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ABSTRACT

How many stocks are required to reduce unsystematic risk significantly is an important question
for investors. While there is a large body of research on the subject in the United States, there is little
formal work on this question in India. We show that a 15-20 stock portfolio, the traditional market
rule-of-thumb for a diversified portfolio, is likely inadequate to minimise unsystematic risk. We show
that an investor could target to reduce diversifiable risk by 90% with a 90% confidence with a portfolio
of 40-50 stocks. We build a practical framework that serves as a baseline for investors to target a

specific reduction in diversifiable unsystematic risk at a chosen confidence level.
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1 Introduction

Markowitz (1952) formalized diversification using the statistical concepts of mean and variance of returns of the
underlying assets in a portfolio. Practically, however, the minimum number of stocks that make a well-diversified
portfolio is an important question for long-term investors. Holding too few stocks exposes the investor to unnec-
essary idiosyncratic risk, and holding too many stocks is costly (both transactionally and ongoing monitoring).
Several studies in the US have evaluated the reduction in the portfolio risk as portfolio size increases since Evans
and Archer (1968). In the Indian context, research on this subject has been limited (Sanyal and Sen, 1998; Irala
and Patil, 2007). Traditionally, a portfolio of 15-20 stocks is seen as being well-diversified.! In this paper, we
explore how many stocks make for a well-diversified portfolio of Indian stocks and propose a practical heuristic

for investors to evaluate the number of stocks in their portfolios.

Using standard deviation as the measure of risk, we find that a risk-averse investor would need to hold
significantly more stocks than the ‘conventional wisdom’ of 15-20 stocks. The actual number of stocks would
depend on the investor’s risk-reduction expectation/preferences, desired confidence level to meet their objec-
tives, and the weighting scheme used for portfolio construction. This number is larger than suggested by Evans

and Archer (1968) or Irala and Patil (2007) but similar to findings by others (Statman, 1987).

With the increasing concentration of large-cap indexes and preliminary evidence of herding behaviour
amongst the Indian large-cap mutual funds (see Raju et al., 2020), our findings have practical implications
for long-term investors, advisors and fund managers looking to manage the risk in their equity portfolios. This

paper adds to the body of formal analysis on the ‘how many stocks’ issue in the Indian context.

The rest of the paper is organized as follows: Section 2 covers the literature, in Section 3, we discuss our

methodology and data; in Section 4, we present our results; and we conclude in Section 5.

2 Literature Review

Markowitz’s (1952) Capital Asset Pricing Model (CAPM) implies that total risk, measured by the standard
deviation of any portfolio, can be split into two components: systematic and unsystematic risk. Increasing

diversification reduces the portfolio’s overall risk by reducing the asset-specific unsystematic risk leaving the

1Gee for instance
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February 15, 2021.

Dharma, P.  Livemint. June 12, 2020. “Do all diversified equity portfolios give good re-
turns in the long-term?”. Retrieved from https://www.livemint.com/money/personal-finance/
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15, 2021.
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investor to deal with only systematic risk. There are decreasing marginal diversification benefits as we add
assets. Not diversifying enough has real costs. JP Morgan published a white paper in 2004 titled “Beating the
Odds: Improving the 15% Probability of Staying Wealthy” (Zaharoff, 2004) where excessive concentration was
the number one reason why the very wealthy lose their fortunes. How many stocks are required in a portfolio

to minimise idiosyncratic risk is, therefore, a key question for investors.

Evans and Archer (1968) evaluated the number of stocks required to eliminate the unsystematic risk from
a portfolio and concluded that only 8 to 10 stocks were adequate to deliver a diversified portfolio. Since then,
there have been many studies in the developed markets (for instances, Statman, 1987, 2004; Domian et al., 2006;
Benjelloun, 2010; Alexeev and Tapon, 2013). These studies use a wide variety of risk measures including, but
not limited to, the standard deviation of returns, variance, semi-variance, mean absolute deviation, expected
shortfall, and terminal wealth standard deviation. There is, however, no consensus on what is the minimum
number of stocks that constitute a well-diversified portfolio as yet. Similar formal studies in India have been
limited - Irala and Patil (2007) being the most recent. They concluded that a portfolio of 10-15 stocks is

‘appropriate as the reduction in risk is only marginal thereafter’. We examine this conclusion further.

3 Methodology and Data

3.1 Methodology

The risk of any portfolio of stock is a function of the risks of the individual stocks in the portfolio, the covariance
amongst the stocks and the allocation to each stock. Following CAPM, any portfolio’s total risk is comprised

of systematic risk and unsystematic risk. The variance of a portfolio with N securities can be written as

op = i (;V)zaf + ii (;)2 cov(i, §) (1)
Ji

Taking expected values

E(o,) =N (&)202 +N(N —1) (;f)zcov(z])
()7 ()

where E(c,) is the expected portfolio variance, 72 is the average variance for all stocks in the portfolio, cov(i, j)

(2)

is the average covariance across all stocks in the portfolio and N is the number of stocks for the portfolio. One
obvious implication of equation 2, is that as the number of stocks, IV, increases, the expected portfolio variance

reduces and will converge to the average covariance of stocks in the portfolio.

We choose the Nifty-500 as our universe of stocks to represent the market. This index comprises about

96.1% of the market capitalization of the Indian equity market. We, therefore, consider N=500 as our total



market.? We construct portfolios by randomly drawing n stocks using the constituents of the Nifty-500 for the
relevant six-month period.® Portfolios are equally weighted and we select portfolios P/, where n = 1, 10, 20,
30 ...500 is the number of stocks in the portfolio and i = 1, 2, 3 ... M represents the iteration. We construct
M = 10,000 n-stock portfolios for each n = 1 ...N. When n = N it is the market portfolio. 10,000 iterations

would generate a representative average standard deviations for our n = 1 ...500 portfolios®.

We run our analysis at 6-month intervals® between December 2014 through to December 2020. We compute
daily log total returns for each stock and take average returns over the past (one) three years from the period
end. If the stock has not been in existence for the full (one) three years, we use all available data to estimate
daily returns. For n = 1...N the return of the m-stock equally weighted random portfolio at iteration ¢ =

1...10,000 at time ¢ is defined as

=y Lk )

where 77, is the return for portfolio ¢ with n equal weighted holdings for period ¢, j is the 1..n stocks, (1j,): is
the return of stock j in time ¢ for portfolio ¢ and n is the number of stocks in the equal weighted portfolio ¢ for

the iteration. The average return for portfolio ¢ over time ¢t = 1...T is

where o' is the standard deviation of portfolio ¢ with n equal weighted stocks, r}'; is the return of the
portfolio ¢ during time ¢, and 7} is the average return of portfolio ¢ across all 7. The standard deviation can

be averaged across M portfolios each with n equal weighted stocks as

S

M o
CAEDY (6)
m=1

where o' is the standard deviation for portfolio ¢ with n equally weighted stocks. There are two special

portfolios: n=1, when we have a portfolio consisting of a single stock and n=N when all stocks in the universe

1

hold an equal-weighted position - the market portfolio. The standard deviation of the former, o" represents

2The Nifty-500 has approximately 500 stocks - sometimes marginally more. We constrain the market portfolio to 500
for the paper.

3We choose no-replacement draws to reflect investors’ behaviour of holding different stocks in their portfolios. If the
number of stocks with available prices is less than 500, we make all portfolios where n > total constituents and n <=
500, as the market portfolio. If there are 501 stocks as index constituents, we make the n=500 portfolio as our market
portfolio using all stocks. This allows us to construct portfolios with n = 1...500 stocks across time. As we shall see, this
expediency has no bearing on our conclusions.

4Asn = 51, M = 10,000 and T = 13, we generate 6,630,000 portfolios in total for each time-series of returns.

5The Nifty-500 is reviewed twice a year. Using 6-month intervals allows us to capture the effects of constituent
changes.



the idiosyncratic or unsystematic risk while the standard deviation of the latter, ¥

, represents only systematic
risk. Or put another way, in terms of equation 2, the former has no covariance term, while the latter portfolio

has only the covariance term.

We can now define a number of measures of risk. First, standard deviation is the raw and unscaled measure

of total risk, ¢; :

¢1(n) =7" (7)

Asn — N, 3" — o. Second, we measure unsystematic risk by subtracting the market risk. We call this

measure ¢s :

pa(n) =" — o (8)

As n — N, ¢2(n) — 0. Third, we scale the measure of risk by dividing portfolio risk by the risk of the
market portfolio:
577/

$3(n) = — 9)

g

In this measure, ¢3, as n — N, ¢3(n) — 1. When n = 1, ¢3 measures the multiple of market risk that the
average unsystematic risk of single stocks are. As market risk is dynamic, this measure helps show the riskiness

inherent in the market for that slice of time.

Finally, we can scale and normalize the measure using the range between pure unsystematic risk and pure

systematic risk:

" — o

P4(n) = 1 _ N (10)

g g

This measure, ¢4 will always be between 1 and 0; 1 reflecting 100% unsystematic risk and 0 reflecting the
complete elimination of unsystematic risk, leaving only the systematic risk. ¢4 shows the effective reduction in
diversifiable risk. If ¢} is, say, 0.10, we would say that the portfolio with n stock has reduced diversifiable risk
by 90%.

So far, we have been working on average measures of risk. An individual investor, however, is not likely to
hold an ‘average’ portfolio. Newbould and Poon (1996) make a case for using statistical techniques to estimate
risk for a given confidence threshold for portfolios. An investor could choose, say, 95% as her threshold. For such
an investor, we choose 95% of all generated portfolios rather than relying on the ‘mean’ of all portfolios. 5%
of portfolios will still lie outside the threshold. This approach allows us to generate statistical estimates of risk
that will be more relevant for an investor. We calculate the quantile standard deviations from our population of

simulated portfolios. For every n stock portfolio, from the universe we can compute the ¢** quantile standard



deviation, oy and apply it to equation 10:

g, *O’N

n
L
ol — gN

¢5(n, q) = (11)

We use these quartiles to build tables that an investor could use to determine the diversification they would
like and calculate the number of stocks based on statistical confidence intervals. So for our investor choosing a

95% confidence, we would select ¢ = 97.5% and q = 2.5% as our upper and lower bounds.

To evaluate the incremental benefit to diversification of adding additional stock, similar to Statman (1987);
Newbould and Poon (1996); Chong and Phillips (2013), we compare the difference in the measure of risk of

n—l)

incremental holding (6™ — o scaled by the market portfolio, o?.

DB, =—_— (12)

This is the diversification benefit of adding additional stock to a portfolio. Given the diminishing benefits

of diversification, this measure will asymptote to 0.

3.2 Data

All our data is from Refinitiv and Datastream. We get the constituents of the Nifty-500 from Refinitiv at the
end of each month between December 2014 and 2020. We have a total of 760 stocks in the universe (accounting
for joiners and leavers for the index during the observation period). We get total returns for each stock from
Datastream between December 1, 2011 and December 31, 2020. Table 1 shows the number of constituents at
the end of each period. We have prices for all the constituents, including stocks de-listed subsequently, except
for six stocks. These six stocks were part of the Nifty-500 for at least one 6-month period between December
2014 and December 2016. Given the universe of 500 stocks for each period, the missing information for the
6-stocks is not material for our analysis. By construction, as we generate a large number of randomly generated
equal-weighted portfolios for every period, the survivorship bias is non-material /small. We show the average
variance of the individual stock, and the average variance to the market portfolio stays within a reasonable
range except during the Covid period (defined as between February through September 2020), when we note

spikes in both values. For this period, we have all stock information and, therefore, fully capture all information.

We use three-year historical daily total returns to estimate the expected returns of each stock as our baseline.
For robustness, we use the shorter 1-year historical daily total returns for the analysis to ensure there is no
time-series period bias. A priori, we expect that while 1-year based returns will have higher variability than
3-year based average returns, there should be no reason for the conclusions to be different: portfolio expected

risk should reduce as the number of holdings increase. The one-year or three-year return dataset slice is used

SFor these periods, we use n = 500 as the market portfolio even though actual N is slightly lower than 500. As we
calculate n in intervals of 10, this approximation does not affect our results



to calculate portfolio standard deviations for the one-year and three-year based analysis, respectively. We use

Ledoit Wolf shrinkage in our estimation of covariances (see Ledoit and Wolf, 2003).

4 Results and Discussion

Table 2 tabulates the risk measures for n = 1, 10, 20 ..., 500 using both 1-year time-series and 3-year time-series
of returns. These are the averages for the risk measures across time and iteration. Figures 1, 2, 3 and 4 chart
the various risk measures o”, ¢35, ¢35, and ¢} plotted against the number of stocks in the portfolio, n, and
the reduction in risk arising from increasing diversification. In both the 1-year and 3-year time-series we find
that as the number of stocks (n) increases, risks decrease. As expected, the pure unsystematic and systematic
risks are higher for the 1-year time-series analysis. When n=1, the risk is purely systematic risk. Average risk
falls steeply as the number of stocks increases before tapering off around n = 50. Note that pure unsystematic
risk, the average of risks for all portfolios with n = 1, is 37.13% and 38.84% for 3-year and 1-year respectively,
while pure systematic risk, average risk from an equal-weighted portfolio of all stock across time, is 16.11% and
16.82% : 2.305 times and 2.308 times, the value of 5; for each time-series. The differences between the two
time-series are marginal” especially in the scaled measures - ¢o, ¢3, and ¢4 - indicating a degree of robustness
in the approach. Figure 5 indicates that there are material diversification benefits in having a portfolio of 40 or

50 stocks as compared to a portfolio of 20.

The changes to Nifty-500 constituents arising from the semi-annual review, and consequently the changes in
expectations of returns and risk, will affect diversification benefits. To examine the impact of the risk measures
over the 13 6-month intervals from December 2014 through December 2020, figures 6 and 7, show ¢2, ¢3, and ¢4
over each period for the two time-series used. Not surprisingly, the variation in ¢ and ¢3 are more pronounced

in the 1-year based time series. This series is more volatile.

Our observation period includes periods of market stress, especially the covid pandemic in the first half of
2020. This is observed as the increase in unsystematic risks as measured by @' and ¢, between December 2019
and December 2020 as shown in figures 8 and 10. Interestingly, ¢ fell between December 2019 and June 2020

indicating that while unsystematic risk increased, the market risk was simultaneously elevated.

Figures 9 and 11 plot the trends of the correlation among securities and with the market portfolio. Again,
the volatility is higher for the shorter duration time-series. That said, the spread between average correlations
between securities and average correlations with the market portfolio has been relatively stable. Note that the
average correlations amongst the stocks and between stocks and the equal-weighted market portfolio spiked
in June 2020 (figure 11). The Indian equity market fell almost 30% from early February 2020 value during
the pandemic period. It also fell almost 20% in February 2016 from the start of the year before recovering

by the middle of the year. The 2016 drawdown is seen as a spike in the 1-year time-series (figure 8) between

"Hence the lack of separation in the curves shown in figures 3, 4 and 5



December 2015 and June 2016. The longer-duration 3-year time series was more muted during 2016, however,
it shows a spike during the covid period. Alexeev and Tapon (2013) also report similar phenomenon of spikes
in correlation in the United States during the 2008 global financial crisis. An immediate implication of spikes in
correlation is a potential reduction of diversification benefits. In equation 2, the covariance term will increase
when correlations spike up, increasing the expected portfolio variance. However, the relationship is a complex

one that involves the correlations between the stocks themselves and with the market portfolio.

The approach so far uses averages. However, an investor would hold only one portfolio from the universe of
available stock. An average portfolio is, therefore, does not help an investor to make decisions for their unique
portfolio. The investor should, most likely, be unwilling to use any analysis based on the average results from
a large number of equal-weighted portfolios from that same universe of stocks, since every point in this average
hides a range of outcomes for portfolios holding the same number of holdings. Following Newbould and Poon
(1996), we find upper and lower bounds of risk for a particular confidence interval using equation 11. This
method allows us to capture the full distribution of portfolios at every point and thereby tailor the analysis for
the investors specific risk appetite. A more conservative investor may choose to have a 99% confidence while a
more aggressive one may be comfortable at a 90% confidence (a 10 in 100 chance of that the diversifiable risk

reduction target will not be contained in the samples chosen.)

Figure 12 and 13 shows the 99%, 95% and 90% confidence intervals for the 50,000 simulated portfolios for
the period ending December 2020 using the two durations for our analysis®. We use this to illustrate a few
points. First, at the market portfolio, the risk is the same for all confidence levels by construction. This is the
terminal point of all the upper and lower bound areas in the left panel of the figures. Second, the reduction of
portfolio risk as the number of holdings increases is clear in the figure - all the curves converge. Risk reduction
is delayed depending on the confidence interval - the higher the interval, the longer the delay. Third, the more
volatile 1-year time series means that as n increases from 1, the risk reduction has a wider spread and is more
delayed than the lower volatile 3-year time-series. The right-hand panel shows that the former series has a

higher upper bound of risk than the latter series. Fourth, diversification risk is not eliminated at 20 stocks. The

slope of the lines only becomes parallel well after n = 20.

Table 3 shows the same data from a different perspective. It shows the upper-bounds for ¢3 and ¢4 across
n, confidence levels and the time-series duration of the basis for calculation (1-year and 3-year). ¢35 is expressed
against the average ¢3 for each value of n. Thus, the 1-stock portfolio risk is likely to be 164% of the average risk
of a 1-stock portfolio with a 99% confidence and 125% higher with a 90% confidence using the 3-year time-series.

The ¢3 between the shorter-duration and the longer-duration time-series, becomes similar around n=30.

In addition, we show ¢4 where the 1-stock portfolio (pure unsystematic risk) as the baseline is scored as

100. A 1-stock portfolio for the period with 99% confidence would be 217% and at 90% 145% higher than

$We have run the analysis for other intervals, with the same outcomes/conclusions.



the average for all 1-stock portfolios. As m increases, the diversifiable risk, ¢4, falls rapidly. By n = 30, the
portfolio has diversified away 89% (100 - 11) of the diversifiable risk for 90% of all the generated portfolios using
3-year returns. Note, using the more static average, at n = 20, 92% of the diversifiable risk (in the ¢4 Avg
column) is reduced for both 1-year and 3-year return series. Using averages, the conventional popular wisdom
that a 20 stock portfolio is well-diversified seems reasonable. However, this may not be the right conclusion and
an investor is likely to be carrying a significant amount of diversifiable risk if she were to follow conventional
wisdom. With a 90% confidence, only about 84% (100 - 16%) or 85% (100 - 15%) would be diversified away

depending on which duration of return series we choose.

The table allows an investor to choose the confidence level and then run down the chosen column values
until she is comfortable with the riskiness of the portfolio compared to the market portfolio to arrive at the
holdings required for the diversification desired. We prefer to use ¢4 as our measure of diversifiable risk, but
@3 is also a valid measure. ¢4 scales diversifiable risk (the difference between unsystematic and systematic risk
divided by the difference between pure unsystematic and pure systematic risk) while ¢3 expresses total risk

(both unsystematic and systematic) as a multiple of pure systematic risk.

The table is a ready heuristic for an investor who holds a non-equal weighted portfolio as well. Most investors
would additionally choose benchmarks to track their portfolios. Such investors can compare the historical vari-
ances of the portfolio returns versus the chosen benchmark returns to determine how much diversifiable risk is

being carried in the portfolio for a given confidence level, as done in this study.

Figures 14 and 15 shows the number of stocks required to diversify away 90% or 95% of the diversifiable
risk over the observation period using the two time-series returns. The number of stocks increases based on
the chosen confidence level and the amount of risk the investor expects to diversify away. The data matches
intuition: a more risk-averse investor with higher confidence expectations should have more stocks in their
portfolio. Table 4 shows the average number of stock across the periods under observation that will diversify

away 90% and 95% of the diversifiable risk using Average and 90, 95 and 99% confidence.

The evidence and method show that a 20-stock equal-weighted portfolio would on average diversify away
90% of diversifiable risk. However, this is cold comfort to an investor who is likely to find that the realized
diversification is very different from the expectation of 90% reduction from holding their specific 20-stock port-
folio. It would take around 40-50 stocks in an equal-weighted portfolio to give the same investor 90% confidence
to diversify away 90% of diversifiable risk. As the confidence level required or the amount of diversifiable risk

to be reduced increases, the investor would need to hold a larger number of stocks in their portfolio.



5 Conclusion

Traditional wisdom in India argues that 15 to 20 stocks are sufficient for efficient diversification. Using time-
series return data for consituents of the Nifty-500 index between December 2014 and 2020, we show that using
averages of randomly generated equal-weighted portfolios, 20 stocks may diversify away about 90% of diversifi-
able risks. However, in practice, investors would find that their chosen 20-stock portfolio has a low probability
of realising the expected diversification benefits. With standard statistical methods, we show that an investor
could target a particular level of diversification-related risk reduction and choose the number of stocks for a
given confidence interval. Using such a process, an investor could choose a 40-50 stock equal-weighted portfolio
to target a 90% diversifiable risk reduction with 90% confidence or a 50-60 stock portfolio to target the same
risk reduction with a higher 95% confidence. In all cases, the statistical approach shows that the number of

stocks required for diversification is higher than the oft-quoted 15-20 stocks.

Our analysis uses a random stock selection and equal-weighting portfolio construction process. In practice,
investors would likely have particular reasons for their stock selection and allocation decisions. The choice of
the stocks and their weights in a portfolio will determine the reduction of diversifiable risks. Our approach
could serve as a baseline for investors in their portfolio construction decisions and help them target a particular
amount of risk reduction with a chosen confidence level. This approach can be used to deal with diversifiable

risk reduction for any portfolio and its chosen benchmark.

We have focused this paper purely on risk and ignored returns. One logical extension of our work is to add

expected portfolio returns to build a risk-adjusted return framework to diversify unsystematic risk.
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Table 1: Number of constituents by period

No. Constituents  Missing price information

Date

2014-12-31 500 4
2015-06-30 500 4
2015-12-31 500 3
2016-06-30 501 2
2016-12-31 501 4
2017-06-30 501 0
2017-12-31 501 0
2018-06-30 501 0
2018-12-31 502 0
2019-06-30 502 0
2019-12-31 502 0
2020-06-30 501 0
2020-12-31 501 0

Tickers with missing price information are delisted tickers for which no
price information is available on Datastream

Table 2: Average risk measures

| | Lyr | 3yr

o @2 63 64 Div Benefit o &2 63 64 Div Benefit
N
1 0.3884 | 0.2201 | 2.3085 | 1.0000 0.3713 | 0.2102 | 2.3053 | 1.0000
10 0.2025 | 0.0343 | 1.2039 | 0.1558 -110.4612 | 0.1934 | 0.0323 | 1.2005 | 0.1536 -110.4738
20 0.1858 | 0.0176 | 1.1045 | 0.0799 -9.9369 | 0.1777 | 0.0166 | 1.1033 | 0.0791 -9.7263
30 0.1800 | 0.0117 | 1.0697 | 0.0533 -3.4831 | 0.1720 | 0.0110 | 1.0680 | 0.0521 -3.5268
40 0.1769 | 0.0087 | 1.0515 | 0.0394 -1.8148 | 0.1692 | 0.0081 | 1.0506 | 0.0388 -1.7421
50 0.1750 | 0.0068 | 1.0404 | 0.0309 -1.1085 | 0.1675 | 0.0064 | 1.0398 | 0.0305 -1.0817
60 0.1739 | 0.0056 | 1.0334 | 0.0255 -0.7090 | 0.1663 | 0.0052 | 1.0325 | 0.0249 -0.7313
70 0.1729 | 0.0047 | 1.0280 | 0.0214 -0.5400 | 0.1655 | 0.0044 | 1.0274 | 0.0210 -0.5071
80 0.1723 | 0.0040 | 1.0239 | 0.0183 -0.4034 | 0.1648 | 0.0038 | 1.0234 | 0.0179 -0.3979
90 0.1717 | 0.0035 | 1.0207 | 0.0158 -0.3216 | 0.1643 | 0.0033 | 1.0203 | 0.0156 -0.3093
100 | 0.1713 | 0.0031 | 1.0184 | 0.0141 -0.2315 | 0.1640 | 0.0029 | 1.0180 | 0.0138 -0.2317
460 | 0.1683 | 0.0001 | 1.0004 | 0.0003 -0.0092 | 0.1611 | 0.0001 | 1.0004 | 0.0003 -0.0108
470 | 0.1683 | 0.0000 | 1.0003 | 0.0002 -0.0122 | 0.1611 | 0.0000 | 1.0003 | 0.0002 -0.0109
480 | 0.1683 | 0.0000 | 1.0002 | 0.0002 -0.0083 | 0.1611 | 0.0000 | 1.0002 | 0.0001 -0.0091
490 | 0.1683 | 0.0000 | 1.0001 | 0.0001 -0.0119 | 0.1611 | 0.0000 | 1.0001 | 0.0001 -0.0112
500 | 0.1682 | 0.0000 | 1.0000 | 0.0000 -0.0089 | 0.1611 | 0.0000 | 1.0000 | 0.0000 -0.0078

The risk measures are averages for each portfolio of n holdings across the 13 time periods. We show the measures
using 1 year and 3 year time series of total returns.



0.35

030

025

0.20

015

0.20 4

0.15 4

0.10 4

0.05 4

0.00 4

18

16

14

12

10

Figure 1: En

— 1yT: O
— 3T O

T T T T T
100 200 300 400 500

n

for all portfolios

— 1T
— YT @
0354
0304
-]
0.25 4
0204
T T T T T T T T T
0 10 20 30 40 50 ] 80 100

El

The curves represent the mean standard deviation across all the iterations (10,000 each)
for n = 1,10,20...500 (51 portfolios) across 13 periods from Dec 2014 through Dec 2020.
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The curves represent the mean ¢2 across all the iterations (10,000 each) for n =
1,10,20...500 (51 portfolios) across 13 periods from Dec 2014 through Dec 2020.
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The curves represent the mean ¢3 across all the iterations (10,000 each) for n =
1,10,20...500 (51 portfolios) across 13 periods from Dec 2014 through Dec 2020.




Figure 4: EZ for all portfolios

020 4

015

010

0.05 4

0.00

The curves represent the mean ¢4 across all the iterations (10,000 each) for n =
1,10,20...500 (51 portfolios) across 13 periods from Dec 2014 through Dec 2020.
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Figure 5: Diversification benefit using averages
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Figure 6: (2, ¢3 and ¢4 over time: : l-year time-series
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The curves represent the mean standard deviation across all the iterations (10,000 each) for n = 1,10,20...500 (51 portfolios) for each of the 13 periods from Dec 2014 through Dec 2020.

Figure 7: (2, ¢3 and ¢4 over time: 3-year time-series
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The curves represent the mean standard deviation across all the iterations (10,000 each) for n = 1,10,20...500 (51 portfolios) for each of the 13 periods from Dec 2014 through Dec 2020.
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Figure 8: 0, 0, ¢y, and ¢3 over time: 1-year time-series Figure 9: Average correlation among securities and with market portfolio: 1-
year time-series
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Figure 10: 01, 0V, ¢, and ¢ over time: 3-year time-series Figure 11: Average correlation among securities and with market portfolio: 3-

year time-series
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The curves on the left panel shows trends over time of 1, oV, 52, and $3. The right hand panel shows the trends in the average correlation among securities and with the market
portfolio (n=500, equal-weighted) over the same period.
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Figure 12: Confidence Limit...Period 31 Dec 2020: 1-year time-series
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Figure 13: Confidence Limit...Period 31 Dec 2020: 3-yr time-series
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The curves represent the upper and lower bounds with 90%, 95% and 99% confidence in the reduction of portfolio risk as n increases from 1 to 500. We scale the pure
systematic risk (o) to 100. We show the results for the period ending Dec 2020. The results for the other periods are similar - risk reduces as n increases, the risk
reduction is delayed when confidence levels are higher and more volatile time-series have wider initial dispersion than less volatile time-series across confidence levels for

the same n.
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Figure 14: Number of stock and diversifiable risk reduction over time: 1-year time-series
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Figure 15: Number of stock and diversifiable risk reduction over time: 3-year time-series

90.0% Diversifiable Risk Reduction 95.0% Diversifiable Risk Reduction
200
175
150
wn
=
& 125 A
h=]
E
™ W 1797
=
==
=
50 4
25
T T T T T T T T T T T T T T T T T T T T T T T T T T
= s b = = = = = = = = = = = p b B = = = = = = = = =
= = = = = = = = = = = =
= = z = 2 = 2 = 2 = 2 = & 2 = 2 = 2 = = = z = =z = 2
Period Period
—— Awerage —— 899% UB —— 95% UB —— 90% UB | —— Awerage —— 99% UB —— 95% UB —— 90% UB |

The lines are the number of stock required in an equal weighted portfolio to achieve 90% and 95% diversifiable risk reduction over time using average values and the
upper bounds at 99%, 95% and 90% sample coverage.




Table 3: Upper Confidence Limit...Period 31 Dec 2020

o Iyr i vt [
| 3 I 2 I 3 I 2 |
99 95 90 Avg 99 95 90 99 95 90 Avg 99 95 90
N
1 156.0 | 122.3 | 117.0 100.0 | 204.0 | 141.4 | 131.6 164.2 131.6 | 124.7 100.0 | 217.5 157.7 | 145.2
10 162.2 | 113.2 | 109.3 15.3 78.1 28.6 24.7 142.2 | 115.3 | 111.1 15.4 56.9 30.5 26.4
20 124.6 | 112.0 | 107.9 7.9 30.9 19.1 15.3 118.4 | 112.3 | 109.0 7.9 24.6 19.1 16.1
30 115.4 | 109.9 | 107.1 5.2 19.2 14.2 11.7 113.7 | 109.5 | 107.1 5.2 17.3 13.6 11.5
40 112.0 | 107.8 | 105.9 3.9 14.6 10.9 9.2 111.3 | 107.8 | 106.2 3.8 13.7 10.6 9.2
50 109.9 | 106.9 | 105.3 3.0 11.8 9.2 7.8 110.3 | 107.1 | 105.5 3.1 11.9 9.2 7.8
60 108.6 | 106.1 | 104.7 2.5 10.2 8.0 6.7 109.3 | 106.3 | 104.9 2.5 10.4 7.8 6.6
70 107.7 | 105.5 | 104.3 2.1 8.9 7.0 5.9 108.6 | 105.8 | 104.6 2.1 9.3 7.0 5.9
80 107.2 | 105.0 | 103.8 1.8 8.2 6.3 5.2 107.6 | 105.3 | 104.1 1.8 8.3 6.4 5.3
90 106.7 | 104.7 | 103.6 1.5 7.3 5.7 4.7 107.0 | 105.0 | 103.9 1.5 7.5 5.8 4.9
100 | 106.0 | 104.3 | 103.3 1.4 6.6 5.1 4.3 106.8 | 104.8 | 103.7 1.4 7.1 5.4 4.5
460 | 100.9 | 100.6 | 100.5 0.0 0.8 0.6 0.5 101.0 | 100.7 | 100.6 0.0 0.8 0.6 0.5
470 | 100.8 | 100.6 | 100.4 0.0 0.7 0.5 0.4 100.8 | 100.6 | 100.5 0.0 0.7 0.5 0.4
480 | 100.6 | 100.4 | 100.4 0.0 0.6 0.4 0.3 100.7 | 100.5 | 100.4 0.0 0.6 0.4 0.3
490 | 100.5 | 100.3 | 100.2 0.0 0.4 0.3 0.2 100.5 | 100.3 | 100.3 0.0 0.4 0.3 0.2
500 | 100.0 | 100.0 | 100.0 0.0 0.0 0.0 0.0 100.0 | 100.0 | 100.0 0.0 0.0 0.0 0.0
* For ¢3 the average standard deviation for each portfolio size is scaled to 100. For ¢4, the scaling is done using the average
ol —olN.

Table 4: Required Portfolio Size for Desired Risk Reduction

| | Lyr I 3yr |
Average 99 95 | 90 Average 99 95 | 90
Risk Reduction*
90.0% 20 78 55 | 44 20 76 55 | 43
95.0% 32 | 174 | 122 | 98 31 | 174 | 122 | 96

* in diversifiable risk defined by ¢4.

The columns reflect the average risk and the upper bounds of the 99%, 95% and
90% intervals. The rows refer to the amount of diversification risk reduced. For
instance, for 90% risk reduction, we look for the number of stocks where the ¢4 is
equal to 10%. The number of stock is the mean number as an integer across all the
13 periods. We are measuring diversification where n = 1,10,20...500, so the mean
number is just a mathematical average.



	Introduction
	Literature Review
	Methodology and Data
	Methodology
	Data

	Results and Discussion
	Conclusion

