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Chapter 1

Introduction

This dissertation contributes to our understanding of accounting quality and financial forecast-

ing, which are interdependent concepts. While financial forecasts require accurate and relevant

accounting information as input, they also generate newaccounting information as output bymak-

ing a prediction about the future. Improving the accuracy of such predictions has been arguably

an endeavor that is as old as accounting itself. We most certainly have not solved the problem yet,

and maybe we will never do. But, perhaps, this work adds a small piece to the puzzle.

This dissertation consists of three main chapters investigating factors influencing accounting

quality and financial forecast accuracy. Chapter 2 studies the association between growthmindset

and financial misreporting. Chapter 3 examines the relationship between a fundamental forecast-

ing design choice, the level of disaggregation, and financial forecast accuracy. Finally, chapter 4

studies whether brand value estimates from publicly available brand rankings are useful for pre-

dicting future cash flows and earnings.

The research idea for Chapter 2, my single-authored work, originates frommy interest in ethics

and learning. The literature suggests that a growth mindset helps to overcome challenges when
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acquiring new skills and increases one’s flexibility regarding rule-breaking behavior. In my work, I

predict that growthmindset individuals taskedwithfiduciary anddecision-making support respon-

sibilities in an accounting context experience lower levels of role conflict, as they are better equipped

to work in this challenging environment. As prior research indicates that role conflict is positively

associated with financial misreporting, a growth mindset may reduce financial misreporting and

hence improve accounting quality. In contrast, a growth mindset potentially leads to a more dy-

namic view on breaking rules, and thus I predict a positive relation between growth mindset and

financial misreporting. Using survey data from 180 BU controllers, I find that a growth mindset

is negatively associated with the business unit controller’s perceived level of role conflict, which

is positively related to financial misreporting. However, a growth mindset is positively associated

with financial misreporting and strengthens the relation between role conflict and misreporting.

The total effect is positive and significant when the level of role conflict is already high.

Chapter 3 examines the design of internal financial forecasts and relates to my work experiences

as an intern as well as my exposure to the executive roundtables at the University of St. Gallen.

Organizations show great interest in improving their forecasting processes. Prior literature pro-

vides experimental evidence for the presence of two opposing effects in disaggregated internal fi-

nancial forecasts. While disaggregated random errors (mistakes) offset each other, disaggregated

non-random errors (biases) accumulate when they are combined. We argue that environmental

uncertainty influences the relative strength of the two effects, as random errors becomemore dom-

inant when environmental uncertainty increases. We theoretically predict and empirically show

that forecast disaggregation is positively (negatively) associated with forecast accuracy under high

(low) environmental uncertainty. Additional analyses suggest that the aggregation process is dis-

torted in a weak control environment, while the overall forecast bias is stronger. Our results imply
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that investments in more sophisticated forecasting tools may not provide the expected benefits

when non-random errors in forecasting (e.g., unconscious biases, directional preferences, oppor-

tunistic interventions) are a key concern in firms.

Chapter 4 relates to my interest in new technologies that can help to improve the efficiency of

processes or generate new insights. Using technologies to replace human judgment is an emerging

trend to improve accounting quality. In this chapter, we employ a machine learning approach to

predict cash flows out-of-sample to examine the predictive ability of brand value estimates from

three well-known publicly available brand rankings (i.e., Interbrand, Brand Finance, and BrandZ).

Brands are considered to be important intangible assets, yet accounting standard setters do not

allow the recognition of internally developed brands. External brand valuators fill this void by es-

timating and publishing brand value estimates for individual firms. While prior research suggests

that investors react to the release of brand rankings, there is little knowledge ofwhether brand value

estimates have incremental information content to predict future earnings and cash flows beyond

past accounting information. We find a significant relation between brand values and future cash

flows and earnings in regression-based, in-sample analyses for most brand value providers. How-

ever, based on machine learning methods, our out-of-sample predictions show that these brand

value estimates have little or no incremental information content when predicting future financial

performance. A portfolio analysis supports this conclusion.

All three chapters complement each other in the following way. Chapter 2 shows that a growth

mindset might negatively affect the quality of accounting information, as it creates a more flexible

view on deviating from corporate policies and accounting standards. This finding is particularly

relevant in the context of forecasting, as Cao et al. (2022) suggest that growth mindset individu-

als are more likely to use data analytics in an accounting setting. We use such contemporary data
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analytics approaches in Chapter 4 to predict future cash flows and earnings, and investigate the

predictive ability of brand value estimates. Interestingly, we find that using an ensemble forecast

(i.e., the average forecast of different forecasting techniques) yields, in most cases, the best results.

An ensemble forecast diversifies across model uncertainty since all models are misspecified. In this

sense, ensemble forecasts build upon disaggregated forecasts. Related to the level of disaggregation

and the importance of accounting quality in forecasting, Chapter 3 suggests that the benefits of dis-

aggregation are reducedwhen the input data is unintentionally or opportunistically biased. Future

research may want to investigate whether and how human biases and opportunistic interventions

undermine the adoption and accuracy of machine learning techniques in internal financial fore-

casting processes.
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Chapter 2

Growth mindset, role conflict, and financial
misreporting

2.1 Introduction

Thefiduciary duties of thebusiness unit (BU) controller, such as safeguarding the integrity of finan-

cial reports, play an important role in corporate governance. However, empirical evidence suggests

that some BU controllers compromise their fiduciary duties when pressured to engage in financial

misreporting (Indjejikian & Matejka, 2006; Hartmann & Maas, 2010; Eskenazi et al., 2016). In

particular, Maas & Matejka (2009) find that BU controllers who experience psychological stress

in the form of role conflict are more likely to give in to such social pressures. The potential for

role conflict is high in the demanding work environment of BU controllers since theymonitor and

advise BU managers (Maas &Matejka, 2009; Indjejikian &Matejka, 2006).1 The purpose of this

study is to examine whether the BU controller’s mindset, as defined byDweck (1986), is positively

or negatively associated with financial misreporting through role conflict.

The accounting and finance literature has recently accumulated a large literature stream explor-

1This type of role duality is not uncommon in an organizational context. For example, board members monitor and
advise executives (e.g., Adams & Ferreira, 2007).
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ing the association between personal characteristics and financial misreporting. The general idea

behind the literature stream is that personal characteristics (e.g., narcissism, integrity, testosterone

levels, future time references) influence agents’ information processing and, subsequently, their

behavior (Jia et al., 2014; Schrand&Zechman, 2012; Davidson et al., 2015; Ham et al., 2017; Kim

et al., 2017; Dikolli et al., 2020; Hartmann & Maas, 2010; Eskenazi et al., 2016). A relatively un-

explored personal characteristic in accounting is a conceptualization of mindset that ranges from

‘growthmindset’ (GMS) to ‘fixedmindset’ (FMS).2,3 Yet, the literature onGMShas receivedmuch

attention in and outside of academia for its promising results in the area of learning (OECD, 2018;

Yeager et al., 2019; Dweck & Yeager, 2019). The few studies in accounting that focus on GMS

suggest that auditors are more likely to use data analytics under inspection risk when prompted

with a GMS (Cao et al., 2022), andGMSmanagers show a greater use of budgets to learn as well as

are more engage in entrepreneurial efforts when working in a challenging environment, as they are

less likely to limit themselves by budgetary constraints (Abernethy et al., 2021). However, GMS

individuals are also less concerned about duty-based violations in an organizational context relative

to FMS individuals (Wurthmann, 2017). Tomy knowledge, this is the first study that explores the

GMS literature in the context of financial misreporting (e.g., fiduciary duties).

GMS individuals hold the fundamental belief that one’s attributes, such as abilities and charac-

ter, are influenced by experience and, thus, aremalleable and changeable. In contrast, FMS individ-

uals believe that one’s attributes are inherited and, thus, unmalleable and not changeable (Dweck,

1986;Dweck et al., 1995; Chiu et al., 1997;Dweck, 2012). These beliefsmight be viewed as a “core

assumption in an individual’s world view” (Dweck et al., 1995, p. 268). This conceptualization

2The accounting literature has employed various conceptualizations when using the termmindset (e.g., Griffith et al.,
2015; Nolder & Kadous, 2018), this work does not relate to these studies if not indicated otherwise.

3Even though the terms GMS and FMS refer to the endpoints of the same scale, in reality, people score somewhere
along a continuum between the two extremes (Dweck, 2013).
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of mindset is based on Dweck’s (1986) seminal work, and it is rooted in the implicit person the-

ories literature. The effect of GMS on financial misreporting is not clear ex-ante because such a

mindset may lower role conflict, which is associated with financial misreporting (Maas &Matejka,

2009; Yetmar & Eastman, 2000), but allows for a more dynamic viewwith respect to rule breaking

behaviour.

Drawing on theoretical arguments in the psychology and accounting literature, I put forward

the following hypotheses. First, I predict that role conflict is positively associated with financial

misreporting, replicatingMaas &Matejka (2009). Second, fulfilling perfectly all duties is relatively

more important to FMS individuals because FMS individuals pursue performance goals, in which

they aim to gain (avoid) positive (negative) judgments of their competence. In contrast, GMS in-

dividuals adopt learning goals, in which they work toward increasing their competence and view

failures as part of the learning process (Dweck, 1986; Elliott &Dweck, 1988; Burnette et al., 2013).

To satisfy all role senders (i.e., not failing to fulfill duties) is difficult when tasked with various

competing duties. In such a demanding work environment, the focus on performance rather than

learning goals might induce psychological stress in the form of role conflict. Third, GMS individ-

uals have amore dynamic view on breaking rules, as they process information contextually (Erdley

&Dweck, 1993; Chiu et al., 1997) and prefer a conceptualization of morality that is based in prin-

cipals (i.e., individual rights) rather in duties (i.e., social norms) (Chiu et al., 1997; Wurthmann,

2017). For GMS individuals, an immoral action does “not demonstrate a deep, persistent flaw in

[one’s] character but, rather [is] a response to the pressure of the particular circumstances” (Erdley

& Dweck, 1993, p. 876, emphasis added). While FMS individuals believe that one’s immoral ac-

tions reflect who someone is, GMS individuals view the link between the personal character and

behavioral outcomes as a more complex relation that is contingent on external circumstances (e.g.,
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Dweck et al., 1995). Furthermore, relying on principals to make social judgments allows GMS in-

dividuals to deviate from social norms and expectations if they think it is justifiable. Thus, I predict

that GMS is positively associated with financial misreporting. Fourth, this dynamic view on break-

ing rules also increases the number of options to alleviate role conflict, such as giving in to the social

pressures to engage in financial misreporting. This option is likely less attractive to FMS individu-

als due to self-imposed constraints stemming from their duty-based conceptualization of morality.

Therefore, I hypothesize that a GMS strengthens the positive association between role conflict and

financial misreporting. Finally, since a GMS theoretically reduces financial misreporting through

role conflict but increases financial misreporting directly or through a moderating effect, the sign

of the total effect remains an empirical question.

I test my hypotheses using survey responses of 180 BU controllers of large and medium-sized

organizations in Germany, Austria, and the German-speaking part of Switzerland. The results

show, on average, a positive association between role conflict and financial misreporting, confirm-

ing Maas &Matejka (2009). Furthermore, as predicted, the empirical analysis suggests a negative

relation between growth mindset and role conflict and a positive association between GMS and

financial misreporting. GMS also strengthens the positive association between role conflict and

financial misreporting. However, the total effect of GMS on financial misreporting is only signifi-

cant and positive when the BU controller experiences high levels of role conflict.

To substantiatemyfindings, I estimate amulti-groupmodel as an additional analysis by splitting

the sample into high and low organizational benchmark pressure BUs since the main analyses as-

sume that at least some pressure to misreport is present. Chief financial officers name benchmark

pressure as the most important cause of financial misreporting (Dichev et al., 2013). The multi-

group analysis shows that the positive association between role conflict and financial misreporting
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as well as the moderating effect of GMS are only significant when benchmark pressure is high.

The association between GMS and financial misreporting does not differ between the groups but

becomes insignificant. This analysis provides additional evidence for the prediction that GMS re-

duces the psychological cost of relying on financial misreporting tomeet benchmarks and alleviate

role conflict. Finally, I conduct several robustness checks.

This paper contributes in the following ways to the literature. First, I add to previous research

that focuses on the link between personal characteristics and financial misreporting (e.g., Jia et al.,

2014; Davidson et al., 2015; Ham et al., 2017; Kim et al., 2017; Dikolli et al., 2020) by studying

a latent construct that captures BU controllers’ fundamental beliefs on whether they think that a

human’s character and abilities are malleable. Exploring the effect of a GMS is relevant because

psychologists call for teaching students a GMS to enhance academic performance. However, the

net benefits of having a GMS are less clear when people are also tasked with fiduciary duties. I also

show that benchmark pressure is an important moderator of the relation between personal char-

acteristics and financial misreporting. Second, I also contribute to the literature on role duality in

different organizational settings (e.g., Maas &Matejka, 2009; Adams& Ferreira, 2007). Prior liter-

ature finds that GMS (Huang et al., 2017; Wurthmann, 2017) and role conflict (Maas &Matejka,

2009; Yetmar&Eastman, 2000) are positively associated with rule-breaking behaviour. This study

suggests that the interaction between GMS and role conflict plays an important role when study-

ing individuals that are tasked with decision-making support and fiduciary duties. Even though a

FMS seems to increase role conflict, this may not lead to more financial misreporting since it also

reduces the positive association between role conflict and misreporting. Third, this paper extends

the emerging literature stream on implicit person theories in the accounting literature (e.g., Aber-

nethy et al., 2021; Cao et al., 2022) by focusing on the potential risks of having aGMSwhen tasked
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with fiduciary duties. Abernethy et al. (2021) find thatGMSmanagersmake greater use of budgets

with respect to learning and explaining variances. FMS managers seem to use budgets differently.

This study exploreswhether FMSBUcontrollers have amore rigid viewon the integrity of account-

ing information, and thus emphasize compliance and control (i.e., fiduciary duties). The potential

benefits of having a FMS in a corporate governance context have remained relatively unexplored

(e.g., Wurthmann, 2017).

2.2 Theory development and hypotheses

2.2.1 Role duality of the BU controller

Role theory suggests that individuals are exposed to various role expectations, which multiple role

senders set. These role demands could potentially collide with each other and lead to subjective

stress for the role receiver, the focal person, which is called role conflict (Kahn et al., 1964). While

some conflicts between role expectations, for instance, stem from a lack of resources to meet the

expectations of all role senders, there is also the possibility that some expectations are difficult to

reconcile – or evenmutually exclusive – regardless of the available resources. In the latter case, role

conflict arises if individual standards or values have to be compromised to meet external expecta-

tions or if external expectations collidewith eachother (Grover, 1993;Rizzo et al., 1970;Kahn et al.,

1964). Furthermore, the strength of the role expectations influences the intensity of role conflict.

In some instances, role senders or their expectations are so weak that the focal person would not

consider them. If the role strength of at least two conflicting roles exceeds the threshold, the focal

person may experience role conflict (Grover, 1993).

The accounting literature has studied the BU controller as an organizational actor who is tasked

with decision-making support and fiduciary duties. The decision-making support duties refer to
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information provision activities and advising general managers. On the other hand, fiduciary du-

ties refer tomonitoring activities, particularly ensuring the integrity of the accounting information

(Maas &Matejka, 2009; Indjejikian &Matejka, 2006). The emphasis on fiduciary duties might be

influenced by either the headquarter (Maas & Matejka, 2009) or societal and professional stan-

dards (Hartmann &Maas, 2010; Mahlendorf et al., 2018). Maas & Matejka (2009) find that BU

controllers who work for BUmanagers and functional superiors might experience role conflict, as

they have to serve multiple interest groups but their resources are limited. In contrast to a conflict

that may stem from a lack of resources, in some instances, BU managers may also expect BU con-

trollers to report the BU’s economic situation in their favor (e.g., Friedman, 2014), which directly

clashes with fiduciary duties. Even if superiors at the headquarter level ask to engage in misreport-

ing (Beuselinck et al., 2019), BU controllers may feel obliged to fulfill fiduciary duties due to soci-

etal and professional expectations. Thus, being expected to misreport by superiors (either at the

headquarters or at the BU level) is likely to collide with the expectations from other role senders

that promote the objective reporting of accounting information or with personal standards (see,

e.g.,Hartmann&Maas, 2010;Mahlendorf et al., 2018). In this case, BUcontrollers are confronted

with mutually exclusive role expectations and potentially experience role conflict because they can

only satisfy the expectations of one role sender at the cost of the other(s). They can either be loyal to

their colleagues ormaintain the professional standards of their fiduciary duties. In such a situation,

BU controllers have to weigh the costs and benefits of withstanding the pressure (Becker, 1968; Jia

et al., 2014). It is important to note that superiors, who pressure BU controllers to misreport, are

very dominant role senders. They also have an information advantage relative to role senders who

promote fiduciary duties. The information advantage is a necessary condition for misreporting;

otherwise, role senders who promote fiduciary duties would already possess the objective financial
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reports. Therefore, BU controllers can either carry the personal costs of withstanding their supe-

riors’ requests to misreport or give in (to some degree) and deceive the less informed role senders

who expect objective reporting (see Grover, 1993; Grover &Hui, 1994; Rizzo et al., 1970).

Thus, BU controllers may be exposed to different role expectations that compete for limited

resources and attention, but also mutually exclusive role expectations, such as being expected to

protect the integrity of the accounting information and engage in financial misreporting. Accord-

ingly, I consider the act of engaging in financial misreporting as rule-breaking behavior, as corpo-

rate policies or professional standards are most likely violated in this case.

2.2.2 Implicit person theories: Growth mindset

In the last decades, much research has been accumulated on implicit person theories. These the-

ories refer to one’s most fundamental beliefs about the nature of humans’ attributes. The term

consists of the words implicit and theory because humans tend to be not aware of having these

beliefs, and they are falsifiable (Dweck & Yeager, 2019). The literature generally differentiates be-

tween two implicit person theories that are at the opposite end of the same scale, namely growth

mindset (GMS) and fixedmindset (FMS). This conceptualization of mindset is rooted in Dweck’s

(1986) seminal work. GMS individuals (i.e., a person who has a growth mindset) hold the belief

that one’s abilities and character are influenced by experience and, thus, are malleable and change-

able. In contrast, FMS individuals (i.e., a person who has a fixed mindset) believe that one’s at-

tributes, such as character and abilities, are inherited and, thus, unmalleable and not changeable

(Dweck, 1986; Dweck et al., 1995; Chiu et al., 1997; Dweck, 2012). These beliefs might be viewed

as a “core assumption in an individual’s world view” (Dweck et al., 1995, p. 268), and thus they are

relatively stable over time. Yet, one’smindset can change throughnew experiences but also targeted

interventions (e.g., Yeager et al., 2019). For example, Robins & Pals (2002) report an adjusted cor-
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relation of 0.64 for theGMS construct over a three-year window. Most research on implicit person

theories may be categorized into two core literature streams (Dweck et al., 1995). The first studies

on GMS explored its effect on learning and the ability to overcome challenges (e.g., Dweck, 1986;

Yeager et al., 2019), which were later complemented by research that explored the impact on social

judgments (e.g., Erdley & Dweck, 1993; Levy et al., 1998).

With respect to learning and overcoming hurdles, GMS and FMS individuals vary in their goal

orientation. FMS individuals pursue performance goals, in which they aim to gain (avoid) positive

(negative) judgments of their competence. In contrast, GMS individuals adopt learning goals, in

which they work toward increasing their competence (Dweck, 1986; Elliott & Dweck, 1988; Bur-

nette et al., 2013). As a consequence, FMS individuals try to minimize the likelihood of failure by

avoiding difficult tasks, and respond to setbacks with helplessness rather than persistence as they

view their abilities as fixed. In their mind, they can either perform a task or not. GMS individ-

uals, on the other hand, see the struggle in their goal pursuits and failures as part of the learning

process, and hence keep an optimistic attitude. Since GMS individuals believe they can improve

their abilities, they exhibit challenge-seeking behavior and goal persistence (Elliott &Dweck, 1988;

Burnette et al., 2013; Yeager et al., 2019). Consequently, a GMS should be most beneficial when

confronting challenges (see also Dweck, 1986; Yeager et al., 2019; Cao et al., 2022). A GMS in-

tervention that intends to improve academic performance, for example, aims to teach participants

that cognitive abilities can be developed over time (Yeager et al., 2019).

GMS and FMS individuals also differ in their social judgments. In general, FMS individuals

are more likely to make stereotypical trait judgments. In such cases, FMS individuals use limited

information to formmore extreme opinions on the characteristics of individuals and groups since

they believe that the personal character and abilities are fixed (Levy et al., 1998). To judge some-
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one’s character based on inferences that stem from a small amount of information is also relevant

in the judgment of whether some behavior is acceptable or not. Experimental evidence suggests

that GMS individuals are more tolerant toward immoral behavior (Erdley & Dweck, 1993) and

are themselves more likely to be immoral (Huang et al., 2017). For GMS individuals, an immoral

action does “not demonstrate a deep, persistent flaw in [one’s] character but, rather [is] a response

to the pressure of the particular circumstances” (Erdley & Dweck, 1993, p. 876, emphasis added).

While FMS individuals believe that someone’s immoral actions reflect who someone is, GMS indi-

viduals view the link between the personal character and behavioral outcomes as a more complex

relation that is contingent on external circumstances (e.g., Dweck et al., 1995). This contingent as-

sessment of actions gives GMS individuals somewiggle room to justify their behavior. In line with

these findings, Chiu et al. (1997) argue that GMS individuals and FMS individuals prefer different

concepts of morality. While a FMS increases the preference for a view onmorality that is based on

which “dutieswithin a given system are seen as fundamental” (p. 923, emphasis in original), GMS

individuals put greater weight on a concept ofmorality that is based in principles. Individuals who

have a duty-basedmorality prefer to meet their duties (i.e., social norms, role expectations) relative

to upholding principles. A rigid moral order tends to match their fixed beliefs in the stability of

things, such as humans’ personal characteristics (Chiu et al., 1997). This is very different from

a right-based moral system, which is based on the belief that rights are fundamental (e.g., equal

opportunities, human rights) and allows for a more dynamic view (see also Wurthmann, 2017).

The growth mindset literature has not been without criticism (for a response, see, Yeager &

Dweck, 2020). Some studies find that a GMS has no effect on academic performance and, thus,

may not relate to attitudes toward failures (Li & Bates, 2019). Yeager & Dweck (2020) suggest

that in some circumstances, the effects might be smaller, for instance, due to national differences.
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Nonetheless, large scale-studies in the U.S. show, on average, a robust relation (e.g., Yeager et al.,

2019).

The previously summarized literature stream on implicit person theories may also relate to the

role duality of the BU controller who is tasked with decision-making support and fiduciary duties

(e.g., Maas &Matejka, 2009). First, being confronted with multiple, competing role expectations

represent a challenging work environment and, thus, GMS individuals might profit from their

positive attitude toward challenging tasks. Second, studies on social norms are directly tied to role

theory since a social norm is simply a role expectation from society that members of this very soci-

ety obey or disobey (Stouffer, 1949). Hence, GMS and FMS individuals have different views on

whether breaking rules in specific cases is or is not acceptable may also affect how they perceive

actions that compromise their fiduciary duties.

2.2.3 Hypotheses

Figure 2.1 depicts the theoretical model and summarizes all hypotheses. A core assumption of

the hypotheses that link role conflict or GMS to financial misreporting is the presence of at least

some pressure to misreport or incentives to engage in financial misreporting.4 Otherwise, there is

little reason why BU controllers would compromise the integrity of the accounting information

on purpose (seeDichev et al., 2013). Tomanipulate accounting information is costly due to the risk

of detection and subsequent punishment, and there is nothing to gain in the absence of a rational

reason in doing so (see Schrand & Zechman, 2012; Feng et al., 2011).

Role conflict and financial misreporting

The link betweenpsychological stress in the formof role conflict anddysfunctional behavior iswell-

established in the literature (Jackson & Schuler, 1985; Rizzo et al., 1970). When under pressure

4Any study that explores how personal characteristics influence financial misreporting makes probably implicitly this
assumption.
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to meet multiple role expectations, individuals follow strategies to alleviate the state of psycholog-

ical stress, which sometimes include undesired behavior such as deceiving some role senders (e.g.,

Grover, 1993; Grover&Hui, 1994) or reducing one’s perceptions of the significance of discovered

governance issues (Yetmar & Eastman, 2000).5 In line with this, Maas &Matejka (2009) find that

BU controllers engage in financial misreporting when experiencing role conflict. BU controllers

who experience role conflictmight compromise their fiduciary duties because they can only deceive

the receivers of these financial reports but not the role sender who asks for the manipulation due

to information asymmetries. Thus, engaging in financial misreporting seems to be a viable strategy

to alleviate stress. However, if BU controllers feel strongly about their fiduciary duties, they might

experience role conflict because requests from colleagues to manipulate accounting information

compete with their fiduciary duties. In this case, BU controllers may alleviate role conflict by other

means, such as voicing concerns and forcing role senders to alter their demands (Grover, 1993).

Thus, the relation between role conflict and financial misreporting is an empirical question. Based

on the findings of Maas & Matejka (2009), I predict a positive association between role conflict

and financial misreporting.

H1: Role conflict is positively associated with financial misreporting.

Growth mindset and role conflict

The role duality of BU controllersmay create a challengingwork environment as they have tomon-

itor and advise BUmanagerswhile their time and resources are limited (e.g.,Maas&Matejka, 2009;

Indjejikian &Matejka, 2006; Adams & Ferreira, 2007). In such a challenging work environment,

the possibility of not perfectlymeeting all role expectations leads potentially to psychological stress

in the form of role conflict (Katz & Kahn, 1978; Rizzo et al., 1970). However, meeting all role ex-

5Yetmar & Eastman (2000) refer to this in their paper as ethical sensitivity.
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pectations is important to BU controllers who have a FMS because they seek performance goals

and thus want to avoid negative judgments of their competence. In their mind, human attributes

are fixed and not meeting all role expectations signals low competence (Dweck, 1986; Elliott &

Dweck, 1988; Burnette et al., 2013). Putting a greater weight on the importance of meeting ex-

isting role expectations may intensify role conflict (Grover, 1993). In addition, FMS individuals

react to struggles in their goal pursuits with doubt in their abilities and helplessness by showing low

persistence (Dweck, 1986; Elliott&Dweck, 1988; Burnette et al., 2013). Yet, they are still expected

to fulfill their duties which could grow frustration even further and may create a feeling that they

are facing a set of tasks that is impossible to complete with the existing resources.

In contrast, BU controllers who have a GMS are less concerned about failures as they take on

learning goals (Dweck, 1986; Burnette et al., 2013). They do not directly attribute failure to their

abilities but view it as merely a corollary of learning and, thus, GMS BU controllers keep an opti-

mistic attitude (Burnette et al., 2013;Dweck, 1986; Yeager et al., 2019). Hence,meeting not all role

expectations does not signal low ability in theirmind, reducing the pressure of having tomeeting all

role expectations perfectly. Even if they struggle whenworking on a task or failure is a threat, GMS

individuals aremore likely to copewith the situation by taking remedial actions (Hong et al., 1999).

Thus, GMS individuals take control over the situation when some role expectations might not be

met, and are less likely to experience helplessness in the presence of competing role expectations.

Furthermore, FMS individuals see fulfilling duties as something very important relative toGMS

individuals because FMS individuals view the social order asmore static (see, e.g., Chiu et al., 1997;

Wurthmann, 2017), and thus prefer to execute tasks as expected by their superiors. By not allow-

ing oneself to deviate from those expectations, FMS individuals are more likely to pursue work

standards that are not attainable when resources are scarce, causing role conflict. GMS individuals,
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on the other hand, are mentally more flexible when approaching a demanding work environment,

and are less likely to experience psychological stress as failure (i.e., notmeeting all role expectations)

is an acceptable outcome that is either a learning opportunity or a pragmatic compromise. Thus,

I hypothesize that GMS reduces role conflict.

H2: GMS is negatively associated with role conflict.

Growth mindset and financial misreporting

SometimesBUcontrollers face a dilemma inwhich they have to choose between following the rules

of their fiduciary duties and biasing accounting information to help the BU in general supposedly,

or ensure that BU managers receive their bonuses (Mahlendorf et al., 2018; Hartmann & Maas,

2010). Following economic theory, BU controllers weigh the costs and the benefits of engaging in

financial misreporting (Becker, 1968; Jia et al., 2014). Humans generally derive utility frommain-

taining a positive self-image (Mazar et al., 2008), and linking rule-breaking behavior to the personal

character increases the psychological cost of engaging in this type of behavior (Bryan et al., 2013).

GMS and FMS individuals have a different understanding of how actions and the personal char-

acter are related. FMS individuals view human attributes as fixed, and, thus one’s actions reflect

one’s character. In contrast, GMS individuals have a more complex and dynamic understanding

of why people break rules or disregard social norms since they also take the specific circumstances

into account (Dweck et al., 1995; Erdley &Dweck, 1993).

Therefore, BU controllers who have a GMS may cite the particular circumstances (e.g., unex-

pected economic shock, failing to meet a debt covenant) to justify financial misreporting because

they intent to help the BUor the BUmanager even if thismeans violating professional standards or

corporate policies (e.g.,Mahlendorf et al., 2018). The contextual processing of information allows
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GMS BU controllers to maintain a positive self-image while engaging in financial misreporting by

citing an external cause to detach the action from the personal character. This is very different to

BU controllers who have a FMS and view a violation of their duties as a signal that they are gener-

ally the type of person that manipulates accounting information (see Dweck et al., 1995), harming

the positive self-image and increasing the cost of of engaging in such behavior. In line with this,

the psychology literature finds that a GMS increases the tolerance for immoral behavior (Erdley &

Dweck, 1993) as well as the likelihood of acting immorally (Huang et al., 2017).

The static view of FMS individuals on breaking rules is also reflected in their conceptualization

ofmorality. FMS individuals have a preference for a duty-based conception ofmorality, advancing

a rigid moral order (Chiu et al., 1997). To compromise their fiduciary duties is by definition unac-

ceptable behavior in the view of a BU controller who has a FMS. GMS individuals prefer to follow

broader principles, and make their own judgments whether some behavior is in line with these

principles. This more dynamic view allows to examine a violation of fiduciary duties through the

lens of many other stakeholders (e.g., interests of the business unit, colleagues etc.), which leaves

more wiggle room to justify financial misreporting. In an experimental study,Wurthmann (2017)

shows that FMS individuals have a greater moral awareness with respect to duty-based violations

relative to GMS individuals in a business context. Building on these theoretical arguments, I pro-

pose that having a GMS leads to a more dynamic view on rule breaking and, therefore, predict a

positive association between GMS and financial misreporting.

H3: GMS is directly positively associated with financial misreporting.

Growth mindset, role conflict, and financial misreporting

Drawing on the theoretical reasoning for H1 and H3, the following hypothesis predicts the mod-
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erating effect of GMS. In the presence of psychological stress in the form of role conflict, BU con-

trollers might alleviate such stress by giving in to the demands of BUmanagers and manipulate ac-

counting information despite their fiduciary duties (Maas &Matejka, 2009). To select this coping

strategy to resolve the clash between these two role expectations is more attractive if BU controllers

also have themental flexibility to justify their actions (e.g.,Wurthmann, 2017; Huang et al., 2017).

In contrast, a FMS reduces the attractiveness of engaging in financial misreporting or might have

even intensified role conflict in the first place. FMS individuals have a preference for fulfilling their

duties (Chiu et al., 1997; Wurthmann, 2017) and, thus, a FMS increases the salience of fiduciary

duties. To be very strict with respect to the integrity of the accounting information may lead to

role conflict, however, this type of conflict might be resolved by voicing concerns rather than de-

ceiving the receivers of the financial reports (see Grover, 1993). Thus, I predict that having the

mental flexibility to break some rules strengthen the relation between role conflict and financial

misreporting.

H4: GMS increases the strength of the positive association between role conflict and finan-

cial misreporting.

The total effect of growth mindset on financial misreporting

Thehypotheses in this study predict thatGMS reduces financialmisreporting through role conflict

(indirect effect) but increases financial misreporting as a direct and moderating effect. The sign

of the total effect remains an empirical question. When the direct and the mediated effects have

opposite signs, a competing mediation is present (Zhao et al., 2010).
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2.3 Research design

2.3.1 Sample

To test my predictions, I survey senior BU controllers who work for medium- and large organiza-

tions. The use of survey data is mainly driven by the need for latent constructs to measure per-

ceptions, opinions, and behavior that cannot be captured by objective measures in the form of

archival data (Abernethy et al., 2015). I used the Orbis database to identify the sample population,

consisting of controllers of BUs that are located in Germany, Austria, and Switzerland. To impose

geographical constraints is beneficial because the effort minimizes differences in national culture

(Chow et al., 1996) as well as role understanding. Further sample restrictions are adopted to ensure

a similar research setting as in previous studies (e.g., Indjejikian&Matejka, 2006;Maas &Matejka,

2009). In detail, the corporate groupmust have at least 2,500 employees in total and the legal entity

of interest at least 250 employees. 3,896 organizations were identified, from which 295 agreed to

participate. 202 controllers completed the survey, resulting in a response rate of 68%. 18 respon-

dents were removed because they do not classify themselves as a senior BU controllers and 4 due

to missing data.6 This procedure yields my final sample of 180 BU controllers.

The questionnaire is pre-tested by academics andmembers of the target populationwhodid not

participate in the final study (Maas & Matejka, 2009; Grabner, 2014). This process led to minor

changes in the wording. As the questionnaire is administered in German, an academic translated

the final survey back into English to ensure that the intended meaning was not altered over the

process (Grabner, 2014). Furthermore, I also provided some incentives to increase participation

(individual reports and two budgeting seminar spots). Finally, two reminders were sent to the

potential participants to increase the response rate as well.

6I replacemissing values byusing themean-substitution approachwhenonly individual items for a given latent variable
are missing (e.g., Müller-Stewens et al., 2020).
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To address common-rater bias, I conduct several steps (Podsakoff et al., 2003). First, there is

some variance in the length of the scales and the naming of their endpoints. Second, Harman’s

one-factor test reports that a single factor in an unrotated factor solution explains substantially

less than 50% of the overall variance. Thus, the result of the test indicates that the common-rater

bias is most likely not a concern. Moreover, I test whether there are any differences in the mean

scores of themeasurement instruments between early and late responses to assess if a non-response

bias is present. To proxy for non-respondents by taking the late responses is common practice

(Grabner, 2014; Abernethy et al., 2015). I do not find any meaningful differences in the data and,

thus, conclude that a non-response bias is absent.

2.3.2 Measurement

All measures are based upon previous literature; in some instances, the measures are slightly ad-

justed to fit the research context. The latent variables are conceptualized as reflective measures.

This approach to measurement assumes that a change in the underlying construct causes a change

in all items of the specified latent variable (Cenfetelli & Bassellier, 2009). I conduct a confirmatory

factor analysis for all latent variables, review the response ranges, and estimate Cronbach’s alphas

to ensure content and construct validity. The results are reported in Table 2.1. Cronbach’s alphas

are greater than 0.7 if not indicated otherwise in this section. I calculate my final measurement

instruments by using the equally-weighted average of the observed items for each latent variable. A

five-point Likert scale is used for all latent variables, and the labels for the scales are based on prior

literature.

Financial Misreporting. To ask the participant in a survey whether they have misreported fi-

nancial performance-related information (MISREPORT) is problematic, as the persons may have

to confess wrongdoing. The survey asks how frequently the respondents or one of their team-
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mates takes actions to make performance look better to alleviate such concerns. This framing of

the question allows the respondent to defer the responsibility of socially undesirable actions, which

potentially increases the likelihood of receiving an honest answer (Merchant, 1990). I adopt the

wording for each item from Maas & Matejka (2009): (1) Transferring money between different

accounts; (2) Booking transactions late; (3) Booking transactions early; (4) Arranging for slack in

performance targets; and (5) re-labeling line items. The scale ranges from never to almost always.

Role Conflict. The second dependent variable of interest is role conflict (ROLEC).Tomeasure

the construct, I rely on the established survey instrument developed by Rizzo et al. (1970). The

survey question asks the respondent to indicate on a five-point Likert scale whether she strongly

disagrees or agrees with the following items: (1) I receive an assignment without the manpower

to complete it; (2) I work with two or more groups of people who operate quite differently; (3) I

receive incompatible requests from twoormorepeople; (4) I do things that are apt tobe acceptedby

one person and not accepted by others; (5) I receive an assignment without adequate resources and

materials to execute it; and (6) I work on unnecessary things. I excluded the following two items

because these items already imply a commitment toward rule-breaking: (a) I have to do things that

should be done differently; (b) I have to buck a rule or policy in order to carry out an assignment.7

Growth Mindset. I use Levy et al.’s (1998) established survey instrument to capture the re-

spondent’s agreement with the implicit person theory that relates to the growth mindset (GMS),

believing that character traits are malleable. The measure refers to a wide variety of human at-

tributes (i.e., domain-general). Moreover, since individuals have often difficulty to articulate their

implicit beliefs, simple statements are used to measure the participants’ implicit person theories

(Levy et al., 1998). The participants indicated whether they agree or disagree with the following

7Including these items does not affect the results.
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items.8 (1) Everyone, no matter who they are, can significantly change their basic characteristics.

(2) People substantially change the kind of person they are. (3) No matter what kind of a person

someone is, they can always change very much. (4) People can change even their most basic quali-

ties. Abernethy et al. (2021) introduced the construct to the accounting literature, and conducted

some validity checks. For example, they find that participants who score high on the GMS con-

struct also view intelligence as malleable.

Control Variables. I also include control variables that have been used in prior literature (e.g.,

Maas &Matejka, 2009; Kroos et al., 2022). FUNCTIONAL captures the importance of the func-

tional role (i.e., fiduciary duties) of the BU controller (Maas &Matejka, 2009). UNCERTAINTY

(α=0.66)measures the environmental uncertaintywith an 8-item scale (Govindarajan, 1984). The

participants indicated towhat degree they can predict various environmental factors. One itemhas

been removed because its factor loading was below 0.3 (Hair, 2006). To measure benchmark pres-

sure (BPRESSURE), I rely on a previously validated four-item measurement instrument (Kroos

et al., 2022). The items relate to the importance ofmeeting performance targets in the organization.

The ethical climate (CLIMATE) is measured by Cullen et al.’s (1993) survey instrument, which

captures whether employees are expected to consider customers and societal interests. DECEN-

TRAL reflects BUs’ degree decentralization by capturing the independence in the decision-making

process from the corporate HQ. The measure consists of five items with a scale that ranges from

“the HQ has all influence” to “my BU has all influence” (Abernethy et al., 2004). The variable

INTER captures the interdependence between the BU of interest and other units in the group

(Keating, 1997). I also control for business unit SIZE (the number of full-time equivalent em-

ployees), the number of years in the position (TENURE), GENDER, and business unit revenue

GROWTH.

8A low score indicates that an individual has a FMS, while a high score suggests the presence of a GMS.
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2.3.3 Empirical model

The empirical model mirrors the previously introduced theoretical model (Figure 2.1), which ex-

hibits a moderated mediation (Preacher et al., 2007; Hayes, 2015). To test my predictions with

respect to the effect of GMS on financial misreporting, I use the following structural equation

model (SEM):

ROLEC = α0 + α1GMS+ γCONTROLS+ ξ (2.1)

MISREPORT = β0 + β1ROLEC+ β2GMS+ β3ROLEC× GMS

+ γCONTROLS+ ξ
(2.2)

Equation 2.1 represents the first stage and I predict that α1 < 0. For the second stage, Equation

2.2, I predict that β1 > 0, β2 > 0, and β3 > 0.9 To explore the total effect of the competing

moderated mediation, I use bootstrapping to estimate the conditional indirect and total effects in

the SEM by setting the respective variables of the interaction term to a fixed value when analyzing

the paths (i.e., mean± one standard deviation). A bootstrap test is highly recommended to study

the aggregated effect of paths and is more suitable than the Sobel test (Hayes, 2015; Zhao et al.,

2010).

In an additional analysis, I employ a multi-group SEM to explore further the assumption that

at least some pressure to misreport is present (e.g., Abernethy et al., 2021). For this purpose, the

sample is split into two groups by taking the median of the variable BPRESSURE. BPRESSURE

9I employ some robustness checks. First, I re-estimate the empirical model without control variables. This alternative
model specification does not alter the interpretation of the results. Second, I employ bootstrapping to estimate the
confidence intervals, and the results remain robust.
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functions as a proxy for the pressure to misreport (see Dichev et al., 2013).

2.4 Results

2.4.1 Descriptive statistics

Table 2.2 provides the descriptive statistics and the correlationmatrix for the variables in this study.

The summary statistics in Panel A shows that the average participant is 4.8 years in their current

position and male (83%). This participant works for a BU that has, on average, approx. 1,700

employees, which is most likely operating in the manufacturing (47%) or consumer goods (16%)

industry (untabulated).

Furthermore, a common concern is that respondents may not want to confess wrongdoing in

a survey and, thus, do not provide an honest answer to the question of whether they engage in

financial misreporting (Merchant, 1990). More than 75% of all respondents indicated that some

degree of financial MISREPORTING is present in their BUs. The variable is, however, not sur-

prisingly skewed to the left since this behavior is often considered unacceptable. The median and

mean are 1.80 and 1.91, respectively, with a standard deviation of 0.71. Prior studies exhibit a sim-

ilar distribution (Kroos et al., 2022;Maas&Matejka, 2009). The descriptive statistics also support

the assumption that at least some benchmark pressure is present in the studied BUs. Only 8 ob-

servations have a value that is smaller than 2 on a 5-point Likert scale.10 The median benchmark

pressure is 3.5, and the variable has a standard deviation of 0.86.

Panel B shows the bivariate correlations among all variables. The directions of the correlation co-

efficients for the hypothesized relationships are consistent with my predictions. ROLEC is signifi-

cantly correlatedwithMISREPORTat the 5% level, as predicted (Maas&Matejka, 2009). GMS is

negatively correlated with ROLEC (p< 0.10). The association betweenGMS andMISREPORT
10Removing these observations does not alter the results.
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is positive but not significant, which might be due to the presence of the two opposing effects.

Moreover, BPRESSURE is positively correlated with ROLEC (p < 0.01) and MISREPORT (p

< 0.01), providing some validity for the usage of BPRESSURE as a proxy for the pressure to mis-

report in the additional analysis.

2.4.2 Main analysis

To test my theory, I use a SEM to estimate the paths of the moderated mediation model (Hayes,

2015) in Figure 2.1. My theory discussed in Section 2.2 suggests a negative indirect effect of GMS

onfinancialmisreporting sinceGMS is expected to reduce role conflict (H2), and role conflict, sub-

sequently, is hypothesized to increase financial misreporting (H1). Furthermore, GMS may also

have a direct and moderating effect on financial misreporting. Thus, while GMS is predicted to

increase financial misreporting (H3), it may also strengthen the positive association between role

conflict and financial misreporting (H4). The total effect is an empirical question. In addition to

the variables of interest, I add the control variables BPRESSURE, FUNCTIONAL, CLIMATE,

INTER, DECENTRAL, INTEGRATION, UNC, TENURE, and GENDER for both depen-

dent variables. The results for the hypothesized paths are presented in Figure 2.2, and Table 2.4

Column 1 shows the complete model. The model has a good fit (SRMR = 0.02).11 The esti-

mated path coefficients are in line with the stated hypotheses.

First, in line with H1 and Maas & Matejka (2009), ROLEC and MISREPORT are positively

associated (p< 0.05).12 This result substantiates previous evidence, which suggests that BU con-

trollers who experience role conflictmay alleviate stress levels by engaging in financialmisreporting.

11I estimate the model by employing the quasi maximum likelihood (QML) method for which only the standardized
root mean square residual (SRMR) is available as a measure to assess fit. 0.08 is the recommended cut-off (Hu &
Bentler, 1999;Mair, 2018). QML ismore suited to estimate interaction effects in SEMthan themaximum likelihood
method (Klein &Muthén, 2007).

12It is important to note that in contrast toMaas&Matejka (2009), the employed latent variable that captures financial
misreporting in this study does not include any items related to the social pressure to misreport, and I control for
benchmark pressure.
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Second, I find thatGMSandROLECarenegatively associated at the 1% level, providing support

for H2. This finding indicates that a growth mindset helps BU controllers to deal with multiple

role expectations in their challenging work environment. This is an important ability for their

job, as role conflict impedes the BU controller’s ability to protect the integrity of the accounting

information (Maas &Matejka, 2009; Yetmar & Eastman, 2000).

Third, consistent with the GMS literature onmorality, the estimated model suggests that GMS

is positively associated withMISREPORT (p< 0.10). This finding provides some evidence that a

GMS leads to amore dynamic viewon (i.e., lowers the psychological cost of) breaking rules (Huang

et al., 2017) and, thus, influences the perceived net benefits of intentionally biasing accounting

information (H3).

Fourth, the results also suggest that GMS strengthens the relation between ROLEC and MIS-

REPORT (p < 0.05), adding further evidence for the theoretical argument that GMS reduces

the psychological cost of engaging in financial misreporting. BU controllers who experience role

conflict are more likely to give in to the social pressure to misreport when they have a more flexible

view on what actions are acceptable and detach their actions from the personal character.

Finally, I use bootstrapping to estimate the conditional indirect and total effect sizes and their

confidence intervals (Hayes, 2015;Mair, 2018). The results are tabulated inTable 2.3. Since I study

a moderated mediation, the interaction terms take on constant values (i.e., mean± one standard

deviation) to estimate the conditional indirect and total effect if necessary.

The conditional indirect effect for GMS is only significant (p< 0.10) and negative when GMS

is greater or equal to its mean as a moderator (Column 1). This result suggests that the negative

effect ismainly driven by the strength of the association betweenROLEC andMISREPORTING,

which GMS moderates. In other words, it is beneficial that GMS BU controllers are less likely to
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experience role conflict, as they are also less likely to withstand social pressures to misreport.

The total effect is a combination of the indirect effect, themoderating effect, and the direct effect.

Columns 2 to 4 show that the total effect is only significant (p< 0.05) and positive whenROLEC

is high. If BU controllers experience high stress levels,13 a GMSmight reduce these to some degree.

However, they are also likely to cope with the stress by giving in to the pressure to misreport. This

finding suggests that the moderation effect and, thus, the independent level of ROLEC is of great

importance when examining the total effect of GMS.

2.4.3 Additional analysis

A fundamental assumption in the theoretical reasoning in Section 2.2 is that at least some pressure

to misreport is present. Otherwise, there is no rational reason to intentionally bias accounting in-

formation. To further substantiate my findings and the importance of this assumption, I conduct

a multi-group analysis by looking at a key organizational factor that drives financial misreporting,

namely organizational benchmark pressure. Dichev et al. (2013) surveyed and interviewed chief

financial officers and conclude that most financial misreporting occurs due to inside and outside

pressure tomeet financial benchmarks. This finding is in linewith other survey studies that suggest

that benchmarkpressure is positively associatedwithfinancialmisreporting (e.g.,Kroos et al., 2022;

Merchant, 1990). Thus, it seems reasonable to assume that BU controllers tend to face greater

pressures to engage in financial misreporting when benchmark pressure is high. Consequently, in

a scenario where the BU is likely to fall short of meeting performance targets, the BUmanager may

expect the BU controller to bias the accounting information. Thus, I propose that the hypothe-

sized relations H1, H3, and H4 are stronger when benchmark pressure is high relative to when it

is low.

13GMSmay influence the level of role conflict but also other organizational and individual factors (see Table 2.4 Col-
umn 1a).
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To test my proposition, I employ a multi-group SEM by splitting the sample into high and low

benchmark pressure BUs. The results are reported in Table 2.4. Columns 2 to 4 show the multi-

groupmodel for BPRESSURE and its correspondingWald tests. First, while the relation between

ROLEC and MISREPORT is negative and insignificant for the low organizational benchmark

pressure group, the coefficient is positive and significant (p < 0.01) for the high organizational

benchmark pressure group. The difference is also significant (p< 0.05). Even though benchmark

pressure is present in almost all firms (see Table 2.2), the relation seems to only exist for firms that

are above the average with respect to organizational benchmark pressure. This is in line withMaas

& Matejka (2009) who argue that BU controllers may “yield to pressure of local management to

[...] misreport data” (p. 1238) when experiencing role conflict.14

Second, while the coefficient is slightly larger in the high organizational benchmark group, the

association between GMS andMISREPORT is in both groups not significant anymore. A reason

for the reduction in the significance might be that separating the observations into two groups

reduces the power of the test.

Finally, the size of the coefficient for the interaction between ROLEC and GMS differs signifi-

cantly between high and low BPRESSURE firms (p < 0.10). The interaction term is significant

at the 1% level when BPRESSURE is high but non-significant when BPRESSURE is low. This

finding substantiates the result for H4 in the main analysis, which suggests that GMS reduces the

psychological cost of giving in to the social pressure to misreport when experiencing role conflict.

14Maas & Matejka (2009) do not provide empirical evidence for this specific theoretical reasoning, as they combine
the pressure tomisreport and the acceptability of misreporting into one survey construct that is a proxy for financial
misreporting.
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2.4.4 Robustness checks

In this section, I describe several steps that I take to ensure that my findings are robust. First, I

re-estimate Equation 2.1 and 2.2 by using bootstrapped standard errors. The usage of bootstrap

standard errors increases the confidence in the results when studying complex models such as a

moderated-mediation (Hayes, 2015). This procedure does not lead to any meaningful differences.

Second, I conduct all statistical tests again, but this time, I add the previously excluded items of

the latent variable that captures role conflict. My findings remain robust. Third, the exclusion of

all control variables does not alter the results with one exception. While the association between

ROLEC andMISREPORT and the interaction term remain only significant for the high BPRES-

SURE group, the difference in size of both coefficients between these two groups is not statistically

significant anymore. Fourth, I specify an untabulated SEMmodel based on Equation 2.1 and 2.2

that estimates a three-way interaction between GMS, ROLEC and BPRESSURE. I also include

all lower-level interaction terms. In line with the multi-group analysis, I find that the three-way

interaction term, as well as the two-way interaction between BPRESSURE and ROLEC, are posi-

tive and significant. The two-way interaction betweenGMS and BPRESSURE is insignificant but

positive. Moreover, there are no meaningful differences between estimating the standard errors by

employing the quasi maximum likelihood (QML) method or bootstrapping.

2.5 Conclusion

This study examines whether GMS is positively or negatively associated with financial misreport-

ing. I find a negative relation between GMS and role conflict. This finding is in line with the

psychological literature that argues that GMS individuals are better equipped to face challenging

tasks (e.g., Yeager et al., 2019; Burnette et al., 2013; Hong et al., 1999). The results also show that
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role conflict is, on average, positively associated with financial misreporting. The negative indi-

rect effect of GMS on misreporting through role conflict indicates that GMS appears to help the

BU controller to work in a demanding work environment that includes fiduciary duties and, thus,

reduces the occurrence of adverse outcomes such as financial misreporting.

However, aGMS leads to amoreflexible viewwith respect to rule-breakingbehavior (e.g.,Huang

et al., 2017; Erdley &Dweck, 1993) and, thus, reduces the psychological cost of intentionally bias-

ing accounting information. The empirical results support this theoretical reasoning, as I find that

GMS is positively associated with financial misreporting and that GMS strengthens the positive

association between role conflict and financial misreporting. Overall, the total effect of GMS on

financial misreporting is only positive and significant when role conflict is high. Otherwise, the

total effect is insignificant.

The additional analysis shows that the direct effect of role conflict on financial misreporting

and moderating effect of GMS are only positive and significant when benchmark pressure is high.

Benchmark pressure provides an economic incentive to manipulate accounting information and

is one of the most important reasons why misreporting occurs (Dichev et al., 2013). The presence

of benchmark pressure is a key assumption in this study, and is supported by the data. Further-

more, this finding implies that not all causes of role conflict are equal with respect to financial

misreporting. It is important to note that being under pressure to breach professional standards

while being aware of these very same standardsmay cause role conflict too. Thus, experiencing role

conflict might be an important psychological state to prevent financial misreporting if not the BU

controller is indifferent to or in favor of financial misreporting. Exploring this empirical finding

in greater detail might be a promising research opportunity. Nonetheless, the moderating effect

of GMS becomes more pronounced when benchmark pressure is high, suggesting that a GMS in-
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creases the attractiveness of engaging in financial misreporting as a coping strategy to alleviate role

conflict.

In conclusion, the empirical analysis suggests that aGMS tends to harmfiduciary duties in some

circumstances. Hence this study sheds some light on the effect of aGMSon governance issues (e.g.,

Huang et al., 2017;Wurthmann, 2017). Whilemany studies have focused on the potential benefits

of a GMS (e.g., Yeager et al., 2019; Burnette et al., 2013) or how a GMS affects management styles

(e.g., Abernethy et al., 2021; Heslin et al., 2005; Heslin & VandeWalle, 2011), I show that GMS

could lead to amore flexible view on breaking rules in an organizational context (e.g.,Wurthmann,

2017). In particular, an individual’s beliefs (i.e., mindset) moderates the relation between role con-

flict and financial misreporting. Further research might want to explore whether it is possible to

teach BU controllers a GMS that relates to one’s ability and intelligence, and a FMS that relates to

one’s moral character (e.g., Dweck et al., 1995). This would theoretically strengthen the fiduciary

duties by reducing role conflict and the attractiveness of manipulating accounting information.

My findings and conclusion comewith some limitations. First, due to the difficulty of receiving

a truthful proxy for financial misreporting, my measurement does not differentiate between the

respondents’ and their colleagues’ actions. Since GMS is measured at the individual level, the esti-

mated effects might be different in size if only the respondents’ actions are considered. Second, the

direction of causality between role conflict andmisreporting cannot be fully addressed with the re-

search design. In contrast toMaas&Matejka (2009)whomeasure financialmisreporting by asking

how often the respondent is under pressure to engage in financial misreporting as well as whether

financial misreporting is acceptable, I directly ask whether financial misreporting is present while

controlling for benchmark pressure and the ethical organizational climate. Despite the effort to im-

prove the researchdesign, I cannot completely rule out that the construct for financialmisreporting
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may better capture the pressure to misreport than my controls. Finally, the measure for role con-

flict does not precisely differentiate between role conflict stemming from being asked to engage in

financial misreporting and role conflict caused by other competing role expectations. Nonetheless,

I rely on a well-established construct that has been used in many other studies in psychology and

accounting (e.g., Rizzo et al., 1970; Maas &Matejka, 2009; Yetmar & Eastman, 2000).

Despite these limitations, this is the first study that explores GMS in a corporate governance

context, showing that GMS leads to a more flexible view on financial misreporting. In addition,

many studies theorize and show that role conflict leads to adverse outcomes. However, this study

indicates that this relation is contingent on the organizational context as well as personal character-

istics.
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2.A Appendices

2.A.1 Figures

H1: Role conflict is positively associated with financial misreporting
H2: GMS is negatively associated with role conflict
H3: GMS is positively associated with financial misreporting
H4: GMS increases the strength of the positive association between role conflict and financial misreporting

Figure 2.1: Theoretical model

Figure 2.2 displays coefficients of the structural equation model with standard errors in brackets. Goodness of fit: SRMR = 0.02,
using a Quasi-Maximum Likelihood (QLM) estimation with n = 180. The following control variables for both dependent vari-
ables are included: FUNCTIONAL, BPRESSURE, CLIMATE, DECENTRAL, INTER, INTEGRATION, UNCERTAINTY,
TENURE, and GENDER. I also estimated bootstrapped confidence intervals (untabulated) and do not find any substantial differ-
ences. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).

Figure 2.2: Structural model and parameter estimates
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2.A.2 Tables

Table 2.1: Latent variables
MISREPORT (1 = Never, 5 = Almost always) (α = 0.75)

Transferring money between different accounts 0.442
Booking transactions late 0.924
Booking transactions early 0.907
Arranging for slack in performance targets 0.349
Re-labeling line items 0.428

ROLEC (1 = Strongly disagree, 5 = Strongly agree) (α = 0.78)
I receive an assignment without the manpower to complete it 0.801
I work with two or more groups of people who operate quite differently 0.352
I receive incompatible requests from two or more people 0.600
I do things that are apt to be accepted by one person and not accepted by others 0.422
I receive an assignment without adequate resources and material to execute it 0.824
I work on unnecessary things 0.600

GMS (1 = Strongly disagree, 5 = Strongly agree) (α = 0.82)
Everyone, no matter who they are, can significantly change their basic characteristics 0.726
People can substantially change the kind of person they are 0.790
Nomatter what kind of a person someone is, they can always change very much 0.755
People can change even their most basic qualities 0.656

BPRESSURE (1 = Strongly disagree, 5 = Strongly agree) (α = 0.82)
In the eyes of hierarchical superiors, achieving the performance benchmarks is an accurate reflection of whether the entity 0.643
is succeeding in business
The entity is constantly reminded by hierarchical superiors of the need to meet performance benchmarks 0.850
The org. achieves control over the entity principally by monitoring whether they are going to meet the perf. benchmarks 0.747
In the eyes of hierarchical superiors, not achieving performance benchmark reflects poor performance of the entity 0.670

FUNCTIONAL (1 = Functional superior has very little influence, 5 = Very much) (α = 0.83)
Performance evaluation 0.684
Selection and placement 0.933
Dismissal 0.873
Work priorities 0.455

CLIMATE (1 = Strongly disagree, 5 = Strongly agree) (α = 0.72)
It is expected that employees will do what is right for the customer and the public 0.336
People in the company have a strong sense of responsibility to the outside community 0.649
People in this company are actively concerned about the customer’s and public’s interest 0.892
The effect of decisions on the customer and the public are a primary concern in this organization 0.634

UNCERTAINTY (1 = Very predictable, 5 = Highly unpredictable) (α = 0.69)
Manufacturing technology 0.395
Competitors’ actions 0.308
Product attributes/design 0.518
Rawmaterial availability 0.792
Rawmaterial price 0.591
Government regulation 0.409
Labor actions 0.342

DECENTRAL (1 = HQ has all influence, 3 = about same influence, 5 = business unit has all influence) (α = 0.71)
Strategic decisions (e.g., development of new products; enter and develop newmarkets; your unit’s strategy) 0.659
Investments decision (e.g., acquisition of new assets and financing investment projects; information systems) 0.397
Market decisions (e.g., campaigns; pricing decisions) 0.746
Decisions regarding internal processes (setting production/sales priorities; inputs used and/or processes employed to 0.679
fill orders; contracting input suppliers)
Human resources decisions (e.g., hiring/firing; compensation and setting career oaths for personnel employed within 0.375
your unit; reorganizing your unit; creating of new jobs)

INTEGRATION (1 = Very little, 5 = Very much) (α = 0.76)
Strict adherence to common data definitions 0.652
Strict adherence to global process ownership 0.750
Use of standardized common processes 0.643
Implemented a standard chart of accounts/standard information architecture 0.661
Reduced the number of enterprise resource planning instances 0.603
Reduced the number of Finance applications 0.445
Rationalized the number of data warehouses 0.344

Table 2.1 reports the results of the confirmatory factor analyses. The Cronbach’s alpha for each construct is reported in parentheses. I report
only the factor loadings and alphas for the final latent variables that are included in the empirical analysis. One item is removed from the
variable UNCERTAINTY, as the factor loading is below the minimally acceptable threshold of 0.3 (Hair, 2006). Two items are removed
from the ROLEC variable because these items imply a commitment toward rule-breaking.
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Table 2.2: Summary statistics
Panel A Summary statistics

Items N Mean St. Dev. Min Pctl(25) Median Pctl(75) Max

MISREPORT 5 180 1.92 0.72 1.00 1.40 1.80 2.40 3.80
ROLEC 6 180 0.00 0.81 −1.79 −0.62 −0.12 0.45 2.21
GMS 4 180 0.00 0.77 −1.82 −0.57 −0.07 0.43 2.18
BPRESSURE 4 180 3.37 0.86 1.00 2.75 3.38 4.00 5.00
FUNCTIONAL 4 180 2.80 1.13 1.00 2.00 2.75 3.50 5.00
CLIMATE 4 180 3.48 0.66 1.25 3.00 3.50 4.00 5.00
UNCERTAINTY 7 180 2.72 0.61 1.20 2.29 2.71 3.00 4.71
DECENTRAL 5 180 3.18 0.76 1.60 2.80 3.20 3.60 5.00
INTEGRATION 7 180 3.93 0.93 1.00 3.25 4.00 4.57 6.00
INTER 2 180 2.94 0.85 1.00 2.50 3.00 3.50 5.00
TENURE 1 180 4.81 3.60 1.00 2.00 4.00 6.00 20.00
GENDER 1 180 1.17 0.38 1.00 1.00 1.00 1.00 2.00
SIZE 1 179 1, 708.05 4, 291.48 1.00 200.00 600.00 1, 350.00 45, 000.00

Panel BCorrelation matrix

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

(1) MISREPORT
(2) ROLEC 0.19∗∗
(3) GMS 0.10 -0.13∗
(4) BPRESSURE 0.19∗∗ 0.22∗∗∗ 0.17∗∗
(5) FUNCTIONAL -0.03 0.13∗ 0.15∗∗ 0.08
(6) CLIMATE -0.18∗∗ -0.16∗∗ 0.02 -0.03 0.11
(7) UNCERTAINTY 0.02 0.12 0.08 -0.01 0.04 -0.02
(8) DECENTRAL -0.03 -0.20∗∗∗ -0.02 -0.09 -0.18∗∗ 0.01 -0.13∗
(9) INTEGRATION 0.07 -0.03 0.01 0.12∗ 0.16∗∗ 0.09 0.02 -0.18∗∗
(10) INTER -0.01 0.09 0.03 -0.08 0.04 0.16∗∗ -0.16∗∗ -0.20∗∗∗ 0.06
(11) TENURE -0.17∗∗ -0.17∗∗ 0.09 -0.16∗∗ -0.12 0.04 0.05 0.06 -0.06 0.13∗
(12) GENDER 0.00 0.04 0.04 -0.02 -0.08 -0.07 -0.02 -0.01 -0.17∗∗ 0.01 0.15∗∗

The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test). ROLEC and GMS are mean-centered.

Table 2.3: Total effect of growth mindset

Indirect effect Total effect

ROLEC

−SD MEAN +SD

GMS (1) (2) (3) (4)

−SD −0.005 −0.021 0.111 0.243∗∗
(0.016) (0.085) (0.070) (0.111)

mean −0.030∗ −0.046 0.086 0.218∗∗
(0.017) (0.093) (0.069) (0.101)

+SD −0.055∗ −0.071 0.061 0.193∗∗
(0.029) (0.103) (0.071) (0.094)

Sample N 180 180 180 180
Bootstrapping N 2000 2000 2000 2000

Table 2.3 displays the moderated-indirect effect as well as total effect of GMS onMISRE-
PORT with standard errors from bootstrapping in parentheses. The indirect and total
effects estimation are based on Equation 2.1 and 2.2. The means (± one standard devi-
ation (SD)) of GMS and ROLEC fix the value for the moderator if necessary. Indirect
Effect: αGMS × βROLEC + αGMS × βINTERACTION × GMS. Direct and moderating ef-
fect: βGMS + βINTERACTION × ROLEC (see, e.g., Hayes, 2015). The symbols ***, **, *
indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).
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Table 2.4: Parameter estimates and multi-group model

Panel A First stage

BPRESSURE

FULL LOW HIGH χ2

ROLEC

(1a) (2a) (3a) (4a)

GMS -0.200∗∗∗ -0.190∗ -0.240∗∗ 0.114
(0.076) (0.098) (0.109)

BPRESSURE 0.227∗∗∗ 0.280∗∗ 0.245 0.025
(0.073) (0.124) (0.186)

FUNCTIONAL 0.091∗ 0.056 0.094 0.133
(0.052) (0.067) (0.079)

CLIMATE -0.202∗∗ -0.324∗∗∗ -0.024 2.952∗
(0.090) (0.106) (0.139)

UNCERTAINTY 0.198∗∗ 0.310∗∗∗ 0.032 1.872
(0.100) (0.099) (0.178)

DECENTRAL -0.125∗ -0.067 -0.188 0.589
(0.074) (0.088) (0.130)

INTER 0.151∗∗ 0.357∗∗∗ -0.041 9.36∗∗∗
(0.067) (0.086) (0.097)

INTEGRATION -0.086 -0.062 -0.072 0.007
(0.060) (0.059) (0.106)

TENURE -0.028∗∗ -0.040∗∗∗ -0.009 1.223
(0.012) (0.012) (0.025)

GENDER 0.107 0.037 0.138 0.100
(0.156) (0.193) (0.256)

Constant -0.555 -1.228∗ -0.225 0.363
(0.726) (0.670) (1.524)

(Continued on next page.)
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Table 2.4: (Continued)
Panel B Second stage

MISREPORT

(1b) (2b) (3b) (4b)

ROLEC 0.150∗∗ -0.015 0.243∗∗∗ 4.445∗∗
(0.067) (0.086) (0.088)

GMS 0.116∗ 0.070 0.125 0.208
(0.065) (0.084) (0.087)

ROLECXGMS 0.163∗∗ 0.046 0.300∗∗∗ 2.932∗
(0.077) (0.095) (0.114)

BPRESSURE 0.105 0.076 0.287∗ 1.059
(0.068) (0.112) (0.172)

FUNCTIONAL -0.048 -0.048 -0.087 0.234
(0.043) (0.053) (0.061)

CLIMATE -0.169∗∗ -0.075 -0.228∗∗ 1.158
(0.070) (0.097) (0.105)

UNCERTAINTY 0.033 0.124 0.062 0.143
(0.081) (0.113) (0.116)

DECENTRAL 0.036 -0.068 0.172 3.256∗
(0.068) (0.081) (0.105)

INTER 0.033 0.178∗∗ -0.028 2.745∗
(0.060) (0.083) (0.093)

INTEGRATION 0.066 0.093 0.141 0.185
(0.053) (0.058) (0.096)

TENURE -0.028∗∗ -0.027 -0.048∗∗ 0.512
(0.013) (0.018) (0.024)

GENDER 0.040 -0.204 0.360∗∗ 6.019∗∗
(0.125) (0.144) (0.180)

Constant 1.825∗∗∗ 1.377∗ 0.472 0.494
(0.580) (0.733) (1.058)

Group Size 180 90 90
SRMR 0.015 0.013

Table 2.4 displays the parameter estimates for the structural model as well as the multi-
group model. Models are estimated by using the quasi maximum likelihood (QML)
method. SRMRprovides a goodness of fit statistic. The data set is split into two groups at
the median of the variables of interest (i.e., BPRESSURE). Column 4 presents the result
of the Wald tests, indicating whether the parameters are significantly different from each
other between the two groups. Themodels are simultaneously estimated for both groups
but the parameters are allowed to vary (n = 180). The symbols ***, **, * indicate p-values
of 1%, 5%, and 10%, respectively (two-sided test).
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Chapter 3

The conditional effect of forecast disaggrega-
tion on internal financial forecast accuracy

3.1 Introduction

Organizations rely on internal forecasts to guide capitalmarkets (Feng et al., 2009) aswell as to plan

their business activities (Kroos et al., 2022; Brüggen et al., 2021; Goodman et al., 2014; Gallemore

& Labro, 2015). The precision of internal forecasts is thus critical for internal as well as external

purposes. An essential design choice for internal forecasts is the level of disaggregation. In this

study, we focus on the disaggregation of internal financial forecasts (IFFs) in organizations at the

profit-center level, where costs and revenues are aggregatedby controllers in thefinancedepartment.

Such IFFs provide a basis for external disclosures to capital market participants, yet are also often

used by organizations to complement the annual master budget. Accounting scholars have mostly

directed their attention to externally available financial forecasts (e.g., Lee et al., 2012; Lim, 2001).

Despite the key role of IFFs for management purposes, we know little about whether the design of

IFFs affect jointly with contextual factors the IFF accuracy.1 The lack of research is surprising since

1We use the terms overall IFF error and accuracy interchangeably.
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the design of information systems, including IFFs, ought to be tailored to the specific information

needs of organizations in order to be effective (Chenhall &Morris, 1986; Gul & Chia, 1994).

In this paper, we focus on the potential accumulation or cancellation of errors in IFFs. Previ-

ous literature suggests that forecast errors are driven by external factors (e.g., environmental un-

certainty) as well as internal factors (e.g., biases). For example, preparing accurate IFFs is more

challenging under high levels of environmental uncertainty since the forecaster lacks knowledge

of precise cause-effect relationships and probabilities of outcomes (Leblebici & Salancik, 1981).

Therefore, an increase in environmental uncertainty increases the random forecast error (Barron

& Stuerke, 1998). Random errors are generally defined as non-systematic. In other words, the er-

rors are uncorrelated (or occasionally correlated) with each other with an expected value of zero. In

this sense, the forecaster randomly over- or understates individual factors (demand, supply, prices

of rawmaterials and labor, etc.) that determine financial outcomes in the future (see, e.g., Brüggen

et al., 2021). As a result, random errors tend to (at least partially) offset each other when they are

aggregated (Chen et al., 2015; Arya & Glover, 2014). We call this the cancellation effect.

In contrast, non-random errors are systematic; they are (almost) perfectly correlated and create

tendencies in forecasts. As a consequence, non-random errors do not cancel each other out and

induced biases even increase with the level of disaggregation due to psychological effects (accumu-

lation effect). For example, more detailed information equates to more possibilities to insert biases

(Kunda, 1990; Chen et al., 2015). Biasesmay stem from factors such as the optimism (Sedor, 2002;

Butler & Lang, 1991; Kadous et al., 2006) or overconfidence (Libby &Rennekamp, 2012; Hribar

& Yang, 2016) of the forecaster. But biases or directional preferences can also result from organi-

zational characteristics and associated incentives, such as the necessity to meet or beat a specific

benchmark (see, e.g., Dichev et al., 2013) or the competition for internal resources (e.g., Brüggen

42



et al., 2021). Such organizational pressures may incentivize managers to opportunistically inter-

vene in the IFF (e.g., Brüggen et al., 2021; Dichev et al., 2013). Thus, the literature suggests that

an overall IFF error is a function of themagnitude of its component forecast errors and the type of

error, namely random and non-random errors (Chen et al., 2015; Brüggen et al., 2021).

We substantiate our predictions by relying on accounting, economic and psychological litera-

ture. The dominance of random errors relative to non-random errors eventually determines the

size of the overall IFF error through their respective cancellation and accumulation effects. The

accumulation effect is very likely present in most IFFs since forecasters have biases, and their fore-

casts tend to reflect these biases (e.g., Chen et al., 2015; Brüggen et al., 2021; Hales, 2007; Kothari,

2001). Furthermore, the level of environmental uncertainty is likely to have a significant impact

on the relative size of random and non-random errors because uncertainty increases the random

forecast error (Barron & Stuerke, 1998). Therefore, random forecast errors are likely to dominate

non-random forecast errors when uncertainty increases. It follows that the cancellation effect of

random errors gains importance, while the accumulation of non-random errors becomes relatively

less important. Since the cancellation (accumulation) effect reduces (increases) the overall IFF er-

ror, a more disaggregated forecast is expected to possess a lower overall IFF error compared to an

aggregated forecast in high environmental uncertainty. On the other hand, when environmental

uncertainty is low, the accumulation effect becomes relatively more pronounced and disaggrega-

tion increases the overall IFF error.

To test our hypothesis, we collect survey data from 167 senior business unit controllers who are

responsible for the IFFs at the profit-center level (i.e., business units within firms). Controllers

collect, integrate and summarize the data and coordinate the IFF process and, thus, have the most

comprehensive knowledge about IFFs. Depending on the size of the organization, theymay receive
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component forecasts from different departments. It is important to note that the business unit

manager, who oversees the IFF process, is the superior of all employees involved in the IFF and,

thus, is able to influence the outcome at different levels. The business units in our sample are part

of large organizations located in Germany, Austria, or the German-speaking part of Switzerland.

Consistent with our prediction, we find that forecast disaggregation is negatively (positively) as-

sociated with the overall IFF error in high (low) level of environmental uncertainty. This finding

suggests that the benefits of the level of disaggregation are contingent on the organizational cir-

cumstances. The cancellation effect becomes more dominant relative to the accumulation effect

as environmental uncertainty increases. The presence of the accumulation effect also implies that

biases are present in IFFs. In additional analyses, we further investigate what happens if forecasters

have the opportunity tomanipulate the IFF in accordance with their directional preferences. Such

opportunistic interventions thus turn the aggregation process, in some instances, upside down.

The accumulation and cancellation effects build on the premise that errors in the component fore-

casts are aggregated by starting at the finest level of detail (Arya & Glover, 2014). Yet, members in

the business unit may decide – partially independently from the actual IFF – what the outcome

of the forecasting process ought to be in their view. In this case, the cancellation and accumula-

tion effects are manually ‘overridden’ by injecting a more favorable value at a coarser level in the

aggregation process and, subsequently, adjust the component forecasts at the lower levels accord-

ingly. Consequently, we expect the hypothesized effect to be weaker when a weak internal control

environment is present. Our results show that the cancellation and accumulation effects are only

present when the internal control environment is strong, supporting the theory that cancellation

and accumulation effects influence the overall IFF error through the aggregation process that starts

at the finest level of the IFF. Consistent with the reasoning that opportunistic interventions over-
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ride these effects, we find that that aweak internal control environment is positively associatedwith

the overall IFF bias. Finally, several robustness checks confirm the aforementioned findings.

This study makes a number of contributions to the literature. First, we add to the account-

ing literature that studies the design consequences of forecasts (Chen et al., 2015; Brüggen et al.,

2021; Kremer et al., 2016; Kroos et al., 2022). While there is some disagreement in the literature

on whether disaggregated forecasts reduce non-random errors (Brüggen et al., 2021; Chen et al.,

2015) or whether more sophisticated forecasts are useful in uncertain environments (Kroos et al.,

2022; Brüggen et al., 2021), we provide survey evidence for the presence of an accumulation ef-

fect (i.e., random errors) and a cancellation effect (i.e., random errors) in disaggregated forecasts

(i.e., financial statement lines), and that the relative strength depends on the level of environmen-

tal uncertainty. Second, we contribute to the internal control literature (Doyle et al., 2007a,b) by

showing that weak internal control environments dilute the positive effects of more disaggregated

forecasts. Feng et al. (2009) find that internal control weaknesses have a significant effect on the

accuracy of external oriented management forecasts because management is relying on erroneous

internal reports. It might be the case that investments in more sophisticated information systems

do little good if the internal control environment remains weak. In such a situation, managersmay

have the opportunity to bias results consistently, making the overall forecast less reliable. Finally,

our study adds to the forecasting literature by showing that opportunistic interventions as well as

biases and directional preferences influence the overall forecast bias through different mechanisms

in disaggreated forecasts. While the former overrides the outcome of the forecast, the latter ac-

cumulates in disaggregated forecasts. The literature on forecasting has started to investigate such

differences (e.g., Brüggen et al., 2021). Our study answers the call in the forecasting literature for

more research that sheds light on the circumstances under which more detailed forecasts are more
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likely to improve forecast accuracy (Kremer et al., 2016; Tong & Feiler, 2017).

3.2 Theory development and hypothesis

3.2.1 Internal financial forecasts

The accounting literature has mostly focused on publicly available financial forecasts, which have

the purpose to inform participants of capital markets. Such financial forecasts come, for example,

in the form of management-issued earnings guidance or analysts’ earnings forecasts (e.g., Lee et al.,

2012; Lim, 2001). We focus, however, on internal financial forecasts (IFFs) that are mainly used

for internal purposes. While Brüggen et al. (2021) study demand forecasts, we focus on IFFs in

profit centers (i.e., business units), where costs and revenues are aggregated. Research that explores

specific design aspects of IFFs is very limited so far (e.g., Kroos et al., 2022; Sivabalan et al., 2009).

Business units generally have to prepare at least some sort of earnings forecasts by adding all rev-

enues and expenses that most likely will occur within the defined unit of analysis and time period.

An IFF is widely considered as an element of a budgetary control system. Organizations create

annual master budgets to assess and incentivize their employees and, subsequently, use periodic

IFFs (e.g., on a quarterly or monthly basis) to update their expectation about future outcomes for

coordination and planning purposes (Brüggen et al., 2021; Sivabalan et al., 2009). Controllers are

involved in the preparation of IFFs for the business unitmanager and the headquarter by gathering

relevant information from various internal and, in some instances, external information sources of

the business unit. Depending on the size of the organization, departments may provide compo-

nent forecasts as an input for the overall IFF. Subsequently, this information is processed to pre-

pare forward-looking financial statements. It is important to note that the business unit manager,

who oversees the IFF process, is the superior of all employees involved in the IFF and, thus, is –
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at least to some degree – able to influence the outcome at different levels. At the corporate level,

these IFFs are usually combined in order to obtain an updated review of the company and initiate

corrective actions.

3.2.2 Forecast errors

Forecast errors may occur at all levels of detail in the forecasting process. For the purposes of this

paper, we focus on the absolute deviation of the actual outcome from the forecast (e.g., Brüggen

et al., 2021). In theory, a given component or overall forecast error of the IFF consists of two

error types or components, namely, random errors and non-random errors. Random errors are

non-systematic; they are unbiased, uncorrelated (or occasionally correlated), and have an expected

value of zero. A random error occurs when the forecaster over- or understates the predicted value

without a pattern. In contrast, non-random errors are in its nature systematic errors. Non-random

errors are (almost) perfectly correlated and have an expected value greater than zero in absolute

values due to a systematic up- or downward tendency (e.g., biases). Non-random errors become

visible in an accounting context, for example, if the organization (almost) always beats the forecast.

Biases in a forecast are tendencies thatmay stem frompsychological factors such as the optimism

(Sedor, 2002; Butler & Lang, 1991; Kadous et al., 2006) or overconfidence (Libby &Rennekamp,

2012; Hribar & Yang, 2016) of the forecaster. For instance, Hales (2007) shows investors con-

sistently exhibit directional preferences when processing information, even though they have an

incentive to be unbiased. But biases may also stem from organizational characteristics such as the

necessity to meet financial targets (Kroos et al., 2022; Dichev et al., 2013; Merchant, 1990), or the

need to compete for scarce internal resources. Such organizational pressures may incentivize man-

agers to opportunistically intervene in the IFF process (Brüggen et al., 2021; Dichev et al., 2013).
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3.2.3 Forecast disaggregation

Amore disaggregated forecast exhibits a finer level of detail and, thus, possesses more component

forecasts. For a disaggregated forecast, the forecasters predict the values for each component of

the forecast rather than predicting the aggregated value at a coarser level, which theoretically com-

prises several component forecasts at a finer level (Brüggen et al., 2021; Chen et al., 2015; Arya &

Glover, 2014). Such component forecasts predict individual factors (e.g., demand, supply, prices

of rawmaterials and labor for individual products, interest rates for different credit facilities, invest-

ments in specific product lines, machines, customers, etc.). These individual factors subsequently

determine coarser components of the forecast, such as financial outcomes (e.g., total revenues, to-

tal costs, debt, assets, cash flow of the business unit) and, eventually, the forecasted earnings. An

aggregated IFF typically combines several income, cash-flow and balance sheet statement lines to es-

timate the forecasted earnings. However, some organization or business units might only prepare

a highly aggregated forecast, such as estimating only a few income statement lines.

While Brüggen et al. (2021) argue and show, based on field data, that “unpacking” demand

forecasts into predictable and uncertain demand sources reduces the forecast error and bias, Chen

et al.’s (2015) experimental study suggests the presence of two opposing effects. Even though they

also find that disaggregation reduces forecast errors, gains in forecast accuracy are undermined by

an increase in forecast bias due to directional preferences. A reason for the differences in results

may steam from the type of disaggregation. In Brüggen et al.’s (2021) study, the uncertain demand

component is made transparent, reducing the wiggle room to insert intentional opportunistic bi-

ases. As the type of disaggregation in this study does notmake uncertainties transparent, we follow

Chen et al.’s (2015) theoretical arguments. Based on motivated reasoning theory (Kunda, 1990),

they argue and show that directional preferences will affect forecasters when they process informa-
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tion to make predictions. Forecasters in disaggregated forecasts allocate more attention to detailed

information, and thus, have more possibilities to actually insert biases (Chen et al., 2015; Hales,

2007). Biases or directional preferences, in this case, do not relate to opportunistic interventions

to achieve a specific outcome (i.e., deciding on the IFF outcome and, subsequently, adjusting ev-

erything accordingly), but rather occurmore or less unintentional (i.e., opting formore optimistic

or conservative estimates in component forecasts in accordance with one’s bias or directional pref-

erence).

3.2.4 Environmental uncertainty

Environmental uncertainty can be defined as the unpredictability in the actions of the customers,

suppliers, competitors and regulatory groups that comprise the external environment of the busi-

ness unit, and relates to the ability of decision-makers to predict relevant external environmental

factors (Govindarajan, 1984). Forecasting is more challenging under high levels of environmental

uncertainty since the forecaster lacks knowledge of precise cause-effect relationships and probabili-

ties of outcomes (Leblebici&Salancik, 1981). Therefore, an increase in environmental uncertainty

increases the random forecast error (Barron & Stuerke, 1998). In the accounting literature, this

phenomenon has been explored outside of organizations’ boundaries by studying analysts’ fore-

cast accuracy. In general, a higher forecasting complexity or difficulty is associated with a lower

forecast accuracy (Clement, 1999).

With respect to internal forecasts, the accounting literature suggests that more disaggregated

forecasts are more helpful when environmental uncertainty is high (Brüggen et al., 2021), which

is in line with Galbraith (1974) who suggests that uncertainty increases the information process-

ing needs. However, Kroos et al. (2022) find that investments in more sophisticated forecasts are

less useful to reduce the need for accounting manipulations when environmental uncertainty is
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high, as in those environments forecasting becomes exceedingly difficult. These competing empir-

ical findings may suggest that not all investments in more sophisticated forecasts are alike when

environmental uncertainty is high.

3.2.5 Statistical model

Our literature review suggests that random and non-random errors behave differently in disag-

greated forecasts, and the net effect on the overall IFFmay vary across organizational circumstances.

We illustrate our reasoning in a simple statistical model, which is based on the fundamentals of

portfolio theory. The size of the overall forecast error, |E|, is defined as

E = F− A = Er + Enr, (3.1)

where F is the value for the overall forecast, A the actual value, Er the (aggregated) random error,

and Enr the (aggregated) non-random error. In our statistical model, the overall forecast error, Ê,

is the sum of the two random variables, and can be described by μÊ, the expected value, and σ
2
Ê, its

variance.

Ê = Êr + Ênr (3.2)

The overall random error, Êr, has a given expected value of μr = 0 and a variance of σ2r (u, n), where

u is environmental uncertainty, ∂σ2r (u,n)
∂u > 0, and n the number of component forecasts. Assum-

ing that the underlying distribution has a bell-shaped form, it follows that Êr ∼ N(0, σ2r (u, n)).

We further assume that random errors at finer levels of detail inherit the same properties. Random

errors in such component forecasts are either uncorrelated (ρ = 0) or correlated (0 < ρ < 1)with

each other. A correlated random error stems from an erroneous estimation of an underlying as-
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sumption (e.g., inflation, resource prices, economic growth) that affectsmore than one component

forecast. While an uncorrelated random error is a component forecast specific error, a correlated

random error describes a systematic error (e.g., firm, industry, or economic specific).

The overall non-random error, Ênr, is systematic in its nature and has a given expected value

that is unequal to zero (μnr(n) ̸= 0), variance (σ2nr(n)), and is perfectly correlated (ρ = 1). In

contrast to random errors, σ2nr describes the consistency of the bias independent from the random

error. Furthermore, we assume based on our discussion in section 3.2.3 and empirical evidence

(e.g., Chen et al., 2015) that ∂μnr(n)
∂n > 0 if μnr(n) > 0 else ∂μnr(n)

∂n < 0 due to psychological effects.2

Again, aggregated and disaggregated non-random errors share the same properties and we further

assume a bell-shaped distribution. Therefore, we state that Ênr ∼ N(μnr(n), σ
2
nr(n)).

As previously described, the overall forecast error is the sum of two random variables (Equation

3.2). Since the random error is by our definition independent from the non-random error, we

assume that the covariance between these two variables is zero. It follows that

μÊ = μÊnr(n), (3.3)

σ2Ê = σ2Êr(u, n) + σ2Ênr(n) (3.4)

A reduction in |μÊ| or σ
2
Ê reduces P(|Ê| > x), the likelihood that the size of the overall forecast

error is greater than an arbitrary value, x, where x > 0. Equation 3.3 suggests that an increase in n

increases P(|Ê| > x) (accumulation effect). In other words, the overall forecast error increases as

the number of component forecasts increases. We further examine how the number of component

2For example, more detailed information equates to more possibilities to actually insert biases (Kunda, 1990; Chen
et al., 2015).
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forecasts affects the variance. It is important to note that environmental uncertainty, u, influences

the relative importance of σ2Ê to μÊ with respect to P(|Ê| > x). The greater the variance, the flatter

is the bell-shaped distributionwhich, in turn, increases the likelihood of large errors.3 The variance

of the overall forecast error can be described as

σ2Ê(u, n) =
n∑
i=1

n∑
j=1

wiwjσi(u)σj(u)ρij, (3.5)

where wi is the relative weight of an error in a single component forecast (wi =
σ2i∑
σ2i
) and ρij the

correlation between two component forecast errors.4

In the next step, we derive the effect of an increase in n, the number of component forecasts

at the finest level of disaggregation, on the overall forecast error variance contingent on its error

type. For the purpose of this paper, we differentiate between correlated and uncorrelated errors.

First, we set ρij = 0 for ∀i ̸= j. Assuming n increases infinitely, we receive the following σ2E for a

forecast that only consists of uncorrelated errors in its component forecasts (see Appendix 3.A.3

for mathematical proof).

lim
n→∞

n∑
i=1

w2
i σ2i (u) = 0 (3.6)

The result implies that the overall random error, Êr, converges to zero (μr) in the presence of only

uncorrelated random errors in component forecasts (cancellation effect), and

0 >
∂σ2Êr(u

′, n)
∂n

>
∂σ2Êr(u

′′, n)
∂n

for u′ < u′′ (3.7)

3To further reduce the complexity, one could set σnr(n) = 0 by assuming that the forecaster consistently biases the
forecast.

4It is important to note that random errors are not correlated with non-random errors, and non-random errors do not
depend on u, as they simply represent a measure for the consistency of a given bias. Thus, for non-random errors u
can be ignored.
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describes the slope of the convergence. Hence, P(|Ê| > x) decreases as the number of component

forecasts increases if only random errors are present, or if u is large enough so that the cancellation

effect dominates the accumulation effect.

Second, we model the behavior of correlated errors. These errors could be either random or

non-random with μr or μnr, respectively. For simplicity purposes, we restrict σi = σ, ρij = ρ for all

i ̸= j, and wi = w to derive σ2Ê (see Appendix 3.A.4 for mathematical proof).

lim
n→∞

n∑
i=1
∀i=j

w2
i σ2 +

n∑
i=1
∀i̸=j

n∑
j=1

wiwjσ2ρ (3.8)

lim
n→∞

σ2

n
+

(n− 1)ρσ2

n
= ρσ2 (3.9)

In the case of correlated errors, some portion of the variance, σ2 − ρσ2, is eliminated as n increases

infinitely. Nonetheless, the remaining portion of the variance is systemic and does not cancel out.

Thus, in this case the cancellation effect is less strong (0 >
∂σ2

Êr
(u, n, ρ′)

∂n >
∂σ2

Êr
(u, n, ρ′′)

∂n for ρ′′ <

ρ′ < 1).

A non-random error represents a special case of a correlated error since the forecaster has a direc-

tional preference (bias) and, thus, we assume ρ = 1.5,6 Under these conditions, the variance does

not decrease as the number of component forecasts increases (
∂σ2

Êr
(u, n, 1)

∂n = 0).

To summarize, cancellation and accumulation effects influence the likelihood that the size of

the overall forecast exceeds a given threshold (P(|Ê| > x)), and the relative dominance of the two

opposing effects is determined by the degree of environmental uncertainty (Equation 3.7).

5If we loosen this assumption, an accumulation effect still occurs because ∂μnr(n)
∂n > 0. But P(|Ênr| > |μnr|) may

decrease, as the unsystematic portion of the variance is canceled out (i.e., unrelated biases). Furthermore, if systemat-
ically competing biases are at play, ρij might be negative in some instances. In this case, an error is (partially) matched
with another error in the opposite direction.

6In the case of an economic shock, such as the 2008 financial crisis, setting ρ ≈ 1 for random-errorsmight be plausible.
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3.2.6 Hypothesis

Our statistical model suggests that the level of disaggregation increases or decreases the likelihood

that the size of the overall IFF error is large (P(|Ê| > x)), depending on whether random or non-

random forecast errors dominate (Equations 3.3 and 3.4). Forecasters possess biases, including the

directional preferences of their superiors, and their forecasts tend to reflect these biases. Therefore,

non-random errors (biases) are likely to be present in any IFF (e.g., Chen et al., 2015; Brüggen et al.,

2021; Hales, 2007; Kothari, 2001) and, thus, some sort of an accumulation effect is very likely to

be present in most IFFs. As environmental uncertainty increases, the random forecast errors be-

come more dominant relative to the non-random forecast errors.7 It follows that the cancellation

effect of random errors gains significance, while the accumulation of non-random errors becomes

relatively less relevant with respect to E if environmental uncertainty increases. Since the cancella-

tion (accumulation) effect reduces (increases) P(|Ê| > x), a more disaggregated forecast possesses

a lower overall forecast error compared to an aggregated forecast when environmental uncertainty

is high. The same logic applies when environmental uncertainty is low. In this case, the random

forecast errors in the component forecasts are smaller; as a result, the offsetting effect almost or

completely vanishes. Biases, however, remain present and become more dominant relative to the

random errors. Hence, we expect that the overall forecasting error increases with the level of disag-

gregation under low uncertainty because the non-random errors accumulate when they become

aggregated. We formally state the following hypothesis:

Hypothesis: IFF disaggregation is negatively (positively) associated with the size of the

overall IFF error under high (low) environmental uncertainty.

7We recognize that environmental uncertainty may induce a bias as well (see, e.g., Tversky & Kahneman, 1974; Duru
& Reeb, 2002). For the purpose of this hypothesis, however, we assume that the bias induced by environmental
uncertainty is negligible relative to the random error component.
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3.3 Research method

3.3.1 Survey design

We collect data through a questionnaire that was sent to senior business unit controllers of large

organizations who prepare IFFs at the profit-center level. The use of a questionnaire is mainly

driven by the need for data on IFFs design choices of various organizational units that operate

under different degrees of environmental uncertainty. Survey data enables researchers to take on

research endeavors for which archival data is not available (Abernethy et al., 2015). Even though

some firms publishmanagement forecasts (e.g., Feng et al., 2009; Hilary et al., 2016) with different

aggregation levels, this information does not allow us tomake inferences about the level of detail of

IFFs. Prior research suggests that the disclosure of management forecast contains a reporting bias

(e.g., Hilary et al., 2016). This may influence also the choice regarding the level of disaggregation

for which we cannot control in our setting. Furthermore, the level of disaggregation that these

firms provide is very crude (i.e., only a few items).

We limit the target population to organizations which are located in Germany, Austria, and the

German-speaking part of Switzerland. Since we need data on the characteristics of a specific man-

agement accounting technique, only large organizations are included to ensure that a sufficient IFF

process is in place. We, therefore, have employed a more restrictive size limitation as previous stud-

ies, which set the threshold at 250 employees (e.g., Widener, 2007). In our sample, the corporate

group has at least 2,500 employees in total and the legal entity of employment exceeds 250 employ-

ees. We do not make any further restrictions with respect to either the size of the business unit or

the respondents’ sphere of responsibility. We use the Orbis Data Base to identify 3,896 organiza-

tions. After a brief first contact, 295 persons agreed to participate; we sent our questionnaire to

them. In total, 202 controllers completed the survey which equates to a response rate of 68%. Sub-
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sequently, we removed 18 respondents because they did not classify themselves as a senior business

unit controller who is involved in IFF processes. 17 additional responses were discarded from the

analysis due to missing values. The procedure yields a final sample of controllers from 167 BUs.8

The questionnaire was pre-tested by academics and practitioners, who are knowledgeable about

IFF processes. The procedure led to minor changes in the wording. In order to ensure that partic-

ipants have no difficulty to understand the survey question, the final survey has been translated

into German. We asked an academic, who had not been involved in the research project at that

point and had no knowledge about the original survey, to back-translate the survey. In a final step,

we compared both English versions thoroughly to ensure that no alteration in themeaning had oc-

curred (e.g., Grabner, 2014). Furthermore, to encourage participation we offered a few incentives

(e.g., Widener, 2007), such as personalized reports as well as participation of a forecasting related

seminar.9 Almost one quarter of the participants showed no interest in the incentives due to, per-

haps, privacy concerns or altruism. Finally, we sent two reminders to further improve the response

rate.

3.3.2 Measurement

In this section, we introduce all measurement instruments for the quantitative analysis. The ma-

jority of our measures are based on prior literature. In some instances, we carefully designed new

measures when no appropriate alternatives are available. Moreover, latent variables are concep-

tualized as reflective measures, assuming that a change in the underlying latent variable causes a

change in the same direction in all items (Cenfetelli & Bassellier, 2009). On basis of this theoreti-

8We replacemissing values for latent variables by using the constructmean of a given respondent (e.g.,Müller-Stewens
et al., 2020).

9This project is part of a PhD dissertation which was also communicated to the members of the target population to
provide additional motivation. With respect to privacy concerns, several items in the survey ask about undesirable
behaviour (e.g., earnings management).
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cal assumption, we employ confirmatory factor analyses to ensure unidimensionality of the latent

variables. We also reviewed the response ranges andCronbach’s alphas to assess the construct valid-

ity. The results are reported in Table 3.1. Moreover, we anticipate general measurement concerns

with respect to survey data (e.g., Abernethy et al., 2015). We target business unit controllers who

prepare IFFs. At the initial contact, we specifically ask the participants about their role in the orga-

nization before sharing the survey with them. Furthermore, the survey asks an additional question

that was designed to determine whether the participant holds an appropriate position in the orga-

nization to answer our questions. Any respondent, who does not provide the expected answer, is

removed from the final sample. Nonetheless, business unit controllers are often involved in more

than one forecasting process. For this reason, we ask the participants to limit their responses to

the IFF that they consider most relevant to their work, ensuring that they have in-depth knowl-

edge about the processes and that the underlying research object of the respondents’ answers are

consistent throughout the survey.

We address common-rater bias by carrying out the following measures (Podsakoff et al., 2003;

Abernethy et al., 2015). First, we vary the length of our survey scales as well as the labeling of the

endpoints. The dependent variable is measured by asking the respondents to provide the average

deviation of the actual from the predicted value in percentages, relying on a relatively objectively

measure. Another key variable of interest, level of disaggregation, is also measured by asking for

the number of lines or items in the IFF. Second, we ensure the respondents that they preserve their

anonymity if they want to, suggesting that a social desirability bias in answers is limited. Third,

we separate the test variables from each other. Finally, we conduct the Harman’s one-factor test.

A single factor in an unrotated factor solution explains considerably less than half of the overall

variance. We conclude that the common-rater bias is presumably not present in our data set. We
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test also for the non-response bias by evaluating whether there any differences in the mean score

of our measurement instruments between early and late respondents. Using late respondents as

proxy for non-respondents is established practice (e.g., Grabner, 2014; Abernethy et al., 2015); we

do not findmeaningful differences in the data and conclude that a non-response bias is not present.

Overall IFF error. To our knowledge, there is no established survey instrument that measures

the accuracy of forecasts. We proxy for the overall IFF error (FCERROR) by asking controllers by

how much (in percentages) their IFF forecast deviates from the actual outcome on average in the

last three years. A higher score for FCERROR suggests a higher overall IFF error; it signals that

the actual outcome for the business unit is further away from the forecast.

IFF disaggregation. We also designed a six-item survey instrument to capture the level of IFF

DISAGGREGATION. The respondents are asked to indicate on a seven-point scale how many

lines/items for the following six items are available for the IFF: (1)Number of lines P&L; (2)Num-

ber of balance sheet lines; (3) Number of cash flow lines; (4) Number of non-financial items; (5)

Number of products in the P&L; (6) Number of regions/countries in the P&L. We drop the last

two items because these have a factor loading below 0.3, the lowest recommended threshold (Hair,

2006). The final construct consists of four items and has a Cronbach’s alpha of 0.78. By excluding

the last two items, the survey instrument does not measure all dimensions of disaggregation any-

more (e.g., product and country level). The measure mainly captures the disaggregation of finan-

cial and non-financial statements lines.10 To evaluate convergent validity, we look at a correlation

with an additional latent variable that captures the perceived information load (0.18, p=0.02), sug-

gesting adequate reliability. A higher score for this variable indicates the use of more disaggregated

forecasts.

Environmental uncertainty. We adopt Govindarajan’s (1984) well-established survey instru-

10We run the OLS regressions with all six items as well. The untabulated results are very similar.
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ment, which measures eight dimensions of perceived environmental UNCERTAINTY. Partici-

pants are asked to rate whether the environment is predictable or not along the following dimen-

sions: (1) Manufacturing technology; (2) Competitors’ actions; (3) Market demand; (4) Product

attributes/design; (5) Raw material availability; (6) Raw material price; (7) Government regula-

tions; (8) Labor actions. Market demand has been removed because its factor loading was below

0.3 (Hair, 2006). The final Cronbach’s alpha is 0.65; a high score for this variable represents amore

uncertain environment.

Control variables. INTEGRATION captures the information system integration in the busi-

ness unitwith seven items (Chang et al., 2014). The respondents are asked towhat extent have been

process and technology improvements undertaken to address the structural complexity of the IFF

process; such improvements may be helpful for forecasting purposes (i.e., it provides the ability

to integrate data from different BUs and compare expected and actual results across BUs). Pre-

vious literature (Hansen et al., 2003; Indjejikian & Matĕjka, 2012) suggests that decentralization

may affect (the outcome of) the budgeting process. To capture the degree of decentralization (DE-

CENTRAL), the respondents indicate the relative influence of corporate headquarter on the local

decision-making processwith respect to five items (Abernethy et al., 2004). Interdependenciesmay

affect both the ability to set budget targets as well as the outcomes of the budgeting process (Jordan

&Messner, 2020). The variable INTER measures with two items the degree of the BU’s interde-

pendence with other business units in the organization (Keating, 1997). Furthermore, we control

for industrybyusingdummyvariables basedon the standard industrial class codes (SIC).Weobtain

the data from the Orbis data bank. We also control for business unit SIZE, sales GROWTH, em-

ployee TUNROVER in the finance department as well as job TENURE of the participant (Kroos

et al., 2022). Finally, two dummy variables are added to the regression models that control for

59



forecast frequency, specifically the monthly and quarterly rhythm.

3.3.3 Econometric models

To test our predictions with respect to the forecast error, we use variations of the following regres-

sion models:

log(FCERROR) = β0 + β1DISAGGREGATION+ β2UNCERTAINTY+

β3DISAGGREGATION× UNCERTAINTY+ γCONTROLS+ ξ
(3.10)

We use the logarithm of FCERROR to account for the variable’s right skewed distribution (Hair,

2006). Moreover, wemean-centerDISAGGREGATIONaswell as UNCERTAINTY to improve

the interpretability of the results. The coefficients of the conditional main effects in this modera-

tion analysis “represent the effect of one variable at the (sample) average of the other” (Hartmann

&Moers, 1999, p. 300). The empirical model tests the conditional effect of level of disaggregation

on forecast error contingent on the level of environmental uncertainty. We predict that β2 > 0,

and β3 < 0 in Equation 3.10.

3.4 Results

3.4.1 Descriptive statistics and correlations

In Table 3.2, we present the descriptive statistics of as well as the correlations between the vari-

ables in this study. Table 3.2 Panel A provides the descriptive statistics. In our sample, the av-

erage business unit has 1,799 employees and most business units either operate in the manufac-

turing (47%) or consumer goods (16%) industry. More than one quarter of all organizations re-

port that they have an unbiased forecast, while all organizations have on average a forecast error
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of 14.66%. Almost all companies either forecast on a monthly or quarterly basis. 64% of all busi-

ness units belong to a group that is LISTED on a stock exchange. Table 3.2 Panel B presents the

Pearson correlations. The overall IFF error (log(FCERROR)) is negatively associated with being

LISTED on a stock exchange, indicating that listed companies either face more pressure to fore-

cast accurately or have better information available, or both. Environmental UNCERTAINTY is

positively but not significantly correlated with the overall IFF error (log(FCERROR)). Moreover,

we find a non-significant but negative correlation between UNCERTAINTY and DISAGREGA-

TION, which may suggest that organizations might decide that the additional costs of obtaining

disaggregated component forecasts exceed the benefits that may be realized when obtaining this

information since more detailed information is less useful in more innovative, rapidly changing

industries (Labro et al., 2020; Kroos et al., 2022). The level of DISAGGREGATION is positively

correlated with log(FCERROR) (p=0.03), providing some evidence for an accumulation effect of

non-random errors.

3.4.2 Main analysis

Our hypothesis predicts that disaggregation is negatively (positively) associated with the overall

IFF error in low (high) uncertainty. Table 3.3 reports the estimates of the OLS regressions of our

empirical model (Equation 3.10). The first model estimates the unconditional main effects ofDIS-

AGGREGATION andUNCERTAINTY on log(FCERROR) without the interaction. In a sub-

sequent step, we focus solely on the interaction. It is important to note that wemean-centered the

variables to improve the interpretability of our results (Hartmann &Moers, 1999).

The results in Column 1 show that DISAGGREGATION (p < 0.05) as well as UNCER-

TAINTY (p = 0.13) are positively associated with log(FCERROR). The former indicates that an

accumulation effect is present in IFF and that, on average, non-random errors dominate relative to
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random-errors. The latter indicates that environmental uncertainty increases the random forecast

error. Since our primary interest is in the interaction effect between the level of disaggregation and

environmental uncertainty, we add the interaction term to the regression model in Column 2 and

compare its R-squared with the previous one. We find that the addition of the interaction term

improves themodel, as the R-squared rises significantly from 0.15 to 0.17 (p= 0.03, untabulated).

The interaction term in Column 2 is negative and significant at the 5% level, and the conditional

main effects remain relatively stable. Thus, the results support our hypothesis, suggesting that dis-

aggregation is negatively (positively) associated with the overall IFF error in low (high) uncertainty.

Furthermore, we apply the Johnson-Neyman (J-N) technique to calculate themarginal effect of

the level of disaggregation conditional on the level of environmental uncertainty as well as its confi-

dence interval (Johnson &Neyman, 1936; Preacher et al., 2006). The J-N technique has not been

without criticism. Hartmann &Moers (1999) argue that his approach is “of little value to explore

the nature of the interaction effect alone” (p. 307). While we agree with this statement, a graphical

presentation of the J-N intervals gives the researcher (in addition to a moderated regression anal-

ysis) an effective tool to identify the regions where the conditional slope is significantly different

from zero (Burkert et al., 2014). As we hypothesize a change in sign of the conditional effect, the

J-N technique adds value to our analysis. Figure 3.1 Panel A exhibits the graphical illustration of

the J-N intervals for the full sample. We find that the conditional slope becomes negative as en-

vironmental uncertainty increases. While the conditional coefficient of DISAGGREGATION is

positive and significant at the 5% level under low uncertainty, it is negative and significant at the

10% level (only α = 5% is shown) for business units that operate in high uncertainty.
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3.4.3 Disaggregation and forecast bias

Our main analysis builds on the premise and indicates that an accumulation effect is present (e.g.,

Chen et al., 2015). In the section, we further examine the influence of the accumulation effect

on the overall IFF bias to substantiate our findings. The previously introduced statistical model

suggests that the level of disaggregation is positively associated with forecast bias. Equation 3.3

states that μÊ = μÊnr(n), where the expected value increases as the number of component forecasts

increases. It follows that the expected value does not depend on the level of environmental uncer-

tainty and the overall IFF bias growths with the level of disaggregation. As |μÊnr(n)| increases, the

likelihood that Ê has the opposite sign of μÊ becomes smaller, which increases the visibility of the

overall bias in the IFF. Thus, we predict that IFF disaggregation is positively associated with the

overall IFF bias (FCBIAS), and estimate variations of the following equation for the overall IFF

bias:

FCBIAS = α0 + α1DISAGGREGATION+ α2UNCERTAINTY+

γCONTROLS+ ξ
(3.11)

If our prediction holds, we should observe that the forecast bias accumulates with the level of dis-

aggregation. Thus, we predict that α1 > 0 in Equation 3.11.

The directional overall IFF bias is measured by asking the participants whether their business

unit regularly perform better than predicted. The scale ranges from (1) “we almost always beat

the forecast” to (9) “we almost never beat the forecast.” The scale’s midpoint (5) is marked by the

statement “sometimes we beat the forecast, sometimes we do not.” We subsequently collapse the

scale to have a measure for the overall IFF bias (FCBIAS) that ranges from no bias to very biased.
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Themidpoint (5) becomes the lowest point (1), indicating there is no bias, and all other values will

be matched accordingly (e.g., we recode a score of 9 and 1 to 5). A high score for this variable thus

represents a larger forecast error (either positive or negative).

We estimate this model by usingOLS and logit regressions. The results are reported in Table 3.4

Columns 1 and 2. Empirically, we find that the coefficients for the effect ofDISAGGREGATION

on FCBIAS are marginally significant for the OLS and Logit regressions (p = 0.13 and p = 0.16,

respectively). Hence, this finding provides some weak evidence for the accumulation effect, and

supports our conclusions from our main analysis.

3.4.4 Internal control environment and forecast errors

We also explore the moderating effect of the internal control environment on the cancellation and

accumulation effects. This allows us to disentangle opportunistic interventions from biases (e.g.,

Brüggen et al., 2021). While the former relates to unconscious biases and directional preferences

(e.g., Hales, 2007; Chen et al., 2015), the latter comprises intentional manipulations based on di-

rectional preferences (e.g., Kroos et al., 2022; Dichev et al., 2013; Merchant, 1990).

Previous literature suggests that accounting quality is lower in a weak internal control environ-

ment (Gao & Zhang, 2019; Doyle et al., 2007b). This may have two consequences with respect

to forecast disaggregation. First, the quality of component forecasts depends on the quality of

input data. Firms rely on historic accounting information to make judgements about the future

(e.g., Indjejikian et al., 2014), and if this input information is of low quality due to, for example,

manipulations, the potential benefits of forecast disaggregation are undermined (e.g., Feng et al.,

2009). Second, manipulations of accounting estimates also occur in budgetary systems when the

emphasis on corporate control is weak (Indjejikian &Matejka, 2006). In the case of disaggregated

forecasts, such a manipulation is an active intervention in the aggregation process and, thus, dis-
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torts the accumulation and cancellation effects. There are two ways how managers potentially

manipulate the IFF. (1) Forecasters who intentionally want to bias an IFF in their favor may start

with the aggregated result inmind and estimate the component forecasts accordingly. For example,

business unit managers may influence subordinates in different lower-level departments (e.g., sales

demand forecasts, operations production forecast) in the forecasting process to receive an estimate

in their favor. (2) Alternatively, the forecaster may first observe what the overall IFF result will be,

given the underlying assumptions, and subsequently intervene in the process to achieve a preferred

aggregated result.

Both interventions basically turn the aggregation process ‘upside down’, as component forecasts

are manipulated to achieve the desired aggregated result. However, the accumulation and cancel-

lation effects build on the premise that forecasters estimate the disaggregated component forecasts

at the lowest level of detail for the IFF and, subsequently, aggregates these individual component

forecasts to an overall IFF – without making any adjustments during the process at coarser levels.

In this process, the cancellation and accumulation of component forecast errors takes place (see

statistical model in section 3.2.5). Hence, opportunistic interventions in the aggregation process

theoretically reduce the contingency of the overall IFF bias and error on the aggregation process,

as the cancellation and accumulation processes are overridden by intentionally biased estimates

at coarser levels. Based on this reasoning, we make the following predictions to examine whether

the accumulation and cancellation effects drive our results.11 First, we expect that a weak inter-

nal control environment is positively associated with overall IFF bias, as a strong directional bias

is inserted in the IFF at coarser levels (overriding). Second, a less pronounced interaction effect

11In section 3.4.2 and 3.4.3, we show a negative association between DISAGGREGATION and log(FCERROR)
when UNCERTAINTY is high (cancellation effect), a positive association between DISAGGREGATION and
log(FCERROR) when environmental UNCERTAINTY is low (accumulation effect), and a positive association
between DISAGGREGATION and FCBIAS (accumulation effect).
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between IFF disaggregation and environmental uncertainty on IFF error (accumulation and can-

cellation effects) in a weak internal control environment. Third, a less pronounced association

between IFF disaggregation and overall IFF error (accumulation effect) in a weak internal control

environment. Fourth, a less pronounced association between IFF disaggregation and overall IFF

bias (accumulation effect) in a weak internal control environment.12

We proxy for the internal control environment by asking for the frequency of accounting ma-

nipulations (e.g., Kroos et al., 2022; Maas & Matejka, 2009). To lower the psychological barrier

to answer our questions truthfully, we inquire information about how frequently the participant

or someone else in the team took action to make performance look better (Merchant, 1990). The

participants rate their behavior on the following dimensions (e.g., Maas & Matejka, 2009). (1)

Transferring money between different accounts; (2) Booking transactions late; (3) Booking trans-

actions early; (4) Arranging for slack in performance targets; and (5) re-labeling line items. The

Cronbach’s alpha for our measure is 0.75 and the distribution is skewed to the left as this behavior

is widely recognized as undesirable (e.g.,Maas&Matejka, 2009; Kroos et al., 2022). We recode this

variable such that a high score on this variable represents a stronger internal control environment

(ICE). Subsequently, we test our predictions by conducting a sample split.

Table 3.5 compares the two sub-samples. We find not any meaningful differences in mean for

the variables FCERROR, FCBIAS, DISAGGREGATION, andUNCERTAINTY. Even though

this suggest that the overall IFF forecast bias is only marginally stronger in a weak internal control

environment (p = 0.14), our regression analysis shows that ICE is negatively associated (p< 0.01)

with FCBIAS (Table 3.6), providing evidence that IFF tend to be more biased when the internal

control environment is weak. Next, we repeat our main analysis in each sub-sample. As predicted

12It is important to note that if opportunistic biasing happens through the accumulation effect, the positive associ-
ation between forecast disaggregation and overall IFF bias and error must be stronger in a weak internal control
environment.
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and in line with our main analysis, Table 3.7 shows that the cancellation and and accumulation

effects are more pronounced in a strong ICE (Columns 1 and 2) relative to a weak ICE (Columns

3 and 4). In particular, the interaction term for IFF disaggregation and uncertainty is highly signifi-

cant (p< 0.01) in the strong ICE sample (Column2), where it is insignificant in theweak ICE sam-

ple (Column 4). We also examine the main effect of IFF disaggregation. Similar to the interaction

term, IFF disaggregation is only significantly associated with IFF error in the presence of a strong

internal control environment. The J-N intervals illustrate this too (see Figure 3.1 Panel B and C).

For the strong ICE sample, the coefficient is significant positive (negative) at the 5% level for low

(high) environmental uncertainty. However, the slope of IFF disaggregation is insignificant at any

level of environmental uncertainty. From these findings, we conclude the accumulation and can-

cellation effects are distorted in a weak internal control environment.13 Finally, we also repeat our

first additional analysis. Consistent with the the absence or a very weak accumulation effect in our

main analysis in a weak internal control environment, we also find that IFF disaggregation is only

positively associated with IFF bias in a strong internal control environment (Table 3.8 Columns

1 and 2). The coefficient is insignificant in the weak ICE sample. Overall, our findings indicate

that an opportunistic intervention distorts the cancellation and accumulation effects, and creates

a strong bias in the IFF.

3.4.5 Robustness tests

The results remain significant and robust when employingHuber-White heteroskedasticity consis-

tent standard errors (White, 1980; Hayes &Cai, 2007). Estimating the regression models without

control variables does not alter our findings either. Moreover, we compare the highest third (weak

13The regression model explains a substantially greater portion of the variance in the strong ICE sample compared
to the weak ICE sample. It is, however, important to note that the variance of the overall IFF error is significantly
greater in the weak ICE sample (see Table 3.5).
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ICE > 2.1) with the lowest third (strong ICE < 1.6) of firms with respect to ICE in an untabu-

lated analysis. We obtain very similar results, as the interaction term for Equation 3.10 is significant

in the strong ICE sample (-0.33, p< 0.01), and insignificant for the weak ICE sample (-0.08, p =

0.70).

To provide further evidence that a weak ICE (with more data manipulation) affects the hypoth-

esized relationships, we conduct an additional sample split. A business unit controller serves two

bosses: the business unit manager, as well as the functional superior at the corporate headquarter

level. According to principal-agent theory, there would be fewer interventions in the budgeting

process when the controller is more dependent on the functional superior (Indjejikian &Matejka,

2006). We argue that the stronger the influence of the corporate headquarter on the controller,

the stronger the internal control environment (Indjejikian & Matejka, 2006). To test this predic-

tion, we split the sample in high/low dependency of the controller on corporate headquarters. We

run our empirical model for each sample (untabulated). Similar as to our other proxy for inter-

nal control environment, we find that the interaction term is significant (p < 0.10) and negative

for log(FCERROR) in the high dependency sample, while negative and insignificant (p = 0.28)

in the low dependency on corporate headquarter sample. One reason why these effects are some-

what weaker compared to the ICE sample splits is that superiors at the headquarter level (such as

the chief financial officer and chief executive officer) may also have incentives to make top-down

interventions into the forecasting process (e.g., Beuselinck et al., 2019).

3.5 Conclusion

In this paper, we focus on the decision-facilitating role of budgetary systems by studying the inter-

nal financial forecast (IFF) accuracy, which we argue is contingent on the level of disaggregation
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and environmental uncertainty. Chen et al. (2015) provide experimental evidence that random

errors offset each other, while non-random errors accumulate when they are aggregated (Chen

et al., 2015). By taking this mechanism into account, we theorize that the level of uncertainty in-

teracts with the level of disaggregation. Uncertainty increases random errors in the forecast and,

in turn, the relative size of the cancellation effect. Thus, the benefits of having disaggregated fore-

casts are greater under high environmental uncertainty. We predict and empirically show that the

level of disaggregation is positively (negatively) associated with forecast accuracy under high (low)

environmental uncertainty. In addition, we find that disaggregated forecasts tend to have, on aver-

age, a greater forecast bias. We further examine the influence of the internal control environment,

and find that the joint effect of disaggregation and uncertainty on IFF accuracy disappears when

a weak internal control environment is present (i.e., when the ability to manipulate the forecast

is high). Finally, we provide evidence for a negative association between a strong internal control

environment and overall IFF bias.

Our study is subject to several limitations. First, the proxy for IFF error allows for some variance

in the measurement by not standardizing the earnings measure of the IFF in the questionnaire.

This potentially causes some measurement error as respondents refer to slightly different earning

measures (e.g., EBITDA, EBIT, net income) when reporting the IFF error that is most relevant for

their work. Second, even though we attempted to set up our measurement instrument as objec-

tively as possible to obtain proprietary data close to our theory, there is always some room for bias.

In particular, the latent variable to measure environmental uncertainty is subjective. Nonetheless,

we anticipated several measurement issues to limit potential biases in our sample to minimize the

effects on our results (e.g., Abernethy et al., 2015; Grabner, 2014). Third, our cross-sectional study

design does not allow us to fully rule out endogeneity and direction of causality concerns.
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Despite these limitations, our work provides valuable insights into how forecast design choices

contingent on the external and internal firm environment affect the internal forecast accuracy. Our

results imply that investments inmore sophisticated forecasting toolsmay not provide the expected

benefits when non-random errors (e.g., unconscious biases, directional preferences, opportunistic

interventions) in forecasting are a key concern in firms.
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3.A Appendices

3.A.1 Figures

(a) Full sample (b) STRONG ICE

(c) WEAK ICE

Figure 3.1 shows the area of significance for the conditional slope of IFF disaggregation, using the Johnson-Neyman
technique. Panel A is based on the regression coefficients estimated in Table 3.3 Column 2. Panel B and C use the
estimations in Table 3.7 Columns 2 and 4, respectively.

Figure 3.1: Conditional slope of IFF disaggregation
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3.A.2 Tables

Table 3.1: Latent variables
DISAGGREGATION (0 = 0, 1 = 1-4, 2 = 5-9, 3 = 10-14, 4 = 15-19, 5 = 20-24, 6 = 24<) (α = 0.78)
Number of lines P&L 0.595
Number of balance sheet lines 0.901
Number of cash flow lines 0.747
Number of non-financial items (highest aggregation level) 0.518

UNCERTAINTY (1 = Very predictable, 5 = Highly unpredictable) (α = 0.65)
Manufacturing technology 0.398
Competitors’ actions 0.306
Product attributes/design 0.521
Rawmaterial availability 0.792
Rawmaterial price 0.591
Government regulation 0.413
Labor actions 0.343

INTEGRATION (1 = Very little, 5 = Very much) (α = 0.76)
Strict adherence to common data definitions 0.609
Strict adherence to global process ownership 0.736
Use of standardized common processes 0.646
Implemented a standard chart of accounts/standard information architecture 0.612
Reduced the number of enterprise resource planning instances 0.401
Reduced the number of Finance applications 0.481
Rationalized the number of data warehouses 0.380

DEPENDENCY (1 = Functional superior has very little influence, 5 = Very much) (α = 0.83)
Performance evaluation 0.671
Selection and placement 0.933
Dismissal 0.875
Work priorities 0.448

DECENTRAL (1 = HQ has all influence, 3 = about same influence, 5 = business unit has all influence) (α = 0.71)
Strategic decisions (e.g., development of new products; enter and develop newmarkets; your unit’s strategy) 0.665
Investments decision (e.g., acquisition of new assets and financing investment projects; information systems) 0.400
Market decisions (e.g., campaigns; pricing decisions) 0.731
Decisions regarding internal processes (setting production/sales priorities; inputs used) 0.667
and/or processes employed to fill orders; contracting input suppliers
Human resources decisions (e.g., hiring/firing; compensation and setting career oaths for personnel employed 0.384
within your unit; reorganizing your unit; creating of new jobs)

Table 3.1 reports the results of the confirmatory factor analyses by construct. TheCronbach’s alpha for each construct is reported
in parentheses in the beginning of each section. This table reports only the factor loadings and alphas for the final latent variables
which are included in the empirical analyses. One item is removed from of the UNCERTAINTY latent variable, as the factor
loading is below the minimally acceptable threshold of 0.3 (Hair, 2006).
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Table 3.2: Summary statistics and correlations
Panel A Summary statistics

Items N Mean St. Dev. Min Pctl(25) Pctl(50) Pctl(75) Max

FCERROR 1 167 14.66 20.53 1 5 10 15 200
DISAGGREGATION 4 167 0.00 1.45 -2.82 -1.32 -0.07 1.18 3.18
UNCERTAINTY 7 167 0.00 0.59 -1.44 -0.44 -0.01 0.34 1.99
INTEGRATION 7 167 3.91 0.93 1.00 3.14 4.00 4.57 6.00
DEPENDENCY 4 166 2.79 1.11 1.00 2.00 2.75 3.50 5.00
DECENTRAL 5 167 3.18 0.76 1.60 2.80 3.20 3.60 5.00
INTER 2 167 2.97 0.85 1.00 2.50 3.00 3.50 5.00
TENURE 1 167 4.79 3.54 1 2 4 6 20
SIZE 1 167 1,799.15 4,428.94 1 200 600 1,538 45,000
TURNOVER 1 167 2.06 1.06 0 1 2 3 4
GROWTH 1 167 5.96 8.42 -50.00 3.00 5.00 10.00 40.00
LISTED 1 167 1.64 0.48 1 1 2 2 2
FCMONTHLY 1 167 0.47 0.50 0 0 0 1 1
FCQUARTERlY 1 167 0.45 0.50 0 0 0 1 1

Panel BCorrelation matrix

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

(1) log(FCERROR)
(2) DISAGGREGATION 0.17∗∗
(3) UNCERTAINTY 0.05 -0.09
(4) INTEGRATION 0.00 0.21∗∗∗ -0.04
(5) DEPENDENCY 0.01 0.00 0.06 0.15∗
(6) DECENTRAL -0.03 -0.02 -0.12 -0.17∗∗ -0.19∗∗
(7) INTER 0.03 0.17∗∗ -0.16∗∗ 0.10 0.05 -0.19∗∗
(8) TENURE 0.00 -0.01 0.01 -0.06 -0.12 0.05 0.13∗
(9) log(SIZE) -0.07 -0.07 0.06 -0.04 -0.05 0.05 -0.08 0.05
(10) TURNOVER 0.17∗∗ -0.06 -0.02 0.03 0.05 -0.09 0.04 -0.16∗∗ 0.06
(11) GROWTH -0.07 -0.08 0.18∗∗ 0.00 -0.10 0.07 -0.04 -0.01 0.00 -0.01
(12) LISTED -0.15∗ -0.01 -0.03 -0.04 0.06 -0.08 -0.12 -0.17∗∗ 0.04 0.02 -0.07

DISAGGREGATION and UNCERTAINTY are mean-centered.
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Table 3.3: IFF disaggregation and error

log(FCERROR)

(1) (2)

DISAGGREGATION 0.11∗∗ 0.12∗∗
(0.05) (0.05)

UNCERTAINTY 0.14 0.12
(0.13) (0.12)

DISAGGREGATION× -0.20∗∗
UNCERTAINTY (0.09)
INTEGRATION -0.05 -0.06

(0.08) (0.08)
DECENTRAL 0.03 -0.00

(0.10) (0.10)
INTER -0.00 -0.00

(0.09) (0.09)
TENURE 0.01 0.00

(0.02) (0.02)
log(SIZE) -0.04 -0.03

(0.04) (0.04)
TURNOVER 0.16∗∗ 0.15∗∗

(0.07) (0.06)
GROWTH -0.01 -0.00

(0.01) (0.01)
LISTED -0.28∗ -0.32∗∗

(0.15) (0.15)
FC Frequency Controls yes yes
Industry Controls yes yes
Observations 167 167
R2 0.15 0.17

The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively
(two-sided test). The standard errors are in parentheses.
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Table 3.4: IFF disaggregation and bias

OLS LOGIT

FCBIAS

(1) (2)

DISAGGREGATION 0.11 0.17
(0.08) (0.12)

UNCERTAINTY -0.05 -0.06
(0.19) (0.31)

INTEGRATION 0.06 0.21
(0.12) (0.19)

DECENTRAL 0.13 0.40
(0.15) (0.24)

INTER -0.10 0.03
(0.14) (0.22)

TENURE -0.00 0.05
(0.03) (0.05)

log(SIZE) 0.08 0.16∗
(0.06) (0.09)

TURNOVER -0.06 -0.02
(0.10) (0.16)

GROWTH -0.00 0.00
(0.01) (0.02)

LISTED 0.22 0.34
(0.23) (0.36)

FC Frequency Controls yes yes
Industry Controls yes yes
Observations 167 167
Observations 167 167
R2 0.06
Pseudo R2 0.07

Column 2 shows the results of a logit regressionwhere the dependent vari-
able is equal to one if FCBIAS is greater than one, and zero otherwise. The
symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-
sided test). The standard errors are in parentheses.

Table 3.5: Business units with weak and strong internal control environments

STRONG ICE WEAK ICE Difference Test

Mean St. Dev Mean St. Dev. Meana St. Devb

FCERROR 12.26 14.06 17.40 25.85 n.s. (p < 0.01)
FCBIAS 2.17 1.26 2.47 1.36 n.s. n.s.
DISAGGREGATION −0.02 1.52 0.03 1.37 n.s. n.s.
UNCERTAINTY −0.03 0.55 0.03 0.63 n.s. n.s.
The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test). DISAGGREGATION and UNCERTAINTY are
mean-centered. ICE is greater or equal 3.2 (themedian) for the strong ICE sample, while it is lower 3.2 for the low ICE sample. aSignificance
level is based onWelch Two Sample t-test. bSignificance level is based on F-test.
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Table 3.6: Internal control environment and IFF bias
OLS LOGIT

FCBIAS

(1) (2)

ICE -0.46∗∗∗ -0.67∗∗∗
(0.15) (0.26)

DISAGGREGATION 0.10 0.16
(0.07) (0.12)

UNCERTAINTY -0.08 -0.12
(0.19) (0.32)

INTEGRATION 0.04 0.19
(0.12) (0.20)

DECENTRAL 0.12 0.41
(0.15) (0.25)

INTER -0.09 0.05
(0.13) (0.22)

TENURE 0.01 0.07
(0.03) (0.05)

log(SIZE) 0.08 0.17∗
(0.06) (0.09)

TURNOVER -0.11 -0.07
(0.10) (0.17)

GROWTH 0.01 0.02
(0.01) (0.02)

LISTED 0.21 0.34
(0.22) (0.37)

FC Frequency Controls yes yes
Industry Controls yes yes
Observations 167 167
R2 0.12
Pseudo R2 0.12

Column 2 shows the results of a logit regressionwhere the dependent vari-
able is equal to one if FCBIAS is greater than one, and zero otherwise. The
symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-
sided test). The standard errors are in parentheses.
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Table 3.7: IFF disaggregation and error contingent on the internal control environment

log(FCERROR)

STRONG ICE WEAK ICE

(1) (2) (3) (4)

DISAGGREGATION 0.12∗∗ 0.13∗∗ 0.10 0.10
(0.06) (0.06) (0.09) (0.09)

UNCERTAINTY 0.18 0.18 0.07 0.06
(0.20) (0.18) (0.20) (0.20)

DISAGGREGATION× -0.33∗∗∗ -0.05
UNCERTAINTY (0.10) (0.17)
INTEGRATION -0.13 -0.16∗ 0.02 0.02

(0.09) (0.09) (0.15) (0.15)
DECENTRAL 0.01 -0.05 -0.07 -0.08

(0.13) (0.12) (0.19) (0.19)
INTER 0.01 0.00 -0.05 -0.05

(0.11) (0.10) (0.17) (0.17)
TENURE 0.00 -0.00 -0.00 0.00

(0.02) (0.02) (0.05) (0.05)
log(SIZE) -0.09∗ -0.08∗ -0.00 -0.00

(0.05) (0.05) (0.06) (0.06)
TURNOVER 0.21∗∗ 0.22∗∗∗ 0.04 0.03

(0.08) (0.08) (0.12) (0.12)
GROWTH -0.00 0.00 -0.00 -0.00

(0.01) (0.01) (0.01) (0.01)
LISTED -0.31 -0.37∗∗ -0.15 -0.16

(0.19) (0.17) (0.27) (0.27)
FC Frequency Controls yes yes yes yes
Industry Controls yes yes yes yes
Observations 89 89 78 78
R2 0.23 0.33 0.16 0.16
Adjusted R2 0.06 0.17 -0.06 -0.08

The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test). The standard
errors are in parentheses. ICE is greater or equal 3.2 (the median) for the strong ICE sample, while it is
lower 3.2 for the low ICE sample.
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Table 3.8: IFF disaggregation and bias contingent on the internal control environment

FCBIAS

OLS LOGIT OLS LOGIT

STRONG ICE WEAK ICE

(1) (2) (3) (4)

DISAGGREGATION 0.20∗∗ 0.34∗ -0.04 -0.03
(0.09) (0.18) (0.13) (0.22)

UNCERTAINTY -0.40 -0.45 -0.06 -0.21
(0.31) (0.57) (0.28) (0.48)

INTEGRATION 0.03 0.14 0.10 0.48
(0.15) (0.27) (0.21) (0.35)

DECENTRAL 0.02 0.23 0.23 0.76∗
(0.20) (0.36) (0.27) (0.45)

INTER -0.13 0.20 -0.05 -0.03
(0.17) (0.30) (0.24) (0.38)

TENURE 0.01 0.08 0.02 0.05
(0.04) (0.07) (0.07) (0.11)

log(SIZE) 0.14∗ 0.30∗∗ 0.01 0.01
(0.08) (0.15) (0.09) (0.14)

TURNOVER -0.20 -0.34 0.06 0.24
(0.13) (0.24) (0.17) (0.30)

GROWTH 0.01 0.00 -0.01 -0.00
(0.02) (0.04) (0.02) (0.03)

LISTED 0.49 0.48 0.12 0.42
(0.29) (0.53) (0.39) (0.62)

FC Frequency Controls yes yes yes yes
Industry Controls yes yes yes yes
Observations 89 89 78 78
R2 0.20 0.14
Pseudo R2 0.17 0.12

Columns 2 and 4 show the results of a logit regression where the dependent variable is equal to one if
FCBIAS is greater than one, and zero otherwise. The symbols ***, **, * indicate p-values of 1%, 5%, and
10%, respectively (two-sided test). The standard errors are in parentheses. ICE is greater or equal 3.2 (the
median) for the strong ICE sample, while it is lower 3.2 for the low ICE sample.
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3.A.3 Mathematical proof I

σ2E(u, n) =
n∑
i=1

n∑
j=1

wiwjσi(u)σj(u)ρij, (3.12)

Subsequently, we constrain ρij = 0 for ∀i ̸= j, and it follows:

σ2E(u, n) =
n∑
i=1

w2
i σ2i (u) (3.13)

As n increases infinitely (n = ∞), wemay equally weight the variances in the component forecasts

wi = w = 1
n for n component forecasts.

W =

(
1
n

)2

× n =
1
n

(3.14)

As n approaches infinity, the total of the weights in σ2E(u, n),W, converges to 0, and we receive the

following equation for the variance for random errors when n increases infinitely:

lim
n→∞

n∑
i=1

w2
i σ2i (u) = 0 (3.15)

3.A.4 Mathematical proof II

lim
n→∞

n∑
i=1
∀i=j

w2
i σ2 +

n∑
i=1
∀i̸=j

n∑
j=1

wiwjσ2ρ (3.16)

Building on Appendix 3.A.3, we have established that σ2E(u, n) approaches 0 when ρij = 0 for

∀i ̸= j, as the total of the weights is 0 in its limit. Again, as n increases infinitely (n = ∞), we may

equally weight the covariances in the component forecastswi = w = 1
n for n component forecasts.

W =

(
1
n

)2

× n+ (n× n− n)
(
1
n

)2

ρ = ρ (3.17)
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The total of the weights in σ2E(u, n), W, depends on ρ, and we can simplify the equation to the

following expression:

lim
n→∞

σ2

n
+

(n− 1)ρσ2

n
= ρσ2 (3.18)

3.A.5 Survey items

We present the survey items and scales that relate to latent variables that have more than two items

in Table 3.1.

Interdependence

This section relates to the interdependence of your business unit.

• To what extent do your unit’s actions impact on work carried out in other units of the same
company?

• Towhat extent do actions of other units in the company impact thework carried out in your
unit?

Scale:

1 = Very little

5 = Very much

Forecast error

This section relates to the forecast adequacy of the business unit’s forecast. By howmuch deviates

the forecast from the actual outcomes on average (last three years)?
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Forecast bias

Does your business unit regularly perform better than predicted?

• Actual vs. Forecast

Scale:14

1 =We almost always beat the forecast

5 = Sometimes we beat the forecast, sometimes we do not

9 =We almost always beat the forecast

Forecast frequency

Please indicate the frequency of the forecast

Scale:

1 = real time; 2 = daily; 3 = weekly; 4 = monthly; 5 = quarterly; 6 = yearly; 7 = never

Size

Please provide the following information about yourself and your employer (only integers).

Number of employees in the business unit

Tenure

Please provide the following information about yourself and your employer (only integers).

Number of years you held the position in the business unit

14It is important to note that we re-scaled this item for our analyses. For more details, see the variable description.
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Listed on stock exchange

Is the company / parent company listed on a stock exchange? (yes / no)

Sales growth

Average annual sales growth in the last 3 years. Only integers. Compounded annual growth rate

(CAGR).

%

Employee turnover

Average annual labor turnover rate in the finance department in the last 3 years.

Scale:

1 =< 5%; 2 = 5-10%; 3 = 11-20%; 4 = 11-20%; 5 = 21-50%; 6 = 51-100%; 7 = 100<%
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Chapter 4

The usefulness of brand value estimates for
predictingfinancial performance - amachine
learning approach

4.1 Introduction

This study investigates and compares the predictive ability of brand value estimates (BVE) with re-

spect to future financial performance (i.e., cash flows and earnings) from three well-known brand

value providers: Interbrand, Brand Finance, and BrandZ. In contrast to other data providers (e.g.,

Young&Rubicam,EquiTrend) that offer consumerperceptionmeasures (e.g., Larkin, 2013;Aaker

&Jacobson, 1994), Interbrand, BrandFinance, andBrandZestimate themonetary valueof abrand

or, in other words, the future economic benefits of an intangible asset. Since the contribution to

future net cash flows is a key characteristic of an asset (SFAC 6, Paragraph 26), BVE may contain

relevant information for predicting cash flows and earnings.

Notably, studies have estimated that brand value accounts for 6% to 25% of a firm’s market cap-

italization (Belo et al., 2022), and marketing expenditures have gained relevance in our modern

economy over the last decades (e.g., Corrado & Hulten, 2010). Yet, there is an ongoing debate
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on whether a brand’s value should be recognized as an intangible asset on the balance sheet. The

main motivation for this lack of recognition is the concern that BVE are not reliable (e.g., Barth

et al., 1998; Barth & Clinch, 1998; Ohlson, 1998; Kallapur & Kwan, 2004; Barth et al., 2001a;

Dutordoir et al., 2015). Given this concern, regulators have set accounting standards (e.g., Inter-

national Financial Reporting Standards (IFRS), U.S. Generally Accepted Accounting Principles

(U.S. GAAP)) that prohibit the recognition of internally developed brands on the balance sheet.

The absence of brand value on a firm’s balance sheet creates an opportunity for third parties

to estimate and publish firms’ brand values. The accounting and finance literature refers to such

activities as the information discovery role (Huang et al., 2018), providing investors with poten-

tially novel information (e.g., Dutordoir et al., 2015) that is not captured by historic accounting

performance. Firms even refer to these third-party valuations of their brand in official communica-

tion.1 Interbrand, Brand Finance, and BrandZ use their ownmethodologies to translate consumer

perceptions and financial predictions into a BVE that is publicly released. In broad terms, brand

valuators determine BVE based on the brand’s estimated role in generating future cash flows and

earnings, but their exact methodology is proprietary in nature. Perhaps unsurprisingly, therefore,

there are substantial differences between the BVE provided by external parties. For example, In-

terbrand valued the Coca-Cola brand at 63 billion USD in 2019, and at a 10% lower value in the

subsequent year; alternatively, Brand Finance (BrandZ) estimated that the Coca-Cola brand had a

value of 36 (81) billion USD in 2019, with a 2020 value that was 5% (4%) higher.

Research that links BVE to financial performance ismixed. On the one hand, prior studies show

that BVE are positively associated withmarket shares, operating margins, stock prices, and returns

(e.g., Barth et al., 1998; Bagna et al., 2017). On the other hand, Johansson et al. (2012) find that

1For example, the Mercedes-Benz Group published on their website Interbrand’s brand value estimation of the
Mercedes-Benz brand. Similarly, Philips used to communicate Interbrand’s brand value estimate in conference call
presentations and press releases.
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Interbrand’s BVE are not significantly correlated with stock returns during the financial crisis in

2008. Despite the contradicting findings, stock prices react to the publication of BVE (Dutordoir

et al., 2015), suggesting investors believe BVE contain value-relevant information. Yet, it is not

clear whether these BVE are indeed able to predict future cash flows and earnings. This raises the

research question of whether BVE have incremental information content when predicting future

cashflows (operating cashflowand free cashflow) and earnings (operating income andnet income),

relative to lagged accounting performance (i.e., whether BVE have predictive ability). Suppose

these BVEhave no incremental information content (see, e.g., Biddle et al., 1995). In this case, they

do not contain novel information that is value-relevant and, thus, BVE are not useful for investors

to predict future financial performance.2

Our empirical analysis uses BVE from annual global brand rankings for the 100 most valuable

brands that Interbrand, Brand Finance and BrandZ publish on their websites.3 Interbrand has the

longest history of producing brand rankings, starting in 1992 (see Barth et al., 1998). BrandZ and

Brand Finance started to publish rankings more recently in 2006 and 2007, respectively. There-

fore, it is not surprising that most research so far has focused on Interbrand (e.g., Barth et al., 1998;

Dutordoir et al., 2015); with only few studies focusing onBrandZ or Brand Finance data (an excep-

tion is Bagna et al., 2017). While Interbrand and Brand Finance claim that their methodologies

meet the requirements of ISO 10668 to valuate brands, BrandZ emphasizes the usage of propri-

etary questionnaires. We hand-collect the publicly available BVE from all three brand rankings for

the years between 2006 and 2021. Subsequently, we limit our sample and analyses to listed U.S.

firms. In total, we have 696 Interbrand, 623 Brand Finance, and 634 BrandZ BVE.

We test whether BVE have incremental information content by running in-sample regressions

2Even if BVE do not have incremental predictive abilities relative to historic accounting information, they may be
useful for other purposes such as the provision of incentives to managers.

3Brand Finance’s ranking comprises 500 firms, but they publish only the brand values for the first 100.
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and conduct out of sample predictions with the help of parametric and non-parametric methods.

Out-of-sample predictions ensure that our results are not affected by a look-ahead bias (e.g., de-

Haan, 2021; Easton et al., 2021). In this sense, out-of-sample predictions replicate the conditions

investors facewhen forecastingby removing all ex-post information from the training-set (Lev et al.,

2010). Since out-of-sample predictions simulate real conditions, this is our main analysis to assess

the predictive ability.

In-sample regressions show, in general, a positive and significant relation between BVE and fu-

ture earnings and cash flows for all three brand value providers. After adding the corresponding

lagged values of financial performance and other control variables (e.g., Leung &Veenman, 2018),

the relation remains significant for BVE provided by Interbrand and BrandZ, while Brand Finance

estimators do not have incremental information content. Next, we replicate our in-sample analysis

in an out-of-sample setting, where we employOrdinary Least Squares (OLS) regressions andmore

advanced machine-learning prediction models. We find that BVE on their own have substantially

less predictive power compared to other predictors or a forecast that assumes no change. We are

also unable to substantially and consistently improve our predictionmodels by adding BVE to our

rolling-window4 out-of-sample forecasting procedure.

To determine the economic significance of the out-of-sample predictions, we form portfolios

that take a long (short) position in the ten best (worst) performing firms (Lev et al., 2010; Chen

et al., 2022). While we generally find that the three-factor adjusted hedge returns for the port-

folios are significant for the cash flow measures, the results for the earnings measures are mixed.

Regarding the incremental information content of BVE, we do not find any evidence that adding

BVE to the predictionmodels leads to significantly higher portfolio returns. Yet, predictions based

4We forecast future cash flows and earnings after each brand ranking publication. The length of the forecast time
window, the test-set, is constant and always one year, whereas the training window, the training-set, increases over
time and consists of all years prior to the brand ranking publication.
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solely on BVE have some economic significance, providing weak evidence that BVE contain value-

relevant information. Overall, the data suggest that BVE do not add to the information environ-

ment beyond existing accounting information when predicting future cash flows and earnings.

We make the following contributions to the literature. First, we add to the literature that stud-

ies the importance of brand names and consumer perceptions for financial outcomes (e.g., Huang,

2018; Dutordoir et al., 2015; Larkin, 2013; Barth et al., 1998) by examining the predictive ability

of BVE.We show that BVE correlate with future cash flows and earnings. Nonetheless, we find no

evidence for the incremental information content of BVE (beyond historic accounting informa-

tion) when predicting future cash flows and earnings out-of-sample. This is the case for all three

brand rankings and their different valuation methodologies (i.e., Interbrand, Brand Finance, and

BrandZ).

Second,we contribute to thedebate about the relevance and reliability of intangible assets, specif-

ically brand values (e.g., Barth et al., 1998; Barth&Clinch, 1998;Ohlson, 1998; Kallapur&Kwan,

2004; Barth et al., 2001a; Dutordoir et al., 2015). We show that there are stark differences in the

published BVE. Still, trends in the BVE are, on average, similar amongst the different brand value

providers. While the differences in BVE may be partially due to a different selection of firms for

which brand values are calculated, this observation raises questions regarding the reliability of BVE

and the appropriate methodology to value brands.

Third, we use machine learning methods to create rolling out-of-sample forecasts to test the

incremental information content of brand values. This approach has several advantages, as it al-

lows to strictly separate learning from testing data, use ensemble models, as well as to truly show

whether adding some variables improves the prediction models. In contrast to our in-sample re-

gression results, BVE are of limited value when added to prediction models that forecast future
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financial performance out-of-sample. A portfolio analysis supports this conclusion. Our findings

suggest that future research should rely on out-of-sample predictions when judging the incremen-

tal information content of variables (e.g., Biddle et al., 1995) as the conclusions from the in-sample

and out-of-sample models might differ.

4.2 Background and literature

4.2.1 Brand value as an intangible asset

According to the Financial Accounting Standards Board (FASB), a key characteristic of an asset is

that “it embodies a probable future benefit that involves a capacity, singly or in combination with

other assets, to contribute directly or indirectly to future net cash inflows” (SFAC6, Paragraph 26).

However, the costs of internally developed intangible assets are recognized as expenses; as such, they

are not visible on the balance sheets of their owners. One of the reasons for this treatment of in-

tangible assets is that it is uncertain whether there will be future economic benefits from holding

such assets. While the future benefits for most assets are uncertain, prior research finds that high

levels of intangible assets increase the difficulty of predicting a firm’s future performance and that

internal investments into intangible assets carry greater uncertainty relatively to externally acquired

intangible assets. As a consequence, analysts supplement accounting information with private in-

formation (Barron et al., 2002; Tasker, 1998). Despite incorporating expenditures (e.g., SG&A),

which could potentially create an internally developed intangible asset, into analyst forecasts, mar-

ket participants underestimate their value (Banker et al., 2019). Edmans (2011) provides further

support for the finding that the market does not fully value intangibles by studying an employer

ranking.

Accounting and finance studies have examined the role of intangible assets in the area of techno-
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logical, organizational, social, and brand capital (e.g., Chan et al., 2001; Barron et al., 2002; Barth

et al., 1998; Deng et al., 2013; Manchiraju & Rajgopal, 2017; Edmans, 2011; Eisfeldt & Papaniko-

laou, 2014). The average firm purchases only between 3% to 19% of its intangible assets externally

(Peters & Taylor, 2017), indicating that most intangible assets are off-balance sheet. A large por-

tion of such off-balance sheet assets may refer to the brand values of firms, which are estimated to

account for 6% to 25% of a firm’s market capitalization (Belo et al., 2022).

Simon & Sullivan (1993) define brand value as the discounted sum of the “incremental cash

flows which accrue to branded products over unbranded products” (p. 28, also, Borkovsky et al.,

2017). This delta in cash flows may arise through three different channels. First, Larkin (2013)

notes that the differentiation between brands links back to Chamberlin’s (1933) monopolistic

competition. Consumers and sellers are paired according to their preferences and product char-

acteristics. The more attractive and differentiated the brand is, the more likely the consumer buys

the brand and remains loyal (e.g., Dodds et al., 1991; Chaudhuri & Holbrook, 2001; Bronnen-

berg et al., 2020). In particular, strong brands reduce the price elasticity of demand for the firm’s

products, generate larger market shares, reduce selling costs, and create entry barriers for potential

competitors (e.g., Chaudhuri & Holbrook, 2001; Smith & Brynjolfsson, 2001; Lim et al., 2020;

Bronnenberg et al., 2012). Second, Aaker (1990) suggests that firms can extend their brands to new

products, reducing the risk of market entry. Even though this strategy is not completely without

risks, building up a new brand from scratch is very costly, and success is not guaranteed (Cobb-

Walgren et al., 1995). Thus, firms can leverage their existing brands and their aforementioned ben-

efits to grow their product portfolio. Finally, job candidates prefer to apply at firms that havemore

prestige and, thus, strong brands increase the talent pool for a firm (Gatewood et al., 1993) and re-

duce wages (Tavassoli et al., 2014). Organizational capital is a vital factor in the changing economy
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(e.g., Corrado & Hulten, 2010; Eisfeldt & Papanikolaou, 2014), and may lead to a competitive

advantage and higher cash flows as an indirect effect of having a strong brand. Finally, growth in

brand valuemight also be associated with tactics that aim tomitigate the negative consequences of

shareholder complaints on firm value (Wies et al., 2019).

4.2.2 Brand value and its empirical measures

Due to the difficulty of estimating brand value, the marketing, accounting, and finance literature

has utilized data sources related to brand value. We cluster the data sources into three broad cat-

egories reflecting the data processing stage: raw customer data, aggregated consumer perceptions,

andmonetary brand value estimates (BVE). First, websites that allowconsumers to share their opin-

ions about products and brands provide continuously raw data to measure consumer perceptions.

Amazon.com (e.g., Huang et al., 2018) as well as Twitter.com (e.g., Tang, 2018; Culotta & Cut-

ler, 2016) are good examples. These data sources have the advantage of tracking brand reputation

in real-time (Rust et al., 2021), allowing firms and investors to act upon that data. Second, some

data providers survey consumers and, thus, offer new information by creating multi-dimensional

consumer perception measures. For example, the Brand Asset Valuator by Brand Asset Consult-

ing/Young & Rubicam (e.g., Larkin, 2013; Mizik & Jacobson, 2008) as well as EquiTrend by The

Harris Poll (e.g., Aaker& Jacobson, 1994; Johansson et al., 2012) provide several proprietary survey

measures (e.g., brand strength, brand stature, perceived brand quality) that are based on consumer

surveys and are measured by a point scale. Even though these data providers do not estimate the

monetary value of brands, such consumer data can be translated to monetary effects (Mizik &

Jacobson, 2008; Verbeeten & Vijn, 2010). Finally, some data providers specifically estimate the

monetary value of brands (i.e., BVE). The quantification of future economic benefits is a vital

step regarding the recognition of an intangible asset and, thus we focus our study on these BVE.
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These brand value providers appear to base their estimates on a combination of financial modeling

and non-financial information (e.g., consumer surveys). Well-known brand value providers are In-

terbrand, Brand Finance, and BrandZ; while several studies have used the BVE from Interbrand

(e.g., Dutordoir et al., 2015; Barth et al., 1998), reserach that uses BVE from Brand Finance and

BrandZ is limited (Bagna et al., 2017). All three BVE providers annually publish a report of the

100 most valuable brands on their websites. Interbrand, Brand Finance, and BrandZ published

their first global brand rankings in 1992, 2007, and 2006, respectively. To give some indication

of the salience of the brand rankings, we conduct a simple keyword search in the Factiva database

and count the number of articles for a given brand valuator over time (Figure 4.1). Interbrand had

been the most visible ranking until 2018 when Brand Finance overtook Interbrand. Interbrand’s

salience peaked in 2014. In contrast, BrandZ has been substantially less visible than the other two

data providers.

4.2.3 Brand value estimates and financial performance

The link between marketing activities and financial outcomes has attracted much attention in the

past years (for reviews, see Edeling et al., 2021; Swaminathan et al., 2022). Research so far has lim-

ited its efforts to study in-sample associations rather than out-of-sample predictions. In general,

non-financial brand value measures are associated with cash flow volatility (Larkin, 2013), sales

(Huang, 2018; Tang, 2018) and abnormal stock returns (Huang, 2018). Yet, the empirical evi-

dence for the value relevance of BVE is mixed so far. On the one hand, investors seem to react to

(unexpected) changes in BVE (Dutordoir et al., 2015)5 and BVE is positively associated with firm

value (Madden et al., 2006; Kerin & Sethuraman, 1998) – even after controlling for accounting

information (Barth et al., 1998). Bagna et al. (2017) complement Barth et al.’s (1998) findings

5Kallapur &Kwan (2004) also find a stock price reaction to the first announcement of brand value recognition on the
balance sheet for 33 U.K. firms.
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by investigating the value relevance of BVE provided by Interbrand, Brand Finance, and BrandZ

between 2013 and 2015. They show a stronger effect for Brand Finance relative to the other two

rankings. On the other hand, Johansson et al. (2012) find that Interbrand’s BVE are not signif-

icantly correlated with stock returns during the financial crisis in 2008, while controlling for the

three Fama–French factors. However, they find a positive association for the non-financial Equi-

Trend brand equity measures. We are not aware of any studies that investigate the link between

BVE and cash flows as well as earnings. The lack of research is surprising, as the economic ben-

efits of an intangible asset, such as brand value, relate to its ability to generate future cash flows,

according to the FASB.

4.2.4 Developments in studying predictors of cash flows and earnings

In the accounting literature, we observe some developments with respect to testing the predictabil-

ity of earnings and cash flows (e.g., Lev et al., 2010; Easton et al., 2021; Bajari et al., 2015). Bostwick

et al. (2016), for example, use in-sample and out-of-sample regressions to investigate the predictive

ability of goodwill impairment. This approach shows that their findings also hold under ‘real’

conditions. In contrast to in-sample estimations, out-of-sample predictions ensure that future in-

formation that would not be available to the forecaster does not induce a look-ahead bias when

training the prediction model (Lev et al., 2010). Examining the predictive ability of variables out-

of-sample increases the rigor of academic research, as prior studies have argued that forecasting

models perform relatively poorly out-of-sample and are hence of limited use for investors (Camp-

bell & Thompson, 2008; Welch &Goyal, 2008; Goyal &Welch, 2003).

Recent research combines out-of-sample predictions with machine learning approaches (e.g.,

Chen et al., 2022; Easton et al., 2021). For example, Easton et al. (2021) use a k-Nearest Neigh-

bors model to predict earnings out-of-sample and conclude that a firm’s recent earnings history
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is very informative about what its future earnings will be, suggesting that past performance is an

important factor to consider when judging the predictive ability of new variable. Following recent

literature, we use in-sample as well as out-of-sample estimates to determine the predictive ability of

BVE.

4.2.5 The predictive ability of Interbrand, Brand Finance, and BrandZ

We do not know the ‘true’ value of a brand and, thus, cannot verify the precision of the BVE pro-

vided by Interbrand, Brand Finance, and BrandZ. Yet if the BVE are proxies for intangible assets,

they should be positively associated with future cash flows and earnings, following the definition

of the FASB (see also Simon & Sullivan, 1993; Borkovsky et al., 2017). A positive association be-

tween BVE and future cash flows or earnings suggests that these estimates contain value-relevant

information for investors.6 Amore restrictive definition of value relevance is a positive association

that remains present after controlling for publicly available historic accounting fundamentals (e.g.,

past cash flows and earnings). To use the incremental information content of BVE as a criterion

seems adequate, as such comparison asks whether BVE provide new information beyond already

existing and readily available accounting information (see Biddle et al., 1995). It is important to

note that the three brand rankings only provide a vague description of their methodologies,7 and

we cannot verify whether their BVE are actually based upon thesemethodologies. Nonetheless, we

provide an overview of the rankings and their methodologies (Table 4.1).

Interbrand takes into account the economic profit of the brand, the role of brand index (i.e.,

the importance of the brand in the purchasing decision), as well as the strength of the brand (i.e.,

its ability to create loyal customers). Interbrand’s definition of economic profit is the after-tax op-

erating profit of the brand, minus a charge for the capital used to generate the brand’s revenue

6Given that a firm’s future cash flows theoretically determine the market value.
7Our discussion is based upon information disclosed by the brand valuators on their websites.
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andmargins. Interbrand suggests that its methodology is compliant with the requirements of ISO

10668. Brand Finance relies on the Royalty Relief methodology, which estimates what a firm

would pay to use the brand if it does not own it. Therefore, Brand Finance’s brand value estimate

is the discounted after-tax value of themultiplication of the brand strength score, the brand royalty

rate, and the forecasted revenues. Brand Finance also states that its methodology is compliant with

the requirements of ISO 10668. BrandZ has a three-part process. First, they estimate the parent

company’s earnings that can be attributed to a given brand and is derived from its intangible assets.

To project these earnings into the future (i.e., financial value), they use multiples. Second, BrandZ

determines the contribution of the brand equity to the financial value by relying on proprietary

survey data that captures several dimensions (i.e., power, premium, potential). Third, the brand

value is a multiplication of brand contribution and financial value. Based on these descriptions of

the methodologies that the brand valuators provide, it seems reasonable to assume that the BVE

provided by Interbrand and Brand Finance have relatively more in common and are more likely to

be relative conservative compared to BrandZ, as the Interbrand and Brand Finance methodologies

are both in line with IS0 10668.

In line with the definition of brand value (e.g., Simon& Sullivan, 1993; Borkovsky et al., 2017),

all three brand valuators attempt to isolate the portion of future financial performance that can be

attributed to the brand. With respect to the future financial performance, Interbrand refers to an

operating profitmeasure, Brand Financementions revenues, and BrandZ cites earnings. Thus, the

predictive ability of these BVEmight vary between cash flow and earnings measures.
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4.3 Methodology

In this section,we explain thedata collectionprocess. Subsequently,wedescribe the researchdesign

and present our empirical approach. Finally, we provide an overview of the variables we use in our

empirical analyses.

4.3.1 Sample construction

We hand-collect BVE from Interbrand, Brand Finance, and BrandZ for the years between 2006

and 2021. All three organizations publish brand rankings on their websites on a yearly basis; these

publications include the estimated brand values for the 100 most valuable brands in the world,

as well as a discussion of the critical challenges and opportunities that the brands – in different

industries – are facing. As Brand Finance started publishing its reports in 2007, data for 2006 on

Brand Finance is missing. On the other hand, Interbrand and BrandZ did not publish their 2021

reports at the time of the data collection. Thus, our initial sample consists of 1,500 BVE for each

brand ranking (15 years / 100 brands annually). Subsequently, we match each brand name to its

legal owner by hand and restrict the sample to firms that are listed and domiciled in the U.S. This

procedure results in a sample of 696 (Interbrand), 623 (Brand Finance), and 634 (BrandZ) BVE.

We further match the remaining observations with data from CRSP and Compustat.

4.3.2 Research design

In this study, we investigatewhether the providedBVEhave incremental information contentwith

respect to estimating and predicting cash flows and earnings, relative to historic accounting infor-

mation. We separate our analyses into three parts.

First, to investigate the incremental information content of BVE, we estimate future cash flows

and earnings in-sample. Following previous literature (e.g., Barth et al., 2001a; Ittner & Larcker,
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1998; Lev et al., 2010), we use the absolute level of cash flows and earnings, deflated by total assets.

If the association betweenBVE and future cash flows or earnings is significantwhile controlling for

publicly available accounting information (e.g., lagged cash flows and earnings, total assets, etc.),

the analysis provides evidence for the incremental information content of brand values.

Second, we also employ an out-of-sample rolling forecast to investigate the (incremental) pre-

dictive ability of BVE with respect to cash flows and earnings (e.g., Lev et al., 2010; Easton et al.,

2021). In fact, the out-of-sample prediction is our main analysis. To ensure that our findings do

not depend on the selection of the prediction method, we use several machine learning methods

to see whether our findings are robust.

Finally, we construct several portfolios based on the out-of-sample predictions from our previ-

ous step, which allows us to assess the economic significance of our findings (Chen et al., 2022;

Lev et al., 2010). To ensure that our results are not driven by the selection of firms,8 we create

benchmark portfolios (Chen et al., 2022; Li &Mohanram, 2019; Piotroski & So, 2012) based on

three-factors (i.e., size, book-to-market, andmomentum) to adjust the stock returns based on listed

U.S. firms (see Eugene&French, 1992;Wahal, 2019; Bali et al., 2011; Frankel&Litov, 2009). Sub-

sequently, we investigate whether adding BVE to a given prediction model leads to significantly

higher three-factor-adjusted portfolio returns.

4.3.3 Variables

Table 4.16 provides an overview of all variable definitions, including a detailed description as well

as the data sources. Table 4.2 shows the descriptive statistics. Our main variables of interest are re-

ported BVE, deflated by total assets, by the three well-known brand ranking providers: Interbrand,

Brand Finance, and BrandZ.

8Our sample is not representative of listed firms onU.S. stock exchanges; rather, it is a collection of some of the largest
and most well-known firms in the world.
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We select the same outcome variables as Lev et al. (2010) for our cash flow and earnings analyses

(see alsoHribar&Collins, 2002; Barth et al., 2001b; Easton et al., 2021). OCF is the operating cash

flow less the accrual portion of extraordinary items and discontinued operations reported on the

statement of cash flows. FCF, free cash flow, is OCFminus capital expenditures per the statement

of cash flows. OI is the operating income after deprecation. Net income, NI, is defined as the

income before extraordinary items. All four outcome variables are deflated by total assets.

We also select the following set of common control variables (Leung & Veenman, 2018; Cur-

tis et al., 2014; Bentley et al., 2018) that are publicly available, namely firm age, market-to-book

value, total assets, sales growth, and earnings volatility. These control variables may be correlated

with future cash flows and earnings. In particular, larger and older firms tend to have higher future

earnings and cash flows, while sales growth and earnings volatility is negatively associated with fu-

ture cash flows and earnings (Leung&Veenman, 2018). Book-to-market is a proxy for the growth

option of the firm (Bamber & Cheon, 1998). In addition, we control for whether a firm has mul-

tiple brands in the ranking and, thus, multiple entries (i.e., house of brands).

For the portfolio analysis, we adjust the firm-specific monthly raw returns by subtracting the

returns from a benchmark portfolio to account for the bias in our sample (given that we study

only firms that own the most valuable brands in the world). Specifically, we create 18 benchmark

portfolios (2 × 3 × 3) based on the intersection between size, book-to-market, and momentum.

We useNYSE/AMEX/NASDAQcutoffs and limit the sample toU.S. firms. Momentum captures

the accumulated stock returns from t-12 to t-2. The portfolios are formed at the end of themonth

when the brand ranking is released and hold for one year. For each portfolio, we calculate the value-

weighted returns and subtract these from the firm-specific raw returns (see, e.g., Eugene & French,

1992; Wahal, 2019; Bali et al., 2011; Frankel & Litov, 2009).9

9In untabulated analyses, we use size-adjusted stock returns based on CRSP’s NYSE/AMEX/NASDAQ size cutoffs

97



4.4 Empirical results

4.4.1 Summary statistics: a brief comparison of brand rankings

We start by comparing the similarities between brand rankings over time, discussing the character-

istics of the brand rankings and the correlations across rankings. Since we focus on brands owned

by an entity that is domiciled and listed in the U.S., we count the brands that meet these crite-

ria. The number of U.S. brands in the brand rankings ranges between 38 and 52 over the sample

period, where Interbrand (Brand Finance) has, on average, the highest (lowest) number of U.S.

brands (Figure 4.3 Panel A). Figure 4.3 Panel B exhibits the overlap of U.S. brands between the

three brand rankings. The figure shows, in general, a U-shaped pattern over time, suggesting fewer

brands from the U.S. for Brand Finance and BrandZ during 2010 and 2015. There is also a neg-

ative trend in the similarity of Interbrand and Brand Finance, with Interbrand focusing more on

U.S. brands relative to Brand Finance. Brand Finance and BrandZ share the greatest similarities as

they included 37 of the same brands in 2007 and 38 in 2020. Interbrand and Brand Finance have

the smallest number of common brands. They ranked 29 of the same brands in their top 100 in

2007, but this number decreased to 26 (2020) over time.

We also contrast themarket capitalization of the brand owners across brands rankings over time

(Figure 4.3 Panel C). In general, we observe that the listed U.S. firms in Interbrand’s ranking have,

on average, a significantly lower market value relative to the other two rankings (see Table 4.3).

The average market values are 127, 178, and 164 billion USD for Interbrand, Brand Finance, and

BrandZ, respectively. We document a steady upward trend in market value apart from a small

dip in 2009, which is most likely caused by the global financial crisis that started in September

2008. With respect to the estimated monetary value of U.S. brands, we find significant differences

(CRSP file “erdport1”; e.g., Leung & Veenman, 2018; Chen et al., 2022), which does not alter our findings in a
meaningful way.
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between all three brand rankings. Notably, BrandZ (with an average of 42 billion USD) tends to

attribute the largestmonetary value to brands relative to the other two rankings, followed byBrand

Finance (28 billion USD) and Interbrand (21 billion USD). The gap in terms of monetary brand

values of the different providers has widened over time (see Figure 4.3 Panel D). In addition, the

data (non-tabulated) also suggest that changes in brand value differ significantly across the brand

value providers. Even though the large differences in both the average BVE (the BVE for BrandZ

is twice the average brand value for Interbrand) as well as the changes in BVE may be partially

attributable to the different firms that are included in the ranking (see Table 4.3), it also signals

that the regulator’s concerns regarding the reliability of brand valuations may be justifiable. We

provide descriptive statistics for all employed variables in Table 4.3.

Finally, we discuss the correlations across the BVE of listed U.S. firms from the three providers,

which we report in Figure 4.2. For each brand value provider, we create a figure that reports four

time series (two by two). Specifically, one dimension splits the information into total BVE as well

as percentage changes. With regard to the second dimension, we correlate the BVE from the brand

ranking of interest with the corresponding values of the other two rankings that are published prior

to the release of the brand ranking of interest. Brand Finance, BrandZ, and Interbrand release

their reports at the beginning, middle, and end of the year, respectively. The correlation over all

years between Interbrand’s BVE (Panel A) and Brand Finance as well as BrandZ are 0.87 (0.49 for

changes in %) and 0.86 (0.53 for changes in %), respectively. The correlation over all years between

Brand Finance’s BVE (Panel B) and Interbrand and BrandZ are 0.88 (0.31 for annual changes in

%) and 0.89 (0.11 for annual changes in %), respectively. The correlations over all years between

BrandZ’s BVE (Panel C) and Interbrand as well as Brand Fiance are 0.82 (0.37 for changes in %)

and 0.89 (0.31 for changes in %), respectively. We observe a slight upward trend for correlations
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between Brand Finance and BrandZ, as well as Interbrand and BrandZ. This may suggest that the

individual brand providers may use the information from the other two competing rankings to

produce BVE. In addition, the relatively high correlations suggest that while BVEmay differ across

the three providers, trends in the BVE appear to be relatively similar.

4.4.2 Part I: brand value and financial performance - in-sample estimations

In this section, we employ various in-sample regression models to study the incremental informa-

tion content of BVE to estimate cash flows and earnings. We test this by looking at four outcome

variables (i.e., Operational Cash Flows (OCF), Free Cash Flows (FCF), Net Income (NI), andOp-

erating Income (OI)) for each of the three brand value providers (i.e., Interbrand, Brand Finance,

and BrandZ). It is important to note that the lagged outcome variable is added to the regression

model in each case:

OCFi,t+1 = β0 + β1BVEi,t + β2OCFi,t + γCONTROLS+ εi,t, (4.1)

where BVEi,t is the BVE for firm i at time t for one of the data providers (IB_VALUE, BF_VALUE,

BZ_VALUE is the BVE from Interbrand, Brand Finance, andBrandZ, respectively). All other vari-

ables in t are published before the brand ranking of interest is released. We estimate three separate

regressions for each brand provider. The first includes only BVE. The second regression excludes

the BVE, and the final regression includes all previously specified variables. The first two regres-

sions give insight into the relative information content of BVE relative to lagged financial perfor-

mance when estimating future financial performance. Specifically, it shows which measure has

greater relative information content; this is useful whenmakingmutually exclusive choices among
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alternatives (Biddle et al., 1995). Our focus is on the third regression, which assesses the incremen-

tal information content of BVE relative to lagged financial performance. If BVE have incremental

information content beyond lagged financial performance and other financial information when

estimating future financial performance, β1 should be positive and significant in this regression.

Tables 4.4 to 4.6 exhibit the results of Equation 4.1, and report standardized coefficients to

enhance the comparability. Panel A of Table 4.4 shows that, for Interbrand, the coefficient on

IB_VALUE is highly significantwhen estimatingOCF, FCF,OI, andNIone year ahead (p< 0.01),

and remains significant after adding the respective lagged value of the outcome variable. The size

of the coefficients shrinks by about 50% to 75%. After adding controls, for instance, an increase in

BVE (OCFt+0) by one standard deviation increases the OCFt+1 by 0.15 (0.60) standard deviations

(Column 3). Interestingly, our controls firm age and size are negatively associated with earnings

and cash, which is not in line with prior literature (e.g., Leung & Veenman, 2018). A potential

reason for this is that our sample only includes the largest U.S. firms. Most of the other controls

are not consistently significant. The regressions in Panel B exhibit a less clear pattern. While we

still find that the coefficient on IB_VALUE is significant for all four outcome variables, the coef-

ficient remains only significant for NIt+1 when adding controls and the lagged outcome variables.

Again, we repeat the procedure for BrandFinance andBrandZ, andfind that BVE are generally pos-

itively associated with future earnings and cash flows. However, the coefficient on BF_VALUE is

insignificant in every specifications where controls and the lagged outcome variables are included.

For BrandZ, we find that adding the lagged outcome variables and controls reduces the significance

substantially andonly some coefficients remain significant. BrandZ’s and Interbrand’s BVE appear

to have information content relative to historic accounting performance when predicting future

financial performance. By comparing the R-squared, we find that for all three BVE providers, the
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relative information content of accounting information is higher compared to BVE. Overall, we

conclude that the evidence for the incremental information content for all three brand rankings is

mixed at best.

4.4.3 Part II: brand value and future financial performance - out-of-sample predictions

This section describes the out-of-sample prediction models and benchmarks in more detail. Lev

et al. (2010) indicate that a regression analysis of a given variable on lagged values of that variable

along with other data is not a conclusive test of predictive ability, as prediction models should also

work out-of sample. Out-of-sample predictions are “replications of what investors do – predict,

with no ex-post information (as implicitly assumed by in-sample studies)” (Lev et al., 2010). To

evaluate the quality of the out-of-sample predictions, we compute common summary measures

of prediction errors (e.g., Easton et al., 2021; Bajari et al., 2015; Lev et al., 2010). Specifically, we

calculate the mean absolute error (MAE), the root mean squared error (RMSE), and the out-of-

sample R-squared. The focus of our out-of-sample predictions is on improving the precision of

predictions through the addition of the BVE.

We employ rolling out-of-sample forecasts, using the same variables from Part I.10 Equation 4.1

and Tables 4.4 to 4.6 describe the information used for the prediction models. We forecast future

cash flows and earnings after each brand ranking publication. The length of the forecast time win-

dow, the test-set, is constant and always one year, whereas the training window, the training-set,

increases over time and consists of all years prior to the brand rankingpublication.11 Wecreate three

forecasts for each intersection of outcome measure and brand value provider. The main model in-

cludes all previously defined predictors. In addition, we use one model that only includes BVE

10We exclude fixed effects because they potentially cause a look-ahead bias (deHaan, 2021).
11We also split the sample into half, sorted by time, and do not find any meaningful differences with regard to the
forecast error. For the sake of brevity, we do not report these results.
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and another model that includes all predictors but BVE, allowing us to evaluate whether adding

the BVE to an out-of-sample forecast improves the model accuracy. Again, we predict OCF, FCF,

OI, and NI in t + 1, and always add the lagged cash flow or earnings measure to the predictors.

Our benchmark forecast is a prediction that takes on the value of the lagged cash flow or earnings

measure. This is likely the most trivial form of predicting a future value, as it assumes no change.

In addition, we also briefly investigate the predictive ability of only BVE as a predictor. The fol-

lowing paragraph briefly describes the employed machine learning methods. We use the Python

Scikit-learn package by Pedregosa et al. (2011) and a grid search to select the optimal hyperparam-

eters.12

LinearRegression. A standardOLS regression. RandomForest Regression fits a number of classi-

fying decision trees on various random sub-samples of the training data and, subsequently, uses av-

eraging to improve the predictive accuracy. This approach reduces, to some degree, the likelihood

of over-fitting. Linear regression (3Variables) selects the three best features for the finalmodel, and

drops all others. K-Nearest Neighbors is a linear regression based on k-nearest neighbors. The sub-

sequent prediction is based on a local interpolation of the predictions of the k nearest neighbors in

the training-set. Ridge Regression is a variant of a linear regression, where a penalty term that adds

an additional cost for large coefficients is included to address multicollinearity. Support Vector Re-

gression ensures that errors do not exceed a threshold – instead of minimizing errors, which is the

case inOLS regressions. Ensemble Forecast is ameta estimator that averages all the above predictors

to diversify across model uncertainty, as all models are misspecified (Timmermann, 2018).

Tables 4.7 to 4.9 and Figures 4.4 to 4.6 exhibit the results. With respect to OCF (Table 4.7), we

find that our trivial benchmark prediction, OCFt =OCFt+1, performs relatively well compared to

the more sophisticated methods. Surprisingly, assuming no change is almost as accurate as or, in

12https://scikit-learn.org/ provides a more detailed description for the methods.
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some cases, more accurate than sophisticated models that rely on multiple predictors. Overall, the

Ensemble Forecast is the most accurate model according to the out-of-sample R-squared. When

comparing the R-squared over time (Panel A of Figure 4.4 to 4.6), we cannot detect any trends in

the predictability, yet all machine learningmodels follow a similar pattern. Interestingly, this is the

case for all models – including the model that sets OCFt+1 to OCFt – which suggests a learning

effect is most likely not the cause for the pattern. A learning effect could take place as the training-

set increases over time, feeding the machine with more information to learn. Even though the

increase in the size of the training-set over time does not visibly lead to an improvement in the

forecast accuracy over time, a learning effect might still be present.

Overall, all performance metrics for the OCF predictions indicate that adding BVE to the ma-

chine learningmodels does not improve the forecast accuracy consistently nor in ameaningful way.

In particular, Column 4 suggests that the R-squared improves by 0.004 for the best-performing

forecasting model (Ensemble Forecast). Yet, adding all other predictors to a model that only uses

BVE as input improves the R-squared by 0.335 (Column 5). This contradicts our findings from

the in-sample regressions (Tables 4.4 to 4.6), wherewefind some evidence for the incremental infor-

mation content. The historic accounting information explains up to 76% of the variance (Column

3). Yet, the Ensemble Forecast based on the full model has in 55% of the individual predictions a

lower absolute error compared to a model that excludes BVE (Column 1). To test whether this

gain in accuracy according to one of the four accuracy measures is economically meaningful, we

conduct a portfolio analysis in the next section. By considering all predictionmodels and accuracy

measures, we conclude that the out-of-sample predictions provide little evidence to support the

results from the in-sample regressions.

The out-of-sample predictions of the other measures provide a similar picture. Adding BVE
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to the FCF (Table 4.8), OI (Table 4.9), and NI (Table 4.10) forecasts does not improve the out-

of-sample R-squared consistently nor substantially. The Ensemble Forecast provides for FCF the

most accurate forecast, while the lagged OI and a regression that limits the predictors to three vari-

ables is forOI andNI the best forecast, respectively. This finding suggests thatOI is relatively stable

over time.

Finally, we also explore whether overfitting is a problemwhen training the predictionmodels. It

is important to note that we conduct a grid search to fine-tune the hyperparameters. For this pro-

cedure, we further split the training-set into multiple training- and validation-sets to identify the

hyperparameters that possibly work best out-of-sample (i.e., test-set). Consequently, the problem

of overfitting is likely reduced due to the usage of validation-sets. In addition, we use the training-

set as the test-set in an untabulated analysis to see how well the models fit the training data. Over-

fitting seems to be only a concern for the random forest regressions as well as K-NearestNeighbors.

Interestingly, these models still perform quite well out-of-sample compared to models that are less

prone to overfitting. For all other models, the prediction error is slightly lower when using the

trained model on the training data compared to the test data.

4.4.4 Part III: portfolio analysis

In this section, we use the predictions from Part II to conduct a portfolio analysis. Specifically, we

rank the sample firms based on the results of a given forecast and create hedge portfolios by taking

a long position in the ten best performing firms and a short position in the ten worst performing

firms (e.g., Lev et al., 2010;Chen et al., 2022), according to these predictions. The intuition behind

the analysis is that if the out-of-sample predictions that includeBVEhave a greater predictive ability

with respect to cash flows and earnings compared to out-of-sample predictions that exclude BVE,

they would (eventually) also result in higher stock returns. The returns from the hedge portfolios
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are also separated into portfolios that take a long position in only the ten best performing firms or

the ten worst performing firms. In addition, we create a portfolio based on a random selection of

ten firms to benchmark our findings. To test whether the portfolio returns are different from zero,

we employ a t-test on all individual monthly three-factor-adjusted returns (N = 10(20) × 13).

Most importantly, we test whether adding BVE as an additional predictor to forecasting models

leads to higher portfolio returns. For this purpose, we perform an additional t-test to determine

the statistical significance.

Tables 4.11 to 4.13 report the three factor-adjusted portfolio returns for theOCF, FCF,OI, and

NI forecasts, respectively. We sort the forecasts based on their out-of-sample R-Squared. The cash

flow forecasts show a very similar pattern for each brand ranking. We find that the hedge portfo-

lio (max. 5.0%) and the long-only portfolio based on the ten best performing firms (max. 7.3%)

outperform the benchmark portfolio significantly. This means that investors can outperform the

benchmark portfolio by trading on cash flow predictions (e.g., Lev et al., 2010). Some forecasts

have even very similar returns compared to a portfolio that is based on the perfect forecast, the per-

formance measure of interest in t + 1, suggesting that the order of firms is quite similar. We find

that neither the portfolios based on a random selection nor the portfolio of the worst-performing

firms have adjusted returns that are consistently and significantly different from zero. Finally, we

do not find any differences in returns between portfolios based on forecasts that include and those

that exclude them (ΔBVE in Columns 2, 5, 8). This finding suggests that adding BVE to predic-

tion does not lead to incremental financial gains when forming portfolios. Yet, we find in some

instances that a forecast that uses only BVE as a predictor generates significantly lower portfolio

returns relative to the full model (ΔAcc in Columns 3, 6, 9).

With respect to the earnings measures, we generally do not find that creating portfolios based
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on ranking firms by earnings is related to differences in stock returns, with one exception: firms

that are listed in the BrandZ ranking (Panel C in Tables 4.13 and 4.14). But again, adding BVE to

the earnings forecasts does not lead to higher stock returns. Lev et al. (2010) find a similar pattern,

suggesting that trading onpredicted earnings comeswith lower t-values. Apotential reason for this

might be that earnings seem to be relativelymore predictable, and thus investorsmight have already

traded on this information. In line with our findings from Part II, we conclude that adding BVE

to the prediction models does not result in better forecasts nor translate into higher stock returns.

Our evidence thus suggests that BVE hardly contain incremental information content relative to

historic accounting information, and if it does, it does not have economic significance.

In an additional analysis, we also investigate whether portfolios based on the forecasting mod-

els that only include BVE as predictors can generate returns that are significantly different from

zero (Table 4.15). The hedge portfolios have significantly positive returns for many of the best

performing predicting models,13 suggesting that these BVE contain value-relevant information.

4.5 Conclusion

This paper examines the predictive ability of three well-known brand value providers (i.e., Inter-

brand, Brand Finance, and BrandZ) for firms’ future financial performance. While brand names

play an important role in marketing and business, such as selling high-margin products, build-

ing a favorable reputation, and hiring and retaining talented employees, the value of internally-

developed brand names is neglected by accounting standard setters. The exclusion of internally-

developedbrands fromfinancial statements has been argued to hurt investors. However, regulators

have emphasized the importance of reliability over relevance, fearing that BVE may add valuation

13We only report models with the highest R-squared. Untabulated results show that some models with greater errors
have higher hedge portfolio returns.
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biases or noise to financial statements. Nonetheless, third parties have seized this opportunity and

started to publish BVE, with each brand value provider using its ownmethodology. The contribu-

tions of these BVE to the prediction of future financial performance remains yet an open question.

We hand-collect the publicly available BVE from 2006 to 2021. First, we provide insights into

the similarities and differences between the BVE from the three data providers. While the absolute

value of the BVE differs significantly across the three providers, the trends in the BVE are similar.

Next, we evaluate whether BVE have incremental information content beyond historic account-

ing information to estimate future financial performance. We find that BVE from Interbrand and

BrandZhave incremental information contentwith respect to future cash flows and earningswhen

estimating regressionmodels in-sample. However, whenwe predict future cash flows and earnings

out-of-sample, we find little evidence for the incremental information content of BVE relative to

historic accounting performance. This last result is confirmed in a portfolio analysis, which indi-

cates that adding BVE to the prediction models does not result in a selection of portfolios with

higher three-factor-adjusted returns. Overall, there is little evidence that BVE provide economi-

cally significant incremental information to historic accounting information.

Our study has several limitations. First, our sample is relatively limited (623-696 observations).

This may affect both the machine learning algorithms (which benefit from larger datasets) as well

as the construction of portfolios (i.e., our results are based on relatively small portfolios). Sec-

ond, while we employ parametric and non-parametric machine learning models, we cannot fully

rule out the possibility that analysts make judgments that outperform these sophisticated models.

Third, our sample is biased becausewe focus on themost valuable brands. The three brand ranking

providers valuemanymore brands; however, this information is not publicly available. In addition,

we cannot verify whether the brand valuators make changes to their published methodologies for
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brand valuations. Thus, we only use the brand rankings that are published annually and contain

the 100 most valuable brands, as well as the published methodologies. Finally, brands may have

a long-term impact (Mizik, 2010); the positive effects of strong brands may be visible only after a

time period that extends beyond the two years that we use as our forecasting period.

Despite these caveats, this is the first study that investigates the predictive ability of BVE with

respect to cash flows and earnings. As such, it contributes to the policy debate on the recognition

of intangible assets on the balance sheet. Even though our results suggest that BVE have little in-

cremental information content, we do not draw any policy conclusions. In addition, BVE may

be used in various contexts besides prediction (e.g., evaluating marketing effectiveness), for which

these estimates may be useful.
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4.A Appendices

4.A.1 Figures

Figure 4.1 shows the number of articles and press releases for a given brand ranking over
time. We use all articles and press releases in the English language that are in the database
of Factiva.

Figure 4.1: Brand ranking salience over time
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(a) Interbrand (b) Brand Finance

(c) BrandZ

Figure 4.2 includes brand value estimates of U.S. brands (only listed firms) from a given brand ranking in a given year. Each Panel
shows the correlations between estimates of brand rankings. Specifically, the first-named brand ranking is correlated with the second-
named brand ranking’s estimates that had been published in the report before the announcement date of the first-named brand
ranking. Green indicates that the second brand ranking is Interbrand. The same logic applies to Brand Finance and BrandZ, colored
blue and yellow. ‘O’markers indicate correlations based on total brand values, and ‘X’markers relative brand value changes in percent.
Brand Finance, BrandZ, and Interbrand release their reports at the beginning, middle, and end of the year, respectively. For Panel A,
the correlation over all years between Interbrand’s BVE and Brand Finance as well BrandZ is 0.87 (0.49 for changes in %) and 0.86
(0.53 for changes in %), respectively. For Panel B, the correlation over all years between Brand Finance’sBVE and Interbrand as well
as BrandZ is 0.87 (0.31 for changes in %) and 0.89 (0.11 for changes in %), respectively. For Panel C, the correlation over all years
between BrandZ’s BVE and Interbrand as well as Brand Finance is 0.82 (0.37 for changes in %) and 0.89 (0.31 for changes in %),
respectively.

Figure 4.2: Correlations of estimated brand values and changes over time

111



(a) Number of US brands (b) Overlap (US brands)

(c) Average market value (US brands) (d) Average brand value (US brands)

Figure 4.3 includes only U.S. brands (that are owned by listed firms) from a given brand ranking in a given year.

Figure 4.3: Brand value rankings similarity over time
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(a) OCF - R-squared (b) FCF - R-squared

(c) OI - R-squared (d) NI - R-squared

Figure 4.4: Interbrand - Out-of-sample forecast over time
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(a) OCF - R-squared (b) FCF - R-squared

(c) OI - R-squared (d) NI - R-squared

Figure 4.5: Brand Finance - Out-of-sample forecast over time
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(a) OCF - R-squared (b) FCF - R-squared

(c) OI - R-squared (d) NI - R-squared

Figure 4.6: BrandZ - Out-of-sample forecast over time
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4.A.2 Tables

Table 4.1: Brand rankings overview

Interbrand Brand Finance BrandZ

Ownership OmnicomGroup Inc. Brand Finance plc Kantar Group
Ownership change 1994 n.a. 2014
Listed Yes (OmnicomGroup) No No
Headquarter United States United Kingdom United States
First release 1992a 2007 2006
Reports used 2006-2020 2007-2021 2006-2020
Publication time September/October January/February April/May/June
# Brands 100 500b 100
Methodology Interbrand takes into account the eco-

nomic profit of the brand, the role of
brand index (i.e., the importance of the
brand in the purchasing decision), as
well as the strength of the brand (i.e., its
ability to create loyal customers). Inter-
brand’s definition of economic profit
is the after-tax operating profit of the
brand, minus a charge for the capital
used to generate the brand’s revenue
and margins. Interbrand suggests that
its methodology is compliant with the
requirements of ISO 10668.c

Brand Finance relies on the Royalty Re-
lief methodology, which estimates what
a firm would pay to use the brand if it
does not own it. Therefore, brand Fi-
nance’s brand value estimate is the dis-
counted after-tax value of the multipli-
cation of the brand strength score, the
brand royalty rate, and the forecasted
revenues. Brand Finance also states that
its methodology is compliant with the
requirements of ISO 10668.d

BrandZ has a three-part process. First,
they estimate the parent company’s
earnings that can be attributed to a
given brand and is derived from its in-
tangible assets. To project these earn-
ings into the future (i.e., financial value),
they use multiples. Second, BrandZ de-
termines the contribution of the brand
equity to the financial value by rely-
ing on proprietary survey data that cap-
tures several dimensions (i.e., power,
premium, potential). Third, the brand
value is amultiplication of brand contri-
bution and financial value.e

We do not find any evidence of significant shifts in brand value calculation methodology over time.
aInterbrand states that they published the first ”Best Global Brands Report” in 2000. Nonetheless, Financial World started to publish an annual
survey of brand values in 1992, which was based on a methodology that was developed by Interbrand (Barth et al., 1998).
bBrand value estimates are only publicly available for the first 100 brands.
cinterbrand.com/thinking/best-global-brands-2020-methodology/
dbrandirectory.com/methodology
eBrandZ - Most Valuable Brand Report 2020

Table 4.2: Summary statistics

N Mean St. Dev. Pctl(25) Median Pctl(75)

IB_VALUE 696 0.46 0.44 0.12 0.37 0.67
BF_VALUE 623 0.37 0.40 0.09 0.25 0.45
BZ_VALUE 634 0.78 0.92 0.12 0.37 1.22
OCF 1,953 0.13 0.09 0.08 0.13 0.19
FCF 1,953 0.09 0.07 0.04 0.09 0.13
OI 1,953 0.13 0.09 0.06 0.12 0.19
NI 1,953 0.09 0.07 0.03 0.08 0.14
HOUSE_BRANDS 1,953 0.24 0.43 0.00 0.00 0.00
MARKET_TO_BOOK 1,953 8.39 32.99 2.03 3.59 6.83
ln(FIRM_AGE) 1,953 3.55 0.65 3.22 3.71 4.08
ln(TOTAL_ASSETS) 1,953 11.34 1.56 10.37 11.30 12.18
ln(EARNINGS_VOLATILITY) 1,951 0.01 0.01 0.00 0.01 0.01
SALES_GROWTH 1,953 0.08 0.16 -0.01 0.06 0.13

Variable definitions are listed in Table 4.16.
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Table 4.3: Differences between rankings

Interbrand Brand Finance BrandZ (1) vs (2) (1) vs (3) (2) vs (3)

(1) (2) (3) (4) (5) (6)

BRAND_VALUE 0.46 0.37 0.78 4.13∗∗∗ -7.92∗∗∗ -10.36∗∗∗
CFO 0.14 0.13 0.14 1.87∗ -0.13 -1.90∗
FCF 0.10 0.08 0.09 2.93∗∗∗ 0.34 -2.46∗∗
OI 0.14 0.12 0.13 4.07∗∗∗ 1.09 -2.69∗∗
NI 0.09 0.08 0.09 3.30∗∗∗ 0.72 -2.42∗∗
HOUSE_OF_BRANDS 0.22 0.24 0.27 -0.78 -1.92∗ -1.11
MARKET-TO-BOOK 7.57 9.26 8.42 -0.91 -0.54 0.39
ln(FIRM_AGE) 3.52 3.65 3.50 -3.76∗∗∗ 0.55 4.43∗∗∗
ln(TOTAL_ASSETS) 10.87 11.75 11.47 -10.85∗∗∗ -6.97∗∗∗ 3.34∗∗∗
SALES_GROWTH 0.07 0.07 0.09 0.20 -1.86∗ -1.92∗
ln(EARNINGS_VOLATILITY) 0.01 0.01 0.01 3.27∗∗∗ 0.88 -2.27∗∗

Variable definitions are listed inTable 4.16. Columns 1 to 3 show the variablemean for a given brand ranking. Columns
4 to 6 show t-values for theWelch’s two sample test. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respec-
tively (two-sided test).
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Table 4.4: Interbrand: Cash flow and earnings predictions by brand value (in-sample)

OCFt+1 FCFt+1 OIt+1 NIt+1

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

IB_VALUE 0.327∗∗∗ 0.150∗∗ 0.358∗∗∗ 0.196∗∗ 0.422∗∗∗ 0.096∗∗ 0.391∗∗∗ 0.170∗∗∗
(4.61) (2.63) (4.61) (2.51) (2.95) (2.45) (3.51) (4.60)

OCF 0.618∗∗∗ 0.600∗∗∗
(6.44) (6.42)

FCF 0.572∗∗∗ 0.550∗∗∗
(6.58) (6.42)

OI 0.844∗∗∗ 0.827∗∗∗
(24.34) (26.00)

NI 0.611∗∗∗ 0.585∗∗∗
(7.56) (7.20)

MARKET_TO_BOOK 0.011 0.008 0.000 -0.005 0.010 0.007 0.030 0.026
(0.78) (0.52) (0.00) (-0.15) (0.76) (0.58) (1.64) (1.47)

ln(FIRM_AGE) -0.097∗ -0.107∗∗ -0.110∗∗ -0.122∗∗ -0.064∗∗ -0.069∗∗ -0.091∗∗ -0.099∗∗
(-1.92) (-2.29) (-2.03) (-2.47) (-2.31) (-2.54) (-2.12) (-2.49)

ln(TOTAL_ASSETS) -0.095 -0.016 -0.131∗ -0.028 -0.082∗∗ -0.038 -0.122∗ -0.038
(-1.63) (-0.26) (-1.98) (-0.40) (-2.48) (-1.23) (-1.90) (-0.59)

SALES_GROWTH 0.025 0.002 -0.015 -0.047 -0.035 -0.050∗ -0.017 -0.042
(0.75) (0.08) (-0.40) (-1.58) (-1.20) (-1.83) (-0.48) (-1.20)

ln(EARNINGS_VOLATILITY) 0.013 0.018 0.032 0.039 0.002 0.006 0.036∗∗ 0.044∗∗
(0.48) (0.62) (0.89) (1.02) (0.19) (0.49) (2.06) (2.38)

HOUSE_OF_BRANDS 0.021 0.002 0.007 -0.018 0.016 0.005 0.028 0.008
(0.68) (0.06) (0.20) (-0.47) (0.98) (0.25) (0.96) (0.28)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 680 678 678 680 678 678 680 678 678 680 678 678
AdjustedR2 0.563 0.742 0.751 0.443 0.633 0.649 0.523 0.882 0.886 0.449 0.652 0.663

(Continued on next page.)
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Table 4.4: (Continued)

OCFt+2 FCFt+2 OIt+2 NIt+2

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

IB_VALUE 0.286∗∗ 0.060 0.294∗∗ 0.077 0.493∗∗∗ 0.042 0.419∗∗∗ 0.155∗∗
(2.65) (1.10) (2.57) (1.16) (3.82) (1.01) (3.98) (2.34)

OCF 0.555∗∗∗ 0.542∗∗∗
(6.19) (6.19)

FCF 0.508∗∗∗ 0.496∗∗∗
(6.23) (6.23)

OI 0.742∗∗∗ 0.728∗∗∗
(16.48) (16.73)

NI 0.507∗∗∗ 0.466∗∗∗
(6.17) (5.41)

MARKET_TO_BOOK 0.058 0.059 0.033 0.033 0.021 0.021 0.037 0.036
(1.51) (1.55) (0.76) (0.76) (0.77) (0.75) (1.35) (1.33)

ln(FIRM_AGE) -0.087∗ -0.094∗ -0.093∗ -0.102∗∗ -0.084∗∗ -0.089∗∗ -0.112∗ -0.129∗∗
(-1.72) (-1.91) (-1.85) (-2.08) (-2.13) (-2.22) (-1.84) (-2.17)

ln(TOTAL_ASSETS) -0.065 -0.034 -0.099 -0.059 -0.100∗∗ -0.084∗ -0.106 -0.034
(-1.11) (-0.52) (-1.51) (-0.80) (-2.27) (-1.79) (-1.31) (-0.39)

SALES_GROWTH 0.045 0.040 0.031 0.023 -0.075∗∗ -0.078∗∗ -0.040 -0.052
(1.46) (1.31) (1.02) (0.79) (-2.55) (-2.64) (-0.80) (-1.05)

ln(EARNINGS_VOLATILITY) 0.022 0.023 0.053 0.054 0.011 0.012 0.039 0.044∗
(1.01) (1.03) (1.60) (1.63) (0.51) (0.57) (1.60) (1.87)

HOUSE_OF_BRANDS 0.005 -0.005 -0.016 -0.028 0.022 0.016 0.009 -0.014
(0.16) (-0.14) (-0.41) (-0.68) (0.90) (0.62) (0.29) (-0.37)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 630 628 628 630 628 628 630 628 628 630 628 628
AdjustedR2 0.508 0.678 0.678 0.372 0.554 0.556 0.554 0.809 0.809 0.446 0.573 0.580

Standardized coefficients are reported, and standard errors are clustered by firm. Control variables are based on Leung & Veenman (2018). HOUSE_BRANDS indicates whether a given
firm has more than one brand in a given ranking. The selection of dependent variables is based on Lev et al. (2010). The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively
(two-sided test); t-values in parentheses.
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Table 4.5: Brand Finance: Cash flow and earnings predictions by brand value (in-sample)

OCFt+1 FCFt+1 OIt+1 NIt+1

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

BF_VALUE 0.437∗∗∗ 0.090 0.356∗∗∗ 0.060 0.289∗∗ -0.011 0.330∗∗∗ 0.032
(4.47) (1.56) (3.25) (0.88) (2.62) (-0.34) (3.15) (0.72)

OCF 0.654∗∗∗ 0.631∗∗∗
(6.86) (6.08)

FCF 0.596∗∗∗ 0.587∗∗∗
(6.29) (5.98)

OI 0.846∗∗∗ 0.847∗∗∗
(21.63) (21.60)

NI 0.682∗∗∗ 0.679∗∗∗
(9.81) (10.05)

MARKET_TO_BOOK -0.036∗∗ -0.036∗∗ -0.043∗∗ -0.044∗∗ 0.010 0.010 0.018 0.017
(-2.50) (-2.48) (-2.50) (-2.42) (0.69) (0.71) (0.60) (0.59)

ln(FIRM_AGE) -0.130∗∗∗ -0.110∗∗∗ -0.123∗∗∗ -0.108∗∗∗ -0.023 -0.027 -0.049 -0.040
(-3.16) (-2.75) (-3.39) (-2.69) (-1.20) (-1.31) (-1.60) (-1.18)

ln(TOTAL_ASSETS) -0.099∗ -0.061 -0.131∗∗ -0.105 -0.071∗ -0.076∗ -0.094 -0.080
(-1.83) (-1.19) (-2.09) (-1.65) (-1.98) (-1.82) (-1.37) (-1.03)

SALES_GROWTH -0.001 -0.004 -0.027 -0.030 -0.017 -0.016 0.013 0.012
(-0.03) (-0.18) (-0.97) (-1.14) (-1.19) (-1.16) (0.72) (0.65)

ln(EARNINGS_VOLATILITY) -0.043∗ -0.050∗ -0.037 -0.042 -0.006 -0.005 0.015 0.012
(-1.90) (-1.97) (-1.34) (-1.41) (-0.38) (-0.31) (0.53) (0.41)

HOUSE_OF_BRANDS 0.011 0.007 -0.004 -0.008 0.005 0.005 0.014 0.013
(0.38) (0.25) (-0.13) (-0.23) (0.30) (0.33) (0.52) (0.47)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 582 582 582 582 582 582 582 582 582 582 582 582
AdjustedR2 0.635 0.771 0.773 0.537 0.691 0.691 0.596 0.886 0.886 0.520 0.732 0.731

(Continued on next page.)
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Table 4.5: (Continued)

OCFt+2 FCFt+2 OIt+2 NIt+2

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

BF_VALUE 0.398∗∗∗ 0.087 0.313∗∗∗ 0.058 0.250∗∗ -0.034 0.251∗∗∗ -0.029
(4.23) (1.42) (3.28) (0.88) (2.36) (-0.58) (2.76) (-0.51)

OCF 0.494∗∗∗ 0.469∗∗∗
(4.10) (3.78)

FCF 0.435∗∗∗ 0.426∗∗∗
(3.80) (3.72)

OI 0.715∗∗∗ 0.718∗∗∗
(13.34) (13.35)

NI 0.485∗∗∗ 0.488∗∗∗
(5.97) (6.21)

MARKET_TO_BOOK -0.086 -0.087 -0.102 -0.103 -0.042 -0.041 -0.047 -0.046
(-1.15) (-1.16) (-1.32) (-1.33) (-0.92) (-0.91) (-0.79) (-0.78)

ln(FIRM_AGE) -0.176∗∗∗ -0.156∗∗∗ -0.147∗∗∗ -0.131∗∗ -0.071∗ -0.081∗∗ -0.111∗∗ -0.119∗∗
(-3.13) (-2.68) (-3.07) (-2.30) (-1.89) (-2.11) (-2.04) (-2.07)

ln(TOTAL_ASSETS) -0.141∗∗ -0.101 -0.164∗∗ -0.136 -0.137∗∗ -0.153∗∗ -0.160∗ -0.174∗
(-2.02) (-1.34) (-2.18) (-1.65) (-2.27) (-2.13) (-1.97) (-1.85)

SALES_GROWTH 0.038 0.035 0.019 0.016 -0.049∗∗ -0.047∗ -0.021 -0.020
(1.00) (0.96) (0.45) (0.40) (-2.02) (-1.96) (-0.69) (-0.65)

ln(EARNINGS_VOLATILITY) -0.045 -0.053∗ -0.034 -0.040 0.003 0.007 0.037 0.040
(-1.61) (-1.86) (-0.90) (-1.06) (0.10) (0.24) (0.91) (1.03)

HOUSE_OF_BRANDS 0.022 0.018 -0.001 -0.004 0.034 0.036 0.022 0.023
(0.59) (0.48) (-0.02) (-0.10) (1.01) (1.04) (0.55) (0.58)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 540 540 540 540 540 540 540 540 540 540 540 540
AdjustedR2 0.619 0.715 0.716 0.534 0.628 0.628 0.595 0.798 0.797 0.511 0.626 0.626

Standardized coefficients are reported, and standard errors are clustered by firm. Control variables are based on Leung & Veenman (2018). HOUSE_BRANDS indicates whether a given
firm has more than one brand in a given ranking. The selection of dependent variables is based on Lev et al. (2010). The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively
(two-sided test); t-values in parentheses.
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Table 4.6: BrandZ: Cash flow and earnings predictions by brand value (in-sample)

OCFt+1 FCFt+1 OIt+1 NIt+1

Panel A (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

BZ_VALUE 0.493∗∗∗ 0.134∗ 0.478∗∗∗ 0.152∗ 0.558∗∗∗ -0.031 0.537∗∗∗ 0.159∗
(4.36) (1.81) (3.27) (1.99) (3.99) (-1.03) (4.08) (1.84)

OCF 0.669∗∗∗ 0.617∗∗∗
(6.72) (5.41)

FCF 0.617∗∗∗ 0.568∗∗∗
(6.36) (5.57)

OI 0.886∗∗∗ 0.898∗∗∗
(30.34) (29.95)

NI 0.638∗∗∗ 0.583∗∗∗
(7.43) (5.36)

MARKET_TO_BOOK -0.001 -0.003 -0.008 -0.011 0.011 0.011 0.036∗ 0.033∗
(-0.06) (-0.22) (-0.42) (-0.50) (1.06) (1.11) (1.85) (1.98)

ln(FIRM_AGE) -0.070∗ -0.053 -0.059 -0.034 -0.043∗ -0.049∗ -0.050 -0.022
(-1.82) (-1.38) (-1.52) (-0.89) (-1.85) (-1.97) (-1.24) (-0.56)

ln(TOTAL_ASSETS) -0.102 -0.053 -0.136∗ -0.080 -0.064∗ -0.072∗ -0.162∗ -0.108
(-1.55) (-0.89) (-1.74) (-1.04) (-1.88) (-1.95) (-1.94) (-1.48)

SALES_GROWTH -0.019 -0.036∗ -0.055∗∗ -0.077∗∗∗ -0.040 -0.036 -0.046 -0.068
(-0.84) (-1.70) (-2.15) (-3.11) (-1.63) (-1.56) (-1.24) (-1.61)

ln(EARNINGS_VOLATILITY) 0.014 0.012 0.027 0.025 0.004 0.004 0.016 0.017
(0.50) (0.45) (0.79) (0.77) (0.26) (0.27) (0.81) (0.76)

HOUSE_OF_BRANDS 0.006 0.002 -0.006 -0.012 0.014 0.015 0.033 0.031
(0.21) (0.06) (-0.17) (-0.35) (0.85) (0.89) (0.94) (0.87)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 623 623 623 623 623 623 623 623 623 623 623 623
AdjustedR2 0.637 0.759 0.764 0.528 0.676 0.683 0.578 0.907 0.907 0.521 0.679 0.686

(Continued on next page.)
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Table 4.6: (Continued)

OCFt+2 FCFt+2 OIt+2 NIt+2

Panel B (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

BZ_VALUE 0.487∗∗∗ 0.125 0.479∗∗∗ 0.147∗ 0.502∗∗∗ -0.058 0.477∗∗∗ 0.102
(4.10) (1.44) (3.35) (1.85) (3.41) (-1.06) (3.36) (1.28)

OCF 0.567∗∗∗ 0.519∗∗∗
(4.76) (3.80)

FCF 0.495∗∗∗ 0.450∗∗∗
(4.37) (3.80)

OI 0.772∗∗∗ 0.794∗∗∗
(16.52) (16.36)

NI 0.528∗∗∗ 0.494∗∗∗
(6.71) (5.59)

MARKET_TO_BOOK 0.023 0.023 0.015 0.013 0.016 0.017 0.031 0.030
(0.72) (0.77) (0.65) (0.69) (1.16) (1.14) (1.23) (1.30)

ln(FIRM_AGE) -0.110∗∗ -0.094∗ -0.096∗ -0.071 -0.085∗∗ -0.095∗∗ -0.103∗ -0.085
(-2.17) (-1.86) (-1.89) (-1.41) (-2.19) (-2.35) (-1.77) (-1.49)

ln(TOTAL_ASSETS) -0.139 -0.094 -0.193∗∗ -0.138 -0.092 -0.107∗ -0.178∗ -0.143
(-1.65) (-1.20) (-2.00) (-1.45) (-1.60) (-1.75) (-1.71) (-1.37)

SALES_GROWTH 0.005 -0.012 -0.011 -0.034 -0.062∗∗ -0.054∗∗ -0.042 -0.057
(0.17) (-0.50) (-0.36) (-1.26) (-2.15) (-2.13) (-0.93) (-1.40)

ln(EARNINGS_VOLATILITY) 0.021 0.020 0.045 0.044 0.009 0.009 0.017 0.017
(0.66) (0.61) (1.14) (1.10) (0.38) (0.39) (0.54) (0.53)

HOUSE_OF_BRANDS 0.014 0.009 0.002 -0.006 0.017 0.019 0.022 0.020
(0.37) (0.23) (0.05) (-0.12) (0.58) (0.64) (0.52) (0.45)

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 579 579 579 579 579 579 579 579 579 579 579 579
AdjustedR2 0.615 0.715 0.719 0.523 0.631 0.637 0.557 0.831 0.832 0.487 0.615 0.618

Standardized coefficients are reported, and standard errors are clustered by firm. Control variables are based on Leung & Veenman (2018). HOUSE_BRANDS indicates whether a given
firm has more than one brand in a given ranking. The selection of dependent variables is based on Lev et al. (2010). The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively
(two-sided test); t-values in parentheses.
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Table 4.7: Operating cash flow predictions (out-of-sample)

Wins R-squared MAE RMSE

BVE Acc Value ΔBVE ΔAcc Value ΔBVE ΔAcc Value ΔBVE ΔAcc

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Ensemble Forecast 0.515 0.743 0.727 0.004 0.335 0.029 -0.000 -0.020 0.042 -0.000 -0.021
Random Forest Regression 0.528 0.709 0.723 0.010 0.545 0.029 -0.001 -0.026 0.042 -0.001 -0.031
Regression - 3 variables 0.487 0.743 0.705 0.002 0.485 0.029 -0.000 -0.027 0.044 -0.000 -0.027
KNearest Neighbors 0.503 0.694 0.697 0.000 0.308 0.031 0.000 -0.017 0.044 -0.000 -0.019
Ridge Regression 0.515 0.735 0.697 -0.000 0.475 0.030 -0.000 -0.026 0.044 0.000 -0.027
Linear Regression 0.480 0.730 0.691 -0.002 0.470 0.030 0.000 -0.026 0.045 0.000 -0.026
Support Vector Regression 0.493 0.661 0.683 -0.001 0.314 0.031 0.000 -0.018 0.045 0.000 -0.019
OCFt+0 0.675 0.028 0.046

Panel B Brand Finance

Ensemble Forecast 0.487 0.721 0.759 0.002 0.310 0.026 0.000 -0.018 0.040 -0.000 -0.020
Ridge Regression 0.467 0.749 0.750 -0.003 0.443 0.026 0.000 -0.024 0.040 0.000 -0.027
Linear Regression 0.461 0.732 0.744 -0.004 0.431 0.027 0.000 -0.023 0.041 0.000 -0.026
Regression - 3 variables 0.413 0.730 0.743 -0.003 0.430 0.027 0.000 -0.023 0.041 0.000 -0.026
Random Forest Regression 0.517 0.755 0.739 0.005 0.439 0.027 -0.000 -0.024 0.041 -0.000 -0.026
OCFt+0 0.715 0.025 0.043
Support Vector Regression 0.463 0.662 0.707 -0.004 0.444 0.030 0.001 -0.020 0.044 0.000 -0.026
KNearest Neighbors 0.532 0.658 0.703 0.010 0.300 0.028 -0.001 -0.016 0.044 -0.001 -0.018

Panel C BrandZ

Ensemble Forecast 0.474 0.715 0.744 -0.002 0.284 0.029 0.000 -0.018 0.045 0.000 -0.021
Random Forest Regression 0.498 0.678 0.736 -0.005 0.400 0.031 0.001 -0.022 0.046 0.000 -0.027
Regression - 3 variables 0.480 0.744 0.733 0.003 0.366 0.030 -0.000 -0.024 0.046 -0.000 -0.025
Ridge Regression 0.454 0.746 0.726 0.001 0.364 0.031 -0.000 -0.024 0.047 -0.000 -0.025
Linear Regression 0.480 0.746 0.726 0.001 0.358 0.031 -0.000 -0.024 0.047 -0.000 -0.024
OCFt+0 0.718 0.028 0.048
Support Vector Regression 0.448 0.694 0.716 -0.000 0.334 0.031 0.000 -0.020 0.048 0.000 -0.023
KNearest Neighbors 0.463 0.657 0.689 -0.020 0.293 0.034 0.002 -0.016 0.050 0.002 -0.020

The prediction models estimate cash flow and earnings measures in t + 1 out-of-sample and are sorted by out-of-sample R-squared. In addition,
we provide wins (i.e., the percentage ratio of how often the full model with brand value beats the same model without the BVE or one that only
includes BVE (Acc)), the mean absolute error (MAE), and root mean squared error (RMSE) as well as the R-squared. All forecast statistics are
calculated by comparing the predicted with the actual values of all forecast periods combined. The cash flow or earnings measure in t + 0 is a
prediction based on the last available value (i.e., no change). The out of sample prediction models use the same configuration as Panel A in Tables
4.4, 4.5, and 4.6 but without industry fixed effects. In addition, we standardize all input variables. We estimate each machine learning model
three times by including or excluding BVE or other firm information but only show the model that includes all input variables. ΔBVE shows by
how much the predictive power increases or decreases by adding BVE to the model. ΔAcc shows by how much the predictive power increases or
decreases if all other predictors are added to a given prediction model that initially only includes BVE. Linear Regression is the commonly used
OLS regression. Ridge Regression adds a loss function to the regression model to address multicollinearity. Regression - 3 variables is a regression
model that only includes the best three predictors. Random Forest Regression is a meta estimator that fits a number of classifying decision trees
on various sub-samples of the dataset. KNearest Neighbors used a predefined number of training samples closest in the distance to the new point.
Support Vector Regression ensures that errors do not exceed a threshold. Ensemble Forecast is the average out-of-sample predicted value based on all
machine learningmodels. We use a grid search and a validation set to determine the best hyperparameters for a givenmodel, outcome variable, and
year (Pedregosa et al., 2011).
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Table 4.8: Free cash flow predictions (out-of-sample)

Wins R-squared MAE RMSE

BVE Acc Value ΔBVE ΔAcc Value ΔBVE ΔAcc Value ΔBVE ΔAcc

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Ensemble Forecast 0.478 0.680 0.589 0.002 0.339 0.030 0.000 -0.013 0.044 -0.000 -0.015
Regression - 3 variables 0.447 0.727 0.583 -0.002 0.448 0.030 0.000 -0.018 0.044 0.000 -0.019
Ridge Regression 0.538 0.715 0.564 0.002 0.435 0.031 -0.000 -0.017 0.045 -0.000 -0.019
Random Forest Regression 0.515 0.662 0.562 0.003 0.552 0.030 -0.000 -0.020 0.045 -0.000 -0.023
Linear Regression 0.490 0.714 0.559 -0.004 0.424 0.031 0.000 -0.017 0.046 0.000 -0.018
KNearest Neighbors 0.493 0.679 0.529 -0.002 0.290 0.032 0.000 -0.011 0.047 0.000 -0.013
Support Vector Regression 0.469 0.677 0.526 -0.007 0.367 0.032 0.000 -0.014 0.047 0.000 -0.016
FCFt+0 0.517 0.029 0.048

Panel B Brand Finance

Ensemble Forecast 0.468 0.680 0.670 -0.004 0.332 0.026 0.000 -0.013 0.039 0.000 -0.016
Ridge Regression 0.489 0.699 0.657 -0.004 0.418 0.026 0.000 -0.017 0.040 0.000 -0.019
Random Forest Regression 0.509 0.710 0.649 0.008 0.520 0.027 -0.000 -0.020 0.040 -0.000 -0.023
Linear Regression 0.457 0.686 0.648 -0.005 0.409 0.026 0.000 -0.016 0.040 0.000 -0.019
Regression - 3 variables 0.416 0.677 0.647 -0.014 0.409 0.026 0.000 -0.017 0.040 0.001 -0.019
KNearest Neighbors 0.496 0.638 0.631 -0.007 0.291 0.027 0.000 -0.011 0.041 0.000 -0.014
FCFt+0 0.593 0.026 0.043
Support Vector Regression 0.439 0.582 0.558 -0.030 0.236 0.032 0.002 -0.007 0.045 0.002 -0.011

Panel C BrandZ

Ensemble Forecast 0.489 0.681 0.640 -0.000 0.274 0.030 -0.000 -0.014 0.046 0.000 -0.015
Regression - 3 variables 0.491 0.693 0.633 0.003 0.339 0.030 -0.000 -0.018 0.047 -0.000 -0.018
Linear Regression 0.496 0.693 0.624 0.001 0.330 0.031 -0.000 -0.017 0.047 -0.000 -0.018
Random Forest Regression 0.498 0.702 0.624 -0.004 0.397 0.032 0.000 -0.018 0.047 0.000 -0.020
Ridge Regression 0.474 0.719 0.620 -0.001 0.349 0.031 0.000 -0.018 0.047 0.000 -0.018
Support Vector Regression 0.513 0.726 0.611 -0.011 0.326 0.031 -0.000 -0.017 0.048 0.001 -0.017
FCFt+0 0.608 0.029 0.048
KNearest Neighbors 0.493 0.681 0.579 0.008 0.247 0.033 -0.000 -0.013 0.050 -0.000 -0.013

The prediction models estimate cash flow and earnings measures in t + 1 out-of-sample and are sorted by out-of-sample R-squared. In addition,
we provide wins (i.e., the percentage ratio of how often the full model with brand value beats the same model without the BVE or one that only
includes BVE (Acc)), the mean absolute error (MAE), and root mean squared error (RMSE) as well as the R-squared. All forecast statistics are
calculated by comparing the predicted with the actual values of all forecast periods combined. The cash flow or earnings measure in t + 0 is a
prediction based on the last available value (i.e., no change). The out of sample prediction models use the same configuration as Panel A in Tables
4.4, 4.5, and 4.6 but without industry fixed effects. In addition, we standardize all input variables. We estimate each machine learning model
three times by including or excluding BVE or other firm information but only show the model that includes all input variables. ΔBVE shows by
how much the predictive power increases or decreases by adding BVE to the model. ΔAcc shows by how much the predictive power increases or
decreases if all other predictors are added to a given prediction model that initially only includes BVE. Linear Regression is the commonly used
OLS regression. Ridge Regression adds a loss function to the regression model to address multicollinearity. Regression - 3 variables is a regression
model that only includes the best three predictors. Random Forest Regression is a meta estimator that fits a number of classifying decision trees
on various sub-samples of the dataset. KNearest Neighbors used a predefined number of training samples closest in the distance to the new point.
Support Vector Regression ensures that errors do not exceed a threshold. Ensemble Forecast is the average out-of-sample predicted value based on all
machine learningmodels. We use a grid search and a validation set to determine the best hyperparameters for a givenmodel, outcome variable, and
year (Pedregosa et al., 2011).
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Table 4.9: Operating income predictions (out-of-sample)

Wins R-squared MAE RMSE

BVE Acc Value ΔBVE ΔAcc Value ΔBVE ΔAcc Value ΔBVE ΔAcc

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

OIt+0 0.879 0.018 0.029
Regression - 3 variables 0.450 0.778 0.871 0.001 0.615 0.021 0.000 -0.035 0.030 -0.000 -0.042
Linear Regression 0.485 0.772 0.868 -0.000 0.612 0.021 -0.000 -0.035 0.031 0.000 -0.042
Ridge Regression 0.495 0.768 0.865 -0.001 0.610 0.022 -0.000 -0.034 0.031 0.000 -0.042
Ensemble Forecast 0.555 0.768 0.864 0.001 0.521 0.022 -0.000 -0.030 0.031 -0.000 -0.037
Support Vector Regression 0.493 0.742 0.843 0.012 0.532 0.025 -0.001 -0.029 0.033 -0.001 -0.037
Random Forest Regression 0.579 0.760 0.838 0.008 0.614 0.023 -0.001 -0.032 0.034 -0.001 -0.040
KNearest Neighbors 0.477 0.738 0.751 -0.023 0.398 0.028 0.001 -0.022 0.042 0.002 -0.026

Panel B Brand Finance

Regression - 3 variables 0.454 0.812 0.880 0.002 0.602 0.018 -0.000 -0.033 0.028 -0.000 -0.041
Linear Regression 0.558 0.788 0.877 -0.000 0.599 0.019 -0.000 -0.033 0.028 0.000 -0.040
OIt+0 0.874 0.018 0.029
Ridge Regression 0.515 0.783 0.873 -0.004 0.595 0.019 0.000 -0.032 0.029 0.000 -0.040
Ensemble Forecast 0.457 0.810 0.869 -0.001 0.427 0.019 0.000 -0.026 0.029 0.000 -0.031
Random Forest Regression 0.528 0.727 0.855 0.007 0.556 0.021 -0.000 -0.028 0.031 -0.001 -0.037
Support Vector Regression 0.478 0.775 0.838 -0.012 0.373 0.022 0.001 -0.023 0.032 0.001 -0.026
KNearest Neighbors 0.481 0.706 0.771 -0.018 0.316 0.025 0.001 -0.018 0.039 0.002 -0.021

Panel C BrandZ

OIt+0 0.911 0.017 0.029
Regression - 3 variables 0.517 0.804 0.905 0.004 0.523 0.020 -0.000 -0.037 0.030 -0.001 -0.046
Linear Regression 0.506 0.791 0.899 -0.001 0.517 0.020 0.000 -0.037 0.030 0.000 -0.045
Ridge Regression 0.489 0.804 0.897 -0.001 0.529 0.021 0.000 -0.037 0.031 0.000 -0.045
Ensemble Forecast 0.500 0.817 0.891 0.000 0.421 0.021 -0.000 -0.031 0.032 -0.000 -0.038
Random Forest Regression 0.485 0.746 0.879 0.006 0.534 0.022 -0.001 -0.034 0.033 -0.001 -0.044
Support Vector Regression 0.530 0.783 0.861 -0.004 0.436 0.024 0.000 -0.031 0.036 0.000 -0.037
KNearest Neighbors 0.457 0.746 0.785 -0.019 0.326 0.029 0.002 -0.022 0.044 0.002 -0.026

The prediction models estimate cash flow and earnings measures in t + 1 out-of-sample and are sorted by out-of-sample R-squared. In addition,
we provide wins (i.e., the percentage ratio of how often the full model with brand value beats the same model without the BVE or one that only
includes BVE (Acc)), the mean absolute error (MAE), and root mean squared error (RMSE) as well as the R-squared. All forecast statistics are
calculated by comparing the predicted with the actual values of all forecast periods combined. The cash flow or earnings measure in t + 0 is a
prediction based on the last available value (i.e., no change). The out of sample prediction models use the same configuration as Panel A in Tables
4.4, 4.5, and 4.6 but without industry fixed effects. In addition, we standardize all input variables. We estimate each machine learning model
three times by including or excluding BVE or other firm information but only show the model that includes all input variables. ΔBVE shows by
how much the predictive power increases or decreases by adding BVE to the model. ΔAcc shows by how much the predictive power increases or
decreases if all other predictors are added to a given prediction model that initially only includes BVE. Linear Regression is the commonly used
OLS regression. Ridge Regression adds a loss function to the regression model to address multicollinearity. Regression - 3 variables is a regression
model that only includes the best three predictors. Random Forest Regression is a meta estimator that fits a number of classifying decision trees
on various sub-samples of the dataset. KNearest Neighbors used a predefined number of training samples closest in the distance to the new point.
Support Vector Regression ensures that errors do not exceed a threshold. Ensemble Forecast is the average out-of-sample predicted value based on all
machine learningmodels. We use a grid search and a validation set to determine the best hyperparameters for a givenmodel, outcome variable, and
year (Pedregosa et al., 2011).
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Table 4.10: Net income predictions (out-of-sample)

Wins R-squared MAE RMSE

BVE Acc Value ΔBVE ΔAcc Value ΔBVE ΔAcc Value ΔBVE ΔAcc

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Ensemble Forecast 0.528 0.724 0.641 0.004 0.359 0.026 -0.000 -0.016 0.039 -0.000 -0.016
Regression - 3 variables 0.517 0.740 0.632 0.005 0.408 0.026 -0.000 -0.018 0.040 -0.000 -0.018
Random Forest Regression 0.518 0.715 0.628 0.010 0.483 0.027 -0.000 -0.019 0.040 -0.001 -0.021
Linear Regression 0.543 0.722 0.625 0.002 0.401 0.027 -0.000 -0.018 0.040 -0.000 -0.018
Ridge Regression 0.545 0.724 0.623 0.001 0.402 0.027 -0.000 -0.018 0.040 -0.000 -0.018
Support Vector Regression 0.530 0.661 0.581 0.007 0.399 0.029 -0.000 -0.016 0.043 -0.000 -0.017
NIt+0 0.573 0.026 0.043
KNearest Neighbors 0.488 0.695 0.566 -0.022 0.268 0.030 0.001 -0.011 0.043 0.001 -0.012

Panel B Brand Finance

Regression - 3 variables 0.546 0.757 0.716 0.008 0.463 0.023 -0.001 -0.019 0.034 -0.000 -0.021
Ensemble Forecast 0.526 0.749 0.704 0.007 0.369 0.024 -0.000 -0.016 0.035 -0.000 -0.017
Ridge Regression 0.511 0.732 0.698 -0.002 0.444 0.024 -0.000 -0.018 0.035 0.000 -0.020
Linear Regression 0.515 0.717 0.695 -0.001 0.442 0.024 -0.000 -0.018 0.035 0.000 -0.020
NIt+0 0.695 0.022 0.035
Random Forest Regression 0.528 0.645 0.687 0.014 0.505 0.024 -0.001 -0.018 0.036 -0.001 -0.022
Support Vector Regression 0.506 0.662 0.618 0.033 0.381 0.029 -0.001 -0.014 0.040 -0.002 -0.016
KNearest Neighbors 0.474 0.656 0.615 -0.027 0.309 0.027 0.001 -0.013 0.040 0.001 -0.014

Panel C BrandZ

Regression - 3 variables 0.498 0.769 0.661 0.008 0.324 0.026 -0.000 -0.019 0.042 -0.000 -0.017
Ensemble Forecast 0.498 0.730 0.659 0.001 0.257 0.027 0.000 -0.014 0.042 -0.000 -0.014
Random Forest Regression 0.457 0.630 0.647 -0.006 0.395 0.028 0.001 -0.016 0.043 0.000 -0.020
Linear Regression 0.537 0.743 0.645 0.004 0.309 0.027 -0.000 -0.018 0.043 -0.000 -0.016
Ridge Regression 0.533 0.759 0.641 0.006 0.314 0.027 -0.000 -0.018 0.043 -0.000 -0.016
KNearest Neighbors 0.494 0.663 0.624 -0.007 0.231 0.029 0.000 -0.011 0.044 0.000 -0.012
NIt+0 0.618 0.025 0.044
Support Vector Regression 0.470 0.635 0.543 -0.038 0.178 0.033 0.002 -0.010 0.049 0.002 -0.009

The prediction models estimate cash flow and earnings measures in t + 1 out-of-sample and are sorted by out-of-sample R-squared. In addition,
we provide wins (i.e., the percentage ratio of how often the full model with brand value beats the same model without the BVE or one that only
includes BVE (Acc)), the mean absolute error (MAE), and root mean squared error (RMSE) as well as the R-squared. All forecast statistics are
calculated by comparing the predicted with the actual values of all forecast periods combined. The cash flow or earnings measure in t + 0 is a
prediction based on the last available value (i.e., no change). The out of sample prediction models use the same configuration as Panel A in Tables
4.4, 4.5, and 4.6 but without industry fixed effects. In addition, we standardize all input variables. We estimate each machine learning model
three times by including or excluding BVE or other firm information but only show the model that includes all input variables. ΔBVE shows by
how much the predictive power increases or decreases by adding BVE to the model. ΔAcc shows by how much the predictive power increases or
decreases if all other predictors are added to a given prediction model that initially only includes BVE. Linear Regression is the commonly used
OLS regression. Ridge Regression adds a loss function to the regression model to address multicollinearity. Regression - 3 variables is a regression
model that only includes the best three predictors. Random Forest Regression is a meta estimator that fits a number of classifying decision trees
on various sub-samples of the dataset. KNearest Neighbors used a predefined number of training samples closest in the distance to the new point.
Support Vector Regression ensures that errors do not exceed a threshold. Ensemble Forecast is the average out-of-sample predicted value based on all
machine learningmodels. We use a grid search and a validation set to determine the best hyperparameters for a givenmodel, outcome variable, and
year (Pedregosa et al., 2011).
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Table 4.11: Portfolio returns based on operating cash flow predictions (out-of-sample)

Hedge portfolio Top 10 Worst 10 Random 10

Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

OCFt+1 0.050∗∗∗ 0.068∗∗∗ -0.032 -0.014

Ensemble Forecast 0.038∗∗∗ -0.001 0.021 0.063∗∗∗ -0.002 0.029 -0.013 -0.000 -0.014 0.016
Random Forest Regression 0.041∗∗∗ 0.010 0.036∗ 0.060∗∗∗ -0.001 0.053∗ -0.023 -0.021 -0.019 -0.025
Regression - 3 variables 0.026∗ 0.002 -0.001 0.058∗∗∗ 0.001 0.016 0.005 -0.003 0.018 -0.013
KNearest Neighbors 0.044∗∗∗ -0.003 0.032∗ 0.073∗∗∗ -0.007 0.053∗ -0.015 -0.001 -0.012 0.005
Ridge Regression 0.031∗∗ -0.000 0.003 0.063∗∗∗ -0.000 0.020 0.000 0.000 0.014 0.001
Linear Regression 0.029∗∗ -0.001 0.002 0.063∗∗∗ -0.001 0.020 0.004 0.002 0.017 0.011
Support Vector Regression 0.036∗∗ 0.001 0.026 0.066∗∗∗ 0.003 0.052∗ -0.005 0.000 -0.001 -0.004
OCFt+0 0.037∗∗ 0.063∗∗∗ -0.012 0.024

Panel B Brand Finance

OCFt+1 0.047∗∗∗ 0.061∗∗∗ -0.032∗ 0.018

Ensemble Forecast 0.023∗ -0.003 -0.006 0.036∗∗ -0.002 0.001 -0.010 0.004 0.013 -0.015
Ridge Regression 0.021∗ -0.004 -0.008 0.035∗∗ -0.004 0.001 -0.008 0.003 0.018 0.002
Linear Regression 0.021∗ -0.002 -0.009 0.032∗ -0.004 -0.002 -0.009 0.000 0.016 0.010
Regression - 3 variables 0.023∗ 0.001 -0.007 0.036∗∗ 0.002 0.002 -0.010 0.000 0.016 0.024
Random Forest Regression 0.023∗ -0.002 0.006 0.038∗∗ -0.003 0.003 -0.008 -0.000 -0.008 -0.019
OCFt+0 0.021∗ 0.033∗ -0.010 0.002
Support Vector Regression 0.024∗∗ -0.008 0.001 0.035∗∗ -0.001 0.014 -0.013 0.015 0.013 0.011
KNearest Neighbors 0.035∗∗∗ 0.006 0.006 0.037∗∗ 0.005 -0.002 -0.032∗∗ -0.007 -0.014 -0.010

Panel C BrandZ

OCFt+1 0.052∗∗∗ 0.067∗∗∗ -0.037∗ 0.021

Ensemble Forecast 0.050∗∗∗ 0.004 0.008 0.059∗∗∗ 0.003 -0.002 -0.040∗∗ -0.005 -0.019 0.040∗
Random Forest Regression 0.051∗∗∗ -0.001 0.021 0.061∗∗∗ 0.009 0.024 -0.041∗∗∗ 0.011 -0.018 0.026
Regression - 3 variables 0.043∗∗∗ -0.000 -0.005 0.060∗∗∗ 0.004 -0.015 -0.025 0.004 -0.006 0.038∗∗
Ridge Regression 0.045∗∗∗ -0.001 -0.002 0.060∗∗∗ 0.000 -0.016 -0.031 0.002 -0.012 0.017
Linear Regression 0.043∗∗∗ -0.002 -0.004 0.056∗∗∗ -0.003 -0.019 -0.031 0.000 -0.012 0.012
OCFt+0 0.040∗∗∗ 0.053∗∗∗ -0.028 0.021
Support Vector Regression 0.035∗∗∗ -0.005 -0.002 0.053∗∗∗ -0.003 -0.003 -0.017 0.007 0.001 0.032∗
KNearest Neighbors 0.050∗∗∗ -0.006 0.026 0.058∗∗∗ -0.002 0.027 -0.042∗∗∗ 0.010 -0.026 0.032∗

We build portfolios based on the out-of-sample predictions from Tables 4.7, 4.8, 4.9, and 4.10. Models are sorted by R-squared. The cash flow or
earnings measure in t+ 1 is the perfect foresight portfolio. Top (worst, random) 10 is a portfolio (long position) consisting of the 10 best (worst,
random selection) performing firms with respect to a given cash flow or earnings measure. The hedge portfolio takes a long position in the 10
best performing firms and a short position in 10 worst performing firms. Portfolios are created at the end of the month when the brand ranking
is released, and we provide the average 12-month returns. ΔBVE is the return gain if the BVE is added to a given prediction model. ΔAcc is the
gain in returns if all other predictors are added to a given prediction model that initially only includes BVE. We use three-factors adjusted returns
by creating 18 benchmark portfolios (2 × 3 × 3) based on the intersection between size, book-to-market, and momentum. To test whether the
portfolio returns are different from zero, we perform a t-test on all individual monthly returns (N = 10(20) × 13). We also test whether ΔAcc
and ΔBVE are significant by employing a t-test. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).
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Table 4.12: Portfolio returns based on free cash flow predictions (out-of-sample)

Hedge portfolio Top 10 Worst 10 Random 10

Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

FCFt+1 0.045∗∗∗ 0.080∗∗∗ -0.010 0.019

Ensemble Forecast 0.025∗ 0.002 -0.009 0.060∗∗∗ 0.006 0.003 0.010 0.001 0.021 -0.008
Regression - 3 variables 0.023 -0.001 -0.005 0.055∗∗∗ -0.001 0.013 0.009 0.001 0.022 0.025
Ridge Regression 0.022 0.002 -0.005 0.055∗∗∗ 0.005 0.013 0.011 0.001 0.024 0.025
Random Forest Regression 0.028∗∗ -0.002 0.001 0.056∗∗∗ -0.004 0.008 0.000 -0.000 0.007 0.003
Linear Regression 0.015 -0.002 -0.012 0.048∗∗∗ -0.003 0.006 0.018 0.000 0.031 0.018
KNearest Neighbors 0.046∗∗∗ 0.018 0.034∗ 0.082∗∗∗ 0.031 0.058∗∗ -0.009 -0.004 -0.011 0.024
Support Vector Regression 0.019 0.002 0.002 0.053∗∗∗ 0.006 0.030 0.015 0.001 0.025 0.012
FCFt+0 0.025∗ 0.059∗∗∗ 0.009 -0.003

Panel B BrandFinance

FCFt+1 0.048∗∗∗ 0.058∗∗∗ -0.037∗∗ 0.015

Ensemble Forecast 0.020∗ -0.004 -0.009 0.033∗ -0.007 0.003 -0.007 0.001 0.021 -0.001
Ridge Regression 0.021∗ -0.000 -0.009 0.037∗∗ -0.003 0.003 -0.005 -0.003 0.021 0.013
Random Forest Regression 0.023∗ 0.001 -0.003 0.026 -0.000 -0.013 -0.021 -0.003 -0.008 0.043∗∗∗
Linear Regression 0.018 0.000 -0.012 0.032∗ 0.000 -0.002 -0.004 0.000 0.022 0.015
Regression - 3 variables 0.017 -0.003 -0.012 0.035∗∗ 0.000 0.001 -0.000 0.006 0.025 0.020
KNearest Neighbors 0.036∗∗∗ 0.009 -0.003 0.043∗∗ 0.008 -0.006 -0.029∗ -0.010 -0.000 -0.005
FCFt+0 0.016 0.035∗∗ 0.003 0.007
Support Vector Regression 0.016 0.003 -0.014 0.033∗ 0.000 -0.001 0.001 -0.005 0.027 0.012

Panel C BrandZ

FCFt+1 0.050∗∗∗ 0.082∗∗∗ -0.019 0.026

Ensemble Forecast 0.045∗∗∗ 0.003 0.006 0.062∗∗∗ 0.003 0.006 -0.027 -0.003 -0.006 0.032∗
Regression - 3 variables 0.042∗∗∗ 0.000 -0.005 0.063∗∗∗ 0.008 -0.012 -0.021 0.008 -0.002 0.020
Linear Regression 0.040∗∗∗ -0.001 -0.007 0.057∗∗∗ -0.003 -0.018 -0.023 -0.000 -0.004 0.061∗∗∗
Random Forest Regression 0.049∗∗∗ -0.000 0.009 0.058∗∗∗ -0.006 -0.004 -0.040∗∗ -0.006 -0.023 0.015
Ridge Regression 0.041∗∗∗ -0.000 -0.006 0.055∗∗∗ -0.002 -0.021 -0.027 -0.002 -0.008 0.008
Support Vector Regression 0.037∗∗∗ -0.007 0.001 0.052∗∗∗ -0.008 0.000 -0.021 0.006 -0.002 0.029∗
FCFt+0 0.048∗∗∗ 0.066∗∗∗ -0.030 0.037∗
KNearest Neighbors 0.037∗∗∗ -0.002 0.008 0.054∗∗∗ 0.001 0.015 -0.019 0.005 -0.001 0.038∗∗

We build portfolios based on the out-of-sample predictions from Tables 4.7, 4.8, 4.9, and 4.10. Models are sorted by R-squared. The cash flow or
earnings measure in t+ 1 is the perfect foresight portfolio. Top (worst, random) 10 is a portfolio (long position) consisting of the 10 best (worst,
random selection) performing firms with respect to a given cash flow or earnings measure. The hedge portfolio takes a long position in the 10
best performing firms and a short position in 10 worst performing firms. Portfolios are created at the end of the month when the brand ranking
is released, and we provide the average 12-month returns. ΔBVE is the return gain if the BVE is added to a given prediction model. ΔAcc is the
gain in returns if all other predictors are added to a given prediction model that initially only includes BVE. We use three-factors adjusted returns
by creating 18 benchmark portfolios (2 × 3 × 3) based on the intersection between size, book-to-market, and momentum. To test whether the
portfolio returns are different from zero, we perform a t-test on all individual monthly returns (N = 10(20) × 13). We also test whether ΔAcc
and ΔBVE are significant by employing a t-test. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).
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Table 4.13: Portfolio returns based on operating income predictions (out-of-sample)

Hedge portfolio Top 10 Worst 10 Random 10

Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

OIt+1 0.003 0.032∗ 0.025 0.022

OIt+0 -0.001 0.019 0.020 -0.006
Regression - 3 variables 0.005 0.002 -0.022 0.021 0.003 -0.021 0.010 0.000 0.023 0.001
Linear Regression 0.003 0.004 -0.024 0.014 0.002 -0.029 0.007 -0.006 0.020 0.007
Ridge Regression 0.005 0.005 -0.023 0.017 0.007 -0.026 0.007 -0.003 0.020 0.004
Ensemble Forecast 0.006 0.000 -0.016 0.018 -0.002 -0.020 0.005 -0.003 0.012 0.035∗
Support Vector Regression 0.001 -0.008 -0.009 0.012 -0.009 0.004 0.009 0.007 0.022 0.014
Random Forest Regression 0.005 0.010 -0.003 0.018 0.005 0.005 0.008 -0.014 0.010 0.003
KNearest Neighbors -0.001 -0.004 -0.013 0.005 -0.011 -0.012 0.007 -0.003 0.013 -0.017

Panel B BrandFinance

OIt+1 0.024∗∗ 0.032∗ -0.016 0.008

Regression - 3 variables 0.015 0.001 -0.015 0.007 -0.000 -0.027 -0.023 -0.001 0.003 -0.013
Linear Regression 0.010 0.002 -0.020 0.004 0.000 -0.030 -0.016 -0.005 0.010 0.022
OIt+0 0.016 0.013 -0.018 0.016
Ridge Regression 0.010 -0.002 -0.020 0.003 0.000 -0.031 -0.017 0.005 0.009 0.041∗∗
Ensemble Forecast 0.015 -0.001 -0.018 0.007 0.001 -0.034 -0.022 0.003 0.001 0.027
Random Forest Regression 0.017 -0.001 -0.005 0.015 0.002 -0.018 -0.019 0.003 -0.007 -0.002
Support Vector Regression 0.014 -0.001 -0.020 0.008 0.001 -0.034 -0.020 0.004 0.005 0.018
KNearest Neighbors 0.024∗∗ 0.005 -0.001 0.012 0.006 -0.014 -0.035∗∗ -0.004 -0.011 0.002

Panel C BrandZ

OIt+1 0.045∗∗∗ 0.056∗∗∗ -0.033∗ 0.013

OIt+0 0.030∗∗ 0.023 -0.036∗ 0.029
Regression - 3 variables 0.030∗∗ -0.000 -0.017 0.032∗∗ 0.004 -0.043∗ -0.028 0.004 -0.009 0.022
Linear Regression 0.033∗∗∗ -0.002 -0.014 0.032∗ -0.000 -0.043∗ -0.034∗ 0.004 -0.015 0.019
Ridge Regression 0.034∗∗∗ -0.000 -0.013 0.032∗ -0.000 -0.044∗ -0.037∗ 0.000 -0.018 0.032∗
Ensemble Forecast 0.035∗∗∗ 0.002 -0.004 0.035∗∗ 0.005 -0.025 -0.034∗ 0.002 -0.016 0.044∗∗
Random Forest Regression 0.031∗∗ 0.011 0.006 0.026 0.008 -0.009 -0.037∗∗ -0.015 -0.021 0.045∗∗
Support Vector Regression 0.033∗∗∗ 0.001 -0.000 0.034∗∗ 0.002 -0.014 -0.033∗ -0.000 -0.014 0.053∗∗∗
KNearest Neighbors 0.038∗∗∗ 0.005 0.001 0.036∗∗ -0.002 -0.026 -0.041∗∗ -0.012 -0.029 0.029

We build portfolios based on the out-of-sample predictions from Tables 4.7, 4.8, 4.9, and 4.10. Models are sorted by R-squared. The cash flow or
earnings measure in t+ 1 is the perfect foresight portfolio. Top (worst, random) 10 is a portfolio (long position) consisting of the 10 best (worst,
random selection) performing firms with respect to a given cash flow or earnings measure. The hedge portfolio takes a long position in the 10
best performing firms and a short position in 10 worst performing firms. Portfolios are created at the end of the month when the brand ranking
is released, and we provide the average 12-month returns. ΔBVE is the return gain if the BVE is added to a given prediction model. ΔAcc is the
gain in returns if all other predictors are added to a given prediction model that initially only includes BVE. We use three-factors adjusted returns
by creating 18 benchmark portfolios (2 × 3 × 3) based on the intersection between size, book-to-market, and momentum. To test whether the
portfolio returns are different from zero, we perform a t-test on all individual monthly returns (N = 10(20) × 13). We also test whether ΔAcc
and ΔBVE are significant by employing a t-test. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).
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Table 4.14: Portfolio returns based on net income predictions (out-of-sample)

Hedge portfolio Top 10 Worst 10 Random 10

Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns ΔBVE ΔAcc Returns

Panel A Interbrand (1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

NIt+1 0.011 0.039∗∗ 0.017 0.012

Ensemble Forecast 0.013 0.006 -0.006 0.034∗ 0.012 0.002 0.008 0.000 0.013 0.006
Regression - 3 variables 0.005 -0.004 -0.023 0.026 -0.008 -0.016 0.016 -0.001 0.030 0.019
Random Forest Regression 0.009 0.000 0.013 0.025 -0.004 0.012 0.006 -0.004 -0.013 0.036∗
Linear Regression 0.006 0.006 -0.022 0.025 0.010 -0.018 0.013 -0.002 0.026 -0.006
Ridge Regression 0.005 0.002 -0.023 0.023 0.003 -0.020 0.013 -0.002 0.026 0.016
Support Vector Regression 0.017 -0.002 -0.011 0.049∗∗∗ 0.013 0.006 0.015 0.016 0.028 0.014
NIt+0 -0.000 0.029 0.029 0.007
KNearest Neighbors 0.017 0.003 0.011 0.035∗ 0.011 0.020 0.001 0.004 -0.001 -0.016

Panel B BrandFinance

NIt+1 0.026∗∗ 0.027∗ -0.024 0.010

Regression - 3 variables 0.018 0.007 -0.011 0.018 0.006 -0.016 -0.019 -0.009 0.007 0.035∗∗
Ensemble Forecast 0.022∗ 0.004 -0.001 0.027 0.006 -0.003 -0.017 -0.002 -0.001 -0.008
Ridge Regression 0.010 -0.001 -0.020 0.010 0.000 -0.024 -0.010 0.003 0.016 0.020
Linear Regression 0.008 -0.001 -0.021 0.005 -0.001 -0.029 -0.011 0.001 0.014 -0.009
NIt+0 0.016 0.023 -0.009 0.002
Random Forest Regression 0.024∗∗ 0.007 0.003 0.026 0.003 -0.003 -0.022 -0.012 -0.010 0.033∗
Support Vector Regression 0.011 -0.002 -0.018 0.009 -0.010 -0.025 -0.014 -0.007 0.011 0.049∗∗∗
KNearest Neighbors 0.022∗ 0.006 0.001 0.022 0.004 -0.008 -0.023 -0.009 -0.010 0.007

Panel C BrandZ

NIt+1 0.036∗∗∗ 0.048∗∗∗ -0.025 0.027

Regression - 3 variables 0.034∗∗∗ 0.007 -0.013 0.037∗∗ 0.007 -0.038 -0.031∗ -0.008 -0.012 0.003
Ensemble Forecast 0.038∗∗∗ 0.004 -0.001 0.037∗∗ 0.004 -0.026 -0.039∗∗ -0.003 -0.024 0.035∗
Random Forest Regression 0.041∗∗∗ 0.008 -0.001 0.043∗∗ 0.014 -0.018 -0.040∗∗ -0.001 -0.015 0.020
Linear Regression 0.024∗ -0.004 -0.023 0.029∗ -0.000 -0.046∗ -0.019 0.007 -0.000 0.022
Ridge Regression 0.031∗∗ 0.001 -0.016 0.034∗ 0.000 -0.041 -0.027 -0.001 -0.008 0.018
KNearest Neighbors 0.039∗∗∗ 0.005 -0.000 0.041∗∗ 0.002 -0.019 -0.038∗∗ -0.007 -0.018 0.020
NIt+0 0.027∗∗ 0.037∗∗ -0.017 0.020
Support Vector Regression 0.027∗∗ -0.009 -0.016 0.035∗∗ 0.002 -0.032 -0.019 0.019 -0.000 0.018

We build portfolios based on the out-of-sample predictions from Tables 4.7, 4.8, 4.9, and 4.10. Models are sorted by R-squared. The cash flow or
earnings measure in t+ 1 is the perfect foresight portfolio. Top (worst, random) 10 is a portfolio (long position) consisting of the 10 best (worst,
random selection) performing firms with respect to a given cash flow or earnings measure. The hedge portfolio takes a long position in the 10
best performing firms and a short position in 10 worst performing firms. Portfolios are created at the end of the month when the brand ranking
is released, and we provide the average 12-month returns. ΔBVE is the return gain if the BVE is added to a given prediction model. ΔAcc is the
gain in returns if all other predictors are added to a given prediction model that initially only includes BVE. We use three-factors adjusted returns
by creating 18 benchmark portfolios (2 × 3 × 3) based on the intersection between size, book-to-market, and momentum. To test whether the
portfolio returns are different from zero, we perform a t-test on all individual monthly returns (N = 10(20) × 13). We also test whether ΔAcc
and ΔBVE are significant by employing a t-test. The symbols ***, **, * indicate p-values of 1%, 5%, and 10%, respectively (two-sided test).
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Table 4.15: Portfolio returns based on the predictive ability of BVE (out-of-sample)

Hedge portfolio Top 10 Worst 10

(1) (2) (3)

Panel A: Interbrand

Ensemble Forecast (OCF) 0.017 0.034 0.000
Ensemble Forecast (FCF) 0.034∗∗ 0.057∗∗∗ -0.011
KNearest Neighbors (OI) 0.012 0.017 -0.007
KNearest Neighbors (NI) 0.006 0.014 0.002

Panel B: Brand Finace

Ensemble Forecast (OCF) 0.029∗∗ 0.034∗ -0.023∗
KNearest Neighbors (FCF) 0.039∗∗∗ 0.049∗∗∗ -0.029∗∗
Support Vector Machine Regression (OI) 0.034∗∗∗ 0.042∗∗ -0.026∗
Ensemble Forecast (NI) 0.023∗∗ 0.029∗ -0.016

Panel C: BrandZ

Ensemble Forecast (OCF) 0.042∗∗∗ 0.062∗∗∗ -0.021
Ensemble Forecast (FCF) 0.039∗∗∗ 0.056∗∗∗ -0.021
Ensemble Forecast (OI) 0.039∗∗∗ 0.060∗∗∗ -0.018
Ensemble Forecast (NI) 0.039∗∗∗ 0.063∗∗∗ -0.015

We build portfolios based on the out-of-sample predictions fromTables 4.7, 4.8, 4.9, and
4.10. The table reports only the best predictionmodel based onR-squared that uses only
BVE as a predictor. Top (worst, random) 10 is a portfolio (long position) consisting of
the 10 best (worst, random selection) performing firms with respect to a given cash flow
or earnings measure. The hedge portfolio take a long position in the 10 best performing
firms and a short position in 10 worst performing firms. Portfolios are created at the end
of the month when the brand ranking is released, and we provide the average 12-month
returns. We use three-factors adjusted returns by creating 18 benchmark portfolios (2×
3× 3) based on the intersection between size, book-to-market, and momentum. To test
whether the portfolio returns are different from zero, we perform a t-test on all individual
monthly returns (N = 10(20)× 13). The symbols ***, **, * indicate p-values of 1%, 5%,
and 10%, respectively (two-sided test).

Table 4.16: Variable definitions
Variable Operational measure Source

IB_VALUE, BF_VALUE,
BZ_VALUE

Brand value estimates by Interbrand, Brand Finance, BrandZ, deflated by total assets (at) Interbrand, Brand
Finance, BrandZ

HOUSE_OF_BRANDS This is an indicator variable which takes on the value 1 if company has more than one
brand in the ranking, otherwise 0.

Interbrand, Brand
Finance, BrandZ

OCF Operating cash flow (oancf) minus the accrual portion of extraordinary items and discon-
tinued operations reported on the statement of cash flows (xidoc), deflated by average
total assets (at).

Compustat

FCF OCF - capital expenditure (capx), deflated by total assets (at) Compustat
OI Operating income after depreciation (oiadp), deflated by average total assets (at) Compustat
NI Income before extraordinary items (ib), deflated by average total assets (at) Compustat
FIRM_AGE Number of years since the company first had non-zero total assets data in Compustat. Compustat
MARKET-TO-BOOK Market-to-book ratio based on fiscal-year-end market value of equity (PRCC×CSHO)

scaled by the book value of common equity (CEQ) for the current fiscal year.
Compustat

TOTAL_ASSETS Total assets at the end of the fiscal year (at) Compustat
EARNINGS_VOLATILITY Firm-specific standard deviation of quarterly earnings (IBQ) scaled by average total assets

(ATQ) using a time series of eight prior quarters.
Compustat

SALES_GROWTH Percentage change in sales (sale) Compustat
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Summary

English original

Accounting Quality and Financial Forecasting

This dissertation contributes to our understanding of accounting quality and financial forecast-

ing, which are interdependent concepts. While financial forecasts require accurate and relevant

accounting information as input, they also generate new accounting information as output by

making a prediction about the future. In this dissertation, I examine whether a growth mindset

undermines the accounting quality, the contingent effect of disaggregated forecast on forecast ac-

curacy, as well as whether brand value estimates are useful for predicting financial performance.

In chapter 2, I find that a growth mindset is negatively associated with role conflict in a setting

where business controllers are tasked with fiduciary and decision support responsibilities. How-

ever, I also find that a growth mindset strengthens the positive association between role conflict

and financial misreporting and is generally positively associated with financial misreporting. This

finding implies that growth mindset individuals have a more flexible view on breaking rules in an

accounting context.

The empirical results of chapter 3 suggest that forecast disaggregation is negatively (positively)
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associated with the overall internal financial forecast error when environmental uncertainty is high

(low). In addition, the contingent effect disappears when forecasters operate in a weak internal

control environment. These findings suggest that random errors offset each other in disaggregated

forecasts, while non-random errors accumulate. Furthermore, investments in more sophisticated

forecasting tools may not provide the expected benefits when biases and a weak internal control

environment are a key concern in firms.

The analyses in chapter 4 show that brand value estimates of three well-known brand rankings

(i.e., Interbrand, Brand Finance, and BrandZ) have no incremental information content to predict

cash flows and earnings out-of-sample. A portfolio analysis supports this conclusion.

I use survey and archival data to examine the research questions outlined in this dissertation.

For Chapters 2 and 3, I designed a survey and sent it to business unit controllers to collect data.

Furthermore, I hand-collect brand value estimates from three well-known brand rankings to con-

struct the primary variable of interest in Chapter 4. All other variables are gathered from standard

data providers. This dissertation contains three stand-alone studies, of which two are co-authored

projects.

Dutch translation

Kwaliteit van Accounting en Financiële Prognoses

Dezedissertatie draagt bij aanonsbegrip vande kwaliteit van accounting enfinanciële prognoses,

twee onderling afhankelijke concepten. Terwijl financiële voorspellingen accurate en relevante ac-

counting informatie vereisen als input, genereren ze ook nieuwe accounting informatie als output

door een voorspelling te doen over de toekomst. In dit proefschrift onderzoek ik of een op groei

gerichte mindset (een ‘growth mindset’) de accounting kwaliteit ondermijnt, wat het contingente
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effect is van uitgesplitste prognoses op de nauwkeurigheid van prognoses, en of schattingen van de

merkwaarde nuttig zijn om toekomstige financiële prestaties te voorspellen.

In hoofdstuk 2 vind ik dat een op groei gerichte mindset negatief geassocieerd is met rolcon-

flicten in een setting waarin business controllers belast zijn met fiduciaire en beslissingsonderste-

unende verantwoordelijkheden. Ik vind echter ook dat een op groei gerichte mindset de positieve

associatie tussen rolconflicten en onjuiste financiële verslaglegging versterkt, en in het algemeen

positief samenhangt met onjuiste financiële verslaglegging. Deze bevinding impliceert dat indi-

viduen met een op groei gerichte mindset een meer flexibele kijk hebben op het overtreden van

regels in een boekhoudkundige context.

De empirische resultaten van hoofdstuk 3 suggereren dat het uitsplitsen van prognoses negatief

(positief) samenhangt met de totale interne financiële prognosefout wanneer de omgevingsonzek-

erheid hoog (laag) is. Bovendien verdwijnt het voorwaardelijke effect wanneer prognosemakers

in een zwakke interne controleomgeving opereren. Deze bevindingen suggereren dat willekeurige

fouten elkaar compenseren in uitgesplitste prognoses, terwijl niet-willekeurige fouten zich opstape-

len. Voorts is het mogelijk dat investeringen in meer geavanceerde prognose-instrumenten niet de

verwachte voordelen opleveren wanneer vooringenomenheid (‘biases’) en een zwakke interne con-

troleomgeving in bedrijven een belangrijk punt van zorg zijn.

De analyses in hoofdstuk 4 tonen aan dat merkwaardeschattingen van drie bekende merkrang-

lijsten (te weten Interbrand, Brand Finance, en BrandZ) geen incrementele informatie bieden om

kasstromen en winsten out-of-sample te voorspellen. Een portefeuilleanalyse ondersteunt deze

conclusie.

Ik gebruik zowel enquête- als archiefgegevens om de onderzoeksvragen te onderzoeken die in

dit proefschrift worden opgeworpen. Voor de hoofdstukken 2 en 3 heb ik een enquête ontworpen

135



en naar controllers van bedrijfsonderdelen gestuurd om gegevens te verzamelen. Verder verzamel

ik met de hand schattingen van de merkwaarde uit drie bekende merkranglijsten om de primaire

variabele van belang in hoofdstuk 4 te construeren. Alle andere variabelen zijn verzameld bij wel-

bekende dataleveranciers. Dit proefschrift bevat drie op zichzelf staande studies, waarvan er twee

samen met co-auteurs zijn uitgevoerd.
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