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This edition of NDR Solutions Quarterly discusses how a stock universe can be categorized so as to improve returns.   As 

originally stated, the goal of this publication is to provide our client base with unique investment ideas each quarter that 

stretch beyond Ned Davis Research’s traditional strategy content.   Through this publication, the NDR Solutions team can 

showcase the varied skill sets and diverse experience we regularly provide to clients with direct engagement, customized 

output, and tailored solutions.  As always, we welcome any feedback, as well as questions about our services, and hope that 

you find this publication insightful, unique, and useful.

EXECUTIVE SUMMARY

“Behind every stock is a company. Find out what it’s doing.”  
– Peter Lynch

 Peter Lynch was the legendary portfolio manager who oversaw the Fidelity Magellan Fund from 1977 to 

1990 when its annual returns were 29%, about twice that of the stock market.  Given this kind of outperfor-

mance, whatever he says about stock investing legitimately carries a fair amount of cachet.  However, most 

individual investors who seek to build diversified portfolios, even armed with cheap information from the 

internet, have neither the time nor the financial resources to follow through with his advice.  The purpose 

of this paper is to take a step back, and work with bundles of stocks that might be more practical for these 

investors.  The main points are as follows:

 � Investments are often made on entire categories of stocks, as opposed to individual stocks.  
How investors decide to categorize the universe will have a bearing on returns.

 � We evaluate different categorizations, and conclude that returns are higher when the universe 
is divided into cyclical and defensive sectors when compared to sector only or style.

 � A momentum-driven rule is used to decide how to invest in certain factors based on what has 
most recently worked and on how the universe is categorized.
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INTRODUCTION 

At the core of active stock strategies are comparisons 

made among the expected returns of individual stocks, or 

categories of stocks.  An investor can try to earn above aver-

age returns through individual stock selection by searching 

for and making use of stock-specific information.  However, 

the investor may have neither the resources, nor the risk tol-

erance, needed to pick individual stocks.  Instead, the inves-

tor may have a thematic opinion about a category of stocks 

that are similar to each other in many respects.  Like the indi-

vidual stock picker who compares one stock to another, the 

investor who takes a position in a stock category is making 

comparisons among categories.  The more pronounced the 

differences are between categories, the higher the potential 

returns are for the investor through category rotation.1

In this paper, we compare the performance of strategies 

that differ from each other only in how the stock universe is 

categorized.  We do this by calculating the values of certain 

factors deemed to be important to investors, such as valua-

tion, for each category.2  We then sort the categories based 

on the factor values, and determine how much returns dif-

fer between the highest and lowest scoring categories.  Our 

interest is to identify the categorization that results in the 

largest return spreads for a given factor. 

There are many different ways the stock universe can be 

categorized.  We examine the following:

STYLE (growth and value): Growth style investors usu-

ally invest in companies with seemingly high share prices 

that are justified by high expected growth rates, and value 

style investors seek companies whose expected earnings 

are perceived to be undervalued.  

SECTOR: The stock universe is divided into companies 

from similar businesses.  In this paper, we rely on the 10 

Global Industry Classification Standard (GICS) sectors:

 � Energy

 � Materials

 � Industrials

 � Consumer Discretionary

 � Consumer Staples

 � Health Care

 � Financials

 � Information Technology

 � Telecommunication Services

 � Utilities

MARKET CYCLE (cyclical and defensive sectors): The 

sectors just listed are often combined into two broader cat-

egories that tend to move in different ways throughout the 

market cycle.  Cyclical sectors tend to do relatively well dur-

ing bull markets, and defensive sectors tend to do relatively 

well during bear markets.3

The results of this paper reveal that of the three types of 

categorization described above, cyclical and defensive sec-

tor categorization tends to provide the highest returns.  

The benefits appear to come from the following sources:

1. Since market cycle membership is determined at the 

sector level, valid “apples-to-apples” comparisons 

are more frequent.

2. Market cycle categorization is less diversified than 

sector and style,4 hence more risky.  To compensate 

for the added risk, its expected returns should be 

higher.5  

3. Imposing a time-series component by grouping sec-

tors into categories that depend on market cycle 

phases could result in a more persistent, predictable 

return response to a factor. 

1.  Throughout this paper, we will refer to a category as a group of similar stocks (finan-
cial sector category, growth style category) and a categorization as a group of catego-
ries that make up the universe (sector categorization, style categorization).

2. A factor is the quantifiable description of a strategy.

3. Bull and bear market dates used in this paper are defined by Ned Davis Research.

4. As we describe later in this paper, five sectors in the same market cycle category are less 
diversified than five sectors from different market cycle categories.

5. We assume expected returns are correct on average.
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SOME HISTORICAL OBSERVATIONS

As is true with many things is life, the greater the variety of 
investment assets that exist, the better off investors are.  The 
chart below shows the S&P 500 Total Return Index by sector, 
along with their gains per annum (GPA).  Broadly speaking, the 
sector indices tend to move together, but these co-movements 
are far from perfect.

Investors recognize that each sector behaves differently 
during market upswings and downswings; that is, sectors made 
up of high beta stocks tend to outperform during bull markets, 
and low beta sectors tend to outperform during bear markets.  

These are the market cycle categories that we refer to in the 

introduction of this paper.  To properly assign the 10 sectors 

into these two broader categories, we use a statistical proce-

dure called k-means clustering.6  Statistical clustering is a fairly 

intuitive method for partitioning data into clusters based on 

the proximity of the data to the cluster mean.  For the cluster-

ing to be effective there must be clear lines of separation within 

the data.

6. See J.A. Hartigan (1975). Clustering algorithms. John Wiley & Sons, Inc.
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Fortunately, the data does show a discrete difference be-
tween the two clusters, as is seen in the next chart.  The sectors 
appear to cluster in ways that are consistent with the typical 
definition of what it means to be cyclical or defensive.    

Another way to show how sectors are related to each other is 
through a table that lists the correlation between the returns of 
any two sectors.  In this paper, correlation measures how closely 

two different return spreads are related to each other.  Corre-
lation ranges in value from -1.0 to +1.0 with values approach-
ing +1.0 indicating a strong positive relationship between two 
spreads, values approaching -1.0 indicating a strong negative 
relationship, and values near 0.0 indicating a weak relationship.  
Negative correlations between returns suggest more potential 
for rotation between the corresponding sectors since the sector 
returns would be moving in opposite directions.

© Copyright 2015 Ned Davis Research, Inc. Further distribution prohibited without prior permission. All Rights Reserved.
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Table 1A is a correlation matrix during bull markets, and 
Table 1B is for bear markets.  The first five rows and columns of 
each table are the cyclical sectors, and the last five the defen-
sive sectors.  The cells are color coded to highlight the amount 
of correlation between two sectors’ returns.  The yellow cells 
represent relatively high correlations that are at least 0.60, the 
light green cells are for relatively low correlations below 0.40, 
and the light blue cells are for medium correlations of at least 
0.40 and below 0.60.

We can make some broad statements about Tables 1A and 1B:

1. Correlations between cyclical sectors and other cyclical 
sectors are relatively high during both bull and bear mar-
kets, as seen in the upper left quadrants of each table.

2. Correlations between defensive sectors and other de-
fensive sectors, shown in the lower right quadrants of 
each table, are lower than the correlations between cy-
clical sectors and other cyclical sectors.  The lower cor-
relation reflects the inclusion of utilities and the utility-
like telecom services sectors that are typically the least 
correlated sectors with the rest of the market.

3. Correlations between cyclical and defensive sectors, 
listed in the bottom left quadrants of each table, tend 
to be higher during bear markets compared to bull mar-
kets.  This is consistent with the idea that during periods 
of stress, investors typically take fewer outsized bets.

TABLE 1A: CORRELATION MATRIX OF S&P 500 SECTOR RETURNS DURING BULL MARKETS

Consumer 
Discretionary Financials Industrials

Information 
Technology Materials

Consumer 
Staples Energy

Health 
Care

Telecom 
Services Utilities

Consumer Discretionary 1.00        

Financials 0.75 1.00  

Industrials 0.85 0.78 1.00  

Information Technology 0.69 0.54 0.68 1.00  

Materials 0.72 0.66 0.82 0.57 1.00

Consumer Staples 0.60 0.63 0.58 0.38 0.43 1.00        

Energy 0.37 0.43 0.52 0.34 0.59 0.33 1.00  

Health Care 0.48 0.58 0.49 0.42 0.39 0.70 0.30 1.00  

Telecom Services 0.41 0.44 0.41 0.37 0.34 0.44 0.26 0.41 1.00  

Utilities 0.20 0.30 0.29 0.09 0.19 0.41 0.37 0.30 0.35 1.00

Source: S&P Dow Jones Indices

Ned Davis Research Group T_NSQ201512181.1

TABLE 1B: CORRELATION MATRIX OF S&P 500 SECTOR RETURNS DURING BEAR MARKETS

Consumer 
Discretionary Financials Industrials

Information 
Technology Materials

Consumer 
Staples Energy

Health 
Care

Telecom 
Services Utilities

Consumer Discretionary 1.00        

Financials 0.76 1.00  

Industrials 0.78 0.80 1.00  

Information Technology 0.64 0.35 0.52 1.00  

Materials 0.68 0.64 0.78 0.36 1.00

Consumer Staples 0.41 0.54 0.57 0.00 0.56 1.00        

Energy 0.51 0.51 0.65 0.34 0.73 0.42 1.00  

Health Care 0.49 0.53 0.62 0.19 0.45 0.67 0.44 1.00  

Telecom Services 0.67 0.34 0.51 0.64 0.36 0.18 0.34 0.29 1.00  

Utilities 0.26 0.39 0.47 0.12 0.41 0.37 0.63 0.47 0.19 1.00

Source: S&P Dow Jones Indices

Ned Davis Research Group T_NSQ201512181.2
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THE BACKTEST MODEL 

The previous section examined, through comparisons of re-
turns and correlations, differences between various categories.  
These differences signal the potential for profiting from rota-
tion among categories.  How can this be exploited?   This part of 
the paper returns to the “thematic” opinion investors may have 
about stock categories raised at the start of this paper.  Given a 

universe that is separated into categories, we choose a factor 
that investors typically believe has some ability to predict fu-
ture returns.  If the universe is robustly categorized, then there 
should be enough of a difference in the factor and returns be-
tween the categories to decide in which category to invest.  

The specific categorizations we look at are the following:

1. SECTOR: The S&P 500 divided into its 10 GICS sectors as listed in the introduction of this paper.

2. STYLE: The S&P 500 divided into growth and value.  Due to data constraints, we first proxied 
the S&P 500 with a Russell “500” index made up of the 500 largest stocks based on market capi-
talization each month.  Russell’s definition of growth and value allows for stocks to be in both 
categories.  In this study, we omit stocks in this blended category.

3. MARKET CYCLE: The S&P 500 divided into cyclical and defensive sectors as described in the 
introduction of this paper.

Raw factor values are first calculated for every stock in the universe.  The factors we 
look at are the following:

1. VOLATILITY: Defined as the standard deviation of monthly stock price returns over the previous 
60 months.  These are generally thought of as a measure of risk.  

2. VALUATION: We measure valuation as the trailing 12-month earnings yield.

3. MOMENTUM: These are the price returns over the previous 12 months excluding the last month. 

4. EARNINGS GROWTH: Growth is measured over the previous four quarters.
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The raw factor values aggregated at the category level 
are taken to be the median raw factor values of the stocks 
within the category.  By themselves, these are uninforma-
tive; we transform the data in two ways to make them more 
useful:

(a) Compare two categories by subtracting the histori-
cal difference between the categories from the cur-
rent difference.

(b) Divide the subtraction in (a) by the standard devia-
tion.

Suppose that the current earnings yield for a category of 
stocks called X is 5% (P/E = 20x), and for another category 
called Y it is 4% (P/E = 25x).  Does this mean that X is less 
expensive versus Y?  Without any context it is, but in a his-
torical sense, perhaps not.  If it turns out that the historical 
average for X is 7% (P/E = 14x), and for Y it is still 4%, then 
currently X may actually be relatively expensive compared 
to Y.  In other words, it is not enough to take the difference 
between the earnings yields of X and Y to determine relative 
valuation.  What matters is how the current difference com-
pares against the historical difference.

The levels of the differences, however, may not be de-
scriptive enough since the variation in the historical differ-
ences may also need to be accounted for.  For instance, a 
1% change in the difference in the current yields between 
X and Y is more meaningful if the historical difference varies 
by ±0.1% as opposed to ±1%.  To account for the levels of 
variation, we do a Z-score transformation:

current difference – average( historical difference )
standard deviation( historical difference )

A “large” difference in the raw factor values between 
two categories may, therefore, not be large in a contextual 
sense if: (a) the average of the historical difference is already 
large; or (b) if the variation of the historical difference is high.  
When comparing within a universe made up of two catego-
ries, as is the case for styles or the sector-based market cycle 
categories, the standard deviation of the historical differ-
ence between categories does not affect the comparison, 
and hence is not needed.  When comparing among more 

than three categories, such as among sectors, the level of 
variation can affect the comparisons so the entire formula 
above needs to be used.  Regardless of the kind of catego-
rization, the category of interest is compared against the 
rest of the market.  All categories are then sorted according 
to the Z-scores from the factor of interest.  To be consistent 
with having growth and value styles, as well as cyclical and 
defensive market cycle categories, we take the 10 sorted 
sectors and combine them into the five highest and the five 
lowest scoring sectors.

Using Z-scores to normalize the raw factor values should 
provide more information for an investor given sector or 
market cycle categorization compared to style.  Growth and 
value investing has an intuitive appeal, but each style is com-
posed of disparate groups of stocks that can’t be compared 
“apples-to-apples”.  For example, as of this writing Coca-Cola 
and Vertex Pharmaceuticals are both members in the S&P 
500 Growth Index – however, comparing the two compa-
nies may not even be appropriate since they are so different 
from each other.  Investing in individual sectors (or the sec-
tor-based market cycle categories) addresses this problem; 
comparisons between stocks in the same sector are more 
appropriate to make, such as between Coca-Cola and Pepsi.

Of course, investors’ appetite for a factor can change over 
time.  For instance, in the months leading up to the top of the 
tech bubble, preferences were strong for low earnings yield 
stocks, and after the bubble burst, preferences switched to 
high earnings yielders.  We account for changes in prefer-
ences by noting if a factor return continues to move in the 
same direction (as in momentum), or if it changes direction 
(as in reversal) through a mechanical rule that compares the 
most recent factor returns against a moving average of such 
returns.7  Specifically, if the factor return spread of a high val-
ue category minus a low value category (such as high minus 
low earnings yield) is greater than its moving average from 
the previous six months, then the rule is to follow the mo-
mentum and go long the high value category while shorting 
the low value category.  If the spread is less than its moving 
average, then the rule is to follow the reversal and go long 
the low value category while shorting the high value cat-
egory.  This rule is, obviously, far from perfect as prediction 
of factor returns is an extremely difficult problem to tackle. 

7. Since it can’t be known for sure in real time if there is a switch between bull and bear 
markets, this rule can also be thought of as an investor’s prediction for whether or not a 
switch has occurred.
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MODEL RESULTS 

The following four charts show backtest results of a long-
short portfolio for each of the four factors.  The factor scores 
are sorted monthly, and the results include implementation 
of the trading rule described at the end of the previous part 
of this paper.  If a categorization is useful, then the cumulative 
return spread between the long and short portfolios should 
widen over time.  Spreads that do not widen imply that the 
underlying factor does not discriminate between stocks giv-
en the type of categorization.  The entire data sample spans 
1988 – 2015, a period that includes the tech and housing 
bubbles.  Keeping in mind that the spreads could be sensitive 
to the choice of starting period, we perform the evaluations 
over three different time periods: the entire history, the period 

starting in 2003 (the end of the tech bubble), and the period 
starting in 2009 (the end of the housing bubble).

The cumulative spreads for the volatility factor are shown in 
the next chart.  Over the entire historical period, the market cy-
cle categories outperform sector and style with a return spread 
GPA of 3.24%.  Going long the more volatile sectors and short-
ing the less volatile sectors leads to a GPA of 0.52%.  A strategy 
of going long the more volatile style and shorting the less vola-
tile style produces the lowest GPA of -0.42%.  These GPAs show 
that when it comes to judging categories of stocks based on 
volatility, categorizing the universe into market cycle categories 
can produce superior returns.  Starting the return spreads after 
the tech or housing bubbles do not change the results.  
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The charts to the right show perfor-
mance based on valuation.  In this case, 
the spread between the long and short 
market cycle categories has a GPA of 
1.94% over the entire sample period.  
The spread between the styles has a GPA 
of 1.23%, while the sector spread lags 
with a GPA of -0.65%. The ordering of 
the GPAs does not change regardless of 
when the sample period starts.

The spreads on price momentum can 
be seen in the charts to the left.  Again, 
the market cycle spread has the highest 
GPA over the entire sample at 2.77% ver-
sus the sector spread GPA of 0.67% and 
the style spread of -0.35%.
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Lastly, the charts below show the spreads for the earnings 
growth factor.  As with the other three factors, the market cycle 
spreads have the highest returns of 3.27%, followed by the sec-
tor spread of 1.11% and the style spread of -1.91%.

INTERPRETATION OF RESULTS 

Of the factors we look at, the categorization that consistent-
ly results in the highest long / short return spreads are the cycli-
cal and defensive sectors.  In this part of the paper, we will try to 
gain some insights into why this is happening.

By the capital asset pricing model, higher expected returns 
are paired with higher amounts of risk.  Therefore, it should be 
the case that the volatility of returns from a strategy that sepa-
rates the universe into market cycle categories is higher com-
pared to sector or style categorization.  The intuition to support 
this relies on the sector composition of each of the categoriza-
tions.  Style should be the most diversified since it has exposure 
to the largest number of sectors, and hence should have the 

lowest expected returns; as of this writing, nine of the ten sec-
tors are represented in the S&P 500 growth and value indices.  
As far as sector categorization goes, recall that the model we 
employ goes long the five highest scoring sectors on a certain 
factor and short the five lowest.  The choice of which five sec-
tors is not constrained in any other way so it is very possible, for 
example, to have three cyclical sectors and two defensive sec-
tors as the five highest (or lowest) scoring sectors.  For market 
cycle categorization, the added constraint of investing in either 
entirely cyclical or defensive sectors, but not both at the same 
time, makes this the least diversified, hence the riskiest and, in 
turn, the categorization with the highest expected returns.

The outperformance can follow an infinite number of paths 
across time, but one we observe is outperformance that can be 
shaped by a few runs when the trading strategy is mostly right.    
Recall that we construct a momentum-driven trading rule to 
account for investors’ changing preferences for various factors. 
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The strategy is simple and is, essential-
ly, to continue to invest in what has been 
working8 – for example, if going long low 
earnings growers and going short high 
earnings growers most recently has a 
positive return, then the rule is to invest 
the same way for the upcoming period.

As an example, for earnings growth 
(see the top clip of the chart from the last 
page), market cycle categorization out-
performance can be boiled down to three 
periods: the early 90s, 2001, and 2006 – 
2012.  Most likely, the strategy correctly 
follows momentum in one direction (such 
as long high growth / short low growth) 
for a few months, and then may correctly 
follow a reversal and ensuing momentum 
in the other direction (long low growth 
/ short high growth).  During these pe-
riods, it becomes easier for the investor 
to choose a winning strategy since ex-
trapolation of past returns into the future 
proves to be effective. We believe that 
dividing the universe into broad cyclical 
and defensive sectors appears to be add-
ing a longer-run perspective that results 
in greater factor return persistence.

On the other hand, a path to un-
derperformance involves being “whip-
sawed.”  In this case, an investor extrapo-
lates past return spreads into the future, 
but is fooled by constant reversals.  One 
way to measure the degree of whipsaw 
is through autocorrelation.  We use au-
tocorrelation to measure the correlation 
between a return spread and the same 
return spread one period later.  Auto-
correlations can have values that range 
from -1.0 to +1.0.  A value that approach-
es +1.0 means that a return spread looks 
very similar to what it was in the previ-
ous period, such as a series where posi-
tive returns are typically followed by 
positive returns.  An example of an auto-
correlation that approaches -1.0 would 
be a series where a positive return is 
typically followed by a negative return, 
or what we call the whipsaw.  The chart 
to the right shows the autocorrelation NSQ2015Q4_07
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between the factor return spreads with 
their previous values for each of the four 
factors during bull and bear markets. 

For instance, to compare the earn-
ings growth equity lines in the top clip of 
the chart from the last page, look at the 
points in the chart below labeled “Sector 
Earnings Growth”, “Market Cycle Earnings 
Growth”, and “Style Earnings Growth”.  The 
earnings growth factor return spread has 
an autocorrelation of roughly 0.14 during 
bull markets for all three categorizations.  
During bear markets, however, the auto-
correlation for style falls sharply to -0.38, 
a much lower amount than the -0.08 for 
sector and -0.05 for market cycle.  This 
suggests that during periods of stress 
(such as during 2000 – 2001), the earn-
ings growth factor when the universe is 
divided into growth and value forms a 
whipsaw that causes bigger losses.

CONCLUSIONS

Dividing the stock universe into mar-
ket cycle categories that are based on 
sectors can provide a more meaningful 
way for investors to separate the uni-
verse into predicted winners and losers.  
We show this to be the case by catego-
rizing the universe three different ways, 
and then sorting each categorization on 
various factors.  A trading rule to deter-
mine which category to go long or short 
is used to account for changing prefer-
ences for these factors over the course 
of time.  The return spreads for various 
factors are highest when the universe 
is divided by the cyclical and defensive 
market cycle sectors, as opposed to the 
sectors themselves or to the growth and 
value styles.

8. The trading rule is described in more detail in the last 
paragraph of page 7.

We would like to thank ALPS Inc, a leading ETF distributor, who commissioned this 
study on the benefits of sector selection.
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