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Abstract Prior literature on socially responsible investment

has contended that excluding ‘‘sin stocks’’ from a portfolio

(negative screening) will reduce performance and increase

risk. Further, incorporating stocks of firms with positive social

responsibility scores (positive screening) will improve per-

formance and reduce risk. We simulate portfolios designed to

mimic typical equity mutual funds’ holdings and investigate

these propositions. We remove the potentially confounding

influences of differences in manager skill, transaction costs

and fees, and conduct a clean experiment on the effect of

positive and negative portfolio screening. We find no differ-

ence in the return or risk of screened and unscreened portfo-

lios. We conclude that a typical socially responsible fund will

neither gain nor lose from screening its portfolio.

Keywords Socially responsible investing �
Ethical investing � Mutual funds

Introduction

Socially responsible investing (SRI), where non-financial

information is incorporated into investment decision making,

is by no means a new concept. For centuries, groups of

religious investors have chosen to form their investment

portfolios in ways that reflect their values (US SIF 2012).

Today, there is a much more heterogeneous group of partici-

pants in the SRI market, with SRI now incorporating con-

siderations such as climate change, pollution and executive

remuneration. Indeed, SRI can no longer be considered a

small, niche market—with $3.74 trillion, or over 11 % of all

assets under management, currently invested in this way (US

SIF 2012).

Socially responsible investing works by screening

portfolios for particular non-financial issues. Negative

screening is where firms engaging in undesirable activities,

such as gambling or alcohol production, are excluded from

the investment portfolio. Positive screening incorporates

firms with desirable characteristics, such as good labour

relations and involvement with community development,

into the portfolio. In this article, we investigate whether

positive and negative screening have differing impacts on

investment portfolios’ risks and returns.

The easiest and most convenient way for an individual

investor to access SRI is via an SRI fund. The US SIF

(2012) reports that in the US, the most common screens

used by SRI funds are the traditional ‘‘sin’’ screens:

tobacco, alcohol and gambling.1 That is, most of the money

invested in SRI funds in the US is negatively screened.

However, the majority of SRI funds also use positive

screening.2 Indeed, most SRI funds use multiple screening

criteria and incorporate both positive and negative screens.
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There is now an extensive literature which investigates

whether there is a cost or a benefit to investing in SRI funds

relative to non-SRI, or ‘‘conventional’’, funds. The over-

whelming evidence suggests that there is no difference in the

risk-adjusted returns of SRI funds compared to conventional

funds (see, for example, Goldreyer and Diltz 1999; Statman

2000; Bauer et al. 2005; Bello 2005; Benson et al. 2006).

More recently, it has been argued that the different types

of screens may affect performance and risk in different

ways. First, that positive screening results in an increase in

returns (Barnett and Salomon 2006). Typically this branch

of the literature has used stakeholder theory to justify its

claims. In particular, the argument is that firms which

engage in positive activities, such as community involve-

ment and good employee relations, are at a competitive

advantage to firms which do not. These firms are able to

attract superior management and employees and they have

good relationships with the communities within which they

operate. This then flows through to higher firm profitability

and consequently superior returns (Lado and Wilson 1994;

Turban and Greening 1997).

However, these arguments are somewhat questionable. If

markets are relatively efficient, we should only observe a one-

off price increase (increase in return) when the market learns

of a firm implementing a particular value-adding responsible

practice. For superior returns to persist, either markets would

have to exhibit some level of inefficiency and systematically

overestimate (underestimate) the benefit (cost) of SRI (Stat-

man and Glushkov 2009), or the firm would have to be con-

stantly innovating in its responsible practices, with each

innovation increasing firm value going forward.

It has also been argued that positive screening will lower

idiosyncratic risk because responsible behaviour reduces

frictions between responsible firms and the societies in

which they operate. Examples of frictions would include

product boycotts, employee strikes or law suits—such as the

public suing a firm for damaging the environment (Cornell

and Shapiro 1987). Firms with positive stakeholder rela-

tionships would not face these types of frictions, therefore

they would experience less shocks to their cash flows and

consequently have relatively lower idiosyncratic risk.

In contrast, it has been argued that negative screening

reduces returns and increases risk. Returns are reduced

because investors forgo potentially profitable opportunities

by excluding stocks from their portfolios on non-financial

grounds (Adler and Kritzman 2008; Fabozzi et al. 2008;

Statman and Glushkov 2009). Indeed, the first two authors

conclude their papers with the following dire warnings to

investors:

Trustees or fiduciaries who develop institutional

investment policy statements should fully understand

the economic consequences of screening out stocks of

companies which produce a product that is incon-

sistent with their value systems. In addition, they

should question if the cost to uphold common social

standards is worthwhile. (Fabozzi et al. 2008)

A socially motivated investor can…exclude bad (i.e.

‘‘sin’’) companies from her portfolio and thereby

sacrifice vast sums of wealth through time…. (Adler

and Kritzman 2008)

In terms of risk, drawing on modern portfolio theory, it

has been hypothesized that SRI managers are unable to

form fully diversified portfolios because a proportion of the

investable universe is excluded (see Barnett and Salomon

2006). This will then result in SRI funds having higher

idiosyncratic risk, which is not compensated for by higher

return.

As already noted, most SRI funds use a combination of

positive and negative screens. Some researchers suggest

that any increase in return from positive screening is offset

by a corresponding decrease in return from negative

screening, which is why prior research has not found evi-

dence of an overall relation between SRI and performance

(Statman and Glushkov 2009).

At present, the SRI mutual fund literature has not pro-

vided a clean experiment which explicitly examines the

differing impact of positive and negative screening on fund

performance and returns. Goldreyer and Diltz (1999)

examine the difference in the performance of SRI funds

which positively screen versus SRI funds which do not and

find evidence of positively screened funds outperforming.

They do not examine negative screening, or the impact of

screening on risk. A number of studies have examined the

impact of the intensity of screening: whether the number of

screens a SRI fund imposes impacts performance and/or

risk (Barnett and Salomon 2006; Renneboog et al. 2008;

Jegourel and Maveyraud 2010; Lee et al. 2010; Humphrey

and Lee 2011). However, examining the impact of the

number of screens a portfolio uses is a different question

from examining whether positive and negative screening

per se affect fund outcomes. Further, this literature has

examined actual mutual fund returns. However, the return

and risk of mutual funds is determined by a number of

factors: the performance of the underlying stocks, the skill

of the fund manager, transaction costs and the fees that the

fund charges. This means that using actual mutual fund

returns may not be the optimal way of determining whether

the SRI characteristic has an impact on risk and returns

(Schröder 2007; Statman and Glushkov 2009).

There is also a burgeoning literature that examines SRI

by forming portfolios based on SRI characteristics, rather

than examining mutual funds (see, for example, Galema

et al. 2008; Filbeck et al. 2009; Statman and Glushkov

2009). These studies on the whole examine a large universe

376 J. E. Humphrey, D. T. Tan

123



of stocks (for example, the entire KLD database) and

determine whether screening impacts returns and risk. This

analysis is to some extent unrealistic because it is unlikely

that a typical SRI investor will hold a portfolio comprising

thousands of stocks. We wish to investigate the effect SRI

will have on a portfolio a typical retail investor is likely to

hold and this is why we choose to simulate portfolios of

similar size to a typical mutual fund and examine the effect

of positive and negative screening on these portfolios.

Mutual funds comprise a significant segment of the SRI

market (US SIF 2012) so it is worthwhile investigating

screening within the context of mutual funds.

From the risk perspective, we are particularly interested in

the impact of SRI on idiosyncratic risk since the theoretical

arguments outlined above apply to idiosyncratic risk. Fur-

ther, an increase in systematic risk is usually associated with

a higher expected return, but the idiosyncratic risk is not

usually compensated for with a higher return.

In sum, in this article we investigate the effect positive and

negative screening has on the performance and risk of SRI

funds relative to unscreened funds, removing the con-

founding effects of managerial skill, fees and expenses.

Our strategy is to simulate portfolios which mimic, as

realistically as possible, the characteristics of mutual funds.

Since our portfolios comprise the underlying stocks in a fund,

and we do not use the actual fund returns, we do not need to be

concerned about differences in fees across funds impacting

our results. In addition, we remove fund manager skill by

randomly selecting stocks when we form the portfolios. This

allows us to disentangle the effect of the screening mechanism

from fees and skill. Our approach is similar to that of Adler and

Kritzman (2008). However, Adler and Kritzman (2008)

assume that SRI funds randomly eliminate stocks from the

portfolio. This approach is incorrect because screening is by

no means random: specific industries are excluded from SRI

portfolios. Further, these authors do not recognize that SRI

funds also positively screen their portfolios. Our article

overcomes these shortcomings.

We find that positively or negatively screened portfolios

do not provide returns or risks that are any different from

those of unscreened portfolios. Investors experience neither

harm nor benefit from investing in an SRI fund.

The rest of the article proceeds as follows. The data is

described in the second section and the methodology in the

third section. Results are presented in fourth section and

fifth section concludes the article.

Data

Our aim is to form portfolios that are as similar as possible

to the actual portfolios held by SRI funds. To this end, we

obtain information on SRI funds from a number of sources.

The first step is to determine the initial investible universe

of stocks, so we download a list of the benchmarks SRI

funds use from the US SIF’s website.3 As our analysis will

investigate the characteristics of portfolios of stocks, we

only investigate funds which use equity benchmarks. The

benchmarks which SRI funds use are displayed in Table 1.

The most common benchmark is the S&P 500 total

return index, with approximately one-third of funds

benchmarking to this index. The next most common index

is the Russell 2000 index, which only 11 % of SRI funds

benchmark to. The number of funds using a particular

benchmark drops rapidly outside of these two indexes.

Funds that select stocks from the S&P 500 index obviously

have a smaller universe of stocks from which to choose

than funds that use the Russell 2000 index, meaning that

any constrained diversification effect of SRI will be more

pronounced for funds which benchmark to the S&P 500

index. In addition, prior to 2001, our positive screening

data is only available for those companies listed on the

S&P 500 index.

We check whether the conventional universe is similar

by extracting equity funds’ primary prospectus benchmark

from Morningstar Direct. About 31 % of these funds

benchmark to the S&P 500 total return index with the next

most popular indexes being the Russell 1000 growth (11 %

of funds) and value (9 % of funds) total return indexes.

Consequently, it is most logical for us to use the S&P 500

index as our investible universe. In robustness tests, we

expand the investible universe to include the 3,000 largest

listed US stocks.

We extract the historical list of S&P 500 index con-

stituents, which incorporates all index additions and dele-

tions, from Compustat. This dataset becomes our initial

(unscreened) investible universe. Returns and market cap-

italisations on all stocks on our list of S&P 500 index

constituents are extracted from CRSP.

We next need to screen this initial universe of stocks. We

use NAICS and SIC codes to identify the stocks to be neg-

atively screened. Since tobacco, alcohol, gambling and

defence/weapons are the most widely used negative screens,

we exclude stocks in these industries. Specifically, we clas-

sify tobacco stocks as those with NAICS codes 312210,

312221 or 312229 or SIC codes 132, 2100–2199, 5194 or

5993. Alcohol stocks have NAICS 312120, 312130 or

312140, or SIC codes 2080–2085, 518, 5181 or 5182.

Gambling stocks have NAICS 713210, 713290 or 721120.

Defence/weapons stocks have SIC codes 3760–3769 and in

this category we also include firearms, which have SIC codes

3480–3489. Our negatively screened universe excludes

stocks in any of these classifications.

3 http://ussif.org/resources/mfpc/index.cfm?mf_type=BL&order—

date accessed 8 April 2010.
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Classifying sin stocks in this way will only allow us to

identify stocks whose predominant business is in a sin

industry. We are surprised to discover that only 15 stocks

are identified as sin stocks using this criterion over our

entire sample period. Indeed, a maximum of only 10 sin

stocks are listed on the S&P 500 at any one point in time.

However, firm involvement in a particular sin industry may

be more indirect. For example, a subsidiary may be

involved in a sin industry, or the firm may sell sin products

as part of, but not its main, business. Consequently, we also

use the MSCI/KLD STAT database (KLD) to identify sin

stocks. In particular, we select any firm that KLD identifies

as being involved in the following ‘‘controversial busi-

nesses’’: tobacco, alcohol, firearms, gambling, weapons,

military and nuclear. On average, 73 stocks per year are

excluded from the portfolios using these criteria.

Stocks for our positively screened portfolios are also

identified from KLD. KLD rates firms along a number of

non-financial criteria, awarding firms a value of one for

each ‘‘strength’’ and each ‘‘concern’’. These strengths and

concerns are then aggregated to give a total number of

strengths and a total number of concerns across each of the

following categories: community, corporate governance,

diversity, employee relations, environment, human rights

and product. These categories are similar to the actual

screens used by SRI funds, as identified by the US SIF.4 In

line with prior literature (for example, Statman and

Glushkov 2009; Hong and Kostovetsky 2011), we form an

overall score for every category by subtracting the total

number of concerns from the total number of strengths

across each of these seven categories. We then take the

total number of strengths minus the total number of con-

cerns and select all firms which have a positive total score,

i.e. we select the firms which have more strengths than

concerns. This then becomes the universe from which we

can form our positive (equally weighted screens) portfo-

lios. However, each category has a different number of

elements to it, and these change over time. For example, in

1995, there are six community strengths and four com-

munity concerns, but only three corporate governance

strengths and three concerns. We therefore also take each

firm’s score across each dimension and divide it by the

number of strengths/concerns. For example, in 1995 a firm

may have five community strengths, which we would then

divide by the total number of community strengths avail-

able from KLD, which is six. We do this for each strength

and concern. We then add each of these weighted scores to

get a total score. Firms which have a positive score are then

used as the universe from which to form positive (weighted

screens) scores.

We use the S&P 500 total return index as our proxy for

the market, and in robustness tests we use the CRSP VW

index. Return on these indexes and return on the 1-month

risk free rate are from the Fama–French Portfolios and

Factors database available through WRDS. Our sample

period is January 1996–December 2010.

Methodology

We begin our analysis with an investigation of the under-

lying universes of stocks. This is essentially a replication of

previous studies which have looked at screening but have

not taken portfolio size into account (for example, Statman

and Glushkov 2009). We form five portfolios by value-

weighting all of the stocks in the underlying universes. No

screen comprises all stocks on the S&P 500 total return

index. Our negatively screened universes are the S&P 500

constituents with the sin stocks (identified by SIC/NAICS

Table 1 SRI fund benchmarks

Benchmark Number

of funds

Percent

of funds

S & P 500 Composite Total Return 32 33.3

Russell 2000 11 11.5

Custom 8 8.3

Russell 3000 5 5.2

Calvert Social 4 4.2

MSCI EAFE Equity 4 4.2

Russell Mid Cap Growth 4 4.2

Russell Mid Cap Value 4 4.2

Russell 1000 3 3.1

Russell 2000 Value 3 3.1

Russell 3000 Growth 3 3.1

FTSE KLD 400 Social 2 2.1

MSCI U.S. Prime Market Growth Index 2 2.1

MSCI US Prime Market Value Index 2 2.1

Russell 2000 Growth 2 2.1

Lipper mixed asset target

allocation growth funds average

1 1.0

Russell 1000 Value 1 1.0

Russell 2500 Value 1 1.0

Russell 3000 Utilities 1 1.0

Russell Midcap Index 1 1.0

S & P 400 Midcap Total Return 1 1.0

Total number of funds 96 100

This presents information from the Social Investment Forum on the

benchmarks used by SRI funds

4 Specifically, US SIF identifies the following potential positive

screens: environment (comprising climate/clean technology, pollu-

tion/toxics and other), social (comprising community development,

diversity/equal employment, human rights and labour relations) and

corporate governance (comprising board issues and executive pay).
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or by KLD) removed.5 Positively screened universes are

the S&P 500 stocks with positive overall KLD scores.6

Correspondence with MSCI/KLD revealed that the ratings

are usually released in December of each year and sent to

clients at some time in the first quarter. This means that

clients would receive, for example, the 1995 KLD ratings

at the beginning of 1996. Consequently, to avoid look-

ahead bias, we match the KLD ratings with the subsequent

year’s constituents of the S&P 500, forming portfolios in

the January following KLD’s data release. We therefore

use KLD ratings for the years 1995–2009 and our sample

of returns is from January 1996 to December 2010.7

We also investigate differences in the universes by

subtracting the unscreened universes results from the

screened universe results. Results from these difference

calculations will indicate whether screening has an impact

on performance.

We use a number of performance measures. Jensen’s a
is the intercept from the following regression:

ðRp;t � Rf ;tÞ ¼ ap þ bpðRm;t � Rf ;tÞ þ ep;t ð1Þ

where Rp;t; Rm;t; Rf ;t are the returns on universe p, the

market portfolio and the risk-free asset at time t.

We are mainly interested in the results on our difference

universes. A significantly positive (negative) a coefficient

on our difference universe indicates that screened universes

perform better (worse) than the unscreened universe.

The literature has found that there are differences in how

socially responsible and socially irresponsible firms load

onto the size, book-to-market and momentum risk factors

(Bauer et al. 2005; Galema et al. 2008; Statman and

Glushkov 2009). If substantial risk premia are available on

these factors, factor loadings will impact the returns which

could be expected from portfolios. Since our aim is to

isolate the impact of positive and negative screening, we

need to make sure that any difference in the risk or returns

of our portfolios is attributable to the socially responsible

characteristic and not differences in these other portfolio

characteristics. Consequently, we also calculate the four-

factor alpha as the intercept from the Carhart (1997) model:

ðRp;t � Rf ;tÞ ¼ ap þ bpðRm;t � Rf ;tÞ þ spSMBt þ hpHMLt

þ mpUMDt þ ep;t

ð2Þ

where SMB, HML and UMD are the return on the mim-

icking size, book-to-market and momentum factors,

respectively.

To ensure continuity across the factors, we form SMB,

HML and UMD ourselves using only stocks listed on the

S&P 500. Returns are obtained from the CRSP database.

Market values are calculated as common shares outstand-

ing multiplied by price from the CRSP database. Market

values of firms with multiple share issues are calculated

using all share classes, but only the most liquid stock’s

return is utilised. Book value of equity is from Compustat

(item CEQ) for the fiscal year t. Negative book values are

deleted. Book-to-market ratios are the book value of equity

divided by market value.

We then move on to the primary focus of our article,

which is to investigate the impact of screening on portfo-

lios which realistically represent what a fund manager

could be expected to hold. Clearly, an active manager will

not hold the entire universe of stocks. We therefore need to

decide how many stocks to have in each portfolio. Mor-

ningstar Direct provides a time series of the number of

stocks held by mutual funds. We extract this information

for domestic equity funds, deleting index funds. Funds hold

122 stocks on average over our entire sample period. If we

restrict the funds to only those which benchmark to the

S&P 500 total return index, this number drops to 114.

Portfolio sizes appear to increase over our time period,

ranging from a minimum of 86 (67) to a maximum of 165

(145) stocks for all equity funds (funds which benchmark

to the S&P 500). We therefore decide to form portfolios of

100 stocks. We also form portfolios of differing numbers of

stocks to investigate whether portfolio size impacts the

results.

To create our unscreened portfolios, 100 stocks are

randomly selected (without replacement) from our list of

S&P 500 constituents in January from 1996 to 2009. The

portfolio is held for 12 months. After 12 months, we

reform the portfolio from another random draw of 100

stocks. This gives us a portfolio which assumes a 100 %

holdings turnover and zero manager skill. Value-weighted

portfolio statistics are then calculated for the portfolio over

the 15-year period. The process is repeated 10,000 times.

Our screened portfolios are formed in an identical

manner, except that the relevant universes from which

stocks are bootstrapped are either positively or negatively

screened.

5 Note that we need to make an assumption about when a portfolio

manager would add or delete a stock from the portfolio when the

underlying index changes. We assume that deletions to the index are

held in the fund until the end of the month and additions are added at

the beginning of the following month. This results in our unscreened

universe not necessarily comprising exactly 500 stocks in any given

month.
6 We are unable to test the effect of specific screens due to

insufficient numbers of firms available for each screen. For example,

there are less than 30 stocks with positive governance scores for half

of the years in our sample (in 1 year only 13 stocks have a positive

governance score).
7 This sample period also has the advantage of allowing us to avoid

using KLD’s 2010 ratings. In 2009, MSCI acquired RiskMetrics,

which had previously acquired KLD and there are noticeable

differences in the ‘‘strengths’’ and ‘‘weaknesses’’ criteria between

2009 and 2010.
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We now have time series for 10,000 portfolios each of

unscreened, positively and negatively screened stocks. We

then calculate the difference between pairs of screened and

unscreened portfolios—leading to four sets of 10,000 dif-

ference observations. We rank the difference portfolios

from largest to smallest. To determine whether there is a

significant difference between the screened and unscreened

portfolios, we create confidence intervals by examining the

5th and 95th percentile values: these are essentially two-

tailed 5 % critical values. If both critical values are positive

(negative), this means that we can be 95 % confident that

screened portfolios have higher (lower) risk or return than

unscreened portfolios. However, if one critical value is

positive and the other negative, we cannot conclude that

there is a difference between the two samples, as zero is

contained in the confidence interval.

We perform this procedure for our four definitions of

screened portfolios across a number of performance and

risk metrics. To investigate fund performance, we first

examine raw returns and the Sharpe ratio (returns in excess

of the risk-free rate divided by the standard deviation). We

then examine the a from a one-factor Jensen model or a

four-factor Carhart alpha (Eqs. (1) and (2) above), which

adjusts returns for systematic risk.

We measure total risk as the standard deviation of the

portfolios’ monthly returns over the sample period. We

divide total risk into its systematic and idiosyncratic

components. We use the beta coefficients from Eqs. (1) and

(2) to measure systematic risk. Idiosyncratic risk is the

error term from Eqs. (1) or (2).

Results

Results from our investigation of the underlying universes

(rather than the bootstrapped portfolios) are in Tables 2

and 3. Descriptive statistics on the entire universes are

presented in Table 2. There are considerably less stocks in

our positively screened universes than in our unscreened

universe, but negatively screened universes are almost as

large as our unscreened universe. Returns across the uni-

verses are almost identical. We perform t tests on the dif-

ference in the raw returns and, unsurprisingly, find no

significant difference in the returns of the screened and

unscreened universes.8 Stocks in our positively screened

universes are substantially larger than those in unscreened

and negatively screened universes. This highlights the need

to use a performance measurement model which takes firm

size into account.

Table 3 shows the output from the one- and four-factor

models. None of the alphas on the universes are significant,

save the difference between the Neg (SIC) and the

unscreened universe. We suspect, however, that the sig-

nificant t statistic is more an artefact of the miniscule

standard error (0.000027 and 0.000028 for the one and

four-factor models, respectively) rather than denoting any

real evidence of underperformance. These tiny standard

errors are attributable to the almost identical return series

of the two universes (we note that the R2 of the Neg (SIC)

regressions are 0.997; there is essentially no difference

between our Neg (SIC) and unscreened universes because

such a small number of stocks have been excluded).

To test total risk, we examine differences in the variance

of returns of each of our series. F tests indicate that there is

no significant difference in the variances of our screened

and unscreened universes. Systematic risk is measured as

the beta from our one- and four-factor models. Results, in

Table 3, show that positively screened and Neg (SIC)

universes have higher systematic risk, as measured by beta,

while Neg (KLD) have lower betas than the unscreened

universes. However, we are mainly interested in the impact

of screening on idiosyncratic risk. We measure idiosyn-

cratic risk as the residual from our one- and four-factor

models. We test whether screening impacts idiosyncratic

risk by performing t tests for differences in the means of

our screened and unscreened universes (results not dis-

played, available upon request). We do not find evidence of

screening impacting idiosyncratic risk.

We now turn to our main tests which utilise bootstrap-

ping to simulate portfolios of fund returns. There are now

only 100 stocks in each of our screened and unscreened

portfolios. Results are presented in Table 4. Performance is

evaluated in four different ways: raw returns, Sharpe ratios,

one- and four-factor alphas.

Recall that some authors have suggested that positive

screening should increase returns because the included

firms have positive relationships with their stakeholders,

which should then result in a higher stock return. We do

not find evidence of outperformance in any of our posi-

tively screened portfolios using any performance measure.9

This finding is in line with prior literature. Statman and

Glushkov (2009) do not find significant out- (or indeed

under-) performance in portfolios long in stocks with

positive KLD scores and short in negative scores.

8 Results not displayed, available upon request.

9 It must be noted that the majority of the alphas on our bootstrapped

portfolios are insignificant, so it may not be appropriate to use these

alphas to calculate differences between the screened and unscreened

portfolios. Consequently, we also examine the alphas and replace any

insignificant alpha with zero before taking differences. In each case,

the upper and lower critical values become zero because the vast

majority of the differences are zero. This result still upholds our

findings of no difference between screened and unscreened portfolios’

alphas. We thank an anonymous referee for raising this point.
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However, recall that we have applied the KLD screening

information in January following the year in which it is

released—the time when most fund managers would

receive this data. KLD scores firms using publically

available information. Consequently, it is perhaps unsur-

prising that a positive return cannot be made using this

data, since by the time the KLD ratings are made available,

the information is already stale. What would happen,

however, if managers could identify firms with good social

practices before the market? We investigate what would

happen if we form our portfolios a year prior to the KLD

release date. That is, we allow managers to have infor-

mation about positive screening prior to KLD’s public

release. However, this does not alter our results. All per-

formance results are still insignificant. We therefore con-

clude that positive screening, or at least positive screening

using KLD data, does not provide the market with value-

relevant information; even if the information is anticipated

prior to it becoming public.

The traditional argument made regarding negative

screening is that this process should decrease returns. There

is evidence in the literature which suggests that sin stocks

deliver superior performance (Fabozzi et al. 2008; Hong

and Kasperczyk 2009) and since sin stocks are excluded

from our negatively screened portfolios, we would expect

to find underperformance. Further, as we move from using

NAICS/SIC classifications to identify sin stocks to using

the KLD classifications, we should see a decreasing return

as more stocks are excluded from the portfolios. Turning to

our results in Table 4, while we do see the average per-

formances of negatively screened portfolios being uni-

formly less than those of unscreened portfolios, the

differences are insignificant. This is an interesting finding

because it suggests that negative screening does not have a

detrimental effect on performance, even though sin stocks

are known to outperform.

How can we align this finding with prior literature?

Statman and Glushkov (2009) find significant excess

returns to portfolios of responsible minus (KLD rated) sin

stocks, and Fabozzi et al. (2008) and Hong and Kasperczyk

(2009) find significant premiums available for (pure play)

sin stocks. However, it must be noted that the excess

returns found in Statman and Glushkov (2009) disappear

when portfolios are value-weighted. All of these prior

studies have a rather large number of sin stocks in their

sample. However, as we have documented, there are at best

10 pure play sin stocks available in the S&P 500 at any

point in time. While we do not question the finding that sin

stocks outperform, our results suggest that their contribu-

tion to the returns of a typical mutual fund’s portfolio is so

small as to be negligible. Consequently, the returns of SRI

funds are in no way compromised by excluding these

stocks.

Risk results are presented in Table 5 and are broken into

three components: total risk (volatility), systematic risk

(one- and four-factor beta) and idiosyncratic risk (one- and

four-factor standard error). Positively (negatively) screened

portfolios have slightly higher (lower) total, systematic risk

and tracking error, but there is no significant difference in

the risk of screened and unscreened portfolios.

However, what we are most interested in is results from

idiosyncratic risk. Recall that some have argued that

positive screening should result in lower (idiosyncratic)

risk as positive stakeholder relations should reduce fric-

tions between a firm and the society within which it

operates. In contrast, negative screening should increase

portfolio idiosyncratic risk as managers are subject to a

restricted investible universe. We do not find evidence in

favour of either of these contentions. Screening portfolios

does not significantly impact on risk.

Robustness Tests

We perform a battery of robustness tests to ensure that our

findings are not driven by our methodological choices.

Recall that our initial portfolios were formed in January

each year. Correspondence with KLD indicated that their

Table 2 Universes: descriptive statistics on universes

No screen Pos

(ES)

Pos

(WS)

Neg

(SIC)

Neg

(KLD)

Number of stocks

Average 504.61 168.56 107.00 489.00 424.00

Minimum 499 149 174 501 458

Maximum 210 183 146.94 496.03 439.5722

SD 2.15 9.61 15.66 2.25 8.04

Returns

Average 0.01 0.01 0.01 0.01 0.01

Minimum -0.21 -0.21 -0.21 -0.21 -0.21

Maximum 0.19 0.18 0.19 0.19 0.18

SD 0.05 0.05 0.05 0.05 0.05

Size

Average 18,946,298 2,315,0324 20,198,443 1,907,3978 18,427,120

Minimum 8,958,056 10,947,791 10,101,942 8,988,501 8,493,585

Maximum 2,680,2196 33,400,401 2,910,3669 27,036,203 26,776,238

SD 4,288,878 5,897,101 5,136,953 4,344,089 4,357,051

This presents descriptive statistics on the screened and unscreened universes. No

screen represents the full sample of all S&P 500 firms. Pos universes are formed

from S&P 500 firms which KLD identifies as having strong performance across

community, corporate governance, diversity, employee relations, human rights and

product. Pos (ES) weights each dimension equally, whereas with Pos (WS), each

dimension is weighted according to the number of criteria it encompasses. Neg

(SIC) excludes S&P 500 firms whose NAICS or SIC indicate they are from the

tobacco, alcohol, gambling or weapons industries. Neg (KLD) excludes firms

which KLD identifies as being involved in tobacco, alcohol, firearms, gambling,

weapons, military or nuclear. Returns denotes monthly returns, size is calculated as

shares outstanding multiplied by price and is in thousands of dollars. The sample

period is January 1996–December 2010
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clients receive KLD rating scores in the first quarter of the

following year. To mimic a fund manager who may receive

the ratings later in the year, we also form portfolios in

April. Results are unchanged from our initial specification.

Our original tests were run using a 1-year holding per-

iod; so portfolios were rebalanced every year. We also

perform the analysis using a 5-year holding period. We find

no difference in any of the return or risk measures of our

unscreened and screened portfolios using a 5-year holding

period.

It is possible that there is a ‘‘learning effect’’ over the

sample period where, initially SRI information was not

fully understood by the market but over time the market

became better at valuing this information and incorporating

it into prices.10 This would manifest in SRI funds exhib-

iting higher returns in the early stages of our sample period,

but the effect tapering out over time. To address this

question, we perform 36-month rolling window regressions

and examine the one- and four-factor alphas over time. We

do not find evidence of a systematic reduction in the

differential alphas of SRI and conventional funds over our

sample period.

We had initially formed portfolios of 100 stocks. Given

that mutual funds are of differing sizes, we investigate the

effect of altering the number of stocks in our portfolios by

increasing the number of stocks in increments of 50 up to

400 stocks. We are only able to perform this robustness test

for our negatively screened portfolios, since positively

screened universes comprise less than 150 stocks in a

number of months.11 Altering portfolio size does not

impact return or total and systematic risk results. Screened

and unscreened portfolios of up to 350 stocks display

insignificantly different amounts of idiosyncratic risk.

However, portfolios of 400 stocks screened using KLD

criteria have significantly higher idiosyncratic risk than

unscreened portfolios. What this implies is that the relative

Table 3 Universes: regression output on universes

One-factor model Four-factor model

a MRP Adj. R2 a MRP SMB HML UMD Adj. R2

No screen -0.0001 0.99*** 1.00 -0.0002 0.99*** 0.00 0.03*** 0.01 1.00

-0.88 181.08 -0.99 205.48 0.20 4.06 1.07

Pos (ES) -0.0007 1.02*** 0.95 -0.0004 1.03*** -0.07** -0.08*** -0.03 0.95

-0.88 71.92 -0.59 73.48 -2.01 -2.74 -0.93

Pos (ES)—no screen -0.0006 0.03*** 0.01 -0.0002 0.04*** -0.07* -0.11*** -0.03 0.10

-0.67 2.08 -0.34 3.13 -1.79 -3.96 -1.31

Pos (WS) -0.0006 1.03 0.92 -0.0007 1.04*** 0.04 -0.16*** -0.02 0.93

-0.53 41.95*** -0.75 51.38 0.85 -4.18 -0.51

Pos (WS)—no screen -0.0004 0.04* 0.01 -0.0005 0.06*** 0.04 -0.19*** -0.03 0.17

-0.39 1.77 -0.56 3.00 0.77 -5.36 -0.70

Neg (SIC) -0.0002 0.99*** 1.00 -0.0002 0.99*** 0.002 0.03*** 0.01 1.00

-1.22 184.12 -1.31 202.13 0.17 4.00 1.17

Neg (SIC)—no screen -0.0001*** 0.005*** 0.26 -0.0001*** 0.005*** 0.0004 0.0007 0.0006 0.26

-2.14 5.15 -2.01 5.34 -0.27 -0.80 0.85

Neg (KLD) -0.0003 0.97*** 0.99 -0.0002 0.97*** -0.02 0.06*** 0.00 0.99

-0.73 88.63 -0.72 105.39 -0.78 4.10 0.08

Neg (KLD)—no screen -0.0001 -0.02* 0.02 -0.0001 -0.02** -0.02 0.03*** -0.01 0.10

-0.39 -1.82 -0.21 -1.99 -1.35 2.62 -0.37

This presents regression results on the screened and unscreened universes. Alpha is the intercept, MRP the coefficient on the market risk

premium. SMB, HML and UMD are coefficients on the size, book-to-market and momentum factors, respectively. No screen represents the full

sample of all S&P 500 firms. Pos universes are formed from S&P 500 firms which KLD identifies as having strong performance across

community, corporate governance, diversity, employee relations, human rights and product. Pos (ES) weights each dimension equally, whereas

with Pos (WS), each dimension is weighted according to the number of criteria it encompasses. Neg (SIC) excludes S&P 500 firms whose

NAICS or SIC indicate they are from the tobacco, alcohol, gambling or weapons industries. Neg (KLD) excludes firms which KLD identifies as

being involved in tobacco, alcohol, firearms, gambling, weapons, military or nuclear. The sample period is January 1996–December 2010.

Newey–West HAC t statistics are in parentheses

** Significance at the 5 % level

10 We thank an anonymous referee for this suggestion.

11 We note that positive screening is more likely to be an overlay on

an existing diversified portfolio. Our results show that a purely

positively screened portfolio is not undiversified. Therefore, we do

not expect that adding a positively screened portfolio to an existing

diversified portfolio will result in any significant loss of

diversification.
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advantage of an unscreened portfolio only becomes

important in a very large portfolio. Perhaps this is not

surprising. While in theory, investors should hold all

available assets in order to fully diversify away idiosyn-

cratic risk (Markowitz 1952), Statman (2004) asserts that

more than 300 stocks are required for mean–variance

optimization. Consequently, an unscreened portfolio of 400

stocks is unlikely to have much, if any, residual idiosyn-

cratic risk. Screening this portfolio for sin stocks may

therefore result in significantly increased risk. Stated

another way, idiosyncratic risk in our context arises from

two sources: small portfolio size and screening. In smaller

portfolios, both screened and unscreened portfolios will be

carrying some diversifiable risk. It seems that the increased

idiosyncratic risk from the relatively narrower investible

universe for the screened portfolios may be insubstantial

relative to the overall increase in systematic risk from

having a smaller portfolio. We note, however, that an

actively managed mutual fund with 400 stocks in its

portfolio is not usual (recall that that the average number of

stocks held by funds which benchmark to the S&P 500

total return index is 114). Stocks using NAICS/SIC criteria

have the same amount of idiosyncratic risk as unscreened

portfolios even in portfolios of 400 stocks.

It is likely that firms in our screened portfolios may

come from different industries from those in our

unscreened portfolios. As different industries may have

divergent return and risk profiles, it is important to ensure

that we are not simply picking up industry characteristics in

our screened and unscreened portfolios. We therefore

investigate whether industry-adjusting returns impacts on

our results. Similar to Edmans (2011), we obtain each

stock’s SIC industry classification from COMPUSTAT and

match these to the 49 Fama and French (1997) industry

factors. We then take each firm’s return in excess of its

industry return and regress these against MRP, SMB, HML

Table 4 Performance of samples

No screen Pos (ES) Pos (WS) Neg (SIC) Neg (KLD)

Raw returns

Average value 0.0068 0.0062 0.0064 0.0067 0.0066

Average of differences -0.0005 -0.0004 -0.00003 -0.0002

Upper critical value 0.0015 0.0016 0.0023 0.0021

Lower critical value -0.0025 -0.0023 -0.0023 -0.0025

One-factor alpha

Average value 0.000002 -0.0007 -0.0006 -0.00004 -0.0001

Average of differences -0.0007 -0.0006 0.00005 -0.0001

Upper critical value 0.0014 0.0015 0.0023 0.0023

Lower critical value -0.0027 -0.0026 -0.0025 -0.0025

Four-factor alpha

Average value -0.00004 -0.0004 -0.0006 -0.0001 -0.0001

Average of differences -0.0003 -0.0006 -0.00004 0.00004

Upper critical value 0.0017 0.0014 0.0023 0.0023

Lower critical value -0.0023 -0.0026 -0.0024 -0.0023

Sharpe ratio

Average value 0.0859 0.0726 0.0737 0.0850 0.0832

Average of differences -0.0134 -0.0123 -0.0009 -0.0027

Upper critical value 0.0289 0.0298 0.0482 0.0470

Lower critical value -0.0555 -0.0536 -0.0506 -0.0526

This shows results from examining the returns of 10,000 bootstraps of portfolios of 100 stocks. Upper and lower critical values are the 95th and

5th percentile values of differences between subtracting unscreened from screened portfolios, and provide confidence intervals for our tests.

Portfolios are value weighted. No screen represents portfolios formed from the full sample of all S&P 500 firms. Pos portfolios are formed from

S&P 500 firms which KLD identifies as having strong performance across community, corporate governance, diversity, employee relations,

human rights and product. Pos (ES) portfolios weight each dimension equally, whereas with Pos (WS) portfolios, each dimension is weighted

according to the number of criteria it encompasses. Neg (SIC) are formed by excluding S&P 500 firms whose NAICS or SIC indicate they are

from the tobacco, alcohol, gambling or weapons industries. Neg (KLD) portfolios are formed from excluding firms which KLD identifies as

being involved in tobacco, alcohol, firearms, gambling, weapons, military or nuclear. The sample period is January 1996–December 2010

** Significance at the 5 % level
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and UMD.12 In this case, we get no significant differences

across any of our performance or risk measures.

We also run our tests using the CRSP value-weighted

dividend inclusive index for our market proxy, instead of

the S&P 500 index. This is a less appropriate benchmark,

as our funds only draw stocks from the S&P 500 index, but

since it is a widely used benchmark in finance research, we

investigate whether our results are sensitive to choice of

benchmark. We need to respecify our factors used in the

four-factor model calculations. We therefore extract Fama–

French size, book-to-market and momentum factors from

the Fama–French Portfolios and Factors database. There is

no evidence of any difference in the returns or total and

systematic risk of our screened and unscreened portfolios.

Unsurprisingly, all standard error results are higher across

Table 5 Risk of samples

No screen Pos (ES) Pos (WS) Neg (SIC) Neg (KLD)

Volatility

Average value 0.0485 0.0501 0.0513 0.0487 0.0479

Average of differences 0.0016 0.0028 0.0002 -0.0007

Upper critical value 0.0051 0.0064 0.0042 0.0032

Lower critical value -0.0020 -0.0008 -0.0038 -0.0046

Tracking error

Average value 0.0485 0.0501 0.0513 0.0487 0.0479

Average of differences 0.0008 0.0029 -0.00004 0.0004

Upper critical value 0.0035 0.0059 0.0030 0.0036

Lower critical value -0.0019 -0.0001 -0.0030 -0.0027

One-factor beta

Average value 0.9858 1.0163 1.0301 0.9904 0.9690

Average of differences 0.0305 0.0444 0.0046 -0.0168

Upper critical value 0.1048 0.1177 0.0913 0.0688

Lower critical value -0.0450 -0.0292 -0.0813 -0.1016

Four-factor beta

Average value 0.9817 1.0252 1.0389 0.9865 0.9635

Average of differences 0.0435 0.0572 0.0048 -0.0182

Upper critical value 0.1214 0.1358 0.0951 0.0709

Lower critical value -0.0366 -0.0223 -0.0849 -0.1063

One-factor standard error

Average value 0.0139 0.0148 0.0168 0.0139 0.0142

Average of differences 0.0009 0.0029 -0.00003 0.0003

Upper critical value 0.0035 0.0058 0.0030 0.0035

Lower critical value -0.0018 -0.0001 -0.0030 -0.0028

Four-factor standard error

Average value 0.0133 0.0142 0.0158 0.0133 0.0135

Average of differences 0.0009 0.0025 -0.00004 0.0002

Upper critical value 0.0033 0.0051 0.0027 0.0029

Lower critical value -0.0016 -0.00005 -0.0027 -0.0026

This shows results from examining the risk of 10,000 bootstraps of portfolios of 100 stocks. Upper and lower critical values are the 95th and 5th

percentile values of differences between subtracting unscreened from screened portfolios, and provide confidence intervals for our tests.

Portfolios are value weighted. No screen represents portfolios formed from the full sample of all S&P 500 firms. Pos portfolios are formed from

S&P 500 firms which KLD identifies as having strong performance across community, corporate governance, diversity, employee relations,

human rights and product. Pos (ES) portfolios weight each dimension equally, whereas with Pos (WS) portfolios, each dimension is weighted

according to the number of criteria it encompasses. Neg (SIC) are formed by excluding S&P 500 firms whose NAICS or SIC indicate they are

from the tobacco, alcohol, gambling or weapons industries. Neg (KLD) portfolios are formed by excluding firms which KLD identifies as being

involved in tobacco, alcohol, firearms, gambling, weapons, military or nuclear. The sample period is January 1996–December 2010

** Significance at the 5 % level

12 The industry returns data are from Kenneth French’s data library,

as is the file which matches SIC and Fama–French industry

classification codes. http://mba.tuck.dartmouth.edu/pages/faculty/ken.

french/data_library.html—date accessed 12 December 2011. We are

grateful to Kenneth French for making these data available.
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all our portfolios: obviously, the portfolios track the S&P

500 better than the CRSP VW index. We also find that the

standard error on the four-factor Pos (WS) is significantly

higher than that of the unscreened portfolio. This result is,

however, more likely attributable to benchmark misspeci-

fication than anything else.

In our final robustness test, we extend the investible

universe of stocks beyond the S&P 500.13 As can be seen

from Table 1, although the largest proportion of SRI funds

benchmark to the S&P 500, many funds have a much

broader investible universe. However, KLD data on a wider

universe has only become available more recently: KLD

has scored the largest US 3,000 listed stocks since 2003.

We therefore rerun our analysis by comparing screened and

unscreened portfolios formed from this larger universe

beginning in 2003. We again do not find significant dif-

ferences using any of our performance or risk measures.

Conclusion

Socially responsible investing involves removing firms

which are considered to be undesirable from a portfolio,

dubbed ‘‘negative screening’’, or including desirable firms

into a portfolio, ‘‘positive screening’’. In this article, we

investigate the relative impact of positive and negative

screening on portfolio performance and risk. We mimic the

type of portfolios retail investors are likely to hold by

forming portfolios with the same characteristics as SRI

mutual funds while at the same time removing the con-

founding issues of fees, expenses and managerial skill.

We find no evidence of either positive or negative

screening impacting portfolios’ risk or returns. In very

large portfolios, which are substantially larger than port-

folios typical mutual funds might hold, intense screening

may increase idiosyncratic risk. This finding, however, is

unlikely to be relevant to the typical SRI mutual fund

holder whose fund will comprise just over 100 stocks.

Our results contradict some of the inflammatory rhetoric

which has surrounded SRI. Specifically, recent literature

has found higher returns for sin stocks and concludes that

investors who exclude these stocks will suffer dire conse-

quences: substantially reduced returns (Adler and Kritzman

2008; Fabozzi et al. 2008). However, we uncover that there

is an extremely small number of pure play sin stocks

available within the S&P 500—the primary benchmark

used by equity mutual funds—which makes this proposi-

tion questionable. Indeed, even using stronger negative

screening which also excludes firms with involvement in

these industries (firms which are not ‘‘pure play’’ sin

stocks) does not result in underperformance. Negative

screening does not significantly impact on investments’

returns nor on their risks. We also do not find evidence for

the assertion that positive screening will result in higher

returns and lower idiosyncratic risk; at least using KLD’s

data.

This is not to say that individual SRI fund managers may

not out- or underperform. Our results simply suggest that

any differential performance in the risk and return of

individual SRI and conventional funds is not driven by the

positive or negative screening utilised by the SRI funds.

In conclusion, then, we do not find evidence of either

positive or negative screening impacting the return or risk

of a portfolio designed to mimic a typical mutual fund’s

holdings. Our results, therefore, once again uphold the now

long established finding that investing socially responsibly

in and of itself will not result in significant benefits or costs

for investors.
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