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Abstract 

 

This thesis focuses on the behaviour of investors in socially responsible funds, as 

revealed by mutual fund flows. We analyse how this behaviour is affected by the funds’ 

performance and sustainability ratings. The sample used in this study consists of equity 

mutual funds based in the United States during the period from January 2015 to May 

2020. We match comparable conventional and socially responsible funds and conduct a 

series of hypothesis tests.  

This study finds that past annual returns affect fund flows differently depending on 

whether the fund is socially responsible or conventional. Furthermore, the flow-

performance relationship is found to be weaker for socially responsible funds compared 

to conventional ones, in particular when returns are below-average. However, the 

sensitivity of fund flows to returns that are negative or in the bottom of the performance 

range is discovered to be not significantly different for socially responsible and 

conventional funds. Concerning the effect of sustainability ratings on fund flows, we find 

that it is not uniform across socially responsible and comparable conventional funds. 

Finally, the relationships we identified did not appear to be distorted by the coronavirus 

pandemic. 
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1. Introduction 

 

“Socially responsible investing (SRI) is an investment process that integrates social, environmental, and 

ethical considerations into investment decision making” (Renneboog, Ter Horst, & Zhang, 2008, p. 

1723). Not only do SRI investors demand risk-adjusted returns, but also that these returns are achieved 

alongside a positive or at least a non-negative impact on the society as a whole. This phenomenon, which 

has gained popularity in the last few decades, has seen its outburst since 2012 (US SIF, 2020). Halfway 

through 2020, Morningstar reported that socially responsible (SR) funds have continued to increase the 

number of inflows, almost reaching the previous year’s all-time high of inflows by that point of the year. 

They have achieved this despite 2020 being full of uncertainty, mainly due to the arrival of the Covid-19 

pandemic which plunged the world economy into an unparalleled recession. However, these results 

were achieved despite U.S. investors transferring money from equity funds into bond funds (Hale, 

2020a). 

Regarding performance, U.S.-based SRI equity funds have outperformed their conventional 

counterparts in total returns in the first five months of 2020 (Nason, 2020). In the third quarter of 2020, 

despite a small shock in September due to concerns over a new Covid-19 wave and the uncertainty 

created by the upcoming U.S. election, SRI equity funds maintained their strong performance for the 

year (Hale, 2020b). These findings, however, might not be coincidental. Previous research has found 

that SR funds might perform better during unstable periods than conventional funds (Nofsinger & 

Varma, 2014).  

The main opposition to SRI investment by investors and practitioners is that, because SRI employs a 

screening process that limits investment choices, the investment cannot benefit from diversification, 

resulting in lower risk-adjusted returns. Thus, much of the research regarding SRI has focused on 

comparing SRI and non-SRI performance, mostly finding that returns are comparable (van Dijk-de Groot 

& Nijhof, 2015). Even though ethics should be behind SRI investing, according to the US SIF only 27% of 

the assets invested in SR funds were managed on behalf of individual (or retail) investors (Nason, 2020). 

Thus, the suspicion regarding SRI performance seems to be driven mainly by these investors and not by 

institutional ones. Retail investors might lack a more profound and up-to-date awareness of investment 

opportunities, and their performance might be behind this (Business Wire, 2020; Riedl & Smeets, 2017). 
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Topic Delimitation 

Due to the breadth of the phenomenon of socially responsible investment, we must delimit our topic to 

fit within the pragmatic confines of a master’s thesis.  

This section will outline our thesis's scope, starting with its foundation in the academic literature and 

moving on to specify the investment universe, the geographical area, and the time period that we will 

analyse in our work. 

Research area and research gap 

Many studies in the field of socially responsible investing focus on the financial returns compared to 

conventional funds and try to answer questions of such as “can one profit while doing good?”. This 

work's motivation lies in modern portfolio theory propositions and the resulting conclusions that 

restricting the investment universe on non-financial criteria will lead to a non-optimal risk-return 

profile. Researchers employ a wide range of methods to test these propositions, such as comparing the 

performance of indices tracking the entire market with those following the securities that perform best 

on a range of sustainability-related criteria (Schröder, 2007). The consensus seems to be that socially 

responsible investment results in financial returns that are not significantly different from those 

available in the broader market (van Dijk-de Groot & Nijhof, 2015), with minuscule swings in either 

direction occurring depending on the choice of methodology (Martí-Ballester, 2015). Relatively less 

attention in the literature is given to answering what value the investors allocate to financial returns 

compared to the non-financial benefits of sustainable investment. This gap is the one on which we would 

like to focus. The rising popularity of socially responsible investment against the findings that it is not 

more profitable than conventional strategies suggests that investors derive some utility from securities' 

non-financial attributes (Bollen, 2007; Renneboog, Ter Horst, & Zhang, 2011). Measuring this benefit is, 

in practice, complicated and its magnitude remains unknown. In our thesis, we will circumvent this 

obstacle by analysing how investors reveal their preferences by either increasing or decreasing the size 

of their investments, rather than measuring an arbitrary utility number. 

Investing universe: Open-ended mutual funds that invest primarily in equity 

To narrow down our focus further, we will limit our analysis to the market segment of open-ended 

mutual funds that invest primarily in equity. We believe that it is the most fitting choice of setting for 

our thesis, for several reasons. Pooled investment vehicles are by far the most popular channel through 

which individuals invest their capital sustainably, as they dispose of the complexities of researching the 
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securities that fit the chosen criteria. The choice of open-ended mutual funds, as opposed to closed-end 

funds or exchange-traded funds, is motivated by the fact that they allow a free creation and redemption 

of shares, thus limiting the distorting effects of supply and demand in the market. Finally, we include 

only these funds that invest primarily in equity because their cross-sectional variation and volatility 

offer the richest opportunities to study fund flows (Bollen, 2007). 

Geographical area 

In terms of the geographical scope, our research will be limited to funds based in the United States, the 

biggest single market for both conventional and socially responsible funds. It is also a setting in which a 

wealth of previous academic research is set and therefore provides opportunities for both inspiration 

and comparability of results.  

Time period: 01/2015 - 05/2020 

Finally, we will focus our analysis on the period from 01/2015 to 05/2020. This choice is motivated by 

the meteoric rise in popularity of sustainable investment and the accompanying increase in granular 

data availability on the sustainability-related attributes of mutual funds. It also provides an opportunity 

to study the recent developments associated with the Covid-19 pandemic and its consequences on the 

investing landscape.   

The relevance of the topic 

Given our thesis's context, which is to study investors' reaction to specific characteristics of mutual 

funds, the results will be first and foremost relevant to professional asset managers. Our work will 

shed light on the effect of variables that signal socially responsible investment on investors' behaviour 

as revealed by them depositing or withdrawing money from the fund.  A better understanding of how 

socially responsible investment drives capital flows will directly affect the investment funds' 

profitability.  

In particular, the possible profit or losses from engaging in socially responsible investment can be 

expressed in monetary terms by multiplying the predicted change in net flow by the level of fees. Asset 

managers could then use this information in conjunction with that related to the costs in their decision-

making. At the individual fund level, this could mean fine-tuning the portfolio to obtain a more desirable 

environmental, social and governance (ESG) profile. At a more strategic level, it could result in actions 

such as rebranding existing funds into SRI ones or creating new funds altogether.  
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Our results may also have relevance for policymakers in areas such as consumer protection or financial 

regulation.  

In the area of consumer protection, it must be recognised that investing according to SRI principles 

requires a lot of information that may not be easily accessible for individual investors. Because of that, 

they may have to rely on marketing materials, such as the fund’s name or prospectus, to make their 

investment decisions. This approach's drawback is that the funds can exaggerate their commitments to 

responsibility or hide behind buzzwords and ‘greenwash’. If our analysis were to reveal that investors 

are sensitive primarily to the stated intentions rather than the funds' real actions, an argument could be 

made for policy intervention in line with the EU's effort to create a taxonomy of green investments.   

The potential shape of the flow-performance relationship also has implications for macroeconomic 

policy. Suppose the flow of capital to SR funds is less sensitive to past returns or less accepting of 

volatility than is the case for conventional funds. In that case, it will have a counter-cyclical effect that is 

desirable from a financial stability perspective. 

Research Question 

This thesis's central aim is to develop an understanding of how investors who follow socially responsible 

investment strategies behave. Our research question is the following: 

How is the behaviour of investors of socially responsible US open-end equity funds’, as revealed by 

fund flows, affected by financial performance and measures of sustainability?  

We believe that our research question's broad scope would benefit from breaking down into several, 

more manageable pieces. Based on the review of the academic literature and the authors' interests, we 

have identified several sub-questions that we will seek to answer in the course of our research through 

hypothesis testing. 

Sub-questions 

Sub-question 1: Do comparable conventional and socially responsible mutual funds exhibit a different 

flow-performance relationship? 

Sub-question 2: Do investors show greater loyalty when investing in socially responsible funds, as 

evidenced by the lower sensitivity of flows to underperformance? 
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Sub-question 3: Is the effect of sustainability ratings on fund flows different for conventional and socially 

responsible funds? 

Sub-question 4: Was the relationship between fund flows and either the financial performance or the 

sustainability ratings of funds, as examined in the previous three sub-questions, significantly disturbed 

by the early 2020 coronavirus-related market crash? 

Overview of the thesis 

The rest of this thesis is structured in the following way. Chapter 2 states the different methodologies 

we have evaluated in our approach to this thesis, both for the literature review and the analysis part. 

Chapter 3 summarises the literature reviewed in this thesis. It ranges from the definition of a mutual 

fund to the more profound understanding of the flow-performance relationship, and its factors. Chapter 

4 expands on our research question and formalises the hypothesis development used to address the 

sub-questions. Chapter 5 details the methods used in the analysis. Chapter 6 presents the data and the 

adjustments needed to perform the analysis. This chapter also includes the summary statistics of our 

data. Chapter 7 covers the analysis part of the thesis. The hypotheses are tested, results interpreted, and 

robustness checks are performed. Chapter 8 includes a discussion of the results obtained in the analysis. 

We also difficulties encountered in our research, and how, even though we have tried to circumvent 

them, they might influence our results. Finally, chapter 9 presents our conclusions. 
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The research “onion” 

Source: © Mark Saunders, Philip Lewis and Adrian Thornhill 2008, pg. 138 

Figure 1 

2. Methodology 
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The purpose of this section is to outline and justify our choice of research philosophy. This broad term 

encompasses the researcher’s favoured approach towards generating new knowledge and their views 

on that knowledge's nature. It is the first layer of what Saunders et al. (2008) call the ‘research onion’, 

and it is the foundation that influences the subsequent choice of research design and methods. By stating 

our research philosophy explicitly, we will be better positioned to make that choice and more alert 

concerning any possible biases in our thinking. Thoroughly doing so requires first defining concepts 

such as ontology, epistemology and axiology. This will be followed by the discussion of the two 

archetypical research philosophies that strongly influenced us – positivism and (critical) realism. We 

commit fully to neither but rather create our bespoke approach by combining the two and choosing an 

approach to generating the theory that matches it well. The section will conclude by comparing our 

philosophy to the dominant attitude found in finance research.  
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Definitions 

Ontology: “Ontology is concerned with nature of reality. This raises questions of the assumptions of 

researchers have about the way the world operates and the commitment held to particular views” 

(Saunders et al., 2008, p. 110). The opposites of the ontological axis are objectivism and subjectivism. 

Objectivism “represents the position that social entities exist in a reality external to social actors” 

(Saunders et al., 2008, p. 110). In other words, things such as organisations, hierarchies, structure and 

procedures are real and exist separately from the people that comprise them. They possess some 

objective traits and essence that can be studied. Subjectivism is a view that “social phenomena are 

created from the perceptions and consequent actions of social actors” (Saunders et al., 2008, p. 111).  The 

constant process of social interactions shapes and revises social entities. The subjectivist perspective 

emphasises the individual perspective, how people interpret their environment and how they create 

their meanings. Social entities are not constant and objective but indefinite and context-dependent.  

Using an example of organisational culture, in an objectivist view, it is something that a company “has”, 

a variable amongst many that can be manipulated. On the other hand, a subjectivist view would be that 

the culture is something that the company “is” and what is being created continuously and maintained 

or reinvented due to many social interactions.  

“Epistemology concerns what constitutes acceptable knowledge in a field of study” (Saunders et al., 2008, 

p. 112). It is a branch of philosophy that studies the nature of knowledge itself and the ways it is 

generated. A researcher’s epistemological stance defines what they consider possible objects of study, 

what can and cannot be measured, and how the resulting data should be interpreted and presented.  

“Axiology is a branch of philosophy that studies judgements about value.” In social science, it looks to 

analyse the role that personal values of the researcher play at every stage of the research process. It is 

an important topic to consider because these values can impact the credibility of the results. For 

example, positivists seek to be as objective as possible and separate their personal beliefs from the 

research process. Other philosophical approaches emphasise the personal values of researchers or even 

see their inclusion in the process as fruitful. However, Heron (1996) argues that it is impossible because 

the values are the guiding reason for all human action. As such, they are reflected at every stage of the 

research process, for example, choosing one research topic over another or favouring a particular data 

collection technique. In this light, even positivists are influenced by their values, such as the importance 

of objectivity or tendency to favour quantitative data and statistical hypothesis testing as more credible. 

Therefore, some reflection about axiology and prior beliefs is necessary.  
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Ideal research philosophies 

We began defining our research philosophy by identifying the most influential schools of thought within 

the domain of social science. The four archetypes we identified were positivism, realism, interpretivism 

and pragmatism. We decided that the first two philosophies have the most in common with how we see 

the world and are the most relevant to our vision of the knowledge generation process. We chose not to 

draw inspiration from the interpretivist paradigm as we found it incompatible with our epistemological 

views. We also believe that a qualitative research design associated with it would not play to our 

strengths. On the other hand, while pragmatism is flexible and useful in practice, its conscious refusal to 

engage in any philosophical debates and to commit to a particular approach would defeat the purpose 

of defining our philosophy in the first place. Therefore, positivism and realism provide the building 

blocks of the research philosophy that will underpin our thesis's remainder and will be now presented 

in more detail. 

Positivism is a research philosophy that seeks to mirror a natural scientist's approach and apply it to 

social questions (Saunders et al., 2008). Researchers working in this tradition prefer to collect data on 

the observable and measurable aspects of the social reality, treating it as something objective, external 

and independent of social actors. The data collected is used to test hypotheses, the confirmation or 

refutation of which will lead to the formulation of law-like generalisations. From the axiological 

perspective, the researcher is expected to be an impartial observer. As a result, quantitative data is 

preferred because it is seen as more objective. The methods used by a positivist researcher will be highly 

organised and structured to allow the study to be replicated in the future (Gill & Johnson, 2002). 

“The essence of realism is that what the senses show us as reality is the truth: that objects have an existence 

independent of the human mind” (Saunders et al., 2008, p. 114). Realism can be divided into two schools 

of thought based on ontological differences. Direct realists argue that our senses perceive reality 

accurately as it really is. A different view is championed by critical realists, in whose opinion what we 

experience are our mind’s interpretation of reality based on our social conditioning. The critical realist 

ontology is stratified into the real, the actual and the empirical. They represent the underlying causal 

mechanisms of the society, the events that result from these mechanisms and what we can observe. 

Bhaskar (1989) states that we can understand what is not seen through social science. To understand 

this reality, this philosophy's followers will attempt to collect credible data about observable 

phenomena. This scientific approach connects it to positivism. However, critical realist analysis of data 

is much more focused on explaining the mechanisms working in a given context rather than seeking 

broad generalisation because they believe that the social world is constantly changing. The 

interpretation of the results will be affected by researchers’ values and biases, and this is something that 
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cannot be escaped. The methods utilised by realists can be both quantitative or qualitative, depending 

on the subject matter. 

Our Views 

Our philosophy is influenced mainly by the critical realist views on the nature of reality, knowledge and 

the role of values in research. Ontologically, we are objectivists that consider Bhaskar’s (1989) stratified 

reality a good representation for our research. We intend to understand a hidden mechanism of our 

society, that is the satisfaction that investors derive from socially responsible investment. To drill down 

to the level of ‘the real’, we will attempt to identify the 'actual’. In other words, investors' actions that 

result from their satisfaction or lack thereof, and the consequences of these actions on the sustainable 

investment ecosystem. To do that, we will collect credible data on observable phenomena – the ‘actual’. 

Concerning our views on epistemology, we believe that these data can be used to uncover the causal 

mechanisms that shape some aspects of sustainable investment. While we will attempt to make 

predictions and discuss the relationships between variables in a manner similar to law-like 

generalisations, we must be wary of straying too far from our research's unique context. Similarly, our 

conclusions might be impacted by our biases originating from our upbringing, cultural values and 

personal views. We believe that research is invariably value-laden, and it is, therefore, essential to 

recognise these biases upfront so that we can be on the lookout for them, and the damaging effects they 

can have on the objectivity of our work. Therefore, we would like to explicitly state that we consider 

sustainable investment in its variety of forms a good thing in principle, with the potential to have a 

beneficial impact on society and the environment.  Our view could cause us to interpret the results in a 

way that presents sustainable investment in a positive light, to overstate its efficacy and understate 

possible drawbacks. Naturally, we will try to avoid it and remain impartial observers as much as it is 

possible.  

Apart from critical realism, we also draw inspiration from the legacy of positivism, particularly in our 

approach to theory generation and the details of our research strategy that will be discussed in the next 

sections. 

Approach to Theory Generation 

Deduction and induction are two fundamental research approaches and attitudes towards theory 

creation. In a nutshell, a deductive approach revolves around developing a theory, formulating 

appropriate hypotheses and then collecting data to test these hypotheses. An opposite is an inductive 
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approach that begins with data collection and then aims to generate a new theory based on the analysis 

of these data. 

Deduction is an approach that is dominant in the natural sciences that seek universal laws that can 

explain and predict phenomena (Collis & Hussey, 2003). As such, it is also popular amongst those social 

scientists that seek to emulate this style of research in the spirit of positivism. According to Robson 

(2002), the five stages  of deductive research are: 

1. Deducing a hypothesis, or a testable relationship between variables, from the theory; 

2. Operationalizing a hypothesis, that is outlining how the variables will be measured to ensure 

clarity; 

3. Testing the hypothesis, for example by utilising specific statistical techniques; 

4. Examining the results and deciding whether they corroborate or falsify the theory; 

5. If necessary, modifying the theory based on the new results. 

This cycle is then repeated to generate new knowledge. A deductive research approach is characterised 

by its search for causal relationships between variables and a very structured approach to methodology 

to allow for replication. The data collected is usually quantitative in nature, and the application of 

controls and large sample sizes is considered necessary to ensure validity and generalisability. Finally, 

the researcher is expected to be as impartial as possible to maintain scientific rigour.  

Induction, by contrast, is a much more flexible way of doing research. Rather than treating humans as 

“unthinking research objects who respond in a mechanistic way to certain circumstances” (Saunders et al., 

2008, p. 126) and fixating about causal effects, it seeks to understand how people interpret the social 

world. To do so, researchers usually collect qualitative data by immersing themselves in a particular 

context. Studies that are based on an inductive approach are less concerned with generalisability and 

replicability, but rather focus on developing a deep understanding of their setting and generating new 

theory.  

We elect to pursue a deductive approach to generating theory in our research project. This decision is 

rooted in our views on epistemology that incorporate elements of the positivist philosophy, particularly 

our desire to understand causality and make predictions based on measurable relationships between 

variables. In our opinion, the deductive approach fits our philosophy better than an inductive one. In 

addition, by operating in terms of hypotheses that can be falsified, we believe that we will make a more 

concrete contribution to knowledge in our field than through inductively generating theory from the 

data.  
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In practice, our emphasis on deduction means that we will begin the research process through a critical 

review of the existing literature in the areas related to our thesis topic. The outcome of this review will 

be the formulation of testable hypotheses based on the theory and the identification of the variables of 

interest. The next step will be collecting quantitative data on these variables from a sufficiently large 

sample and then applying statistical techniques to test the hypotheses. Depending on whether our 

hypotheses are corroborated or refuted by the data, our work will add on or modify existing theory in 

the field. Throughout the research process, we will maintain a structured approach and pay close 

attention to clearly defining all variables and concepts so that our work can be replicated in the future.  

Comparison with the Dominant Methodology in Financial Research 

To conclude this section, our research philosophy is a combination of positivism and critical realism. 

This has several implications for our work, such as choosing a primarily deductive approach to theory 

generation discussed above. It will also be the driving force behind the decisions concerning our thesis's 

research design that will be presented in the next section. Before going any further, we consider it 

worthwhile to compare our views with the dominant methodology of financial research, according to 

Ryan, Scapens and Theobold (2002). The authors argue that the methodology discussed in this section 

is rarely explicitly stated in financial research. However, an implicit philosophical foundation can be 

deduced from the existing body of literature. The dominant methodology in financial research is based 

on epistemological empiricism and ontological realism. Theories are replaced by models as the cores of 

particular schools of thought or research programmes. The credibility of these models is based on their 

ability to generate testable predictions. Empirical research will either confirm the model's predictive 

power or weaken its status and strengthen the search for alternatives. Based on this summary of the 

dominant methodology in financial research, we would argue that philosophy puts us close to the field's 

mainstream approach.  

2.2 Research Design 

Having stated our philosophy and the approach to theory generation, we can now discuss our thesis’s 

research design, which is the general plan of how we will answer our research question (Saunders et al., 

2008, p. 136). This section will state our methodological choices concerning the next three layers of the 

research onion: the research strategy, the choice of method, and the time horizon of our study. The 

specificities of the data collection and analysis techniques are relegated to their chapter. This choice is 

motivated by the fact that a thorough literature review is first necessary to formulate testable 

hypotheses and select particular variables for data collection as dictated by our deductive approach.  
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The design of our research will be informed by what we see as the purpose of our study. In research 

methodology literature, research purposes are usually classified as exploratory, descriptive or 

explanatory, but these groupings are not mutually exclusive categories (Saunders et al., 2008, p. 139). 

In fact, we consider our study to be descripto-explanatory. In other words, we will utilise description as 

a precursor to explanation. We aim to first describe the developments in the market for sustainable 

investment funds in the United States in recent years and then progress towards a deeper understanding 

of causal relationships between variables and the consequences that they might have.  

Our choice of a specific research design should be “guided by […] research question(s) and objectives, the 

extent of existing knowledge, the amount of time and other resources […] available, as well as […] 

philosophical underpinnings” (Saunders et al., 2008, p. 141). With these considerations in mind, we 

decided to design our thesis as a monomethod quantitative, observational, longitudinal study. It 

means that (i) we will use a single type of data, specifically numeric data obtained through secondary 

research that we will analyse quantitatively; (ii) that these data will be observations of naturally 

occurring events; (iii) that our observations will cover multiple entities over multiple periods of time. 

These three characteristics of our research design represent, in turn, what Saunders et al. (2008) refer 

to as the research choice, the research strategy and the time horizon of the study. Our decisions 

concerning each of these areas will now be justified. 

Research Choice 

The advantage of using secondary data comes from savings in terms of time and other resources (Ghauri 

& Grønhaug, 2005) and the opportunity to analyse larger datasets than is the case with primary research 

(Saunders et al., 2008, p. 268). It also makes a longitudinal research design much more feasible 

(Saunders et al., 2008, p. 269). The time horizon of our research will be discussed shortly in more detail. 

The choice of quantitative methods, rather than qualitative, is influenced by our deductive approach to 

generating theory, as explained earlier. Additionally, it complements the learning that we have done 

during our study programme, that emphasised topics such as econometrics.   

Research Strategy 

Given our research philosophy, influenced by positivism and the partially explanatory objective of our 

study, conducting an experiment would have been a very attractive research strategy. Through an 

experiment, it is possible to study causal links, that is whether a change in an independent variable 

causes a change in another dependent variable (Hakim, 2000). It is possible to do it because, in a classic 

experiment, the subjects are randomly assigned to control and treatment groups, and the latter then 
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receives an intervention from the researchers. By randomly assigning the subjects it is assured that the 

groups are identical, and therefore any differences in the values of the dependent variable between the 

groups at the end of the experiment are caused by the application of the treatment (Saunders et al., 2008, 

p. 142). 

However, an experiment comes with many design challenges that we found to be too difficult to 

overcome. For example, we do not have the influence required to apply any intervention to mutual 

funds' behaviour. While an alternative would be to conduct an experiment on a population of individual 

investors and study the influence of sustainable attributes of mutual funds directly on their choices, it 

would come with a high cost in both time and money. This would be an especially severe constraint if 

we wanted to create a large and diverse enough sample that the results would have high external 

validity, a concept that will be discussed in more detail later on. Finally, while an experiment is perfectly 

suited to explanatory research, it could not fulfil our study's descriptive objective.  

Because of these reasons, we decided to select an observational study as our research strategy. In an 

observational study, the researchers do not apply any intervention to the subjects. They observe events 

as they occur naturally, collect data and analyse it (Imai, 2017, p. 54). This strategy matches our 

research's descripto-explanatory objective because it allows us to get a clear picture of the state of 

sustainable investment in the United States in recent years, and look for relationships between 

observable variables. Compared to a randomised controlled trial, in other words, a classic experiment, 

an observational study usually has a higher external validity, that is the capacity to generalise results. 

The reason behind it is that it is much easier to construct a representative sample and because the 

laboratory setting of an experiment is unlikely to be related to the real world (Saunders et al., 2008, p. 

143). On the other hand, it performs worse concerning internal validity and confidence in the 

conclusions that can be derived from the study. We will consider our research's credibility, including 

internal and external validity, in its section. Suffice to say that the internal validity of observational 

studies can be strengthened by appropriate choices of statistical controls (Imai, 2017, p. 58) and the 

time horizon of the research (Imai, 2017, p. 60), which is the aspect to which we now turn. 

Time Horizon 

The time horizon of research can be either cross-sectional or longitudinal. The first concept refers to 

studying a phenomenon at a particular point in time, whereas the second one means that it is observed 

over several time periods. In our study, we have decided to pursue a longitudinal approach, because it 

allows the researcher to study change and development (Saunders et al., 2008, p. 155) and a measure 

of control over the variables being studied (Adams & Schvaneveldt, 1991). This complements the 
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descripto-explanatory purpose of our research. On the descriptive side of things, a longitudinal study 

will allow us to understand how the market for sustainable investment funds in the US has evolved over 

the recent years and therefore describe it in more detail. Limiting ourselves to a cross-sectional 

snapshot could mean choosing an uncharacteristically prosperous or poor period, in other words, an 

outlier.  

Credibility of Research Findings 

An important consideration when designing a scientific study is the credibility of findings—in other 

words, making sure that the research is designed to minimise the chance that the answers that we find 

to our research questions are wrong. If we are to reduce this possibility, we must pay attention to two 

research design aspects: reliability and validity (Saunders et al., 2008, p. 156).  

Reliability 

“Reliability refers to the extent to which your data collection techniques or analysis procedures will yield 

consistent findings” (Saunders et al., 2008, p. 156). According to Easterby-Smith et al. (2008, p. 109), 

reliability can be assessed by asking whether the methods employed will give the same results on a 

different occasion, whether similar observations will be reached by other observers, and whether there 

is transparency in the way data is analysed. Concerning the second question, our critical realist view on 

axiology makes it difficult for us to claim that other observers will reach the same conclusions as we do 

because we believe that all research is value-laden. We will, however, in a positivist spirit, aim to make 

our methods as transparent as possible by describing every step of data collection and its subsequent 

analysis. Together with the use of permanent secondary data that is part of the historical record, this 

will guarantee that our results can be replicated in the future. Finally, we frame our research questions 

in the language of hypotheses, which other researchers can test using different methods in an attempt 

to falsify them.  

Internal Validity 

Internal validity is the extent to which causal assumptions are satisfied in a study. In other words, it 

dictates the strength of the conclusions that can be made about causal relationships between 

independent and dependent variables (Imai, 2017, p. 50). As mentioned before, an observational study 

is characterised by relatively weak internal validity compared against the benchmark of a classic 

experiment (Imai, 2017, p. 54). A significant threat for our research's internal validity lies in 

confounding bias, that is the possibility that there exist other, confounding variables related to both the 

independent and dependent variables that we will study. It is especially true for observational studies 
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because researchers have no control over who receives the “treatment” so that the groups of subjects 

can be very different on observable and unobservable characteristics, a problem called selection bias. 

As a result, it isn't easy to separate the hypothesised causal effect from confounders' influence. However, 

it is possible to address this problem by employing statistical control, that is, adjusting for confounding 

bias using statistical procedures (Imai, 2017, p. 58). We will attempt to isolate causal relationships 

between variables by mimicking as closely as possible a classic experiment. Specifically, we will select a 

‘treatment group’ of sustainable funds and create a synthetic “control group” of conventional funds that 

will be similar regarding a set of control variables, which we will identify by reviewing the relevant 

academic literature. Another way through which we will attempt to reinforce our study’s internal 

validity is by employing a longitudinal research design. This strengthens any postulated causal link 

because it controls for both entity-specific and time-specific confounding bias. 

External Validity 

External validity, also known as generalisability, refers to the study’s conclusions' potential to be applied 

beyond its own setting (Imai, 2017, p. 50). On this criterion, an observational study usually performs 

better than an experiment, because it is much easier to create a representative sample, and the effects 

of a “treatment” are more credible if they are seen in a real-world environment (Imai, 2017, p. 54). In 

the context of our study, we believe that our choice of quantitative methods and secondary data will 

positively affect the external validity of our results. This is due to us being able to collect a vast amount 

of observations covering the majority of the open-end mutual fund industry in the United States. As such, 

our sample should be relatively close to the actual population that we will be studying and therefore, 

highly representative. However, due to critical realism's influence on our research philosophy, we will 

remain cautious not to go too far in our generalisation. 

2.3 Methodology applied in the literature review 

As stated above, this research is carried out using a deductive approach. Hence, a critical review of past 

research and literature is required. We aim to create a useful and structured literature review that will 

provide a strong knowledge of the topic and lead to our research questions.  

The initial approach to reviewing the literature used in this research is the backtracking method. A 

known and recent contribution is selected and backtracked through its citations. However, this research 

method has drawbacks since it relies on identifying themes and issues based on general sampling. The 

implicit methodology here is inductive. That is, general conclusions are drawn from a sample of 
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literature observations, a fact that must be considered (Ryan et al., 2002). However, this approach is 

pursued as a starting point. 

This approach was followed to obtain a broad knowledge of the SR fund research. Subsequently, we 

performed a search for a recent literature review on SR funds. The investigation was done using the 

string: "socially responsible funds" OR "SR funds" for the period 2016-2020, and sorting by “Relevance” 

on Scopus and Web of Science. We chose these databases as the main ones due to their extensive 

coverage of topics (Paperpile, 2019). 

Through this method, we identified “A Bibliometric and Visualization Analysis of Socially Responsible 

Funds” by Fabregat-Aibar et al. (2019). This paper identified the most influential papers in the SR fund 

research universe, using citation analysis, a bibliometric method. The databases used in their research 

were Web of Science (WOS) Core Collection and Scopus; the first was selected for being the most used 

database for bibliometric studies in management. The second one for having a broader database 

compared to WOS. The paper identifies Renneboog et al. (2008) as the most cited paper providing a 

review of the literature available at the time.  

As a way of improving the structure of the literature review, we performed a change in the methodology, 

to pursue the network theory of models developed by Hesse (1974, 1980). This technique assumes that 

literature pieces are nodes which are connected with other pieces of literature that contain theoretical 

or empirical developments. The literature that contains significant theoretical developments will be at 

the core of the literature and referred to as “grandmothers”. Other articles that are important in 

developing the literature will be named “mothers”, with the rest of the literature being considered 

“daughters” (Ryan et al., 2002).  
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3. Literature Review 

3.1 Definition of Socially Responsible Investment 

In order to address the topic, it is essential to find a clear conception of what Socially Responsible 

Investment (SRI) is. However, the definition has changed over time (Gay & Klaassen, 2005), and it 

depends on the author’s viewpoint (Chieffe & Lahey, 2009). 

Chieffe and Lahey (2009) address the SRI definition issue by recovering definitions made by several 

authors. They stand out authors such as (i) Henningsen (2002), who defines SRI as choosing companies 

that reflect investor´s values, perform shareholder activism, and focus on community development 

initiatives; (ii) Gay and Klaassen (2005) define SRI as “investing in companies that meet certain baseline 

standards of social and environmental responsibility; actively engaging those companies to become better, 

more responsible corporate citizens; and dedicating a portion of assets to community economic 

development”; (iii) Statman (2005), who states that SRI can be view either based on “faith in supernatural 

forces” or on “beliefs in political ideologies and secular philosophies.” 

From a more practical point of view, Sauer (1997) defines SRI as an investment strategy selected by 

socially responsible investors who limit their investment possibilities to a series of financial and social 

criteria to guarantee that their investments are aligned to their values and beliefs.  

However, for the purpose of this research, the definition adopted will be that of the Forum for 

Sustainable and Responsible Investment (US SIF). The US SIF is an organisation dedicated to promoting 

investment practices toward sustainability, and a worldwide reference. They provide an up-to-date 

definition to SRI: “an investment discipline that considers environmental, social and corporate governance 

(ESG) criteria to generate long-term competitive financial returns and positive societal impact” (US SIF, 

2017).  

3.2 Definition and history of Mutual funds 

Mutual funds are organisations comprised of a pool of money provided by many small and individual 

investors to carry-out an investment and to obtain capital gains. Mutual funds act as a vessel for these 

investors to access professionally managed portfolios of equities, bonds and other securities. This way, 

shareholders can access diversification benefits at a lower price than if they had to put their portfolio 

together by themselves and balance it when needed (Hayes, 2020). 
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Mutual funds trace their origins to the late 18th century when a Dutch merchant decided to pool money 

from many investors and created a trust for a joint investment project. The financial risk was then 

diversified in numerous countries and colonies, where plantations backed the investments. The trust 

was a close-end type of fund, public until the 2,000 shares were acquired. From this point on, shares 

could only be traded by their owners. However, it wasn’t until 1924 when the first modern-day mutual 

fund was opened. The Massachusetts Investor Trust was the first fund featuring an open-end 

capitalization style, which allowed for continuous issue and redemption of shares by the fund. The fund 

would later go public, allowing for a revolutionary investing style; a professionally managed portfolio of 

diversified investments far from the risky and expensive individual stock purchasing, to appear (The 

Investment Funds Institute of Canada, n.d.). 

How do mutual funds work 

Mutual funds are operated by professional money managers who create a portfolio of assets according 

to the investment objectives stated in the fund’s prospectus, in which the collected money is invested. A 

board of directors hire a fund manager who is legally obligated to work in the fund’s best interest. The 

fund manager may also employ some analysts to help with investment picking and market research, a 

fund accountant to calculate the fund’s daily NAV, a compliance officer, and an attorney, to help keep to 

government regulations. The fund’s management is usually comprised of a small number of people to 

keep costs as low as possible (Hayes, 2020). 

When acquiring a mutual fund share, investors acquire proportional ownership of the fund, which has 

ownership over its assets. Likewise, each shareholder participates proportionally in the gains or losses 

of the fund. Unlike stocks, however, fund shares do not carry any voting rights. The mutual fund share 

price is referred to as the net asset value (NAV), that is, the net value of its assets minus the net value of 

its liabilities, per share. The NAV is obtained by dividing the total value of the assets in its portfolio by 

the number of shares outstanding. The fund’s performance is usually tracked as the change in the total 

market capitalisation of the fund, which is derived by aggregating the underlying investments' 

performance. Shareholders will typically acquire and redeem the fund’s shares at current NAV, which is 

settled at the end of each trading day. 

There are three main ways for an investor to obtain a return from his participation in a mutual fund: 

First, the fund’s assets produce income from dividends on stocks or interest on bonds. Funds often give 

investors a choice to either receive the mentioned income or to reinvest it in the fund. Second, the fund 

obtains a capital gain if it sells its assets when their price has increased. Finally, if the fund’s assets 

increase in price and are not sold, the fund’s share price increases. 
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Types of mutual funds 

Mutual funds can be classified in many ways. However, the highest-level classification is that of closed-

end funds and open-end funds. Closed-end funds have a limited number of shares, which are sold to pool 

the money for the investment. Subsequently, the shares can only be acquired from their owners at a 

price they request. On the other hand, open-end funds do not have a limited number of shares. Investors 

can subscribe and redeem shares at NAV directly with the fund (Hayes, 2020). 

Once this distinction has been made, mutual funds are divided into categories that represent the type of 

securities they have in their portfolios, or the type of returns they pursue. 

Some of the most popular types of funds, characterised by the type of securities they focus on, are 

described below. 

Equity funds, also known as stock funds, are funds that invest primarily in stocks. There are several sub-

categorisations of these funds according to different features of it. The most popular ones are according 

to the fund’s investment approach, and according to the market capitalisation of the companies it invests 

in. The fund’s investment approach refers to a fund investing in either “value” or “growth” stocks. 

“Value” stocks are those of low-growth companies characterised by low price-to-earnings (P/E),  low 

price-to-book (P/B) ratios and high dividend yields. On the other hand, “growth” stocks are those of 

companies that are expected or have had substantial growth in earnings. These companies usually have 

high (P/E) ratios, and typically do not pay dividends. The market capitalisation of companies can be 

divided into large, mid, and small capitalisation. Large capitalisation firms are those that have a 

capitalisation above ten billion dollars; mid capitalisation firms are those that have a capitalisation 

between two and ten billion dollars; and small capitalisation firms are those that have a capitalisation 

between two billion and three-hundred million dollars (Hayes, 2020). 

Contrary to equity funds, fixed-income funds invest primarily in investments that pay a pre-fixed rate of 

return. Examples of these are government and corporate bonds, and any other debt instruments. These 

funds are often actively managed, and they are on the lookout for undervalued bonds which can later be 

sold at a profit. The main risk incurred by these funds is that of interest rate risk: fluctuations in the 

interest rate can make the fund be worth more (if the interest rate drops) or less (if the interest rate 

increases). 

Index funds are funds that use their portfolio to replicate well-known indexes such as S&P500 or the 

Nasdaq Composite, to name a few. The portfolio comprises shares of the same companies that compose 
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the index, and they intend to obtain the same return than the index they track. These funds have become 

very popular due to their low cost since they are usually passively managed. 

A particular category of funds are the Exchange-Traded funds (ETFs). These are funds that act as any 

other mutual fund, but their shares are traded on the stock exchange instead of being acquired and 

redeemed directly with the fund. Unlike other funds, ETFs allow investors to take short positions on 

them or to be used for hedging purposes through options markets. 

Finally, a broad range of funds with distinct characteristics are called specialty funds. Some of these are 

sector funds, which only invest in a specific industry. These could be regional funds, which only invest 

in a particular geographical area, or socially responsible funds, which only invest in companies that meet 

certain prerequisites of environmentalism, ethical and social behaviour, etc. However, all these types of 

speciality funds, sacrifice diversification as their investments tend to have some correlation (within the 

same industry, same region), and hence suffer from some sort of idiosyncratic risk. 

Mutual fund fees 

When addressing mutual funds fees, these are usually organised into two large groups: the annual 

operating fees, and the shareholder fees.  

Annual operating fees, commonly known as the fund’s expense ratio, are fees that include management 

fees and administrative costs and consist of a yearly percentage of the assets under management (Hayes, 

2020).  

Shareholder fees, on the other hand, are fees paid by investors when they acquire or redeem their 

shares. These include sales charges and commissions known as the “load” and redemption fees. If the 

load is paid when the shares are acquired, then it is said that the fund has a front-end load, while if 

they´re to be paid at the time of redemption, it is said that the fund has a back-end load. 

Sometimes funds may also charge for early redemption or sale of the shares (Hayes, 2020). 

Classes of mutual fund shares 

Mutual funds have different classes of shares that reveal the fees attached to them (Hayes, 2020). There 

are many classes of shares, but some of the most common ones are share classes A, B, C, and “Clean”.  
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A shares are usually sold through a broker. They have a front-end load and management and ongoing 

fees for distribution, also known as 12b-1 fees. B shares, however, charge management and other fees 

when the investor sells its shares. C shares usually do not carry “load” but have a 1% 12b-1 annual 

distribution fee. Opposite to the previous ones, “clean” shares do not carry “load” or annual 12b-1 fees. 

This last type of share is the newest of the ones explained. 

3.3 Modern Portfolio Theory 

It is essential to understand the theoretical models that are applied in the construction of a fund’s 

portfolio. The models analysed below, i.e. the CAPM and the factor models are some of the most popular 

models used in finance, and this last one will be used in this thesis. However, the base method used in 

finance is the mean-variance analysis developed by Markowitz (1952; 1959). It will also be shown how 

constraining a portfolio, e.g. by not allowing to invest in certain assets, can prevent the fund from 

accessing the most mean-variance efficient portfolios. 

Mean-variance analysis  

Harry Markowitz is widely considered as the father of modern portfolio theory. He claims that the basic 

principles of portfolio theory came to his mind while reading “The Theory of Investment Value” by John 

Burr Williams, where Williams mentions that a stock's value should equal the present value of its future 

dividend stream. Markowitz realised that since this was uncertain, the stock's value should be the 

expected value of its discounted dividends. Assuming variance as a way of measuring risk, and 

considering the mean to be the expected return, Markowitz sees that, as investors only care about risk 

and return, these should be considered together (H. M. Markowitz, 1991). 

As pointed out above, the investing activity and the returns obtained are always affected by uncertainty 

to a different extent. As Markowitz (1991) mentioned, without uncertainty, a rational investor would 

invest exclusively in one security: the one with the highest future return. In case several securities had 

the same future return, the investor would be indifferent to invest in any- or any combination of these, 

and hence there would be no reason to diversify. However, uncertainty is present, and diversification is 

a way of reducing it.  

To explain how diversification helps mitigate the risk, we will compare the risk difference of a one asset 

investment and a two asset portfolio. 
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When an asset carries risk, e.g. a stock, the return of the investment is not known with certainty. Hence, 

as mentioned above, the expected return is used instead of the future return. The expected return of an 

asset is the probability-weighted return of an asset, i.e. the different values the return can take, each 

weighted by the probability of those values occurring in various stages. Mathematically expressed when 

returns are a discrete variable: 

𝐸[𝑟] =  𝑝𝑠𝑟𝑠 

With 𝑝𝑠 being the probability of the return, 𝑟𝑠 being the return, and 𝑠 being the different stages. The 

expected return is also known as the mean, or 𝜇. 

When calculating risk, we use the variance of the return, 𝜎2, or its square-root, the standard deviation, 

 𝜎, also known as volatility. The return variance is defined as the sum of the squared deviations from the 

expected value, weighted by the probabilities. Mathematically expressed when returns are a discrete 

variable: 

𝜎2 = 𝑉𝑎𝑟[𝑟] = ∑ 𝑝𝑠(𝑟𝑠 − 𝐸[𝑟])2

𝑆

𝑠=1

 

𝜎 = 𝑆𝑡𝑑[𝑟] = √𝑉𝑎𝑟[𝑟] 

When computing the expected return of a  portfolio with two assets, we add the expected returns of 

each asset, each weighted by their participation in the portfolio (in this case, we only have two assets, 

and the sum of the weights must be equal to 1. Expressed mathematically: 

𝐸[𝑟𝑝] =  𝐸[𝑤𝑟1 + (1 − 𝑤)𝑟2] 

being 𝑤 the weight of asset 1 in the portfolio, and 𝑟𝑖 being the return of each asset. 

In order to obtain the variance of the portfolio, it is crucial to consider to what extend the returns of the 

assets move together. To do this, we use the covariance or the correlation. Mathematically expressed 

when returns are a discrete variable for two assets: 

𝜎1,2 = 𝐶𝑜𝑣[𝑟1, 𝑟2] = ∑ 𝑝𝑠

𝑆

𝑠=1

𝐸[(𝑟1 − 𝐸[𝑟1]) ∗ (𝑟2 − 𝐸[𝑟2])] 

𝜌1,2 = 𝐶𝑜𝑟𝑟[𝑟1, 𝑟2] =
𝐶𝑜𝑣[𝑟1, 𝑟2]

𝑆𝑡𝑑[𝑟1] ∗ 𝑆𝑡𝑑[𝑟2]
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We can now compute the variance of the portfolio of two assets as: 

𝜎𝑝
2 = 𝑉𝑎𝑟[𝑟𝑝] = 𝑉𝑎𝑟[𝑤𝑟1 + (1 − 𝑤)𝑟2] 

=  𝑤2𝑉𝑎𝑟[𝑟1] + (1 − 𝑤)2𝑉𝑎𝑟[𝑟2] + 2𝑤(1 − 𝑤)𝐶𝑜𝑣[𝑟1, 𝑟2] 

= 𝑤2𝜎1
2 + (1 − 𝑤)2𝜎2

2 + 2𝑤(1 − 𝑤)𝜌1,2𝜎1𝜎2 

From the portfolio variance formula, we can see that the correlation between the assets is vital since it 

is positively related to the portfolio variance. The lower the correlation between the assets, the lower 

the variance of the portfolio, and hence the larger the reduction in the risk of the portfolio due to 

diversification (Munk, 2019). 

A typical figure used when addressing risky investments is the expected excess rate of return, also 

known as the risk premium. The expected excess rate of return is the expected rate return of the risky 

asset minus the risk-free rate of return. Risk-free assets, such as government bonds are those in which 

the risk is so small that they´re considered risk-free. The ratio between the risk premium and the 

standard deviation of the risky return is known as the Sharpe ratio. This measure is important to 

measure the risk-return tradeoff, that is, the risk premium relative to the risk taken. 

The mean-variance analysis is based on the assumption that an investor is only concerned with the 

expectation and the variance of the returns of the portfolios. This investor is said to have mean-variance 

preferences (Munk, 2019).  

As pointed put above for a portfolio of two assets, portfolios can reduce their variance if the assets are 

uncorrelated. Constructing a portfolio of assets is usually done to meet a specific average return or a 

particular risk. The other variable is then either minimized (variance) or maximized (average return). 

A mean-variance efficient portfolio is the one that, amongst all other portfolios that give a specific 

average return, has the minimum return variance (Munk, 2019). Markowitz (1991) points out that the 

mean-variance analysis came to him as an investor selecting a point from a Pareto optimal expected 

return and variance of the return combinations, which would later be known as the efficient frontier. 

The efficient frontier is comprised of all the optimal combinations of mean and standard deviation, that 

is, the combination of assets with the lowest standard deviation achievable for any return (Munk, 2019). 

These combinations form a hyperbola which is represented in Figure 2. 

When choosing a portfolio that is mean-variance efficient, several combinations that are widespread are 

the minimum-variance portfolio and the maximum-slope portfolio. The former is the portfolio whose 
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The Efficient Frontier 
Source: Munk (2019, p. 208), with own modifications. 

Figure 2 

combination of assets has the lowest variance among all portfolios. It is represented in Figure 2 by letter 

A. The maximum-slope portfolio, however, is the portfolio obtained when the slope (𝜇/𝜎) of a line that 

connects the origin (0,0) with the frontier is maximized. It is represented in Figure 2 by letter B. 

 

 

 

 

 

 

 

 

 

Additionally, a risk-free asset can be included in the portfolio. In this case, the mean-variance efficient 

portfolios of all assets are different weight distributions of the risk-free asset and a tangency portfolio. 

A tangency portfolio is the one that coincides with the tangency point, represented as C in Figure 2, of a 

straight line drawn from the point (0,Rf) and tangent to the efficient frontier of risky assets. The slope 

of this line is the Sharpe ratio, (𝜇 − 𝑅𝑓)/𝜎 of the risky portfolio (Munk, 2019). 

Mean-variance efficient portfolios can also be achieved if certain investment constraints are imposed 

(e.g. no shorting positions). However, these constrained frontiers are located to the right of the 

unconstrained frontiers. This is because when minimizing the variance for a given expected return, the 

variance obtained will be lower in the portfolio is unconstrained than otherwise, which implies that it 

is not globally mean-variance efficient (Munk, 2019). This is probably the most used argument by 

investors who reject investing according to non-financial objectives such as SRI. 

Capital Asset Pricing Model 

Commonly known as the CAPM, it was developed by Treynor (1961), Sharpe (1964), Lintner (1965) and 

Mossin (1966), and it adds on to Markowitz’s mean-variance portfolio theory (Munk, 2019). 
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As seen in the mean-variance section, the efficient portfolios for all assets are combinations of the 

tangency portfolio, where the Sharpe ratio, i.e. the risk-return tradeoff, is maximised, and the risk-free 

asset.  

The model deals with a “market portfolio”; a portfolio composed of all risky assets in the economy. 

Unsurprisingly, its value is the sum of all risky assets in the economy, and the weight of each asset in the 

portfolio is the ratio of the asset’s total value (i.e. units issued times price) to the value of the market 

portfolio. This portfolio is hence equal to the tangency portfolio of all risky assets. 

The CAPM then assumes that, if all investors coincide on the risk-free rate and the efficient frontier of 

all risky assets, investors would only invest in some combination of the risk-free asset and the market 

portfolio. The line that joins the risk-free asset with the market portfolio will then be the efficient 

frontier of risky assets. This line, known as the capital market line, has a slope equal to the Sharpe ratio 

of the market portfolio, (𝐸[𝑟𝑚] − 𝑅𝑓)/𝜎𝑚. 

Hence, taking this further, the expected excess return provided by any risky asset 𝑖, can be expressed as 

a function of the market portfolio expected excess return times the market beta of asset 𝑖, 𝛽𝑖. The CAPM 

equation expresses this mathematically: 

𝐸[𝑟𝑖] − 𝑟𝑓 = 𝛽𝑖(𝐸[𝑟𝑚] − 𝑟𝑓) 

being the market beta of the asset, 𝛽𝑖 defined as: 

𝛽𝑖 =
𝐶𝑜𝑣[𝑟𝑖, 𝑟𝑚]

𝑉𝑎𝑟[𝑟𝑚]
= 𝐶𝑜𝑟𝑟[𝑟𝑖, 𝑟𝑚]

𝑆𝑡𝑑[𝑟𝑖]

𝑆𝑡𝑑[𝑟𝑚]
 

As seen above, the market beta for asset 𝑖, is related to the correlation between the risky asset 𝑖, and the 

market portfolio. This implies that the only asset-specific factor of the asset’s risk premium is the market 

beta. Hence, the right risk measure for each asset is its market beta. If the market beta is assumed as the 

right risk measure for an asset, then the risk-return tradeoff previously determined by the Sharpe ratio 

is not the right measure. Instead, the Treynor ratio,  

(𝐸[𝑟𝑖] − 𝑅𝑓)/𝛽𝑖, is used (Munk, 2019). 

Therefore, an asset with a positive beta might seem unattractive for any investor since it can´t provide 

protection against market turndowns. It would have to have a low price and relatively high expected 

return to be considered attractive. 
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Even though the CAPM equation above is referred to an individual asset, this relationship holds for 

portfolios of assets as well (Munk, 2019). 

Factor Models 

Factor models assume that the covariation in asset returns is due to returns being affected by some 

common factors. These models reduce the inputs required in the mean-variance portfolio analysis, 

giving more reliable estimates of the inputs (Munk, 2019). 

The most well known multi-factor model is the Fama-French three-factor model (Fama & French, 1992), 

which has subsequently been extended to four-, or five-factor models, some developed by the original 

authors, others by authors like Carhart (1997). 

 

For a one-factor model, the return for any asset 𝑖 will be its expected return, plus the exposure of the 

asset to a factor, plus some unexplained error. Mathematically: 

𝑟𝑖 = 𝐸[𝑟𝑖] + 𝛽𝑖(𝐹 − 𝐸[𝐹]) + 𝜀𝑖 

with  𝐹 being the factor affecting the returns, 𝛽𝑖 the factor sensitivity of the return to the factor, and 𝜀𝑖  a 

random variable with E[𝜀𝑖]=0.  

The covariance between 𝑟𝑖 and 𝐹 will be: 

𝐶𝑜𝑣[𝑟𝑖, 𝐹] = 𝛽𝑖𝑉𝑎𝑟[𝐹] 

This is because, by construction, the 𝐶𝑜𝑣[𝑟𝑖, 𝜀𝑖] = 0. Hence, as for the CAPM, the factor sensitivity is: 

𝛽𝑖 =
𝐶𝑜𝑣[𝑟𝑖, 𝐹]

𝑉𝑎𝑟[𝐹]
= 𝐶𝑜𝑟𝑟[𝑟𝑖, 𝐹]

𝑆𝑡𝑑[𝑟𝑖]

𝑆𝑡𝑑[𝐹]
 

Finally, it is important to keep in mind that the variance of 𝑟𝑖 will be: 

𝑉𝑎𝑟[𝑟𝑖] = 𝛽𝑖
2𝑉𝑎𝑟[𝐹] + 𝑉𝑎𝑟[𝜀𝑖] 

being 𝛽𝑖
2𝑉𝑎𝑟[𝐹] called systematic risk, and 𝑉𝑎𝑟[𝜀𝑖] idiosyncratic or asset-specific risk (Munk, 2019). 
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The Single-Index Model, developed by Sharpe (1963), is the most well-known one-factor model. The 

assumption behind it is that the return of an asset depends on the return a factor and the return of a 

market portfolio. 

𝑟𝑖 − 𝑟𝑓 = 𝛼𝑖 + 𝛽𝑖(𝑟𝑚 − 𝑟𝑓) + 𝜀𝑖  

where 𝑟𝑖 is the return of the asset, 𝑟𝑓 the risk-free rate, 𝛽𝑖 the sensitivity factor, 𝑟𝑚 the return of the 

market portfolio, and 𝜀𝑖  some unexplained error. The 𝛼𝑖 is a factor that indicates that the asset has 

performed on average better than the market (Munk, 2019). 

The Fama-French models 

The factor models, as mentioned above, are typically extended to several factors. One of the most 

popular is the Fama-French (1992) three-factor model. The authors employ the market factor, the small-

minus-big (SMB) factor, and the high-minus-low(HML) factor. The market factor is a factor that captures 

the return of a market index. The SMB factor, however, is a factor that captures the return of a portfolio 

of small-cap stocks minus the return of a portfolio of large-cap stocks. Finally, the HML factor captures 

the return of a portfolio of stocks issued by companies with a high book-to-market value, or “value” 

stocks, minus the return of a portfolio of stocks issued by companies with a low book-to-market value, 

or “growth” stocks. 

The choosing of these factors is motivated by research findings stating that smaller firms tend to provide 

larger returns than larger firms, and that value stocks tend to deliver higher returns than growth stocks 

(Munk, 2019). Mathematically, the equation for the return of any asset 𝑖 is: 

𝑟𝑖 − 𝑟𝑓 = 𝛼𝑖 + 𝛽𝑖,𝑚(𝑟𝑚 − 𝑟𝑓) + 𝛽𝑖,𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝑖,𝐻𝑀𝐿𝐻𝑀𝐿 + 𝜀𝑖 

According to its authors (Fama & French, 1996, 2012), this model's application provides a good fit for 

the U.S. and other countries’ stock market. The reasons for the model's good performance are unknown, 

but the authors have suggested that it comes from the premium on financial distress. 

Following this model's popularity, other authors have suggested extending it to include other factors 

they have deemed important. One of the most well-known extensions is proposed by Carhart (1997), 

who incorporated a factor related to the momentum of assets' returns. The factor was included as 

winners-minus-losers (WML), which was the return of a portfolio of assets of recent good performers 

minus a portfolio of assets of recent bad performers. 
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More recently, the authors have extended this model to a five-factor model (Fama & French, 2015, 2016) 

by including a profitability factor and an investment approach factor. The former is called the robust-

minus-weak (RMW) factor, and captures the return of a portfolio of assets of the most profitable firms, 

minus the return of a portfolio of the least profitable firms. The latter is called conservative-minus-

aggressive (CMA) factor, and captures the return of a portfolio of assets of firms that invest 

conservatively, minus the return of a portfolio of assets of firms that invest aggressively. 

3.4 Return on SRI 

As mentioned earlier, socially responsible funds are a speciality fund, i.e. they only invest in firms that 

meet previously stated requisites of environmentalism or ethical, social behaviour. 

To do this, SR funds usually apply a combination of filters, commonly known as screens, to limit the 

number of investments that are considered. According to Renneboog et al. (2008), these screens can be 

broadly classified into two groups: negative and positive screens. 

Negative screens, also known as first-generation screens, imply excluding certain stocks or industries 

from the portfolio according to the investment criteria. A frequent negative screening applied includes 

tobacco, alcohol, gambling, weaponry, or poor environmental protection performance. Once the 

negative screening is applied, portfolios are formed according to financial objectives. 

On the other hand, positive screens, also known as second-generation screens, imply selecting the best 

performers in Environmental, Sustainability, and Governance (ESG) standards, e.g. labour relations, 

environmental protection, etc. Usually, this is often combined with a “best in class” approach, where a 

threshold of the top ESG performers within each industry are selected to be part of the portfolio. 

There are two other approaches mentioned in the literature (Renneboog et al., 2008) that can be 

considered: third-, and fourth-generation screens. Third-generation screens refer to a combined 

approach of selecting firms based on economic, environmental and social criteria using both positive 

and negative screens. Fourth-generation screens are adding shareholder activism to the third 

generation. 

The effects of screening on performance 

An important question regarding the screening processes of SR funds is that of their effects on the funds' 

financial performance.  
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Regarding the type of screens employed in the process, Goldreyer et al. (1999) examine SR funds for the 

period 1981-1997, finding that SR funds that use positive screens in the portfolio selection 

outperformed those that do not. 

Barnett and Salomon (2006) tackle this question by analysing 67 SR funds for the period 1972 to 2000, 

comparing their financial performance regarding the intensity, measured in the number of screens 

applied, and the type of social screening performed. They find that the relationship between the 

intensity of screening and the financial performance is curvilinear. That is, the financial performance 

declines as more screens are added to the screening process, reaching a minimum at seven screens, but 

increases again as more screens are added, to a maximum of 12 screens. However, the maximum of 12 

screens' performance level does not recover enough to reach the levels obtained by the funds with only 

one screen. With regards to the type of social screening, they find that compared to the SRI baseline 

fund, (i) funds that avoided firms due to unequal employment records performed worse; (ii) funds that 

included firms that had a good relationship with their local communities performed better; and (iii) 

funds that screened for environmental criteria performed worse than. 

Similarly, Renneboog et al. (2011) find that Sin/Ethical screens or environmental screens affect 

negatively fund performance. However, they also find that some SRI attributes like activism or in-house 

SRI research, this last one only significant for European funds, can positively impact fund performance. 

SRI vs Conventional fund performance 

According to Van Dijk-de Groot and Nijhof (2015), when addressing Socially Responsible Investment, 

the most researched question is whether this type of investment affects the investment's financial 

performance. This is usually studied by comparing conventional and SR fund performance. When doing 

so, three main hypotheses can be differentiated: the underperformance hypothesis, the outperformance 

hypothesis and the no-effect hypothesis. 

The underperformance hypothesis is grounded in investment theory, and there are two reasons 

supporting this view. First, SR funds have higher costs due to the screening process and the monitoring 

of non-financial performance. Second, due to the restriction of the investment universe, SR funds are 

not able to reap the maximum benefits of risk reduction from diversification. 

The outperformance hypothesis is grounded on the assumption that SR funds will perform better than 

conventional because SR fund portfolios are made up of consciously involved companies in which the 

management is believed to be of better quality. 
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Finally, the no-effect hypothesis assumes no difference in performance between SR and conventional 

funds. 

In their literature review that spans since 1990 to 2014, Van Dijk-de Groot and Nijhof (2015) find that 

the large majority of the articles related to the comparison between SR and conventional fund 

performance support the no-effect hypothesis (79%), while the underperformance and the 

outperformance hypotheses gathered a 25% and a 17% support respectively. Some articles supported 

more than one hypothesis, and so they are included in several hypotheses. 

The studies that compare SRI vs conventional fund performance have focused on different time periods. 

Hamilton et al. (1993) who analyse the period 1981-1990, find that when observing Jensen’s alpha, 

there’s no significant difference between SR and conventional fund performance. Statman (2000) finds 

the same for the period 1990-1998.  

Consistent with these findings, Riedl and Smeets (2017) analyse the equity performance of socially 

responsible investors for different time periods, finding that it is similar to that of conventional 

investors. More specifically, for the period of one year previous to the research taking place, socially 

responsible investors had obtained higher average returns but had significantly worse Sharpe ratios. 

For the period of three years previous to the study taking place, however, socially responsible investors 

had received lower average returns but had similar Sharpe ratios. There was no difference in average 

returns or Sharpe ratios for the period of five years previous to the research taking place. This is also 

consistent with mean-variance analysis predictions: constrained portfolios cannot deliver the same 

risk-adjusted returns. 

Reasons for the disparity of results 

Several authors have proposed different reasons for the disparity of these results, which remains 

unclear. Marti-Ballester (2015) suggests that this could be due to the use of different methodologies and 

samples used. 

Rathner (2013) performed a meta-analysis on 25 studies that compared SR and conventional funds' 

financial performance and found that certain characteristics considered in these studies such as 

survivorship bias or selecting US SR funds could bias under- or outperformance conclusions. 

Derwall et al. (2011) acknowledge SRI literature's general belief interpreting the no-effect hypothesis 

as evidence that stocks’ social responsibility characteristics are not priced in the market. However, they 

state that investors' separation of profit-seeking and values-driven behaviour can suggest a different 
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interpretation. The avoidance of non-SRI stocks gives SR funds a performance disadvantage predicted 

by the shunned-stock hypothesis (i.e. socially controversial stocks obtain abnormally high returns 

because values-driven investors push prices below those of SR stocks). In contrast, the selection of 

positive environmental and socially responsible stocks gives these SR funds a performance advantage 

predicted by the errors-in-expectations hypothesis. That is, SRI stocks have higher risk-adjusted returns 

because the market fails to recognize the positive impact immediately that corporate social 

responsibility practices have on the firms’ expected future cash flows. Hence, these two effects could 

cancel out, perhaps leading to this no-effect hypothesis support observed in most research comparing 

SRI against conventional performance (Derwall et al., 2011). 

Consistent with Derwall et al. (2011), Heinkel, Kraus, and Zechner (2001) develop a model where SR 

firms’ prices are increased and their expected returns lowered because investors are unwilling to invest 

in non-responsible firms. At the same time, non-responsible firms obtain higher returns because fewer 

investors bear the risk. 

3.5 Investor preferences 

As mentioned earlier, the most popular method for constructing portfolios of assets is the mean-

variance analysis. Hence, because of diversification benefits, the efficient frontier gives the highest risk-

adjusted returns. A rational investor, who is assumed to maximize his investment's utility through the 

maximization of risk-adjusted returns, would select a portfolio according to his risk-return preferences 

that maximize his utility.  

According to the mean-variance analysis, any constraints on asset selection can only negatively 

influence the portfolio's performance, since they cannot reach the optimal efficient frontier. Therefore, 

Socially Responsible Investments, by considering non-financial objectives and applying screens to the 

asset universe, constrain their portfolios and hinder their performance. 

Geczy et al. (2005) examine the diversification costs of a socially responsible fund investor for the period 

1963-2001. Their results suggest significant financial costs of imposing SRI constraints on the mean-

variance optimizing portfolio. Also, by excluding sin companies, which deliver persistent abnormal 

returns, investors may be sacrificing higher returns apart from optimal diversification (Derwall et al., 

2011; Renneboog et al., 2011).  

According to Riedl and Smeets (2017), this is the primary concern of investors when confronted about 

investing in SRI, since most investors expect SR funds to underperform relative to conventional. 
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Consequently, investors that expect underperformance of SRI are less likely to invest in a socially 

responsible way. Moreover, those who expect SRI to outperform are not more likely to hold SRI 

investments. 

Reasons for holding SRI 

From a financial perspective, and according to portfolio theory, there can only be two reasons for 

holding a specific asset: abnormal returns, and/or diversification benefits.  

As mentioned earlier, abnormal return reasons are probably not behind the selection of SRI. Most 

research done showed no difference between an SRI portfolio and a conventional one. Hence, the only 

purely financial reason to hold SRI is diversification. 

Consistent with investors diversifying their portfolios, Riedl and Smeets (2017) find that investors 

holding more extensive portfolios invest in SRI, but a significantly small proportion of their assets. 

Likewise, Lapanan (2018) finds that most SRI investors have mixed portfolios, i.e. they hold 

conventional and SR funds. Moreover, he finds that SRI investors hold a more diversified portfolio than 

non-holders of SRI.  

Types of SRI investors 

Several authors have suggested different classifications of SRI investors according to their motives to 

hold SRI. 

Derwall et al. (2011) affirm that much of the literature related to SRI makes the implicit assumption that 

all SRI investors form a homogenous group, and hence the reasons for investing in such are unanimous. 

Therefore, in their study, they separate SRI investors into two groups, given their motives for holding 

SRI assets. First, there’s a values-driven group: socially responsible investors who hold assets for 

reasons unrelated to profit. Second, there’s a profit-seeking group: investors that pursue traditional 

financial goals. To separate these two groups, they focus on two types of portfolios: one made up of 

shunned stocks (controversial stocks avoided by values-driven investors). A second one made up of 

stocks with a high score in employee relations. Results show that both portfolios obtain abnormal 

returns, but only the shunned-stocks portfolio’s performance persists. Hence, the authors conclude that 

the values-driven motives for holding SRI endure, while the profit-seeking reasons for doing so are only 

sustained in the short-term. 
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Riedl and Smeets (2017) find another dichotomy when classifying SRI investors. They find evidence that 

investors are more likely to hold SRI due to two main motives: social signalling and intrinsic social 

preferences (values-driven). Social signalling refers to investors trying to achieve a positive image in the 

community by talking about their SRI investment. The authors find that investors who talk more often 

about their investments are more likely to invest in SRI and that the investors that care more about 

signalling are less educated. Social preferences, on the other hand, refer to an investor having strong 

social values. These values play an essential role in investing in SRI since they increase the chance of 

holding SR investments. Investors with stronger social values find it less important to signal their 

investment in SRI. However, when it comes to the fraction of the wealth invested in SRI, financial motives 

seem to be the main drivers. They find that the amount of wealth invested in SRI does not depend on 

any of the previous two reasons for holding SRI, but investors that do this for signalling purposes invest 

a smaller amount. Consistent with this, Døskeland and Pedersen (2016) suggest that financial concerns 

increase relatively to moral concerns as the amount invested increases. Moreover, more active investors 

are more likely to hold SRI investments (Riedl & Smeets, 2017) which is consistent Lapanan (2018) 

finding that SRI investors rebalance their portfolios more often. 

Willingness to pay of SRI investors 

As mentioned before, there seem to be no financial motives apart from diversification to hold SRI assets 

specifically. However, SRI investors still hold these and might even be willing to pay for them. 

Gutsche and Ziegler (2019) analyse if German private investors are willing to sacrifice returns to invest 

according to their values. It is essential to mention that their analysis is different from others in that 

their approach is based on stated choice, i.e. survey, rather than revealed preferences. This type of 

analysis provides the advantage of showing real investor decisions, unlike the revealed preferences 

approach where the investment's motives cannot be observed. However, it also has its drawbacks, like 

inaccuracies or biases in survey answers. The research suggests a considerable willingness to sacrifice 

interest rate returns when investing in an SRI bank, which is even higher if the SRI criteria are certified. 

Similarly, Riedl and Smeets (2017) find that, even though investors expect socially responsible 

investments to underperform, SRI investors have a higher willingness to pay for SR funds' management 

fees than conventional funds’.  

This is consistent with the SRI screening process generating value-relevant information which would 

not be available to investors otherwise (Renneboog et al., 2011). 
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Utility obtained by SRI investors 

Suppose investors are willing to pay to invest in a socially responsible manner, as suggested by Riedl 

and Smeets (2017) and Gutsche and Ziegler (2019). Therefore, it must be the case that SR investors 

obtain extra utility from investing this way.  

Traditional financial theory, and more specifically, the CAPM assumes that investor preferences can be 

represented by a utility function depending exclusively on the expected return and the variance of the 

returns. However, other studies have suggested otherwise.  

Bollen (2007) suggests that investors may have “a multi-attribute utility function defined over the 

moments of a portfolio’s return distribution and a variable representing whether the investment decision 

is SR.” This would be consistent with behavioural finance interpreting the investment decision as the 

consumption of a product type (Statman, 1999). The assumption is that of a conditional utility function, 

i.e. investors derive additional utility from consuming the SR attribute, dependent on satisfactory levels 

of risk-adjusted returns. Results support the conditional utility function capturing best the features of 

the dataset employed in Bollen’s (2007) research. Consistent with this, Renneboog et al. (2011) find 

results related to environmental screens that suggest this existence of the conditional utility. 

The assumption of SR investors deriving additional utility is consistent with several pieces of research 

done. Benson and Humphrey (2008) find that SRI investors are less concerned with current 

performance than conventional investors, even though they find barely any difference between them 

regarding past returns. Similarly, Derwall et al. (2011) argue that the values-driven group holds SR 

assets for reasons unrelated to profit. Therefore, holding these assets must provide some utility different 

from that of profits to those investors. Likewise, Riedl and Smeets (2017) argue about the different 

motives for holding socially responsible investments. Whichever the reason, either signalling or social 

preferences, it must be that holding SR investments provide an additional utility. Similarly, Lapanan 

(2018) suggests that investors SR investors derive utility from SR investments since they are less likely 

to sell poor performing SR funds than conventional. 

It is essential to mention that investors get utility from investing according to their own values. Benson 

and Humphrey (2008) suggested that environmentally friendly investors might not derive utility from 

not investing in gambling or alcohol. Bauer and Smeets (2015) supported this, arguing that investors 

get non-financial utility if investments fit their social identity. 
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Finally, Renneboog et al. (2011) find that stock-picking based on in-house SRI research increases the 

fund's inflows, suggesting that SRI investors may obtain extra utility from this process by granting them 

access to value-relevant information otherwise unavailable. 

3.6 Cashflows as an approximation for investor behaviour 

In order to study investor behaviour, two main approaches have been found in this literature review. 

The first approach is to model investor behaviour through an experiment based on stated choice, i.e. 

through surveys. This approach, chosen for their researches by authors like Gutsche and Ziegler (2019) 

and Riedl and Smeets (2017) reveals real decisions and investor preferences. Still, it has certain 

drawbacks that make it more difficult to implement reliably (Gutsche & Ziegler, 2019). Additionally, like 

any other experiment, they tend to be expensive and time-consuming. 

The other, more pursued approach is through revealed preferences. It is based on the Revealed 

Preference Theory by Paul Anthony Samuelson (1938), which developed into a “broad research program 

– a family of theories – each with some shared features (family resemblances) but also a number of distinct 

differences” (Hands, 2014, p. 3). One of the main advantages of this procedure is that it uses market 

participants’ investment decisions to reveal their preferences (Gutsche & Ziegler, 2019). This approach 

is pursued by Bollen (2007), who uses the net aggregate investor subscriptions and redemptions, or 

fund flow, to measure shareholder activity. He states two main benefits of using fund flow volatility as a 

measure of investor behaviour. Firstly, the process reflects investor decisions without implying a 

structure over the decision-making process. Secondly, from a practical perspective, one of the main 

concerns for a fund is investor cash flows' volatility. This can pose a burden on the fund since the need 

for liquidity to attend investor cash withdrawal demand will most likely hinder fund performance. 

Some of the authors that have followed this approach to model investor behaviour found in this 

literature review are Benson and Humphrey (2008), Chevalier and Ellison (1997), Renneboog et al. 

(2011) and Sirri and Tufano (1998). 

3.7 Flow-performance relation 

One of the most studied features in the mutual fund industry is the flow-performance relationship. That 

is, how money flows into and out of mutual funds are determined by the fund’s current and past 

performance.  



41 

 

Ippolito (1992), looking for a mechanism to control product quality, finds an important example in the 

mutual fund industry. He finds that investors react to new information on product quality, i.e. fund 

manager ability, proxied in the mutual fund industry by performance, by allocating their investments 

into recent good performers, and away from current bad performers. This flow-performance 

relationship has been interpreted as a reflection of investors updating their beliefs about managerial 

ability and expected fund returns (Berk & Green, 2004; Ippolito, 1992; Lynch & Musto, 2003). 

As pointed out by Ferreira et al. (2012), this relationship's interest comes from several sources. Firstly, 

fund flows determine the assets under management of the fund. Fees charged by funds are a function, 

usually a percentage, of the assets, and hence, so are their profits. Secondly, the flow-performance 

relationship structure may encourage fund manager risk-taking behaviour, giving rise to an agency 

conflict. Finally, flow behaviour has implications for the funds’ survival. This is because the flow-

performance relationship will determine the degree to which fund size is affected by past performance, 

which influences how a fund performs in the future (Berk & Green, 2004). 

It has also been associated with the “smart money” effect since money flows can predict short-term fund 

performance (Gruber, 1996). However, other authors like Sapp and Tiwari (2004) suggest that the 

momentum effect can explain this effect in stock returns. 

Several authors have studied this positive relationship between recent past fund performance and 

money flows, each focusing on different features of fund regulation, taxes, fund industry or the funds 

themselves.  

What are flows, and how they can be measured 

A fund's flows are the inflows and outflows of money of the fund due to shareholder subscriptions and 

redemptions, respectively. 

When analysing the flow-performance relationship, several authors have defined flows as the new 

money growth rate, that is, the net growth in total assets due exclusively to new external money 

(Chevalier & Ellison, 1997; Huang, Wei, & Yan, 2007; Sirri & Tufano, 1998).  

Chevalier and Ellison (1997) calculate the flow as the proportional growth in total assets under 

management (AUM) for the fund between the start and the end of the year t+1 net of internal growth in 

the year t denoted by 𝑟𝑖,𝑡+1 (under the assumption of reinvestment of dividends and distributions): 
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𝐹𝑙𝑜𝑤𝑖,𝑡+1 =
𝐴𝑠𝑠𝑒𝑡𝑠𝑖,𝑡+1 − 𝐴𝑠𝑠𝑒𝑡𝑠𝑖,𝑡

𝐴𝑠𝑠𝑒𝑡𝑠𝑖,𝑡
− 𝑟𝑖,𝑡+1 

Their choice of the growth rate, as opposed to the absolute level of inflows or another measure, is 

motivated by previous results in their preliminary regressions that seemed to indicate that funds tend 

to shrink or grow in proportion at various performance levels to their initial assets. 

What is performance, and how it can be measured 

To measure performance, different authors have opted for several methods.  

Chevalier and Ellison (1997) measure performance in their model as a fund’s return minus the return 

on a value-weighted market index. Sirri and Tufano (1998) use for most of their research the historical 

and market-adjusted returns. Still, they use more formal performance measures such as Jensen’s alphas 

and excess returns for some of their results. 

According to Munk (2019), the most popular portfolio performance measure is Jensen’s alpha, which 

measures the part of the return unexplained by the systematic risk taken. This procedure is followed by 

Ippolito (1992), who adjusts returns for risk through the CAPM, and by Renneboog et al. (2011), who 

calculate the alphas in the CAPM, the Fama-French (FF) three-factor, and its extended version by Carhart 

(FFC), the four-factor model, obtaining the CAPM-, the FF, and the FFC-adjusted returns. 

Structure of the flow-performance relationship 

Early studies on the flow-performance relationship suggested that this relationship may be non-linear 

(Ippolito, 1992). Investors rationally would chase performance, that is, they would invest in top-

performing funds, and they would disinvest from poor-performing funds, but not in the same 

proportion.  

More recently, Sirri and Tufano (1998) would deepen into the performance-flow relationship. They find 

that mutual fund consumers chase returns, investing in funds with the highest recent returns, but failing 

to disinvest from poor performers. This relationship was found to be very strong for funds whose 

historic performances place them in the top 20th percentile in the prior year, and weak for the bottom 

80th percentile. However, there was no pronounced penalty for extremely poor relative performance. 

Finding this unexpected, they tested that the absence of a strong link between performance and flows 

for the poorest performers in the sample was not attributable to survivorship bias. This segmentation 
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of the flow-performance relationship into the bottom, middle, and top has also been found by other 

authors (Renneboog et al., 2011), and even for most countries (Ferreira et al., 2012).  

Due to the shape of the relationship, i.e. very sensitive for top performance, flatter in the middle, and 

somewhat sensitive for the bottom, it is commonly referred to as the convexity of the flow-performance 

relationship (Ferreira et al., 2012). Huang et al. (2007) would later find that this convexity has declined 

in the U.S. over time. 

Determinants of the structure of the flow-performance relationship 

Several authors have proposed why its convexity characterises this relationship to comprehend further 

how the flow-performance relationship works. These reasons revolve around the idea of investor 

sophistication and behaviour and fund attributes. 

Investor sophistication and behaviour 

Several reasons for the convexity of the flow-performance relationship based on investor sophistication 

and behaviour have been proposed. 

Ippolito (1992), one of the earliest authors to have shown this relationship and propose a reason for it, 

suggested that it had to do with investors updating their fund manager ability beliefs. 

Gruber (1996) proposed an explanation for the flow-performance relationship's convexity: The 

existence of two clienteles. He would refer to one clientele as sophisticated, acting in a more 

economically rational way, and another clientele he would refer to as disadvantaged. In this last group, 

he would include (i) unsophisticated investors, who would be influenced by marketing; (ii) 

institutionally disadvantaged investors, primarily represented by pension accounts and restricted to 

underperforming funds by the pension plan they are part of; and (iii) tax disadvantaged investors, who 

had held one or more funds for so long, that capital gains taxes make it inefficient to remove money from 

these funds. Other authors that have supported this approach. Chevalier and Ellison (1997), find that 

the flow-performance relationship appears to be roughly consistent with a model in which 

heterogeneously informed potential investors try to assess various funds' quality. Ferreira et al. (2012) 

suggest that not chasing winners, but selling losers is a “sophisticated” thing to do since performance 

persists for poor performers but not for top performers, as implied by Hendricks et al. (1993). Hence, 

they expect investor sophistication to be negatively correlated with convexity. 
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Following a different approach, Lynch and Musto (2003) suggest that the reason for this convexity has 

to do more with investors’ future expectations. They argue that investment companies can exercise an 

option to abandon poorly performing strategies and fire bad managers. Investors may be reluctant to 

sell poorly performing funds expecting a change in management or investment strategy. They hence will 

respond less strongly to lousy performance, leading to the convexity in the flow-performance 

relationship. 

Yet another different approach is pursued by Huang et al. (2007). These authors suggest that 

participation costs incurred by investors and potential investors may also affect the flow-performance 

relationship. They examine two types of participation costs. The first type is related to the information 

cost of collecting and analysing information about a new fund before investing in it. It is associated with 

an investor's familiarity with a fund, which is crucial for investors when making their allocation 

decisions since it helps narrow the variance of their expectation of future fund returns.  These first type 

of participation costs are modelled as a fixed cost faced by investors, which can gather this information 

either by actively or passively (i.e. through advertising or broker recommendations) seeking it. These 

costs are referred to by Sirri and Tufano (1998) as search costs. The second type is related to transaction 

cost of purchasing or redeeming fund shares.  

Huang et al. (2007) test their hypotheses using a sample of actively managed equity funds in different 

investment categories: aggressive growth, growth, and growth and income, for the years 1981 to 2001, 

at the quarterly level. This way, they find that participation costs contribute significantly to the 

previously documented nonlinear flow-performance relationship: in the medium performance range, 

funds with lower participation costs have higher flow sensitivities than their higher-cost counterparts. 

In the high-performance range, however, this relationship may be reversed. Moreover, they find that 

funds with low participation costs attract more flows than funds with high participation costs across the 

entire performance spectrum. This demonstrates the significant effect of participation costs on 

investors’ choice of mutual funds. 

Moreover, Huang et al. (2007) go further into participation costs and consider the effect of time-varying 

information costs. They examine this by comparing the flow-performance relationship over time. It can 

be argued that the overall level of participation costs for investors has declined over time, due either to 

the effort of mutual funds to reduce information barriers in the face of increasing competition by 

educating investors and raising their own visibility or to the increasingly easy access to financial 

information provided by technological advances. 
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Fund characteristics that affect the relationship 

Different studies have focused on how specific fund characteristics may affect this relationship to 

understand this critical relationship further. The features that research has focused on more are the 

ones that expanded below.  

Age of the fund 

The sensitivity of the flows to past performance seems to be different for funds of different ages.  

Chevalier and Ellison (1997) find that for younger funds (2-5 years) performing very poorly (15 or more 

points below the market), funds flow out quickly and the rate at which they do is sensitive to 

performance, that is, the worse it performs, the greater the money outflows. For slightly less disastrous 

results (15 to 8 points below the market), they find that the curve appears to be relatively flat as if the 

fund would attract few or no new investors but managed to retain many of its current ones. At average 

performance levels, the flow is increasing in excess returns. Still, each unit of return's marginal value 

diminishes once the excess return reaches 10 points and then increases sharply for levels above 15 

points. This is consistent with a model in which substantial returns bring higher inflows as the fund 

starts to make annual “best fund” lists, coming to the attention of relatively uninformed investors. For 

older funds (6-11 years), the flow-performance relationship is found to be less sensitive, as outflows do 

not increase sharply at very poor performance levels, but inflows do increase sharply for “best 

performing” funds. Their research also finds that a year’s excess returns have significant effects on the 

following year’s flows and that this effect is smaller for older funds. 

Consistent with Chevalier and Ellison (1997), other authors also find this difference in the sensitivity of 

the flow-performance relationship for younger and older funds (Barber, Odean, & Zheng, 2005; Benson 

& Humphrey, 2008; Ferreira et al., 2012; Renneboog et al., 2011). 

Another feature brought to light by Chevalier and Ellison (1997) is that younger funds tend to engage in 

more risk-taking behaviour than older funds. This may be due to the different sensitivity of flows in the 

flow-performance relationship described above. Younger funds get punished and rewarded more than 

older funds, creating an incentive to take more risk. 

Size of the fund 

Another feature that may affect the flow-performance relationship is the size of the fund. Although this 

fund attribute has not been related directly to the fund-performance relationship in the literature we 

reviewed, several studies have implied how size affects the relationship. 
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Chevalier and Ellison (1997) find that larger funds appear to grow more slowly than smaller funds. This 

is consistent with Renneboog et al. (2011) and Ferreira et al. (2012), who find that smaller funds attract 

a larger percentage of inflows. While analysing the relationship and the incentives it creates, Chevalier 

and Ellison (1997) find that small funds have a higher incentive to increase their portfolio's riskiness at 

the end of the year to take advantage of the flow-performance convexity. They confirm that small funds 

adjust their portfolio's riskiness, and this adjustment is larger for smaller funds. This risk incentive is 

also shown to diminish quickly as fund size rises. Furthermore, Zheng (1999) finds that a portfolio of 

small funds earns the highest abnormal return and that more abnormal returns come from joining the 

positive portfolios than from leaving the negative portfolios. 

Taking these findings together, one might presume that the fund's size is negatively related to the flow-

performance relationship's sensitivity in its top and middle parts. That is, the greater the size, the less 

sensitive is the relation.  

The higher percentage of inflows for smaller funds would justify the larger sensitivity of the relationship 

for the middle and top parts. The lower abnormal returns from leaving the negative portfolios would 

justify the lower sensitivity of the relationship both for smaller and larger funds in the bottom part.  

This combination would justify the larger incentives for smaller firms to increase their portfolio's 

riskiness, as found by Chevalier and Ellison (1997). 

Fund fees 

As for the fund fees, their effect on the flow-performance relationship has not been directly addressed 

in the literature we reviewed. However, we can deduce that this effect exists from studies that relate 

transaction costs, expenses for the investor that we assume have a similar effect than fund fees, to the 

flow-performance relationship. 

Ferreira et al. (2012) find that countries with higher participation costs in the form of higher mutual 

fund transaction costs have greater convexity at the top of their flow-performance relationship. In the 

form of buying and selling funds, these transaction costs also reduce flow sensitivity to mid-range 

performance and increase flow sensitivity to top performance. We can speculate that this might be due 

to expenses cancelling-out possible gains from changing for an average return fund, thus, reducing the 

incentive to do so. At the same time, for the top part, the possible gains of changing might outweigh the 

expenses of doing so, increasing the incentive to do so. 
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Similarly, Sirri and Tufano (1998) look into fund fees and changes in these, and their effects on flows. 

The types of fees they consider in their research are the up-front fees, that is, loads or sales commissions, 

and ongoing fees, which are reflected on the fund’s expense ratio. They calculate total fees as the expense 

ratio plus the up-front load amortized over a seven-year holding period (average holding period for 

equity mutual funds), annualizing the total fees that a new investor would face. Concerning total fees, 

they find that consumers are fee-sensitive, that is, funds with lower fees received more inflows and grew 

faster. They also found that, when funds modify their fees, the flows are inversely related to these 

changes, making funds that reduce their fees grow faster. Consistent with these findings, Renneboog et 

al. (2011) also find that funds with lower fees attract larger inflows. 

Taken together, we can speculate that funds that are average performers want to reduce their total fees 

to become more attractive to investors and obtain higher inflows. At the same time, top-performing 

funds might have the incentive to increase their fees to reduce their inflows to avoid becoming too large 

and suffer from decreasing returns to scale (Berk & Green, 2004). 

Marketing efforts and media attention 

Other aspects of funds that have been shown to affect the flow-performance relationship are fund 

marketing expenses and the funds' media coverage. 

As mentioned earlier in the investor sophistication and behaviour section, marketing efforts affect 

investors' search costs. Sirri and Tufano (1998) find that these costs play an essential role in allocating 

fund flows. While studying how fund fees affect the flow-performance relationship, they realise that 

higher fees are sometimes used for increased marketing efforts. This reduces search costs borne by the 

investor and hence, increases the fund inflows. They argue that although they can´t be sure that all of 

the high-fee funds are high-marketing funds, their results suggest that stronger marketing levels may 

be used in two ways. First, vigorously promoting their product, funds may be able on the one hand to 

increase consumer response to attractive historical performance. On the other hand, the same 

marketing effort could make consumers less sensitive to moderate current performance levels. Their 

results show that the performance-flow relationship is most pronounced among funds with more 

outstanding marketing efforts. 

Similarly, Huang et al. (2007) analyse how marketing expenses affect the different flow-performance 

relationship sections. They find that funds with high-marketing expenses have a stronger flow-

performance sensitivity in the medium performance range than their low-marketing-expenses 

counterparts. In the high-performance ranges, however, the slope for the low-marketing-expenses 
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funds is higher. This means that funds with more significant marketing and distribution efforts enjoy 

greater investor recognition and a lower performance threshold for attracting new investors. A 

moderate performance level is sufficient to attract most investors into these funds, leading to higher 

flow sensitivity in the medium performance range. Conversely, funds with lower marketing expenses 

will start to attract more new investors only as performance improves further, and flows become more 

sensitive to performance only in the superior performance range. 

When it comes to media coverage, Sirri and Tufano (1998) analyse how this might affect the flow-

performance relationship. They conjecture that flows are directly related to the fund's current media 

attention since this lowers consumer’s search costs. Media seem to treat good and bad performers 

equally. They also find that media coverage, including financial press, is higher for larger funds, funds 

with higher fees, and more volatile returns. Additionally, they find that funds that receive greater media 

attention and belong to larger complexes grow more rapidly than other funds. Finally, results also show 

that extreme performance, whether high or low, gets media attention almost at the same rate. With these 

findings, we can see that media coverage cannot be responsible for consumers’ different reactions to the 

top and bottom performers. 

Belonging to a family of funds 

When attending to fund families or complexes, Sirri and Tufano (1998) perform an analysis on how 

belonging to a complex can affect a fund’s flows. They do this from two perspectives:  

Firstly, they analyse the relationship between complexes and flows. They conjecture that funds 

belonging to larger complexes will receive larger inflows due to brand recognition, implying lower 

search costs. Thus, the flow-performance relationship would be stronger for larger complexes. Their 

results show that funds belonging to larger complexes grow more quickly. Surprisingly, results showed 

mixed support for larger complexes enjoying the benefits of lower search costs. This may be consistent 

with larger complexes being more visible or offering additional services to investors (more funds to 

choose from, easiness to switch between funds, etc.).  Also, results do not show that funds in larger 

complexes enjoy a stronger flow-performance relationship in any performance range. 

Secondly, they analyse the relationship of complexes and flows from a media attention point of view. 

They speculate that a fund may benefit from lower search costs due to its belonging to a family complex. 

These funds might enjoy halo effects from other funds in the family that perform well, that is, if a fund 

performs well, the investors will learn not only about the fund but about the whole family. They also 

conjecture that media focusing on the star fund may lead to increased flows for other funds in the family, 
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naming this effect performance spillover. Results show weak evidence that these effects exist, but the 

results are not robust across specifications, and they depend on the performance level used to define 

star fund that might cause the spillover. On the other hand, a large complex with many funds is more 

likely to have a fund fall in the top grouping that a small complex. 

In addition to Sirri and Tufano (1998), Huang et al. (2007) also evaluate how a fund’s affiliation with a 

large family may affect the flows that the fund will enjoy. However, unlike the former, results in their 

research show that affiliation with a large family makes it easier for funds with moderately good 

performance to attract new investors, resulting in a higher flow sensitivity to average performance. This 

may be due to the reduced search costs mentioned earlier and fund families' additional benefits. 

Consistent with this, Renneboog et al. (2011) find that funds belonging to a large fund family attract 

significantly more money flows. They argue that this finding supports the idea that low switching costs 

exist between funds of one family. Affiliation also leads to a reduction in the sensitivity of flows to 

superior performance.  

Huang et al. (2007) also find that funds in families with diverse offerings see their flow sensitivities to 

the mid-range performance increase. Still, they also find that the sensitivity of flows to top-range 

performance tends to be lower for these funds. 

How does this affect the relationship between fund managers and investors? An agency problem. 

As shown above, the flow-performance relation is asymmetric for excess returns and losses. The fact 

that investors seem not to punish bad performers as much as they reward good performers, can induce 

fund managers to take advantage of this. Investors want to maximize risk-adjusted returns, and funds 

and their managers want to increase their profits. The achievement of these two objectives can be 

misaligned, giving way to the agency conflict, which Chevalier and Ellison (1997) analyse in detail.  

Given the structure of management fees in the industry, the flow-performance relationship can be 

thought of as an implicit incentive contract. Mutual funds usually receive a fixed percentage of assets 

under management as compensation. Hence, they will have the incentive to increase the fund's total 

assets, and they would do so by increasing the inflows of capital into the fund. Since flows depend on 

past performance, it is in the fund’s best interest to perform at its best, that is, to obtain the highest 

return possible. To do this, the fund might need to adjust the riskiness of its portfolio. Hence, the 

incentives to alter the portfolio's riskiness are derived from the fact that flows are a nonlinear function 

of calendar year returns (Chevalier & Ellison, 1997).  
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Chevalier and Ellison (1997) find that funds would alter the riskiness of their portfolios towards the end 

of the year. They would “gamble”, increasing the portfolio's riskiness if they were behind the market in 

an attempt to catch up, or they would decrease the riskiness of it if they were slightly ahead. However, 

the strongest incentive found was that of funds that were performing significantly above market average 

to gamble, perhaps in an attempt to make year-end lists of “top performers”. This behaviour is in 

alignment with the incentives created by the flow-performance relationship which can be resumed in 

the following three: (i) if the fund is performing poorly, increasing the risk might help the fund improve 

its performance closer to average market returns and avoid large outflows; (ii) if the fund is performing 

slightly above market average, then decreasing the risk might help “locking-in” these positive results 

and attract some inflows; (iii) if the fund is performing considerably above market average, increasing 

the risk might help the fund make it to “top performers” lists and attract large inflows. 

Chevalier and Ellison (1997) also find that small funds adjust the riskiness of their portfolio in the 

direction of the incentive created by the flow-performance relationship and that the magnitude of the 

response is larger for smaller funds. Also, they find that the estimated response of portfolio risk changes 

to their risk incentive diminishes quickly as fund size rises. 

Consistent with this view, Sirri and Tufano (1998) suggest that the performance-flow relationship 

structure, together with the fund’s compensation scheme in which management fees are a function of 

fund size, gives fund complexes a pay-out that is similar to a call option. If returns are high, funds gain 

assets, and total fee revenue rises, but if relative returns are very low, losses of assets and fees are more 

modest. In turn, this incentivises the funds to increase the variance of their returns, hoping for an 

outstanding return. 

Differences across countries 

So far, most pieces of research on flow-performance that we have encountered focused on either the 

U.S. or the U.K. fund markets. These are traditionally more developed markets, and we can assume that 

investors are probably more sophisticated in these markets than in other markets with less investment 

tradition. 

Ferreira et al. (2012) analyse how the flow-performance relationship varies in different countries. 

In their findings, they analyse the structure of the flow-performance relationship. Consistent with 

Chevalier and Ellison (1997) and Sirri and Tufano (1998), they find that the relationship is non-linear 

for their worldwide sample. When examining the behaviour of the flows across performance range for 

different countries, they encounter that, as for the U.S., the flow-performance relationship has three 
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distinctive parts: a performance-sensitive bottom, a mostly flat middle, and a highly sensitive top. 

However, they also find that some countries have only two parts, suggesting differences across countries 

for this relationship. 

As other authors before (Chevalier & Ellison, 1997; Gruber, 1996), Ferreira et al. (2012) expect investor 

sophistication to be negatively correlated with the flow-performance relationship's convexity. They find 

that investors chase winners less intensely in countries with higher GDP per capita and higher 

education. At the same time, they find that GDP per capita increases the sensitivity of flows to poor 

performance. This is because investors in developed countries are more sophisticated. They also find 

robust evidence that investors in countries with older mutual fund industries buy winners and sell 

losers faster, implying this sophistication. As an ending remark, they state that “Overall, the shape of the 

flow-performance relationship around the world does appear to be determined by levels of investor 

sophistication and participation costs” (Ferreira et al., 2012, p. 1775).  

When analysing how the flow-performance relationship is affected by the age of the funds, Ferreira et 

al. (2012) find that older funds get fewer flows in comparison to younger funds, consistent with 

Chevalier and Ellison (1997) and Sirri and Tufano (1998). 

When analysing how the flow-performance relationship varies with fund size, Ferreira et al. (2012) find 

that larger funds tend to attract fewer flows than smaller funds in their worldwide sample. This is 

consistent with previous findings (Sirri & Tufano, 1998). 

Ferreira et al. (2012) also analyse the effect of fund fees on the flow-performance relationship from a 

multinational perspective. Following the findings made by Huang et al. (2007), they expect that higher 

participation costs play a role in the fund flows, since the higher these costs, the higher the rate of return 

should be before seeing investors switch to a fund. Their findings confirm that countries with higher 

participation costs in the form of higher mutual fund transaction costs have higher convexity for top-

performance range. Additionally, they find evidence that the costs of buying and selling funds reduce 

sensitivity to mid-range performance and increase sensitivity to top performance. 

Another important finding that Ferreira et al. (2012) come across is that international funds, that is, 

funds that invest primarily in stocks of countries different from the country of domicile receive larger 

flows than only local funds. Moreover, results show that the number of countries where the fund is 

distributed enhances its flows. 

When comparing countries, another key aspect analysed by Ferreira et al. (2012) is each country’s laws 

and regulations. Their research finds weak evidence that investor protection affects convexity due to its 
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impact on the middle and top sections of the flow-performance relationship. They speculate that a 

stronger judicial system should imply lower participation costs, increasing the sensitivity of flows in the 

middle section, and reducing the sensitivity of flows the top section, and their results confirm this. 

Ferreira et al. (2012) also examine the effects of convexity on fund risk-taking behaviour. Consistent 

with Chevalier and Ellison (1997), they find that larger and older funds take less risk and respond less 

to convexity changes. They also find evidence that general, and country-level convexity increases risk-

taking behaviour. They conclude that fund managers take more risk in countries with higher levels of 

convexity. 

Smart money effect 

When relating cash flows and performance, a frequently studied feature is the possibility of these flows 

predicting fund performance. The smart money effect is referred to as money flowing into future good 

performers and fleeing from bad performers. 

As mentioned before, investors who pursue good performers are assumed to act rationally (Gruber, 

1996) since recent good performers tend to keep performing well. However, this is speculated to only 

occur in the short-run, and to have its origin in stocks’ momentum (Sapp & Tiwari, 2004). This is 

consistent with Hendricks et al. (1993) who find that only poor performance persists. Taken together, 

it seems ideal and “sophisticated” for an investor to disinvest from poor-performing funds (Ferreira et 

al., 2012) and invest in recent good performers. 

However, the smart money effect does not seem so, since cashflows do not predict good and bad 

performers, but rather money flees from bad performers into recent good performers. Similarly, 

Renneboog et al. (2011) find that no relation exists between past average flows and next month’s return, 

for either conventional funds or SR funds. Also, funds that receive more flows will neither outperform 

nor underperform in the future. 

Flow-performance relationship in SR funds 

Several authors have also studied the flow-performance relationship for SR funds. 

Bollen (2007) studies how the flow-performance relationship is comparing socially responsible funds 

with conventional. Analysing funds between 1991 and 2002, he estimates the volatility of fund flows 

regarding performance. Findings reveal that SR investors move funds into and out of SR funds at a 

slower rate than they do so for conventional funds. The study also discovers that the fund flows’ 

sensitivity to past positive returns is higher in SR funds than in conventional. Conversely, the fund flows’ 
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sensitivity to past negative returns is lower in SR funds than in conventional, consistent with Lapanan 

(2018), finding that SR investors are less likely to sell poor-performing SR funds. Finally, the differences 

between SR and conventional funds found are significant in young and mature funds alike.  

Likewise, Benson and Humphrey (2008) find that fund flows into SR funds are more stable than into 

conventional, suggesting that SRI investors are more likely to reinvest in a fund they know. Also, 

Cashman et al. (2014) find flow persistence into funds and suggest that SRI investors may find it difficult 

to identify alternative SR funds that meet their expectations. The study also finds an asymmetric 

response to positive and negative performance consistent with Sirri’s and Tufano’s (1998) findings. 

Finally, Benson and Humphrey (2008) find that the flow-performance relationship is less sensitive in 

the mid-performance range for SR funds than conventional. The results found in this research are 

broadly speaking very similar to those found by Bollen (2007). 

Renneboog et al. (2011) also find that SRI flows are significantly less sensitive to past negative returns 

than conventional. However, they find that SRI flow sensitivity to positive returns varies across regions. 

A feature to be considered when comparing SR and conventional flow-performance relationship is the 

screening process. Renneboog et al. (2011) analyse how the flow-performance relationship varies in SR 

funds depending on which screens are used in the fund’s portfolio composition. They find that the 

sensitivity of SRI flows to past returns depends on the different types of screens employed. They find 

that social screens induce a weaker relation between inflows and past positive performance. 

Environmental screens, however, induce a more sensitive flow-performance relation to past positive 

returns. Sin/Ethical screens induce a less sensitive relation to past returns, especially to negative ones. 

This feature suggests heterogeneity of investor clienteles for SR funds, which vary across different 

regions. Also, with regards to the intensity of screening, they find that it affects the flow-return relation. 

A higher number of Environmental screens increases the money flows’ sensitivity to positive 

performance. Contrary to this, a higher number of Social screens reduces the sensitivity of money flows 

for both positive and negative performance. 

Reasons for the difference 

The reasons that drive the different behaviour of the flow-performance relationship in SR and 

conventional funds are unclear, but several authors have suggested some. 

Sirri and Tufano (1998) state that selecting an investment comes with a costly search. They suggest that 

investors would invest in those funds that imply a lower search cost for them. Hence, it’s reasonable to 

think that SRI investors may be reluctant to abandon SR funds when they start underperforming. This 
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might be because it is costlier for them to find other SR funds who meet their criteria since they would 

have to research financial and non-financial factors. Moreover, Renneboog et al. (2011) find that SR 

funds that exercise a higher marketing effort obtain larger inflows, suggesting that this costly search 

could be the reason behind this difference between SR and conventional funds. 

On the contrary, Bollen (2007) suggests that this can be due to socially responsible investors being more 

loyal to SR funds because they derive non-financial utility from their investment.  

3.8 Investor loyalty in SR funds 

An interesting feature observed in the literature review is investors withdrawing their money at a 

slower rate from SR funds than they do so from conventional funds when the funds' performance is not 

adequate. Geczy et al. (2005) find evidence of this for the period 1999-2001. 

There are several features of the sensitivity of flows to fund performance that could be related to 

investor loyalty. 

Benson and Humphrey (2008) compare the fund flow volatility and the flow-performance relation for 

SR and conventional funds. They find that SRI investors seem less concerned with current performance 

since the sensitivity of flows is lower for SR funds. 

Similarly, Bollen’s (2007) results show that the flow-performance sensitivity for SR funds is higher for 

lagged positive returns, and lower for lagged negative returns, than for conventional funds. Likewise, 

Renneboog et al. (2011) discover that SRI flows are less sensitive to past negative returns. However, 

they find that the sensitivity of flows to positive returns is more variable over different regions. 

Benson and Humphrey (2008) find that SRI flows are more persistent, i.e. SRI investors being more 

likely to reinvest in a fund they already hold. 

Peifer (2014) criticises these studies because they focus on fund-level analysis, thus ignoring investor-

level behaviour, and therefore being unable to determine why SRI assets are more stable. He evaluates 

dual investors, who invest in SR and conventional funds, finding that these investors were less likely to 

sell their SR funds than their conventional due to past negative returns. This once more suggests that 

investors are more loyal to their SR funds. Additionally, he also tries to address why these investors are 

more loyal to their SR funds, finding that investors knowing about the funds’ screening processes drives 

fund loyalty. Finally, investor beliefs in SR fund returns affect the probability of being loyal. Those who 

believe they are getting lower returns than average will have a slightly lower probability of being loyal 
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than those who think they are getting average returns. Contrary to this, those that believe that are 

getting higher returns are not more or less loyal than the benchmark. 

3.9 Branding, ratings and impact on flows 

Creating a socially responsible portfolio requires additional information search by investors compared 

to creating a conventional one.  Besides, access to the information needed to evaluate the investment on 

ESG criteria is limited, for example, due to lack of legal reporting requirements or recognised third-party 

certifications. By extension, this means that it is a challenging strategy to systematically pursue outside 

investment funds, which creates an environment of information asymmetry between managers and 

investors. Individual investors seem to be aware of this and tend to mistrust investment funds that say 

they follow SRI strategies (Gutsche & Zwergel, 2020). There is a risk that managers can attempt to 

attract additional investors by changing superficial traits of their funds related to branding, for example, 

the name, without significantly altering the composition of their portfolios or their investment 

strategies. Therefore, whether this risk materialises and whether the investors’ behaviour expressed in 

the flows is affected by such plays or rather shaped by underlying sustainability-related attributes, are 

vital issues to be examined in this section. 

Cooper, Gulen and Rau (2005) show that investors in mutual funds are not only sensitive to name 

changes; they can also be deceived by them. The authors analysed a sample of 296 US mutual funds that 

changed their names to include references to a particular investment style over the period from 1994 

to 2001. Hitherto struggling funds that changed their names to contain references to a fashionable 

investment style, for example, “Value” or “Growth”, received additional inflows afterwards despite no 

improvement in financial performance, especially if the rebranding was accompanied by high marketing 

spending. Surprisingly, the managers of the majority of the funds in the sample were able to realise the 

gains from increased inflows without modifying their holdings to reflect the style mentioned in the new 

name. In other words, they were able to exploit the investors’ irrational reaction to cosmetic changes.    

SRI's fast growth as a market segment in recent years may have created incentives for managers to 

repurpose existing conventional funds by changing their strategies to more sustainable ones. For fund 

families facing the alternatives of launching new funds or transforming existing ones, the latter option 

is cheaper, faster and allows greater flexibility in shifting capital. El Ghoul and Karoui (2020) explore 

this issue by examining the process of “greening” fund names, i.e. changing them to sound more 

sustainable. In doing that, they extend Cooper’s et al. (2005) study into an SRI context. Using a sample 

of US domestic mutual funds, authors find that during the period 2003-2018 28 funds greened their 

names and that “the most frequent name changes include the words ‘sustainable’, ‘ESG’, ‘green’, and 
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‘impact’” (El Ghoul & Karoui, 2020, p. 4). The study's main findings are that the new names have a 

positive effect on inflows after the change. This effect is especially strong if the transformation was not 

only cosmetic, as evidenced by increased trading activity and exposure to MSCI KLD 400 social index. In 

fact, on average, changes in names were not only cosmetic as they involved substantial rebalances of the 

portfolio. The stronger sensitivity to non-cosmetic name changes is a different result than the one 

obtained by Cooper et al. (2005) which could suggest a higher level of sophistication of investors 

interested in SRI or a learning effect due to the time difference between the studies.  Finally, the 

transformed funds remained broadly unchanged regarding exposures to Carhart’s (1997) risk premia 

or the alpha.  

The fact that, contrary to Cooper et al. (2005), the funds studied by El Ghoul and Karoui (2020) generally 

adjusted their portfolios to reflect their new names suggests that SRI can go beyond being a branding 

exercise. Benson, Brailsford and Humphrey (2006) observe that SR funds they studied had significantly 

different exposures, measured by the betas, to the telecom and utilities industries. Therefore, a similar 

financial performance to conventional funds is achieved through a different investment strategy, which 

provides evidence that SRI is not just a marketing ploy. Kempf and Osthoff  (2008) test whether funds 

that self-state SRI objectives are “conventional funds in disguise”. This suspicion is motivated by the 

previously discussed dissonance between the financial theory suggesting that SRI-related restrictions 

should lower risk-adjusted returns, and the empirical observations, which do not corroborate this 

hypothesis. However, in a sample of US equity mutual funds observed over the period 1991-2004, Kempf 

and Osthoff (2008) find that SR funds have significantly higher rankings in all ethical criteria considered 

when compared to conventional funds. Crucially, the results stay the same throughout the year, which 

means that the high ethical ratings cannot be attributed to year-end window dressing that serves to 

attract new clients. 

However, Barber et al. (2005) argue that investors’ decision to purchase a given fund is influenced by 

attention-grabbing information, such as past performance, marketing activities and fees. In comparison, 

information on exposures to a given sustainability-oriented index or particular industries appears to be 

more complex and difficult to internalise. Hence, it is interesting to look at the role of ratings, which can 

simplify the information search process.  An example of this is the  Morningstar Sustainability Rating, 

released in 2016, which collates sustainability-related information and presents them in an easy to 

understand score out of a 100 and a relative rating of 1 to 5 globes that allows for quick comparison 

between funds. While this is quite a new measure, studies conducted by Ammann, Bauer, Fischer and 

Müller (2019) and Hartzmark and Sussman (2019) suggest that they are salient to investors and have a 

real impact on mutual fund flows. The introduction of the ratings was a shock to the availability of 
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sustainability information and created a natural experiment opportunity. As a result, high-rated funds 

received larger net inflows than average-rated funds in the first year following the rating's introduction, 

with the converse being true for low-rated funds. The fact that these flows occurred without any other 

changes to performance or costs of holding these funds signifies that investors, especially retail, reacted 

to the increased availability of sustainability information and that their decisions are not always 

influenced by only pecuniary motives (Ammann et al., 2019; Hartzmark & Sussman, 2019). 

To sum up, while investors generally react to superficial features of mutual funds such as their names, 

the risk of SR funds being conventional funds in disguise appears to be low. On top of that, investors 

who value the non-financial attributes of investment funds appear to be more sophisticated in their 

choices and are supported by a growing body of easily accessible sustainability information to rely on 

apart from branding. We believe it would be valuable to explore the interplay between the effects of 

branding and sustainability ratings on mutual fund flows further, for example, by looking at the 

differences in the impact of those ratings on investors' behaviour in conventional versus SRI-branded 

funds.  

3.10 Studies on the effects of previous crises on mutual funds 

As mentioned previously, the prevailing view in the literature is that SR funds display financial returns 

comparable to conventional funds. This, in itself, should be enough to induce investment from 

individuals and organisations who receive positive utility from allocating their money in line with their 

values. However, looking only at the long-term comparative performance of SR and conventional funds 

can hide differences, which only come to light at specific times in the market cycle and could influence 

more profit-oriented investors' behaviour. For example, Wang, Watson and Wickramanayake (2018) 

found that the behaviour of investors proxied by net flows was materially different during the global 

financial crisis of 2007-2008. Investors generally withdrew their capital from funds, especially the 

riskier ones, and the flow-performance relationship temporarily became less convex. There is evidence 

that companies with strong corporate social responsibility practices’ stocks are more resilient to price 

crash risk (Kim, Li, & Li, 2014). Given that SR funds seek to have such companies represent the majority 

of their portfolios, a possible reason why some investors decide to place their capital with them could 

be that they offer protection from downside risk in stressed markets conditions when conventional 

funds struggle.  

A small but growing body of literature examining the financial performance of SR funds during times of 

market stress has been emerging since the Great Financial Crisis. A key paper in the field by Nofsinger 

and Varma (2014) asks whether SR funds dampen downside risks for investors in market crises. To 
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answer this question, they analyse data on US domestic equity mutual funds from 2000 to 2011, which 

includes the bursting of the dot-com bubble and the Global Financial Crisis. Nofsinger and Varma (2014) 

find that SR funds outperform matching conventional funds in periods of market stress, while the 

converse is true under normal conditions. Positive-screening funds drive this asymmetry as negative-

screening funds do not outperform in crises. After controlling for a set of fund-level portfolio variables, 

the authors find that the ESG attributes of funds drive the results. They conclude that the popularity of 

SR funds might lie in their role as insurance, for which investors pay a premium in the form of lower 

relative returns in good times and reap the benefits in bad times.  

Nofsinger and Varma’s (2014) work was followed up by Becchetti, Ciciretti and Dalo (2015), who 

extended the time range to encompass the period 1992-2012 and increased the base sample size to 

22,000 US mutual funds. After creating a matched sample of SR and conventional funds, similarly to 

Bollen (2007), they set out to answer whether SRI implies a loss of risk-adjusted return measured by 

Jensen’s alpha. Findings of Becchetti et al. (2015) are in line with Nofsinger’s and Varma’s (2014). While 

neither group is clearly dominant over the entire period sample and the winning side switches several 

times, SR funds clearly show superior performance during the Global Financial Crisis, albeit not at the 

time of the Dot-Com crash.   

Several other academic papers provide supportive evidence for the hypothesis that stocks of companies 

known for their socially responsible practices, and by extension mutual funds that invest in them, tend 

to perform better than the market at the bottom of the business cycle. For example, Paul (2017) studies 

the effect of macroeconomic conditions on SR funds and finds that they preserve value during economic 

contraction rather than adding value during growth periods. She attributes this difference to the 

superior insight of the managers’ that can be obtained by carefully screening possible portfolio 

companies on financial and ethical criteria. This allows them to identify attractive investment 

opportunities in innovative or not-yet-recognised stocks, something relatively more valuable during a 

downturn compared to a bull market when less attention is paid to fundamentals. Outside of the US, 

socially responsible investment appears to have delivered superior returns relative to the market 

during the Global Financial Crisis in Japan (Nakai, Yamaguchi, & Takeuchi, 2016), Spain (Ruiz-Palomino, 

Del Pozo-Rubio, & Martínez-Cañas, 2015) and the UK (Wu, Lodorfos, Dean, & Gioulmpaxiotis, 2017). 

However, the view that SR funds can act as insurance for investors in time of crises is not without 

question. In contrast to Nofsinger and Varma (2014), Leite and Ceu Cortez (2015) do not find evidence 

that French SR funds provide additional downside risk protection compared to matched conventional 

funds. In fact, SR funds studied severely underperformed their conventional peers in non-crisis times 

and only matched their performance during downturns. While this is a similar pattern to the one found 
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by the authors mentioned above, it does not imply that investors should commit capital to SR funds if 

they seek to insure their portfolios against market crashes. Rather than only looking at the financial 

returns, Leite and Ceu Cortez (2015) also compare the investment styles and managerial capabilities of 

SR and conventional funds. Interestingly, while SRI managers appear to invest differently and to be 

worse at stock-picking and timing the market during good economic states, their style and abilities align 

with those of their conventional peers in bad economic states. This result stands in opposition to the 

arguments of Paul (2017). While it could be argued that these results are due to a relatively small sample 

size of 74 French SR funds, a study by Silva and Ceu Cortez (2016) that covers European and US green 

funds reaches similar conclusions. Although US funds do so to a lesser degree than European ones, funds 

in both regions underperform the benchmark. An important contribution of the paper by Silva and Ceu 

Cortez (2016) is the additional consideration given to the problem of identifying “green funds”. It is 

addressed by collecting data on whether funds have third-party certifications that confirm their green 

credentials, for example, UNPRI or EuroSIF Transparenzlogo.  Fewer funds are exhibiting negative 

returns during crises within the certified group than in the general population of green funds.  

Overall, the academic consensus seems to be that SR funds show different patterns of returns depending 

on the stage of the business cycle, leaning towards relatively better performance in bad times. The jury 

is still out on whether this implies that they can outperform conventional funds at the bottom of the 

cycle and offer downside protection to investors. However, what seems to be mostly absent in this 

strand of literature is any consideration of the impact of market crises on SR funds’ flows. Both of these 

areas warrant further examination, especially in the context of the ongoing economic downturn caused 

by the Covid-19 pandemic.  
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4. Methods 

4.1 Recap of the methodology 

In chapter 2, we presented the broad strokes of our methodology and found it to be relatively close to 

the established practices in financial research. We clarified our philosophical views and elected to take 

a deductive perspective on the generation of theory with its focus on formulating testable hypotheses 

based on pre-existing research and theory. Finally, we designed our research project as a monomethod 

quantitative observational study using longitudinal data from secondary sources. In this chapter, we 

will uncover the innermost layer of Saunders et al.’s “research onion” (2008), namely the techniques 

and procedures we will use for the analysis of data and reaching conclusions based on the results. The 

core of this chapter is devoted to the concept of hypothesis testing and our approach of doing it through 

the estimation of coefficients with regression analysis and testing their statistical significance. This will 

be followed by a short discussion of some of the challenges that come with using these research methods 

along with the measures we adopted to try to overcome them. The chapter will conclude with a 

description of the software we used for the econometric part of our thesis.  

4.2 Hypothesis testing 

According to Stock and Watson (2015), hypothesis testing is a procedure in which data is used to 

compare a hypothesis to be tested, called the null hypothesis, to a second alternative hypothesis that 

holds if the null does not. The null hypothesis is that the population mean, 𝐸(𝑌), takes on a certain value: 

𝐻0: 𝐸(𝑌) = 𝜇𝑌,0 

Depending on whether a two-sided or a one-sided test is chosen, the alternative hypothesis will be that 

the population mean is not equal to or greater/lower than the postulated value. Based on the strength 

of empirical evidence, the null hypothesis may be rejected in favour of the alternative or fail to be 

rejected pending further evidence.  The strength of the evidence is evaluated based on the significance 

probability, known as the p-value, which is “the probability of drawing a statistic at least as adverse to 

the null hypothesis as the one you actually computed in your sample, assuming the null hypothesis is 

correct” (Stock and Watson, 2015, p.118). With a low p-value, for example below the commonly used 

threshold of 5%, it can be reasonably concluded that the null hypothesis is rejected in favour of the 

alternative. Computing the p-value in small samples is complicated and requires knowledge about the 

exact sampling distribution of the sample average �̅�. However, in large samples such as ours, the central 
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limit theorem states that the sampling distribution of �̅� is well approximated by the normal distribution. 

This makes it possible to compute the p-values relatively easily.  

When the sample size is large, the p-value can be calculated using the following formula:  

p-value = 2Φ(−|𝑡𝑎𝑐𝑡|) 

where Φ is the cumulative standard normal distribution and |𝑡𝑎𝑐𝑡| is the absolute value of the t-statistic 

computed from the data.  

In turn, the t-statistic is computed as follows:  

𝑡𝑎𝑐𝑡 =  
�̅�𝑎𝑐𝑡 − 𝜇𝑌,0

𝑆𝐸(�̅�)
 

where �̅�𝑎𝑐𝑡 is the sample average actually computed, is the population mean under the null hypothesis, 

and 𝑆𝐸(�̅�) is the standard error of �̅�, an estimator of the standard deviation of �̅�. 

As can be seen from the above, testing a hypothesis is, in practice, a matter of formulating a null 

hypothesis and then computing the p-value using two inputs: the sample average and its standard error. 

This approach can be naturally extended to regression analysis, which is an econometric technique that 

we will use to estimate the effect that financial performance and sustainability ratings have on the flows 

of conventional and socially responsible mutual funds.  

4.3 Regression analysis 

A linear regression model postulates a linear relationship between one or more independent variables 

X and the dependent variable Y. The slope of this line is the effect on Y of a unit change in X. The intercept 

and the slope of the line must be estimated empirically from the data. The most commonly used 

estimator is the ordinary least squares (OLS) estimator, which minimises the distance of the line to every 

data point, with the distance measured as the sum of the squared differences between each data point 

and the line fitted through them. The goodness of fit can be assessed through R2 and adjusted R2. Both 

measures are related to the fraction of variance of the dependent variable, but adjusted R2 is deflated to 

account for an automatic increase in R2 when additional explanatory variables are added to the model 

(Stock and Watson, 2015). 

If a regression model incorporates more than one independent variable Xk as a regressor, then it is 

possible to estimate the effect that Xk has on the dependent variable Y holding constant the other 
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regressors. In this case, the coefficient on Xk is the partial effect of a unit increase in Xi on Y. A generalised 

multiple regression model with k regressors and n observations of the dependent variable is 

represented by the following formula: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋1,𝑖 +  𝛽2𝑋2𝑖 + ⋯ + 𝛽𝑘𝑋𝑘,𝑖 + 𝑢𝑖, 𝑖 = 1, … , 𝑛, 

where 𝑌𝑖  is the ith observation of the dependent variable, 𝛽0is the intercept of the line, 𝑋1,𝑖 to 𝑋𝑘,𝑖 are the 

independent variable or the regressors,  𝛽1 to 𝛽𝑘 are the slope coefficients or the partial effects of change 

in one of the regressors on the dependent variable, and  𝑢𝑖 is the error term.  

Regression models can also be non-linear, as will be the case with models utilised in this thesis. The way 

this will be done is through the inclusion of interaction terms, that is products of some of the 

independent variables. Inclusion of an interaction term that involves two binary variables allows for 

different intercepts of the regression line depending on which group in the sample does the given data 

point belong to. An interaction term between a binary and a continuous variable allows for different 

slopes of the regression line (Stock and Watson, 2015). The usage of interaction variables will be key in 

testing the hypothesis concerning the differences in the effect of financial performance and 

sustainability ratings on fund flows, depending on whether a fund is conventional or socially 

responsible.  

Given the fact that the sampling distribution of coefficients obtained from OLS regression is normal in 

large samples, the general approach of hypothesis testing presented above can be extended to testing 

hypotheses concerning the true value of the effects of regressors on the dependent variable (Stock and 

Watson, 2015). In other words, it is a matter of computing the relevant standard errors, t-statistics and 

p-values and then comparing the p-values to the chosen significance level. The key here is to calculate 

the correct value of the standard error, with the approach depending on whether the error terms are 

homoscedastic or heteroskedastic. Stock and Watson (2015) argue that in most econometric problems 

it is unlikely that the variance of the error term does not depend on the value of the regressors and it is, 

therefore, more prudent to use heteroskedasticity-robust standard errors. This is the approach that we 

follow in our thesis and the standard errors reported in the regression outputs in chapter 7 are all 

heteroskedasticity – and autocorrelation-robust (HAC).  

4.4 Challenges to causal inference in observational studies 

Estimating causal effects is especially difficult in observational studies because, unlike with 

experiments, the researcher has no control over the treatment effect, and it cannot be randomly 
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assigned. As a result, the estimated effect can suffer from bias. Two significant sources of bias that can 

affect observational studies are selection bias and omitted variable bias. The former occurs when the 

entities studied are different from the wider population or when there are significant differences 

between the treatment and the control group apart from the application of the treatment. While these 

differences can be controlled for in a regression, this leads to the problem of omitted variable bias. In 

other words, if some unobserved variable that we fail to control for is correlated with the other variables 

in the regression and also has a causal impact on the dependent variable, then the resulting estimates 

will be biased, possibly even leading our estimates to have an opposite sign compared to the actual 

population effect (Nichols, 2007)    

We identified two possible techniques that we could use to reduce the extent of selection and omitted 

variable bias in our analysis. The first, and the one that we will primarily use in our study, is to use 

matching. This approach involves pairing up the observations in the treatment and the control groups 

based on some observable criteria (Nichols, 2007). The objective is to minimise the differences between 

the two groups and simulate an experimental setting with random assignment to groups. In the context 

of this thesis, we treat socially responsible funds as the treatment group, and we assign several matching 

conventional funds to the control group based on a method similar to Bollen (2007), which will be 

elaborated in the next chapter.   

The other approach that can strengthen causal inference in the presence of omitted variable bias is to 

use panel methods (Stock & Watson, 2015). Observing each entity at several points in time makes it 

possible to control for unobserved omitted variables as long as those omitted variables do not change 

over time. We will utilise a panel regression with entity- and time-fixed effects in the robustness testing. 

This will eliminate omitted variable bias arising both from unobserved variables that are constant over 

time but differ from entity to entity and unobserved variables that are constant across entities we study 

but change over time.   

4.5 Robustness testing 

Robustness testing allows researchers to evaluate the stability of their findings in the face of a change 

in the specification of the model used to estimate the effects studied (Neumayer & Plumper, 2017). In 

this thesis, we intend to test our finding by modifying our model across two possible dimensions. Firstly, 

we will check how sensitive our results are to the sample we used. We will do that by modifying our 

base sample, either by excluding institutional funds, whose investors might have different goals 

compared to the clientele of retail-oriented funds, as well as by aggregating individual share classes into 

larger funds. The details of this process will be described in chapter 6 when we discuss our data. The 
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second dimension of robustness testing will involve changing the specification of our regressions. While 

the focus of our analysis will be on a model involving a matched sample of conventional and socially 

responsible funds, we will provide an alternative by re-estimating the models using a panel data 

regression with entity- and time-fixed effects.  

4.6 Software 

The vast majority of data cleaning, exploring and analysis required for this thesis was done in R, a 

programming language and free software environment for statistical computing and graphics supported 

by the R Foundation for Statistical Computing (R Core Team, 2020). We chose it as our tool because it is 

publicly available without any cost, we had been introduced to it during our study programme, and it is 

easily extended with a number of useful packages. The most important packages we used in our work 

were Tidyverse (Wickham et al., 2019), which we used to prepare the data we collected for analysis, 

Sandwich (Zeileis, Köll, & Graham, 2020) that allows for computing robust standard errors, plm 

(Croissant & Millo, 2008) used in panel data regression in robustness testing and stargazer (Hlavac, 

2018), which created the summary statistics and regression output tables seen in chapters 6 and 7. Only 

the charts presented in Figures 3–5 were created using Microsoft Excel. 
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5. Research question and hypothesis development 

 

How is the behaviour of investors of socially responsible US open-end equity funds’, as revealed by 

fund flows, affected by financial performance and measures of sustainability?  

As mentioned in the introduction, our research question stated above will be addressed through a set of 

sub-questions that will make the assessment of it manageable. These sub-questions, in turn, will be 

analysed through a hypothesis testing procedure for which hypotheses have been developed to address 

each sub-question.  

Sub-questions 

Sub-question 1: Do comparable conventional and socially responsible mutual funds exhibit a different 

flow-performance relationship? 

As mentioned previously, SR and conventional funds are expected to have different sensitivities for their 

flow-performance relationship. Sirri and Tufano (1998) find that flows are sensitive to past annual 

returns. Likewise, Benson and Humphrey (2008) find that flows are sensitive to more recent returns. 

This leads to the following hypothesis development: 

 

Sub-question 2: Do investors show greater loyalty when investing in socially responsible funds, as 

evidenced by the lower sensitivity of flows to underperformance? 

To answer this question, a definition of our understanding of investor loyalty is necessary. Based on the 

literature review, we interpret investor loyalty as investors withdrawing their money from SR funds 

less than from conventional funds when results are below expectations. It is worth noting that investors 

might not react immediately, but with some delay to returns. Hence, we expect the flow-performance 

relationship for recent past returns, i.e. returns occurred in the last 12 months, to be less sensitive for 

SR funds than for conventional.  

𝐻0: A socially responsible fund and a comparable conventional fund have the same sensitivity 

of flows to past and recent returns. 

𝐻1: A socially responsible fund and a comparable conventional fund have a different sensitivity 

of flows to past and recent returns. 
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Our interpretation of loyalty, however, gives birth to different measures of “below expectations”, that 

force us to approach this question from different perspectives. Thus, we have decided to use several 

hypotheses that have similar but different interpretations.  

Firstly, we could interpret “below expectations” as the funds delivering negative returns. We base this 

interpretation on Bollen’s (2007) Benson’s and Humphrey’s (2008) findings regarding the different 

sensitivity of the flow-performance relationship to negative and positive returns for SR and 

conventional funds. This leads to the following hypotheses developed for model 2A: 

 

Secondly, we could interpret “below expectations” as the funds delivering below-average returns. We 

assume that investors use the equity fund universe average return as a simple way to measure how good 

the returns that they’re obtaining are, regardless of the economic cycle. We base this interpretation on 

(i) the three-piece convexity of the flow-performance relationship (Ferreira et al., 2012; Renneboog et 

al., 2011; Sirri & Tufano, 1998); (ii) Benson’s and Humphrey’s (2008) findings regarding the different 

sensitivity of the middle part of the flow-performance relationship for SR and conventional funds; (iii) 

Peifer’s (2014) findings regarding the probability of investors being loyal depending on their 

expectations of their funds’ performance being above or below average. This leads to the following 

hypotheses developed for model 2B: 

 

Model 2A: 

𝐻0: A socially responsible fund has a sensitivity of flows to past negative returns equal to a 

comparable conventional fund. 

𝐻1: A socially responsible fund has a lower sensitivity of flows to past negative returns than 

a comparable conventional fund.  

 

Model 2B: 

𝐻0: A socially responsible fund has a sensitivity of flows to past below-average returns equal 

to a comparable conventional fund. 

𝐻1: A socially responsible fund has a lower sensitivity of flows to past below-average returns 

than a comparable conventional fund. 
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Finally, we could interpret “below expectations” as the funds delivering very poor returns. As mentioned 

earlier, Riedl and Smeets (2017) find that investors expect SRI performance to underperform and that 

regardless of it, they are willing to invest in SRI. Hence, if investors already expect for SRI to 

underperform, it could be argued that “below expectations” regarding SRI implies very poor returns. On 

the other hand, as mentioned by Hendricks (1993), only poor performance persists. Since SRI investors 

are typically more active traders and are more educated (Lapanan, 2018; Riedl & Smeets, 2017), 

presumably they would be aware of this fact and would sell their SR funds faster than conventional 

investors. This is what we would expect to find unless investors would derive some extra utility from 

their SRI investments, which we assume they do, consistent with Bollen (2007). However, this utility is 

conditional, not additive, and hence it does not substitute financial returns. Finally, since the top and 

bottom parts of the relationship are the most sensitive (Ferreira et al., 2012), we will be focusing on 

them. 

Hence, consistent with Bollen (2007), we expect the sensitivity of flows to very poor performance to be 

lower for SR funds than for conventional, which leads to the following hypotheses developed for model 

2C: 

 

Sub-question 3: Is the effect of sustainability ratings on fund flows different for conventional and socially 

responsible funds? 

If investors are concerned about the non-financial attributes of their investment, and the reason for their 

SRI investment being values-driven, then they should be more concerned about the sustainability of the 

assets included in the underlying portfolio rather than the fund being branded as SRI or not. Hence, a 

firm being branded as SRI should not obtain more inflows than a fund not branded as SRI but with a 

comparable sustainability score. However, investors face search costs that could be larger for those who 

invest in SRI (Huang et al., 2007; Sirri & Tufano, 1998), which could lead them to simplify their search 

by relying on the branding of the funds. This leads to the following question: Does branding a fund as 

Model 2C:  

𝐻0: A socially responsible fund has the same sensitivity of flows for bottom performance-

range past returns as a comparable conventional fund. 

𝐻1: A socially responsible fund has a lower sensitivity of flows for bottom performance-range 

past returns than a conventional. 
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SRI result in additional flows compared to a conventional fund with the same sustainability rating? To 

attempt to answer this question, the following hypotheses have been developed: 

 

Sub-question 4: Was the relationship between fund flows and either the financial performance or the 

sustainability ratings of funds, as examined in the previous three sub-questions, significantly disturbed 

by the early 2020 coronavirus-related market crash? 

As mentioned earlier in this research, previous studies have found that SR funds tend to perform better 

than conventional during periods of crisis (Becchetti et al., 2015; Nofsinger & Varma, 2014). In addition, 

Wang, Watson and Wickramanayake (2018) found that patterns of investors’ behaviour expressed 

through flows depend on overall market conditions.  As early 2020 saw the global economy plunge into 

recession due to a global pandemic forcing many countries into a full lockdown, an opportunity to 

extend this research into a new period with a focus on socially responsible funds presented itself. Hence, 

to test whether the flow-performance of SRI and comparable conventional funds is the same during 

periods of economic growth and market stress, the following hypotheses have been developed: 

 

  

 

  

𝐻0: A socially responsible fund and a comparable conventional fund have the same sensitivity 

of flows to their sustainability rating.  

𝐻1: A socially responsible fund and a comparable conventional fund a have a different 

sensitivity of flows to their sustainability rating.  

 

𝐻0: A socially responsible fund and a comparable conventional fund have the same sensitivity 

of flows to past returns or sustainability ratings before and during the early 2020 

coronavirus-related market crash.  

𝐻1: A socially responsible fund and a comparable conventional fund have a different 

sensitivity of flows to past returns or sustainability ratings before and during the early 2020 

coronavirus-related market crash.  

. 
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6. Data and summary statistics 

 

In order to test our hypotheses concerning the determinants of flows of mutual funds empirically, we 

collect data from the Morningstar Direct. This database is one the most widely used in mutual fund 

research, along with CRSP Survivor-Bias-Free U.S. Mutual Fund Database (Elton, Gruber, & Blake, 2001). 

The main advantage of Morningstar Direct is that it allows for the identification of socially responsible 

funds and it provides Morningstar Sustainability Ratings, an easily accessible measure of funds’ 

performance on a combination of environmental, social and governance criteria. A feature of this dataset 

is that mutual funds are disaggregated into individual share classes, which will be discussed later in this 

chapter. 

To support our analysis, we collected data on the following variables for the period from January 2015 

to May 2020: 

 

Table 1: Variables extracted from Morningstar Direct 

The name of a variable in 
Morningstar Direct 

Description 

SecId, FundId 
The unique identifier of a given share class, or a fund 
composed of individual share classes. 

net_assets_share Total net assets of a share class, in dollars. 
Net_Return Monthly return of share class, net of fees, in percentages. 

Socially Conscious 
A dummy variable equal to 1 if share class is categorised 
as investing according to noneconomic guidelines, and 0 
otherwise. 

Morningstar Sustainability 
Rating 

A system of estimating the sustainability of the portfolio 
relative to other funds in the same category, based on the 
ESG ratings of the companies it holds. The rating, most 
often assigned on a monthly basis, can take values of 
bottom (1), below average (2), average (3), above average 
(4) or the high end (5). 
 

Equity Alloc % Long Rescaled 
A percentage of the portfolio’s total net assets allocated to 
equity, published quarterly.  

Inception Date The date when the share class was created. 

Obsolete Date 
The date when the share class was either liquidated or 
merged into a different share class. 
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Apart from the variables that we obtained from Morningstar Direct, our analysis required two additional 

ones that we computed ourselves. The first one is Annual Return (𝑅𝑎𝑖,𝑡) or the return that an investor 

would have obtained if they held fund i for the previous 12 months.  We calculate the annual return 

using the data on monthly returns (𝑅𝑚𝑖,𝑡) according to the following formula:  

𝑅𝑎𝑖,𝑡 = ∏(1 + 𝑅𝑚𝑖,𝑡−𝑛)

11

𝑛=0

 

The fact annual return requires 12 months of returns to be computed means that the first year of our 

sample would not have any values for this variable. Therefore, the regressions presented in the next 

chapter will be based on data from January 2016 to May 2020. The full dataset we extracted, including 

2015, will, however, be used in the matching procedure to provide additional accuracy. 

More importantly, we also calculate monthly net flows for each fund in our dataset, which will be the 

dependent variable in our regression analyses.  To recall from the literature review, net flows of a 

mutual fund i are the difference between the aggregate values of new subscriptions, or investors paying 

money into the fund, and the aggregate value of redemptions, or investors withdrawing money from the 

fund, during a period from t-1 to t.  Stated differently, it is the part of the change in the total net assets 

of a fund between t-1 and t that is in excess of the change caused by the financial performance of the 

fund.  We use the following formula to calculate monthly flows: 

𝐹𝑖,𝑡 =  
𝑇𝑁𝐴𝑖,𝑡 − 𝑇𝑁𝐴𝑖,𝑡−1  × (1 + 𝑅𝑚𝑖,𝑡−1)

𝑇𝑁𝐴𝑖,𝑡−1
 

 

where 𝐹𝑖,𝑡 is the percentage monthly flow of fund i at time t,  𝑇𝑁𝐴𝑖,𝑡 represents total net assets or the 

size of the fund and 𝑅𝑚𝑖,𝑡−1 is the lagged monthly net return. As can be seen above, we divide the dollar 

value of flow in the numerator by the lagged size of the fund in order to obtain flow in percentage terms. 

This is a common practice in studies of mutual fund flows, for example by Sirri and Tufano (1998) or 

Bollen (2007) and it’s justified by evidence that funds tend to grow or shrink in proportion to their initial 

assets (Chevalier & Ellison, 1997). While data on monthly flows is also available from Morningstar 

Direct, we decided to compute them ourselves so that we had control over our dependent variable. 

Another reason was that the flows provided by Morningstar had a higher proportion of missing values 

than our measure of flows obtained from monthly returns and net asset values. 

The initial criteria that were applied to the entire universe of mutual funds listed in the Morningstar 

Direct database included open-end mutual funds domiciled in the US and available for sale there, whose 
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base currency was the US dollar. This resulted in an initial number of 47,699 entities being extracted 

from the database. Subsequently, a series of filters was used to narrow down the sample. The first step 

was to remove all share classes that ceased to exist before the beginning of the time for which we had 

data, that is before 31/01/2015. 

We identified 17,700 share classes in our dataset that had been liquidated or merged into other share 

classes before that date, leaving 29,929 remaining. Another 1500 share classes did not have any 

observations for two key variables – monthly returns and total net assets – that were necessary for 

calculating the flows. Finally, as our analysis focuses on equity mutual funds, we aimed to exclude all 

other types of funds. To do this, we utilise an approach similar to Bollen (2007) by removing from our 

sample all share classes, whose share of equity in the overall investment portfolio had never reached 

the minimum level of 75%. After the application of all these filters, 21,330 share classes remained in our 

dataset. 

As mentioned previously, the funds listed in Morningstar Direct are in reality individual share classes of 

larger mutual funds. Because these share classes exhibit differences in their monthly returns, sizes and 

flows, we will use them as they are in our main analysis. However, they could also differ in ways that we 

failed to observe and control for directly, most importantly, the clientele they target (institutional vs 

retail shares) and the load fees they charge. These features could possibly have an impact on the 

behaviour of investors and bias our results. In order to test the robustness of our results at a later stage, 

we create two separate samples, one composed only of retail-class shares, and the second, in which 

individual share classes are aggregated into larger funds. 

The share classes are assigned to the same aggregate fund if they have the same FundId. In turn, the 

monthly returns, flows and sustainability ratings of the new aggregate are weighted means of the 

individual components, where total net assets are used as weights. The “Socially Conscious” variable is 

coerced to a value of 1 if the assets-weighted share of socially conscious share classes is equal to or 

greater than 0.5, while the inception and obsolete dates are, in turn, taken as the earliest and the latest 

date of any of the individual share classes. The summary statistics describing these alternative samples 

are not presented here but can be found in the appendix. 

Unfortunately, an inspection of the initial summary statistics not reproduced here revealed that our 

primary dataset of 21,330 share classes contained a large number of outliers that could skew the results 

of our analysis, as well as values that should not theoretically be possible, for example values of flows 

that were infinitely large or smaller than -100%. To tackle this problem, we apply two additional rounds 

of data cleaning. Firstly, following Bollen (2007), we remove very small funds from the sample as their 
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behaviour can be quite erratic, especially when expressed in percentage terms as with our definition 

flows. Admittedly, compared to his threshold of $15 million, we apply a much more forgiving filter by 

removing funds that never reached total net assets of $1 million during the time period for which we 

collected data. However, this proved insufficient. A possible explanation for at least some of the 

remaining outliers could be that a merger of two share classes can lead to a sharp spike in total net 

assets and flows for the surviving share class. Unfortunately, while some authors manage to solve this 

issue by subtracting the size of the merged fund from the flows of the fund that absorbs it, they use 

information from the CRSP database. As we do not have access to it and Morningstar does not allow us 

to uniquely identify the pair of share classes involved in the merger, we resorted to a cruder method of 

trimming the top and bottom 2% of observation of total net assets and flows. Finally, we exclude funds 

that did not have at least 24 months of returns for the purpose of the matching procedure, which will be 

discussed later in this chapter.  

The result of this cleaning procedure is our base sample. Cross-sectional summary statistics describing 

this sample can be seen in Table 2. After the application of various filters and removing outliers, our 

base sample consists of 11,459 conventional and 2029 socially responsible share classes. Given the 

longitudinal nature of our dataset, each entity can have between 1 and 65 monthly data points at this 

point, resulting in a very large number of observations for the variables we study. The significantly 

smaller number of observations for the variable “Morningstar Sustainability Rating” is due to the fact 

that it is only present in Morningstar Direct from 31/08/2018.  Even then, some of the funds are only 

rated on a quarterly, rather than monthly basis. We circumvent this issue by replacing missing values of 

the Morningstar Sustainability Rating between two data points with the earlier values. Thus, we assume 

that for funds for which the rating is recorded quarterly, its value does not change intra-quarter. 

A comparison of Panel A and Panel B of Table 2 reveals that conventional and socially responsible funds 

in our base sample are quite similar to each other in terms of size, measured as total net assets, 

percentage flows and age. More pronounced differences can be seen when focusing on financial returns 

and sustainability ratings. Socially responsible funds show higher mean returns combined with a lower 

range between minimum and maximum values. Furthermore, as could have been expected, socially 

responsible funds display a higher mean of Morningstar Sustainability compared to conventional funds. 
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Table 2: Summary Statistics 

Panel A: 
Conventional 
Funds 
(N = 11459)             

Statistic 
Monthly 
Return (%) 

Annual 
Return (%) 

Size 
($Mn) 

Flows 
(%) 

Morningstar 
Sustainability 
Rating 

Age 
(years) 

No. of Observations 638,519 512,470 638,519 638,519 204,588 638,519 

Mean 0.447 5.355 313.333 -0.003 2.927 11.488 

St. Dev. 4.83 12.734 707.074 0.052 1.033 8.556 

Min -65.31 -124.992 0.081 -0.295 1 0 

Pctl(25) -1.51 -2.731 8.474 -0.019 2 5 

Pctl(75) 2.81 13.897 247.344 0.009 4 16 

Max 65.51 185.944 5,841.34 0.311 5 92 

              

Panel B:  
SR Funds 
(N = 2029)             

Statistic 
Monthly 
Return (%) 

Annual 
Return (%) 

Size 
($Mn) 

Flows 
(%) 

Morningstar 
Sustainability 
Rating 

Age 
(years) 

No. of Observations 116,597 94,278 116,597 116,597 41,171 116,597 

Mean 0.531 6.059 320.61 -0.001 3.316 12.163 

St. Dev. 4.761 12.355 726.863 0.05 1.098 9.109 

Min -40.44 -71.855 0.081 -0.295 1 0 

Pctl(25) -1.52 -1.971 9.253 -0.017 3 5 

Pctl(75) 3.03 14.528 249.404 0.009 4 17 

Max 38.24 96.557 5,842.17 0.311 5 96 
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Table 3: Summary Statistics by Year 

            
Panel A: Conventional Funds         

           

Year Number of funds Median Size Average Size Median Age Average Age 

2015 10086 43.8 312.3 8 10.1 

2016 10684 38.2 286.8 9 10.5 

2017 11273 40.7 309.5 9 10.9 

2018 10774 46.5 327.4 10 11.6 

2019 10211 46.3 316.7 11 12.6 

2020 (Jan-May) 9613 44.7 308.3 12 13.3 

            

            

Panel B: SR Funds         

           

Year Number of funds Median Size Average Size Median Age Average Age 

2015 1756 53.8 319.9 9 10.8 

2016 1869 46 290.5 10 11.1 

2017 2001 45.8 312.4 10 11.4 

2018 1954 52.6 328.6 11 12.2 

2019 1933 54.1 334.5 12 13.1 

2020 (Jan-May) 1888 49.6 329.3 13 13.8 

      

 

 

 

As we collect data over a period of several years, it can be worthwhile to inspect the development of key 

metrics over time. Table 3 presents the summary statistics of the base sample year by year. Figure 3 

complements Table 3 by displaying the level of aggregate total net assets of conventional and socially 

responsible funds over time, together with their percentage growth rates. Taken together, they show 

that socially responsible funds are a relatively small portion of the overall open-end equity mutual fund 

universe, both in terms of the number of entities as well as the value of assets under management. 

However, it must be noted that their share continues to grow slowly but steadily. 

Figure 4 and Figure 5 split the growth rates of Figure 3 into their building blocks – the value-weighted 

aggregate monthly returns and aggregate monthly percentage flows.  Figure 3 shows that the overall 

monthly returns of socially responsible and conventional funds match each other very closely during 
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the 4.5 years for which we collected data. This is an unexpected result, especially when viewed in the 

context of an extensive line of academic literature that discusses whether SR funds are capable of 

matching the financial performance of conventional funds. On the other hand, Figure 4 shows that the 

patterns of monthly percentage flows differ widely between socially responsible and conventional 

funds. At several points in our dataset, the direction of flows is opposite, as socially responsible funds 

receive net inflows simultaneously with conventional funds suffering from outflows, and vice versa. 

When the net flows show the same direction for both categories of funds, the magnitude is usually 

different. Most recently, this is the case for April 2020 when, most likely as a reaction to the Covid-19 

market crash, all funds experienced significant net outflows, but socially responsible funds suffered 

much less than conventional ones.  

 

Figure 3: Aggregate net asset values and their monthly  

growth rates 
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Figure 4: Value-weighted aggregate monthly returns 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: Aggregate monthly percentage flows 
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As mentioned in chapter 5, we intend to create a matched sample of conventional and SR funds in order 

to reduce the potential for unobserved differences between entities in our sample leading to biased 

results. To do so, we adapt the matching procedure from Bollen (2007) with slight modifications. Our 

matched sample will consist of socially responsible funds in our dataset as well as a certain number of 

conventional funds that are sufficiently similar to them based on pre-set criteria. To consider a 

conventional fund j to be eligible an eligible match for a socially responsible fund i, it must be no more 

than three years younger or older, as measured by the inception date. While Bollen (2007) further 

restricts the number of possible matches by imposing a criterium that the first and last years in the 

database of funds i and j must be within three years of each other to control for time-series effects, we 

decided that the scope of our sample is too short for these effects to be of much importance. 

After a list of possible matches has been generated, we compute a measure of the distance between a 

given socially responsible fund i and each of the possible matches j according to the following formula:  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑗 = ∑ (
𝛽𝑖,𝑘 − 𝛽𝑗,𝑘

𝜎𝑘
)

23

𝑘=1

+ (
𝑇𝑁𝐴𝑖 − 𝑇𝑁𝐴𝑗

𝜎𝑇𝑁𝐴
)

2

 

 

where  𝛽𝑘 are the risk coefficients from the three-factor model (Fama and French, 1996),  𝜎𝑘  is the cross-

sectional standard deviation of the risk coefficient k,  𝑇𝑁𝐴 is the maximum size reached by the fund 

during its life and  𝜎𝑇𝑁𝐴 is the cross-sectional standard deviation of TNA. Scaling by standard deviation 

normalises the weight placed on each component. 

Matching funds on the risk coefficients derived from the three-factor model is useful because it allows 

us to indirectly control for the differences in portfolio holdings and investment style, which may have 

an effect on the decisions of investors deciding on which mutual fund to choose and therefore on the 

flows. However, the risk coefficients must be first estimated empirically. Recalling from the literature 

review, this essentially involves running separate regressions for every fund in our base sample using 

the following formula: 

𝑟𝑖 − 𝑟𝑓 =  𝛼𝑖 +  𝛽𝑚𝑎𝑟𝑘𝑒𝑡(𝑟𝑚𝑎𝑟𝑘𝑒𝑡 −  𝑟𝑓) +  𝛽𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝐻𝑀𝐿𝐻𝑀𝐿 

 

re 𝑟𝑖 is the net return of fund i, 𝑟𝑓 is the risk-free rate, specifically the return on 1-month US T-bills, 

𝑟𝑚𝑎𝑟𝑘𝑒𝑡 is the return on the market portfolio, 𝑆𝑀𝐵 is the return of a portfolio of small-cap stocks minus 

the return of a portfolio of large-cap stocks, and HML is the return of a portfolio of stocks issued by 
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companies with a high book-to-market value minus the return of a portfolio of stocks issued by 

companies with a low book-to-market value. We obtain the time series of the three factors and the risk-

free rate from Kenneth R. French’s website.1 As mentioned earlier, we eliminate from our sample funds 

that did not have at least 24 months of returns in order to accurately estimate the risk coefficients.  

 The summary statistics describing the results of these regressions are presented in Table 4: 

 

Table 4: Fund Characteristics 

Listed are values of the 25th, 50th, and 75th percentiles of the cross-sectional distribution of OLS adjusted R2 and 
parameter estimates of a regression describing the portfolio composition of two samples of equity mutual funds 
taken from the Morningstar Direct database. "SR" refers to those funds identified as socially responsible by 
Morningstar. "Conventional" refers to all other equity funds.  

Panel A: Conventional Funds  
(N = 11459) R2 𝛼 𝛽market 𝛽SMB 𝛽HML 

25th 0.776 -0.413 0.825 -0.100 -0.095 

50th 0.922 -0.234 0.938 -0.012 0.040 

75th 0.959 -0.103 1.028 0.206 0.209 

            

Panel B: SR Funds 
(N = 2029) 

          

25th 0.767 -0.413 0.852 -0.144 -0.133 

50th 0.917 -0.207 0.940 -0.044 0.021 

75th 0.962 -0.057 1.014 0.161 0.190 

            

Panel C: Difference in Means           

Conventional 0.842 -0.269 0.920 0.090 0.053 

SR 0.847 -0.230 0.932 0.050 0.011 

Difference 0.005 0.039 0.012 -0.040 -0.042 

p-value 0.210 0.000 0.001 0.000 0.000 

      

 
1 https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
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The results in Table 4 show that the three-factor model is quite good at explaining the excess returns of 

both categories of mutual funds, as it predicts over 80% in the variation of returns. Statistically 

significant differences can be seen between the mean values of the alpha and the risk coefficients of 

conventional and socially responsible funds. Specifically, socially responsible funds in our sample are 

characterised by a higher alpha, albeit still negative, which indicates that they are obtaining better risk-

adjusted returns than conventional funds. Turning to risk coefficients, socially responsible funds display 

greater exposure to the market portfolio and smaller exposures to both the small-minus-big and high-

minus-low factors. This indicates that, compared to conventional funds, their portfolios are more 

exposed to the overall market portfolio, to large companies and to growth stocks. 

Based on this, we can conclude that socially responsible and conventional funds in our sample have 

different investment styles and portfolios, at least on an aggregate basis. This justifies the use of the 

matching procedure to account for these differences. An alternative specification, utilising a panel data 

regression done on the entire base sample with the addition of entity- and time-fixed effects will be 

explored as part of the robustness testing later on. 

Having estimated the coefficients required for the matching procedure, we carried on with computing 

the distance between socially responsible and conventional funds according to the formula specified 

previously.  We matched each socially responsible fund with three eligible conventional funds with the 

shortest distance. In some cases, a conventional fund could be found on the list of three closest matches 

for more than one socially responsible fund. Whenever that is the case, we remove the duplicates so that 

each fund in our final matched sample is unique. 

Table 5 presents the summary statistics of our matched sample. It consists of 2029 socially responsible 

funds that we began with and 3720 matched conventional funds. A comparison with Table 2 reveals that 

the matched conventional funds show returns as well as sustainability ratings that are closer to socially 

responsible funds. With the matching procedure appearing to have been a success, we will proceed to 

use this matched sample in the regression analysis in the next chapter.  
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Table 5: Summary Statistics – Matched Sample 

              
Panel A: 
Conventional 
Funds 
(N = 3720)             

Statistic 
Monthly 
Return (%) 

Annual 
Return (%) 

Size 
($Mn) 

Flows 
(%) 

Morningstar 
Sustainability 
Rating 

Age 
(years) 

No. of 
Observations 208,849 167,929 208,849 208,849 68,291 208,849 

Mean 0.495 5.774 360.244 -0.003 3.018 11.997 

St. Dev. 4.672 12.322 786.099 0.05 1.02 9.238 

Min -47.01 -86.421 0.081 -0.295 1 0 

Pctl(25) -1.51 -2.369 10.111 -0.018 2 5 

Pctl(75) 2.91 14.311 291.587 0.007 4 17 

Max 43.96 113.032 5,841.34 0.311 5 92 

              
Panel B:  
SR Funds 
(N = 2029)             

Statistic 
Monthly 
Return (%) 

Annual 
Return (%) 

Size 
($Mn) 

Flows 
(%) 

Morningstar 
Sustainability 
Rating 

Age 
(years) 

No. of 
Observations 116,597 94,278 116,597 116,597 41,171 116,597 

Mean 0.531 6.059 320.61 -0.001 3.316 12.163 

St. Dev. 4.761 12.355 726.863 0.05 1.098 9.109 

Min -40.44 -71.855 0.081 -0.295 1 0 

Pctl(25) -1.52 -1.971 9.253 -0.017 3 5 

Pctl(75) 3.03 14.528 249.404 0.009 4 17 

Max 38.24 96.557 5,842.17 0.311 5 96 
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7. Analysis 

7.1 Research results 

In his section results for each pair of hypotheses are presented. It is vital to mention that, for all the 

models studied, the dependent variable is fund flows, and that the method chosen to test our hypotheses 

was a two-sided t-test, except for specifications 3 and 4, for which a one-sided t-test was employed. 

7.1.1 Sub-Question 1 

As Benson and Humphrey (2008) mentioned, several authors have found that both past and recent 

performance affect fund flows (Cashman et al., 2014; Sirri & Tufano, 1998) and that they do so 

differently for SR and conventional funds. Thus, we model fund flows as a function of the fund’s annual 

returns and current and past monthly returns. Age and size are included as control variables since, as 

detailed in the literature review, these are two factors that condition the flow-performance relationship.  

Precisely, the flow-performance relation for specification 1 is modelled like this: 

𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + 𝛽1𝑅𝐴𝑖,𝑡 + 𝛽2𝑅𝑀𝑖,𝑡 + 𝛽3𝑅𝑀𝑖,𝑡−1 + 𝛽4𝑅𝑀𝑖,𝑡−3 + 𝛽5𝐴𝑔𝑒 + 𝛽6𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼(𝛾1𝑅𝐴𝑖,𝑡 + 𝛾2𝑅𝑀𝑖,𝑡 + 𝛾3𝑅𝑀𝑖,𝑡−1 + 𝛾4𝑅𝑀𝑖,𝑡−3 + 𝛾5𝐴𝑔𝑒 + 𝛾6𝑆𝑖𝑧𝑒𝑖,𝑡−1) + 𝜀𝑖,𝑡 

where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡 is fund i’s 

monthly return at time t, 𝑅𝑀𝑖,𝑡−1 is fund i’s monthly return at time t-1, 𝑅𝑀𝑖,𝑡−3 is fund i’s monthly return 

at time t-3, 𝐴𝑔𝑒 is fund i’s age in years, 𝑆𝑖𝑧𝑒𝑖,𝑡−1 is fund i’s size at time t-1, and 𝑆𝑅𝐼 is 1 for SR funds, and 

0 otherwise. 

The results for this regression are presented in table 6. 

Firstly, results reveal that SRI's coefficient is positive and significant at a 99% confidence level (c.l.). 

They also show that, for both SR and conventional funds, the coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is 

positive and statistically significant at 95% and 99% c.l., respectively. The effect on flows for annual 

returns though is slightly greater for SR funds than for conventional. Results also show that for 

conventional funds the coefficient on current monthly returns, 𝑅𝑀𝑖,𝑡, is positive and significant at a 99% 

c.l. However, since the coefficient on current monthly returns for SRI is not significant, being a socially 

responsible fund obtains no different flows due to this factor than a conventional fund. The coefficients 

on one- and three-month lagged returns, 𝑅𝑀𝑖,𝑡−1 and 𝑅𝑀𝑖,𝑡−3, are insignificant for both SR and  
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Table 6: Results for specification 1 

Conventional funds  SR funds 

 Coefficient Standard Error   Coefficient Standard Error 

Constant, 𝛼 -0.309*** 

 

(0.03)  𝑆𝑅𝐼 0.226*** (0.051) 

𝑅𝐴𝑖,𝑡 0.039*** (0.001)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.004** (0.002) 

𝑅𝑀𝑖,𝑡 0.052*** (0.003)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡 -0.001 (0.004) 

𝑅𝑀𝑖,𝑡−1 0.002 (0.003)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.006 (0.005) 

𝑅𝑀𝑖,𝑡−3 0.005 (0.003)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−3 0.003 (0.005) 

𝐴𝑔𝑒 -0.068*** (0.001)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.012*** (0.002) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.071*** (0.006)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.037*** (0.01) 

Observations 262,207  Residual Std. Error 4.691 (df = 262193) 

R2 0.031  F Statistic 636.413*** (df = 13; 262193) 

Adjusted R2 0.031  Note: *p<0.1; **p<0.05; ***p<0.01 
 

    

 conventional funds. The coefficients on Age and Size are negative and positive, respectively, for both 

conventional and SR funds, and significant at 99% c.l. 

Hence, because the coefficient on SRI and on annual returns are positive and significant, we reject the 

null hypothesis, 𝐻0, and accept the alternative: A socially responsible fund and a comparable 

conventional fund have a different sensitivity of flows to past and recent returns. 

7.1.2 Sub-Question 2 

As mentioned earlier, the complexity of this question required a several-hypothesis approach. For each 

pair of hypotheses, we have modelled a regression. Similar to sub-question 1, the funds’ annual and one-

month lagged monthly returns have been included in this sub-question's specifications. Accordingly, age 

and size are also controlled for in these specifications. 

Model 2A 

Model 2A compares the effect of being an SRI or a conventional fund when the annual and monthly 

returns are negative. Precisely, the flow-performance relation for specification 2 is modelled in the 

following way: 
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𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + (𝛽1 + 𝛽2𝑁𝐸𝐺)𝑅𝐴𝑖,𝑡 + (𝛽3 + 𝛽4𝑁𝐸𝐺)𝑅𝑀𝑖,𝑡−1 + 𝛽5𝐴𝑔𝑒 + 𝛽6𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼[(𝛾1 + 𝛾2𝑁𝐸𝐺)𝑅𝐴𝑖,𝑡 + (𝛾3 + 𝛾4𝑁𝐸𝐺)𝑅𝑀𝑖,𝑡−1 + 𝛾5𝐴𝑔𝑒 + 𝛾6𝑆𝑖𝑧𝑒𝑖,𝑡−1] + 𝜀𝑖,𝑡 

where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡−1 is fund 

i’s monthly return at time t-1, 𝐴𝑔𝑒 is fund i’s age in years, NEG is 1 if the return was negative, and 0 

otherwise, and 𝑆𝑅𝐼 is 1 for SR funds, and 0 otherwise. 

The results for this regression are presented in table 7, below. 

Table 7: Results for specification 2 

Conventional funds  SR funds 

 Coefficient Std Error   Coefficient Std Error 

Constant, 𝛼 -0.514*** (0.035)  𝑆𝑅𝐼 0.148*** (0.06) 

𝑅𝐴𝑖,𝑡 0.048*** (0.002)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.008*** (0.003) 

𝑁𝐸𝐺𝑥𝑅𝐴𝑖,𝑡 -0.022*** (0.004)  𝑆𝑅𝐼𝑥𝑁𝐸𝐺𝑥𝑅𝐴𝑖,𝑡 -0.010* (0.007) 

𝑅𝑀𝑖,𝑡−1 0.043*** (0.005)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 0.002 (0.008) 

𝑁𝐸𝐺𝑥𝑅𝑀𝑖,𝑡−1 -0.077*** (0.008)  𝑆𝑅𝐼𝑥𝑁𝐸𝐺𝑥𝑅𝑀𝑖,𝑡−1 -0.012 (0.014) 

𝐴𝑔𝑒 -0.069*** (0.001)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.011*** (0.002) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.073*** (0.006)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.037*** (0.01) 

Observations 262,207  Residual Std. Error 4.694 (df = 262193) 

R2 0.029  F Statistic 611.105*** (df = 13; 262193) 

Adjusted R2 0.029  Note: *p<0.1; **p<0.05; ***p<0.01 
 

    
 

Results for specification 2A reveal that SRI's coefficient is positive and significant at a 99% c.l. Also, the 

coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is positive and significant at a 99% c.l. both for SR and conventional 

funds. Hence, the effect on flows of this factor is greater for SRI than for conventional. Results also show 

that for conventional funds the coefficient on one-month lagged monthly returns, 𝑅𝑀𝑖,𝑡−1, is also 

positive and significant at a 99% c.l., and that the effect on flows of this factor is not significantly lower 

for SR funds since the coefficient on 𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 is not significant. The coefficients on Age and Size are 

negative and positive, respectively, for both conventional and SR funds, and significant at 99% c.l. 

When returns are negative, the effect on fund flows of annual returns for conventional funds is still 

positive, though smaller than for positive returns. This is so since the coefficient on  
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𝑁𝐸𝐺𝑥𝑅𝐴𝑖,𝑡 is negative but smaller in absolute value than the coefficient on 𝑅𝐴𝑖,𝑡, and is significant at 

99% c.l. SR funds experience a significantly lower effect than conventional funds since the coefficient on 

𝑆𝑅𝐼𝑥𝑁𝐸𝐺𝑥𝑅𝐴𝑖,𝑡 is significant, but only at a 90% c.l. Unlike for annual returns, the effect on fund flows of 

one-month lagged returns when these are negative for conventional funds is negative, since the 

coefficient on 𝑁𝐸𝐺𝑥𝑅𝑀𝑖,𝑡−1 is negative and greater in absolute value than the coefficient on 𝑅𝑀𝑖,𝑡−1, and 

is significant at 99% c.l. On the contrary, the effect of one-month lagged returns when these are negative 

on flows is not significantly lower for SRI from its conventional peers. 

Hence, because the coefficients on past negative returns for SR funds are not significant for a 95% c.l., 

we cannot reject the null hypothesis, 𝐻0: A socially responsible fund has a sensitivity of flows to past 

negative returns equal to a comparable conventional fund.  

Model 2B 

The second model compares the effect of being an SRI or a conventional fund when the annual and 

monthly returns are below average. 

Model 2B compares the effect of being an SRI or a conventional fund when the annual and monthly 

returns are below average. Precisely, the flow-performance relation for specification 3 is modelled in 

the following way: 

𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + (𝛽1 + 𝛽2𝐵𝐴𝑉𝐺)𝑅𝐴𝑖,𝑡 + (𝛽3 + 𝛽4𝐵𝐴𝑉𝐺)𝑅𝑀𝑖,𝑡−1 + 𝛽5𝐴𝑔𝑒 + 𝛽6𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼[(𝛾1 + 𝛾2𝐵𝐴𝑉𝐺)𝑅𝐴𝑖,𝑡 + (𝛾3 + 𝛾4𝐵𝐴𝑉𝐺)𝑅𝑀𝑖,𝑡−1 + 𝛾5𝐴𝑔𝑒 + 𝛾6𝑆𝑖𝑧𝑒𝑖,𝑡−1] + 𝜀𝑖,𝑡 

where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡−1 is fund 

i’s monthly return at time t-1, 𝐴𝑔𝑒 is fund i’s age in years, BAVG is 1 if the return was below average, and 

0 otherwise, and 𝑆𝑅𝐼 is 1 for SR funds, and 0 otherwise. 

The results for this regression are presented in table 8. 

Results for specification 2B show that the coefficient on SRI is positive and significant at a 99% c.l. Also, 

the coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is positive and statistically significant at a 99% c.l. both for SR 

and conventional funds. Hence, the effect on flows of this factor for SRI is greater than for conventional. 

Results also show that for conventional funds the coefficient on one-month lagged monthly returns, 

𝑅𝑀𝑖,𝑡−1, is negative and significant at a 95% c.l., and that the effect on flows of this factor is not 

significantly lower for SR funds since the coefficient on 𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 is not significant. The coefficients  
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Table 8: Results for specification 3 

Conventional funds  SR funds 

 Coefficient Std Error   Coefficient Std Error 

Constant, 𝛼 -0.297*** (0.03)  𝑆𝑅𝐼 0.191*** (0.052) 

𝑅𝐴𝑖,𝑡 0.046*** (0.001)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.008*** (0.002) 

𝐵𝐴𝑉𝐺𝑥𝑅𝐴𝑖,𝑡 -0.025*** (0.002)  𝐵𝐴𝑉𝐺𝑥𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 -0.010*** (0.004) 

𝑅𝑀𝑖,𝑡−1 -0.007** (0.004)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.001 (0.006) 

𝐵𝐴𝑉𝐺𝑥𝑅𝑀𝑖,𝑡−1 0.017*** (0.006)  𝐵𝐴𝑉𝐺𝑥𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.009 (0.009) 

𝐴𝑔𝑒 -0.068*** (0.001)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.012*** (0.002) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.071*** (0.006)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.037*** (0.01) 

Observations 262,207  Residual Std. Error 4.695 (df = 262193) 

R2 0.029  F Statistic 606.730*** (df = 13; 262193) 

Adjusted R2 0.029  Note: *p<0.1; **p<0.05; ***p<0.01 
 

    
 

 on Age and Size are negative and positive, respectively, for both conventional and SR funds, and 

significant at 99% c.l. 

When returns are below average, however, the effect on fund flows of annual returns for conventional 

funds is still positive, though smaller than for above-average returns, since the coefficient on 

𝐵𝐴𝑉𝐺𝑥𝑅𝐴𝑖,𝑡 is negative and significant at 99% c.l. Similarly, SR funds experience a significantly smaller 

effect than conventional funds since the coefficient on 𝐵𝐴𝑉𝐺𝑥𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 is negative and significant at a 

99% c.l. Unlike for annual returns, the effect on fund flows of one-month lagged returns when these are 

below average for conventional funds is positive, since the coefficient 𝐵𝐴𝑉𝐺𝑥𝑅𝑀𝑖,𝑡−1 is positive, larger 

than 𝑅𝑀𝑖,𝑡−1 and significant at a 99% c.l. The effect of one-month lagged returns when these are below 

average on flows is not significantly lower for SRI compared to its conventional peers. 

Hence, because the coefficients on past annual returns when these are below average for SR funds is 

significant and the total effect on flows is lower than for conventional funds, we reject the null 

hypothesis, 𝐻0, and accept the alternative: A socially responsible fund has a lower sensitivity of flows to 

past below-average returns than a comparable conventional fund. 
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Model 2C 

Model 2C compares the effect of being an SRI or a conventional fund when the annual and monthly 

returns are at the bottom of the performance range. Precisely, the flow-performance relation for 

specification 4 is modelled in the following way: 

Precisely, the flow-performance relation is modelled like this: 

𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + (𝛽1 + 𝛽2𝐿𝑆 + 𝛽3𝑊𝑁)𝑅𝐴𝑖,𝑡 + (𝛽4 + 𝛽5𝐿𝑆+𝛽6𝑊𝑁)𝑅𝑀𝑖,𝑡−1 + 𝛽7𝐴𝑔𝑒 + 𝛽8𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼[(𝛾1 + 𝛾2𝐿𝑆 + 𝛾3𝑊𝑁)𝑅𝐴𝑖,𝑡 + (𝛾4 + 𝛾5𝐿𝑆 + 𝛾6𝑊𝑁)𝑅𝑀𝑖,𝑡−1 + 𝛾7𝐴𝑔𝑒

+ 𝛾8𝑆𝑖𝑧𝑒𝑖,𝑡−1] + 𝜀𝑖,𝑡 

where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡−1 is fund 

i’s monthly return at time t-1, 𝐴𝑔𝑒 is fund i’s age in years, , and 𝑆𝑅𝐼 is 1 for SR funds, and 0 otherwise. 

Also, the variables LS and WN were incorporated. LS is 1 if the return was in the bottom 25% of the 

performance range, and 0 otherwise, WN is 1 if the return was in the top 25% of the performance range, 

and 0 otherwise. 

The results for this regression are presented in table 9. 

When returns are not in the top or bottom 25%, but in the middle 50% of the performance range, results 

for specification 2C reveal that the coefficient on SRI is positive and significant at a 99% c.l. Also, the 

coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is negative, and positive for conventional and SR funds respectively, 

and statistically significant at a 99% c.l. in both cases. Results also show that for conventional funds the 

coefficient on one-month lagged monthly returns, 𝑅𝑀𝑖,𝑡−1, is negative and significant at a 99% c.l., and 

that the effect on flows of this factor is significantly lower for SR funds since the coefficient 

on 𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 is significant at a 90% c.l. The coefficients on Age and Size are negative and positive, 

respectively for both conventional and SR funds, and significant at 99% c.l. 

When returns are in the bottom 25% of the performance range, however, the effect on fund flows of 

annual returns for conventional funds is positive since the coefficient on 𝐿𝑆𝑥𝑅𝐴𝑖,𝑡 is larger than the 

coefficient on 𝑅𝐴𝑖,𝑡, and significant at a 99% c.l. On the other hand, we find that the coefficient on 

𝑆𝑅𝐼𝑥𝐿𝑆𝑥𝑅𝐴𝑖,𝑡 is negative and statistically significant at 99% c.l. Similarly, the effect on fund flows for 

one-month lagged returns when these are in the bottom 25% of the performance range, is positive and 

significant at a 99% c.l. for conventional funds, and, that the effect on flows of this factor is not 

significantly lower for SR funds. 
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Table 9: Results for specification 4 

Conventional funds  SR funds 

 Coefficient Std Error   Coefficient Std Error 

Constant, 𝛼 -0.3104*** (0.0305)  𝑆𝑅𝐼 0.2090*** (0.0522) 

𝑅𝐴𝑖,𝑡 -0.4762*** (0.1382)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.4678*** (0.1435) 

𝐿𝑆𝑥𝑅𝐴𝑖,𝑡 0.4994*** (0.1382)  𝑆𝑅𝐼𝑥𝐿𝑆𝑥𝑅𝐴𝑖,𝑡 -0.4676*** (0.1435) 

𝑊𝑁𝑥𝑅𝐴𝑖,𝑡 0.5179*** (0.1382)  𝑆𝑅𝐼𝑥𝑊𝑁𝑥𝑅𝐴𝑖,𝑡 -0.4623*** (0.1435) 

𝑅𝑀𝑖,𝑡−1 -0.0182*** (0.0037)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.0099* (0.0062) 

𝐿𝑆𝑥𝑅𝑀𝑖,𝑡−1 0.0288*** (0.0066)  𝑆𝑅𝐼𝑥𝐿𝑆𝑥𝑅𝑀𝑖,𝑡−1 0.0048 (0.011) 

𝑊𝑁𝑥𝑅𝑀𝑖,𝑡−1 0.0344*** (0.0063)  𝑆𝑅𝐼𝑥𝑊𝑁𝑥𝑅𝑀𝑖,𝑡−1 0.0079 (0.0103) 

𝐴𝑔𝑒 -0.0683*** (0.0012)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.0116*** (0.0022) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.0720*** (0.0058)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.0368*** (0.0103) 

Observations 262,207  Residual Std. Error 4.696 (df = 262189) 

R2 0.029  F Statistic 454.013*** (df = 17; 262189) 

Adjusted R2 0.029  Note: *p<0.1; **p<0.05; ***p<0.01 
 

    

 Hence, since the coefficient on 𝑆𝑅𝐼𝑥𝐿𝑆𝑥𝑅𝐴𝑖,𝑡 is significant, then the total effect on flows of annual 

returns when they are in the bottom 25% of the performance range is greater for SR funds than 

conventional. Thus, we cannot reject the null hypothesis, 𝐻0: A socially responsible fund has the same 

sensitivity of flows for bottom performance-range past returns as a comparable conventional fund. 

7.1.3 Sub-Question 3 

As mentioned earlier, we are interested in the effect that branding a fund as SRI has on its flows. The 

funds’ annual and one-month lagged monthly returns, as well as age and size, have been included in this 

sub-question’s specification as control variables. 

Precisely, the flow-performance relation for specification 5 is modelled like this: 

𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + 𝛽1𝑅𝐴𝑖,𝑡 + 𝛽2𝑅𝑀𝑖,𝑡−1 + 𝛽3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝛽4𝐿𝑂𝑊𝑖,𝑡 + 𝛽5𝐴𝑔𝑒 + 𝛽6𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼(𝛾1𝑅𝐴𝑖,𝑡 + 𝛾2𝑅𝑀𝑖,𝑡−1 + 𝛾3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝛾4𝐿𝑂𝑊𝑖,𝑡 + 𝛾5𝐴𝑔𝑒 + 𝛾6𝑆𝑖𝑧𝑒𝑖,𝑡−1) + 𝜀𝑖,𝑡 
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where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡−1 is fund 

i’s monthly return at time t-1, 𝐴𝑔𝑒 is fund i’s age in years, HIGH is 1 if the sustainability score is either 4 

or 5 Morningstar Globes, and 0 otherwise, and LOW is 1 if the sustainability score is either 1 or 2 

Morningstar Globes, and 0 otherwise. 

The results for this regression are presented in table 10, below. 

Table 10: Results for specification 5 

Conventional funds  SR funds 

 Coefficient Std Error   Coefficient Std Error 

Constant, 𝛼 -0.548*** (0.05)  𝑆𝑅𝐼 -0.028 (0.084) 

𝑅𝐴𝑖,𝑡 0.035*** (0.002)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.001 (0.003) 

𝑅𝑀𝑖,𝑡−1 -0.004 (0.003)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.005 (0.005) 

𝐻𝐼𝐺𝐻𝑖,𝑡 -0.089** (0.041)  𝑆𝑅𝐼𝑥𝐻𝐼𝐺𝐻𝑖,𝑡 0.568*** (0.067) 

𝐿𝑂𝑊𝑖,𝑡 0.033 (0.043)  𝑆𝑅𝐼𝑥𝐿𝑂𝑊𝑖,𝑡 0.156** (0.077) 

𝐴𝑔𝑒 -0.059*** (0.002)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.012*** (0.003) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.114*** (0.009)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.051*** (0.015) 

Observations 108,822  Residual Std. Error 4.569 (df = 108808) 

R2 0.025  F Statistic 213.101*** (df = 13; 108808) 

Adjusted R2 0.025  Note: *p<0.1; **p<0.05; ***p<0.01 
 

     

Results for the specification for sub-question 3 show that the coefficient on SRI is negative insignificant. 

Also, the coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is positive for both SR and conventional funds but is only 

statistically significant at a 99% c.l. for conventional funds. Hence, the effect on flows of this factor for 

SR funds is indifferent from that of conventional. Results also show that the coefficient on one-month 

lagged monthly returns, 𝑅𝑀𝑖,𝑡−1, is negative and insignificant for both SR and conventional funds. The 

coefficients on Age and Size are negative and positive, respectively,  for both conventional and SR funds, 

and significant at 99% c.l. 

When funds obtain a high sustainability score, the coefficient is negative and significant at a 95% c.l. for 

conventional funds. On the contrary, the coefficient is positive and significant at a 99% c.l. for SR funds 

and is much larger than for conventional. 
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When funds obtain a low sustainability score, the coefficient is positive, but insignificant for 

conventional funds. However, the coefficient is positive and significant at a 95% c.l. for SR funds and is 

much larger than for conventional. 

Hence, because the coefficients for high and low sustainability ratings are significant for SR funds, we 

reject the null hypothesis, 𝐻0, and accept the alternative: A socially responsible fund and a comparable 

conventional fund a have a different sensitivity of flows to their sustainability rating. 

7.1.4 Sub-Question 4 

As mentioned earlier, SR funds seem to respond differently to conventional funds during crises. In order 

to test this, we will compare the period corresponding to the nine months leading to the early 2020 

coronavirus-related market crash, to the three following months, during the recession. 

We include variables HIGH and LOW from the previous sub-question as well as the funds’ annual and 

one-month lagged monthly returns. We do this to examine whether investors become more sensitive to 

a measure of the sustainability of the portfolio or to past returns during a financial downturn. 

Precisely, the flow-performance relation for specification 6 is modelled like this: 

𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 =  𝛼 + 𝛽1𝑅𝐴𝑖,𝑡 + 𝛽2𝑅𝑀𝑖,𝑡−1 + 𝛽3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝛽4𝐿𝑂𝑊𝑖,𝑡 + 𝛽5𝐴𝑔𝑒 + 𝛽6𝑆𝑖𝑧𝑒𝑖,𝑡−1

+ 𝛾0𝑆𝑅𝐼(𝛾1𝑅𝐴𝑖,𝑡 + 𝛾2𝑅𝑀𝑖,𝑡−1 + 𝛾3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝛾4𝐿𝑂𝑊𝑖,𝑡 + 𝛾5𝐴𝑔𝑒 + 𝛾6𝑆𝑖𝑧𝑒𝑖,𝑡−1)

+ 𝜃0𝐶19(𝜃1𝑅𝐴𝑖,𝑡 + 𝜃2𝑅𝑀𝑖,𝑡−1 + 𝜃3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝜃4𝐿𝑂𝑊𝑖,𝑡 + 𝜃5𝐴𝑔𝑒 + 𝜃6𝑆𝑖𝑧𝑒𝑖,𝑡−1)

+ 𝜑0𝐶19[𝜗0𝑆𝑅𝐼(𝜗1𝑅𝐴𝑖,𝑡 + 𝜗2𝑅𝑀𝑖,𝑡−1 + 𝜗3𝐻𝐼𝐺𝐻𝑖,𝑡 + 𝜗4𝐿𝑂𝑊𝑖,𝑡 + 𝜗5𝐴𝑔𝑒 + 𝜗6𝑆𝑖𝑧𝑒𝑖,𝑡−1)]

+ 𝜀𝑖,𝑡 

where 𝐹𝑙𝑜𝑤𝑠𝑖,𝑡 is fund i’s monthly flow at time t, 𝑅𝐴𝑖,𝑡 is fund i’s annual return at time t, 𝑅𝑀𝑖,𝑡−1 is fund 

i’s monthly return at time t-1; 𝐴𝑔𝑒 is fund i’s age in years; HIGH is 1 if the sustainability score is either 4 

or 5 Morningstar Globes, and 0 otherwise, and LOW is 1 if the sustainability score is either 1 or 2 

Morningstar Globes, and 0 otherwise. C19 is 1 if the sample analysed is during the Covid-19 instability 

period, and 0 otherwise. 

The results for this regression are presented in table 11. 
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Table 11: Results for specification 6 

Pre-Covid-19 

Conventional Funds  SR funds 

 Coefficient Std Error   Coefficient Std Error 

Constant, 𝛼 -0.615*** (0.072)  𝑆𝑅𝐼 -0.236* (0.122) 

𝑅𝐴𝑖,𝑡 0.037*** (0.003)  𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.002 (0.005) 

𝑅𝑀𝑖,𝑡−1 -0.010 (0.007)  𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 0.008 (0.012) 

𝐻𝐼𝐺𝐻𝑖,𝑡 0.053 (0.059)  𝑆𝑅𝐼𝑥𝐻𝐼𝐺𝐻𝑖,𝑡 0.606*** (0.097) 

𝐿𝑂𝑊𝑖,𝑡 -0.062 (0.062)  𝑆𝑅𝐼𝑥𝐿𝑂𝑊𝑖,𝑡 0.164 (0.111) 

𝐴𝑔𝑒 -0.066*** (0.003)  𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.006 (0.005) 

𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.123*** (0.012)  𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.047** (0.021) 

During Covid-19 

C19 -0.765*** (0.23)  C19x𝑆𝑅𝐼 -0.100 (0.369) 

𝐶19𝑥𝑅𝐴𝑖,𝑡 0.005 (0.014)  𝐶19𝑥𝑆𝑅𝐼𝑥𝑅𝐴𝑖,𝑡 0.012 (0.021) 

𝐶19𝑥𝑅𝑀𝑖,𝑡−1 -0.034 (0.028)  𝐶19𝑥𝑆𝑅𝐼𝑥𝑅𝑀𝑖,𝑡−1 -0.039 (0.043) 

𝐶19𝑥𝐻𝐼𝐺𝐻𝑖,𝑡 -0.104 (0.136)  𝐶19𝑥𝑆𝑅𝐼𝑥𝐻𝐼𝐺𝐻𝑖,𝑡 0.285 (0.217) 

𝐶19𝑥𝐿𝑂𝑊𝑖,𝑡 0.139 (0.141)  𝐶19𝑥𝑆𝑅𝐼𝑥𝐿𝑂𝑊𝑖,𝑡 -0.097 (0.245) 

𝐶19𝑥𝐴𝑔𝑒 0.011* (0.006)  𝐶19𝑥𝑆𝑅𝐼𝑥𝐴𝑔𝑒 -0.017* (0.01) 

𝐶19𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.071** (0.029)  𝐶19𝑥𝑆𝑅𝐼𝑥𝑆𝑖𝑧𝑒𝑖,𝑡−1 0.071 (0.048) 

Observations 59,593  Residual Std. Error 4.432 (df = 59565) 

R2 0.031  F Statistic 69.560*** (df = 27; 59565) 

Adjusted R2 0.03  Note: *p<0.1; **p<0.05; ***p<0.01 
 

     

 Results for sub-question 4’s specification are divided into pre- and Covid-19 periods. 

For the pre-Covid-19 period, results show that the coefficient on SRI is negative significant at a 90% c.l. 

Also, the coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is positive for both SR and conventional funds but is only 

statistically significant at a 99% c.l. for conventional funds. Thus, the effect on flows of this factor for SR 

funds is indifferent from that of conventional. Results also show that the coefficient on one-month lagged 

monthly returns, 𝑅𝑀𝑖,𝑡−1, is insignificant for both SRI and conventional funds. The coefficients on Age 
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are negative, for both SR and conventional funds, but only significant for conventional. The coefficients 

on Size are positive for both conventional and SR funds, and significant at 99%, and 95% c.l., 

respectively. 

When funds obtain a high sustainability score, the coefficient is positive for both SR and conventional 

funds but only significant for the former, at a 99% c.l. 

When funds obtain a low sustainability score, the coefficient is negative and positive for conventional 

and SRI, respectively, but insignificant in both cases. 

For the Covid-19 period, results show that the coefficient on SRI is negative but insignificant. Also, the 

coefficient on annual returns, 𝑅𝐴𝑖,𝑡, is positive for both SR and conventional funds, but insignificant in 

both cases. Similarly, the coefficient on one-month lagged monthly returns, 𝑅𝑀𝑖,𝑡−1, is negative for both 

SR and conventional funds, but insignificant in both cases. The coefficients on Age are positive and 

negative, for conventional and SR funds, respectively, both significant at a 90% c.l. The coefficients on 

Size are positive for both conventional and SR funds, but only significant for the former at a 95% c.l. 

When funds obtain a high sustainability score, the coefficient is positive and negative for SR and 

conventional funds, respectively, but insignificant in both cases. Similarly, when funds obtain a low 

sustainability score, the coefficient is positive and negative for conventional and SR funds, respectively, 

but insignificant in both cases. 

Given that all coefficients associated with sustainability ratings or returns for the Covid-19 period are 

not statistically significant even at a 10% level, we cannot reject the null hypothesis, 𝐻0: A socially 

responsible fund and a comparable conventional fund have the same sensitivity of flows to past returns 

or sustainability ratings before and during the early 2020 coronavirus-related market crash. 

7.2 Robustness of the results 

On several occasions in this thesis, we mentioned the concept of testing the robustness of our findings. 

It allows us to see whether the results we obtained change significantly as a result of modifying our 

analytic approach. The purpose of this exercise is to shed light on the internal validity of our study and 

the strength of the conclusions we derived from our analysis in the preceding section. Given the 

influence of critical realism on our research philosophy, we are wary of trusting our findings 

unquestioningly, and we aim to avoid premature generalisations.  
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As outlined in chapter 4, we conduct robustness testing across two dimensions. Firstly, we develop two 

additional samples in addition to the base sample discussed in chapter 6. One is composed only of share 

classes targeted towards retail investors while the second consists of mutual funds created by 

aggregating individual share classes sharing the same FundId in Morningstar Direct. The second 

dimension is concerned with the method we use to estimate the effects of financial performance and 

sustainability ratings on fund flows.  Here, the base case is the OLS regression that uses the sample 

created through our matching procedure, the results of which have just been covered in detail in section 

7.1. The alternative method uses an entity- and time-fixed-effects panel regression estimated on the 

entire sample without the use of a matching procedure.  Combining the two dimensions leads to the 

following six variants: 

Table 12: Summary of robustness testing 

Choice of sample  
All share classes Retail share classes Aggregated funds 

Choice of method 

Regression and a 
matching procedure 

Variant 1: 
“base case” 

Variant 2: “matched 
retail” 

Variant 3: “matched 
aggregate” 

Panel regression with 
fixed effects 

Variant 4: 
“panel” 

Variant 5: 
“panel retail” 

Variant 6: 
“panel aggregate” 

    

With the exception of the inclusion of entity- and time-fixed effects in the case of the bottom row of Table 

12, all variants use the exact same set of regressors for each of the hypotheses covered in section 7.1. 

Due to the number of variants we tested, we believe that discussing all results in detail would be 

excessive. Instead, we will only bring attention to points where significant differences between the base 

case and any of the variants were found, understood as contradictory results of hypothesis testing. 

Summary tables presenting the outputs of the regressions used for variants 2 to 5 are presented in the 

appendix to this thesis. 

Starting with sub-question 1, we found no significant differences in the flow-performance relationship 

of socially responsible and conventional funds in variants 4, 5 and 6, that is all variants utilising panel 

regression with entity- and time-fixed effects. For hypothesis 2a in sub-question 2, variant 2 resulted in 

significantly negative coefficients on past negative returns, unlike in the base case. The null of 
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hypothesis 2c would not have been rejected using variants 4 and 5. Here, an interesting result is that, 

when using the “panel retail” variant, we found a lower sensitivity of flows of socially responsible funds 

to annual returns located in the bottom 25% of the distribution, but a higher sensitivity of flows to 

lagged monthly returns in the bottom 25%.  Concerning sub-question 3, variants 2 and 3 confirmed the 

results in section 7.1 but variants 4, 5 and 6 failed to do so. Finally, the null of sub-question 4 would be 

rejected in variant 5 – ”panel retail”.  

To sum, we find that our results are relatively robust to the way we specify our sample, with the 

aggregation of individual share classes into larger funds appearing to have no impact on the conclusions 

derived from the analysis. The results sometimes differ when a retail-only sample is used, which could 

suggest that retail investors react differently to financial performance and sustainability ratings than 

institutional investors. However, it seems that our results are not robust to the method that is used to 

obtain them, as panel data models with entity- and time-fixed effects usually diverge from the base case. 

It should be noted that the panel models we estimated are all characterised by negative adjusted R2. 

While measures of fit are generally very low in studies of mutual fund flows (Wang, Watson and 

Wickramanayake, 2018    ), the fact that they are negative for variants 4, 5 and 6 indicates that they are 

either very bad at fitting the data or that we had made a mistake in estimating them. Either way, the 

results of variants incorporating a panel data regression with entity- and time-fixed effects should be 

interpreted cautiously.   
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8. Discussion 

 

The central aim of this research is to obtain information about the differences in investor behaviour 

when these investors decide to invest in a socially responsible manner. The identification of past returns 

and sustainability ratings as drivers for investor behaviour lead us to our research question and its sub-

questions. 

8.1 Interpretation of the results 

Sub-question 1: Flow-performance relationship 

When observing the results of specification 1, we find that past annual returns have a different effect on 

the net flows of SR and conventional funds. These results are consistent with several authors found in 

the literature review (Bollen, 2007; Renneboog et al., 2011). 

From the outcome of our analysis of this question, we deduce that investors of SR funds behave 

differently when it comes to valuing their investments than conventional fund investors. From our point 

of view, this could be so due to investors having different reasons for investing in SR funds, as previous 

research has suggested (Derwall et al., 2011; Riedl & Smeets, 2017). 

The first reason that we believe may be driving this behaviour is that investors can be values-driven, as 

suggested by Riedl and Smeets (2017). These investors have strong social values and hold assets for 

reasons other than financial profit, that is, they may derive non-financial utility from their investments 

(Benson & Humphrey, 2008; Bollen, 2007; Renneboog et al., 2011). 

The second reason is that investors may be investing in SR funds exclusively for diversification 

purposes. SR funds are investment vehicles that deliver certain returns and are exposed to different 

risks. Hence, like any investment, it could be useful in a diversified portfolio, which is consistent with 

Lapanan (2018) finding that most SRI investors hold mixed portfolios. 

Unfortunately, our analysis does not allow us to differentiate which of the two reasons is more accurate. 

The results obtained are relatively consistent with our expectations. They show that past returns do 

influence fund flows differently of SRI and of conventional funds. However, it seems that current returns 

do not affect SR and conventional fund flows differently. On the one hand, we could have expected this 

since we presumed that investors might not react immediately to returns, but rather would react with 
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some time difference. On the other hand, since conventional investors are assumed to only be concerned 

about the risk-return trade-off contrary to SRI investors, we expected for SRI investors to react 

differently to current returns. This is not consistent with Benson’s and Humphrey’s (2008) findings, and 

there may be several reasons for this.  

Firstly, it could simply be due to the different samples. Benson’s and Humphrey’s (2008) sample period 

ranges from January 1991 to September 2005 and consists of 148 SR funds. This could make their results 

from ours for various reasons. Firstly, during the period covered in their sample, the use of the internet 

and fast communications was not as extended as it is for the period of our sample. This could increase 

the difference between two clienteles: one who would have access to react faster to new information, 

and one who would not. Also, the sample size in their research is much smaller than ours, which could 

lead to show differences that may become less relevant as the sample size increases. 

Secondly, it could be due to the methodology applied. Benson and Humphrey (2008) employ the 

generalized method of moments (GMM) to avoid bias and inconsistency in their estimators since their 

specification included a lag of the dependent variable. 

Finally, another reason could be due to some sort of error in our analytic approach. However, as 

mentioned earlier, in section 7.2, we performed several robustness tests to check whether our results 

changed significantly. For this sub-question, we employed a panel data regression considering entity- 

and time-fixed effects instead of employing the matching sample procedure. This method showed a non-

significant difference sensitivity of flows to past returns between SRI and conventional. 

Nevertheless, these results are relevant both for the overall public and to our further research. For the 

overall public, it provides another example, using a different dataset and methodology, that SR and 

conventional funds have a different flow-performance relationship sensitivity to past returns. For our 

research, it allows us to have a base for the analysis of the specifications 2, 3, and 4 since it shows that 

on average, the flow-performance relationship is different for SR funds.   

Sub-question 2: Loyalty 

As mentioned earlier, we have tackled sub-question 2 from several angles, depending on the different 

interpretations of loyalty we have identified. 
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Model 2A 

Specification 2 shows that SR fund flows react no differently than those of a conventional fund to past 

negative returns. We interpret this result as SR and conventional investors being concerned about not 

obtaining losses. These results are somewhat expected.  

On the one hand, this is consistent with Bollen’s (2007) view and supported by Renneboog et al. (2011), 

of investors’ deriving a conditional utility from non-financial returns, that is, investors obtain non-

financial utility provided they obtain some financial return. 

On the other hand, these results are inconsistent with previous research that finds that SR fund flow 

sensitivity is lower for negative returns (Bollen, 2007; Renneboog et al., 2011). The reasons behind this 

could be due to several factors. 

Firstly, it could be due to the sample employed. Renneboog et al. (2011) use the period from January 

1992 to December 2003, and Bollen´s (2007) sample covers the period from 1961 to 2002. Consistent 

with the argument made for sub-question 1’s results, their time periods extend through an era where 

communications were slower, and perhaps investors didn’t react immediately to returns. This argument 

is consistent with Riedl and Smeets (2017) who find, for the period 2006 to 2012, that investors that 

hold funds longer are more likely to invest in SRI. Also, Bollen’s (2007) and Renneboog et al.’s (2011) 

sample sizes are significantly smaller (205, and 321 SR funds, respectively), and come from a different 

source than ours, which may imply that the classification of SR funds they employ are probably different 

from the one we acquired. 

Secondly, it could be due to the different methodology applied. However, both Bollen (2007) and 

Renneboog et al. (2011) apply a matching procedure through a factor model, similar to what we do, but 

include a momentum factor. In our robustness tests, we find that using a matching procedure but only 

for retail share classes, the effect on fund flows of negative past returns was significantly different for 

SR and conventional funds. Both Bollen (2007) and Renneboog et al. (2011) aggregate all shares classes 

in a similar manner to what we do, so the difference is probably not due to this. 

Model 2B 

The results obtained in specification 3 show that SR fund flows are affected less by below-average past 

returns when compared to those of conventional funds. This suggests that SRI investors are more willing 

to withstand below-average returns and maintain their investment in the SR fund. 
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These results are in line with our main expectation: investors derive a conditional utility from investing 

according to their social preferences, consistent with Bollen (2007). This argument is further sustained 

by several authors, each providing small pieces to it. Firstly, investors are found to hold SRI assets for 

non-financial reasons (Derwall et al., 2011). Secondly, as pointed out by Riedl and Smeets (2017), 

investors derive some utility from holding SRI assets, regardless of the reason behind it. Finally, 

Lapanan’s (2018) findings, who finds that SRI investors hold larger portfolios, apparently behaving 

differently with their SR funds, are also consistent with this view. 

Model 2C 

The results obtained in specification 4 show that SR fund flows are not less sensitive to very-poor 

performance than those of conventional funds. The interpretation of these results is very similar to that 

of specification 2. Investors might not be willing to obtain losses simply in order to invest according to 

their values. 

Unlike specification 2, our expectations for this hypothesis were not met, since they are inconsistent 

with Bollen (2007), as mentioned in the hypothesis development section. However, there are certain 

pieces of research that suggest why this may be so. 

Firstly, these results are consistent with Bollen’s (2007) suggested conditional utility of investors. As 

mentioned in his research, the utility that SRI investors obtained from their investment is not additive 

and thus, cannot substitute financial returns. 

Secondly, Ferreira et al. (2012) find it “sophisticated” to sell poor-performing funds, and not to chase 

returns, since only poor-performance persists (Hendricks et al., 1993). Since Riedl and Smeets (2017) 

find that investors who signal more, are less likely to hold SRI, and that investors who are more educated 

are less likely to signal, we can presume that SRI investors are likely to be more educated, and hence 

“sophisticated”. Hence, these investors would be more likely to sell their poor-performing funds, 

regardless of the fund being SRI or conventional. 

To sum up, the results obtained in specifications 2, 3, and 4, are on consistent with a conditional utility 

conjecture, as proposed by Bollen (2007). SR fund investors are not willing to obtain losses, but they 

might be willing to refrain from chasing returns. This behaviour would be consistent with Ferreira et 

al.’s (2012) interpretation of being “sophisticated.” 

The findings in sub-question 2 are significant for our research purpose, the research community and 

overall finance practitioners. One the one hand, they complete the first part of our research question, 
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providing us with a deeper insight into investor behaviour when returns are not as expected. On the 

other hand, they extend current literature regarding SRI investor behaviour, allowing for future 

research to complement our results with a focus on average or extraordinary positive returns. Finally, 

these results give practitioners an impression of what they could expect from investors of SR funds, 

maybe finding it relevant to their pricing, for example.   

Sub-question 3: Branding 

In sub-question 3, we asked whether receiving a certain sustainability rating has a different impact on 

flows of conventional and socially responsible funds. Based on the review of the relevant literature, we 

expected the answer to this question to be negative. This assumption was rooted in the views of authors 

who argue socially responsible investors can derive utility from holding mutual funds when the non-

financial features of these investments are aligned with their personal values (Bollen, 2007; Benson and 

Humphrey 2008; Bauer and Smeets, 2015). Secondly, in the past, the limited availability of sustainability 

metrics might have led to high search costs (Sirri and Tufano, 1998), which socially responsible 

investors could try to decrease by opting for funds that branded themselves as socially responsible. 

However, in recent years, the availability of sustainability-related information increased, for example 

with the creation of Morningstar Sustainability Ratings. New research shows that these ratings are 

relevant to investors’ decision-making process, as their publication was associated with significant 

flows of capital from low to highly-rated funds, despite no additional information being made available 

in excess of the ratings (Ammann et al., 2019; Hartzmark & Sussman, 2019). Taken together, we 

expected that, given this information, investors who derive utility from socially responsible investments 

would not differentiate between conventional and SR-branded funds with the same sustainability 

ratings.  In other words, the net flows received by a fund with a given sustainability rating will not 

depend on whether this fund is branded as socially responsible or not. To the best of our knowledge, 

this issue has not yet been addressed in the academic literature. 

The findings presented in section 7.1.3 of chapter 7 stand in opposition to our expectations. The data we 

collected rejected the null hypothesis of no difference in sensitivity of flows to sustainability ratings 

between conventional and socially responsible funds. The results suggest that a fund that is 

simultaneously branded as socially responsible and invests in a portfolio that is considered highly 

sustainable based on ESG criteria receives, on average, higher net flows than if it were classified as a 

conventional fund.  Even more surprisingly, it seems that even when an SR-branded receives a low 

sustainability rating, its flows are still higher than they would have been for a conventional fund in this 

position. Assuming that at least some investors choose SR-branded funds specifically because they want 
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their money allocated in a sustainable way, one could presume that they would be more likely to punish 

funds with low ratings by withdrawing money from them. 

The result that the impact of sustainability ratings on mutual fund flows is possibly not uniform across 

conventional and SR-branded funds is a novel one that deserves further investigation. As of now, we can 

think of several possible explanations for it. One reason could be that the sustainability rating does not 

contain the information on all attributes, which affect the non-financial utility of a socially responsible 

investor. For example, a significant aspect of SRI, in general, is the use of negative screens, whereby 

certain industries are excluded from the universe of eligible assets, often on ethical grounds. By contrast, 

the Morningstar Sustainability Rating that we used in this study is built on a foundation of positive 

screening, meaning it evaluates the level of ESG risks to which the companies in the portfolio are 

exposed. If certain investors simply refuse to choose funds that hold shares of companies considered to 

be unethical, regardless of the sustainability rating they have, then the level of flows received by a 

conventional and SR-branded fund employing negative screening will be different. 

Another possible explanation, which does not preclude the previous one, is that a significant fraction of 

investors choose to allocate their money in socially responsible funds for social signalling reasons, as 

discussed by Riedl and Smeets (2017).  For such investors, the actual degree of social responsibility of 

an investment, regardless of how it is interpreted or measured, might be assessed alongside or even 

after its reputational benefits. In that case, when faced with a choice between a conventional and an SR-

branded fund with identical sustainability ratings, they might select the latter one simply because it 

allows them to show off that they belong to a certain social group, whether they actually value social 

responsibility or not. These two explanations could possibly account for the anomalous result of lowly-

rated socially responsible funds receiving more flows than comparable conventional funds. 

Finally, it could be that the interaction between socially responsible branding and high sustainability 

rating from an external commercial provider boosts the credibility of both pieces of information. 

Gutsche and Zwergel (2020) claimed that investors distrust funds who say that they follow SRI 

strategies. The same could be true for their level of trust in the sustainability ratings from providers 

such as Morningstar, as the methodology of calculating them is complex and, due to their commercial 

nature, conflict of interest could be present. However, two signals containing mutually reinforcing 

information, for example the branding of a mutual fund as socially responsible and a high sustainability 

rating from a provider external to the fund, might convince a socially conscious investor to allocate their 

money there. 
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Sub-question 4: Impact of Covid-19  

The final research sub-question builds upon the three previous ones, and asks whether the Covid-19 

pandemic, specifically the market crash it caused in early 2020, affected the patterns of behaviour we 

studied so far. The magnitude of the turmoil was severe, evidenced by the sharp drops in weight-

adjusted returns and large net fund outflows in March 2020 as visible in Figure 4 and Figure 5. We, 

therefore, expected the results to show us that the market crash affected the patterns of behaviour that 

investors displayed. This conjecture was based in literature, in particular the work of Wang, Watson and 

Wickramanayake (2018), who identified a shift in the flow-performance relationship of mutual funds 

during the Global Financial Crisis of 2007-2008. The flow-performance relationship temporarily became 

weaker, especially in mid to top range of returns, but rebounded after the crisis. Investors also showed 

risk-aversion by generally withdrawing their capital from funds whose returns were relatively more 

volatile. The subject of the flows of SR funds in times of crisis was not covered by Wang, Watson and 

Wickramanayake (2018) and, to the best of our knowledge, any other author so far. However, based on 

related literature that we reviewed, we could sharpen our prediction with a focus on SR funds that are 

the main topic of this thesis. In particular, several authors produced studies, which suggest that SR funds 

perform better in downturns than conventional funds and that their popularity might be due to the role 

they play as insurance when the market crashes (Nofsinger and Varma, 2014; Becchetti et al., 2015). 

Therefore, if investors are known to adjust their behaviour depending on market conditions and that SR 

funds are relatively advantaged in downturns, we expected them to receive higher net flows than 

comparable conventional funds during the early 2020 Covid-19 market crash.  

The empirical investigation of this hypothesis in section 7.1.4 of chapter 7 contradicted our predictions 

concerning the patterns of investors’ behaviour. We found no significant effect of the Covid-19 market 

crash on either the flow-performance relationship or the relationship between sustainability ratings 

and fund flows. The way investors reacted to the attributes we studied during the three months period 

from February to April 2020 was consistent with the way they behaved for the preceding nine months. 

While, overall, the mutual funds in our sample faced significant outflows, conventional and SR funds 

seemed to be affected in the same way.  

We believe that a possible reason why our results were not aligned with the theory is that the time 

period we studied in this question was very short. The Covid-19 market crash did not last for long, as 

the prices of stocks reached a trough around mid-March and then largely rebounded by the end of April. 

As a result, it did not develop into a bear market, which could explain why the results that Wang, Watson 

and Wickramanayake (2018) found for the period of Global Financial Crisis were not replicated in our 

research. At the time of writing, Covid-19 pandemic and the related economic measures are still very 
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much a fixture of daily life in the majority of countries in the world, including the US. While the American 

stock market remains buoyant, the same cannot be said for the real economy. We believe it would be 

worthwhile to return to the question of the effect of Covid-19 on the behaviour of investors when more 

data is available to see whether our results are confirmed or refuted. 

8.2 Answer to the research question 

Having interpreted the findings of our analysis and their relevance to the sub-questions, we are now in 

a position to address our primary research question.  As a reminder, our research question is the 

following: 

How is the behaviour of investors of socially responsible US open-end equity funds’, as revealed by 

fund flows, affected by financial performance and measures of sustainability? 

Based on the answer to sub-question 1, we conclude that past annual returns affect fund flows in a 

significantly different manner depending on whether the fund is socially responsible or conventional. 

Moreover, after addressing sub-question 2, we argue that the flow-performance relationship of socially 

responsible is weaker when the past returns are below the average of our sample. However, when 

returns are negative, or are in the bottom part of the performance-range in our sample, their effect on 

flows is not significantly different for socially responsible and conventional funds.  

Moving on to sub-question 3, we find that the association between a given level of sustainability ratings 

and of fund flows is influenced by whether a fund is categorised as socially responsible or not. Finally, 

we discover that the relationships between the fund flows on the one hand, and the financial 

performance and the sustainability ratings of these funds on the other were not significantly altered 

during the early stages of the Covid-19 pandemic, regardless of whether the funds in question were 

socially responsible or conventional. 

8.3 Recommendations for practitioners 

In the introduction, we stated that the results of our thesis could have practical relevance for two types 

of actors: professional asset managers and policymakers. Based on the interpretation of the findings and 

the answer to our research question, as discussed above, we can offer several recommendations to this 

audience. 

From the perspective of asset managers, the growth in the popularity of socially responsible investment 

can offer a profitable business opportunity.  Our analysis suggests that socially responsible funds 
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generally receive larger percentage inflows than comparable conventional investment funds, which 

directly translates into larger revenues from management fees. The positive effect of being socially 

responsible on flows appears to be conditional on whether a fund is actually branded as such or employs 

SRI-specific strategies. In other words, there appears to be little direct benefit from reorganising the 

fund’s portfolio in a way that results in a higher sustainability rating if this is not associated with a 

broader embrace of SRI.  We also found that net flows of socially responsible funds in our sample are 

less sensitive to past returns, including when these returns are below the average level achieved by 

comparable funds. This could mean that investors are less likely to withdraw their capital when a 

socially responsible fund underperforms. Asset managers could, therefore, consider lowering the 

redemptions fees, which are partly designed to dissuade such withdrawals. This is, of course, only 

appropriate if the additional flows generated are expected to compensate for the loss of revenue from 

redemption. Finally, asset managers should consider whether the additional flows are sufficient to 

balance out the costs associated with converting existing funds or setting up completely new, socially 

responsible funds. Examples of such costs could be increased marketing expenditure, setting up an in-

house ESG research function or buying sustainability-related data from third-party vendors.  

Turning to policymakers, we recommend working towards establishing regulatory standards for what 

constitutes a socially responsible investment. Our results suggest that sustainability ratings from 

providers such as Morningstar, which can be interpreted as a measure of the social benefit generated by 

a given investment compared to the alternatives, do not have a significant effect on the behaviour of 

investors in the absence of SRI branding. In the discussion of sub-question 3, we hypothesised that it 

might be because investors consider ratings to not be credible. We believe that implementing commonly 

agreed standards in the area of socially responsible investment would increase investor protection and 

reduce their reliance on the way funds brand themselves. A reduction in search costs associated with 

the increased availability of standardised sustainability-related information could also further increase 

the popularity of SRI. Of course, it is up to the policymakers to decide whether they consider this 

phenomenon to be overall sufficiently beneficial to society as to justify regulatory intervention. While 

answering this question is beyond the scope of this thesis, a possible avenue worth exploring could be 

the effect that SRI might have on financial stability. As mentioned several times, our findings suggest 

that socially responsible funds show lower sensitivity of flows to financial returns, which could mean 

that they are less susceptible to liquidity risk that materialises when mutual funds face large outflows. 

An increase in their share of the overall investment fund market might therefore increase its resilience.   
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8.4 Limitations 

During the writing of this thesis, we encountered several obstacles; some of them quite unexpected. The 

Covid-19 pandemic had a large influence on our work, offering both challenges and research 

opportunities. Due to the imposition of public health measures in Denmark, the CBS library was closed 

to students for a few months during a period for which we originally scheduled our data collection. 

Because our principal data source, Morningstar Direct, was only accessible from library premises, this 

resulted in a significant delay in our thesis. Luckily, we were able to eventually overcome this challenge.  

Unfortunately, the same cannot be said for some other limitations that impacted this study. Again, they 

were related to data that we originally planned to collect but were not able to do so. The initial research 

design involved collecting more granular data on the classification of socially responsible funds based 

on the precise strategies they implement, for example, whether they use certain negative screens, or 

they focus their investments on stocks of environment-friendly companies. While Morningstar Direct 

does publish such data, they only started to do so very recently, in 2019. We found that the number of 

funds with data points on these variables is very limited and inconsistent at the moment, most likely 

due to the novelty of this categorisation scheme. As a result, we judged this data to be of too poor quality 

to be used in our thesis. However, we expect it to improve in the near future, and we encourage other 

researchers to return to it then. In a similar vein, we planned to have a more detailed look at the 

significance of sustainability rating by separating them into environmental, social and governance 

ratings, which are the components that Morningstar used to compute their overall sustainability ratings. 

It proved to be impossible, as Morningstar Direct does not contain historical data for the E, S and G 

components of their sustainability rating. Finally, we were not able to uniquely identify both 

counterparts of fund mergers using Morningstar Direct. While this is possible when using the CRSP 

Survivor-Bias-Free US Mutual Fund database, the other popular source of data in academic mutual fund 

research, we did not have access to it through the CBS library.  
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9. Conclusions 

 

This research has allowed us to gain deep insight into the mutual fund universe with a focus on socially 

responsible investor behaviour. Firstly, we would like to remind the reader of our research question.  

How is the behaviour of investors of socially responsible US open-end equity funds’, as revealed by 

fund flows, affected by financial performance and measures of sustainability? 

Based on the answer to sub-question 1, we conclude that past annual returns affect fund flows in a 

significantly different manner depending on whether the fund is socially responsible or conventional. 

Moreover, after addressing sub-question 2, we argue that the flow-performance relationship of socially 

responsible is weaker when the past returns are below the average of our sample. However, when 

returns are negative, or are in the bottom part of the performance-range in our sample, their effect on 

flows is not significantly different for socially responsible and conventional funds.  

Moving on to sub-question 3, we find that the association between a given level of sustainability ratings 

and of fund flows is influenced by whether a fund is categorised as socially responsible or not. Finally, 

we discover that the relationships between the fund flows on the one hand, and the financial 

performance and the sustainability ratings of these funds on the other were not significantly altered 

during the early stages of the Covid-19 pandemic, regardless of whether the funds in question were 

socially responsible or conventional. 

The proposal and execution of this research have their roots on our common interest in the socially 

responsible, ethical movement, together with the contents of our study programme that divided its focus 

between finance and economics. Hence, the merger between these two interests gave way to this study. 

It was conducted with the intention of filling a gap in the literature where investor behaviour and 

satisfaction was the centre of attention. With the intention of discovering how did investors value their 

socially responsible investments, we developed our research question. 

Our research has several parts that have contributed to the results presented and discussed previously. 

Firstly, a deep and broad literature review was performed. We started by defining what a socially 

responsible investment is, an investment strategy that also considers the non-financial benefits of an 

investment. This was followed by a deep understanding of the mutual fund universe. In it, we studied 

what a mutual fund is, the types of funds that exist, and how do they operate. This chapter guided us to 

modern portfolio theory, where we described the mathematical implications behind a mutual fund’s 
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operation. In this chapter, some of the most popular models in finance were studied. Subsequently, we 

obtained investor preferences’ knowledge by reviewing some of the most popular articles in the matter. 

Once this was clear, we discovered a way to model investor behaviour through revealed preferences, 

following Bollen (2007). Finally, we reviewed the literature that was focused on our research question 

and sub-questions. We addressed in depth the flow-performance relationship and investor loyalty for 

socially responsible funds. Finally, a review of the effects of branding and of previous crises on mutual 

funds was conducted.  

Once the literature review was performed, we began our analysis. Using a deductive approach, we 

developed our research design. We decided to perform a monomethod quantitative, observational, and 

longitudinal research. That is, we would collect secondary data, and analyse it using knowledge acquired 

in our study programme. We then performed a review of the methods we would employ. These methods 

were hypothesis testing and regression analysis. In this section, we also reviewed the statistical analysis 

programme, since we would be dealing with large datasets, and the possibilities of robustness testing, 

to increase the credibility of our findings. Next, we developed the hypotheses we would be using to 

answer our research question and its sub-questions. The collection of data was carried out using 

Morningstar Direct as our source. This data was then filtered and arranged in order to be analysed with 

the methods we chose. The data were presented and analysed. Results were obtained and interpreted 

in the discussion chapter. 

The approach chosen was motivated by the difficulties that a natural experiment implied, as well as the 

influence of the knowledge of finance and econometrics acquired during our master’s programme. In 

hindsight, we believe this approach was the correct given factors such as time constraints, and the 

outcomes achieved, such as complementation to previous research, implications for further academic 

research, the credibility of the results, etc. 

During our research, we expected to find consistent results that would add knowledge to the research 

community. Firstly, we expected to find strong evidence of socially responsible investor loyalty reflected 

in a lower sensitivity of socially responsible fund flows to poor results. Results, however, were not as 

anticipated. Nevertheless, we were able to put together several pieces of information that added 

credibility to Bollen’s (2007) suggestion of investors deriving conditional utility from their socially 

responsible investments. Secondly, we also expected a more pronounced effect on fund flows of the 

current coronavirus-related economic slowdown. The results were not as expected, but they broadened 

our understanding of investor reaction to recent events. 
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From an academic point of view, we consider our contributions to be significant for two reasons. Firstly, 

we extend the literature on the flow-performance relationship of socially responsible mutual funds to a 

new temporal setting by incorporating the newest data available. By doing this, we supported the 

existing theory of lower sensitivity of flows of socially responsible funds to recent past returns. Apart 

from replicating the results of previous studies, we also address gaps in the literature. We identify two 

such gaps, the first one being the interplay of sustainability ratings and the branding of funds of socially 

responsible and the way these two variables jointly affect fund flows. The second gap is concerned with 

the way market crises affect the flows of socially responsible funds, an area in which no other significant 

contributions have been made so far.  

Direction for future research  

As a conclusion to our thesis, we offer several recommendations for possible future research in related 

areas. Firstly, based on the results of our robustness testing, we believe that a study similar to ours but 

focused specifically on mutual funds targeting retail investors would be valuable. This is because, out of 

the various models we tested, the one using a panel data regression with fixed effects estimated on a 

sample of retail share classes was the most effective at producing results different from the ones we 

obtained. Another interesting avenue of research would be to continue to explore the asymmetry in the 

flow-performance relationship of socially responsible funds. Whereas this thesis focused on the 

asymmetry related to unsatisfactory financial results, defined in different ways, future studies could 

complement our findings by analysing the asymmetry when results are better than expected. We 

especially encourage research on the topic of the determinants of flows of socially responsible funds 

when and if other authors are capable of overcoming the significant limitations we mentioned in section 

8.4. Analysis of granular data concerning the classification of socially responsible funds and the 

components of sustainability ratings would possibly shed more light on the topics covered in this thesis. 

The same must be said on the subject of the effects of the COVID-19 pandemic on socially responsible 

funds, which will only be truly possible after its conclusion.  Finally, we believe the research we 

conducted in this thesis should be extended to other geographical settings in addition to the U.S as well 

as to investment funds investing in other asset classes, for example fixed-income.  
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