each of three types of momentum condition.  Once the sorts were completed 

in Excel and stocks were grouped in seven portfolios corresponding to these parameters, 

the data were transferred to SPSS with a new descriptive column labeled Momentum 

Group.  A visual depiction of the Excel sorts from Table 1 is shown in Figure 9. 
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Figure 9. Graphic representation of Table 1. Seven portfolio sort parameters by weekly 

and monthly stock price performance. 

 

 This process resulted in the data being organized into three negative momentum 

condition portfolios (1, 2, 3), three positive momentum condition portfolios (5, 6, 7), and 

one control portfolio (4) with no momentum.  Within both the positive and negative 

momentum portfolios, two control portfolios (3 and 5) were presented to reflect the most 

stable condition of each type of momentum direction for comparison of the differences of 

the respective reversal and acceleration conditions.  The control portfolios (3, 4, and 5) 

had more stable price movements than the accelerating or reversing portfolios.   

 Data analysis.  After all the data was properly screened and organized according 

to each momentum segment portfolio within SPSS, the data analysis was conducted in a 
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series of tests and transformations to determine whether the results were statistically 

significant.   

 Repeated measures ANOVA testing.  The first step of the analysis testing was to 

evaluate the discriminant quality of the 24 test variables using a mean comparison among 

the variables by sector and by momentum group.  An a-priori power analysis conducted 

using G*Power 3.1.9.2 software (see Appendix A), indicated that for a repeated 

measures, within-between interaction ANOVA using 24 test variables that a minimum 

sample size of 546 data points needed to be sampled to achieve a standard 95% 

confidence interval and 5% margin of error for the study.  The sample size of 7,208 

stocks was more than adequate to meet the required minimum sample size for ANOVA 

testing of the 24 variables (see Appendix B.1).  Because the relationships of the variables 

to each type of momentum condition followed a known and expected pattern (see Figure 

9), it was also important to include a quadratic evaluation for significance in addition to 

the linear test.  Highly significant results that are either linear or curvilinear may 

demonstrate important relationships between each of the variables and the seven different 

conditions of momentum.  As one additional check, a cubic evaluation is also added in 

the ANOVA testing that would best match the sinusoidal curvilinear pattern of the stock 

price performance (week-month) used to construct each of the momentum portfolios.   

 Post-Hoc Tukey HSD tests.  Post-Hoc tests were then used for further analysis of 

those statistically significant relationships to identify the specific sectors or momentum 

segments most differentiated according to each of the 24 test variables.  Those variables 

with the most differentiation served as the best discriminant variables for multiple 

discriminant analysis in the two-part hypotheses testing of each of the eight industry 
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sectors and seven momentum segment conditions.  The patterns of relationships in the 

post-hoc tests between test variables and momentum segments for example, may be an 

excellent validation approach toward explaining the resulting discriminant functions that 

emerge to test the hypotheses.  The analysis of these Tukey HSD tests added significant 

insight about the ways the variables affected price performance in the research findings. 

 Transforms for normality.  After conducting multiple ANOVA tests for 

significant deviation in the means between and within groups, the process involved 

preparing the variable data for discriminant analysis.  Logarithmic, cubic, and square root 

transforms were used to correct for skewness and kurtosis in each non-normal variable 

distribution.  The standard used in this study to satisfy the test of normality was two-fold: 

(1) Kurtosis statistic less than 1 and greater than -1 and (2) Skewness statistic less than 

twice the standard error.  In addition, for large sample sizes the Kolmogorov-Smirnov 

test of normality was used to see if the alternative hypothesis that the data was not 

normally distributed could be rejected.  Even when the transform did not fully satisfy the 

test of normality needed for a parametric statistical test of discriminant analysis, the 

normalization process could still improve the classification strength of the transformed 

variable.  The other strength of the application of MDA under the design of this research 

was that the data sample reflected fully one-third of the population of U.S. stocks.  

Therefore, weakness in the generalizability of the results using a parametric test on a non-

normal distribution such as stock performance were likely overcome in part by evaluating 

a significant percentage of the total population, using repeated measures, including 

numerous test variables, and by normalizing data as much as possible.    
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Assumptions  

 Many assumptions were made in statistically analyzing the heteroskedastic price 

performance data of US stock markets.  For this research study the following assumptions 

were made: (a) that taking the data from the first week of the month was as meaningful or 

similar as selecting a week from the end of the month or somewhere in the middle; (b) 

that taking the data from the first quarter of the year was as meaningful or generalizable 

in the outcome for quarters throughout the year; (c) that the well-documented January 

Effect anomaly did not adversely skew the outcomes for broader generalizability; (d) that 

outcomes from one year were generalizable into future years for predictive value; (e) that 

heteroskedastic data could be reasonably analyzed using parametric statistics (e.g. 

discriminant analysis) especially when using treated variables whose distributions were 

not fully normalized; (f) that non-parametric statistics could adequately validate 

outcomes in the parametric tests using optimized binning calculations of ordinal, 

cardinal, and nominal data; (g) that the 24 test variables X1, X2, …, X24 were 

independent of each other; (h) that sector or momentum groups were mutually exclusive 

and the group sizes were not grossly different; (i) that the number of independent 

variables were not more than two less than the sample size; (j) that the variance-

covariance structure of the independent variables were similar within each group of the 

dependent variable; (k) that errors (residuals) were randomly distributed; (l) that for 

purposes of significance testing, the independent variables followed a multivariate 

normal distribution; (m) that the best and most likely explanatory variables have been 

included in the testing; and (n) that other anomalous financial behavior (e.g. idiosyncratic 

effects) did not significantly impact the outcome of the study.   



98 

 

 

 Eisenbeis (1977) cautioned about the use of discriminant analysis with financial 

variables, that when forming groups on the basis of a variable or factor that is, in fact, 

observable at the same time that the "independent" or "explanatory" variable is 

observable undermines the use of discriminant analysis (p. 887).   This current research 

application of discriminant analysis evaluated seven group formations with variables 

sufficiently independent from the dependent variable that the MDA was not undermined 

in this way.     

Limitations 

 One of the most significant limitations was that MDA is a parametric test not well 

suited for non-normal distributions of heteroskedastic stock market data.  However, 

scholars have shown that discriminant analysis remains a robust statistical technique that 

can withstand deviations from some normality assumptions and that not all aspects of 

discriminant analysis require these assumptions (Klecka, 1980; Lachenbruch, 2004).  

According to Huberty and Olejnik (2006), “the effect of non-normality on classification 

results from normal-based rules has not been thoroughly studied” so it is difficult to know 

what the limitations will be (p. 394).  Given the high relative size ratio of the sample to 

the population, the normality transforms, the large number of test variables, and the 

robust nature of discriminant analysis, these steps taken to improve the validity may be 

sufficient for a statistically meaningful outcome.  In addition, MDA is known to be 

sensitive to outliers.   Strategies for reducing different potential outliers were addressed in 

the sampling methods portion of this study.  

 Additional limitations of MDA according to Eisenbeis (1977) included the 

condition that it only makes sense to form groups or portfolios for testing where natural 
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breaks or discontinuities appear.  Failing to segment groups according to appropriate 

breaks can cause a loss of relational information between the independent variables that 

might be better captured using regression or other models (Eisenbeis, 1977).  These 

limitations have been considered in the design of the research and for the reasons 

discussed have likely been overcome or mitigated appropriately for robust outcomes in 

the analysis.  Each of the seven momentum segments selected across the momentum 

cycle represents a meaningful and natural break from the other momentum conditions in 

the cycle.  

Delimitations 

 In the pursuit of a thorough and meaningful evaluation of the price momentum 

anomaly and test of the research hypotheses some steps were taken to limit the scope of 

this study to a more manageable undertaking.  Some of the parameters set to delimit the 

research included: (a) excluding foreign exchanges; (b) excluding foreign stocks; (c) 

excluding ETFs and Closed-End Funds; (d) restricting the data samples to one week and 

one month characteristics; (e) restricting the sample period to three months; (f) limiting 

the number and types of statistical tests used to evaluate the data; (g) limiting the number 

of independent test variables to 24; (h) limiting the momentum cycle segments to seven; 

(i) limiting the number of industry sectors evaluated to eight; (j) limiting the number and 

types of normality transforms applied to the data; (k) excluding data of the firms with 

thinly traded shares; (l) eliminating firms with insufficient stock characteristic data 

available; (m) limiting the types and characteristic variables tested to technical, 

behavioral, categorical, and fundamental; and (n) omitting idiosyncratic test variables 

(e.g. weather, sport outcomes, politics, astrology) in the financial analysis.   
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 These considerations of scope, content, and size were achieved by evaluating 

other studies, comparable MDA research, and conducting practice runs to measure the 

resulting resource demands or constraints.  The delimitations employed in some cases 

followed standard financial practice and in others were set to optimize the use of the 

various statistical tests used in this study.    

Ethical Assurances 

 All of the data used in this study were drawn from public database sources of 

archival market data.  This study did not involve any human participant research.  The 

researcher has successfully completed the CITI ethics course.  Every ethical precaution 

was taken to uphold the highest standards of methodological rigor and personal integrity.  

Where steps were taken to limit the scope of the research, any resulting tradeoffs that 

may impact statistical outcomes have been detailed in the limitations and delimitations 

section.  Results of statistical tests were checked by multiple reviewers and data that 

emerges are carefully presented to avoid any form of misrepresentation. 

Summary 

 This quantitative study was conducted to evaluate the price momentum anomaly 

and the theories surrounding price momentum behavior including related reversal events.  

The design employed multiple discriminant analysis (MDA) to test the strength of each 

independent variable’s relationship with the dependent variable of market momentum 

performance within each of the seven conditions of the momentum cycle. The selected 

independent variables served to link different streams of financial theory using 

behavioral, fundamental, and technical characteristics that claim strong explanatory 

powers based on previous studies.  The resulting weighted coefficients of the 
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discriminant functions are used to develop prediction models to value stocks on reversal 

event occurrence-probabilities for enhanced future investment strategies.  The predictive 

capability that emerged to signal changes in momentum could also serve to challenge the 

legitimacy of the efficient market hypothesis.  This unique design may provide additional 

insight toward generating consensus about the drivers behind the price momentum 

anomaly and the legitimacy of the EMH.   
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Chapter 4: Findings 

 The purpose of the research study was to identify any statistically significant 

drivers behind the price momentum anomaly using emerging data from the statistical 

tests. Additionally, the significant variables that emerged from the results were used to 

develop reliable discriminant function equations that capture predictable aspects of this 

premier market irregularity to enhance trading practices for increased profitability.  This 

research was undertaken to determine whether 24 different financial variables from three 

different streams of financial theory (Fundamental, Behavioral, and Technical) could 

differentiate in any statistically meaningfully way across seven different momentum 

conditions and eight different market sectors.  This unique emergent quantitative 

approach was designed to examine potential financial drivers behind the price momentum 

anomaly that has confounded scholars and traders for more than 20 years (Asness et al., 

2014).   

 The first research question (Q1) in the study evaluated whether or not the 

momentum test of hypothesis H2 or the sector test of hypothesis H3 produced any 

statistically significant results to explain the drivers of the price momentum anomaly or 

challenge the legitimacy of the EMH.  In order to thoroughly test and evaluate the 

research questions examined in the study, 96 tests of ANOVA, 48 tests of normality 

transforms, 48 Post-Hoc Tukey HSD tests, 15 Kolmogorov-Smirnov (K-S) tests of 

normality, and 48 tests of multiple discriminant analysis both DDA and PDA were used.  

In the testing of sector momentum, the MDA tests were conducted twice to validate and 

optimize variable usage in the analysis.  Then PDA was used to produce predictive 

function equations for the seven momentum conditions and eight industry sectors.  The 
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series of statistical tests were designed to identify whether any of the 24 financial 

variables selected from across three streams of financial theory showed statistically 

significant discriminative capability sufficient to reject the null hypotheses in H2 or H3 in 

favor of the alternatives for each hypothesis.  Resulting outcomes of hypotheses H2 and 

H3 were then used to evaluate H1 whether any statistically significant results emerged to 

explain predictable patterns of the price momentum anomaly or challenge the legitimacy 

of the EMH.   

Results 

 Descriptive statistical results.  The sample for this study began with the 

selection of as many qualifying stocks from the NYSE, NASDAQ, and NYSE MKT as 

were available for analysis in January, February, and March of 2016.  The scope of this 

study was limited to data drawn from the first financial quarter of the year that included 

some prior historical data from the prior month necessary for portfolio formations.  The 

large sample size of 7,208 stocks supported the statistical analyses necessary for 

classifying stock price performance according to seven different stages of price 

momentum with adequate sampling from each of eight industry sectors using 24 

discriminant variables.  Sampling occurred across the following industry sectors: Basic 

Materials, Consumer Goods, Financial, Healthcare, Industrial Goods, Services, 

Technology, and Utilities.   

 In addition to the large sample of stocks drawn from the first quarter of 2016, a 

sample of 24 independent variables drawn from different streams of financial literature 

was evaluated for use in the study.  The selection of these 24 financial variables was 

based on a non-random sampling process that identified frequently tested variables drawn 
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in a representative approach from different fundamental, behavioral, and technical 

research identifying meaningful value for further testing.   

 The statistical analyses applied in this study first involved ANOVA to screen 

prospective independent variables on their significance for inclusion in the subsequent 

Discriminant Analysis.  First, the G*Power 3.1.9.2 software was used a priori to calculate 

the minimum required sample size to ensure statistical significance for an ANOVA 

repeated measures, within-between interaction for seven groups and 24 measures with a 

confidence interval of 95% assuming a worst case effect size of 0.05.  The resulting  

 minimum sample size requirement was determined to be 546 (see Appendix A.1.).  

Second, the G*Power 3.1.9.2 software was used a priori to calculate the minimum 

required sample size to ensure statistical significance for a MANOVA repeated measures, 

within-between interaction for seven groups and 24 measures with a confidence interval 

of 95% assuming a worst case effect size of 0.05.  This power analyses used MANOVA 

in place of Multiple Discriminant Analysis (MDA) as the two tests are nearly equivalent 

and the G*Power software does not accommodate MDA power tests.  The resulting 

minimum sample size requirement was determined to be 4,350 (See Appendix A. 2.).   
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 Table 2. 

 

Stock Data Samples by Sector and Month 

 

Source: FinViz.com Elite proprietary data screener 
a 

Total for February is noticeably lower due to an elevated number of stocks that categorized as 

decelerating momentum, a condition not included in the momentum cycle segments examined in this study 

 

 The qualifying sampling standards for this analysis were consistent with prior 

financial sampling methodology.  Constraints on the sample included the selection of 

only US firms using US Generally Accepted Accounting Principles (GAAP) standards, 

all foreign based firms listed on the NYSE, NASDAQ, or NYSE MKT were excluded.  

Consistent with financial research standards, firms with significantly incomplete datasets 

were removed.  Firms with insufficient trading data typically represented by a share price 

below two dollars or an average volume below 100,000 shares traded were also removed 

from the sample. The firm size and volume trading standards were consistent with prior 

literature so that “the results will therefore not be driven by positions in extremely small 

and illiquid stocks” (Da, Liu, & Schaumberg, 2011, p. 3).  No stocks listed on NYSE, 

Sector January / % February / % March / % Total / % 

     

Basic Materials 259 / 10.3% 239 / 11.5% 283 / 10.9% 781 / 10.8% 

Consumer Goods 192 / 7.6% 170 / 8.2% 211 / 8.1% 573 / 8.0% 

Financial  532 / 21.1% 434 / 20.8% 550 / 21.1% 1,516 / 21.0% 

Healthcare 375 / 14.9% 235 / 11.3% 384 / 14.7% 994 / 13.8% 

Industrial Goods 192 / 7.6% 165 / 7.9% 202 / 7.7% 559 / 7.8% 

Services 470 / 18.7% 407 / 19.5% 482 / 18.5% 1,359 / 18.9% 

Technology 418 / 16.6% 363 / 17.4% 419 / 16.1% 1,200 / 16.6% 

Utilities 78 / 3.1% 71 / 3.4% 77 / 3.0% 226 / 3.1% 

Total 2,516 2,084
a 

2,608 7,208 



106 

 

 

NASDAQ, or NYSE MKT that were either Exchange Traded Funds or Closed End Funds 

were included in the sample.   

Table 3. 

 

Stock Data Samples by Exchange and Month 

Exchange January February March Total 

     

NYSE 1,370 1,176 1,425 3,971 

NASDAQ 1,077 857 1,131 3,065 

NYSE MKT (Amex)  40 35 48 123 

Subsequently Delisted 29 16 4 49 

Total 2,516 2,084
a 

2,608 7,208 

Source: FinViz.com Elite proprietary data screener 
a 

Total for February is noticeably lower due to an elevated number of stocks that categorized as 

decelerating momentum, a condition not included in the momentum cycle segments examined in this study 

 

 Momentum condition sorting results.  The sorting of the 7,208 stocks according 

to momentum segment portfolios revealed a trending from negative momentum in 

January, to a stabilization of momentum in February, followed by an increase in positive 

momentum in March.  These trends across portfolios corresponded directly with the 

movement of the US stock markets in the first quarter of 2016 (see Appendix E) and 

provided excellent stratification of the price momentum conditions for analysis.  The 

mean performance of each portfolio segment graphically depicts the distinct sinusoidal 

pattern of momentum that was anticipated in the research design (see Figure 10).  The 

mean stock performances by week and month for the seven momentum segments show 

how strongly each segment portfolio differed to increase the discriminant strength of the 

test variables with respect to stock returns. 
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Figure 10. Portfolio returns for each of the seven momentum conditions by mean weekly 

and monthly performance. 

 

 Following the data processing steps of the research methodology to form 

meaningful portfolios for multiple discriminant analysis, the hypotheses testing was 

undertaken. 

 Variable Screening Process for Momentum Segments (H2).  The first step in 

the data analysis process was to evaluate the 24 independent financial variables using 

ANOVA - between and within group analysis of the seven momentum segments or 

conditions.  This test of ANOVA is necessary to evaluate whether the differences in each 

of the 24 variables across the seven momentum segments are significant or could have 
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occurred simply by chance. It was also important while examining the between and 

within groups relationships of the momentum types to include a quadratic evaluation to 

check for other relational significance in addition to the linear test.  The importance of 

testing these different possible relationships stems from the natural sequencing of the 

seven momentum portfolios that follow a known pattern of momentum from negative 

momentum category portfolios (1-3), to control category portfolio (4), to the positive 

momentum category portfolios (5-7).  Highly significant results that are either linear or 

curvilinear demonstrate important relationships between each of the variables and the 

seven different conditions of momentum as will be discussed in more detail throughout.   

 As one additional check, a cubic evaluation was also added that would best match 

the sinusoidal curvilinear pattern of the stock price performance (week-month) used to 

construct each of the momentum portfolios.  The complete output of the ANOVA – 

between and within group testing of all 24 independent variables by momentum using 

linear, quadratic, and cubic evaluation is shown in Appendix C.  The abbreviated table 

listing the most significant variables by outcome is shown in Table 4.  These momentum 

portfolios are then categorized by the variable relationships that are the strongest; 

selecting among linear, quadratic, or cubic as these distinctions significantly affected the 

interpretation of the effects each variable has on transitory momentum conditions.   

Table 4. 

 

ANOVA Results of 24 Financial Variables by Momentum (Jan – Mar) 

 

Financial Variables F - ratio Significance 

Linear Significant Variable(s) 

 

  

     Analyst Recommendation 28.478 .000
** 
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Quadratic Significant Variable(s)   

     Market Cap 39.472 .000
**

 

     Price / Earnings 2.887 .089 

     Price / Sales 1.439 .230 

     Price / Book 1.105 .293 

     Dividend Yield 104.234 .000
**

 

     Earnings Per Share 124.508 .000
**

 

     Sales Growth 1.345 .246 

     Shares Outstanding 24.688 .000
**

 

     Shares Float 27.120 .000
**

 

     Insider Ownership 46.874 .000
**

 

     Institutional Ownership 92.829 .000
**

 

     Short Ratio .884 .347 

     Return on Assets 68.613 .000
**

 

     Current Ratio 21.616 .000
**

 

     Debt / Equity .462 .497 

     Gross Margin 1.432 .232 

     Profit Margin 100.211 .000
**

 

     Beta 50.225 .000
**

 

     Average True Range 5.789 .016
*
 

     Price 93.552 .000
**

 

Cubic Significant Variable(s)   

     Price / Cash 3.379 .066 

     EPS Growth 3.244 .072 

     Relative Strength 8092.697 .000
**

 

     Performance Week
a
 2855.746 .000

**
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     Performance Month
a
 5599.892 .000

**
 

   

Source: FinViz.com Elite proprietary data screener  
SPSS Analysis using unweighted values not factoring for unequal sample sizes  
*Statistically significant results at the p < 0.05 level 
**Statistically significant results at the p < 0.001 level 
a
 Used as a portfolio sort variable.  Included to validate that delineation by weekly and monthly price 

returns are statistically different between and within groups. 

 

 The results of the ANOVA test for the 24 independent variables by momentum 

group condition showed that only 15 variables not including the sort variables of 

Performance by Week and Month, had significant differentiation between and within 

group means.  These ANOVA results alone could be sufficient to answer the research 

question Q2 whether statistical differences in the variables tested were observed across 

the seven different conditions of momentum.  However, because the MDA provides a 

much more robust analysis among the variables and conditions tested, ANOVA was used 

to screen each variable’s discriminant strength and apply normality transforms to 

improve each variable prior to MDA and then rechecked to see what improvements, if 

any, were made by the transforms.   

 Variable Screening Process for Sector Groups (H3).  A similar screening 

process first using a One-Way ANOVA test of the 24 financial variables’ differentiation 

across the eight industry sectors was conducted; the results are shown in Table 5.  Again, 

this test was conducted to evaluate whether the differences in each of the 24 variables 

were significant across each of the eight sectors or could have resulted by chance.  In the 

evaluation of the eight sector portfolios, no relationship was expected regarding the 

sequencing of the eight independent sector portfolios.  Unlike the seven momentum 

segments, the eight market sectors were independent, non-sequential, and not expected to 
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have any significant relationship beyond basic correlations.   Therefore, any significant 

linear relationship that emerges from the ANOVA test of the eight sectors was sufficient 

to satisfy the requirement for meaningfulness and inclusion in subsequent MDA 

statistical testing (Vu, 2011).  The ANOVA tests were used in this screening process to 

observe whether normality transforms were needed to enhance the discriminant strength 

of each variable prior to MDA and then rechecked to see what improvements, if any, 

were made by the transform.  In the case of H3 Sector Portfolio analyses, three of the 24 

variables were found to be statistically significant at the p < 0.01 level and the remaining 

21 variables were significant at p<0.001 without normality transforms (see Table 5). 

Table 5. 

 

ANOVA Results of 24 Financial Variables by Sector (Jan – Mar) 

 

Financial Variables F Score Significance 

   

Market Cap 3.125 .003
**

 

Price / Earnings 9.543 .000
*
 

Price / Sales 15.191 .000
*
 

Price / Book 3.074 .003
**

 

Price / Cash 13.951 .000
*
 

Dividend Yield 69.559 .000
*
 

Earnings Per Share 61.743 .000
*
 

EPS Growth 4.517 .000
*
 

Sales Growth 160.613 .000
*
 

Shares Outstanding 4.083 .000
*
 

Insider Ownership 16.883 .000
*
 

Institutional Ownership 45.772 .000
*
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Short Ratio 43.801 .000
*
 

Return on Assets 112.314 .000
*
 

Current Ratio 209.227 .000
*
 

Debt / Equity 2.814 .006
**

 

Gross Margin 205.400 .000
*
 

Profit Margin 129.082 .000
*
 

Beta 90.174 .000
*
 

Average True Range 21.493 .000
*
 

Relative Strength 37.762 .000
*
 

Analyst Recommendation 85.826 .000
*
 

Price 13.847 .000
*
 

Performance Week
a
 27.157 .000

*
 

Performance Month
a
 11.889 .000

*
 

   

Source: FinViz.com Elite proprietary data screener  
SPSS Analysis 
*Statistically significant results at the p < 0.001 level 
** Statistically significant results at the p < 0.01 level 
a
 Used as a portfolio sort variable.  Included to validate that delineation by weekly and monthly price 

returns are statistically different between and within groups. 

 

 

 All of the independent variables were found to have significantly differentiated 

means both between and within groups by Sector.   

 ANOVA Post-Hoc Tukey HSD for H2 and H3.  To enhance the testing process 

of the two hypotheses (H2 and H3) dependent on the MDA statistical testing, additional 

steps were taken.  In analyzing the 48 ANOVA test in more detail, the associated 48 Post-

Hoc Tukey HSD tests were evaluated to identify which if any of the specific sectors or 

momentum segments differentiated most among other sectors or momentum segments 
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according to each independent variable.  Those variables with the most differentiation 

among sectors or momentum segments would serve as the best discriminant variables for 

discriminant analysis.  This process helped reduce further the number of variables used in 

the MDA tests and further validated the more complex interpretations and analysis 

conducted later in the study.  As Table 6 illustrates, the larger the list of significant 

relationships between portfolios the better each discriminating variable was expected to 

be in MDA testing.  The two columns contrast the differences of the same independent 

variables in differentiation power for MDA testing the momentum portfolios (H2) and 

sector portfolios (H3).  For the Post-Hoc analysis of the seven momentum segments, all 

24 variables were evaluated with a maximum of 21 unique relationships among the seven 

segments as shown in column one of Table 6.  For the Post-Hoc analysis of the eight 

sector groups, all 24 variables were evaluated with a maximum of 28 unique relationships 

among the eight sectors as shown in column two of Table 6.   

Table 6. 

 

Post-Hoc Tukey HSD ANOVA Results of 24 Financial Test Variables  

Test Variables H2 - Momentum Segments 

1-7 

 (Max 21 Relationships) 

H3 - Sector Groups 1-8 

 (Max 28 Relationships) 

Market  Cap 1-3, 1-4, 1-5, 2-3, 2-4, 2-5, 3-

6, 3-7, 4-5, 4-6, 4-7, 5-6, 5-7 

1-2, 2-3, 2-4, 2-6 

P/E --- Not Significant 1-4, 1-7, 2-4, 2-7, 3-4, 3-7, 4-

5, 4-6, 4-8, 5-7, 6-7, 7-8 

P/S --- Not Significant 1-4, 2-4, 3-4, 4-5, 4-6, 4-7, 4-8 

P/B --- Not Significant 1-3, 2-3, 3-7 

P/Cash 2-4, 3-4 1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 3-

4, 3-7, 4-8, 7-8 

Dividend Yield 1-3, 1-4, 1-5, 2-3, 2-4, 2-5, 2-

7, 3-6, 3-7, 4-6, 4-7, 5-6, 5-7 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 1-

8, 2-3, 2-8, 3-4, 3-5, 3-6, 3-7, 
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4-8, 5-8 

EPS 1-3, 1-4, 1-5, 1-6, 2-3, 2-4, 2-

5, 2-6, 3-6, 3-7, 4-6, 4-7, 5-6, 

5-7 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 1-

8, 2-4, 2-7, 3-4, 3-7, 4-5, 4-6, 

4-7, 5-7, 6-7, 7-8 

EPS Growth --- Not Significant 1-7, 3-7, 6-7 

Sales Growth --- Not Significant 1-4, 2-4, 3-4, 4-5, 4-6, 4-7, 4-8 

Shares Out 1-3, 1-4, 2-3, 2-4, 2-5, 3-6, 3-

7, 4-6, 4-7 

2-4, 2-6, 4-7, 6-7 

Shares Float 1-3, 1-4, 1-5, 2-3, 2-4, 2-5, 3-

6, 3-7, 4-6, 4-7, 5-6 

2-4, 2-6, 4-7, 6-7 

Insider Ownership 1-2, 1-3, 1-4, 1-5, 1-6, 2-3, 2-

4, 2-5, 3-6, 3-7, 4-6, 5-6 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 1-

8, 3-4, 4-5, 4-6, 4-7, 4-8, 6-8, 

7-8 

Institutional 

Ownership 

1-2, 1-3, 1-4, 1-5, 2-3, 2-6, 2-

7, 3-4, 3-6, 3-7, 4-6, 4-7, 5-6, 

5-7 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 2-

3, 2-4, 2-8, 3-5, 3-6, 3-7, 4-5, 

4-6, 4-7, 5-7, 5-8, 6-7, 6-8, 7-8 

Short Ratio --- Not Significant  

(1-2, 2-3, 2-4, 2-5, 2-7, 3-6, 4-

6, 5-6, 6-7) 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 2-

3, 2-4, 2-8, 3-4, 3-5, 3-6, 3-7, 

4-5, 4-6, 4-7, 4-8, 5-8, 6-, 7-8 

ROA 1-3, 1-4, 1-5, 1-6, 2-3, 2-4, 2-

5, 3-6, 3-7, 4-6, 4-7, 5-6, 5-7 

1-2, 1-3, 2-4, 2-7, 3-4, 3-7, 4-

5, 4-6, 4-7, 4-8, 5-7, 6-7 

Current Ratio 1-2, 2-3, 2-4, 2-5, 3-6, 3-7, 4-

6, 4-7, 5-6, 5-7 

1-4, 1-7, 2-4, 2-7, 3-4, 4-5, 4-

6, 4-7, 4-8, 5-7, 5-8, 6-7, 7-8 

Debt / Equity --- Not Significant 3-6, 4-6 

Gross Margin --- Not Significant  

(2-4, 3-4, 4-5, 4-6) 

1-2, 1-3, 1-4, 1-5, 1-7, 1-8, 2-

3, 2-4, 2-5, 2-6, 2-7, 2-8, 3-4, 

3-5, 3-6, 3-7, 4-5, 4-6, 4-7, 5-

6, 5-7, 5-8, 6-7, 6-8, 7-8 

Profit Margin 1-3, 1-4, 1-5, 2-3, 2-4, 2-5, 3-

6, 3-7, 4-6, 4-7, 5-6, 5-7 

1-2, 1-3, 1-6, 1-8, 2-3, 2-4, 2-

7, 3-4, 3-5, 3-6, 3-7, 3-8, 4-5, 

4-6, 4-8, 5-7, 6-7, 7-8 

Beta 1-2, 1-4, 1-6, 1-7, 2-3, 2-4, 2-

5, 3-4, 3-6, 3-7, 4-5, 4-6, 4-7, 

5-6, 5-7 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 1-

8, 2-5, 2-7, 2-8, 3-4, 3-5, 3-6, 

3-7, 3-8, 4-5, 4-8, 5-6, 5-8, 6-

7, 6-8, 7-8 

ATR 2-6, 3-6, 4-6, 5-6 1-3, 1-4, 1-8, 2-3, 2-8, 3-4, 3-

5, 3-6, 3-7, 4-7, 4-8, 5-8, 6-7, 

6-8 
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Relative Strength 1-2, 1-3, 1-5, 1-6, 1-7, 2-3, 2-

4, 2-5, 2-6, 2-7, 3-4, 3-5, 3-6, 

3-7, 4-5, 4-6, 4-7, 5-6, 5-7, 6-7 

1-4, 1-6, 1-7, 1-8, 2-4, 2-7, 2-

8, 3-4, 3-7, 3-8, 4-5, 4-6, 4-7, 

4-8, 5-7, 5-8, 6-8, 7-8 

Analyst 

Recommendation 

1-3, 1-4, 1-5, 1-6, 2-3, 2-4, 2-

5, 2-6, 2-7 

1-2, 1-4, 1-5, 1-6, 1-7, 2-3, 2-

4, 2-8, 3-4, 3-5, 3-6, 3-7, 4-5, 

4-6, 4-7, 4-8, 5-8, 6-7, 6-8, 7-8 

Price 1-3, 1-4, 1-5, 2-3, 2-4, 2-5, 3-

6, 3-7, 4-6, 4-7, 5-6, 5-7 

1-2, 1-4, 1-5, 1-6, 1-7, 1-8, 2, 

3, 2-4, 2-7, 3-5, 3-6, 5-7, 6-7 

Perf Week 1-2, 1-4, 1-5, 1-6, 1-7, 2-3, 2-

4, 2-5, 2-6, 2-7, 3-4, 3-5, 3-6, 

3-7, 4-5, 4-6, 4-7, 5-6, 5-7, 6-7 

1-2, 1-3, 1-4, 1-5, 1-6, 1-7, 2-

4, 2-8, 3-4, 3-7, 3-8, 4-5, 4-6, 

4-8, 5-8, 6-8, 7-8 

Perf Month 1-2, 1-3, 1-4, 1-6, 1-7, 2-3, 2-

4, 2-5, 2-6, 2-7, 3-4, 3-5, 3-6, 

3-7, 4-5, 4-6, 4-7, 5-6, 5-7, 6-7 

1-3, 1-4, 1-7, 2-4, 2-8, 3-4, 3-

8, 4-5, 4-6, 4-7, 4-8, 6-8, 7-8 

 

 As a check in the post-hoc evaluation process, the dependent related variables 

Perf Week and Perf Month were also included.  As expected these price based 

performance variables used to form the seven different conditions of the momentum 

segments resulted in the largest number of significant relationships among each of the 

momentum segments.  Turning to the most significant of the independent test variables 

resulted in significant findings.  In the case of Relative Strength for example, it was 

shown to be a highly significant differentiator across portfolios in both momentum (H2) 

and sector (H3) test studies.  By contrast, Gross Margin emerged as a highly significant 

differentiator variable between the eight sectors (H3), but was statistically insignificant 

for classifying momentum segment types (H2).   These initial steps in the variable 

screening process using 96 ANOVA and 48 Post-Hoc Tukey HSD tests show that tests of 

H2 of momentum segments and H3 of sector differentiation provided early statistically 

significant evidence of discriminative capability sufficient to reject the null hypotheses in 

both H2 and H3 studies.    
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 However, the multiple discriminant analysis testing further validated these initial 

results using DDA and identified through PDA which variables were the most significant 

classifiers and the magnitude of each variable’s contribution toward explaining the 

variance among momentum and sector portfolios.  This progression from the ANOVA 

screening to MDA began with appropriate transforms for normality to enhance the 

discriminatory strength of the most significant variables. 

 Transforms for normality.  After conducting the ANOVA tests for significant 

deviation in the means between and within groups, the process moved to preparing the 

variable distributions for improved discriminant analysis.  Logarithmic and square root 

transforms were used to correct for skewness and kurtosis in each non-normal variable 

distribution.  The standard used in this study to satisfy the test of normality was: (a) 

Kurtosis statistic less than 1 and greater than -1, (b) Skewness statistic less than twice the 

standard error.  In addition, for large sample sizes the Kolmogorov-Smirnov test of 

normality was used to see if the alternative hypothesis that the data is not normally 

distributed could be rejected.  Even if the transform did not fully satisfy the test of 

normality needed for a parametric statistical test of discriminant analysis, the 

normalization process did still significantly improve the classification strength of the 

transformed variable.  The type of distribution transformation applied and each of the 

three test results toward normalization are listed in Table 7 below: 

 

Table 7. 

 

Normality Transforms of Key Momentum Variables (Jan – Mar) 

 

Financial Variables Transform Skew Kurtosis Kolmogorov-

Smirnov 

  Pass/Fail Pass/Fail Statistic Significance* 
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Market Cap Log 10 F P .035 .000 

Price / Cash Log 10 F F .071 .000 

Dividend Yield Log 10 P F .077 .000 

Earnings Per Share Log 10 F F .173 .000 

Shares Outstanding Log 10 F F .072 .000 

Insider Ownership Log 10 F F .242 .000 

Institutional Ownership Log 10 P P .041 .000 

Return on Assets Log 10 F F .288 .000 

Current Ratio Log 10 F F .075 .000 

Profit Margin None 
a 

F F .172 .000 

Beta Log 10 F F .031 .000 

Average True Range Log 10 F P .022 .000 

Relative Strength None 
b
 P P .050 .000 

Analyst Recommendation None 
b
 F P .076 .000 

Price Log 10 F P .025 .000 

Source: FinViz.com Elite proprietary data screener  
SPSS Analysis 
*Statistical significance for Kolmogorov-Smirnov test of normality requires p > 0.05 
a
 Transforms Log 10 and Square Root did not improve distribution normality tests 

b
 Data passed Skewness and  Kurtosis without transformation, but not K-S test 

 

 This step in the discriminant analysis process sought to evaluate the transform 

enhancement of the most significant 15 variables from the ANOVA screening process for 

analysis of momentum (H2).  Fifteen Kolmogorov-Smirnov (K-S) tests of normality were 

conducted to evaluate improvements made by the different possible normality transforms 

and the best results are shown in Table 7. Unlike standard t-tests or F-tests the outcome 

of K-S tests is most statistically significant when the p value exceeds 0.05.  Thirteen 
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variables were then enhanced using logarithmic transforms, while the distributions of 

three variables were not enhanced by any transform for normality.  Based on the 24 

ANOVA tests conducted in the screening process, no benefits from normality transforms 

were observed for the variables when applied toward the sector analysis (H3).   

 Multiple discriminant analysis.  Multiple discriminant analysis serves several 

purposes: (a) to investigate differences among groups, (b) to determine the most 

parsimonious way to distinguish among groups, (c) to discard variables not well related 

to group distinction, (d) to classify cases into groups, and (e) to test theory by observing 

whether cases are classified as predicted (Huberty & Olejnik, 2006; Klecka, 1980).  The 

first part of the analysis involves DDA that consists of classifying each firm to a 

momentum segment according to the best discriminant functions among the 24 available 

variables.  The later analysis of PDA consists of producing the best discriminant function 

equations for predicting performance results according to each segment of momentum in 

future tests of out of sample stocks.  As shown in the findings that follow, nine 

discriminant function equations were produced, one for each of the eight industry sectors 

and one for the total sample of stocks.  The final outcomes and interpretations of the 

MDA testing of the momentum segments (H2) and the sector groups (H3) are discussed 

in the following sections.   

 MDA testing of the momentum segments (H2).  The second important hypothesis 

test of this study relied on multiple discriminant analysis testing of the seven momentum 

segments.  The test variables included all of the improvements made through transforms 

which were then applied in a stepwise DA testing approach using SPSS.  The original 

sample size evaluated by momentum segment by month is shown in Table 8 below.  As 
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expected, the control portfolios as well as the negative acceleration portfolio during the 

worst January periods on record (Valetkevitch, 2016) accounted for a large portion 

(85.4%) of the total sampled stocks as few stocks were positive in this period.   

Table 8. 

 

Discriminant Analysis Sample Sizes of Momentum Groups by Month 

Momentum Group January / % February / 

% 

March / % Total 

     

1 - Negative Reversal 129 / 5.1% 52 / 2.5% 72 / 2.8% 253 

2 - Negative Acceleration 795 / 31.6% 351 / 16.8% 36 / 1.3% 1,182 

3 - Negative Control 879 / 34.9% 665 / 31.9% 61 / 2.3% 1,605 

4 - Non Control 632 / 25.1% 653 / 31.3% 744 / 28.5% 2,029 

5 - Positive Control 52 / 2.1% 145 / 6.9% 1,145 / 43.9% 1,342 

6 - Positive Acceleration 12 / 0.5% 43 / 2.1% 385 / 14.8% 440 

7 - Positive Reversal 17 / 0.6% 175 / 8.4% 165 / 6.3% 357 

Total 2,516 2,084
a 

2,608 7,208 

Source: FinViz.com Elite proprietary data screener 
a 

Total for February is noticeably lower due to an elevated number of stocks that categorized as 

decelerating momentum, a condition not included in the momentum cycle segments examined in this study 

 

 The following MDA outcomes for tests of the momentum segments (H2) were 

based on valid N of 4,645 stocks representing 64.4% of the 7,208 stocks available in the 

sample due to data gaps among the final variables selected in the discriminant function.  

The distribution of the sampled stocks selected in the DA process from among the seven 

momentum segments remained proportional to the original sample size.  Cases for each 

momentum segment were correctly classified 58.4% of the time by the discriminant 

function compared to chance at an expected 14.3% per momentum segment (see 
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Appendix N.6).  This classification into each of the seven different momentum segments 

was found to be more than four times (4.08) better than chance.  As shown in Appendix 

N.1, the most statistically significant discriminant variables emerging from stepwise DA 

were: (a) Relative Strength Index, (b) Log of Price, (c) Log of Average True Range, (d) 

Log of Beta, (e) Log of EPS, and (f) Log of Current Ratio.   

 Four statistically significant function equations emerge from the MDA, while the 

first three functions have significance at p-value < 0.001 (see Appendix N.4) and account 

for 99.5% of the variance (see Appendix N.3).  The single best discriminant function 

equation accounting for 86.5% of the variance for momentum prediction equation is 

Function 1 shown in Equation 3 using the Canonical Discriminant Function Coefficients 

from Appendix N.5: 

 

F1 = 4.347 - 0.666(Log of ATR) + 0.604(Log of Price) + .139(Relative Strength) + 

1.616(Log of Beta) + 0.079(Log of Current Ratio) – 5.962(Log of EPS)                                     

           (3) 

Equation 3 has an Eigen value of 3.136, Canonical correlation, rc = 0.871, and Wilks’ 

Lambda = 0.160, p-value =<0.001.  Thus, Equation 3 explains the variation in the 

different momentum segments for firms in the sample well.  This significant result may 

be further enhanced by the use of the additional three function equations as detailed in 

Appendix N.3 and illustrated in the Momentum Segment – Canonical Discriminant 

Function Plot (Figure 11) below using only functions 1 and 2 that account for 98.6% of 

the variance: 
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Figure 11.  Momentum Segments – Plot of Canonical Discriminant Functions 

 

 The discriminant function plot shows a numbered square representing the mean of 

each momentum group tested.  The separation distance among the seven momentum 

group centroids was well dispersed with the exception of the two momentum conditions 

for discriminating between segments 1- Negative Reversal and 7 – Positive Reversal.  If 

classification or prediction error was to occur it would most likely to occur between these 

two opposing momentum conditions when only using Functions 1 and 2 for predictive 

analysis.  The close proximity of group centroids numbered 1 and 7 suggest that the 

additional functions not plotted, and possibly new variables beyond the 24 tested, should 
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be considered that may better discriminate between these two conditions.  Otherwise, the 

discriminant power between all other portfolios was highly significant.  

 MDA testing of the sector groups (H3).  The third hypothesis test of this study 

also relied on multiple discriminant analysis of the eight sectors.  This MDA was 

especially resource intensive to properly test the hypothesis regarding the impact of eight 

different sectors toward explaining differences in momentum segments.  Unlike the 

hypothesis test of the momentum segments (H2), the sector portfolio analysis (H3) was 

not simply a test among each of the eight sectors, but rather a test of each of the eight 

sectors contribution to each of the seven momentum segments.   Only after the analysis of 

momentum by each sector could an adequate comparison and assessment be made to 

evaluate sector contributions toward momentum and potentially contributing drivers of 

the price momentum anomaly (H3).   

 The original sample size evaluated by sector portfolios by month is shown in 

Table 9 below.  No expected relationship among the eight sectors was anticipated only 

the consideration of whether the emerging results showed any significant classification or 

predictive qualities of momentum within each sector.   

Table 9. 

Discriminant Analysis Sample Sizes of Sectors by Month 

Sector January / % February / % March /% Total 

     

Basic Materials 259 / 10.3% 239 / 11.4% 283 / 10.8% 781 

Consumer Goods 192 / 7.6% 170 / 8.1% 211 / 8.1% 573 

Financial  532 / 21.1% 434 / 20.8% 550 / 21.1% 1,516 

Healthcare 375 / 14.9% 235 / 11.2% 384 / 14.7% 994 
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Industrial Goods 192 / 7.6% 165 / 6.4% 202 / 7.7% 559 

Services 470 / 18.7% 407 / 19.5% 482 / 18.4% 1,359 

Technology 418 / 16.6% 363 / 17.4% 419 / 16.0% 1,200 

Utilities 78 / 3.1% 71 / 3.4% 77 / 2.9% 226 

Total 2,516 2,084 2,608 7,208 

 

Source: FinViz.com Elite proprietary data screener 

 

 Each of the eight sector portfolios analyzed had sufficient sample size to generate 

statistically significant discriminant function equations.  The following subsections 

organized from Sector 1 – Basic Materials through to Sector 8 – Utilities, showed robust 

discriminant functions across each of the momentum segments.     

 Sector 1 – Basic Materials outcome of discriminant analysis.  The following 

MDA outcomes were run twice using only the optimal discriminant variables in the 

second run in order to increase N from the first run by minimizing the number of 

discriminant variables excluded due to missing data.  Valid N increased to 643 or 82.3% 

of total sector data in second run from 373 or 47.7% of the 781sector stocks in the first 

run.  Cases for Basic Materials were correctly classified 59.7% of the time by the 

discriminant function compared to chance at an expected 14.3% per momentum segment 

(see Appendix F.6).  This classification into each of the seven different momentum 

segments was found to be more than four times (4.17) better than chance.  As shown in 

Appendix F.1, the most statistically significant discriminant variables emerging from 

stepwise DA were: (a) Relative Strength Index, (b) Log of Price, (c) Log of Average True 

Range, (d) Log of Beta. 
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 Four statistically significant function equations emerge from the MDA, while the 

first three functions have significance at p-value < 0.005 (see Appendix F.4) and account 

for 99.8% of the variance (see Appendix F.3).  The single best discriminant function 

equation accounting for 87.8% of the variance for Basic Material momentum segment 

prediction is Function 1 shown in Equation 4 using the Canonical Discriminant Function 

Coefficients from Appendix F.5: 

 

F1 = -8.504 - 0.483(Log of ATR) + 0.491(Log of Price) + .146(Relative Strength) + 

1.247(Log of Beta)                                                                          (4) 

 

Equation 4 has an Eigen value of 3.299, Canonical correlation, rc = 0.876, and Wilks’ 

Lambda = 0.158, p-value =<0.001.  Thus, Equation 4 explains the variation in the 

different momentum segments for firms in the Basic Material sector well.  This 

significant result may be further enhanced by the use of the additional three function 

equations as detailed in Appendix F.3 and illustrated in the Basic Material Sector 1 – 

Canonical Discriminant Function Plot (Figure 12) below:   
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Figure 12.  Basic Material Sector 1 – Plot of Canonical Discriminant Functions 

 

 Sector 2 – Consumer Goods outcome of discriminant analysis.  The following 

MDA outcomes were run twice using only the optimal discriminant variables in the 

second run in order to increase N from the first run by minimizing the number of 

discriminant variables excluded due to missing data.  Valid N increased to 515 or 89.9% 

of total sector data in second run from 302 or 52.7% of the 573sector stocks in the first 

run.  Cases for Consumer Goods were correctly classified 50.1% of the time by the 

discriminant function compared to chance at an expected 14.3% per momentum segment 

(see Appendix G.6). This classification into each of the seven different momentum 

segments was found to be more than three times (3.49) better than chance. As shown in 
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Appendix G.1, the most statistically significant discriminant variables emerging from the 

stepwise DA were: (a) Relative Strength Index, and (b) Log of Beta.  

 Two statistically significant function equations emerge from the MDA with p-

value < 0.001 (see Appendix G.4) and account for 100% of the variance (see Appendix 

G.3).  The single best discriminant function equation accounting for 95.1% of the 

variance for Consumer Goods momentum segment prediction is Function 1 shown in 

Equation 5 using the Canonical Discriminant Function Coefficients from Appendix G.5: 

 

F1 = -8.060 + .137(Relative Strength) + 2.427(Log of Beta)                        (5)                                                      

 

Equation 5 has an Eigen value of 3.263, Canonical correlation, rc = 0.875, and Wilks’ 

Lambda = 0.201, p-value =<0.001.  Thus, Equation 5 explains the variation in the 

different momentum segments for firms in the Consumer Goods sector well.  This 

significant result may be further enhanced by the use of the second function equation as 

detailed in Appendix G.3 and illustrated in the Consumer Goods Sector 2 – Canonical 

Discriminant Function Plot (Figure 13) below.   
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Figure 13. Consumer Goods Sector 2 – Plot of Canonical Discriminant Functions 

 

 Sector 3 – Financial outcome of discriminant analysis.  The following MDA 

outcomes were run twice using only the optimal discriminant variables in the second run 

in order to increase N from the first run by minimizing the number of discriminant 

variables excluded due to missing data.  Valid N increased to 1,236 or 81.5% of total 

sector data in second run from 76 or 5% of the 1,516sector stocks in the first run.  Cases 

for Financial sector were correctly classified 55.8% of the time by the discriminant 

function compared to chance at an expected 14.3% per momentum segment (see 

Appendix H.6).  This classification into each of the seven different momentum segments 

was found to be more than three times (3.90) better than chance. As shown in Appendix 
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H.1, the most statistically significant discriminant variables emerging from stepwise DA 

were: (a) Relative Strength Index, (b) Log of Beta, and (c) Log of Earnings per Share. 

 Three statistically significant function equations emerge from the MDA with 

significance at p-value < 0.001 (see Appendix H.4) and account for 100% of the variance 

(see Appendix H.3).  The single best discriminant function equation accounts for 94.5% 

of the variance for the Financial momentum segment prediction is Function 1 shown in 

Equation 6 using the Canonical Discriminant Function Coefficients from Appendix H.5: 

 

F1 = -10.425 + 1.435(Log of EPS) + .144(Relative Strength) + 0.825(Log of Beta)                                                          

           (6) 

 

Equation 6 has an Eigen value of 3.236, Canonical correlation, rc = 0.874, and Wilks’ 

Lambda = 0.197, p-value =<0.001.  Thus, Equation 6 explains the variation in the 

different momentum segments for firms in the financial sector well.  This significant 

result is further enhanced by the use of the additional two function equations as detailed 

in Appendix H.3 and illustrated in the Financial Sector 3 – Canonical Discriminant 

Function Plot (Figure 14) below: 
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Figure 14. Financial Sector 3 – Plot of Canonical Discriminant Functions 

 

 Sector 4 – Healthcare outcome of discriminant analysis.  The following MDA 

outcomes were run twice using only the optimal discriminant variables in the second run 

in order to increase N from the first run by minimizing the number of discriminant 

variables excluded due to missing data.  Valid N increased to 671 or 67.5% of total sector 

data in second run from 108 or 10.9% of the 994 sector stocks in the first run.  Cases for 

Technology were correctly classified 55.2% of the time by the discriminant function 

compared to chance at an expected 14.3% per momentum segment (see Appendix I.6).  

This classification into each of the seven different momentum segments was found to be 

more than three times (3.86) better than chance. As shown in Appendix I.1, the most 
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statistically significant discriminant variables emerging from stepwise DA were: (a) 

Relative Strength, (b) Log of Price, and (c) Log of Average True Range.   

 Two statistically significant function equations emerge from the MDA, both with 

significance at p-value < 0.001 (see Appendix I.4) and account for 99.7% of the variance 

(see Appendix I.3).  The single best discriminant function equation accounts for 78.6% of 

the variance for the Healthcare momentum segment prediction is Function 1 shown in 

Equation 7 using the Canonical Discriminant Function Coefficients from Appendix I.5: 

 

F1 = -5.855 – 0.159(Log of Price) + .139(Relative Strength) + 0.220(Log of ATR)                                                              

           (7) 

 

Equation 7 has an Eigen value of 2.165, Canonical correlation, rc = 0.827, and Wilks’ 

Lambda = 0.198, p-value =<0.001.  Thus, Equation 7 explains the variation in the 

different momentum segments for firms in the Healthcare sector well.  This significant 

result is further enhanced by the use of the additional two function equations as detailed 

in Appendix I.3 and illustrated in the Healthcare Sector 4 – Canonical Discriminant 

Function Plot (Figure 15) below:   
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Figure 15. Healthcare Sector 4 – Plot of Canonical Discriminant Functions 

 

 Sector 5 – Industrial Goods outcome of discriminant analysis.  The following 

MDA outcomes were run twice using only the optimal discriminant variables in the 

second run in order to increase N from the first run by minimizing the number of 

discriminant variables excluded due to missing data.  Valid N increased to 501 or 89.6% 

of total sector data in second run from 284 or 50.8% of the 559 sector stocks in the first 

run.  Cases for Industrial Goods were correctly classified 43.3% of the time by the 

discriminant function compared to chance at an expected 14.3% per momentum segment 

(see Appendix J.6).  This classification into each of the seven different momentum 

segments was found to be more than three times (3.02) better than chance. As shown in 
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Appendix J.1, the most statistically significant discriminant variables emerging from 

stepwise DA were: (a) Relative Strength Index, and (b) Log of Beta.   

 Two statistically significant function equations emerge from the MDA with p-

value < 0.001 (see Appendix J.4) and account for 100% of the variance (see Appendix 

J.3).  The single best discriminant function equation accounting for 97.9% of the variance 

for Industrial Goods momentum segment prediction is Function 1 shown in Equation 8 

using the Canonical Discriminant Function Coefficients from Appendix J.5: 

 

F1 = -7.225 + 0.138(Relative Strength) + 0.901(Log of Beta)                        (8)                                                      

 

Equation 8 has an Eigen value of 3.826, Canonical correlation, rc = 0.890, and Wilks’ 

Lambda = 0.192, p-value =<0.001.  Thus, Equation 8 explains the variation in the 

different momentum segments for firms in the Industrial Goods sector well.  This 

significant result is further enhanced by the use of the second function equation as 

detailed in Appendix J.3 and illustrated in the Industrial Goods Sector 5 – Canonical 

Discriminant Function Plot (Figure 16) below:   
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Figure 16. Industrial Goods Sector 5 – Plot of Canonical Discriminant Functions 

 

 Sector 6 – Services outcome of discriminant analysis.  The following MDA 

outcomes were run twice using only the optimal discriminant variables in the second run 

in order to increase N from the first run by minimizing the number of discriminant 

variables excluded due to missing data.  Valid N increased to 1,359 or 100% of total 

sector data in second run from 504 or 37.1% of the 1,359 sector stocks in the first run.  

Cases for Service sector were correctly classified 60.6% of the time by the discriminant 

function compared to chance at an expected 14.3% per momentum segment (see 

Appendix K.6).  This classification into each of the seven different momentum segments 

was found to be more than four times (4.23) better than chance. As shown in Appendix 
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K.1, the most statistically significant discriminant variables emerging from stepwise DA 

were: (a) Relative Strength Index, (b) Log of Price, and (c) Log of Average True Range.   

 Three statistically significant function equations emerge from the MDA with 

significance at p-value < 0.005 (see Appendix K.4) and account for 100% of the variance 

(see Appendix K.3).  The single best discriminant function equation accounts for 92.1% 

of the variance for the Service momentum segment prediction is Function 1 shown in 

Equation 9 using the Canonical Discriminant Function Coefficients from Appendix K.5: 

 

F1 = -7.498 + 0.684 (Log of Price) + .141(Relative Strength) - 0.585(Log of ATR)                                                        

           (9) 

 
Equation 9 has an Eigen value of 3.479, Canonical correlation, rc = 0.881, and Wilks’ 

Lambda = 0.171, p-value =<0.001.  Thus, Equation 9 explains the variation in the 

different momentum segments for firms in the Service sector well.  This significant result 

is further enhanced by the use of the additional two function equations as detailed in 

Appendix K.3 and illustrated in the Service Sector 6 – Canonical Discriminant Function 

Plot (Figure 17) below: 
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Figure 17. Service Sector 6 – Plot of Canonical Discriminant Functions 

 
 Sector 7 – Technology outcome of discriminant analysis.  The following MDA 

outcomes were run twice using only the optimal discriminant variables in the second run 

in order to increase N from the first run by minimizing the number of discriminant 

variables excluded due to missing data.  Valid N increased to 1,195 or 99.5% of total 

sector data in second run from 285 or 23.75% of the 1,200 sector stocks in the first run.  

Cases for Technology were correctly classified 58.2% of the time by the discriminant 

function compared to chance at an expected 14.3% per momentum segment (see 

Appendix L.6).  This classification into each of the seven different momentum segments 

was found to be more than four times (4.06) better than chance. As shown in Appendix 
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L.1, the most statistically significant discriminant variables emerging from stepwise DA 

were: (a) Relative Strength Index, (b) Log of Price, and (c) Log of Average True Range. 

 Two statistically significant function equations emerge from the MDA with 

significance at p-value < 0.001 (see Appendix L.4) and account for 99.9% of the variance 

(see Appendix L.3).  The single best discriminant function equation accounts for 92.8% 

of the variance for the Technology momentum segment prediction is Function 1 shown in 

Equation 10 using the Canonical Discriminant Function Coefficients from Appendix L.5: 

 

F1 = -7.082 + 0.605(Log of Price) + .139(Relative Strength) - 0.616(Log of ATR)                                                                       

           (10) 

 

Equation 10 has an Eigen value of 3.683, Canonical correlation, rc = 0.887, and Wilks’ 

Lambda = 0.166, p-value =<0.001.  Thus, Equation 10 explains the variation in the 

different momentum segments for firms in the Technology sector well.  This significant 

result is further enhanced by the use of the additional two function equations as detailed 

in Appendix L.3 and illustrated in the Technology Sector 7 – Canonical Discriminant 

Function Plot (Figure 18) below: 
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Figure 18. Technology Sector 7 – Plot of Canonical Discriminant Functions 

 

 Sector 8 – Utilities outcome of discriminant analysis.  The following MDA 

outcomes were run twice using only the optimal discriminant variables in the second run 

in order to increase N from the first run by minimizing the number of discriminant 

variables excluded due to missing data.  Valid N increased to 210 or 92.9% of total sector 

data in second run from 173 or 76.5% of the 226 sector stocks in the first run.  Cases for 

Utilities were correctly classified 64.3% of the time by the discriminant function 

compared to chance at an expected 14.3% per momentum segment (see Appendix M.6).  

This classification into each of the seven different momentum segments was found to be 

more than four times (4.49) better than chance. As shown in Appendix M.1, the most 
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statistically significant discriminant variables emerging from stepwise DA were: (a) 

Relative Strength Index, and (b) Log of Dividend Yield.  

 Two statistically significant function equations emerge from the MDA with p-

value < 0.001 (see Appendix M.4) and account for 100% of the variance (see Appendix 

M.3).  The single best discriminant function equation accounting for 79.1% of the 

variance for Utilities momentum segment prediction is Function 1 shown in Equation 11 

using the Canonical Discriminant Function Coefficients from Appendix M.5: 

 

F1 = -8.715 + .154(Relative Strength) + 0.169(Log of Dividend Yield)        (11)                                                      

 

Equation 11 has an Eigen value of 1.209, Canonical correlation, rc = 0.740, and Wilks’ 

Lambda = 0.201, p-value =<0.001.  Thus, Equation 11 explains the variation in the 

different momentum segments for firms in the Utilities sector well.  This significant 

result is further enhanced by the use of the second function equation as detailed in 

Appendix M.3 and illustrated in the Utilities Sector 8 – Canonical Discriminant Function 

Plot (Figure 19) below: 
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Figure 19. Utility Sector 8 – Plot of Canonical Discriminant Functions 

 
 The MDA results for H2 and H3 reflect baseline classification results for each 

portfolio according to the conservative assumption that each stock evaluated has an 

equally weighted probability of belonging to one of eight sectors or one of seven 

momentum conditions.  However, prior knowledge of the probabilities of group 

membership can be another factor in rebalancing the posterior probabilities to account for 

clear differences in expected outcomes (Klecka, 1980).  Therefore, it is likely that these 

significant outcomes of the MDA could be further enhanced by adjusting the probabilities 

of sector classification for a closer reflection of the proportions of each sector 

representation in the population.  Additional considerations about the research results are 

addressed further in Chapter 5: Implications and Recommendations. 
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Final Results of the Tested Research Questions 

 Research question Q1.  Do either of the following research questions: Q2, 

relating to different price momentum conditions, or Q3, relating to different stock market 

sectors, provide any predictive results that may explain the price momentum anomaly or 

challenge the legitimacy of the EMH? 

 Based on the statistical outcomes from more than 96 ANOVA, 48 DDA and PDA 

tests and analysis, many significant results emerge from the hypotheses testing of H2 and 

H3 that provide strong evidence of momentum patterns and predictability.  These 

outcomes provide new evidence that conditions of momentum were explained well by 

different financial variables across different segments of momentum condition (H2) and 

according to predictable variable relationships within each industry sector (H3).  The 

accuracy in classifying more than 7,208 stocks at probability levels frequently greater 

than four times chance according to both momentum conditions and industry sectors 

raises new questions about the legitimacy of the EMH.  From this study, significant 

patterns emerged that accurately classified stocks according to seven different conditions 

of momentum both in the market aggregate and analyzed according to eight separate 

industry sectors.  The results from research questions Q2 and Q3 show strongly 

predictive outcomes at statistically significant levels that contribute to a greater 

understanding of the price momentum anomaly and reversal events.  Based on these 

statistical outcomes of Q2 and Q3 the null hypothesis of Q1 must be rejected in favor of 

the alternative hypothesis.  The null and alternative hypotheses for Q1 are as follows: 

 H1o = No statistically significant results from either Q2 or Q3 generated any 
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predictive momentum signals to help explain the price momentum anomaly or challenge 

the legitimacy of the EMH. 

 H1a= Statistically significant results from either Q2 or Q3 did provide predictive 

momentum signals to help explain the price momentum anomaly or challenge the 

legitimacy of the EMH. 

 Research question Q2.  For each of the seven momentum cycle portfolio 

conditions tested, which independent variable(s) best discriminate for classification 

purposes within each portfolio type: (a) positive reversal, (b) negative reversal, (c) 

positive acceleration, (d) negative acceleration, (e) positive momentum control, (f) 

negative momentum control, and (g) non-momentum control?   

 Based on the statistical outcomes of the MDA, the null hypothesis of Q2 must be 

rejected in favor of the alternative hypothesis at the 0.05 level of significance.  The null 

and alternative hypotheses for Q2 are as follows: 

 H2o = No statistically significant classification differences using MDA exist 

among the independent variables in relation to each momentum cycle portfolio. 

 H2a= Statistically significant classification differences do exist among the 

independent variables in relation to each momentum cycle portfolio at the 0.05 level for 

variables in the subset.   

 The null hypothesis was rejected in favor of the alternative hypothesis.  The 

Wilks’ Lamda test for significance in each of the seven momentum cycle portfolios 

resulted in p < 0.01 in all cases (see Appendix N.1).  While each of the momentum 

segments was differentiated through the step-wise selection with similar discriminant 

variables, the value of each of the strongest discriminant variables was highly 
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differentiated across each momentum segment at the p < 0.01 level.  Correct 

classification of the momentum segments using the resulting discriminant function 

equations occurred in 58.4% of the cases at a rate greater than four times the random 

chance of correct classification of 14.3%.  Therefore, we must conclude that statistically 

significant classification differences using MDA do exist among the independent 

variables in relation to each segment of the momentum cycle tested.   

 Research question Q3. Do any of the seven momentum cycle portfolio 

conditions vary significantly between-sector and within-sector using MDA for each of 

the eight stock market sectors: Basic Materials, Consumer Goods, Financial, Healthcare, 

Industrial Goods, Services, Technology, and Utilities?   

 Based on the statistical outcomes of the MDA, the null hypothesis of Q3 must be 

rejected in favor of the alternative hypothesis at the 0.05 level of significance.  The null 

and alternative hypotheses for Q3 are as follows: 

 H3o = None of the eight market sectors vary significantly in classification from 

the seven momentum cycle portfolio conditions tested using MDA for between-sector 

and within-sector performance at the 0.05 significance level. 

 H3a= Statistically significant classification differences do exist among the eight 

market sectors across the seven momentum cycle portfolio conditions tested using MDA 

for between-sector and within-sector performance at the 0.05 significance level. 

 The null hypothesis was rejected in favor of the alternative hypothesis.  The 

Wilks’ Lamda test for significance in each of the eight sector portfolios resulted in p < 

0.01 in all cases (see Appendices F.1, G.1, H.1, I.1, J.1, K.1, L.1, and M.1).  While each 

of the sectors was differentiated through the step-wise selection of similar discriminant 
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variables, the value of the strongest discriminant variables was highly differentiated 

across each sector at the p < 0.01 level.  Correct classification of the sectors using the 

resulting discriminant function equations occurred in 52.9% of the cases at a rate greater 

than 4.2 times the random chance of correct momentum classification per category of 

12.5%.  Therefore, we must conclude that statistically significant classification 

differences using MDA do exist among the independent variables in relation to each of 

the eight market sectors tested. 

Evaluation of Findings 

 The purpose of this quantitative study was to evaluate potential underlying drivers 

of momentum and reversal events that remain unknown and continue to confound 

financial principles of the Efficient Market Hypothesis (Da, Liu, & Schaumburg, 2011).  

This evaluation attempted to identify significant drivers of the price momentum anomaly 

among the 24 variables selected for this study that could advance the understanding of the 

field of financial anomalies and greatly enhance trading profitability for practitioners.  

Some of the key findings that have emerged from the data include: (a) the types of 

financial variables that show significant relationships to price performance, (b) how the 

predictive variables differ by industry sector, (c) how the predictive variables differ by 

momentum segment, (d) how the predictive variables from different streams of financial 

theory contribute toward explaining momentum, and (e) how the different variables’ 

explanatory power of momentum compares to previous findings in the literature.   

 In the first significant finding, the technical indicators outperformed the 

fundamental and behavioral variables in predictive discriminant strength by momentum 

segment in all cases and in all sectors, except for the unique inclusion of Dividend Yield 
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variable when analyzing the utilities sector.  For the time period studied, this result 

conflicts with the EMH that contends technical analysis is of no value (Fama, 1970; 

Malkiel, 2003).  The findings in this study suggest that the most discriminating technical 

variables (Relative Strength Index, Log of Beta, and Log of ATR) and fundamental 

variables tested (Log of Dividend Yield) each contribute to producing predictive 

profitability occurrences at levels up to more than four times greater than chance.  These 

statistically significant results are recognized to be conditional on a transient period of 

unknown and varying duration during which the markets’ efficiency is not constant 

(Immonen, 2015).  However, distinguished proponents of the EMH are not conditional 

when positing that, “neither technical analysis … nor even fundamental analysis … 

would enable an investor to achieve returns greater than those that could be obtained by 

holding a randomly selected portfolio of individual stocks with comparable risk (Malkiel, 

2003, p. 3).”  The findings in this current research tend to support the results of Chiang et 

al. (2012) that found more than half of 95 modern technical studies had positive results, 

and that the RSI oscillator and parabolic technical strategies outperformed all other 

trading strategies tested.   

 The features of the RSI are addressed in more detail as this technical variable 

emerged as the most significant discriminant variable of momentum collectively in 

testing all stocks and across every industry sector.  Based on an evaluation of the 

variables that have emerged, more interpretation follows to explore why as in prior 

financial literature, “…the unusual profitability of simple technical strategies are among 

the key sources for criticism for the EMH (Immonen, 2015, p. 172).”  A list of the 
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strongest discriminant variables are ranked from the highest (variable 1) to lowest 

(variable 4) according to each industry sector in Table 10 below: 

Table 10. 

 

Discriminant Function Equation Variable Comparison by Sector 

 Source: FinViz.com Elite proprietary data screener 

 

 In the process of a thorough evaluation of RSI, a second significant finding 

emerged from the analysis.  While the relative strength index was the strongest 

discriminant variable in the sample set of variables, it was weak discriminating across 

certain momentum segments.  As illustrated in Figure 18 the momentum segments 1 

(Negative Reversal), 4 (Non Momentum), 7 (Positive Reversal) have almost no 

difference in their group means with the associated RSI values of 50.8, 50.2, and 46.0 

respectively.  The implications of this discovery are highly significant that if trading 

based on RSI alone there is virtually no discernable way to predict stock price direction 

in three critical segments representing 43% of the momentum cycle evaluated (See Figure 

1).   

Sector DA Var. 1 DA Var. 2 DA Var. 3 DA Var. 4 

     

Basic Materials Rel Strength Price_Log ATR_Log Beta_Log 

Consumer Goods Rel Strength Beta_Log - - 

Financial  Rel Strength Beta_Log EPS_Log - 

Healthcare Rel Strength Price_Log ATR_Log - 

Industrial Goods Rel Strength Beta_Log - - 

Services Rel Strength ATR_Log Price_Log - 

Technology Rel Strength Price_Log ATR_Log - 

Utilities Rel Strength Div Yield_Log - - 
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Figure 20.  One-way ANOVA of Relative Strength by Momentum Group. 

 

 Figure 20 shows that when a stock has a relative strength index value near 50 

(even ranging between 35.1 and 63.8), then some contributing variable must assist multi-

dimensionally in the differentiation in order to establish a reliable prediction of the 

direction of momentum.  This discovery has significant implications in finance for 

practitioners and scholars alike that will be addressed in more detail in Chapter 5: 

Implications, Recommendations, and Conclusions.   

 Because of this discriminant weakness, the stepwise MDA process identified that 

Price_Log or Beta_log variables were essential to discriminate across segments 1, 4, and 

7 in combination with relative strength index according to each industry sector to which a 
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selected stock belonged.  Relative strength has been referred to as a measure of 

momentum and so it may logically follow that RSI provided the most discriminating 

power of price momentum for all industry sectors.  Again, what seems highly significant 

was that RSI was actually a poor predictor in several momentum segments related to 

price momentum reversals.  This finding may have contributed to alternative theories in 

the literature or even the outright rejection of relative strength or of technical analysis 

entirely because of this predictable inconsistency of the variable in three momentum 

segments.  Examples of these studies and the subsequent rejection of RSI and technical 

indicators as well as the validating research of RSI are addressed in more detail in 

Chapter 5: Implications. 

 A third significant finding that emerged was that the strongest classification of 

momentum for any industry sector and for any US equity market required multiple 

discriminant variables attuned to each sector to generate the best results.  As Table 10 

shows, no fewer than two discriminant variables, and as many as four discriminant 

variables were needed simultaneously for optimum classification results by sector.  This 

strongly suggests that multi-dimensional factors contribute to the best predictive results 

of market performance.  This finding supports the supposition by Green et al. (2013) after 

evaluating 330 return predictive signals and concluding, “that either US stock markets are 

pervasively inefficient, or there exist a much larger number of rationally priced sources of 

risk in equity returns than previously thought” (p. 692).  The possibility of much larger 

number of sources of risks emerges when considering the patterns that emerge from this 

large number of possible combinations for predicting seven momentum conditions among 

eight sectors using 24 variables.  Not only do different variables affect stocks differently 
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across the eight industry sectors as expected, but this current study also reveals different 

interactions using the same variables that are unique to each sector.   These differences 

are most evident when comparing the resulting discriminant function equations for each 

of the eight sectors and their different coefficients as well as the positive or negative 

correlation associated with each factor.  This finding tends to follow the observation 

made by Jacobs (2015) in his survey of 100 anomalies and related literature that, “the 

cross-section of expected returns is surprisingly multidimensional (p. 66).”  The idea that 

simply finding the best variables will produce the best asset pricing models is therefore 

not sufficient.  Important considerations of how the magnitude and direction of each 

factor varies across sectors and for each stage of momentum will be examined more 

closely in the following discussions. 

 At the secondary level of variables used in the MDA, four variables emerged that 

best differentiated momentum segments 1, 4, and 7 where RSI was least differentiated to 

obtain the best result for each sector tested (see Table 10).  The significance of these 

secondary variables lies in the interaction between each and the primary variable RSI to 

better classify momentum segments for each of the eight different sectors.  The ANOVA 

mean plots of the four strongest secondary discriminant variables (Log of Price, Log of 

ATR, Log of Beta, Log of Dividend Yield) are shown in the following figures below:   
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Figure 21. One-way ANOVA of Price by Momentum Group 

 

 The variable Price (Figure 21) was the second most statistically significant 

differentiator for sectors Basic Materials, Healthcare, and Technology.  The 

differentiation of the Price variable complements the RSI variable’s lack of discriminant 

value across segments 1, 4, and 7, returning a more diverse spread of means from the 

Price variable with values of 24.9, 46.1, and 19.9 respectively.  Third and even fourth 

level discriminant variables in the case of sector Basic Materials, further improved upon 

the differentiation between each of the momentum conditions (see Table 10).  The plot of 

mean Price across the seven momentum segments confirms what scholars and investors 
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would expect intuitively.  Higher priced stocks, generally those with larger market 

capitalization, were concentrated among the more stable momentum conditions of groups 

3, 4, 5.  Whereas the lower priced stocks on average were concentrated more in the 

momentum acceleration and reversal groups 1, 2, 6, and 7, both positive and negative.  

This is consistent with normal market conditions where higher expected price volatility is 

found among smaller capitalized stocks.  These comparisons of ANOVA plots for the 

strongest discriminant variables help illustrate the MDA statistical process that resulted in 

discriminant function equations using each of these primary variables as a coefficient in 

the equation.   

 

Figure 22. One-way ANOVA of Beta by Momentum Group 
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 The variable Beta (Figure 22) was the second most statistically significant 

differentiator for sectors Consumer Goods, Financial, and Industrial Goods.  The 

differentiation complements the RSI variable’s lack of discrimination across segments 1, 

4, and 7, returning a more diverse spread of means for those segments from the Beta 

variable with 1.19, 0.99, and 1.45 respectively.  The mean of Beta variable plots across 

the seven momentum conditions also confirmed the definition of Beta, wherein the non-

momentum portfolio 4 showed the lowest measurement of the systematic risk of a 

security, the tendency of a security’s returns to respond to swings in the broad market 

(Bodie, Kane, & Marcus, 2011).  Conversely, the acceleration portfolios 2 and 6 with the 

largest positive and negative momentum swings in the market reflected the highest mean 

Beta variable values across all segments (see Figure 22). 
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Figure 23. One-way ANOVA of ATR by Momentum Group 

  

 The variable ATR (Figure 23) was the second most statistically significant 

differentiator for the Service sector and the third significant variable for sectors Basic 

Materials, Healthcare and Technology.  The differentiation complements the RSI 

variable’s lack of discrimination across segments 1, 4, and 7, returning a more diverse 

spread of means from the ATR variable with 1.20, 1.30, and 1.13 respectively.  Average 

true range is a technical variable that represents firm specific absolute values of price 

changes across a range used to assess oversold and overbought conditions.  Some 

interpretation may be made based on Equation 2 of ATR and the measures of average 

true price ranges over time, where high ATR values often occur at market bottoms after 

panic sell-offs and low ATR values are often found at market tops or consolidation 

periods (Larson, 2012).  Under these parameters, the outcomes plotted in Figure 22 may 

reflect that stocks in portfolio groups 2, 3, 4, and 5 were oversold relative to the positive 

momentum acceleration group 6 as measured during this sample period.  These 

interpretations may be useful as a future timing indicator to consider momentum segment 

conditions.  However until further evaluations are made confirming these interpretations 

of overbought and oversold conditions, ATR was considered another proxy for mean 

stock price. 
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 Figure 24. One-way ANOVA of Dividend Yield Percentage by Momentum Group 

 

 The variable Dividend Yield (see Figure 24) was the second most statistically 

significant differentiator for the Utility sector and was not significant in any other sector.  

The differentiation complements the RSI variable’s lack of discrimination across 

segments 1, 4, and 7, returning a more diverse spread of means from the Dividend Yield 

variable with 7.15%, 3.93%, and 8.84% respectively.  The mean Dividend Yield plot was 

consistent with known market conditions, wherein stocks with lower average dividend 

yields tend to be larger capitalized firms with less volatility and systematic risk.  The 

lowest mean values of dividend yield were found among the stable control groups 3, 4, 

and 5.  Whereas, the firms in the utility sector with the higher mean values of dividend 
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yield were concentrated more in the momentum acceleration and reversal portfolios 1, 2, 

6, and 7 both positive and negative.  It follows that in the utility sector where price and 

beta dispersion are not typically as pronounced as other sectors, that a variable like 

dividend yield would represent stronger discriminating power among utility stocks where 

dividends are a more important criterion for investor selection of utility stocks.   

Summary 

 This research was undertaken to determine whether 24 different financial 

variables from three streams of financial theory (i.e. fundamental, behavioral, and 

technical) could differentiate in any statistically meaningfully way across seven different 

momentum conditions for eight different market sectors.  This unique design examined 

potential financial drivers behind the price momentum anomaly that have confounded 

scholars and traders for more than 20 years (Asness et al., 2014).  Both the ANOVA and 

MDA tests of H2 relating to segment momentum and H3 relating to sector momentum 

show statistically significant discriminant capability that was sufficient to reject both null 

hypotheses in favor of the alternatives for each hypothesis.     

 These findings show that not only can firms be accurately classified by stock 

price momentum using technical and fundamental variables, but that improved 

classifications of firms’ stock price momentum unique to each of the eight industry 

sectors can be achieved as well.  The ability to classify stocks accurately (up to more than 

four times greater than chance) into seven distinct momentum categories provides strong 

evidence that predictable patterns of stock price performance do exist.  The discriminant 

variables found to have the strongest explanatory power from among the 24 variables 
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tested were three technical variables (RSI, Log of Beta, and Log of ATR) and three 

fundamental variables (Log of Price, Log of Dividend Yield, and Log of EPS).   
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Chapter 5: Implications, Recommendations, and Conclusions 

 The Price Momentum Anomaly has confounded scholars for decades and 

produced well documented returns in excess of expected market returns (Fama & French, 

2008; Da, Liu, & Schaumburg, 2011; Schulmerich et al., 2015).  Among the thousands of 

market pricing irregularities documented in financial research, no other market anomaly 

has generated more interest and defied explanations by researchers longer than the price 

momentum anomaly (Asness et al., 2014).  Economics Nobel laureate Eugene Fama and 

Kenneth French (2008) wrote in their seminal paper that, “The premier anomaly is 

momentum: Stocks with low returns over the last year tend to have low returns for the 

next few months and stocks with high past returns tend to have high future returns” (p. 

1653).   The underlying drivers of momentum reversal events remain unknown and 

continue to confound financial principles of the Efficient Market Hypothesis (Da, Liu, & 

Schaumburg, 2011). Identifying key drivers of the momentum anomaly and reversal 

events could advance the understanding of the field of financial anomalies and greatly 

enhance trading profitability for practitioners.    

 The problem addressed was to evaluate seven conditions of the momentum cycle 

using 24 independent financial variables to examine if statistically different 

characteristics emerged to explain the variance across each momentum segment including 

positive and negative price reversals.  Additionally an evaluation of the seven momentum 

conditions using the same 24 test variables for each of eight market sectors could reveal 

key relationships between momentum and different types of financial variables common 

in the literature (Amini et al. 2013; Richardson, Tuna, & Wysocki, 2010). 
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 The purpose of this quantitative study was to assess the discriminating power of 

24 financial variables drawn from prior research across the financial spectrum 

(Fundamental, Behavioral, and Technical) in classifying stocks according to seven 

distinct stages of price momentum performance.  In addition to evaluating classification 

differences between four momentum and three controlled momentum conditions, the 

study also examined significant classification differences that arose between eight 

industry sectors.  A parametric step-wise multiple discriminant analysis was used.  For 

increased validity, the test outcomes were repeated monthly over a three month period 

and also run in the aggregate.  Observations focused on identifying significant predictor 

variables of momentum reversal events and any highly accurate classification variables 

across the seven momentum segments that emerged from the analyses.   One meaningful 

outcome was the production of nine discriminant function equations capable of signaling 

in advance of significant momentum reversal events or a change in momentum segment 

with a high probability of occurrence.  Other significant implications from the study were 

found and warrant further discussion.   

Implications 

 This section provides an analysis of the results and implications of each of the 

research questions and includes a discussion on potential limitations that may have 

affected the interpretation of results.  Conclusions were supported by the research 

findings and drawn only from within the scope of the study.  Consideration was given to 

potential limitations of the study that may have affected the interpretation of these results.  

The results were then evaluated in the context of the study by relating the outcomes to the 

problem and purpose statements as well as their significance to the body of literature 
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surrounding the price momentum anomaly and reversal events.  Research question Q1 

evaluated the outcomes from research questions Q2 and Q3 to assess if sufficient 

evidence emerged to identify potential drivers of the price momentum anomaly or 

address the legitimacy of the EMH.  Because Q1 was essentially the concluding question 

of this research study that assessed the results of Q2 and Q3, it will be addressed last. 

 Research question Q2 results.  Research question Q2 asked: For each of the 

seven momentum cycle portfolio conditions tested which independent variable(s) (if any) 

best discriminate for classification purposes within each portfolio type: (a) positive 

reversal, (b) negative reversal, (c) positive acceleration, (d) negative acceleration, (e) 

positive momentum control, (f) negative momentum control, and (g) non-momentum 

control?  The null hypothesis for this research question was: No statistically significant 

classification differences using MDA exist among the independent variables in relation to 

each momentum cycle portfolio.   

 The Q2 null hypothesis was rejected as MDA selection variables generated 

classification differences that were statistically significant at p < .01 levels for every 

momentum segment that were statistically distinct from the other momentum segments.  

In addition the magnitude of each explanatory variable was ranked, quantified, and used 

to form a discriminant function equation for future prediction models as proposed in the 

purpose statement. 

 Research question Q3 results. Research question Q3 asked: Do any of the seven 

momentum cycle portfolio conditions vary significantly between-sector and within-sector 

using MDA for each of the eight stock market sectors: Basic Materials, Consumer Goods, 

Financial, Healthcare, Industrial Goods, Services, Technology, and Utilities?  The null 
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hypothesis for this research question was: None of the eight market sectors vary 

significantly in classification from the seven momentum cycle portfolio conditions tested 

using MDA for between-sector and within-sector performance at the 0.05 significance 

level.    

 The Q3 null hypothesis was rejected as MDA selection variables generated 

classification differences that were statistically significant at p < .01 levels for every 

market sector across each of the seven momentum segments.  In addition the magnitude 

of each explanatory variable was ranked, quantified, and used to form eight discriminant 

function equations for future prediction models by market sector as proposed in the 

purpose statement. 

 Research question Q1 results. Research question Q1 asked: Do either research 

questions: Q2, relating to different price momentum conditions, or Q3, relating to 

different stock market sectors, provide any predictive results that may explain the price 

momentum anomaly or challenge the legitimacy of the EMH?  The null hypothesis for 

this research question was: No statistically significant results from either Q2 or Q3 

generated any predictive momentum signals to help explain the price momentum 

anomaly or challenge the legitimacy of the EMH. 

 The Q1 null hypothesis was rejected as both the Q2 and Q3 hypotheses were 

found to be statistically significant for all seven conditions of momentum evaluated and 

for each of the eight industry sectors tested.  The highly discriminant results that emerged 

to classify stocks with such a significant degree of accuracy both by momentum 

conditions and according to industry sectors, demonstrated that a meaningful level of 

predictability in the US stock markets is achievable.   
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 Results in context.  The results provided statistically reliable feedback regarding 

which variables explain price momentum in each of the different momentum segments 

and as importantly, which do not.  Key findings that have emerged from the data include: 

(a) the types of financial variables that show significant relationships to price 

performance, (b) how the predictive variables differ by sector, (c) how the predictive 

variables differ by momentum segment, and (d) how the different variables’ explanatory 

power of momentum compares to the literature. A comprehensive evaluation of the 

results in context with some of the most prominent past literature provides additional 

explanatory evidence to the drivers behind the price momentum anomaly.  The following 

assessment evaluates many of the established characteristics of the price momentum 

anomaly using the results that emerged from the current multiple discriminant analysis 

study: 

 (a) Momentum is known to be equally profitable and persistent in both the 

negative and positive directions (Asness et al., 2014).  While the current research study 

did not directly examine profitability from trading or the persistence of momentum over 

periods greater than three months, some key insights were observed relating to the 

equality of momentum in positive and negative directions.  First, the classification of 

stocks according to each momentum condition using financial variables was equally 

accurate for the negative momentum portfolios (1, 2, and 3) as it was for the positive 

momentum portfolios (5, 6, and 7).  Second, the percentage gains and losses in the sorted 

portfolios across each momentum condition for three months were nearly equal in 

opposite directions for weekly and monthly returns for the corresponding negative 

portfolios (1, 2, and 3) as they were for the corresponding positive momentum portfolios 
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(5, 6, and 7) (see Figure 10).  These findings further validate known qualities of 

momentum as characterized by Asness et al. (2014).   

 (b) Momentum payoffs were found to be most significant within a 12 months 

holding period (Chordia & Shivakumar, 2002).  While the current research study did not 

examine momentum payoffs beyond a three month period, some key observations were 

made relating to significant payoffs within the sampled time period.  First, the sampled 

time period included the worst start of the stock market year ever recorded (Valetkevitch, 

C., 2016).  Second, the same sampled period also included an extremely rapid gain of 

more than 11% in the S&P 500 in less than a month.  These events contributed to the 

observations of many significant momentum payoffs (both negatively and positively) in 

less than three months that certainly does not conflict with the conclusions of Chordia & 

Shivakumar (2002).   

  (c) The predictive power of financial ratios is known to be most powerful in the 

short-term and investor sentiment suffers rapid decay in less than 10 months (Ben-

Rephael et al., 2012; Jiang & Lee, 2012).  The current research study evaluated 13 

financial ratios in a sample period safely within the expressed 10 month period of rapid 

decay.  The only financial ratio variable that showed significant discriminant power 

across the different conditions of momentum was the Log of EPS and it was a third level 

variable only meaningful to classification in the financial sector.  Among the sentiment 

and behavioral based variables used in this study, none was found to have significant 

discriminant power in classifying stocks according to different momentum conditions.   

 (d) There are strong elements of predictability among security returns after large 

price changes (Amini, et al., 2013).  The current research study evaluated this 
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characteristic of price momentum by testing the negative and positive price reversal 

portfolios 1 and 7 respectively.  The criteria for inclusion in a price reversal portfolio 

required significant weekly price change from the prior month price trend (see Table 1 

and Figure 9).  As described in the findings chapter, stock price performance was 

correctly classified to each corresponding condition of momentum using key financial 

variables at statistically significant rates more than four times greater than chance in 

some sectors.  No classification result for any sector was less than three times better than 

the probability of chance. This outcome directly demonstrates and validates that strong 

elements of predictability do exist among securities following large price changes.  

Further, this study generated nine predictive function equations that could be used to 

determine with a high degree of confidence whether a selected security was classified as 

having the characteristics prone to price reversal.   

 (e) Momentum reversals vary significantly across-industry and within-industry 

(Moskowitz & Grinblatt, 1999).  The current study evaluated the differences in 

momentum reversals across eight industries as well as a comparison with reversals of the 

market in aggregate.  By examining the discriminant function differences between 

Equation 4 through Equation 11, the calculated differences in categorizing and 

identifying momentum reversals across sectors were significant and apparent.  Each 

sector function equation relied upon different financial variables for predicting and 

classifying momentum reversals as well as different signs and magnitudes of coefficients 

in each equation.  These differences among the eight equations corresponding to the eight 

sectors were also significantly different from Equation 3 when comparing sectors to 

momentum conditions of the aggregate sample of stocks in the study.  The results of the 
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PDA in the current study further serve to validate these characteristics of momentum 

found by Moskowitz and Grinblatt (1999).   

 (f) Efficient markets are expected to exhibit the same reaction to the same stimuli, 

a stronger possibility exists in the short-term (one week to one-month) to identify highly 

predictive signals related to momentum reversal events (Moskowitz & Grinblatt, 1999).  

While the current study did not introduce stimuli or measure subsequent reaction, it did 

rely upon testing of the same 24 financial variables and provide the opportunity for 

different variables for momentum classification and sector momentum to be selected in 

the test for the best statistical outcomes.  The current study relied upon a short-term 

sample period of one week to one month to test the financial variables.  While it is not a 

direct confirmation of the same stimuli and reaction in the short-term, the fact that only 

six variables emerged that accurately assessed all eight sectors’ momentum from among 

24 possible variables shows highly predictive signals in the short-term.  However, the six 

most significant variables that were used to generate the strongest classifying 

discriminant functions all had significantly different coefficients and signs for each of the 

associated industry sectors.  These findings tend to support the research of Moskowitz 

and Grinblatt (1999) in the similarity of variables responding to market performance that 

emerged across each of the different sectors, but not in the direction or magnitude of their 

associated coefficients. 

 (g) The statistically significant discriminant results of the current study strongly 

suggest that the conditions of short-term momentum performance do not follow a 

“random walk.”  According to Malkiel (2003), a strong proponent of the EMH, he 

acknowledged following the work by Lo and MacKinlay (1999) that, “there does seem to 
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be some momentum in short-run stock prices” (p. 7).  The findings from the current 

research further confirm distinctive predictability among short-term momentum 

conditions in support of Lo and MacKinlay (1999).   

 (h) The significant findings in the current research were consistent with 

behavioral finance theories that “short-run momentum appears to be consistent with 

psychological feedback mechanisms” (Malkiel, 2003, p. 7).  The financial variables that 

best discriminated across the different conditions of momentum were technical variables 

related to various measures of stock price in seven of eight sectors, with only the 

exception of the Log of Dividend Yield for utility sector stocks.  The results from this 

study could lend support to the “bandwagon effect” in the seminal literature of Malkiel 

(2003) that individuals are drawn to a rising stock price in a behavior that perpetuates 

price momentum.    

 (i) Malkiel (2003) challenges in his research that any statistical analysis that 

produces momentum anomalies may not be significant enough to produce real economic 

significance which is the true test of excess returns.  The current study bases each 

condition of momentum on significant absolute economic differences (see Figure 9) and 

produced statistical evidence that certain discriminant variables can distinguish among 

different levels of real economic returns even if a trading cost was applied.  Therefore, 

the results of this study are highly significant in examining excess returns, but whether 

economic benefit can be captured through applied trading strategies has not been tested in 

the scope of this research. 

 (j) Examining the key variable RSI in context with past literature provides 

additional insight.  In prior seminal research, relative strength was found not to 



165 

 

 

outperform a simple buy and hold investment strategy (Jegadeesh & Titman, 1993).  In 

the early literature, Levy (1967) developed a 27-week relative strength trading rule that 

he claimed generated excess returns.  However, Jensen and Bennington (1970) pointed 

out that Levy had developed his trading rule after examining 68 rules in his dissertation 

and expressed skepticism about the conclusions.  Jensen and Bennington (1970) 

subsequently tested Levy’s trading rules out of sample and could not exceed a buy and 

hold strategy. Nevertheless, a few years later, Wilder (1978) originated the relative 

strength index (RSI) that has been widely adopted among successful technical traders.  

To the extent that relative strength trading strategies were not profitable because of the 

trading costs involved or other shortfalls, evidence from this research supports the idea 

that prior relative strength trading strategies may have lacked a critical factor in their 

decision making parameters.  That missing factor supports the finding that momentum-

timing strategies that are multi-dimensional contribute the best predictive results of 

market performance.  This finding also validates the supposition by Green et al. (2013) 

after evaluating 330 return predictive signals and concluding, “that either US stock 

markets are pervasively inefficient, or there exist a much larger number of rationally 

priced sources of risk in equity returns than previously thought” (p. 692).  In comparing 

Figure 20 with Figure 10 in this current study, the relationship between the RSI and mean 

performance by portfolio can be seen as highly correlated.  The current MDA study 

further validates prior studies of RSI that have found, “that there is a curvilinear 

relationship between RSI and future price direction” (Henning, 2015, p. 33).   

 As illustrated by the relative strength curve in Figure 20, Levy’s trading method 

had a high probability of selecting either negative reversal (Segment 1) or positive 
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reversal (Segment 7) stocks crossing his predefined cutoff levels.  In fact, the 

discriminant analysis shows that, because of the observed curvilinearity it is not 

statistically adequate to check only for the direction of the RSI crossing a cutoff, but at 

least one secondary explanatory variable should be added that properly identifies the 

correct momentum segment into which the firm’s price performance should be classified.  

For example, in order for adequate differentiation among the momentum segments 1, 4, 

and 7 that appear nearly equal according to the variable Relative Strength Index, the Log 

of Price and Log of Beta variables were needed to give much better classification results 

of an individual stock price performance condition.  Further, this classification approach 

was significantly improved by selecting the best differentiating variables specific to each 

of eight sectors: Basic Materials, Consumer Goods, Financial, Healthcare, Industrial 

Goods, and Technology.  It is highly likely that had Levy incorporated an extra 

dimensional check confirming the trading signal directions of RSI into his documented 

trading strategies his results could have been enhanced.  Chiang et al. (2012) found that 

more than half of 95 modern technical studies had positive results and that the Relative 

Strength Index oscillator outperformed all other technical strategies.  This current study 

further validates those results provided a multidimensional factor approach is used to test 

the cut-off parameters of buying and selling. 

 (k) Amihud Hameed, Kang and Zhang (2015) found that illiquid stocks 

outperformed liquid stocks in nearly all countries. Amihud et al. (2015) also conducted a 

cross-section regression in each country of monthly stock returns on lagged stock 

illiquidity (using Amihud’s measure) finding that the average of the cross-sectional 

coefficient of illiquidity was positive in 79% of the countries, and its average across 
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countries was positive and significant. These results, according to Amihud and 

Mendelson (2015) show that illiquidity was positively and significantly priced around the 

world.    

 While the current research study did not specifically use Amihud’s liquidity 

measure as a test variable, some insight about illiquidity does emerge from the 

discriminant analysis results.  First, smaller capitalized firms generally have lower market 

liquidity than larger capitalized firms.  Second, firms with higher levels of institutional 

ownership tend to be larger firms with higher liquidity required for institutional 

investment.  Third, the current study found that both smaller firms and firms with lower 

institutional ownership of shares had a much higher representation among the more 

volatile momentum reversal and acceleration portfolios 1, 2, 6, and 7.  While there was 

evidence to support the outperforming significance of illiquidity, these findings may not 

necessarily support the other Amihud and Mendelson (2015) findings that the illiquidity 

coefficient is positively priced. 

 (l) Fama and French (2008) detailed a list of anomalous patterns in returns of 

stocks that were not explained by the Capital Asset Pricing Model (CAPM) and later 

concluded that the premier anomaly was momentum.  A review of this list to evaluate the 

context of the current findings with prior literature provides additional insight on the 

nature of the price momentum anomaly.   

 First, Banz (1981) was cited for finding that stocks with low market capitalization 

(small stocks) have abnormally high returns.  The current research found supporting 

evidence that this was true because the momentum portfolios with the highest weekly and 

monthly returns contained disproportionately larger number of small stocks than the more 
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stable control portfolios.  This disproportionality of small stocks to large stocks in the 

portfolios with the largest price movements held true both in market aggregate and across 

each of the eight sectors sampled.   

 Second, Rosenberg, Reid, and Lanstein (1985) and Chan, Hamao, and 

Lakonishok (1991) were cited for finding that stocks with high ratios of book value to 

market value also produced abnormal excess returns.  In the current study, Price to Book 

was a tested ratio variable that did not discriminant well across the seven segments of 

momentum and was not included in any of the nine prediction equations to classify 

expected stock momentum performance.  Despite the lack of predictive power and 

differentiation across all momentum segments, Price to Book did show on average a 

higher mean among the positively performing portfolios 5, 6, and 7 than among the 

negatively performing portfolios 1, 2, and 3.   

 Third, Haugen and Baker (1996) and Cohen, Gompers, and Vuolteenaho (2002) 

were cited for finding that firms that are more profitable have higher average stock 

returns.  In the current study, profitability variables of Price to Earnings, Profit Margin, 

and Earnings per Share were tested across all 7,208 sampled stocks and their respective 

industry sector.  Of these three profitability variables, only the Log of EPS was found to 

have strong discriminant power for classifying momentum and only for those stocks in 

the financial sector (see Equation 6).  In contrast to the findings cited in prior literature, 

firms with the highest EPS were found disproportionately represented more frequently 

among the control portfolios 3, 4, and 5 with stable prices, little momentum, and less 

volatility.  Perhaps the findings in the current study over a shorter sample period during 

high market price volatility created conditions of greater market speculation.  The study 
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may have captured a short-term phenomenon that firms with relatively little or no 

positive earnings per share had disproportionately more representation in the acceleration 

and reversal portfolios with greater price movement.   

 Other listed characteristics from the Fama and French (2008) seminal study on 

anomalies including net stock issues, stock repurchases, and accruals were not examined 

in the current discriminant analysis study.   

 (m) Benou and Richie (2003) analyzed reversal event patterns for a sample of 

large U.S. firms from manufacturing, service, and technology sectors that suffered more 

than 20% declines in a specific month.  Benou and Richie (2003) found that among 

reversal patterns across industries, the magnitude and trend of the observed reversal 

differed substantially among industries. “In particular, it appears that technology stocks 

experience the largest and strongest reversal among our three industry classifications.” 

(Benou & Richie, 2003, p. 37).   

 In the current study, reversal events were not only examined among 

manufacturing (industrial goods), service, and technology similar to Benou and Richie 

(2003), but also examined among five additional sectors of basic materials, consumer 

goods, financial, healthcare, and utilities.  First in evaluating the findings, a review of one 

month and three month price performance of all the sampled sector shows that largest and 

strongest price reversals or price gains were not among the same sectors that Benou and 

Richie (2003) found in their study (see Appendix E.1 and E.2).  Second, based on what is 

generally known about sector rotation and sector investment strategies it is unlikely that 

any particular sector always maintains the largest and strongest reversals over long 

periods of time.  However, what was clear in the findings and validates well the results of 
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Benou and Richie (2003), was that observed reversal patterns across industries, in both 

magnitude and trend, differed substantially among industries.  These differences across 

sectors were most evident in the different signs, coefficients, and variables used for 

accurately classifying reversal events in each of the discriminant function equations that 

were produced (see Equations 3 to 11).  These significant differences reinforce the 

importance of considering stock price momentum within the context of each 

corresponding market sector in development of effective trading strategies. 

 (n) Related to the power of dividend yield percentages tested in the current study, 

Asem (2009) found significant interaction between momentum and announcements of 

dividend changes. While dividend yield percentages were not a significant discriminator 

among any of the industry sectors except utilities, there may be important significance for 

the utility sector where stocks are most often purchased for the dividends they offer.  The 

Asem (2009) study found that buying winners that increased their dividends and shorting 

losers that decreased their dividends enhanced momentum strategies (Chazi et al., 2014).  

This momentum effect also appears to relate closely to the strong discriminating ability 

of the dividend yield percentage observed in this study (see Figure 24).  To the extent that 

enhancing momentum strategies includes both positive and negative price momentum, 

the current discriminant analysis study found statistically significant differentiation 

between the strong momentum portfolios 1, 2, 6, and 7 and the control portfolios 3, 4, 

and 5 that validate the findings of Asem (2009).  Not only were the high momentum 

portfolios and control portfolios significantly differentiated, but similar to the Asem 

(2009) study, the higher the dividend yield percentage increased the more likely a stock 

belonged to a portfolio of high momentum at statistically significant levels.   
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 (o) Jiang and Zhang (2013) found that, “In addition to rational and behavioral 

explanations, it is known that short sale constraint can be the direct cause of stock return 

anomalies” (p. 300).  In the current study, the short ratio was evaluated as a sentiment 

indicator for momentum and reversal event identification.  Although the short ratio is not 

directly a measure of short sale constraint, it does measure the magnitude of short sale 

activity and proxy as investor sentiment toward the expected performance of a stock.  In 

the current study, the short ratio was highly differentiated for stocks in the positively and 

negatively accelerating momentum portfolios 2 and 6 from all other momentum 

portfolios (see Table 6).  This phenomenon could reflect the highly volatile nature of 

stocks with high short ratios that may precipitate rapid declines or large positive reversal 

movement from investors’ urgent need to rapidly cover their short sale positions as stock 

prices rise and “squeeze” short sellers out of negative positions.   While short sale 

constraints documented by Jiang and Zhang (2013) may be a contributing factor of stock 

return anomalies, the related short ratio variable was not a strong discriminant variable 

between the different conditions of price momentum tested in this study. 

 The resulting implications of this discriminant analysis study provided significant 

findings that validated and challenged prior momentum literature with 24 variables from 

fundamental, behavioral, and technical financial theories as well as seven different 

conditions of momentum and eight sectors of market industry.  ANOVA and DDA tests 

of the research hypotheses were found to be statistically significant in identifying 

predictive differences of momentum across all seven momentum conditions and each of 

the eight sectors analyzed.  Additionally, PDA tests resulted in nine discriminant function 

equations that provided highly predictive stock momentum performance for each of the 
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different industry sectors and the total market of stocks from three US exchanges.  

 Regarding potential criticism of the predictive quality of discriminant analysis, 

Altman and Eisenbeis (1978) addressed several important characteristics of MDA that 

remain just as relevant today as when they first defended their famous bankruptcy study 

from critics.  A major criticism was that predictions are only useful if the underlying 

relationships and parameters remain stable over time.  In fact, as Altman and Eisenbeis 

discuss, this is a criticism not just of MDA but also of all “regression and other statistical 

models attempting to project future events based upon past experience” (p. 186).  

 However, unlike their bankruptcy study, in the current study the discriminant 

functions emerged from the stationarity of both the repeated measures of stock 

characteristics and testing over three monthly intervals, a period sufficient to confirm 

stability of the relationships and generate prediction in the short term (1 week to 1 

month).  Yet despite the enhancement of the current study, Altman and Eisenbeis posited 

that the incorporation of a time dimension is not strictly applicable to the concept of 

prediction for discriminant analysis as long as the basic assumptions for using MDA are 

met.  The application of MDA in this study met the required assumptions, used a large 

sample size, tested across three monthly intervals, and used repeated measures of stocks 

within the sample further enhancing validity of the predictive model.  Ultimately, the 

most significant implications of the study found that market elements of momentum were 

predictable at levels substantially higher than chance and certain technical indicators like 

RSI do contribute meaningful predictive signals underlying differing momentum patterns 

when applied multi-dimensionally with other variables. 
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Recommendations 

 Recommendations for practical application.  The results of this study 

demonstrated that discriminant function equations could be developed with highly 

significant statistical predictive accuracy across seven different types of momentum and 

eight different industry sectors.  The practical trading applications using these 

discriminant function equations open many opportunities for future testing by 

practitioners.  The emergence of highly discriminant technical variables like RSI give rise 

to further analysis and a more thorough review of technical trading methods in the 

literature.  It is likely that better application of the Relative Strength Index in combination 

with key secondary discriminant variables, Average True Range, Beta, and Dividend 

Yield would continue to enhance the results from this initial study.  

 Another future recommended course of practical application could extend to 

vector mapping of individual stocks as the variables comprising the discriminant 

functions have continuous characteristics that change with regularity for each stock.  

Rather than simple buy/hold/sell signaling, the vector signals produced among the seven 

momentum portfolios could plot continuous direction and magnitude of expected stock 

drift toward different group centroids where the probability of a new specific momentum 

occurrence increases as the vector draws closer to a particular momentum segment 

centroid.  A theoretical example is shown in Figure 25 where the circles around each 

group centroid represent confidence intervals of 95% for that classification of momentum 

occurrence type.  These probability circles can also be measured and plotted using the 

Mahalanobis distances for each group centroid as calculated in the SPSS analytical 

software.  The vectors represent the size and direction of change from a prior 
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measurement period of the discriminant function equation output for each stock tracked 

in an investment portfolio.  Additionally, several vectors for each stock could be drawn 

representing a one-month, one-quarter, and one-year vector to see how the different 

measurement periods correspond in a co-movement vector toward a new momentum 

condition.  The potential applications and opportunities for future research and trading to 

expand upon these concepts of momentum signaling are numerous. 

 

Figure 25. Vector Signal Plot of Stock Movement among Momentum Groups 

 

 Recommendations for future research.  Areas for future research include 

expanding the momentum segments to include periods of deceleration that were omitted 
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from this study.  Expanding the study to test the 1 month to 3 month, and 3 month to 1 

year reversal conditions to evaluate what significant discriminant variables emerge and 

how each variable’s strength changes over time is a logical next step.  This could further 

test the theory that technical variables are more robust in the short term and fundamental 

variables become increasingly stronger over longer periods.  It may also reveal the role 

that behavioral and sentiment variables play over different periods as well as the 

persistence of momentum anomalies over time.  Further, confirming the results of this 

parametric statistical analysis using Chi-squared tests or other non-parametric tests would 

enhance the generalizability of the outcomes of this research.  The effective power of 

Chi-squared testing (Appendix A.3) was found to be robust for the sample size used in 

this study, but was not applied due to limits of research scope and time. Additional tests 

using rank orders or decile sorts by momentum segments may help overcome the 

heteroskedacity of stock market data that does not conform as well to parametric 

statistical tests.  Testing more and different financial variables may also increase the 

classification accuracies of momentum segments and the corresponding quality of 

predictive equations.  An emphasis on testing additional technical indicators supports the 

findings in this study that technical indicators outperformed both fundamental and 

behavioral variables in the short term.   

 Lastly, the testing of each of the eight sector discriminant function equations 

using out of sample data would be a logical step to validate the predictive capability of 

each equation.  It may be that the predictive quality of each equation is similarly limited 

in effectiveness over time just as the factors within each equation diminish in predictive 

power.  Practitioners should also consider the advantages of regenerating discriminant 
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function equations on daily, weekly, or monthly intervals for the best results according to 

the preferred trading strategies of the individual investor.   

Conclusions 

 The price momentum anomaly has confounded scholars for decades and produced 

well documented returns in excess of expected market returns (Da, Liu, & Schaumburg, 

2011; Fama & French, 2008; Schulmerich et al., 2015).  Among the thousands of market 

pricing irregularities documented in financial research, no other market anomaly has 

generated more interest and defied explanations by researchers longer than price 

momentum (Asness et al., 2014).  The results of this study demonstrated that multiple 

discriminant analysis can provide statistically significant insight about potential drivers 

behind the price momentum anomaly.   This study may be among the first in the 

momentum anomaly literature to leverage MDA from the seminal works of Altman 

(1968) and Taffler (1984), credited with first using financial applications of MDA from 

the biological and behavioral sciences to effectively predict corporate bankruptcies.     

 The results from 96 tests of ANOVA, 48 tests of normality transforms, 48 Post-

Hoc Tukey HSD tests, 15 Kolmogorov-Smirnov (K-S) tests of normality, and more than 

48 tests of descriptive and predictive discriminant analysis showed that several highly 

predictable characteristics of momentum do exist.   Analyzing seven distinct categories of 

momentum across eight industry sectors using 7,208 stocks in repeated measures 

identified that the strongest discriminating power was found among six of the 24 

financial variables tested: RSI, Log of Beta, Log of ATR, Log of Price, Log of Dividend 

Yield, and Log of EPS.  Additionally, technical financial variables were found to explain 

the variance in price momentum better than the behavioral and fundamental variables 
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tested in this short-term study.   

 In all cases tested across the seven different momentum segments and eight 

different industry sectors using 24 financial variables, the null hypotheses were rejected 

in favor of the alternative hypotheses that predictable aspects of momentum were found 

at statistically significant levels.  The momentum classification accuracy of the MDA 

tests exceeded chance probabilities by more than three times across all sectors, but 

showed the best results in Basic Materials, Services, Technology, and Utilities where the 

probability of classification into the correct momentum segments exceeded chance by 

more than four times.   These results support the early findings of Altman (1968) that the 

multidimensional variable approach of MDA, using the entire variable profile 

simultaneously in combination, removes possible ambiguities and misclassifications 

found in standard regression and sequential variable tests more traditionally applied in 

finance.  By revealing predictable elements of market momentum, these results 

significantly challenge principles of the Efficient Market Hypothesis whereby no 

predictable patterns that support excess market returns should exist. 

 These findings of the short-term price momentum anomaly and related reversal 

events provide both a meaningful contribution to the financial literature and potentially 

robust trading advantages for the active investor.    
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Appendix A: Power Analyses – A Priori 

[1] F tests - ANOVA: Repeated measures, within-between interaction 

Analysis: A priori: Compute required sample size  

Input: Effect size f = 0.05 

 α err prob = 0.05 

 Power (1-β err prob) = 0.95 

 Number of groups = 7 

 Number of measurements = 24 

 Corr among rep measures = 0.5 

 Nonsphericity correction ε = 1 

Output: Noncentrality parameter λ = 65.5200000 

 Critical F = 1.2073846 

 Numerator df = 138 

 Denominator df = 12397 

 Total sample size = 546 

 Actual power = 0.9502008 

 

[2] F tests - MANOVA: Repeated measures, within-between interaction 

Options: Pillai V, O'Brien-Shieh Algorithm 

Analysis: A priori: Compute required sample size  

Input: Effect size f(V) = 0.05 

 α err prob = 0.05 

 Power (1-β err prob) = 0.95 

 Number of groups = 7 

 Number of measurements = 24 

Output: Noncentrality parameter λ = 65.2500000 

 Critical F = 1.2066139 

 Numerator df = 138 

 Denominator df = 25956 

 Total sample size = 4350 

 Actual power = 0.9500179 

 Pillai V = 0.0149626 

 

[3] χ² tests - Goodness-of-fit tests: Contingency tables 

Analysis: A priori: Compute required sample size  

Input: Effect size w = 0.2 

 α err prob = 0.05 

 Power (1-β err prob) = 0.95 

 Df = 5 

Output: Noncentrality parameter λ = 19.8000000 

 Critical χ² = 11.0704977 

 Total sample size = 495 

 Actual power = 0.9502155 
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Appendix B: Power Analyses – Actual 

[1] F tests - ANOVA: Repeated measures, within-between interaction 

Analysis: Sensitivity: Compute required effect size  

Input: α err prob = 0.05 

 Power (1-β err prob) = 0.95 

 Total sample size = 7208 

 Number of groups = 7 

 Number of measurements = 24 

 Corr among rep measures = 0.5 

 Nonsphericity correction ε = 1 

Output: Noncentrality parameter λ = 65.0701973 

 Critical F = 1.2060187 

 Numerator df = 138 

 Denominator df = 165623 

 Effect size f = 0.0137140 

 

 

[2] F tests - MANOVA: Repeated measures, within-between interaction 

Options: Pillai V, O'Brien-Shieh Algorithm 

Analysis: Sensitivity: Compute required effect size  

Input: α err prob = 0.05 

 Power (1-β err prob) = 0.95 

 Total sample size = 7208 

 Number of groups = 7 

 Number of measurements = 24 

Output: Noncentrality parameter λ = 65.1630176 

 Critical F = 1.2063332 

 Numerator df = 138 

 Denominator df = 43104 

 Effect size f(V) = 0.0388166 

 Pillai V = 0.009026773 
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Appendix C: ANOVA – Between and Within Groups by Momentum 

ANOVA 

 Sum of Squares df Mean Square F Sig. 

MarketCap Between 

Groups 

(Combined) 115629953761.114 6 19271658960.186 20.359 .000 

Linear Term Unweighted 354231893.307 1 354231893.307 .374 .541 

Weighted 110548003.209 1 110548003.209 .117 .733 

Deviation 115519405757.905 5 23103881151.581 24.407 .000 

Quadratic Term Unweighted 37364464556.759 1 37364464556.759 39.472 .000 

Weighted 87237929148.048 1 87237929148.048 92.159 .000 

Deviation 28281476609.857 4 7070369152.464 7.469 .000 

Cubic Term Unweighted 970647996.801 1 970647996.801 1.025 .311 

Weighted 1191339929.709 1 1191339929.709 1.259 .262 

Deviation 27090136680.148 3 9030045560.049 9.539 .000 

Within Groups 6770135570908.970 7152 946607322.554   

Total 6885765524670.084 7158    

PE Between Groups (Combined) 338372.762 6 56395.460 2.349 .029 

Linear Term Unweighted 69324.381 1 69324.381 2.887 .089 

Weighted 126049.589 1 126049.589 5.250 .022 

Deviation 212323.173 5 42464.635 1.769 .116 

Quadratic 

Term 

Unweighted 49906.821 1 49906.821 2.079 .149 

Weighted 41519.705 1 41519.705 1.729 .189 

Deviation 170803.467 4 42700.867 1.778 .130 

Cubic Term Unweighted 25136.784 1 25136.784 1.047 .306 

Weighted 12445.213 1 12445.213 .518 .472 

Deviation 158358.254 3 52786.085 2.198 .086 

Within Groups 123147589.530 5129 24010.058   

Total 123485962.292 5135    

PS Between Groups (Combined) 12021339.230 6 2003556.538 1.877 .081 

Linear Term Unweighted 1512674.889 1 1512674.889 1.417 .234 

Weighted 170476.772 1 170476.772 .160 .689 

Deviation 11850862.458 5 2370172.492 2.221 .049 

Quadratic 

Term 

Unweighted 1535947.291 1 1535947.291 1.439 .230 

Weighted 5429507.801 1 5429507.801 5.087 .024 

Deviation 6421354.657 4 1605338.664 1.504 .198 

Cubic Term Unweighted 714084.266 1 714084.266 .669 .413 

Weighted 515313.658 1 515313.658 .483 .487 

Deviation 5906040.999 3 1968680.333 1.844 .137 
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Within Groups 7497976669.701 7025 1067327.640   

Total 7509998008.931 7031    

PB Between Groups (Combined) 19799.887 6 3299.981 1.876 .081 

Linear Term Unweighted 124.084 1 124.084 .071 .791 

Weighted 521.706 1 521.706 .297 .586 

Deviation 19278.181 5 3855.636 2.192 .052 

Quadratic 

Term 

Unweighted 1944.066 1 1944.066 1.105 .293 

Weighted 4559.093 1 4559.093 2.592 .107 

Deviation 14719.088 4 3679.772 2.092 .079 

Cubic Term Unweighted 802.161 1 802.161 .456 .500 

Weighted 271.981 1 271.981 .155 .694 

Deviation 14447.107 3 4815.702 2.738 .042 

Within Groups 12058768.636 6855 1759.120   

Total 12078568.522 6861    

PCash Between Groups (Combined) 8003526.551 6 1333921.092 3.483 .002 

Linear Term Unweighted 35552.852 1 35552.852 .093 .761 

Weighted 885515.561 1 885515.561 2.312 .128 

Deviation 7118010.991 5 1423602.198 3.718 .002 

Quadratic 

Term 

Unweighted 119135.806 1 119135.806 .311 .577 

Weighted 1719512.416 1 1719512.416 4.490 .034 

Deviation 5398498.574 4 1349624.644 3.524 .007 

Cubic Term Unweighted 1294031.437 1 1294031.437 3.379 .066 

Weighted 2033648.227 1 2033648.227 5.311 .021 

Deviation 3364850.347 3 1121616.782 2.929 .032 

Within Groups 2702812341.182 7058 382943.092   

Total 2710815867.733 7064    

DivYield Between Groups (Combined) .813 6 .136 31.370 .000 

Linear Term Unweighted .039 1 .039 9.086 .003 

Weighted .022 1 .022 5.116 .024 

Deviation .791 5 .158 36.620 .000 

Quadratic 

Term 

Unweighted .450 1 .450 104.234 .000 

Weighted .642 1 .642 148.547 .000 

Deviation .149 4 .037 8.639 .000 

Cubic Term Unweighted .000 1 .000 .000 .988 

Weighted .003 1 .003 .755 .385 

Deviation .146 3 .049 11.267 .000 

Within Groups 16.895 3911 .004   

Total 17.708 3917    
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EPS Between Groups (Combined) 6939.456 6 1156.576 66.507 .000 

Linear Term Unweighted 154.778 1 154.778 8.900 .003 

Weighted 33.679 1 33.679 1.937 .164 

Deviation 6905.778 5 1381.156 79.421 .000 

Quadratic 

Term 

Unweighted 2165.232 1 2165.232 124.508 .000 

Weighted 4630.583 1 4630.583 266.275 .000 

Deviation 2275.195 4 568.799 32.708 .000 

Cubic Term Unweighted 161.022 1 161.022 9.259 .002 

Weighted 47.483 1 47.483 2.730 .098 

Deviation 2227.712 3 742.571 42.700 .000 

Within Groups 124392.477 7153 17.390   

Total 131331.933 7159    

EPSGrowth Between Groups (Combined) 888.592 6 148.099 1.775 .100 

Linear Term Unweighted 19.015 1 19.015 .228 .633 

Weighted 9.417 1 9.417 .113 .737 

Deviation 879.175 5 175.835 2.107 .062 

Quadratic 

Term 

Unweighted 5.999 1 5.999 .072 .789 

Weighted 9.777 1 9.777 .117 .732 

Deviation 869.399 4 217.350 2.605 .034 

Cubic Term Unweighted 270.684 1 270.684 3.244 .072 

Weighted 211.340 1 211.340 2.533 .112 

Deviation 658.059 3 219.353 2.629 .048 

Within Groups 576736.975 6912 83.440   

Total 577625.568 6918    

SalesGrowth Between Groups (Combined) 246.797 6 41.133 2.727 .012 

Linear Term Unweighted 2.111 1 2.111 .140 .708 

Weighted .834 1 .834 .055 .814 

Deviation 245.962 5 49.192 3.261 .006 

Quadratic 

Term 

Unweighted 20.294 1 20.294 1.345 .246 

Weighted 98.140 1 98.140 6.506 .011 

Deviation 147.823 4 36.956 2.450 .044 

Cubic Term Unweighted 4.795 1 4.795 .318 .573 

Weighted 1.547 1 1.547 .103 .749 

Deviation 146.276 3 48.759 3.232 .021 

Within Groups 104502.899 6928 15.084   

Total 104749.695 6934    

SharesOut Between Groups (Combined) 19130339.314 6 3188389.886 10.800 .000 

Linear Term Unweighted 257.770 1 257.770 .001 .976 
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Weighted 74289.395 1 74289.395 .252 .616 

Deviation 19056049.919 5 3811209.984 12.910 .000 

Quadratic 

Term 

Unweighted 7288365.001 1 7288365.001 24.688 .000 

Weighted 14627419.411 1 14627419.411 49.548 .000 

Deviation 4428630.508 4 1107157.627 3.750 .005 

Cubic Term Unweighted 157252.698 1 157252.698 .533 .466 

Weighted 362941.256 1 362941.256 1.229 .268 

Deviation 4065689.251 3 1355229.750 4.591 .003 

Within Groups 2111393515.171 7152 295217.214   

Total 2130523854.486 7158    

SharesFloat Between Groups (Combined) 18669010.701 6 3111501.783 11.703 .000 

Linear Term Unweighted 6548.262 1 6548.262 .025 .875 

Weighted 74975.372 1 74975.372 .282 .595 

Deviation 18594035.329 5 3718807.066 13.987 .000 

Quadratic 

Term 

Unweighted 7210446.117 1 7210446.117 27.120 .000 

Weighted 14279881.667 1 14279881.667 53.709 .000 

Deviation 4314153.661 4 1078538.415 4.057 .003 

Cubic Term Unweighted 342176.448 1 342176.448 1.287 .257 

Weighted 598375.972 1 598375.972 2.251 .134 

Deviation 3715777.690 3 1238592.563 4.659 .003 

Within Groups 1892485599.228 7118 265873.223   

Total 1911154609.929 7124    

InsiderOwn Between Groups (Combined) .653 6 .109 12.799 .000 

Linear Term Unweighted .040 1 .040 4.742 .029 

Weighted .014 1 .014 1.649 .199 

Deviation .639 5 .128 15.029 .000 

Quadratic 

Term 

Unweighted .399 1 .399 46.874 .000 

Weighted .484 1 .484 56.868 .000 

Deviation .155 4 .039 4.570 .001 

Cubic Term Unweighted .077 1 .077 9.073 .003 

Weighted .088 1 .088 10.356 .001 

Deviation .067 3 .022 2.641 .048 

Within Groups 60.373 7099 .009   

Total 61.026 7105    

InstitOwn Between Groups (Combined) 6.861 6 1.143 25.555 .000 

Linear Term Unweighted .000 1 .000 .001 .970 

Weighted .179 1 .179 4.000 .046 

Deviation 6.682 5 1.336 29.866 .000 
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Quadratic 

Term 

Unweighted 4.154 1 4.154 92.829 .000 

Weighted 4.414 1 4.414 98.661 .000 

Deviation 2.267 4 .567 12.668 .000 

Cubic Term Unweighted 1.274 1 1.274 28.476 .000 

Weighted .838 1 .838 18.732 .000 

Deviation 1.429 3 .476 10.646 .000 

Within Groups 281.886 6300 .045   

Total 288.747 6306    

ShortRatio Between Groups (Combined) 2735.664 6 455.944 19.733 .000 

Linear Term Unweighted 2.541 1 2.541 .110 .740 

Weighted 297.755 1 297.755 12.887 .000 

Deviation 2437.909 5 487.582 21.102 .000 

Quadratic 

Term 

Unweighted 20.428 1 20.428 .884 .347 

Weighted 694.715 1 694.715 30.067 .000 

Deviation 1743.194 4 435.798 18.861 .000 

Cubic Term Unweighted 18.881 1 18.881 .817 .366 

Weighted 31.226 1 31.226 1.351 .245 

Deviation 1711.968 3 570.656 24.697 .000 

Within Groups 166339.615 7199 23.106   

Total 169075.280 7205    

ROA Between Groups (Combined) 19.835 6 3.306 48.953 .000 

Linear Term Unweighted .595 1 .595 8.814 .003 

Weighted .000 1 .000 .004 .949 

Deviation 19.834 5 3.967 58.743 .000 

Quadratic 

Term 

Unweighted 4.633 1 4.633 68.613 .000 

Weighted 12.826 1 12.826 189.932 .000 

Deviation 7.008 4 1.752 25.946 .000 

Cubic Term Unweighted .034 1 .034 .507 .476 

Weighted .045 1 .045 .667 .414 

Deviation 6.963 3 2.321 34.372 .000 

Within Groups 479.255 7097 .068   

Total 499.089 7103    

CurrentRatio Between Groups (Combined) 3518.511 6 586.418 27.307 .000 

Linear Term Unweighted 1.321 1 1.321 .062 .804 

Weighted 256.171 1 256.171 11.929 .001 

Deviation 3262.340 5 652.468 30.383 .000 

Quadratic 

Term 

Unweighted 464.198 1 464.198 21.616 .000 

Weighted 1650.014 1 1650.014 76.835 .000 
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Deviation 1612.325 4 403.081 18.770 .000 

Cubic Term Unweighted 114.340 1 114.340 5.324 .021 

Weighted 112.133 1 112.133 5.222 .022 

Deviation 1500.192 3 500.064 23.286 .000 

Within Groups 121096.129 5639 21.475   

Total 124614.639 5645    

DebtEquity Between Groups (Combined) 1112.738 6 185.456 .746 .613 

Linear Term Unweighted .416 1 .416 .002 .967 

Weighted 1.281 1 1.281 .005 .943 

Deviation 1111.457 5 222.291 .894 .484 

Quadratic 

Term 

Unweighted 114.843 1 114.843 .462 .497 

Weighted 209.492 1 209.492 .842 .359 

Deviation 901.965 4 225.491 .907 .459 

Cubic Term Unweighted 29.871 1 29.871 .120 .729 

Weighted 10.769 1 10.769 .043 .835 

Deviation 891.196 3 297.065 1.194 .310 

Within Groups 1693208.245 6807 248.745   

Total 1694320.983 6813    

GrossMargin Between Groups (Combined) 2.622 6 .437 7.374 .000 

Linear Term Unweighted .000 1 .000 .007 .933 

Weighted .001 1 .001 .016 .899 

Deviation 2.621 5 .524 8.845 .000 

Quadratic 

Term 

Unweighted .085 1 .085 1.432 .232 

Weighted .632 1 .632 10.660 .001 

Deviation 1.989 4 .497 8.392 .000 

Cubic Term Unweighted .071 1 .071 1.203 .273 

Weighted .068 1 .068 1.152 .283 

Deviation 1.921 3 .640 10.805 .000 

Within Groups 351.107 5925 .059   

Total 353.728 5931    

ProfitMargin Between Groups (Combined) 14.476 6 2.413 60.643 .000 

Linear Term Unweighted .057 1 .057 1.431 .232 

Weighted .069 1 .069 1.725 .189 

Deviation 14.408 5 2.882 72.426 .000 

Quadratic 

Term 

Unweighted 3.987 1 3.987 100.211 .000 

Weighted 9.861 1 9.861 247.851 .000 

Deviation 4.547 4 1.137 28.570 .000 

Cubic Term Unweighted .065 1 .065 1.624 .203 
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Weighted .071 1 .071 1.775 .183 

Deviation 4.476 3 1.492 37.501 .000 

Within Groups 260.876 6557 .040   

Total 275.352 6563    

Beta Between Groups (Combined) 185.406 6 30.901 92.801 .000 

Linear Term Unweighted 7.073 1 7.073 21.240 .000 

Weighted .432 1 .432 1.296 .255 

Deviation 184.974 5 36.995 111.102 .000 

Quadratic 

Term 

Unweighted 16.724 1 16.724 50.225 .000 

Weighted 94.001 1 94.001 282.302 .000 

Deviation 90.973 4 22.743 68.302 .000 

Cubic Term Unweighted 2.974 1 2.974 8.932 .003 

Weighted 4.056 1 4.056 12.180 .000 

Deviation 86.917 3 28.972 87.009 .000 

Within Groups 1960.593 5888 .333   

Total 2145.998 5894    

ATR Between Groups (Combined) 66.080 6 11.013 4.522 .000 

Linear Term Unweighted 12.825 1 12.825 5.265 .022 

Weighted 21.817 1 21.817 8.957 .003 

Deviation 44.263 5 8.853 3.635 .003 

Quadratic 

Term 

Unweighted 14.100 1 14.100 5.789 .016 

Weighted 17.379 1 17.379 7.135 .008 

Deviation 26.884 4 6.721 2.759 .026 

Cubic Term Unweighted 9.138 1 9.138 3.752 .053 

Weighted 1.961 1 1.961 .805 .370 

Deviation 24.923 3 8.308 3.411 .017 

Within Groups 17539.361 7201 2.436   

Total 17605.441 7207    

RelStrength Between Groups (Combined) 1145691.104 6 190948.517 3580.472 .000 

Linear Term Unweighted 100706.896 1 100706.896 1888.353 .000 

Weighted 617810.667 1 617810.667 11584.555 .000 

Deviation 527880.437 5 105576.087 1979.655 .000 

Quadratic 

Term 

Unweighted 948.924 1 948.924 17.793 .000 

Weighted 24986.715 1 24986.715 468.525 .000 

Deviation 502893.722 4 125723.431 2357.438 .000 

Cubic Term Unweighted 431587.963 1 431587.963 8092.697 .000 

Weighted 498914.735 1 498914.735 9355.140 .000 

Deviation 3978.987 3 1326.329 24.870 .000 
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Within Groups 383446.629 7190 53.331   

Total 1529137.733 7196    

AnalystRec Between Groups (Combined) 27.251 6 4.542 18.222 .000 

Linear Term Unweighted 7.098 1 7.098 28.478 .000 

Weighted 14.110 1 14.110 56.609 .000 

Deviation 13.141 5 2.628 10.545 .000 

Quadratic 

Term 

Unweighted 1.851 1 1.851 7.428 .006 

Weighted 6.258 1 6.258 25.106 .000 

Deviation 6.884 4 1.721 6.905 .000 

Cubic Term Unweighted .618 1 .618 2.481 .115 

Weighted .002 1 .002 .008 .929 

Deviation 6.882 3 2.294 9.204 .000 

Within Groups 1764.899 7081 .249   

Total 1792.150 7087    

Price Between Groups (Combined) 682945.837 6 113824.306 44.900 .000 

Linear Term Unweighted 12949.873 1 12949.873 5.108 .024 

Weighted 48.499 1 48.499 .019 .890 

Deviation 682897.338 5 136579.468 53.876 .000 

Quadratic 

Term 

Unweighted 237161.106 1 237161.106 93.552 .000 

Weighted 530886.570 1 530886.570 209.417 .000 

Deviation 152010.768 4 38002.692 14.991 .000 

Cubic Term Unweighted 840.400 1 840.400 .332 .565 

Weighted 199.507 1 199.507 .079 .779 

Deviation 151811.261 3 50603.754 19.962 .000 

Within Groups 18255004.875 7201 2535.065   

Total 18937950.712 7207    

PerfWeek Between Groups (Combined) 58.858 6 9.810 2659.437 .000 

Linear Term Unweighted 21.635 1 21.635 5865.195 .000 

Weighted 45.395 1 45.395 12306.730 .000 

Deviation 13.463 5 2.693 729.978 .000 

Quadratic 

Term 

Unweighted .041 1 .041 11.041 .001 

Weighted .002 1 .002 .422 .516 

Deviation 13.462 4 3.365 912.367 .000 

Cubic Term Unweighted 10.534 1 10.534 2855.746 .000 

Weighted 5.456 1 5.456 1479.256 .000 

Deviation 8.005 3 2.668 723.404 .000 

Within Groups 26.558 7200 .004   

Total 85.417 7206    
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PerfMonth Between Groups (Combined) 126.345 6 21.057 1368.492 .000 

Linear Term Unweighted 1.151 1 1.151 74.820 .000 

Weighted 37.747 1 37.747 2453.140 .000 

Deviation 88.597 5 17.719 1151.562 .000 

Quadratic 

Term 

Unweighted .022 1 .022 1.444 .230 

Weighted 1.577 1 1.577 102.509 .000 

Deviation 87.020 4 21.755 1413.826 .000 

Cubic Term Unweighted 86.167 1 86.167 5599.892 .000 

Weighted 76.032 1 76.032 4941.200 .000 

Deviation 10.988 3 3.663 238.035 .000 

Within Groups 110.758 7198 .015   

Total 237.103 7204    
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Appendix D: ANOVA – Between and Within Groups by Sector 

 

ANOVA 

 Sum of Squares df Mean Square F Sig. 

MarketCap Between Groups 20997444490.156 7 2999634927.165 3.125 .003 

Within Groups 6864768080179.925 7151 959973161.821   

Total 6885765524670.080 7158    

PE Between Groups 1587881.160 7 226840.166 9.543 .000 

Within Groups 121898081.131 5128 23771.077   

Total 123485962.292 5135    

PS Between Groups 112000598.452 7 16000085.493 15.191 .000 

Within Groups 7397997410.478 7024 1053245.645   

Total 7509998008.931 7031    

PB Between Groups 37803.818 7 5400.545 3.074 .003 

Within Groups 12040764.704 6854 1756.750   

Total 12078568.522 6861    

PCash Between Groups 37002137.985 7 5286019.712 13.951 .000 

Within Groups 2673813729.749 7057 378888.158   

Total 2710815867.733 7064    

DivYield Between Groups 1.961 7 .280 69.559 .000 

Within Groups 15.747 3910 .004   

Total 17.708 3917    

EPS Between Groups 7484.210 7 1069.173 61.743 .000 

Within Groups 123847.723 7152 17.317   

Total 131331.933 7159    

EPSGrowth Between Groups 2630.670 7 375.810 4.517 .000 

Within Groups 574994.898 6911 83.200   

Total 577625.568 6918    

SalesGrowth Between Groups 1124.288 7 160.613 10.736 .000 

Within Groups 103625.408 6927 14.960   

Total 104749.695 6934    

SharesOut Between Groups 8482257.115 7 1211751.016 4.083 .000 

Within Groups 2122041597.371 7151 296747.531   

Total 2130523854.486 7158    

SharesFloat Between Groups 7526308.392 7 1075186.913 4.020 .000 

Within Groups 1903628301.537 7117 267476.226   
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Total 1911154609.929 7124    

InsiderOwn Between Groups .999 7 .143 16.883 .000 

Within Groups 60.026 7098 .008   

Total 61.026 7105    

InstitOwn Between Groups 13.976 7 1.997 45.772 .000 

Within Groups 274.770 6299 .044   

Total 288.747 6306    

ShortRatio Between Groups 6907.768 7 986.824 43.801 .000 

Within Groups 162167.512 7198 22.530   

Total 169075.280 7205    

ROA Between Groups 49.781 7 7.112 112.314 .000 

Within Groups 449.308 7096 .063   

Total 499.089 7103    

CurrentRatio Between Groups 25696.151 7 3670.879 209.227 .000 

Within Groups 98918.489 5638 17.545   

Total 124614.639 5645    

DebtEquity Between Groups 4889.702 7 698.529 2.814 .006 

Within Groups 1689431.281 6806 248.227   

Total 1694320.983 6813    

GrossMargin Between Groups 69.085 7 9.869 205.400 .000 

Within Groups 284.643 5924 .048   

Total 353.728 5931    

ProfitMargin Between Groups 33.353 7 4.765 129.082 .000 

Within Groups 241.999 6556 .037   

Total 275.352 6563    

Beta Between Groups 207.817 7 29.688 90.174 .000 

Within Groups 1938.181 5887 .329   

Total 2145.998 5894    

ATR Between Groups 360.357 7 51.480 21.493 .000 

Within Groups 17245.085 7200 2.395   

Total 17605.441 7207    

RelStrength Between Groups 54231.601 7 7747.372 37.762 .000 

Within Groups 1474906.132 7189 205.162   

Total 1529137.733 7196    

AnalystRec Between Groups 140.180 7 20.026 85.826 .000 

Within Groups 1651.970 7080 .233   

Total 1792.150 7087    

Price Between Groups 251560.765 7 35937.252 13.847 .000 
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Within Groups 18686389.947 7200 2595.332   

Total 18937950.712 7207    

PerfWeek Between Groups 2.197 7 .314 27.157 .000 

Within Groups 83.219 7199 .012   

Total 85.417 7206    

PerfMonth Between Groups 2.710 7 .387 11.889 .000 

Within Groups 234.392 7197 .033   

Total 237.103 7204    
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Appendix E: Baseline 2016 Quarter 1 Market Performance 

[1] Performance by Sector 2016 Q1 

 
[2] Chart of S& P 500 Market performance from 2015 Dec to 2016 Mar 
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Appendix F: Sector 1 Basic Materials – Multiple Discriminant Analysis Results 

[1] Sector 1 - Variables Entered/Removed
a,b,c,d 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic df1 df2 Sig. 

1 RelStrength .235 1 6 636.0 345.757 6 636.0 .000     

2 Price_Log .188 2 6 636.0 138.009 12 1270.0 .000     

3 ATR_Log .164 3 6 636.0     89.152 18 1793.708 .000 

4 Beta_Log .158 4 6 636.0     64.256 24 2209.483 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 8. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 1 - Classification Function Coefficients by Momentum Group 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

ATR_Log -45.937 -46.159 -52.599 -52.365 -52.554 -48.339 -45.894 

Price_Log 44.531 44.135 50.659 51.079 51.301 45.802 43.992 

RelStrength 1.210 .889 .988 1.287 1.523 1.611 1.237 

Beta_Log 214.761 224.287 221.137 222.536 226.680 230.824 228.054 

(Constant) -122.886 -115.511 -124.983 -139.756 -156.094 -157.715 -132.129 

Fisher's linear discriminant functions 

 

[3] Sector 1 - Eigenvalues 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.299a 87.8 87.8 .876 

2 .418a 11.1 98.9 .543 

3 .033a .9 99.8 .179 

4 .007a .2 100.0 .083 

a. First 4 canonical discriminant functions were used in the analysis. 
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[4] Sector 1 - Wilks' Lambda Results 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 4 .158 1175.590 24 .000 

2 through 4 .678 247.379 15 .000 

3 through 4 .961 25.200 8 .001 

4 .993 4.411 3 .220 

 

[5] Sector 1 - Canonical Discriminant Function Coefficients 

 

Function 

1 2 3 4 

ATR_Log -.483 -4.279 -3.503 4.236 

Price_Log .491 4.770 2.392 -1.321 

RelStrength .146 -.006 -.001 .008 

Beta_Log 1.247 -2.929 15.423 7.433 

(Constant) -8.504 -3.670 -12.825 -3.629 

Unstandardized coefficients 

 
 
[6] Sector 1 – Classification Results by Momentum Group 

 
Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total    1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases Selected Original Count 1.00 19 5 2 5 5 1 5 42 

2.00 9 101 19 2 0 0 9 140 

3.00 16 10 55 2 0 0 10 93 

4.00 16 1 17 44 23 0 15 116 

5.00 6 0 0 5 59 9 6 85 

6.00 5 0 0 0 15 73 10 103 

7.00 17 3 1 7 0 3 33 64 

% 1.00 45.2 11.9 4.8 11.9 11.9 2.4 11.9 100.0 

2.00 6.4 72.1 13.6 1.4 .0 .0 6.4 100.0 

3.00 17.2 10.8 59.1 2.2 .0 .0 10.8 100.0 

4.00 13.8 .9 14.7 37.9 19.8 .0 12.9 100.0 

5.00 7.1 .0 .0 5.9 69.4 10.6 7.1 100.0 

6.00 4.9 .0 .0 .0 14.6 70.9 9.7 100.0 

7.00 26.6 4.7 1.6 10.9 .0 4.7 51.6 100.0 

Cross-

validatedc 

Count 1.00 17 5 2 6 5 1 6 42 

2.00 9 101 19 2 0 0 9 140 

3.00 16 10 55 2 0 0 10 93 

4.00 16 1 17 44 23 0 15 116 

5.00 6 0 0 5 57 11 6 85 

6.00 5 0 0 0 16 72 10 103 
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7.00 18 4 1 7 0 3 31 64 

% 1.00 40.5 11.9 4.8 14.3 11.9 2.4 14.3 100.0 

2.00 6.4 72.1 13.6 1.4 .0 .0 6.4 100.0 

3.00 17.2 10.8 59.1 2.2 .0 .0 10.8 100.0 

4.00 13.8 .9 14.7 37.9 19.8 .0 12.9 100.0 

5.00 7.1 .0 .0 5.9 67.1 12.9 7.1 100.0 

6.00 4.9 .0 .0 .0 15.5 69.9 9.7 100.0 

7.00 28.1 6.3 1.6 10.9 .0 4.7 48.4 100.0 

Cases Not 

Selected 

Original Count 1.00 30 2 16 34 33 9 21 145 

2.00 14 409 305 3 0 0 5 736 

3.00 29 46 1123 80 5 0 19 1302 

4.00 65 8 359 820 291 1 37 1581 

5.00 6 1 1 85 883 72 21 1069 

6.00 9 0 0 7 78 108 21 223 

7.00 27 27 40 48 12 2 38 194 

% 1.00 20.7 1.4 11.0 23.4 22.8 6.2 14.5 100.0 

2.00 1.9 55.6 41.4 .4 .0 .0 .7 100.0 

3.00 2.2 3.5 86.3 6.1 .4 .0 1.5 100.0 

4.00 4.1 .5 22.7 51.9 18.4 .1 2.3 100.0 

5.00 .6 .1 .1 8.0 82.6 6.7 2.0 100.0 

6.00 4.0 .0 .0 3.1 35.0 48.4 9.4 100.0 

7.00 13.9 13.9 20.6 24.7 6.2 1.0 19.6 100.0 

a. 59.7% of selected original grouped cases correctly classified. 

b. 65.0% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 58.6% of selected cross-validated grouped cases correctly classified. 
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Appendix G: Sector 2 Consumer Goods – Multiple Discriminant Analysis Results 

 

[1] Sector 2 - Variables Entered/Removed
a,b,c,d

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 RelStrength .238 1 6 508.000 271.656 6 508.000 .000 

2 Beta_Log .201 2 6 508.000 104.014 12 1014.000 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 4. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 2 - Classification Function Coefficients 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength 1.249 .764 .877 1.147 1.442 1.537 1.100 

Beta_Log 216.551 223.047 216.695 211.814 230.914 243.297 231.996 

(Constant) -100.932 -84.505 -84.122 -92.738 -121.367 -135.736 -102.966 

Fisher's linear discriminant functions 

 

[3] Sector 2 - Eigenvalues 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.263a 95.1 95.1 .875 

2 .167a 4.9 100.0 .379 

a. First 2 canonical discriminant functions were used in the analysis. 

 

[4] Sector 2 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 2 .201 817.666 12 .000 

2 .857 78.846 5 .000 
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[5] Sector 2 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 

RelStrength .137 .001 

Beta_Log 2.427 18.057 

(Constant) -8.060 -11.133 

Unstandardized coefficients 

 
 
[6] Sector 2 – Classification Results by Momentum Group 
 
Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total    1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases Selected Original Count 1.00 5 0 1 2 3 0 3 14 

2.00 1 45 14 1 0 0 5 66 

3.00 0 41 59 7 2 0 15 124 

4.00 39 2 17 70 8 1 22 159 

5.00 16 0 0 2 66 34 2 120 

6.00 0 0 0 0 8 7 0 15 

7.00 5 1 3 2 0 0 6 17 

% 1.00 35.7 .0 7.1 14.3 21.4 .0 21.4 100.0 

2.00 1.5 68.2 21.2 1.5 .0 .0 7.6 100.0 

3.00 .0 33.1 47.6 5.6 1.6 .0 12.1 100.0 

4.00 24.5 1.3 10.7 44.0 5.0 .6 13.8 100.0 

5.00 13.3 .0 .0 1.7 55.0 28.3 1.7 100.0 

6.00 .0 .0 .0 .0 53.3 46.7 .0 100.0 

7.00 29.4 5.9 17.6 11.8 .0 .0 35.3 100.0 

Cross-

validatedc 

Count 1.00 5 0 1 2 3 0 3 14 

2.00 1 45 14 1 0 0 5 66 

3.00 0 41 59 7 2 0 15 124 

4.00 39 2 17 70 8 1 22 159 

5.00 17 0 0 2 64 34 3 120 

6.00 0 0 0 0 9 6 0 15 

7.00 5 1 3 2 0 0 6 17 

% 1.00 35.7 .0 7.1 14.3 21.4 .0 21.4 100.0 

2.00 1.5 68.2 21.2 1.5 .0 .0 7.6 100.0 

3.00 .0 33.1 47.6 5.6 1.6 .0 12.1 100.0 

4.00 24.5 1.3 10.7 44.0 5.0 .6 13.8 100.0 

5.00 14.2 .0 .0 1.7 53.3 28.3 2.5 100.0 

6.00 .0 .0 .0 .0 60.0 40.0 .0 100.0 

7.00 29.4 5.9 17.6 11.8 .0 .0 35.3 100.0 

Cases Not 

Selected 

Original Count 1.00 33 2 12 46 19 9 52 173 

2.00 0 573 166 17 0 0 54 810 

3.00 3 432 575 78 2 0 181 1271 

4.00 387 16 213 473 114 18 317 1538 

5.00 214 0 1 10 538 220 51 1034 

6.00 36 0 0 4 103 148 20 311 
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7.00 23 8 32 44 12 3 119 241 

% 1.00 19.1 1.2 6.9 26.6 11.0 5.2 30.1 100.0 

2.00 .0 70.7 20.5 2.1 .0 .0 6.7 100.0 

3.00 .2 34.0 45.2 6.1 .2 .0 14.2 100.0 

4.00 25.2 1.0 13.8 30.8 7.4 1.2 20.6 100.0 

5.00 20.7 .0 .1 1.0 52.0 21.3 4.9 100.0 

6.00 11.6 .0 .0 1.3 33.1 47.6 6.4 100.0 

7.00 9.5 3.3 13.3 18.3 5.0 1.2 49.4 100.0 

a. 50.1% of selected original grouped cases correctly classified. 

b. 45.7% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 49.5% of selected cross-validated grouped cases correctly classified. 
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Appendix H: Sector 3 Financial – Multiple Discriminant Analysis Results 

[1] Sector 3 - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic df1 df2 Sig. 

1 RelStrength .236 1 6 1229.0 661.841 6 1229.0 .000     

2 Beta_Log .208 2 6 1229.0 244.497 12 2456.0 .000     

3 EPS_Log .197 3 6 1229.0     149.4 18 3470.9 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 6. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 3 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength .852 .336 .488 .827 1.106 1.164 .737 

Beta_Log 1227.793 1235.171 1222.176 1215.782 1230.532 1251.210 1234.916 

EPS_Log 21421.625 21240.551 21221.911 21221.895 21224.550 21293.260 21247.600 

(Constant) -23957.625 -23545.350 -23501.187 -23511.797 -23542.417 -23709.166 -23575.122 

Fisher's linear discriminant functions 

 

[3] Sector 3 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.236a 94.5 94.5 .874 

2 .148a 4.3 98.8 .359 

3 .042a 1.2 100.0 .200 

a. First 3 canonical discriminant functions were used in the analysis. 
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[4] Sector 3 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 3 .197 1995.779 18 .000 

2 through 3 .836 220.147 10 .000 

3 .960 50.078 4 .000 

 

 

[5] Sector 3 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 3 

RelStrength .144 .009 -.008 

Beta_Log .825 21.051 -2.561 

EPS_Log 1.435 31.610 92.859 

(Constant) -10.425 -82.124 -200.493 

Unstandardized coefficients 

 

 

[6] Sector 3 – Classification Results by Momentum Group 
 
Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total    1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases Selected Original Count 1.00 2 0 1 1 3 2 2 11 

2.00 0 72 16 0 0 0 1 89 

3.00 0 108 196 25 1 1 52 383 

4.00 1 1 57 210 73 12 71 425 

5.00 1 0 0 18 167 65 4 255 

6.00 1 0 0 0 11 25 0 37 

7.00 1 1 6 7 2 1 18 36 

% 1.00 18.2 .0 9.1 9.1 27.3 18.2 18.2 100.0 

2.00 .0 80.9 18.0 .0 .0 .0 1.1 100.0 

3.00 .0 28.2 51.2 6.5 .3 .3 13.6 100.0 

4.00 .2 .2 13.4 49.4 17.2 2.8 16.7 100.0 

5.00 .4 .0 .0 7.1 65.5 25.5 1.6 100.0 

6.00 2.7 .0 .0 .0 29.7 67.6 .0 100.0 

7.00 2.8 2.8 16.7 19.4 5.6 2.8 50.0 100.0 

Cross-

validatedc 

Count 1.00 2 0 1 1 3 2 2 11 

2.00 0 72 16 0 0 0 1 89 

3.00 0 108 196 25 1 1 52 383 

4.00 1 1 57 210 72 13 71 425 

5.00 1 0 0 18 167 65 4 255 

6.00 1 0 0 0 11 25 0 37 

7.00 1 1 6 8 2 1 17 36 



217 

 

 

% 1.00 18.2 .0 9.1 9.1 27.3 18.2 18.2 100.0 

2.00 .0 80.9 18.0 .0 .0 .0 1.1 100.0 

3.00 .0 28.2 51.2 6.5 .3 .3 13.6 100.0 

4.00 .2 .2 13.4 49.4 16.9 3.1 16.7 100.0 

5.00 .4 .0 .0 7.1 65.5 25.5 1.6 100.0 

6.00 2.7 .0 .0 .0 29.7 67.6 .0 100.0 

7.00 2.8 2.8 16.7 22.2 5.6 2.8 47.2 100.0 

Cases Not 

Selected 

Original Count 1.00 10 2 4 56 24 16 64 176 

2.00 19 506 192 14 0 0 56 787 

3.00 10 257 499 55 2 1 188 1012 

4.00 41 13 154 526 154 67 317 1272 

5.00 19 0 1 59 474 315 31 899 

6.00 18 0 0 18 57 183 13 289 

7.00 19 8 29 47 7 15 97 222 

% 1.00 5.7 1.1 2.3 31.8 13.6 9.1 36.4 100.0 

2.00 2.4 64.3 24.4 1.8 .0 .0 7.1 100.0 

3.00 1.0 25.4 49.3 5.4 .2 .1 18.6 100.0 

4.00 3.2 1.0 12.1 41.4 12.1 5.3 24.9 100.0 

5.00 2.1 .0 .1 6.6 52.7 35.0 3.4 100.0 

6.00 6.2 .0 .0 6.2 19.7 63.3 4.5 100.0 

7.00 8.6 3.6 13.1 21.2 3.2 6.8 43.7 100.0 

a. 55.8% of selected original grouped cases correctly classified. 

b. 49.3% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 55.7% of selected cross-validated grouped cases correctly classified. 
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Appendix I: Sector 4 Healthcare – Multiple Discriminant Analysis Results 

[1] Sector 4 - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic df1 df2 Sig. 

1 RelStrength .316 1 6 664.0 239.3 6 664.0 .000     

2 Price_Log .239 2 6 664.0 115.4 12 1326.0 .000     

3 ATR_Log .198 3 6 664.0     80.3 18 1872.9 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 8. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 4 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength .801 .442 .524 .749 1.017 1.059 .689 

ATR_Log -38.637 -37.760 -43.409 -43.385 -38.610 -34.385 -33.328 

Price_Log 34.568 33.663 39.861 40.347 35.070 29.809 29.575 

(Constant) -44.040 -28.580 -39.263 -49.521 -56.586 -52.705 -32.971 

Fisher's linear discriminant functions 

 

[3] Sector 4 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 2.165a 78.6 78.6 .827 

2 .582a 21.1 99.7 .606 

3 .008a .3 100.0 .087 

a. First 3 canonical discriminant functions were used in the analysis. 
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[4] Sector 4 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 3 .198 1076.146 18 .000 

2 through 3 .628 309.897 10 .000 

3 .993 4.996 4 .288 

 

[5] Sector 4 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 3 

RelStrength .139 -.019 .009 

ATR_Log .220 -4.513 4.965 

Price_Log -.159 5.060 -2.563 

(Constant) -5.855 -5.883 3.000 

Unstandardized coefficients 

 

[6] Sector 4 – Classification Results by Momentum Group 
 

Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total 
   

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases 

Selected 

Original Count 1.00 9 1 1 7 3 4 14 39 

2.00 2 194 36 0 0 0 47 279 

3.00 3 20 100 11 0 0 25 159 

4.00 38 8 47 86 37 2 41 259 

5.00 12 0 0 3 49 30 8 102 

6.00 10 0 0 0 7 55 6 78 

7.00 7 9 2 0 0 2 53 73 

% 1.00 23.1 2.6 2.6 17.9 7.7 10.3 35.9 100.0 

2.00 .7 69.5 12.9 .0 .0 .0 16.8 100.0 

3.00 1.9 12.6 62.9 6.9 .0 .0 15.7 100.0 

4.00 14.7 3.1 18.1 33.2 14.3 .8 15.8 100.0 

5.00 11.8 .0 .0 2.9 48.0 29.4 7.8 100.0 

6.00 12.8 .0 .0 .0 9.0 70.5 7.7 100.0 

7.00 9.6 12.3 2.7 .0 .0 2.7 72.6 100.0 

Cross- Count 1.00 8 1 1 7 3 5 14 39 
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validatedc 2.00 2 190 37 0 0 0 50 279 

3.00 3 20 100 11 0 0 25 159 

4.00 37 8 48 85 38 2 41 259 

5.00 12 0 0 4 48 30 8 102 

6.00 10 0 0 0 7 55 6 78 

7.00 7 9 2 0 0 2 53 73 

% 1.00 20.5 2.6 2.6 17.9 7.7 12.8 35.9 100.0 

2.00 .7 68.1 13.3 .0 .0 .0 17.9 100.0 

3.00 1.9 12.6 62.9 6.9 .0 .0 15.7 100.0 

4.00 14.3 3.1 18.5 32.8 14.7 .8 15.8 100.0 

5.00 11.8 .0 .0 3.9 47.1 29.4 7.8 100.0 

6.00 12.8 .0 .0 .0 9.0 70.5 7.7 100.0 

7.00 9.6 12.3 2.7 .0 .0 2.7 72.6 100.0 

Cases Not 

Selected 

Original Count 1.00 53 1 12 29 52 22 45 214 

2.00 4 489 290 6 0 2 110 901 

3.00 71 66 1103 132 6 0 67 1445 

4.00 250 4 256 888 315 27 26 1766 

5.00 40 0 0 60 1042 92 3 1237 

6.00 14 0 0 1 129 216 1 361 

7.00 86 16 33 39 20 18 72 284 

% 1.00 24.8 .5 5.6 13.6 24.3 10.3 21.0 100.0 

2.00 .4 54.3 32.2 .7 .0 .2 12.2 100.0 

3.00 4.9 4.6 76.3 9.1 .4 .0 4.6 100.0 

4.00 14.2 .2 14.5 50.3 17.8 1.5 1.5 100.0 

5.00 3.2 .0 .0 4.9 84.2 7.4 .2 100.0 

6.00 3.9 .0 .0 .3 35.7 59.8 .3 100.0 

7.00 30.3 5.6 11.6 13.7 7.0 6.3 25.4 100.0 

a. 55.2% of selected original grouped cases correctly classified. 

b. 62.2% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 54.5% of selected cross-validated grouped cases correctly classified. 
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Appendix J: Sector 5 Industrial Goods – Multiple Discriminant Analysis Results 

[1] Sector 5 - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 RelStrength .208 1 6 494.000 314.352 6 494.000 .000 

2 Beta_Log .192 2 6 494.000 105.448 12 986.000 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 4. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 5 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength 1.118 .665 .759 1.059 1.351 1.435 .986 

Beta_Log 247.512 254.178 243.461 240.534 250.313 259.513 242.255 

(Constant) -109.890 -95.797 -91.766 -102.498 -125.403 -136.942 -100.065 

Fisher's linear discriminant functions 

 

[3] Sector 5 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.826a 97.9 97.9 .890 

2 .080a 2.1 100.0 .273 

a. First 2 canonical discriminant functions were used in the analysis. 

 

[4] Sector 5 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 2 .192 818.211 12 .000 

2 .926 38.271 5 .000 
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[5] Sector 5 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 

RelStrength .138 .003 

Beta_Log .901 19.353 

(Constant) -7.225 -12.417 

Unstandardized coefficients 

 

[6] Sector 5 – Classification Results by Momentum Group 

 

Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total 
   

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases 

Selected 

Original Count 1.00 0 0 1 0 5 1 5 12 

2.00 0 42 17 0 0 0 1 60 

3.00 1 44 53 3 1 0 26 128 

4.00 35 3 12 32 16 1 26 125 

5.00 16 0 0 2 68 43 1 130 

6.00 2 0 0 0 11 17 0 30 

7.00 4 1 2 3 1 0 5 16 

% 1.00 .0 .0 8.3 .0 41.7 8.3 41.7 100.0 

2.00 .0 70.0 28.3 .0 .0 .0 1.7 100.0 

3.00 .8 34.4 41.4 2.3 .8 .0 20.3 100.0 

4.00 28.0 2.4 9.6 25.6 12.8 .8 20.8 100.0 

5.00 12.3 .0 .0 1.5 52.3 33.1 .8 100.0 

6.00 6.7 .0 .0 .0 36.7 56.7 .0 100.0 

7.00 25.0 6.3 12.5 18.8 6.3 .0 31.3 100.0 

Cross-

validatedc 

Count 1.00 0 0 1 0 5 1 5 12 

2.00 0 42 17 0 0 0 1 60 

3.00 1 45 52 3 1 0 26 128 

4.00 35 3 12 32 16 1 26 125 

5.00 16 0 0 2 68 43 1 130 

6.00 2 0 0 0 11 17 0 30 

7.00 4 1 3 3 1 0 4 16 

% 1.00 .0 .0 8.3 .0 41.7 8.3 41.7 100.0 

2.00 .0 70.0 28.3 .0 .0 .0 1.7 100.0 
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3.00 .8 35.2 40.6 2.3 .8 .0 20.3 100.0 

4.00 28.0 2.4 9.6 25.6 12.8 .8 20.8 100.0 

5.00 12.3 .0 .0 1.5 52.3 33.1 .8 100.0 

6.00 6.7 .0 .0 .0 36.7 56.7 .0 100.0 

7.00 25.0 6.3 18.8 18.8 6.3 .0 25.0 100.0 

Cases Not 

Selected 

Original Count 1.00 41 5 6 46 25 6 46 175 

2.00 3 496 270 7 0 0 40 816 

3.00 15 289 663 32 2 0 266 1267 

4.00 333 14 154 511 165 17 378 1572 

5.00 152 0 1 43 624 200 4 1024 

6.00 45 0 0 13 102 136 0 296 

7.00 74 15 32 34 12 1 74 242 

% 1.00 23.4 2.9 3.4 26.3 14.3 3.4 26.3 100.0 

2.00 .4 60.8 33.1 .9 .0 .0 4.9 100.0 

3.00 1.2 22.8 52.3 2.5 .2 .0 21.0 100.0 

4.00 21.2 .9 9.8 32.5 10.5 1.1 24.0 100.0 

5.00 14.8 .0 .1 4.2 60.9 19.5 .4 100.0 

6.00 15.2 .0 .0 4.4 34.5 45.9 .0 100.0 

7.00 30.6 6.2 13.2 14.0 5.0 .4 30.6 100.0 

a. 43.3% of selected original grouped cases correctly classified. 

b. 47.2% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 42.9% of selected cross-validated grouped cases correctly classified. 
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Appendix K: Sector 6 Services – Multiple Discriminant Analysis Results 

[1] Sector 6 - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic df1 df2 Sig. 

1 RelStrength .225 1 6 1352.0 774.4 6 1352.0 .000     

2 Price_Log .206 2 6 1352.0 270.4 12 2702.0 .000     

3 ATR_Log .171 3 6 1352.0     183.7 18 3818.8 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 6. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 6 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength 1.051 .577 .713 .990 1.292 1.351 .907 

ATR_Log -59.158 -56.961 -64.374 -66.016 -63.881 -58.022 -55.796 

Price_Log 56.398 54.804 62.199 63.727 62.531 55.457 53.576 

(Constant) -66.669 -45.481 -59.974 -73.880 -89.234 -83.324 -56.005 

Fisher's linear discriminant functions 

 

[3] Sector 6 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.479a 92.1 92.1 .881 

2 .285a 7.5 99.6 .471 

3 .015a .4 100.0 .120 

a. First 3 canonical discriminant functions were used in the analysis. 

 

[4] Sector 6 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 
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1 through 3 .171 2387.279 18 .000 

2 through 3 .767 358.564 10 .000 

3 .986 19.516 4 .001 

 

[5] Sector 6 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 3 

RelStrength .141 -.014 .000 

ATR_Log -.585 -6.277 3.785 

Price_Log .684 6.403 -.953 

(Constant) -7.498 -8.461 1.368 

Unstandardized coefficients 

 

 

[6] Sector 6 – Classification Results by Momentum Group 

 

Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total 
   

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases 

Selected 

Original Count 1.00 18 0 0 6 8 3 14 49 

2.00 0 163 30 0 0 0 20 213 

3.00 3 36 222 26 0 0 47 334 

4.00 60 2 54 162 46 2 31 357 

5.00 32 0 0 14 192 41 2 281 

6.00 8 0 0 1 13 44 3 69 

7.00 12 8 4 6 2 2 22 56 

% 1.00 36.7 .0 .0 12.2 16.3 6.1 28.6 100.0 

2.00 .0 76.5 14.1 .0 .0 .0 9.4 100.0 

3.00 .9 10.8 66.5 7.8 .0 .0 14.1 100.0 

4.00 16.8 .6 15.1 45.4 12.9 .6 8.7 100.0 

5.00 11.4 .0 .0 5.0 68.3 14.6 .7 100.0 

6.00 11.6 .0 .0 1.4 18.8 63.8 4.3 100.0 

7.00 21.4 14.3 7.1 10.7 3.6 3.6 39.3 100.0 

Cross-

validatedc 

Count 1.00 16 0 0 6 8 4 15 49 

2.00 0 161 32 0 0 0 20 213 

3.00 3 36 221 26 0 0 48 334 
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4.00 60 2 54 162 46 2 31 357 

5.00 32 0 0 14 191 42 2 281 

6.00 9 0 0 1 13 43 3 69 

7.00 12 8 4 6 2 2 22 56 

% 1.00 32.7 .0 .0 12.2 16.3 8.2 30.6 100.0 

2.00 .0 75.6 15.0 .0 .0 .0 9.4 100.0 

3.00 .9 10.8 66.2 7.8 .0 .0 14.4 100.0 

4.00 16.8 .6 15.1 45.4 12.9 .6 8.7 100.0 

5.00 11.4 .0 .0 5.0 68.0 14.9 .7 100.0 

6.00 13.0 .0 .0 1.4 18.8 62.3 4.3 100.0 

7.00 21.4 14.3 7.1 10.7 3.6 3.6 39.3 100.0 

Cases Not 

Selected 

Original Count 1.00 42 3 5 19 25 15 95 204 

2.00 1 701 110 4 1 0 150 967 

3.00 16 146 809 109 3 0 187 1270 

4.00 214 13 195 747 301 10 188 1668 

5.00 117 0 0 39 697 178 27 1058 

6.00 65 0 0 0 37 255 13 370 

7.00 71 20 22 28 3 3 154 301 

% 1.00 20.6 1.5 2.5 9.3 12.3 7.4 46.6 100.0 

2.00 .1 72.5 11.4 .4 .1 .0 15.5 100.0 

3.00 1.3 11.5 63.7 8.6 .2 .0 14.7 100.0 

4.00 12.8 .8 11.7 44.8 18.0 .6 11.3 100.0 

5.00 11.1 .0 .0 3.7 65.9 16.8 2.6 100.0 

6.00 17.6 .0 .0 .0 10.0 68.9 3.5 100.0 

7.00 23.6 6.6 7.3 9.3 1.0 1.0 51.2 100.0 

a. 60.6% of selected original grouped cases correctly classified. 

b. 58.3% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 60.0% of selected cross-validated grouped cases correctly classified. 
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Appendix L: Sector 7 Technology – Multiple Discriminant Analysis Results 

[1] Sector 7 - Variables Entered/Removed
a,b,c,d 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic 

df

1 df2 Sig. 

1 RelStrength .205 1 6 278.0 179.293 6 278.0 .000     

2 Price_Log .189 2 6 278.0 59.962 12 554.0 .000     

3 ATR_Log .162 3 6 278.0     39.108 18 781.131 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 30. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 7 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

ATR_Log -40.014 -39.653 -45.410 -47.373 -45.285 -39.695 -39.364 

Price_Log 40.710 40.254 46.111 47.832 46.023 39.953 39.521 

RelStrength 1.047 .551 .684 .991 1.266 1.290 .928 

(Constant) -55.678 -35.069 -47.150 -62.698 -75.717 -69.213 -48.242 

Fisher's linear discriminant functions 

 

[3] Sector 7 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.683a 92.8 92.8 .887 

2 .283a 7.1 99.9 .470 

3 .004a .1 100.0 .059 

a. First 3 canonical discriminant functions were used in the analysis. 

 

 

[4] Sector 7 - Wilks' Lambda 
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Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 3 .166 2136.087 18 .000 

2 through 3 .777 300.287 10 .000 

3 .996 4.195 4 .380 

 

[5] Sector 7 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 3 

ATR_Log -.616 -5.482 2.544 

Price_Log .605 5.578 -.021 

RelStrength .139 -.013 .005 

(Constant) -7.082 -7.213 .013 

Unstandardized coefficients 

 

[6] Sector 7 – Classification Results by Momentum Group 

 

Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total 
   

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases 

Selected 

Original Count 1.00 10 0 1 6 6 4 15 42 

2.00 0 177 45 0 0 0 24 246 

3.00 2 41 189 15 0 0 41 288 

4.00 54 1 40 119 32 5 39 290 

5.00 25 0 0 10 140 39 3 217 

6.00 7 0 0 0 12 35 2 56 

7.00 15 3 6 4 1 1 26 56 

% 1.00 23.8 .0 2.4 14.3 14.3 9.5 35.7 100.0 

2.00 .0 72.0 18.3 .0 .0 .0 9.8 100.0 

3.00 .7 14.2 65.6 5.2 .0 .0 14.2 100.0 

4.00 18.6 .3 13.8 41.0 11.0 1.7 13.4 100.0 

5.00 11.5 .0 .0 4.6 64.5 18.0 1.4 100.0 

6.00 12.5 .0 .0 .0 21.4 62.5 3.6 100.0 

7.00 26.8 5.4 10.7 7.1 1.8 1.8 46.4 100.0 

Cross-

validatedc 

Count 1.00 9 0 1 7 6 4 15 42 

2.00 0 176 46 0 0 0 24 246 

3.00 2 41 189 15 0 0 41 288 
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4.00 54 1 40 119 32 5 39 290 

5.00 25 0 0 10 140 39 3 217 

6.00 7 0 0 0 12 35 2 56 

7.00 15 3 6 4 1 1 26 56 

% 1.00 21.4 .0 2.4 16.7 14.3 9.5 35.7 100.0 

2.00 .0 71.5 18.7 .0 .0 .0 9.8 100.0 

3.00 .7 14.2 65.6 5.2 .0 .0 14.2 100.0 

4.00 18.6 .3 13.8 41.0 11.0 1.7 13.4 100.0 

5.00 11.5 .0 .0 4.6 64.5 18.0 1.4 100.0 

6.00 12.5 .0 .0 .0 21.4 62.5 3.6 100.0 

7.00 26.8 5.4 10.7 7.1 1.8 1.8 46.4 100.0 

Cases Not 

Selected 

Original Count 1.00 49 4 5 24 26 13 90 211 

2.00 2 676 144 5 0 0 107 934 

3.00 13 112 912 116 4 0 159 1316 

4.00 192 13 227 862 248 7 186 1735 

5.00 119 1 0 65 809 107 21 1122 

6.00 71 0 0 1 70 230 11 383 

7.00 58 27 24 29 4 3 156 301 

% 1.00 23.2 1.9 2.4 11.4 12.3 6.2 42.7 100.0 

2.00 .2 72.4 15.4 .5 .0 .0 11.5 100.0 

3.00 1.0 8.5 69.3 8.8 .3 .0 12.1 100.0 

4.00 11.1 .7 13.1 49.7 14.3 .4 10.7 100.0 

5.00 10.6 .1 .0 5.8 72.1 9.5 1.9 100.0 

6.00 18.5 .0 .0 .3 18.3 60.1 2.9 100.0 

7.00 19.3 9.0 8.0 9.6 1.3 1.0 51.8 100.0 

a. 58.2% of selected original grouped cases correctly classified. 

b. 61.5% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 58.1% of selected cross-validated grouped cases correctly classified. 
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Appendix M: Sector 8 Utilities – Multiple Discriminant Analysis Results 

[1] Sector 8 - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Statistic df1 df2 df3 

Exact F 

Statistic df1 df2 Sig. 

1 RelStrength .453 1 6 203.0 40.885 6 203.0 .000 

2 DivYield_Log .343 2 6 203.0 23.826 12 404.0 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 4. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Sector 8 - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

RelStrength .922 .921 .755 1.080 1.361 1.397 1.171 

DivYield_Log -32.672 -20.395 -39.854 -41.355 -38.909 -31.771 -15.614 

(Constant) -42.723 -30.500 -44.414 -62.313 -75.965 -68.687 -39.070 

Fisher's linear discriminant functions 

 

[3] Sector 8 - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 1.209a 79.1 79.1 .740 

2 .320a 20.9 100.0 .492 

a. First 2 canonical discriminant functions were used in the analysis. 

 

[4] Sector 8 - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 2 .343 218.876 12 .000 

2 .758 56.788 5 .000 
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[5] Sector 8 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 

RelStrength .154 .027 

DivYield_Log .169 5.934 

(Constant) -8.715 6.915 

Unstandardized coefficients 

 

[6] Sector 8 – Classification Results by Momentum Group 

 

Classification Resultsa,b,d 

   

MomentumGroup 

Predicted Group Membership 

Total 
   

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Cases 

Selected 

Original Count 1.00 3 3 2 1 2 0 0 11 

2.00 0 1 0 0 0 0 0 1 

3.00 3 0 6 0 0 0 0 9 

4.00 5 1 16 72 20 4 0 118 

5.00 0 0 0 4 50 8 1 63 

6.00 1 0 0 0 3 2 1 7 

7.00 0 0 0 0 0 0 1 1 

% 1.00 27.3 27.3 18.2 9.1 18.2 .0 .0 100.0 

2.00 .0 100.0 .0 .0 .0 .0 .0 100.0 

3.00 33.3 .0 66.7 .0 .0 .0 .0 100.0 

4.00 4.2 .8 13.6 61.0 16.9 3.4 .0 100.0 

5.00 .0 .0 .0 6.3 79.4 12.7 1.6 100.0 

6.00 14.3 .0 .0 .0 42.9 28.6 14.3 100.0 

7.00 .0 .0 .0 .0 .0 .0 100.0 100.0 

Cross-

validatedc 

Count 1.00 3 3 2 1 2 0 0 11 

2.00 0 0 0 0 0 0 1 1 

3.00 3 0 6 0 0 0 0 9 

4.00 5 1 16 72 20 4 0 118 

5.00 0 0 0 5 49 8 1 63 

6.00 1 0 0 0 3 2 1 7 

7.00 0 1 0 0 0 0 0 1 

% 1.00 27.3 27.3 18.2 9.1 18.2 .0 .0 100.0 
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2.00 .0 .0 .0 .0 .0 .0 100.0 100.0 

3.00 33.3 .0 66.7 .0 .0 .0 .0 100.0 

4.00 4.2 .8 13.6 61.0 16.9 3.4 .0 100.0 

5.00 .0 .0 .0 7.9 77.8 12.7 1.6 100.0 

6.00 14.3 .0 .0 .0 42.9 28.6 14.3 100.0 

7.00 .0 100.0 .0 .0 .0 .0 .0 100.0 

Cases Not 

Selected 

Original Count 1.00 18 11 14 36 6 1 10 96 

2.00 8 41 303 2 0 0 2 356 

3.00 53 37 841 27 0 0 6 964 

4.00 108 43 344 570 45 26 42 1178 

5.00 12 2 0 282 341 101 23 761 

6.00 1 0 0 30 56 41 31 159 

7.00 24 16 49 35 0 0 22 146 

% 1.00 18.8 11.5 14.6 37.5 6.3 1.0 10.4 100.0 

2.00 2.2 11.5 85.1 .6 .0 .0 .6 100.0 

3.00 5.5 3.8 87.2 2.8 .0 .0 .6 100.0 

4.00 9.2 3.7 29.2 48.4 3.8 2.2 3.6 100.0 

5.00 1.6 .3 .0 37.1 44.8 13.3 3.0 100.0 

6.00 .6 .0 .0 18.9 35.2 25.8 19.5 100.0 

7.00 16.4 11.0 33.6 24.0 .0 .0 15.1 100.0 

a. 64.3% of selected original grouped cases correctly classified. 

b. 51.2% of unselected original grouped cases correctly classified. 

c. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

d. 62.9% of selected cross-validated grouped cases correctly classified. 
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Appendix N: Momentum Segments – Multiple Discriminant Analysis Results 

[1] Momentum Segments - Variables Entered/Removed
a,b,c,d

 

 

Step Entered 

Wilks' Lambda 

Stati

stic 

d

f

1 df2 df3 

Exact F Approximate F 

Statistic df1 df2 Sig. Statistic df1 df2 Sig. 

1 RelStrength .245 1 6 2098.0 1078.817 6 2098.0 .000     

2 Price_Log .213 2 6 2098.0 408.029 12 4194.0 .000     

3 ATR_Log .171 3 6 2098.0     285.547 18 5928.869 .000 

4 Beta_Log .165 4 6 2098.0     206.018 24 7309.792 .000 

5 EPS_Log .162 5 6 2098.0     160.977 30 8378.000 .000 

6 CurrentRati

o_Log 
.160 6 6 2098.0     132.225 36 9193.768 .000 

At each step, the variable that minimizes the overall Wilks' Lambda is entered. 

a. Maximum number of steps is 30. 

b. Minimum partial F to enter is 3.84. 

c. Maximum partial F to remove is 2.71. 

d. F level, tolerance, or VIN insufficient for further computation. 

 

[2] Momentum Segments - Classification Function Coefficients 

 

 

MomentumGroup 

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

EPS_Log 35782.537 35814.305 35810.459 35804.509 35771.671 35847.723 35762.365 

CurrentRatio_Log -2.416 -1.125 -.378 -.389 -.189 -.994 -1.575 

Beta_Log 654.344 659.825 660.300 658.363 667.731 674.666 668.012 

ATR_Log -187.936 -188.665 -195.938 -197.788 -196.859 -188.566 -187.776 

RelStrength -1.818 -2.241 -2.142 -1.834 -1.550 -1.511 -1.879 

Price_Log 685.593 686.624 694.493 696.284 694.908 686.116 684.933 

(Constant) -39645.747 -39702.951 -39709.339 -39711.131 -39659.485 -39820.015 -39606.544 

Fisher's linear discriminant functions 
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[3] Momentum Segments - Eigenvalues 

 

Function Eigenvalue % of Variance Cumulative % 

Canonical 

Correlation 

1 3.136
a
 86.5 86.5 .871 

2 .437
a
 12.1 98.6 .552 

3 .031
a
 .9 99.5 .174 

4 .018
a
 .5 100.0 .135 

5 .000
a
 .0 100.0 .022 

6 .000
a
 .0 100.0 .011 

a. First 6 canonical discriminant functions were used in the analysis. 

 

[4] Momentum Segments - Wilks' Lambda 

 

Test of Function(s) Wilks' Lambda Chi-square df Sig. 

1 through 6 .160 3843.009 36 .000 

2 through 6 .662 865.049 25 .000 

3 through 6 .951 104.384 16 .000 

4 through 6 .981 39.552 9 .000 

5 through 6 .999 1.225 4 .874 

6 1.000 .254 1 .614 

 

 

[5] Sector 8 - Canonical Discriminant Function Coefficients 

 

 

Function 

1 2 3 4 5 6 

EPS_Log -5.962 -1.681 -3.689 121.006 -15.560 35.945 

CurrentRatio_Log .079 .546 1.490 .475 3.501 .195 

Beta_Log 1.616 -3.443 16.782 -.517 -12.776 1.794 

ATR_Log -.666 -5.026 -2.453 -1.355 2.091 3.491 

RelStrength .139 -.015 .006 -.005 .004 .002 

Price_Log .604 5.523 2.479 2.091 -2.037 .285 

(Constant) 4.347 -1.928 -6.565 -266.390 43.768 -80.255 

Unstandardized coefficients 

 
 
[6] Momentum Segments – Classification Results 
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Classification Resultsa,c 

  

MomentumGroup 

Predicted Group Membership 

Total 
  

1.00 2.00 3.00 4.00 5.00 6.00 7.00 

Original Count 1.00 55 4 6 19 20 17 54 175 

2.00 15 602 90 3 0 0 64 774 

3.00 32 176 625 43 3 0 141 1020 

4.00 165 19 171 539 164 25 191 1274 

5.00 58 1 0 37 590 167 47 900 

6.00 23 0 0 2 31 201 24 281 

7.00 46 25 16 11 4 17 102 221 

% 1.00 31.4 2.3 3.4 10.9 11.4 9.7 30.9 100.0 

2.00 1.9 77.8 11.6 .4 .0 .0 8.3 100.0 

3.00 3.1 17.3 61.3 4.2 .3 .0 13.8 100.0 

4.00 13.0 1.5 13.4 42.3 12.9 2.0 15.0 100.0 

5.00 6.4 .1 .0 4.1 65.6 18.6 5.2 100.0 

6.00 8.2 .0 .0 .7 11.0 71.5 8.5 100.0 

7.00 20.8 11.3 7.2 5.0 1.8 7.7 46.2 100.0 

Cross-

validatedb 

Count 1.00 51 4 6 20 21 17 56 175 

2.00 15 591 95 3 0 2 68 774 

3.00 32 176 622 45 3 0 142 1020 

4.00 165 19 173 534 167 25 191 1274 

5.00 60 1 0 37 584 171 47 900 

6.00 24 0 0 2 33 198 24 281 

7.00 50 25 16 11 4 17 98 221 

% 1.00 29.1 2.3 3.4 11.4 12.0 9.7 32.0 100.0 

2.00 1.9 76.4 12.3 .4 .0 .3 8.8 100.0 

3.00 3.1 17.3 61.0 4.4 .3 .0 13.9 100.0 

4.00 13.0 1.5 13.6 41.9 13.1 2.0 15.0 100.0 

5.00 6.7 .1 .0 4.1 64.9 19.0 5.2 100.0 

6.00 8.5 .0 .0 .7 11.7 70.5 8.5 100.0 

7.00 22.6 11.3 7.2 5.0 1.8 7.7 44.3 100.0 

a. 58.4% of original grouped cases correctly classified. 

b. Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the 

functions derived from all cases other than that case. 

c. 57.7% of cross-validated grouped cases correctly classified. 
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Appendix O: Record First Week of 2016 Market Performance 

[1] DJIA First Week Performance 2016  

 
 

 

[2] S&P 500 First Week Performance 2016 

 

 




