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Abstract
Many companies use color codes in their internal
performance reports to highlight how current performance
compares to performance in a previous period. We exam-
ine whether the use of color coding affects managers’
decision-making in a resource allocation task. We argue
that managers’ decision accuracy will be lower if they
receive noisier feedback, but that this detrimental effect of
noise can be mitigated through color coding. Using two
experiments, we find evidence consistent with our theory.
Managers who receive reports in which performance
increases are color-coded green and performance decreases
are color-coded red are less affected by noise than
managers who receive feedback reports without color
coding. Supplemental analyses suggest that color coding
induces managers to process feedback in a more holistic
manner, which reduces the adverse effect of noise on
managers’ learning processes. Our findings have several
important implications for research and practice.
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Remédier au manque de précision : la rétroaction
sur la performance par codes de couleur et son

effet sur la prise de décision

Résumé
De nombreuses entreprises utilisent des codes de
couleur dans leurs rapports de performance internes pour
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comparer la performance actuelle et la performance d’une
période antérieure. Les auteurs examinent si l’utilisation
de codes de couleur influence la prise de décision chez
les gestionnaires lors d’une tâche liée à l’allocation de
ressources. Ils soutiennent que la justesse des décisions
des gestionnaires est moins grande si le niveau de
précision de la rétroaction est plus faible, mais que cet
effet défavorable peut être atténué par l’utilisation de
codes de couleur. À l’aide de deux expériences, les
auteurs trouvent des données qui concordent avec leur
théorie. Les gestionnaires qui reçoivent des rapports
dans lesquels les améliorations de performance sont
codées en vert et les baisses de performance en rouge
sont moins influencés par le manque de précision que les
gestionnaires qui reçoivent des rapports sans code de
couleur. Des analyses supplémentaires suggèrent que
le code de couleur incite les gestionnaires à traiter
la rétroaction de manière plus holistique, ce qui
réduit l’effet négatif du manque de précision sur les
processus d’apprentissage des gestionnaires. Les résultats
ont plusieurs implications importantes pour la recherche et
la pratique.

MOTS - C L É S
apprentissage, code de couleur, manque de précision, mesure de
performance, rétroaction

1 | INTRODUCTION

The integration of color codes, which often highlight performance increases in green and
decreases in red, into internal reporting and decision-making dashboards is a common practice
in many organizations (Emett & Tayler, 2013; Wexler et al., 2017). Anecdotal evidence suggests
that the prevalence of color coding extends beyond a single industry or sector (e.g., Carmona &
Grönlund, 2003; Gumbus & Lyons, 2002; Verzola et al., 2009). Furthermore, attaching color to
performance information is not only limited to in-house reporting but is also a prominent
feature of widely used data analytics and performance reporting software, such as Microsoft
Excel, Tableau, and PowerBI.

Despite its widespread use, our understanding of whether color coding affects managerial
decision-making is surprisingly limited. This study addresses this gap in the literature by
exploring the effects of color coding on decision accuracy. We focus on the context of a resource
allocation task, a situation frequently encountered by managers and often characterized by
nonlinear dynamics (Sterman, 1994). In this task, the output is a nonlinear function of the
input, and managers learn about this input-output relationship experientially using a
trial-and-error process (Choi et al., 2020; De Langhe et al., 2017; Ittner & Larcker, 1998). We
theorize that the effect of color coding on decision accuracy is contingent on the level of noise
in the performance information. Specifically, we argue that managers’ decision accuracy will
decrease if they receive noisier performance feedback, but that this detrimental effect of noise is
mitigated when feedback is color-coded.

In complex business environments, performance feedback is a function of both a manager’s
actions and uncontrollable factors. For instance, when managers decide on advertising budgets,
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the resulting sales and profit figures are affected not just by their decisions, but also by factors,
such as changes in consumer tastes, competitor actions, and fluctuations in resource costs.
Noise in performance feedback can significantly reduce decision accuracy, particularly for
managers who learn experientially. As shown by Choi et al. (2020), managers tend to
myopically concentrate on the most recent outcomes of their actions, potentially leading to an
over-reliance on recent feedback that is noisy and a disregard for broader performance trends
captured by previous actions’ outcomes. Such a myopic information processing approach can
obscure the true relationship between actions and outcomes. Consequently, the ability of
managers to effectively learn via trial and error from feedback can be hindered, which in turn
reduces their decision-making accuracy.

We propose that color coding performance feedback promotes a more holistic processing
approach in managers, facilitating experiential learning and enhancing their decision-making
when performance measures are noisy. By assigning visually salient and easily interpretable
labels to information cues, color coding guides managers’ focus away from the potentially
confusing, noisy details of their most recent performance outcome. Instead, it draws attention
to trends in past performance, thereby aiding in the identification and understanding of broader
patterns and diminishing the impact of noise on decision-making (Benbasat & Dexter, 1985,
1986; Bonner, 2008; Christ, 1975; Lamberski & Dwyer, 1983; Mehta & Zhu, 2009). We argue
that this holistic processing, facilitated by the use of color codes, can help mitigate the negative
impact of noise on decision accuracy because individuals are better able to factor noise into
their mental models.

We conduct two experiments to test our hypothesis regarding the interaction effect of noise
and color coding on decision accuracy. Both experiments use the same setting where partici-
pants, assuming the role of managers, are tasked with allocating costly resources toward adver-
tising, a key revenue driver. Participants make this resource allocation decision across
10 consecutive periods, with the incentive to optimize firm profit in each period. Increasing
resource levels not only boosts revenues but also inflates costs, and there is a curvilinear
relationship between allocated resources and firm profit; participants must learn this relation-
ship via trial and error (De Langhe et al., 2017; Ittner & Larcker, 1998). Furthermore, profit is
subject to external factors beyond managerial control, which adds noise obscuring the associa-
tion between resource allocation and profitability (Choi et al., 2020; Farrell et al., 2007;
Ittner & Larcker, 2003). At the end of each period, participants receive a report detailing the
realized profit and the profit change relative to the previous period. Noise is manipulated
between-participants by varying the upper and lower boundary of a random number drawn
from a uniform distribution that impacts the firm’s profit. Color coding is manipulated
between-participants by varying the format of the feedback reports that participants
receive. When color coding is present, the report supplements profit change data with a green
or a red rectangle, depending on whether the profit exceeds or falls short of the previous
period’s profit, respectively. When color coding is absent, these profit changes are not color-
coded.

Experiment 1 tests our theory in a controlled laboratory setting with 86 student participants.
The results of this experiment are consistent with our predictions: noise reduces decision
accuracy when color coding is absent, but this effect is mitigated when participants receive
color-coded performance information. The limited sample size and the lack of work experience
among the participants in Experiment 1 warrant further consideration of the robustness of our
findings. Given these considerations and the imposed lockdown due to COVID-19 at the time,
we chose to conduct a second experiment online. We used the online platform Prolific to recruit
participants with significant work experience and collected a sample of 287 usable observations.
The findings from this second experiment confirm that color coding mitigates the negative
impact of noise on decision accuracy. The results from this experiment also provide further
evidence for the predicted theoretical mechanisms, indicating that color coding promotes better
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learning through a more holistic processing approach, which is beneficial in more noisy
environments.

By examining whether color coding can assist decision-makers in dynamic environments
where input and output relationships are often significantly affected by noise, our research
not only explores a previously underexamined subject but also contributes to prior literature
in several ways. First, we offer new insights on how the formatting of management account-
ing information affects managers’ decisions. Consistent with a growing body of research on
choice architecture (e.g., Johnson, 2021; Thaler et al., 2013; Thaler & Sunstein, 2008;
Ungemach et al., 2018), our study corroborates the idea that even minor, nearly costless,
modifications in information presentation can significantly affect decision quality. Unlike
previous research that focuses on performance evaluation settings or on situations where
managers evaluate employees amidst an overload of information (Banker et al., 2004;
Cardinaels & Van Veen-Dirks, 2010; Lipe & Salterio, 2002; Moriarity, 1979; Stock &
Watson, 1984), we explore the influence of feedback information format on decision
accuracy in a context that demands experiential learning. Our findings illustrate that noise
can hamper decision accuracy when color coding is absent. However, when performance
changes are color-coded with green and red, managers can better comprehend the connec-
tion between their actions and organizational outcomes, consequently mitigating the
adverse impact of noise on decision accuracy.

Second, our study answers calls for more research into the decision-facilitating role of
management accounting (e.g., Luft, 2016; Sprinkle & Williamson, 2006). Existing research
in this area shows that the presence and accuracy of information about causal linkages
between leading and lagging performance indicators (Humphreys et al., 2016; Kelly, 2010)
and the timing of performance feedback (Thornock, 2016) can affect managers’ learning.
Importantly, Choi et al. (2020) show that performance measure noise hampers learning,
especially when managers learn experientially instead of vicariously. Our study extends
the work of Choi et al. (2020) by showing that, even in high-noise settings, performance
measures can retain their information value when supplemented by simple visual aids, like
color coding. When managers rely on experiential learning, color coding can be a cost-
effective strategy to preserve the decision-facilitating role of performance measures affected
by noise.

Third, our study is related to recent accounting research that finds that people who
receive less information sometimes make better decisions (Casas-Arce et al., 2017; Eyring
et al., 2021) and that providing investors with additional performance measures or more
detailed information can reduce the quality of their investment decisions (Bloomfield, 2002;
Hirshleifer & Teoh, 2003). More comprehensive information can hamper judgment quality
because individuals’ cognitive limitations prevent them from using this information
accurately. Our research shows that decision accuracy is not only a function of how much
information is provided but also of how information is presented. Specifically, we show that
color coding simplifies the information environment by suppressing attention to granular
details and highlighting trends in performance outcomes. This leads decision-makers to
attend more to a collective set of information and less to detailed information cues, which
helps them update their mental models and improve decision-making quality when noise
is high.

Finally, considering the widespread use of color coding in performance dashboards,
annual reports, and investor websites, it is striking that its use in business settings is a
largely unexplored area in scholarly research. Most extant studies examine the use of color
in graphs or for purposes other than directional coding of performance information
(Benbasat et al., 1986; Christ, 1975; Elliot & Maier, 2014; Kanarick & Peterson, 1971;
Mehta & Zhu, 2009). For example, researchers have examined whether presenting possible
payoff information in red affects investors’ risk taking (Bazley et al., 2021). While our
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research is similar to these studies in examining the effects of color on decision-making,
our focus is fundamentally different. We explore the impact of color-coding systems on
decision accuracy under varying levels of noise in performance feedback. Recognizing that
noise can significantly hinder decision-makers, we suggest a novel theoretical perspective
positing that decision-makers are less affected by noise when color codes help in the inter-
pretation of noisy information, enabling the construction of more accurate mental models
of cause-and-effect relationships.

2 | BACKGROUND AND HYPOTHESIS DEVELOPMENT

2.1 | Background

2.1.1 | Learning from noisy feedback

In order to make decisions that create value for the firm, managers need to understand how
various input factors, including effort, R&D, and marketing, affect financial outcomes.
Such cause-effect relationships are often complicated by the presence of time lags and non-
linearities (Cardinaels et al., 2004; Choi et al., 2020; Farrell et al., 2007; Humphreys
et al., 2016; Ittner & Larcker, 1998; Kelly, 2007; Luft & Shields, 2001). Typically, firms lack
detailed knowledge about how exactly inputs affect outputs, prompting managers to rely on
their own mental models of these relationships. These mental models may initially reflect
managers’ vested beliefs and intuitions, but they can be improved through experiential trial-
and-error learning based on feedback in performance reports (Campbell et al., 2015;
Huelsback et al., 2011).1

One factor that complicates managers’ experiential learning is that performance feedback is
often noisy. Performance metrics typically not only reflect managers’ actions but are also
affected by other factors over which managers have no control. As demonstrated in analytical
research in accounting and economics (e.g., Banker & Datar, 1989; Feltham & Xie, 1994;
Holmström, 1979), when the impact of these factors in comparison to the impact of the
managers’ actions becomes larger, measures become noisier indicators of how well managers
performed. Noise in performance metrics makes it challenging for managers to interpret, cogni-
tively process, and learn from performance feedback. That is, developing an accurate mental
model is more difficult when output metrics contain noise.

When noise is low, decision-makers can gradually approach the optimum by carefully
considering how the magnitude and direction of the most recent change in input relates to the
size and magnitude of the most recent change in output. However, when noise is high, focusing
on the most recent feedback is less effective. High noise levels can result in misleading informa-
tion about the direction and magnitude of the change in output due to the most recent change
in the input factor, confusing managers and impeding their learning process (Casas-Arce et al., 2017;
Choi et al., 2020; Merlo & Schotter, 1999, 2003). Consequently, managers may become hesitant to
change their actions after achieving a somewhat satisfactory level of performance or may draw
incorrect conclusions about the cause-and-effect relationship.

Prior research indeed shows that noise hinders decision-makers from effectively utilizing
feedback, leading to lower decision-making performance (Huelsback et al., 2011). Building
upon this finding, Choi et al. (2020) show that noise impedes the learning process of experiential

1Experiential learning plays a crucial role in organizations. First, many tasks are highly specialized or unique, so it is challenging for
employees to learn only from the experiences of others. Second, not all information about decision outcomes or processes is openly
shared or easily accessible, so employees need to learn from their own experiences. Third, much of the knowledge gained in the
workplace is difficult to articulate or transfer to others. Finally, the transfer of knowledge between employees often imposes significant
costs in terms of time, resources, and political capital.
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learners because they myopically focus on the most recent feedback realization while failing to
attend to a broader set of signals. Taken together, this suggests that managers who narrowly
focus on the most recent feedback are likely to make less accurate decisions when performance
feedback is noisier. In our hypothesis section, we develop theory suggesting that it might be
beneficial to modify the presentation format of feedback information in order to reduce the
negative impact of noise on decision-making accuracy. Specifically, we argue that using color
codes can help managers overcome the learning challenges triggered by an overemphasis on
recent feedback distorted by noise.

2.1.2 | The use of color in the presentation of information

The use of color in the presentation of information to decision-makers is widespread, but
research on the effects of using color is scattered across academic fields. A review of the existing
literature suggests that, across domains, using color when presenting information can affect
judgment and decision-making performance in different ways.

A first stream of research, mainly in the psychophysics literature, focuses on saliency effects
of color and indicates that the use of color captures and focuses decision-makers’ attention
(Benbasat & Dexter, 1986; Green & Anderson, 1956; Keller et al., 2006; Theeuwes, 1992;
Yeh & Wickens, 2001). As a result, coloring information increases performance in search tasks
and in settings where identifying relevant cues would otherwise be difficult, or in tasks where
information overload is a concern (Ruthruff et al., 2020). For example, using different
background colors in charts can affect search performance (So & Smith, 2002), and coloring
important cells in a spreadsheet increases the probability that decision-makers will attend to
information in those cells (Wexler et al., 2017).

A second stream of research shows that the use of specific colors can lead to arousal or
other affective responses (Weller & Livingston, 1988; Wilms & Oberfeld, 2018). Most impor-
tantly, several studies show that using the color red affects decisions because individuals
in Western cultures associate red with danger (Bazley et al., 2021; Elliot et al., 2007, 2009;
Gnambs et al., 2015; Mehta & Zhu, 2009). Thus, red has been associated with impaired
performance on achievement tasks (Elliot et al., 2007, 2009), but enhanced performance on
detail-oriented tasks (Mehta & Zhu, 2009). In addition, it has been shown that presenting
potential losses in red instead of some other color may reduce individuals’ willingness to take
risks (Bazley et al., 2021; Gnambs et al., 2015).

Finally, a small group of studies more closely related to ours examines the use of color in
coding systems. Color coding is the use of color to categorize or attach value labels to informa-
tion, with the intention of facilitating the cognitive processing of this information. As a basic
element of visual perception, color demands minimal cognitive capacity for processing (Elliot &
Maier, 2014). In line with this, previous research indicates that color plays a significant role in
individuals’ cognitive representation of objects. Furthermore, people find it easier to recognize
and remember colored objects and color-coded information (e.g., Keller et al., 2006; Therriault
et al., 2009). Color-coding systems exist in a variety of domains. For example, in healthcare,
color coding is used to help healthcare providers and patients process information on health
statuses and risks (e.g., DeBoer et al., 2005; Oettinger et al., 2009). Another common applica-
tion involves labeling food items, where research indicates that, under specific conditions, color
labels can assist consumers in processing the nutritional value of alternative products more
holistically, resulting in healthier food choices (e.g., Koenigstorfer et al., 2014; Meng &
Chan, 2022; Trudel et al., 2015).

While this last group of studies implies that color coding can occasionally facilitate informa-
tion processing, it is worth noting that these studies typically examine scenarios in which color
codes serve to summarize and label extensive and multidimensional information sets, such as
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the nutritional values of various ingredients. To our knowledge, no study has investigated
the impact of color coding on decision-making in business settings or other settings where
decision-makers receive noisy performance feedback. Consequently, it remains an open
question whether employing color-coded outcome feedback influences the effect of noise on
managers’ trial-and-error learning processes and the accuracy of their resource allocation
decisions.

2.2 | Hypothesis development

As mentioned earlier, the learning process of experiential learners is hampered when they are
exposed to high noise levels. This is because they tend to myopically focus on the most recent
feedback and fail to adequately account for the noise in this feedback (Choi et al., 2020).
Managers who operate in noisy environments may therefore benefit from adopting a more
holistic approach, where they consider a wider range of previous inputs and their corresponding
outputs. By focusing on a broader set of past outcomes rather than the details of the most
current change in performance, managers learn that similar input levels sometimes yield vastly
different outcomes, while significantly different levels of input can sometimes produce very
similar outcomes. As a result, they will find it easier to separate the signal from the noise, thus
developing a more accurate and complete mental model of the relationship between input and
output. We propose that supplementing numeric feedback signals with a color code that
indicates whether performance increased (green) or decreased (red) compared to the previous
period induces such a holistic approach, mitigating the adverse effects of noise on decision-
making performance.

Since color is a fundamental element of visual perception, processing color information occurs
mostly automatically and requires minimal cognitive capacity (Atkins et al., 2002; Gary &
Wood, 2011; Kelton et al., 2010; Treisman, 1988). Thus, a visually salient signal in the form of
green or red color coding will be difficult for decision-makers to overlook, ignore, or misinterpret.
In addition, prior research on memory retrieval (e.g., Hanna & Remington, 1996) shows that color
is stored in long-term memory along with object information—that is, the details and attributes of
elements being considered in the decision-making process. By associating color with object infor-
mation, individuals are better able to recall past instances of good and bad performance, as the
color aids in memory retrieval and offers a more comprehensive understanding of the situation.

In short, information signals in the form of color codes are likely to be attended to,
cognitively processed, and remembered. Adding such codes to noisy numeric performance feed-
back changes the way in which managers learn from this feedback. The color codes draw atten-
tion away from the granular details of the most recent numeric feedback. This frees up working
memory (Benbasat & Dexter, 1986; Christ, 1975) that can then be used to actively recall the suc-
cesses and failures from periods further in the past and use that information for decisions that
impact the future. In addition, this attention shift helps prevent noisy feedback from confusing
managers or putting them on the wrong footing. The overall effect is that managers who receive
color-coded feedback will be less likely to myopically focus on improving their most recent alloca-
tion and to refrain from changing their allocation after reaching a somewhat satisfactory level of
performance. Instead, they are encouraged to experiment with input levels they have not tried
before and to develop and test theories that help them to better identify noise in the data, resulting
in a more accurate and comprehensive mental model (Meng & Chan, 2022; Trudel et al., 2015).

In summary, when color codes are absent, experiential learners likely place much emphasis
on the most recent feedback and not enough on the bigger picture. As a consequence, they may
not sufficiently account for noise in performance metrics such that their mental models of
cause-effect relationships are incomplete and inaccurate (Humphreys et al., 2016; Krishnan
et al., 2005; Markman & Gentner, 2001). Complementing noisy metrics feedback with color
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codes induces a more holistic approach that allows managers to develop more accurate mental
models and therefore make better resource allocation decisions.

While a more holistic approach facilitates learning from noisy feedback, it is likely not very
beneficial in the absence of noise. When feedback is very informative about the accuracy of the
input decision, managers who focus on the most recent feedback and use the granular details of
this feedback to update their beliefs about the specific form of the cause-effect relationship will
likely learn faster than managers who ignore these details and instead focus only on broad
patterns over time. Thus, we do not hypothesize that color coding is always beneficial. Instead,
we predict an interaction effect of noise and color coding such that noise negatively influences
decision accuracy for managers who receive performance feedback without color coding, but
that this effect of noise will be mitigated when performance feedback is color-coded.

Hypothesis. The detrimental effect of noise on the accuracy of managers’ resource
allocation decisions is weaker when performance feedback information is color-
coded than when it is not color-coded.

3 | METHOD

To test our hypothesis, we conduct two experiments. The two experiments use the same design
and task but slightly different procedures and different participant pools.

3.1 | Design and task

Our experiments have a 2 (feedback noise: low vs. high) � 2 (color coding: absent vs. present)
between-participants design. To maximize internal and external validity, we selected a clean
and abstract setting that captures the essence of many settings in practice without introducing
idiosyncrasies that would limit the generalizability of our findings (Libby et al., 2002;
Swieringa & Weick, 1982). As we explain in more detail below, in our experiments, there is one
input factor (advertising expenses) and one output factor (profit); there is a continuous,
unchanging, input-output function; noise is modeled as an additive number drawn from a uni-
form distribution; and we use a two-color coding scheme (green and red).

Participants assume the role of a business unit manager in a large firm. For 10 subsequent
periods, they conduct a common business task in which they invest a certain percentage of their
business unit’s resources into advertising with the objective of maximizing the unit’s profit. The
unit’s profit function is a concave function of advertising expenses, representing a complex
nonlinear relationship with diminishing returns to advertising as often exists in practice
(Cardinaels et al., 2004; Farrell et al., 2007). The specific profit function is displayed in
Figure 1. Participants are not informed about this profit function as we focus on experiential
learning based on period-by-period feedback. We measure decision accuracy, the dependent
variable, by looking at the average profit realized after the first feedback is given (i.e., over the
last nine periods). The dependent variable and the manipulations of noise and color coding are
described in the next section.

Each period, participants select an advertising budget by choosing an integer number
between 0 and 100. The highest profit is realized at an investment level of 78, which results in
an expected profit of €29,444.2 Participants are instructed that advertising spending only affects

2Ignoring noise, profit ranges from €0 (minimum profit, for an allocation of 0) to €29,444 (for maximum value of 78). If investments
were not constrained to whole numbers, the optimal investment level for this function would be at 77.9636, which corresponds to an
expected profit of €29,444.3.
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current-period profit; the increase in revenues resulting from higher advertising spending does
not necessarily outweigh the additional costs; the effect of advertising spending on profit
remains the same during the 10 periods; and profit is also affected by noise (see next section).
At the end of each period, participants receive a performance report that contains their alloca-
tion decision, the realized profit of their business unit in that period, and the change in realized
profit compared to the previous period. In addition, the report also lists the allocations,
realized profits, and profit changes of all previous periods.

3.2 | Manipulations and dependent variable

Feedback noise is operationalized by informing participants that profit is not only affected by
their allocation but also by external factors over which they have no control, “such as the state
of the economy or actions of competitors.”3 To quantify the noise factor, we draw a random
number from a uniform distribution with mean zero, and add this to the result realized by the
allocation decision (Callahan et al., 2006; Chan et al., 2023; Choi et al., 2020). The noise
factor is independently determined for each participant in each period. The level of noise
is manipulated by varying the uniform distribution from which the noise term is
drawn (Callahan & Gabriel, 1998; Choi et al., 2020). In the low noise condition, this

F I GURE 1 Profit function. This figure plots the nonlinear relationship between advertising budget allocation and
profit in our two experiments. The profit function is Noise-free Profit = 5/2 � x2 � ln(1 + x) � x4/1,000. The x-axis
represents the Allocation, which can be any integer between 0 and 100. The y-axis displays the Noise-free Profit.

3While we operationalize noise as the effect of external factors over which the manager has no control, the specific source of the noise is
not conceptually relevant, and we would expect similar results if noise were, for example, operationalized as a limitation in the
measurement process.
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distribution ranges from �€2,500 to €2,500, while in the high noise condition it ranges from
�€12,500 to €12,500.

The presence of color coding is manipulated by varying how the feedback reports present
the change in profit compared to the previous period. The color coding absent condition only
provides numerical information (i.e., a euro figure). The color coding present condition supple-
ments this information with a green or red rectangle, depending on whether the change in profit
compared to the prior period is positive or negative (see Figure 2).4

As indicated, our dependent variable, Decision_Accuracy, is calculated as the participants’
average decision accuracy in Periods 2–10. Specifically, we calculate accuracy in each period
via the following formula:

Accuracy tð Þ¼ 1� Allocation tð Þ –Optimal Allocation
Optimal Allocation

�
�
�
�

�
�
�
�
: ð1Þ

We exclude the first-period allocation because it is a random guess as no feedback has yet
been received by the participants. Yet, we expect that participants will use their first-period allo-
cation as an anchor, such that participants who are further off in the first period will need more
iterations to improve than participants who are closer to the optimal level in the first period. In
our analyses, we control for this random first-period allocation (Accuracy_Period_1).

3.3 | Participants and procedures

3.3.1 | Experiment 1

Experiment 1 was performed in the behavioral laboratory of the business school of a large
university in Western Europe.5 We recruited 88 participants from the lab’s subject pool, which
consists of undergraduate and master’s students. Two participants, who indicated in the
post-experimental questionnaire that they were color blind, are excluded from all subsequent
analyses, leaving a sample of 86 participants. These participants are on average 21.6 years old,
and 59% are female. The task was programmed as a computer task in Qualtrics. Participants
performed the task at their own pace in an individual cubicle. After finishing the main task,
they filled out a post-experimental questionnaire. They then received their compensation and
were dismissed. The compensation consisted of a fixed payment plus compensation based on
their performance on the main task. Specifically, participants were paid based on the aggregate
profit realized in the 10 periods (the payout ratio was €1 for each €25,000 of profit earned).
The average participant earned €13.80 (€5 fixed pay plus €8.80 performance-based pay).

3.3.2 | Experiment 2

The limited sample size and the lack of work experience among the participants in Experiment 1
warrant further consideration of the robustness of our findings. We therefore ran a second
experiment using a larger sample of more experienced participants. To overcome obstacles in

4Adding a yellow coding would align with traffic light systems often observed in practice, but would reduce the internal validity of the
experiment. The colors red and green have universally accepted meanings (green for good and red for bad), but yellow does not have an
unambiguous meaning, so it is subject to each participant’s interpretation. Moreover, the inclusion of yellow as an intermediate color
would require a subjective decision about when performance increases (decreases) cross a line from yellow to green (red). These
additional boundaries could complicate the interpretation of our results and reduce the internal validity of our experiment.
5The experiment was approved by the ethics board of the university where it was conducted.
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F I GURE 2 Performance reports used in the experiments. (A) Performance report with color coding absent;
(B) performance report with color coding present. This figure shows an example of a performance report in the color coding
absent condition (A) and the color coding present condition (B), as it was displayed to participants during the experiments.
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recruiting experienced participants during the COVID-19 lockdown, we conducted the second
experiment with participants recruited on the online platform Prolific (e.g., Palan &
Schitter, 2018).6 The larger sample not only enables us to validate the results of our first
experiment, but also facilitates supplemental process analyses to shed more light on the mecha-
nism behind our results.

We recruited 297 participants from the online platform Prolific.7 Participants had to be at
least 21 years old, have English as their first language, and have an approval rate of at least
90%. We also restricted our sample to people with management experience who were working
in a sector where decisions about advertising spending are likely to be made.8 For our analyses,
we have 287 useable responses. We excluded data from 6 participants who indicated in the
post-experimental questionnaire that they were color blind, and from another 6 participants for
whom the approval rate is not reliable because they completed less than 30 tasks on Prolific.9

To ensure that participants understood the instructions, they had to successfully complete
a comprehension quiz before they could start the main task. Data collected using a
post-experimental questionnaire indicate that participants are on average 41.3 years old and
have 21.4 years of work experience. About 45% of the participants are female.

We provided participants a fixed payment of £2 as an incentive to sign up for the study. Simi-
lar to Experiment 1, participants were compensated for the total profit they generated across all
10 periods. Participants on average earned a variable compensation of £1.18 and spent around
10 min on the experiment, translating into an average total hourly compensation of £18.52.10

4 | RESULTS

4.1 | Main results of Experiment 1

To test our hypothesis, we rely on a 2 (Noise) � 2 (Color_Coding) factorial ANCOVA with first
Accuracy_Period_1 as a covariate.11 Noise is an indicator variable that is equal to one in the
high noise condition, and zero in the low noise condition. Color_Coding is an indicator variable
that is equal to one in the color coding present condition, and zero in the color coding absent
condition. The dependent variable, Decision_Accuracy, is measured as the average accuracy in
Periods 2–10. Panel A of Table 1 presents observed means and marginal means adjusted for the
covariate Accuracy_Period_1 in each of the four conditions and overall.12 Panel B of Table 1
presents the ANCOVA results. Figure 3A provides a plot of the marginal means. Panel A of
Table 1 and Figure 3A support that the marginal means based on the ANCOVA results pres-
ented in Panel B follow the predicted pattern. Decision_Accuracy is higher under low noise

6Experiment 2 uses the same Qualtrics instrument as Experiment 1 but with some minor improvements to the layout; for example, we
included comma separators for thousands. We also employed a more focused post-experimental questionnaire to better capture potential
mediators.
7This experiment was approved by the ethics committee of one of the coauthors’ home university.
8We specifically selected participants who indicated that they worked in business management and administration, finance,
manufacturing, marketing and sales, retail, transportation, and distribution and logistics.
9When applying the approval rate criterion to select participants, different from other platforms such as Amazon Mechanical Turk,
Prolific does not require that the number of tasks performed is above a certain threshold. Restricting the sample to people that have
done a reasonable number of tasks ensures higher data quality (Peer et al., 2014). Prior studies both use approval rate (e.g., 90%) and
minimum number of tasks (e.g., 100 “hits”) as criteria for recruiting participants on online platforms (e.g., Loepp & Kelly, 2020). Our
results remain qualitatively similar when restricting the sample further (e.g., 50, 150, or 250 tasks). When not restricting the sample for
the number of tasks, the interaction of Noise and Color_Coding in the model with Decision_Accuracy is not significant at the 10% level
(p = 0.148), but simple effects are still similar, in that Noise negatively affects Decision_Accuracy when color coding is absent
(p = 0.010), whereas it does not affect Decision_Accuracy when color coding is present (p = 0.581).
10Performance-based financial incentives were somewhat weaker in Experiment 2 compared to Experiment 1 because Prolific requires a
starting fee that needs to be high enough to reward participants sufficiently for their time.
11All p-values for directional tests reported in this paper are two-tailed.
12A one-way ANOVA indicates that Accuracy_Period_1 does not vary across conditions (F = 0.45; p = 0.718).
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(M = 0.808) than under high noise (M = 0.714). Consistent with our hypothesis, the difference
in Decision_Accuracy between low noise and high noise is smaller when color coding is present
(M = 0.781 for low noise vs. M = 0.761 for high noise) than when color coding is absent
(M = 0.835 for low noise vs. M = 0.664 for high noise).13

TABLE 1 Results of Experiment 1.

Panel A: Descriptive statistics

Noise

low high overall

Color_Coding absent n 21 21 42

Mean 0.815 0.651 0.733

SD 0.149 0.303 0.250

Marginal mean 0.835 0.664 0.750

present n 22 22 44

Mean 0.786 0.789 0.788

SD 0.207 0.178 0.191

Marginal mean 0.781 0.761 0.771

overall n 43 43 86

Mean 0.800 0.721 0.761

SD 0.179 0.254 0.222

Marginal mean 0.808 0.714 0.761

Panel B: ANCOVA results

Sum of squares df Mean square F-statistic p-value

Model 2.1806 4 0.5452 21.98 <0.001

Noise 0.1957 1 0.1957 7.89 0.006

Color_Coding 0.0097 1 0.0097 0.39 0.534

Noise � Color_Coding 0.1218 1 0.1218 4.91 0.030

Accuracy_Period_1 1.8316 1 1.8316 73.83 <0.001

Residual 2.0093 81 0.0248

Panel C: Comparisons of marginal means

Contrast df F-statistic p-value

color coding absent versus present under low noise 0.835 � 0.781 = 0.054 1 1.25 0.263

color coding absent versus present under high noise 0.664 � 0.761 = �0.097 1 4.01 0.045

low noise versus high noise when color coding is
absent

0.835 � 0.664 = 0.171 1 12.35 <0.001

low noise versus high noise when color coding is
present

0.781 � 0.761 = 0.020 1 0.18 0.671

Note: This table presents the results of Experiment 1. The experiment manipulates low versus high performance measure noise and the absence
versus presence of color coding in a 2 � 2 between-participants design. The dependent variable is Decision_Accuracy, which is measured
as average accuracy over Periods 2–10, wherebyAccuracy in period t is defined as 1 � j((Allocation (t) � Optimal Allocation)/Optimal
Allocation)j. Panel A contains descriptive statistics and marginal means for Decision_Accuracy. Panel B provides hypothesis test results for
the hypothesized interaction between Noise and Color_Coding on Decision_Accuracy. Panel C presents comparisons of marginal means.

13Raw means are consistent with this predicted pattern. Decision_Accuracy is higher when noise is low (M = 0.800, SD = 0.179) than
when noise is high (M = 0.721, SD = 0.254). Also, the difference in Decision_Accuracy between low noise and high noise is smaller
when color coding is present (M = 0.786, SD = 0.207 for low noise vs. M = 0.789, SD = 0.178 for high noise) than when color coding is
absent (M = 0.815, SD = 0.149 for low noise vs. M = 0.651, SD = 0.303 for high noise).
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In Panel B of Table 1, the main effect of Noise is significant (F = 7.89, p = 0.006),
indicating that noise reduces decision-making performance. As hypothesized, the interac-
tion effect of Noise and Color_Coding is significant (F = 4.91, p = 0.030). Simple effects
in Panel C of Table 1 reveal that, when color coding is absent, high noise results in
lower Decision_Accuracy than low noise (F = 12.35, p < 0.001). Conversely, when
color coding is present, there is no difference in Decision_Accuracy between the noise
conditions (F = 0.18, p = 0.671). In sum, the results of Experiment 1 offer support for
our hypothesis. Compared to decision-makers in the color coding absent condition,

F I GURE 3 Results of experiments. (A) Results of Experiment 1; (B) Results of Experiment 2. This figure plots the
marginal means of the dependent variable Decision_Accuracy when controlling for Accuracy_Period_1.
Decision_Accuracy is measured as the average accuracy over Periods 2–10, where Accuracy in period t is defined as
1 � j((Allocation (t) � Optimal Allocation)/Optimal Allocation)j.
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decision-makers in the color coding present condition are less affected by noise in perfor-
mance feedback.14

4.2 | Main results of Experiment 2

Table 2 reports the results of Experiment 2. Panel A provides the descriptive statistics and
marginal means for our dependent variable Decision_Accuracy in each of the four conditions and
overall. The results from this panel reveal a slight decrease in decision accuracy across conditions
when compared to Experiment 1. This is consistent with the observation that participants spent
less time on the task in Experiment 2, likely due to the different recruiting channel and participa-
tion mode (online vs. in the lab). Nonetheless, the pattern of the marginal means in Panel A of
Table 2 controlling for Accuracy_Period_1 is similar to that of Experiment 1, and is consistent
with our theory. Thus, we find that Decision_Accuracy is lower under high noise (M = 0.663)
than under low noise (M = 0.707). Also, the difference in decision accuracy between low noise
and high noise is smaller when color coding is present (M = 0.691 for low noise vs. M = 0.680
for high noise) than when color coding is absent (M = 0.724 for low noise vs. M = 0.645 for
high noise).15 Figure 3B depicts these marginal means.

Panel B of Table 2 presents the formal hypothesis test using a 2 � 2 ANCOVA with
Accuracy_Period_1 as a covariate. As in Experiment 1, Noise decreases Decision_Accuracy
(F = 4.67, p = 0.032). Also, the hypothesized interaction effect of Noise and Color_Coding is
again significant at the 10% level (F = 2.78, p = 0.097). Importantly, the simple effects analyses
reported in Panel C of Table 2 support the prediction that high noise results in lower
Decision_Accuracy than low noise when color coding is absent (F = 7.11, p = 0.008), while noise
does not affect Decision_Accuracy when color coding is present (F = 0.13, p = 0.723).16 In
summary, the results of Experiment 2 mirror those of Experiment 1 and provide further support
for our hypothesis using a larger sample of participants with substantial work experience.17

4.3 | Additional results of Experiment 2

4.3.1 | Holistic processing

Our theory posits that color coding fosters holistic processing of feedback information,
implying that participants will attend more to a collective set of previous decisions and

14We also conduct a repeated-measures ANCOVA with Accuracy (t) as the dependent variable to see if there are within-subject effects
across periods. We find a main effect for period (F = 7.47, p < 0.001), which, according to the time series data, suggests a general
improvement in accuracy over time. We further find an interaction effect of period and Noise (F = 3.30, p = 0.001). Time series data
confirm that the improvement in accuracy over time is weakened by noise. Finally, we find an interaction effect of period and
Accuracy_Period_1 (F = 4.22, p < 0.001). This suggests that the improvement in accuracy over time depends on accuracy in the first
period, which provides empirical support for our decision to include Accuracy_Period_1 as a covariate in our between-participants
analyses and to focus on the average accuracy realized over the nine periods in which feedback was available.
15The pattern of raw means is similar. Decision_Accuracy is higher when noise is low (M = 0.712, SD = 0.247) than when noise is high
(M = 0.657, SD = 0.250), and the difference in Decision_Accuracy between low noise and high noise is smaller when color coding is
present (M = 0.699, SD = 0.249 for low noise vs. M = 0.659, SD = 0.252 for high noise) than when color coding is absent (M = 0.727,
SD = 0.245 for low noise vs. M = 0.656, SD = 0.250 for high noise).
16As for Experiment 1, we also conduct a repeated-measures ANCOVA to see if there are within-subject effects across periods. We again
find a main effect for period (F = 18.71, p < 0.001), an interaction effect of period and Noise (F = 4.49, p = 0.001), and an interaction
effect of period and the covariate Accuracy_Period_1 (F = 8.89, p < 0.001). Also, as in Experiment 1, a one-way ANOVA indicates that
Accuracy_Period_1 did not vary across conditions (F = 0.51, p = 0.676).
17We also look at the results if we pool the samples from Experiment 1 and Experiment 2. We note that pooling the two samples is not
preferred as data are collected at different moments and through different channels (lab vs. online). Therefore, not too much emphasis should
be placed on these (untabulated) results. Consistent with the results in the separate samples, we find thatNoise decreases Decision_Accuracy
(F = 10.48, p = 0.001) and that the interaction effect ofNoise and Color_Coding is significant (F = 5.86, p = 0.016). The simple effect of
Noise is significantly negative when color coding is absent (F = 15.54, p < 0.001) but not when it is present (F = 0.34, p = 0.559).
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their outcomes with less emphasis on specific granular details. To corroborate this
argument, we analyze data on a participant-period level, where the allocation in period t,
Allocation (t), is regressed on Color_Coding, allocations from the two preceding periods,18

interaction terms between Color_Coding and the two prior allocations, noise terms from the

TABLE 2 Results of Experiment 2.

Panel A: Descriptive statistics

Noise

low high overall

Color_Coding absent n 68 71 139

Mean 0.727 0.656 0.690

SD 0.245 0.250 0.250

Marginal mean 0.724 0.645 0.684

present n 75 73 148

Mean 0.699 0.659 0.679

SD 0.249 0.252 0.250

Marginal mean 0.691 0.680 0.685

overall n 143 144 287

Mean 0.712 0.657 0.685

SD 0.247 0.250 0.249

Marginal mean 0.707 0.663 0.685

Panel B: ANCOVA results

Sum of squares df Mean square F-statistic p-value

Model 9.3022 4 2.3256 77.21 <0.001

Noise 0.1406 1 0.1406 4.67 0.032

Color_Coding 0.0001 1 0.0001 0.00 0.954

Noise � Color_Coding 0.0836 1 0.0836 2.78 0.097

Accuracy_Period_1 9.0559 1 9.0559 300.67 <0.001

Residual 8.4935 282 0.0301

Panel C: Comparison of marginal means

Contrast df F-statistic p-value

color coding absent versus present under low noise 0.724 � 0.691 = 0.033 1 1.29 0.256

color coding absent versus present under high noise 0.645 � 0.680 = �0.035 1 1.49 0.222

low noise versus high noise when color coding is
absent

0.724 � 0.645 = 0.079 1 7.11 0.008

low noise versus high noise when color coding is
present

0.691 � 0.680 = 0.011 1 0.13 0.723

Note: This table presents the results of Experiment 2. The experiment manipulates low versus high performance measure noise and the
absence versus presence of color coding in a 2 � 2 between-participants design. The dependent variable is Decision_Accuracy, which is
measured as average accuracy over Periods 2–10, where Accuracy in period t is defined as 1 � j((Allocation (t) � Optimal Allocation)/
Optimal Allocation)j. Panel A provides descriptive statistics and marginal means for Decision_Accuracy. Panel B provides hypothesis test
results for the hypothesized interaction between Noise and Color_Coding on Decision_Accuracy. Panel C presents comparisons of
marginal means.

18Given the complexity of the regression model and the consequent reduction in sample size with each additional past allocation
incorporated into our analysis, we constrain our examination to the two most recent allocations.
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two prior periods, and the allocation in the first period (Allocation_Period_1) as a control
variable.19

Based on the findings of Choi et al. (2020), which highlight that managers engaged in
experiential learning assign the greatest weight to the most recent action outcome, we anticipate
a similar pattern in our results. Specifically, we expect decision-makers to place more emphasis
on Allocation (t � 1) than on Allocation (t � 2), which should be reflected in the beta coeffi-
cients of the regression. More importantly, if color coding stimulates a more holistic approach,
the weight on Allocation (t � 1) should diminish, while the weight on Allocation (t � 2) should
amplify in the color coding present condition compared to the color coding absent condition.
The regression model’s beta coefficients, presented in Table 3, are in line with this reasoning.
They reveal a significantly positive beta coefficient for Allocation (t � 1) (β = 0.526, p < 0.001)
that is larger in magnitude than the beta coefficient for Allocation (t � 2) (β = 0.288, p < 0.001).
Furthermore, the interaction term between Color_Coding and Allocation (t � 1) is negative
(β = �0.100, p = 0.020), while the interaction term between Color_Coding and Allocation (t � 2)
is positive (β = 0.082, p = 0.053). This supports the idea that participants process color-coded
feedback information more holistically.

To further substantiate the proposed mechanism, we use the following item from the
post-experimental questionnaire: “To what extent did you consider the following when making
your allocation decisions: Changes in profit between periods.” Participants answered this
question on a Likert scale that ranged from 1 (To an extremely small extent) to 7 (To an extremely
large extent). Consistent with the regression results, participants in the color coding present
condition reported greater consideration of changes in profit between periods when making their
allocation decisions (M = 5.38, SD = 1.36), as compared to their counterparts in the color coding
absent condition (M = 5.01, SD = 1.35) (raw means; t285 = 2.32, p = 0.021, untabulated).

Finally, we also investigate whether the strategies that participants employ align with the more
holistic approach that we predicted under color coding. We first examine whether participants in
the color coding present condition experiment more with different allocations in early periods of
the experiment. If color coding indeed weakens the tendency to focus on the most recent results,
participants might be less likely to become “locked in” to a specific strategy based on a limited set
of results, and more inclined to try different allocations instead of repeating recent actions that
appeared to yield favorable results. To test this, we look at the standard deviation of the alloca-
tions in the first five periods of the experiment, where a larger standard deviation is interpreted as
a sign of more experimentation. Using this measure, we indeed find that color coding leads to
more experimentation (M = 14.01, SD = 8.69 for color coding present vs. M = 11.75, SD = 7.85
for color coding absent; raw means; t285 = 2.30, p = 0.022, untabulated). In addition, we find that
participants in the color coding present condition tend to make bolder changes in their allocations
from one period to the next. The mean change in allocation in the color coding present condition is
12.65 (SD = 8.70) versus 10.60 (SD = 6.75) in the color coding absent condition, and this difference
is significant (t285 = 2.22, p = 0.027, untabulated). This is also consistent with our prediction that
participants who receive color-coded information are less influenced by the most recent result and
are more focused on discovering general patterns through experimentation.

4.3.2 | Mental model accuracy and perceived control

Our theory posits that color coding induces a holistic learning approach that results in a more
comprehensive and accurate mental model of the input-output relation when feedback is noisy.

19The three-way interactions between Color_Coding, Allocation (t � 1), and Noise_Term (t � 1), as well as between Color_Coding,
Allocation (t � 2), and Noise_Term (t � 2), are insignificant; therefore we do not include them in the model presented here. However,
our inferences are not sensitive to including them, as the coefficients and significance levels on Allocation (t � 1) and Allocation (t � 2),
as well as their interaction with Color_Coding, are similar in sign and magnitude.
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A more accurate mental model likely also increases decision-makers’ perceived control over the
decision-making process because they can anticipate the likely outcomes of their actions. Thus,
it would be consistent with our theory if mental model accuracy and perceived control are
partial mediators of the relation between the use of color coding and decision accuracy when
feedback is noisy. To test this, we perform conditional path analyses as recommended by
Preacher et al. (2007) and Hayes (2013).

We first look at mental model accuracy, which we measured using post-experimental ques-
tionnaire (PEQ) items developed based on prior literature (Farrell et al., 2007; Humphreys
et al., 2016; Kelly, 2010). First, we asked participants to indicate on a Likert scale ranging from
1 (To an extremely small extent) to 7 (To an extremely large extent): “To what extent did you
consider the following when making your allocation decisions: How sensitive profit was to
changes in advertising spending.” Next, we asked them to indicate on a Likert scale ranging
from 1 (Not at all related) to 7 (Very strongly related): “How strongly do you think current
advertising spending is related to realized profit,” and to indicate on a Likert scale ranging from
1 (Not much) to 7 (Very much): “How much of the profit changes across periods can be
explained by changes in your decision on advertising spending.” We use the sum of the three
items and label it Mental_Model_Accuracy (α = 0.695). We presume that noise negatively
affects what participants learn about the cause-effect relationship when color coding is absent,
whereas with color coding present, such a negative effect of noise on the accuracy of the mental
model is mitigated. To examine how color coding mitigates the effect of noise, we test the path
models illustrated in Figure 4. We estimate the path models using structural equations modeling
and test the conditional indirect effects with bootstrapped confidence intervals using 5,000 repe-
titions.20 We first examine the mediating effect of learning with Mental_Model_Accuracy as the
mediating variable (Figure 4A). Panel A of Table 4 presents the path coefficients. We find that
Noise has a significantly negative effect on Mental_Model_Accuracy when color coding is
absent (β = �1.556, p = 0.003), but this effect is offset when color coding is present (β = 1.648,
p = 0.025). Mental_Model_Accuracy also has a significantly positive effect on Decision_Accuracy

TABLE 3 Regression results on holistic processing.

Dependent variable: Allocation (t) Coefficient Std. error t-statistic p-value

Color_Coding 1.066 1.819 0.59 0.558

Allocation (t � 1) 0.526 0.033 15.80 <0.001

Allocation (t � 1) � Color_Coding �0.100 0.043 �2.33 0.020

Allocation (t � 2) 0.288 0.033 8.63 <0.001

Allocation (t � 2) � Color_Coding 0.082 0.042 1.94 0.053

Noise_Term (t � 1) 0.000 0.000 2.31 0.021

Noise_Term (t � 2) 0.000 0.000 0.39 0.693

Allocation_Period_1 0.074 0.017 4.27 <0.001

Constant 9.248 1.330 6.96 <0.001

N 2009

R2 0.65

Note: This table presents the results of an OLS regression testing whether color coding facilitates holistic processing. We analyze data on
a participant-period level, where the current period allocation, Allocation (t), is regressed on Color_Coding, allocations from the two
preceding periods, interaction terms between Color_Coding and the prior allocations, noise terms from the two previous periods, and the
allocation in Period 1 (Allocation_Period_1) as a control variable. All p-values are two-tailed.

20In an untabulated analysis, we also estimate the unmediated model of the manipulated independent variables on Decision_Accuracy
using structural equations modeling. We obtain comparable results as in the ANCOVA: a significant negative effect of Noise
(β = �0.079, p = 0.007), an insignificant effect of Color_Coding (β = �0.033, p = 0.252), a significant interaction effect of Noise and
Color_Coding (β = 0.068, p = 0.093), and a significant effect of the covariate Accuracy_Period_1 (β = 0.654, p < 0.001).
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(β = 0.011, p < 0.001). Importantly, the presence of Mental_Model_Accuracy as a mediator in
the model lowers the coefficient of the interaction term of Noise and Color_Coding such that it no
longer has a significant effect on Decision_Accuracy (β = 0.050, p = 0.213). The conditional indi-
rect effects in Panel B of Table 4 provide further evidence that Noise decreases Decision_Accuracy
because of its negative impact on Mental_Model_Accuracy when color coding is absent
(β = �0.017, p = 0.031), but not when color coding is present (β = 0.001, p = 0.874). Further-
more, there is a marginally significant difference between the two conditional indirect effects
(β = �0.018, p = 0.075).

Next, following prior research on learning (e.g., Perry & Dickens, 1987; Skinner et al., 1990;
Stipek & Weisz, 1981), we look at the mediating effect of perceived control, which is broadly
defined as the belief that one can determine one’s internal states and behavior, influence one’s

Mental_Model_Accuracy

Accuracy_Period_1

Accuracy_Period_1

Perceived_Control

Color_Coding

Color_Coding

Noise

Decision_Accuracy

Decision_Accuracy

–0.02

–0.06*

–0.03

–0.05

–2
.4
4*
*

0.01**

0.65**

–0.64
1.70*

0.05

–0.88
1.65*

0.05

–1
.55
**

0.66**0.01**

(A)

(B)

Noise

Noise

F I GURE 4 Path models. (A) Path model withMental_Model_Accuracy as mediator; (B) Path model with
Perceived_Control as mediator. The path coefficients are estimated using structural equations modeling, following the approach
of Preacher et al. (2007) and Hayes (2013). * and ** represent two-tailed significance levels of 5% and 1%, respectively.
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environment, and/or bring about desired outcomes (Wallston et al., 1987). We expect that noise
has a negative effect on participant’s perception of being in control over the situation when
color coding is absent, whereas with color coding present such a negative effect of noise on par-
ticipants’ perceptions is mitigated. We measured perceived control in the PEQ using three items
adapted from the Causal Dimension Scale (McAuley et al., 1992). These items asked partici-
pants to indicate whether their profit was something that is manageable, something they can
regulate, and something over which they have power.21 We take the sum of the three items and
label it Perceived_Control (α = 0.883). We repeat the path analysis with Perceived_Control as a
mediating variable (Figure 4B), and the results are similar. Panel A of Table 5 presents the path
coefficients. Noise has a significantly negative effect on Perceived_Control when color coding is
absent (β = �2.435, p < 0.001), but this negative effect is mitigated when color coding is present
(β = 1.704, p = 0.033). Perceived_Control also has a significant and positive effect on
Decision_Accuracy (β = 0.011, p < 0.001). Finally, as with Mental_Model_Accuracy, the coeffi-
cient of the interaction term of Noise and Color_Coding is no longer significant when we add
Perceived_Control to the model (β = 0.050, p = 0.210). The conditional indirect effects in

TABLE 4 Conditional path analysis with Mental_Model_Accuracy as mediator.

Panel A: Path coefficients

Dependent variable: Mental_Model_Accuracy Coefficient Std. error z-statistic p-value

Noise �1.556 0.529 �2.94 0.003

Color_Coding �0.885 0.523 �1.69 0.090

Noise � Color_Coding 1.648 0.737 2.24 0.025

Constant 15.191 0.378 40.15 <0.001

Dependent variable: Decision_Accuracy Coefficient Std. error z-statistic p-value

Noise �0.061 0.029 �2.11 0.035

Color_Coding �0.023 0.028 �0.82 0.415

Noise � Color_Coding 0.050 0.040 1.25 0.213

Accuracy_Period_1 0.656 0.037 17.91 <0.001

Mental_Model_Accuracy 0.011 0.003 3.52 <0.001

Constant 0.180 0.057 3.17 0.002

Panel B: Conditional indirect effects with bootstrapped confidence intervals

Coefficient Std. error z-statistic p-value

Effect of Noise on Decision_Accuracy via
Mental_Model_Accuracy when color
coding is absent (1)

�0.017 0.008 �2.16 0.031

Effect of Noise on Decision_Accuracy via
Mental_Model_Accuracy when color
coding is present (2)

0.001 0.006 0.16 0.874

Difference between conditional indirect
effects (1) and (2)

�0.018 0.010 �1.78 0.075

Note: This table contains the results of a conditional path analysis with Mental_Model_Accuracy as mediator, estimated using the data
collected in Experiment 2. Panel A presents path coefficients, and Panel B reports conditional indirect effects with bootstrapped
confidence intervals. The structural model follows the approach of Preacher et al. (2007) and Hayes (2013). The fit statistics are as
follows: p(χ2) = 0.814, RMSEA < 0.001, CFI = 1.000, TLI = 1.038. All p-values are two-tailed.
Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of approximation; TLI, Tucker-Lewis index.

21The Likert scales used ranges from 1 (Not manageable) to 7 (Manageable), 1 (Cannot regulate) to 7 (Can regulate), and 1 (Have no
power) to 7 (Have power).
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Panel B of Table 5 confirm that Noise decreases Decision_Accuracy because of its negative
impact on Perceived_Control when color coding is absent (β = �0.026, p = 0.011), but not
when color coding is present (β = 0.008, p = 0.284). As in the previous test, the two conditional
indirect effects are also significantly different from each other at the margin (β = �0.018,
p = 0.093).

Our interpretation of these results is that color coding allows decision-makers to develop a
more complete mental model of the relationship between their allocations and profit out-
comes, and weakens the inhibiting effect of noise on learning that would be expressed by per-
ceptions of not being in control. Taken together, these results provide additional support for
our theory.

4.3.3 | Motivation as potential alternative mechanism

Our theory is that color coding mitigates the negative effects of noise on decision accuracy by
altering managers’ learning processes. As colors can trigger affective responses, a potential
alternative explanation for our main finding is that the use of color codes keeps managers moti-
vated to perform well, leading to improved decision-making performance. Thus, it is possible

TABLE 5 Conditional path analysis with Perceived_Control as mediator.

Panel A: Path coefficients

Dependent variable: Perceived_Control Coefficient Std. error z-statistic p-value

Noise �2.435 0.575 �4.24 <0.001

Color_Coding �0.636 0.567 �1.12 0.262

Noise � Color_Coding 1.704 0.801 2.13 0.033

Constant 13.956 0.411 33.97 <0.001

Dependent variable: Decision_Accuracy Coefficient Std. error z-statistic p-value

Noise �0.053 0.029 �1.79 0.074

Color_Coding �0.026 0.028 �0.93 0.352

Noise � Color_Coding 0.050 0.040 1.25 0.210

Accuracy_Period_1 0.654 0.037 17.89 <0.001

Perceived_Control 0.011 0.003 3.63 <0.001

Constant 0.203 0.050 4.03 <0.001

Panel B: Conditional indirect effects with bootstrapped confidence intervals

Coefficient Std. error z-statistic p-value

Effect of Noise on Decision_Accuracy via
Perceived_Control when color coding
is absent (1)

�0.026 0.010 �2.55 0.011

Effect of Noise on Decision_Accuracy via
Perceived_Control when color coding
is present (2)

�0.008 0.007 �1.07 0.284

Difference between conditional indirect
effects (1) and (2)

�0.018 0.011 �1.68 0.093

Note: This table contains the results of a conditional path analysis of perceived control, estimated using the data collected in Experiment 2.
Panel A presents path coefficients, and Panel B reports conditional indirect effects with bootstrapped confidence intervals. The structural
model follows the approach of Preacher et al. (2007) and Hayes (2013). The fit statistics are as follows: p(χ2) = 0.991, RMSEA < 0.001,
CFI = 1.000, TLI = 1.038. All p-values are two-tailed.
Abbreviations: CFI, comparative fit index; RMSEA, root mean square error of approximation; TLI, Tucker-Lewis index.
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that, by color-coding performance levels as successes (green) or failures (red), organizations
can increase arousal and make managers feel like winners or losers. This may keep managers’
task motivation high, even when noise makes it difficult to improve performance. To test this
alternative explanation, we perform another mediation analysis using a measure of participants’
self-reported motivation.

We measure Motivation as the sum of two PEQ items, scored on Likert scales ranging from
1 (Strongly disagree) to 7 (Strongly agree): “I thought the task was fun to perform” and “I was
very motivated to carry out the task” (α = 0.626). The first item captures task enjoyment, and
the second item captures effort provision. Both are important aspects of motivation (Ryan &
Deci, 2001).22 Applying the same path model technique as before, we do not find corroborating
evidence that color coding mitigates the effects of noise on decision accuracy by enhancing
decision-makers’ motivation. The untabulated results show that there is a marginally
significant positive effect of Color_Coding on Motivation (β = 0.480, p = 0.083). However,
neither the coefficient of Noise (β = �0.384, p = 0.171) nor the interaction effect of Noise and
Color_Coding (β = 0.039, p = 0.920) on Motivation is significantly different from zero. More-
over, Motivation is not significantly related to Decision_Accuracy (β = 0.001, p = 0.816). Taken
together, this suggests that motivation is unlikely to be an important mechanism behind our
results.

5 | CONCLUSION

Using two experiments, we examine whether color-coding feedback information can alleviate
the adverse impact of noise on decision accuracy within a resource allocation task. Our findings
suggest that, while decision-makers without color-coded feedback experience deteriorating per-
formance as noise increases, the negative effect of noise on decision-making performance is
largely mitigated when the provided feedback is color-coded green (signifying performance
increases) and red (indicating performance decreases). Evidence supports our reasoning that
color coding attenuates the negative impact of noise by promoting a more holistic processing
approach. As such, we add to literature that suggests that experiential learners may be impeded
by noise because they have a tendency to myopically focus on what happened in the most recent
period (Choi et al., 2020). Color coding offers a simple nudge that can mitigate this tendency.

Our research is subject to some limitations. We purposely tested our hypothesis in a
relatively abstract setting because the task to which our theory applies, allocating resources to
an input factor that has a nonlinear and noisy relationship with output, is already quite diffi-
cult. Of course, many settings in practice are more intricate. For example, managers often make
decisions about multiple input factors and observe several outputs, input-output functions are
discontinuous and change over time, noise levels are affected by input levels, and coding
schemes might contain more than two colors. We expect that our main conclusion that color
coding changes how managers process and learn from noisy feedback extends to these more
multifaceted and dynamic settings, but this needs to be established in future research.

Two specific alternative scenarios warrant extra attention. First, managers will often have
access to dashboards with multiple performance measures, such as balanced scorecards. These
measures might be interconnected in complex and sometimes unexpected ways (e.g., Kaplan &
Norton, 1992). Existing research suggests that it is cognitively challenging for managers to develop
accurate mental models of these relationships (e.g., Cheng & Humphreys, 2012; Humphreys
et al., 2016; Rotaru et al., 2020), and that information overload can be a concern. We believe that

22When we include the items for Mental_Model_Accuracy, Perceived_Control, and Motivation in an exploratory factor analysis, three
factors with an eigenvalue greater than 1 emerge, reflecting the three underlying constructs. Each item loads highest on its own factor
and, with one exception, all loadings of items on their own factor are above 0.4. These results suggest that our measures have sufficient
construct validity and discriminant validity.
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managers who use a more holistic approach, trying to identify patterns across time based on the
broad categories of green and red, are likely more successful in this respect than managers who
focus on the detailed increases and decreases in each measure in the most recent period. Yet,
whether color coding indeed is beneficial in settings with multiple measures, and whether this
depends on how noisy these measures are, both are empirical questions for future research.

Second, we use a coding scheme with only two colors. In practice, firms may use different or
more extensive color schemes. Our study’s finding that the presence of a coding scheme changes
how managers learn from noisy feedback likely still applies when other coding schemes are
used. However, the specific color palette used could influence the ease of information processing
and recall due to, for example, its visual saliency or cultural or individual associations. As we
noted previously, including yellow coding with green and red makes the interpretation of feed-
back less straightforward. The same could be true if colors with no clear connotations would be
used (e.g., orange instead of green for increases and purple instead of red for decreases). In
addition, the effectiveness of color coding could diminish with an increase in the number of
colors used due to increased cognitive load, especially if the color scheme becomes less intuitive
or harder to interpret with a large variety of different shades of the same color. Future research
can extend our work to settings with different and more extensive color palettes.

Taking this idea one step further, future research could also examine if our findings extend
to other types of coding than color coding. For example, Cardinaels and van Veen-Dirks (2010)
describe the use of plus and minus markers and find evidence that their presence affects perfor-
mance evaluation judgments. Similarly, Moriarity (1979) established that complementing finan-
cial information with multidimensional graphics in the form of happy or sad faces, comparable
to present-day emojis, resulted in more accurate bankruptcy predictions. Our theory suggests
that, to the extent that such alternative coding methods provide visually salient and easy inter-
pretable signals, they likely also induce a more holistic approach to learning from noisy feed-
back, but we do not yet have empirical evidence to support this conjecture.

We further focus on individual decision-making, whereas in many organizations decision-
making is a social process involving multiple individuals in different roles. Future research can
examine whether and how the social context (e.g., peer pressure, social norms) affects how color
coding of performance information influences decisions. Relatedly, while our study focuses on
experiential learning, in social settings managerial learning sometimes happens vicariously
(Choi et al., 2020). An unanswered question is whether color coding also affects how decision-
makers update their mental models based on observations of others’ actions or outcomes. The
answer can also be important for settings other than managerial resource allocation, for exam-
ple, the judgments of investors who use firms’ or analysts’ websites.

Our study also has limitations associated with the use of post-experimental questionnaire data
to construct process measures. For example, our measure of perceived control can potentially be
influenced by hindsight bias, or otherwise reflect an illusion of being in control instead of actually
being in control. While there is a risk of reverse causality and the potential for biased responses,
we believe these concerns are mitigated in our study due to the multi-period nature of our depen-
dent variable and the absence of an objective performance benchmark provided to participants.
Relatedly, our results provide little empirical support for motivation as a potential mechanism
that affects decision-making. Specifically, while participants who received color-coded feedback
report higher levels of motivation to perform well, more motivated participants did not make
more accurate decisions. Future research is needed to shed more light on this finding.

Finally, while there is much anecdotal and circumstantial evidence that firms use color and
color coding in their internal performance reports, there is no systematic cross-sectional evi-
dence of the prevalence of this practice. We therefore know very little about how exactly color
coding is used in dashboards or about the antecedents and consequences of (variation in)
color coding. A better understanding of how exactly color coding is used in practice will be
instrumental in shaping the research agenda on this important topic.
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Despite its limitations, our research provides important insights for practice. Most impor-
tantly, it suggests that color coding, which is a cheap and easy-to-implement nudge, can help
mitigate the negative effects of performance measure noise on decision-making. Moreover,
color coding does not harm decision-making performance in the absence of noise. Given its low
costs and potentially significant benefits, color coding is a tool that organizations should
consider using in their internal reporting systems.

ACKNOWLEDGMENTS
We thank the editor, two anonymous reviewers, Florian Elsinger, Christoph Feichter, Jonathan
Gay, Razvan Ghita, Isabella Grabner, Katlijn Haesebrouck, Don Moser, Andreas Ostermaier,
Evelien Reusen, Daniel Schaupp, Bei Shi, Sebastian Stirnkorb, Victor van Pelt, Sander van Triest,
Frank Verbeeten, Sara Wick, and workshop participants at the 2021 Annual Conference for
Management Accounting Research, the 2021 Swiss Winter Accounting Conference, the 2022
Accounting Behavior and Organizations Research Conference, the 2023 Management Accounting
Section midyear meeting, the Journal of Management Accounting Research online brownbag
seminar series, University of Amsterdam, University of Bern, University of Sankt Gallen,
University of Southern Denmark, WHU–Otto Beisheim School of Management, and WU Vienna
for comments and suggestions.

DATA AVAILABILITY STATEMENT
The data and research instruments are available from the authors upon request.

REFERENCES
Atkins, P. W., Wood, R. E., & Rutgers, P. J. (2002). The effects of feedback format on dynamic decision making.

Organizational Behavior and Human Decision Processes, 88(2), 587–604.
Banker, R. D., Chang, H., & Pizzini, M. J. (2004). The balanced scorecard: Judgmental effects of performance measures

linked to strategy. The Accounting Review, 79(1), 1–23.
Banker, R. D., & Datar, S. M. (1989). Sensitivity, precision, and linear aggregation of signals for performance

evaluation. Journal of Accounting Research, 27(1), 21–39.
Bazley, W., Cronqvist, H., & Mormann, M. (2021). Visual finance: The pervasive effects of red on investor behavior.

Management Science, 67(9), 5301–5967.
Benbasat, I., & Dexter, A. S. (1985). An experimental evaluation of graphical and color-enhanced information

presentation. Management Science, 31(11), 1348–1364.
Benbasat, I., & Dexter, A. S. (1986). An investigation of the effectiveness of color and graphical information

presentation under varying time constraints. MIS Quarterly, 10(1), 59–83.
Benbasat, I., Dexter, A. S., & Todd, P. (1986). An experimental program investigating color-enhanced and graphical

information presentation: An integration of the findings. Communications of the ACM, 29(11), 1094–1105.
Bloomfield, R. J. (2002). The incomplete revelation hypothesis and financial reporting. Accounting Horizons, 16(3),

233–243.
Bonner, S. E. (2008). Judgement and decision making in accounting. Pearson/Prentice Hall.
Callahan, C. M., & Gabriel, E. (1998). The differential impact of accurate product cost information in imperfectly

competitive markets: A theoretical and empirical investigation. Contemporary Accounting Research, 15(4),
419–455.

Callahan, C. M., Gabriel, E. A., & Sainty, B. J. (2006). A review and classification of experimental economics research
in accounting. Journal of Accounting Literature, 25, 59–126.

Campbell, D., Datar, S. M., Kulp, S. L., & Narayanan, V. G. (2015). Testing strategy with multiple performance measures:
Evidence from a balanced scorecard at Store24. Journal of Management Accounting Research, 27(2), 39–65.

Cardinaels, E., Roodhooft, F., & Warlop, L. (2004). Customer profitability analysis reports for resource allocation: The
role of complex marketing environments. Abacus, 40(2), 238–258.

Cardinaels, E., & van Veen-Dirks, P. M. (2010). Financial versus non-financial information: The impact of information
organization and presentation in a Balanced Scorecard. Accounting, Organizations and Society, 35(6), 565–578.

Carmona, S., & Grönlund, A. (2003). Measures vs actions: The balanced scorecard in Swedish Law Enforcement.
International Journal of Operations & Production Management, 23(12), 1475–1496.

Casas-Arce, P., Lourenço, S. M., & Martinez-Jerez, F. A. (2017). The performance effect of feedback frequency and
detail: Evidence from a field experiment in customer satisfaction. Journal of Accounting Research, 55(5),
1051–1088.

1054 CONTEMPORARY ACCOUNTING RESEARCH

 19113846, 2024, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1911-3846.12932 by U

va U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [04/12/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Chan, E. W., Lill, J. B., & Maas, V. S. (2023). Promote internally or hire externally? The role of gift exchange and
performance measurement precision. Journal of Accounting Research, 61(2), 493–530.

Cheng, M. M., & Humphreys, K. A. (2012). The differential improvement effects of the strategy map and scorecard
perspectives on managers’ strategic judgments. The Accounting Review, 87(3), 899–924.

Choi, J., Hecht, G., Tafkov, I. D., & Towry, K. L. (2020). Bring the noise, but not the funk: Does the effect of
performance measure noise on learning depend on whether the learning is experiential or vicarious? The
Accounting Review, 95(4), 153–172.

Christ, R. E. (1975). Review and analysis of color coding research for visual displays. Human Factors, 17(6), 542–570.
De Langhe, B., Puntoni, S., & Larrick, P. P. (2017). Linear thinking in a nonlinear world. Harvard Business Review, 95(3),

130–139.
DeBoer, S., Seaver, M., & Broselow, J. (2005). Color coding to reduce errors: The Broselow–Luten system streamlines

pediatric emergency treatment. American Journal of Nursing, 105(8), 68–71.
Elliot, A. J., & Maier, M. A. (2014). Color psychology: Effects of perceiving color on psychological functioning in

humans. Annual Review of Psychology, 65, 95–120.
Elliot, A. J., Maier, M. A., Binser, M. J., Friedman, R., & Pekrun, R. (2009). The effect of red on avoidance behavior

in achievement contexts. Personality and Social Psychology Bulletin, 35(3), 365–375.
Elliot, A. J., Maier, M. A., Moller, A. C., Friedman, R., & Meinhardt, J. (2007). Color and psychological functioning:

The effect of red on performance attainment. Journal of Experimental Psychology: General, 136(1), 154–168.
Emett, S. A., & Tayler, W. B. (2013). Is your strategy evaluation biased? Strategic Finance, 95(11), 27–34.
Eyring, H., Ferguson, P. J., & Koppers, S. (2021). Less information, more comparison, and better performance:

Evidence from a field experiment. Journal of Accounting Research, 59(2), 657–711.
Farrell, A. M., Luft, J., & Shields, M. D. (2007). Accuracy in judging the nonlinear effects of cost and profit drivers.

Contemporary Accounting Research, 24(4), 1139–1169.
Feltham, G. A., & Xie, J. (1994). Performance measure congruity and diversity in multi-task principal/agent relations.

The Accounting Review, 69(3), 429–453.
Gary, M. S., & Wood, R. E. (2011). Mental models, decision rules, and performance heterogeneity. Strategic

Management Journal, 32(6), 569–594.
Gnambs, T., Appel, M., & Oeberst, A. (2015). Red color and risk-taking behavior in online environments. PLoS One, 10(7),

e0134033.
Green, B. F., & Anderson, L. K. (1956). Color coding in a visual search task. Journal of Experimental

Psychology, 51(1), 19–24.
Gumbus, A., & Lyons, B. (2002). The balanced scorecard at Philips Electronics. Strategic Finance, 84(5), 45–49.
Hanna, A., & Remington, R. (1996). The representation of color and form in long-term memory.Memory & Cognition, 24(3),

322–330.
Hayes, A. F. (2013). Introduction to mediation, moderation, and conditional process analysis: A regression-based

approach. Guilford Press.
Hirshleifer, D., & Teoh, S. H. (2003). Limited attention, information disclosure, and financial reporting. Journal of

Accounting and Economics, 36(1–3), 337–386.
Holmström, B. (1979). Moral hazard and observability. The Bell Journal of Economics, 10(1), 74–91.
Huelsbeck, D. P., Merchant, K. A., & Sandino, T. (2011). On testing business models. The Accounting Review, 86(5),

1631–1654.
Humphreys, K. A., Gary, M. S., & Trotman, K. T. (2016). Dynamic decision making using the balanced scorecard

framework. The Accounting Review, 91(5), 1441–1465.
Ittner, C. D., & Larcker, D. F. (1998). Are nonfinancial measures leading indicators of financial performance? An

analysis of customer satisfaction. Journal of Accounting Research, 36, 1–35.
Ittner, C. D., & Larcker, D. F. (2003). Coming up short on nonfinancial performance measurement. Harvard Business

Review, 81(11), 88–95.
Johnson, E. J. (2021). The elements of choice: Why the way we decide matters. Riverhead Books.
Kanarick, A. F., & Petersen, R. C. (1971). Redundant color coding and keeping-track performance. Human

Factors, 13(2), 183–188.
Kaplan, R. S., & Norton, P. D. (1992). The balanced scorecard—Measures that drive performance. Harvard Business

Review, 70(1), 71–79.
Keller, T., Gerjets, P., Scheiter, K., & Garsoffky, B. (2006). Information visualizations for knowledge acquisition: The

impact of dimensionality and color coding. Computers in Human Behavior, 22(1), 43–65.
Kelly, K. (2007). Feedback and incentives on nonfinancial value drivers: Effects on managerial decision making.

Contemporary Accounting Research, 24(2), 523–556.
Kelly, K. (2010). Accuracy of relative weights on multiple leading performance measures: Effects on managerial

performance and knowledge. Contemporary Accounting Research, 27(2), 577–608.
Kelton, A. S., Pennington, R. R., & Tuttle, B. M. (2010). The effects of information presentation format on judgment

and decision making: A review of the information systems research. Journal of Information Systems, 24(2), 79–105.

NAVIGATING THROUGH THE NOISE 1055

 19113846, 2024, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1911-3846.12932 by U

va U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [04/12/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Koenigstorfer, J., Groeppel-Klein, A., & Kamm, F. (2014). Healthful food decision making in response to traffic light
color-coded nutrition labeling. Journal of Public Policy & Marketing, 33(1), 65–77.

Krishnan, R., Luft, J. L., & Shields, M. D. (2005). Effects of accounting-method choices on subjective performance-
measure weighting decisions: Experimental evidence on precision and error covariance. The Accounting
Review, 80(4), 1163–1192.

Lamberski, R. J., & Dwyer, F. M. (1983). The instructional effect of coding (color and black and white) on information
acquisition and retrieval. Educational Communication and Technology, 31(1), 9–21.

Libby, R., Bloomfield, R., & Nelson, M. W. (2002). Experimental research in financial accounting. Accounting,
Organizations and Society, 27(8), 775–810.

Lipe, M. G., & Salterio, S. (2002). A note on the judgmental effects of the balanced scorecard’s information
organization. Accounting, Organizations and Society, 27(6), 531–540.

Loepp, E., & Kelly, J. T. (2020). Distinction without a difference? An assessment of MTurk worker types. Research and
Politics, 7(1), 1–8.

Luft, J. (2016). Management accounting in the laboratory and in social context: Four contrasts, 1975–2014. Accounting,
Organizations and Society, 49, 9–20.

Luft, J., & Shields, M. D. (2001). Why does fixation persist? Experimental evidence on the judgment performance effects
of expensing intangibles. The Accounting Review, 76(4), 561–587.

Markman, A., & Gentner, D. (2001). Thinking. Annual Review of Psychology, 52, 223–247.
McAuley, E., Duncan, T. E., & Russell, D. W. (1992). Measuring causal attributions: The revised causal dimension

scale (CDSII). Personality and Social Psychology Bulletin, 18(5), 566–573.
Mehta, R., & Zhu, R. J. (2009). Blue or red? Exploring the effect of color on cognitive task performances.

Science, 323(5918), 1226–1229.
Meng, Y., & Chan, E. Y. (2022). Traffic light signals and healthy food choice: Investigating gender differences.

Psychology & Marketing, 39(2), 360–369.
Merlo, A., & Schotter, A. (1999). A surprise-quiz view of learning in economic experiments. Games and Economic

Behavior, 28(1), 25–54.
Merlo, A., & Schotter, A. (2003). Learning by not doing: An experimental investigation of observational learning.

Games and Economic Behavior, 42(1), 116–136.
Moriarity, S. (1979). Communicating financial information through multidimensional graphics. Journal of Accounting

Research, 17(1), 205–224.
Oettinger, M. D., Finkle, P., Esserman, D., Whitehead, L., Spain, T. K., Pattishall, S. R., Rothman, R. L., &

Perrin, E. M. (2009). Color-coding improves parental understanding of body mass index charting. Academic
Pediatrics, 9(5), 330–338.

Palan, S., & Schitter, C. (2018). Prolific.ac.—A subject pool for online experiments. Journal of Behavioral and
Experimental Finance, 17, 22–27.

Peer, E., Vosgerau, J., & Acquisti, A. (2014). Reputation as a sufficient condition for data quality on Amazon
Mechanical Turk. Behavior Research Methods, 46(4), 1023–1031.

Perry, R. P., & Dickens, W. J. (1987). Perceived control and instruction in the college classroom: Some implications for
student achievement. Research in Higher Education, 27(4), 291–310.

Preacher, K. J., Rucker, D. D., & Hayes, A. F. (2007). Addressing moderated mediation hypotheses: Theory, methods,
and prescriptions. Multivariate Behavioral Research, 42(1), 185–227.

Rotaru, K., Fehrenbacher, D. D., Liang, M. H., & Schulz, A. K. (2020). Causal inference in judgment using the
balanced scorecard. Journal of Management Accounting Research, 32(2), 201–224.

Ruthruff, E., Faulks, M., Maxwell, J. W., & Gaspelin, N. (2020). Attentional dwelling and capture by color singletons.
Attention, Perception, & Psychophysics, 82(6), 3048–3064.

Ryan, R. M., & Deci, E. L. (2001). On happiness and human potentials: A review of research on hedonic and
eudaimonic well-being. Annual Review of Psychology, 52(1), 141–166.

Skinner, E. A., Wellborn, J. G., & Connell, J. P. (1990). What it takes to do well in school and whether I’ve got it:
A process model of perceived control and children’s engagement and achievement in school. Journal of Educational
Psychology, 82(1), 22–32.

So, S., & Smith, M. (2002). Colour graphics and task complexity in multivariate decision making. Accounting,
Auditing & Accountability Journal, 15(4), 565–593.

Sprinkle, G. B., & Williamson, M. G. (2006). Experimental research in management accounting. Handbooks of
Management Accounting, 1, 415–444.

Sterman, J. D. (1994). Learning in and about complex systems. System Dynamics Review, 10(2–3), 291–330.
Stipek, D. J., & Weisz, J. R. (1981). Perceived personal control and academic achievement. Review of Educational

Research, 51(1), 101–137.
Stock, D., & Watson, C. J. (1984). Human judgment accuracy, multidimensional graphics, and humans versus models.

Journal of Accounting Research, 22(1), 192–206.
Swieringa, R. J., & Weick, K. E. (1982). An assessment of laboratory experiments in accounting. Journal of Accounting

Research, 20, 56–101.

1056 CONTEMPORARY ACCOUNTING RESEARCH

 19113846, 2024, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1911-3846.12932 by U

va U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [04/12/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Thaler, R. H., & Sunstein, C. R. (2008). Nudge: Improving decisions about health, wealth, and happiness. Yale University
Press.

Thaler, R. H., Sunstein, C. R., & Balz, J. P. (2013). Choice architecture. In E. Shafir (Ed.), The behavioral foundations
of public policy (pp. 428–439). Princeton University Press.

Theeuwes, J. (1992). Perceptual selectivity for color and form. Perception & Psychophysics, 51(6), 599–606.
Therriault, D. J., Yaxley, R. H., & Zwaan, R. A. (2009). The role of color diagnosticity in object recognition and

representation. Cognitive Processing, 10(4), 335–342.
Thornock, T. A. (2016). How the timing of performance feedback impacts individual performance. Accounting,

Organizations and Society, 55, 1–11.
Treisman, A. (1988). Features and objects: The Fourteenth Bartlett Memorial Lecture. The Quarterly Journal of

Experimental Psychology, 40(2), 201–237.
Trudel, R., Murray, K. B., Kim, S., & Chen, S. (2015). The impact of traffic light color-coding on food health

perceptions and choice. Journal of Experimental Psychology: Applied, 21(3), 255–275.
Ungemach, C., Camilleri, A. R., Johnson, E. J., Larrick, R. P., & Weber, E. U. (2018). Translated attributes as choice

architecture: Aligning objectives and choices through decision signposts. Management Science, 64(5), 2445–2459.
Verzola, A., Bentivegna, R., Carandina, G., Trevisani, L., Gregorio, P., & Mandini, A. (2009). Multidimensional

evaluation of performance: Experimental application of the balanced scorecard in Ferrara university hospital. Cost
Effectiveness and Resource Allocation, 7, Article 15.

Wallston, K. A., Wallston, B. S., Smith, S., & Dobbins, C. J. (1987). Perceived control and health. Current
Psychology, 6(1), 5–25.

Weller, L., & Livingston, R. (1988). Effect of color of questionnaire on emotional responses. The Journal of General
Psychology, 115(4), 433–440.

Wexler, S., Shaffer, J., & Cotgreave, A. (2017). The big book of dashboards: Visualizing your data using real-world
business scenarios. John Wiley and Sons.

Wilms, L., & Oberfeld, D. (2018). Color and emotion: Effects of hue, saturation, and brightness. Psychological
Research, 82(2), 896–914.

Yeh, M., & Wickens, C. D. (2001). Attentional filtering in the design of electronic map displays: A comparison of color
coding, intensity coding, and decluttering techniques. Human Factors, 43(4), 543–562.

How to cite this article: Cardinaels, E., Kramer, S., & Maas, V. S. (2024). Navigating
through the noise: The effect of color-coded performance feedback on decision-making.
Contemporary Accounting Research, 41(2), 1031–1057. https://doi.org/10.1111/1911-3846.
12932

NAVIGATING THROUGH THE NOISE 1057

 19113846, 2024, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1911-3846.12932 by U

va U
niversiteitsbibliotheek, W

iley O
nline L

ibrary on [04/12/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1111/1911-3846.12932
https://doi.org/10.1111/1911-3846.12932

	Navigating through the noise: The effect of color-coded performance feedback on decision-making
	1  INTRODUCTION
	2  BACKGROUND AND HYPOTHESIS DEVELOPMENT
	2.1  Background
	2.1.1  Learning from noisy feedback
	2.1.2  The use of color in the presentation of information

	2.2  Hypothesis development

	3  METHOD
	3.1  Design and task
	3.2  Manipulations and dependent variable
	3.3  Participants and procedures
	3.3.1  Experiment 1
	3.3.2  Experiment 2


	4  RESULTS
	4.1  Main results of Experiment 1
	4.2  Main results of Experiment 2
	4.3  Additional results of Experiment 2
	4.3.1  Holistic processing
	4.3.2  Mental model accuracy and perceived control
	4.3.3  Motivation as potential alternative mechanism


	5  CONCLUSION
	ACKNOWLEDGMENTS
	DATA AVAILABILITY STATEMENT

	REFERENCES


