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Not So Averse After All: Behavioral Mechanisms Underlying the Use
of Algorithms in Managerial Forecasting

Peter Kotzian , Barbara E. Weißenberger and Sonja G. Prinz

Chair of Management Control and Accounting, Heinrich Heine University D€usseldorf, D€usseldorf, Germany

ABSTRACT
Although algorithms potentially outperform human judgment in managerial decision-
making and forecasting, practitioners frequently refrain from using them. Extant litera-
ture provides mixed evidence on algorithm aversion and suggests very different
underlying behavioral mechanisms. We contribute to existing research in two ways.
First, we replace the traditional experimental instrument of measuring algorithm aver-
sion, which asks participants to abandon their personal forecast in favor of a second,
usually superior algorithmic forecast, with a new approach, in which participants
receive human-made and algorithmic information simultaneously to form their judg-
ments. Second, we derive competing empirical implications from potential mecha-
nisms, allowing for an evaluation of their relevance. Using two factorial survey
experiments with a forecasting task, we find very limited algorithm aversion.
Regarding mechanisms underlying algorithm aversion discussed in existing research,
we find that selective attention is most relevant: Users are more likely to notice super-
ior performance of a human than of an algorithm.

HIGHLIGHTS

� Algorithm aversion as measured in extant literature is largely due to psychological
ownership effects concerning outputs produced by users.

� Algorithm’s superior performance is perceived less than superior performance of a
human.

� Users act on their perceptions of performance in the case of humans, but not in
the case of algorithms.

KEYWORDS
Forecasting; algorithm
aversion; algorithmic
decision support;
explainable AI
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1. Introduction

Driven by rapidly advancing development of artificial intelligence (AI)-based information technology,
firms invest substantial resources in integrating algorithmic decision support into information systems
(Chaturvedi et al., 2025; Lui et al., 2022; Rossmann & Wald, 2024; Schmidt et al., 2020), notably forecast-
ing of business-relevant factors (Panda & Mohanty, 2023; Varghese Joseph et al., 2022; Shrivastava et al.,
2023) and subsequent managerial decision-making and forecasting (KPMG, 2024). However, factual usage
of algorithmic support in management lags behind its potential (Brink et al., 2024; Kaufmann et al., 2023;
Monod et al., 2023; Patton et al., 2025). This phenomenon is typically attributed to “algorithm aversion”
(see Dietvorst et al., 2015): Decision-makers are – allegedly – averse to decision support provided by algo-
rithms even if it is superior to human expertise (Brink et al., 2024; Commerford et al., 2022; Fildes et al.,
2019; Johnson et al., 2021; Longoni et al., 2019; Raisch & Krakowski, 2021).

However, in more recent literature on usage of algorithmic support, algorithm aversion is no robust
finding. It is situational and subject to change, especially with the rapid proliferation of algorithms in
many areas of personal and professional life (Davenport, 2018; Harrell, 2016; K€ochling et al., 2021).
There is even evidence of over-reliance on algorithms (Keding & Meissner, 2021), as well as instances
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of over-trust in inferior algorithmic output or a clear preference for algorithms, a phenomenon labeled
“algorithm appreciation” (Aschauer et al., 2024; Choung et al., 2024; Logg et al., 2019; Schecter et al.,
2023). Empirical results indicate that both, algorithm aversion and appreciation, depend on specific
conditions, e.g., the character of the task at hand (Castelo et al., 2019) or whether users want to dele-
gate unpleasant decisions (e.g., Maasland & Weißm€uller, 2022). Algorithm aversion is found in some
business settings, e.g., in forecasting (Himmelstein & Budescu, 2023), but not in others, e.g., recruiting
(Castelo et al., 2019; Gazit et al., 2023; Kaufmann et al., 2023). Finally, algorithm aversion depends on
the size of the stakes (Filiz et al., 2023), on whether poor advice from the algorithm was received in the
past (Prahl & van Swol, 2017; Saragih & Morrison, 2022), and on whether supplementary explanations
for algorithmic output are provided (e.g., Ning et al., 2024; Zhang et al., 2022).

As a result and despite substantial research, the phenomenon of algorithm aversion is not well
understood. Much existing research focuses on the role of trust (Choung et al., 2023; Nakashima et al.,
2024) as a factor for algorithm aversion, but on the other hand, the relevance of trust for algorithm
usage was questioned by recent research (e.g., Schaap et al., 2024). Taken together, this indicates that
the behavioral mechanisms underlying the (non-)usage of algorithmic advice are unclear. Indeed, recent
reviews on algorithm usage emphasize that a theoretical understanding of the mechanisms underlying
the phenomenon is largely missing (e.g., Baines et al., 2024; Jussupow et al., 2020; Oomen et al., 2024).
This also makes it difficult for firms to develop effective ways to encourage usage of superior algorith-
mic advice by managers, where appropriate.

Our study specifically investigates into competing behavioral mechanisms, deriving empirical impli-
cations from each. Using a practitioner sample and a forecasting task, we conduct two experimental
studies in which we study algorithm usage in a realistic management setting introduced by Fildes et al.
(2019). Participants receive two forecasts from different sources: One provided by a human, a second
one provided either by another human or by an algorithm. Participants are then asked to use this input
as a basis for their own forecast which is passed on to a superior manager. This setting represents a
typical situation in business planning, where pre-processed information from different sources has to
be integrated (Mayer et al., 2023).

Such an experimental design differs from the standard approach to capturing algorithm aversion,
used initially by Dietvorst et al. (2015) and going back to Meehl (1954) who was the first to observe
the phenomenon that people – in his case clinician psychologists – rather rely on their own expertise
and intuition for predicting human behavior compared to even superior statistical (“actuarial”) decision
support. In this approach, participants first produce their own forecast based on “raw” (i.e., unpro-
cessed) data and only then they receive decision support from a second algorithmic source. As a result,
they at least partially have to abandon their personal forecast in favor of an algorithmic one.

We argue, that the standard approach disadvantages algorithms as a source of a forecast. First, it
induces psychological ownership, as participants have invested effort in producing their forecast
(Haesebrouck, 2021; Lim & O’Connor, 1995; Pierce et al., 2001). Second, by producing a forecast from
raw data, actors gain, or at least feel to gain, more knowledge about the subject of the forecast.
Expertise and knowledge are known to reduce the acceptability of (algorithmic) advice (Bayer et al.,
2022; Kaufmann et al., 2023). Finally, a forecast, for which participants know exactly how it was made,
competes with a forecast about which participants know nothing. Given that the intransparency of
algorithms is often criticized and seen as a barrier to their use (Adadi & Berrada, 2018; Ning et al.,
2024; Schmidt et al., 2020; Shin, 2021), this measurement approach is prone to seemingly increase algo-
rithm aversion, while actually capturing aversion to intransparency. Moreover, even though there is
much research on algorithmic intransparency, there is little research comparing how users cope with
intransparency of human advice compared to algorithmic advice. Our research design avoids these
problems and allows us to distinguish between aversion due to an ownership effect, aversion concern-
ing the algorithm per se and aversion to intransparency.

In terms of mechanisms, we first inquire into whether trust, often considered a crucial antecedent of
usage (Ning et al., 2024; Schmidt et al., 2020; Siau & Wang, 2018; Venkatesh et al., 2016), mediates the
relationship between origin and usage of a forecast. We measure unspecific, general trust in the fore-
cast, but also specific trust in various aspects of the forecast, including the processes of producing the
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forecast. We find trust to be neither systematically affected by origin nor the past performance of the
source of a given forecast, and in addition, trust does not affect usage.

As a second mechanism, we investigate whether lack of transparency, which arises from a so-called
black box algorithm, affects algorithm usage, as extant literature argues (Ning et al., 2024; Schmidt
et al., 2020; Shin, 2021). As before, we find no support for the view of intransparency being a specific
problem of algorithms. Providing an explanation of a forecast has a positive effect on usage, but this
effect is weak and moreover very similar for humans as well as for algorithms as forecast sources.

Third, we examine a mechanism linking the use of algorithms to participants’ presumptions about
their superiors’ attitudes. Specifically, we investigate whether a superior’s aversion to algorithms hin-
ders usage. Existing research indicates that users care about the impression others have of them if
they use an algorithm (e.g., Efendi�c et al., 2024; Shaffer et al., 2013). If this were the case, partici-
pants who believe that their superiors disapprove of the use of algorithms, would not use algorith-
mic decision support regardless of their personal preference. While there is evidence that
participants – just as employees in firms – presume their superiors to be more skeptical of algorith-
mic decision support, this presumption proves to be not relevant for participants’ usage of algo-
rithms in our experiment.

Finally, as a fourth mechanism, we inquire into the role of algorithm performance for usage. Here
we find that algorithm aversion originates by participants tending to ignore the objective performance
of a source because of its origin. While superior performance of a human forecaster is recognized as
such and advice from this source appropriately used as decision support, this is not the case for algo-
rithms. Participants do not perceive the superior algorithm to be superior in the first place. Instead, to
be perceived as superior, an algorithm has to outperform an alternative source to a much stronger
degree than a human alternative.

Our article’s first contribution is to unravel behavioral mechanisms underlying algorithm aversion
by systematically testing several competing mechanisms, something which is lacking in extant literature.
Our second contribution consists in introducing a new mechanism which links algorithm usage to the
organizational environment, via the presumed acceptance of algorithms by superior managers.
Ultimately, we find aversion to using algorithmic decision support is driven by selective attention to
performance but also by participants acting upon their subjective beliefs about performance rather than
the objective performance of the source providing advice: In both aspects, participants treat algorithms
and humans differently. This mechanism was not yet covered in existing research.

Our third contribution is methodological: We measure algorithm usage in a way which eliminates
effects of psychological ownership arising from having to discard a personally produced output in favor
of an output coming from a different source. Our results, using this approach, suggest that algorithm
aversion at least today is much weaker than hitherto presumed, indicating that part of the reported
algorithm aversion is a measurement effect, because psychological ownership effects might be misinter-
preted as algorithm aversion.

Our fourth and final contribution relates to business practice. Our findings suggest that perceptions
of algorithmic performance are crucial. Simply providing objectively high performing algorithms in
management practice might therefore be insufficient to ensure usage, as users tend to ignore this fact:
Firms cannot assume that users automatically become aware of an algorithm’s performance.

In terms of an outlook for future research, the limited role of transparency and trust together with
selective attention puts the focus on other potential barriers for the use of objectively superior algorith-
mic decision support. For instance, issues of responsibility and blame-shifting towards human sources
in risky decision situations may constitute greater barriers to usage of algorithmic advice. This, as well
as the role of different types of explanations reducing the black box nature of algorithms should be
inquired further.

Our article is organized as follows. In Section 2, we provide the theoretical background of our
research and derive hypotheses. In Section 3, we present the experimental setting and the research
design used. Sections 4 and 5 describe the results of two full factorial survey experiments we conducted.
In Section 6, we discuss our results and draw conclusions.
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2. Theoretical background

2.1. Measuring aversion to algorithms

Since the seminal studies of Dietvorst et al. (2015) and Dietvorst et al. (2018), algorithm aversion is
understood as the non-usage of algorithms or algorithmic advice despite the fact that doing so is bene-
ficial, as the algorithm outperforms the user or other sources of advice. A highly illustrative example of
aversion is manager’s reluctance of using of algorithm-based decision support in forecasting tasks
(Mahmud et al., 2022). First, forecasts are an immensely relevant element in management accounting
and managerial decision-making (e.g., Casas-Arce et al., 2022; Chui et al., 2018; Eichholz et al., 2023;
Monteiro et al., 2022; Rohrbeck & Kum, 2018). Second, forecasting is a promising case of augmenting
human decision-making with algorithmic input (Blattberg & Hoch, 1990; Myers & Ramsey, 2023). The
progress in forecasting variables with high relevance for business is substantial (Panda & Mohanty,
2023; Shrivastava et al., 2023; Varghese Joseph et al., 2022). Whereas traditional human forecasting uses
a limited set of methods and data sources (Casas-Arce et al., 2022; De Baets, 2021; Verstraete et al.,
2020), AI-based algorithms allow integrating a much broader set of heterogeneous and structured as
well as unstructured data sources. As a result, they can make more accurate and more timely forecasts
that are unbiased by preferences, motivated reasoning or strategic gaming from human forecasters
(Appelbaum et al., 2017; Blackburn et al., 2015; Zhang et al., 2022), resulting in so-called “predictive
analytics” (Fehrenbacher et al., 2023; G€obel, 2023).

Given these advantages, introducing algorithms in management and accounting is a “trendy” and
widely discussed topic (Bakarich & O’Brien, 2021; Enholm et al., 2022; M€oller et al., 2020; Mosier &
Skitka, 2018) and a persistent theme in research on management (Myers & Ramsey, 2023), manage-
ment information systems (Blackburn et al., 2015) and related domains (Afsay et al., 2023; Krieger
et al., 2021). Still, studies on factual usage of algorithms indicate that, notably in managerial settings,
algorithmic support in case-by-case decisions, e.g., providing a forecast for a single case, is avoided (see
e.g., Brink et al., 2024; Kaufmann et al., 2023; Monod et al., 2023).

Based on this traditional conceptualization of algorithm aversion, its measurement follows a more or
less standardized procedure going back to Dietvorst et al. (2015). Applied to a forecasting task, it works
as follows: First, users receive raw data, form a mental model of the drivers and causal relationships
involved and then make their own forecast based on this model. Next, users are presented with a com-
peting algorithmic forecast and have to decide, whether to stick with their forecast or to replace it with
the algorithmic forecast. While details of the procedure vary regarding the aspects motivating a particu-
lar study (see, e.g., Daschner & Obermaier, 2022; Jung & Seiter, 2021; €Onkal et al., 2009; Prahl & van
Swol, 2017), the underlying either-or procedure applies.

In the light of more general research on how decision-makers deal with advice and different sources
of input to formulate a forecast (see the review by Leitner & Leopold-Wildburger, 2011), such a meas-
urement is problematic as it may lead to over-estimation the phenomenon of algorithm aversion. There
are several reasons for this.

First, the issue of psychological ownership (Haesebrouck, 2021; Liu et al., 2012; Pierce et al., 2001)
could play a role which applies to forecasts that users have produced with more or less substantial
effort. As a consequence, users have a stake in this forecast because abandoning a personal output
comes at the price of cognitive dissonance (Arkes & Blumer, 1985; Schultze et al., 2012). Thus, pitching
a forecast produced by a user against a forecast coming from an algorithm may find aversion against
giving up one’s own forecast: Not because of algorithm aversion but because of a feeling of psycho-
logical ownership regarding one’s forecast. Furthermore, having decided – here about a forecast – also
affects how incoming information is used (Bronfman et al., 2015), how information from various sour-
ces is combined (Bonaccio & Dalal, 2006; Leitner & Leopold-Wildburger, 2011) and how a decision aid
is evaluated (Bronner & de Hoog, 1984; Chaxel et al., 2013). Employing the standard design with a
forecast produced by the user will per se lower the chances that an alternative forecast, regardless of its
source, is used. Even though this is not algorithm aversion, it would be interpreted as such in the
standardized experimental setting described above.

Second, a major objection to algorithmic advice is its lack of transparency (Park & Yoon, 2024;
Schmidt et al., 2020; Shin, 2021). Regarding this issue, letting users produce their own forecast also
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stacks the odds against using an alternative: Users are aware of the reasons and justifications for the
forecast they produce, but are lacking this information when receiving an algorithmic forecast. This can
also induce them to rely more on their own judgment (Yaniv, 2004; Yaniv & Kleinberger, 2000). Again,
this is no expression of algorithm aversion but applies equally to all forecasts without supporting elabo-
rations, independent of their origin. However, most existing research lacks a reference, i.e., opaque
human advice, to capture this effect. It is therefore unclear to what degree the standard measurement
procedure captures algorithm aversion rather than potentially confounding factors.

Third, it is questionable to what extent the standard measurement approach corresponds to the prac-
tice in firms, for example in the finance and accounting function (Fildes et al., 2019). While manage-
ment accountants at lower levels personally prepare forecasts and receive algorithmic advice, making
them subject to the problems mentioned, this is not the case for the higher-level management. Here,
the choice is not between a personally produced forecast and an alternative, but between alternatives
with different performance records and different origins, like humans or algorithms. Given these issues,
it is necessary to test for the robustness of algorithm aversion as a general phenomenon.

2.2. Hypotheses development

Existing research discusses several competing mechanisms underlying the phenomenon of algorithm
aversion. Identifying the relevance of these mechanisms is particularly important for management prac-
tice, as any interventions to address algorithm aversion will need to address these mechanisms. We
therefore focus on several prominent hypothesized mechanisms that have been discussed in research so
far (Baines et al., 2024; Glikson & Williams Woolley, 2020; Jussupow et al., 2020; Mahmud et al.,
2022). To structure this section, we suggest three stages which have to be passed for the usage of algo-
rithmic decision support. First, the algorithm’s performance must be perceived correctly, as using infer-
ior input would be inappropriate. Second, there must be trust in any unobservable properties of the
algorithm, the notion of trust will be differentiated in the following elaborations. Third, there may be
barriers to usage arising from the organizational context in which the user is embedded that prevent
the user from using an algorithm despite a personal willingness to do so. Potential mechanisms can be
arranged along this timeline.

2.2.1. Performance and usage
The very definition of algorithm aversion depends on the superior performance of algorithms.
Beginning with Dietvorst et al. (2015), or even with Meehl (1954), the assumption is that if algorithms
outperform human decision-making, users should rely on algorithmic decisions rather than on their
own judgement or intuition. It follows that a typical feature of experimental studies on algorithm usage
is that participants receive advice from an objectively superior algorithm. The superior performance
can be presented as information or demonstrated by high forecasting accuracy during the experiment.
The assumption that an algorithm’s superior performance automatically leads to increased usage is not
corroborated, as in many experiments participants refrain from using superior algorithms for their
decision-making (Brink et al., 2024; Commerford et al., 2022; Fildes et al., 2019; Johnson et al., 2021;
Longoni et al., 2019; Raisch & Krakowski, 2021).

One interpretation of the practical observation of non-usage of algorithms may be that even though
users see the higher performance, they choose not to use it due to aversion to algorithms. However,
whether participants in experiments actually recognize the algorithm’s superiority is not always ascer-
tained. We therefore suggest taking a differentiated view on performance as a factor in algorithm usage.
It can be convincingly argued that performance matters for usage (Daschner & Obermaier, 2022; Lim
& O’Connor, 1995; Schaap et al., 2024) albeit algorithm aversion obstructs usage. The ambiguous
experimental results on usage of superior algorithms might be caused by selective attention:
Participants – but also users in general – may ignore the algorithm’s higher performance and thus its
appropriateness as a source of advice. Selective attention biases have been found in many settings (e.g.,
Hales, 2007; Woolley & Risen, 2018), and may be at work here, too. We test for this issue and suggest
that algorithm aversion expresses itself in the fact that users do not pay attention to the algorithm’s
objectively superior performance for the very reason that it is an algorithm. As a result, if this bias was
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at work, the origin of a forecast source (human vs. algorithmic) would affect how its performance is
perceived and thereby – indirectly – used.

Hypothesis 1a: Higher perceived past performance of a forecasting source positively affects the use of a
forecast provided by this source.

Hypothesis 1b: Superior forecasting performance by an algorithm is perceived to a lesser degree than
superior forecasting performance by a human expert.

2.2.2. Trust and usage
Trust is considered relevant for usage of sources on which forecasts are based (e.g., G€on€ul et al., 2012;
€Onkal et al., 2019). Consequently, lack of trust can be considered as a barrier to usage of algorithmic
decision support (Bareis, 2024; Nakashima et al., 2024). Indeed, extant literature found evidence of trust
as an antecedent to the use of advice from (non-)human sources (Daschner & Obermaier, 2022;
Davenport, 2018; Glikson & Williams Woolley, 2020; Li et al., 2008). However, the direct role of trust
has been challenged by more recent research (Bayer et al., 2022; Schaap et al., 2024). Applied to the
issue of forecasting, the effect of trust should express itself in that trust matters for usage of a given
source of decision support. Existing research has shown that algorithms typically receive less trust than
a human (see for many Glikson & Williams Woolley, 2020). We therefore state the following general
hypotheses.

Hypothesis 2a: Trust in a forecasting source positively affects its usage.

Hypothesis 2b: Participants trust algorithmic forecasts to a lesser degree than forecasts based on human
expertise.

2.2.3. Barriers in the decision-maker’s environment
Even if a decision-maker would be inclined to rely on an algorithm, he or she may refrain from doing
so because of barriers in the organizational environment. There are several studies, notably from the
medical field, which indicate that usage of algorithms – regardless of the appropriateness of doing so –
is viewed critical by many actors (Arkes et al., 2007; Efendi�c et al., 2024; Shaffer et al., 2013). As a
result, potential users may assume that other agents would disapprove of using algorithms as a source
of advice, and thus, regardless of their own opinion, abstain from using them as well. As business fore-
casting is embedded in a larger organizational context also involving relationships of accountability,
barriers to the usage of algorithms can therefore be derived in an analogous fashion, e.g., from upper
echelon theory (Hambrick & Mason, 1984). Hambrick and Mason posit that organizational outcomes
to a large degree have to be interpreted in the light of values and cognitive bases of a firm’s top man-
agement. Important is not the actual view of the top-level management but the perceptions held among
the lower-level managers. As a result, if users presume that their superiors are algorithm averse
(Alexander et al., 2018) or if users believe that they are judged negatively if they rely on algorithms
(Arkes et al., 2007; Shaffer et al., 2013), this precludes usage of algorithmic advice regardless of the
user’s personal attitudes on usage. We therefore formulate the following two hypotheses:

Hypothesis 3a: Presumed trust of a superior in a forecasting source is positively related to its usage.

Hypothesis 3b: The origin of a forecasting source affects presumed trust, with an algorithmic source
receiving less presumed trust than a human expert.

A second type of barrier in this context is the lack of explanation on how a specific forecast came
about. Advanced algorithmic forecasting technologies, like, e.g., deep learning with neural networks,
typically cannot produce an explanation on how they produced an output. Instead, they are black boxes
(Giboney et al., 2015; London, 2019; Merendino et al., 2018; Vinson et al., 2018; Zhang et al., 2022). In
contrast, human experts providing advice can usually provide such an explanation for superiors or
other stakeholders, either ex ante or ex post if needed. However, whether reactions to intransparent
human vs. algorithmic advice differ, has, to the best of our knowledge, not yet ascertained, albeit there
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is a broad literature on using so-called interpretable (or explainable) artificial intelligence
(Grimmelikhuijsen, 2023; L€osse & Weißenberger, 2023). Based on the arguments made and existing
evidence on transparency of algorithms, we hypothesize that explanations, in particular elaborations on
how a forecast came about, are relevant for usage (see e.g., Shin, 2021 for evidence, notably on human
input; Tzioti et al., 2014). Explainability should increase usage per se, and it should matter more, when
black box algorithms are the source of the forecast.

Hypothesis 4a: Explainability on how a forecast came about increases its usage.

Hypothesis 4b: Explainability increases usage of forecasts by algorithmic sources more than they increase
forecasts provided by human experts.

3. Method

To test our hypotheses, we conducted two factorial online survey experiments (Oll et al., 2018). The
first experiment aims at replicating the standard observation of algorithm aversion, using the measure-
ment procedure outlined above, and also at investigating potential mechanisms underlying algorithm
aversion. The second experiment specifically investigates the role of explainability for usage of algorith-
mic output.

Both experiments share the basic research design. Participants were asked to put themselves into the
role of a division’s head of finance (i.e., chief management accountant). They were tasked with provid-
ing as accurately as possible a sales growth forecast for one of the firm’s divisions for the upcoming
quarter to the top management, with no other information than two forecasts coming from two sour-
ces. Participants received a fixed participation fee and were incentivized by a variable payoff, linked to
the forecast/actual-deviation, which was determined after the experiment.

In both experiments, one forecast the participants received was always described as coming from a
human staff member (“management accountant A”) regularly in charge of this task. No further infor-
mation on how this forecast came about was given besides from the fact that “traditional forecasting
instruments” were used. Simultaneously, participants were provided with another forecast from a
second source.

The first manipulation in the 2� 2 between-subjects design used in both experiments concerns the
origin of this second forecast. It is either produced by an algorithm (referred to as an artificial intelli-
gence, ALGO) or by another human expert (referred to as another management accountant “B”,
HUMAN). The second manipulation concerns the sources’ past performance, which was presented to
the participants using comparisons of past forecasts and with the realized values (actuals). In the
EQUAL condition, both forecasts provided were equally accurate in the past. The sum of forecast/
actual-deviations is identical, no forecast features a bias in one direction and both were right on target
for the same number of quarters. In the BETTER condition, the second forecaster is substantially more
accurate (the sum of absolute forecast/actual-deviations is smaller), see Appendix A. Given the strong
evidence on the relevance of presentation formats, in particular tables vs. graphs (Paivio, 1979;
Perkhofer et al., 2020), the accuracy-related information was presented in both formats, to maximize its
effect on the participants. In both experiments, we used a between-subjects design.

To provide their own forecast of the division’s expected sales growth rate, participants received sim-
ultaneously two forecasts for the upcoming quarter. Both input forecasts diverged, but both were
equally realistic given past actuals. Participants were instructed to derive their own forecast for the
upcoming quarter to report to the top management, using both input forecasts as they saw fit. The
forecast reported by the participants was the dependent variable of the experiments.

A post-experimental questionnaire covered basic demographics, but also questions related to the
mechanisms we want to test. Specifically, we measured the participant’s perception of performance,
procedural trust in how a forecast came about, and the participant’s perceptions about the trust of the
management in algorithms.

In experiment 2, we replicated the design of the first experiment with two modifications: First, we
made the difference between the EQUAL and BETTER condition more pronounced by increasing
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relative forecast accuracy of the second source compared to experiment 1. Second, we added an explan-
ation for the second forecast which was identically in both cases, i.e., for the second human forecaster
as well as for the algorithm. The explanation illustrates the forecasting process, but beyond this does
not deliver any other information relating to the content of the forecast (see Appendix C).

4. Experiment 1

4.1. Experimental design

In the first experiment, the origin of the second forecast source (HUMAN vs. ALGO) as well as its past
performance (EQUAL vs. BETTER) were manipulated (2� 2 between subjects design, for performance
presentation see Appendix A). In the EQUAL condition, both forecasts had in total an absolute devi-
ation of 13 percentage points for the period under consideration. In the BETTER condition, the first
(human) forecasting source had in total an absolute deviation of 16.7 percentage points, the second
forecasting source (either human or algorithmic origin) had in total an absolute deviation of 7.3 per-
centage points. No additional information on how the forecasts came about was provided. For the
quarter in question, the first forecast from the human was for 4.2% sales growth, the second forecast
(from a second human or an algorithm) for 5.9%. The experiment was pretested with senior managers
from corporate finance and accounting departments to assure the plausibility of this setting.

4.2. Sample characteristics

Participants were practitioners, management accountants and other people, who can be assumed to be famil-
iar with the forecasting scenario used in the experiment. They were recruited via a provider of online surveys.
Overall, 138 persons participated, 58% of which are male and 30% hold a university degree of which roughly
a third (i.e., 9% of all participants) hold a degree in economics or business administration. About 35% of the
participants work in sales and distribution functions and 19% in management accounting functions. The aver-
age age is 51 years, ranging from 35 to 79 years with an average work experience of 27years. A randomization
check showed the demographic features to be uncorrelated with the manipulations.

4.3. Algorithm aversion

In our setting, algorithm aversion would express itself in how participants weight the two input fore-
casts when producing their own forecast to be reported to top management (see the notions of aversion
in €Onkal et al., 2009, Promberger & Baron, 2006, or Dietvorst et al., 2015, all of which are based on
the weighting of advice given by humans as opposed to algorithms).

Aversion to algorithms as a source’s origin is expected to result in discounting the algorithmic fore-
cast, which in turn leads to a reported forecast shifted away from the algorithmic forecast towards the
human forecast. In our experiment, algorithm aversion should manifest itself as follows (see Hogarth &
Einhorn, 1992): In the EQUAL conditions, a rational participant, weighting both forecasts equally,
would report 5.1% which is the mid-point between the forecast of the management accountant as
default source (4.2% sales growth rate) and the alternative (5.9% sales growth rate). In the BETTER
conditions, a rational participant would report 5.9%, which is the information provided by the more
accurate forecaster 2, regardless of its origin (human or algorithm). Under algorithm aversion, we
would expect these results to hold for both HUMAN conditions (HUMAN-EQUAL and HUMAN-
BETTER). But a participant averse to using the algorithmic forecast would in both ALGO conditions
assign greater weight on the human forecaster 1 and, as a result, report a forecast closer to 4.2% com-
pared to 5.1% (ALGO-EQUAL) or to 5.9% (ALGO-BETTER).

Our results are visualized in Figure 1 that shows the means (M) and 95% confidence intervals (CI)
for forecasts obtained in the four experimental conditions. The descriptive statistics for the dependent
variable are given in Appendix B.
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If one source has been more accurate in the past, a rational participant caring only about the
accuracy of the source, is expected to report the forecast coming from the more accurate source. If
both forecasts have been equally accurate in the past, a rational participant is expected to put
equal weight on both sources and report the average of both input forecasts (see Hogarth &
Einhorn, 1992). Aversion to algorithms as a source’s origin is expected to result in discounting the
forecast of this source, which results in a reported forecast shifted away from the source subject to
aversion.

As is evident, the weightings of the inputs for the reported forecasts vary among experimental conditions,
though not significantly as the confidence intervals overlap. The positioning of all reported forecasts within
the range defined by the two input forecasts (4.2% to 5.9%) indicates a slight tendency to prioritize the 4.2%-
forecast from the first source, as the means in all experimental conditions remain below the midpoint (�5.0).
However, the alternative source is never discounted completely, as the average forecasts in all conditions differ
significantly from the first source (4.2%, which is not in the 95% confidence interval, CI). We controlled for
risk propensity, but we found no significant effect on the reported forecast.

Our finding contrasts with the results in experiments using the standard measurement approach as pro-
posed by Dietvorst et al. (2015). According to their results, algorithm aversion should be reflected in a con-
stant negative effect in our measurement, but we find that there are no differences in the response to human
vs. algorithmic information. Thus, there is no evidence of algorithm aversion per se.

It follows, as we have argued in the theoretical section, that an experimental design that replaces a
personally made forecast with a forecast coming from an algorithm, reflects two other mechanisms that
are distinct from algorithm aversion in the narrow sense of the meaning. First, these results are subject
to psychological ownership effects, which are excluded in our design. Second, a forecast provided by an
external source is always less transparent compared to a forecast made by the participants themselves
based on raw data and a mental model. Both mechanisms induce aversion, but it is rather an aversion
either to giving up a forecast made with personal effort or to using an intransparent forecast provided
by an unquestionable black-box mechanism.

Figure 1. Reported forecasts for sales growth rates by experimental condition.
Notes: The forecast from the human expert is for 4.2% sales growth, the alternative (algorithm or another human fore-
caster) for 5.9%. ALGO-BETTER: mean (M): 4.71%; 95% confidence interval (CI): 4.34%–5.07%; HUMAN-BETTER: M: 4.88%;
CI: 4.64%–5.12%; ALGO-EQUAL: M: 4.66%; CI 4.28%–5.04%; HUMAN-EQUAL: M: 4.70; CI: 4.34%–5.07%.
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4.4. Mechanism 1: Biased performance perception

We hypothesized that even though basically the perception of a source’s performance drives usage
(H1a), users are biased against algorithms and pay attention and recognize superior performance if the
source’s origin is human and ignore it if the origin is algorithmic (H1b).

Starting with the latter argument, Table 1 provides results on determinants of perceived performance
of the second forecasting source relative to the first source.

Perceived performance was measured as the participants’ beliefs that one of the sources was superior
to the other in the past, on a 7-point Likert scale ranging from 1 (the first source, i.e., the management
accountant A, was clearly perceived to have performed better in the past) to 7 (the second source, i.e.,
either another human expert or an algorithm, was perceived to have performed better) with the mid-
point of 4 indicating belief that both sources performed equally in the past. Perceived performance was
regressed on the origin of the second forecast source (ALGO) and whether the second forecast was
actually better in the past (BETTER).

Prima facie, there is a significant effect of a forecast originating from an algorithm being perceived
as performing worse (see panel “All”). But this effect is due to differences in the participants’ percep-
tion of performance: Participants perceive the objectively higher performance if the forecaster is human
(panel “Human”, i.e., the second source was from human origin) but ignore it if the forecast originates
from an algorithm (panel “Algorithm”, i.e., the second source was from algorithmic origin), thus sup-
porting H1b.

We then test H1a by inquiring into the relevance of perceived performance for usage. To do so, we
regress the participants’ reported forecast on perceived performance (PerceivedPerformance), the
objective past performance (BETTER) and the nature of the source (ALGO). As the first forecast was a
sales growth rate of 4.2% and the second forecast of 5.9%, positive coefficients indicate a higher weight
for the forecast from the second source, characterized by its type and perceived performance.

The regression coefficients in the panel (“All”) indicate that neither the origin of the forecast per se
nor the objective performance of the source matters for usage. Any algorithm aversion would show up
as a negative coefficient for the dummy variable ALGO, as participants would then place more weight
on the first forecast. But we see no such effect. Instead, only perceptions of performance matter and
result in a bias against algorithmic advice.

Overall, the results in panel “All” indicate that perceived performance increases usage, supporting
H1a. Nevertheless, as hypothesized in H1b, further inquiry shows that this is not always the case: As
columns for both panels “Algorithm” and “Human” in Table 2 indicate, perceived performance matters
for usage only if the human expert provides the forecast. For a forecast produced by an algorithm,
objective superior performance translates neither into perceived performance nor into increased usage.

Taken together, these findings support H1a and H1b and identify biased performance perceptions as
a first relevant mechanism explaining inappropriate usage of algorithmic advice.

4.5. Mechanism 2: Trust

A second mechanism driving algorithm aversion suggested in existing research is lack of trust in algo-
rithms. Specifically, the origin of the source of advice – either human or algorithm – is supposed to

Table 1. Perceived performance of forecasting sources.
All Algorithm Human

BETTER 0.336 0.206 0.462�
ALGO −0.365�
constant 4.242��� 3.941��� 4.176���
R2 0.039 0.006 0.040
R2adj 0.025 −0.009 0.026
N 138 68 70

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by an OLS regression. Dependent variable: Perceived Performance, i.e., participant’s belief regarding the past per-
formance of the two sources, 7-point Likert scale with high values indicating the belief that the second forecast performed better in the
past. BETTER: Dummy variable indicating that the second forecast was objectively better in the past (reference: equal objective performance).
ALGO: Dummy variable, indicating that the second forecast was produced by an algorithm (reference: forecast was produced by a human).
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affect users’ trust in the forecast produced (H2b) and this trust is then supposed to affect usage (H2a).
To test this mechanism in our experiment, we consider on the one hand participants’ overall trust in
the source by asking whether the participant personally had higher trust in either the first or the
second forecast (“Which of the two forecasts do you personally think is more trustworthy?”/
“Personal”).

But as such a notion of trust is rather broad and thus has been criticized in existing research (e.g.,
Choung et al., 2023), we also capture procedural aspects of trust using the approach suggested by
Bhattacherjee (2002), and survey participants’ opinions on different dimensions of the forecasting pro-
cess. Did they expect the data to be gathered correctly (“For which of the two forecasts do you have
more confidence that the information and data that goes into the forecast have been determined
correctly?”/”Correct”)? Did they believe that all relevant data was collected (“Which of the two forecasts
do you have more confidence in in terms of the completeness of the information base? In other words,
which forecast do you think has taken all relevant data from all relevant areas into account when deter-
mining its values?”/“Complete”)? Was in their view the data underlying the forecast correctly inter-
preted (“Which of the two forecasts do you have more confidence in, knowing that the data and
information collected have been correctly interpreted for forecasting purposes?”/“Interpretation”)?

All four trust variables were measured by 7-point Likert scales, with high values indicating that the
participants believed the second forecast to be more trustworthy in this regard. In line with the estab-
lished methodological literature on measurement, the aspects were captured using single items (Allen
et al., 2022; Wanous & Reichers, 1996). Further, a 7-point scale is sufficiently sensitive for measure-
ments (Norman, 2010).

Table 3 gives the results of regressing general and procedural trust on the origin (ALGO), objective
performance (BETTER) and perceived performance (PerceivedPerformance) of the second forecast. The
constellation, in which the second forecast was also produced by a human, serves as a reference
category.

Table 2. Use of alternative forecasts.
All Algorithm Human

PerceivedPerformance 0.234��� 0.137 0.365���
BETTER 0.033 0.020 0.005
ALGO −0.022
constant 3.740��� 4.116��� 3.177���
R2 0.092 0.031 0.215
R2adj 0.072 0.000 0.192
N 137 67 70

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by an OLS regression. Dependent variable: Usage measured by the forecast reported. PerceivedPerformance:
Participants’ belief regarding the past performance of the two sources, 7-point Likert scale with high values indicating the belief that the
second forecast performed better in the past. BETTER: Dummy variable indicating that the second forecast was objectively better in the past
(reference: equal objective performance). ALGO: Dummy variable, indicating that the second forecast was produced by an algorithm (refer-
ence: forecast was produced by a human).

Table 3. Determinants of general and procedural trust.
Personal Correct Complete Interpretation

PerceivedPerformance 0.710��� 0.625��� 0.390��� 0.390���
BETTER −0.096 0.022 0.203 0.152
ALGO −0.001 −0.004 −0.015 −0.405�
constant 1.003�� 1.215��� 2.175��� 2.444���
R2 0.454 0.355 0.151 0.211
R2adj 0.442 0.341 0.132 0.193
N 138 138 138 138

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by OLS regression. Dependent variables: trust variables, see text. All were measured by 7-point Likert scales, with
high values indicating that the participants believed the second forecast to be more trustworthy in this regard. PerceivedPerformance:
Participants’ belief regarding the past performance of the two sources, 7-point Likert scale with high values indicating the belief that the
second forecast was perceived as having performed better in the past. BETTER: Dummy variable indicating that the second forecast was
objectively better in the past (reference: equal objective performance). ALGO: Dummy variable, indicating that the second forecast was pro-
duced by an algorithm (reference: forecast was produced by a human).
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First, the results indicate that the origin of a forecast (ALGO) affects trust only regarding correct
interpretation of the data. Participants believe this to be less the case for an algorithm (see column
“Interpretation”). Overall, algorithms do not significantly induce less trust than humans. Thus, there is
only limited support for hypothesis 2b.

Second, past performance matters for trust, but not straightforward, as there is no effect of an alter-
native being objectively better (BETTER) on any trust variable, but only of perceived performance.
Instead, what matters is the participants’ belief that the second forecast is superior. The more partici-
pants perceive the second forecast as outperforming the first, the more trust they have in this source,
in both, general and procedural aspects. However, whether participants perceive this to be the case
depends on some degree, as we saw earlier on, on the source, as superior performance is perceived in
the case of humans, but not in the case of algorithms.

Regarding the mechanism’s second step, the link between trust and usage, Table 4 reports the effects
of different aspects of trust on usage, measured as the forecast reported. We ran two separate regres-
sions, one for overall trust (“Personal”), one for the three aspects of procedural trust (“Correct”,
“Complete”, “Interpretation”), to obtain a differentiated picture. In terms of empirical expectations,
more trust in the alternative source should shift the reported combination of the two input forecasts
towards the forecast from the second source, i.e., from 5% towards 5.9%. We therefore expect positive
coefficients for the trust variables.

Table 4 shows that contrary to much of the existing research and our hypothesis 2a, trust is largely
irrelevant for factual usage (see panel “All”). Neither trust in general (columns 1), nor procedural
aspects of trust (columns 2) significantly affect usage. Even more interesting, this pattern applies equally
to alternative forecasts originating from humans and algorithms (see panels “Algorithm” and
“Human”). Thus, there is no evidence supporting the origin-trust-usage mechanism, as there is only a
weak and highly specific link from a forecast’s origin to trust and basically no link from trust to usage.

4.6. Mechanism 3: Presumed trust of others

External barriers, notably in the organizational context, may prevent users from using algorithms. A
first barrier may arise from the organizational hierarchy, as participants are asked to put themselves in
the situation of the division’s head of finance and provide a forecast for the division’s sales growth rate
to the company’s top management. As pointed out, we argue that if users in a firm assume their supe-
riors to be averse to algorithmic advice, they will not use algorithms, regardless of their personal opin-
ion on the issue. To evaluate this mechanism, we capture the impact of the source of a forecast on the

Table 4. Trust as a determinant of usage.
All Algorithm Human

1 2 1 2 1 2

PerceivedPerformance 0.132 0.240�� 0.015 0.053 0.350�� 0.389���
BETTER 0.047 0.010 0.021 0.015 0.009 −0.075
ALGO −0.021 −0.004
Personal 0.143 0.216 0.017
Correct −0.092 0.054 −0.179
Complete 0.091 0.147 −0.053
Interpretation 0.042 −0.036 0.214
constant 3.596��� 3.552��� 3.784��� 3.823��� 3.174��� 3.132���
R2 0.113 0.105 0.070 0.071 0.215 0.259
R2adj 0.086 0.064 0.025 −0.006 0.180 0.201
N 137 137 67 67 70 70

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by OLS regression. Dependent variable: Forecast reported. PerceivedPerformance: Participants’ belief regarding the
past performance of the two sources, 7-point Likert scale with high values indicating the belief that the second forecast performed better in
the past. BETTER: Dummy variable indicating that the second forecast was objectively better in the past (reference: equal objective perform-
ance). ALGO: Dummy variable, indicating that the second forecast was produced by an algorithm (reference: forecast was produced by a
human). Personal: Participants’ general trust in the source. Correct: Participant’s trust that correct data were used to produce the forecast.
Complete: Participants’ trust that data gathered for the forecast were complete. Interpretation: Participants’ trust that the data were inter-
preted correctly for formulating the forecast. All variables are measured on 7-point Likert scales with high values indicating that the alterna-
tive source received more trust.
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trust the participant presumes the recipient to have, and of this “presumed trust” on the participant’s
usage of forecasts.

If algorithm aversion indeed operates through this mechanism, we expect to find an effect of the
forecast’s origin on the trust participants presume the top management as recipient to have (H3b) and
to find that this presumed trust affects factual usage (H3a). Table 5 indicates, at best, mixed support
for this mechanism.

Panel A gives the results of regressing presumed trust on the origin and perceived performance of
the second forecast. While in the case of an algorithm, participants presume top management to be
somewhat less trusting, the effect does not reach significance (see column “All”). Thus, participants do
not systematically presume the top management to be more skeptical regarding an algorithm-based
forecast than a human-made forecast. Again, algorithm aversion expresses itself more indirectly, via
perceived performance: If participants personally believe a source to be more accurate
(PerceivedPerformance), they tend to presume that the top management as recipient would also have
more trust in this source. Perceived performance is relevant for presumed trust (see panel A, column
“All”), but much more so in the case of a human than in the case of an algorithm (see panel A, col-
umns “Algorithm”, and “Human”, respectively). As for the second step of the mechanism, the relevance
of presumed trust for usage, panel B indicates that presumed trust is irrelevant for usage. In no constel-
lation, regardless of whether all cases or the subsamples are considered, the variable PresumedTrust
exerts an effect on usage. Even if participants presume that the ultimate recipients of a forecast are
skeptical of algorithms, this presumption does not affect how the output of an algorithm is used. Thus,
participants’ presumption that the ultimate recipients would not accept usage of an algorithm is no
obstacle. As a result, neither H3a nor H3b are supported.

5. Experiment 2

5.1. Design modifications

The second experiment evaluates whether usage of algorithms is obstructed by the black box nature of
algorithms. Our research design and experimental setting were adapted from the first experiment with
two modifications.

First, the difference in performance was increased. In the EQUAL condition, both forecasts had in
total an absolute deviation of 16.1 percentage points for the periods under consideration, in the
BETTER condition, the first forecaster, the human, had in total an absolute deviation of 19.8 percent-
age points, the better forecasting source (of human vs. algorithmic origin) had in total an absolute devi-
ation of 6.3 percentage points. The values were chosen in contact with practitioners to be both,
perceptibly different but still realistic.

Table 5. Relationship between origin, presumed trust and usage.
Panel A: Origin and presumed trust Panel B: Presumed trust and usage

All Algorithm Human All Algorithm Human

BETTER −0.046 0.117 −0.269 0.033 0.024 0.004
ALGO −0.235 −0.023
PerceivedPerformance 0.433��� 0.289� 0.636��� 0.236�� 0.148 0.368���
PresumedTrust −0.004 −0.037 −0.005
constant 2.184��� 2.448��� 1.404� 3.750��� 4.205��� 3.184���
R2 0.170 0.081 0.280 0.092 0.033 0.215
R2adj 0.152 0.053 0.259 0.065 −0.013 0.179
N 138 68 70 137 67 70

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by OLS regression. PerceivedPerformance: Participants’ belief regarding the past performance of the two sources,
7-point Likert scale with high values indicating the belief that the second forecast was perceived as having performed better in the past.
BETTER: Dummy variable indicating that the second forecast was objectively better in the past (reference: equal objective performance).
ALGO: Dummy variable, indicating that the second forecast was produced by an algorithm (reference: forecast was produced by a human).
Panel A: Dependent variable: PresumedTrust, defined as the level of trust in a forecast the participant presumes the top management as
ultimate recipient of the forecast to have. Panel B: Dependent variable: Usage of the forecasts, measured as reported forecast, for explana-
tory variables see above. All dependent variables are measured on 7-point Likert scales, high values indicating that the second source
received more trust.
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Second, we added an explanation elaborating on how the second forecast came about. The explan-
ation was given for the second source identically in both cases, i.e., for the second human forecaster
(“management accountant B”) as well as for the algorithm. The explanation elaborates on the forecast-
ing process, but provide information relating to the content of the forecast (see Appendix C).

The other stimuli – information on the nature and past accuracy of the forecasting sources – were
provided in the same format as in experiment 1 (see Appendices A and C). Experiment 2 was pre-
tested using students as participants, in particular regarding the plausibility of the explanation. For the
quarter in question, the first (human) forecast from a management accountant was for a sales growth
rate of 3.4%, the second forecast (either of human or of algorithmic origin) was for a sales growth rate
of 4.9%. We would expect that a rational participant in the EQUAL condition would forecast the aver-
age of both values (4.2%) and in the BETTER condition an increased value shifting towards 4.9%.
Aside from these issues, the dependent variable as well as the post-experimental questionnaire were
identical to experiment 1.

5.2. Sample characteristics

Again, practitioners with a background in management accounting or other functions in business who
can relate to the situation described in the experiment, were recruited via a provider of online surveys,
taking care to recruit only subjects that did not participate in experiment 1. Overall, 204 persons par-
ticipated with an average age of 45 years, ranging from 19 to 68 years. 41% of the participants were
male, 38% held a university degree, of which about a fifth (8% of all participants) held a degree in eco-
nomics or business administration. About 19% of our participants worked in sales and distribution
functions and 4% in management accounting. The average work experience of all participants was
20 years.

The descriptive statistics of the dependent variable (forecast of sales growth rate for the upcoming
quarter) for the eight experimental conditions are given in Appendix D. The findings in experiment 2
(not reported) on the relationships between origin, perceived performance, personal trust and presumed
trust and usage replicate the findings from experiment 1, with the increased difference in performance
resulting in an increased perception of performance. As in experiment 1, this matters only in the case
of a human forecaster.

5.3. Mechanism 4: Explanation and usage

In terms of what a barrier to usage might be, we argue that an explanation of how a forecast was made
increases usage (H4a) but that algorithms are more in need of an explicit explanation (H4b). Humans
implicitly offer the option to obtain an explanation anytime, whereas algorithms do not. Results on the
relevance of providing an explanation for factual usage are given in Table 6.

Contrary to H4a, providing an explanation on how the forecast came about does not increase usage
of the source for which the explanation is provided (see panel “All”). Even though the coefficient
obtained for EXPLANATION in the subsample, where the second forecast was from an algorithm, is

Table 6. Effect of explanation on usage.
All Algorithm Human

ALGO 0.003
PerceivedPerformance 0.152�� 0.155 0.149�
EXPLANATION 0.211 0.228 0.194
constant 3.218��� 3.197��� 3.239���
R2 0.047 0.041 0.053
R2adj 0.032 0.021 0.033
N 200 100 100

Legend: �p< 0.1; ��p< 0.01; ���p< 0.001. R2 ¼ coefficient of determination, R2adj ¼ adjusted R2; N¼ number of participants.
Notes: Results obtained by OLS regression. Dependent variable: Forecast reported. Management accountant A predicted 3.4%, the second
forecast (management accountant B vs. algorithm) was 4.9%. PerceivedPerformance: Participants’ belief regarding the past performance of
the two sources, 7-point Likert scale with high values indicating the belief that the second forecast was better in the past. ALGO: Dummy
variable, indicating that the second forecast was produced by an algorithm (reference: forecast was produced by a human). EXPLANATION:
Dummy variable, indicating that an explanation of how the forecast came about was presented (reference: no explanation provided).
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slightly higher (see panel “Algorithm”), it is insignificant. This is also the case for the situation where
the second forecast originates from a human expert (see panel “Human”). Thus, there is no support for
H4b, which stated that an explanation matters more for algorithms than for humans. While not
reported here, we also analyzed whether the provision of an explanation affects perceptions of perform-
ance, but found no such effect.

6. Discussion and conclusion

Improvements in the capabilities of algorithms have the potential to make the integration of algorith-
mic output into decision-making an option for increasing firms’ economic success (Brink et al., 2024;
Enholm et al., 2022; KPMG, 2024; Mishra et al., 2022). However, research since the 1950s until today
provides evidence of algorithm aversion (Baines et al., 2024; Dietvorst et al., 2015; Meehl, 1954), imply-
ing a general reluctance towards using advice produced by technologies like artificial intelligence. Our
research objective is to investigate in how strong this aversion actually is in firms with a specific anchor
in forecasting in accounting and control and on what behavioral mechanism it is based.

Before discussing the implications of our findings, we need to discuss the study’s limitations. First, as
in all experimental studies, the setting used is to some degree stylized and abstract, and the situation’s
specificity may affect the generalizability of the results. The design was pretested with experienced prac-
titioners, who indicated that the task was straightforward and comprehensible. In terms of realism, input
from practitioners indicated furthermore, that the situation chosen is common in practice, as users in
functions as the one we describe in the experiment often receive forecasts instead of producing forecasts
from raw data. The explanation used in experiment 2 was also pre-tested in terms of being comprehen-
sible, and was found to be so. Its limited impact on usage is an empirical result, not an artifact arising
from presenting an incomprehensible explanation. Still, another type of explanation might lead to differ-
ent results (Miller, 2019). Second, in terms of sampling, we sampled practitioners with substantial work-
ing experience and in particular with experience with the managerial task used. Most practitioners we
interviewed in the run-up to the study reported, regardless of their formal function, that having to make
forecasts is part of their job, albeit not in the formal way of a management accountant being in charge
of producing forecasts for the management. We also tested for effects of professional background on
usage, but found no effects. Third, the stakes in the experiment – the consequence of reporting a sales
forecast which turns out to be wrong – for the participants are presumably lower than they would be in
real life. This, however, would imply in our view an even higher handicap for a new technology, and an
even higher tendency to rely on the forecast produced by a human, in particular due to the possibilities
of blame shifting in the case that problems occur (e.g., Gazit et al., 2023). As it is, we followed up to the
arguments on the size of the stakes in testing for effects of risk attitudes on usage. We found no such
effects. Fourth, the results are potentially affected by the sequence in which the manipulations and the
post-experimental questions, e.g., on trust, were presented. However, if we had asked about trust in
algorithms first and then presented an algorithmic forecast, the very fact that we asked about trust may
triggered considerations which affect usage. We thus acknowledge that our results – as the results in
every experimental research – may be affected by the research design used. Finally, a one-shot-experi-
ment (even though we were able to replicate our results from experiment 1 in experiment 2 with differ-
ent participants) may not be conclusive about how trust and usage develop over time, with personal
experience gained in repeated dealings, and how the need for supplementary explanations develops in
the long run. Given that trust in various aspects of the algorithmic forecast varied substantially among
participants, but was still irrelevant for usage, we may assume that increasing trust will not turn out to
be relevant. Other personal features, such as experience with algorithms, may also be of relevance for
algorithm usage, but in line with the standard in experimental studies, see Piercey (2023) for the statis-
tical arguments, we did not include them as covariates as we do not formulate hypotheses about them.

Taken these limitations into account, our findings offer new insights and call for a discussion of
existing findings, also because of their implications for practice.

First, if participants are free to use and to combine human and algorithmic forecasts that are pre-
sented simultaneously, there is little evidence of algorithm aversion. This contrasts with research using
the measurement of algorithm aversion in line with Dietvorst et al. (2015). In in the light of the
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substantial arguments on psychological ownership arising from the invested effort involved in this
measurement approach, we believe it to be plausible that the aversion found using the traditional meas-
urement is more an aversion to abandoning the output of one’s own efforts than aversion to algo-
rithms. We would also argue that our measurement approach is closer to real life. To validate our
experiments and in particular the measurement approach used, we conducted interviews with practi-
tioners on the usage of algorithms in their firms. Their consistent answer was that currently, and for
the foreseeable future, human forecasters and algorithms will operate in parallel, just as in the situation
we used in our experimental design and different to the design implemented in earlier studies. In real
life, for users, in particular higher up in an organization’s hierarchy, the choice will typically be
between a forecast produced by humans, say the management accountant in charge, and of an add-
itional decision support system providing algorithm-based forecasts. They do not have to choose
between their own forecast and an alternative. Both, the theoretical arguments on psychological owner-
ship effects and the view of practitioners imply that the situation we use is closer to practice. This also
suggests that the magnitude of algorithm aversion is more limited in practice than hitherto presumed.

Second, as for existing aversion, there is substantial support for a more indirect behavioral mechan-
ism. Algorithm aversion operates at least in part by users not paying attention to an algorithm’s super-
ior performance. Comparing experiments 1 and 2, we find that if differences in past performance are
more pronounced, this tendency is reduced. Still, to be perceived as outperforming, an algorithm has to
outperform a human forecaster to a higher degree than one human forecaster has to outperform
another human forecaster. This selective attention to performance is located very early in the decision
processes on usage of algorithms than, for instance, trust. Trust strongly features in existing research
(e.g., Glikson & Williams Woolley, 2020), but we found it to be largely irrelevant. In this, we are in
line with more recent research (e.g., Schaap et al., 2024).

Third, there is strong evidence that the perception of forecasting performance matters conditional
on the nature of the forecasting source. Participants follow their belief about the performance in the
case of a human and rely more on the source they perceive to be better. But they act against their belief
in the case of an algorithm by ignoring an objectively superior performance which they also perceive as
superior. This mechanism is ignored in extant research, which typically does neither measure nor and
use perceptions of performance.

We suggested that there are barriers external to the user, which prevent usage of algorithmic forecasts.
A first barrier, often discussed in the literature, is the black box nature of the algorithm (Nakashima et al.,
2024; Schmidt et al., 2020). There are persistent calls for supplementing algorithmic tools with explanation
facilities, such as LIME (Bitzer et al., 2023), and considerable amounts of time and skill are invested into
the development of explanations (Ali et al., 2023). Empirically, we find that opening up the “black box” by
providing an explanation does not increase reliance on advice. This finding is in line with some very recent
research on transparency, which also found no effect of transparency on usage (e.g., Adadi & Berrada,
2018; Ning et al., 2024; Schmidt et al., 2020; Shin, 2021). It is also not the case that algorithms ceteris pari-
bus profit more (or less) from an explanation than human forecasters. This finding is of interest, as the
consequences of intransparency in humans were up to now not compared with intransparency of algo-
rithms. There were reasons to expect differences, as we argued in hypothesis 4b, as, in principle, humans
providing input may be contacted to provide an explanation at any time. This option does not exist for
algorithms, which usually do not provide explanations, thus, having an explanation for an algorithmic
forecast is more relevant. We see that for the situation we present, combining forecasts and report them,
there is no effect of an explanation and no difference in the relevance of an explanation. This implies, that
for the participants, the focus was on the forecast, not on the reasons for the forecast. This finding is also
in line with the finding that participants orient themselves at the perceived performance of a source. Still,
to conclude, the relevance of explanations for usage is a theme which is need of additional research, as one
might expect that the need to be able to justify a forecast, even if it is based on input, rather than on a per-
sonal analysis of raw data, differs among users of forecasts.

A second barrier we suggested is presumed algorithm aversion of others (Arkes et al., 2007; Efendi�c
et al., 2024; Longoni et al., 2019; Promberger & Baron, 2006; Shaffer et al., 2013), in our case of manag-
ers higher up in the hierarchy. While participants indeed presume their superiors to be more skeptical
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of algorithms, this does not affect their usage of algorithmic output. We take this to indicate that the
effect of the organizational environment on usage of algorithms is weak compared to early studies, e.g.,
Arkes et al. (2007). This may result from the trend that artificial intelligence rapidly becomes more
common also in private lives and thus acceptable.

In terms of practical implications of our findings, firms should not worry that employees or managers
discard algorithmic information or advice simply because it is not coming from a human expert. But
another impediment remains because there might be a selective attention bias with respect to the algo-
rithms’s performance. This could be a problem, especially, if performance differences are small. Simply
presuming, as most experimental research and most proponents of algorithms do, that users do pay atten-
tion to objective differences in performance and are aware of them, is insufficient.

Given thus the crucial role of performance perceptions identified by us, a first task for a firm inter-
ested in increasing the usage of algorithmic advice is to make users aware of algorithms’ actual per-
formance, e.g., by implementing showcases or by actively pointing out the performance of different
sources in detail and also over a longer period. Several practical examples are documented in literature
(e.g., Fehrenbacher et al., 2023; G€obel, 2023; Reitzenstein et al., 2023). Future research should address
other potential barriers, which obstruct users from following their belief about what is the better fore-
caster. Here too, algorithms are disadvantaged.

Concluding with regard to the robustness of algorithm aversion, we find that when the ownership effect
arising from personally producing a forecast is absent, algorithm aversion is much less pronounced than
in existing research where ownership effects were present. While mechanisms relying on some form of
trust – general trust in algorithms, trust in the processes by which an algorithm works – are central to
existing research, we find basically no relevance for either of them. True, the origin of a forecast is of some
relevance for isolated aspects of trust, but this trust is of no relevance for usage. Providing an explanation
does increase neither usage of algorithmic nor of human output, we take this as a hint to other mecha-
nisms, like the inability of algorithms to bear responsibility for their output. Central to our findings is the
perception of performance, which is affected by the origin and of conditional relevance for usage.
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Appendix A. Experiment 1 – information on forecast accuracy

NOTE: Depicted here only for the ALGO condition, in the HUMAN condition the graphs were equivalent

Appendix B. Descriptives of the dependent variable in experiment 1

Dependent variable: Forecast of sales growth rate for the upcoming quarter

Experimental group EQUAL: Equal accuracy Experimental group BETTER: Higher accuracy

Performance of second source is…

… equal (EQUAL) … better (BETTER)

Origin of second
source is…

… human
(HUMAN)

N¼ 34
M¼ 4.70
SD ¼ 1.08

N¼ 36
M¼ 4.88
SD¼.73

… algorithm
(ALGO)

N¼ 34
M¼ 4.65
SD ¼ 1.12

N¼ 33
M¼ 4.71
SD ¼ 1.05

Note: N¼ number of participants, M¼means, SD¼ standard deviation.
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Appendix C. Experiment 2 – information on forecast accuracy and explanation

Forecasts of the sales growth rates of management accountants A and B (%) in the EQUAL condition (graphic
representation were given analogous to experiment 1):

Forecasts of the sales growth rates of Management Accountants A and B (%) in the BETTER condition
(graphic representation were given analogous to experiment 1):

Explanation in the ALGO condition

The artificial intelligence (AI)-based forecasting tool uses a large amount of current and past data related to the
company, as well as data from social media. It determines patterns in this data and uses them to forecast sales
development.

For the second quarter of 2021 forecast, the AI tool gives a seasonal trend pattern as the reason for its forecast.
This pattern shows that sales development decreases slightly from the first to the second quarter, that the third
quarter is typically very weak, and that the fourth quarter is again very strong. In addition to this seasonal pattern,
the AI tool determined a base turnover and adjusted it according to the found seasonal pattern.

Explanation in the HUMAN condition

Management accountant B uses a large amount of current and past data related to the company, as well as data
from social media. He determines patterns in this data and uses them to forecast sales development.

For the second quarter of 2021 forecast, the management accountant B gives a seasonal trend pattern as the
reason for his forecast. This pattern shows that sales development decreases slightly from the first to the second
quarter, that the third quarter is typically very weak, and that the fourth quarter is again very strong. In addition
to this seasonal pattern, management accountant B determined a base turnover and adjusted it according to the
found seasonal pattern.

Appendix D. Descriptives of the dependent variable in experiment 2

Dependent variable: Forecast of sales growth rate for the upcoming quarter
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Performance of second source is…

… equal (EQUAL) … better (BETTER)

No explanation Origin of second source is human (HUMAN) N¼ 25
M¼ 4.03
SD¼.48

N¼ 36
M¼ 4.88
SD¼.73

Origin of second source is algorithm
(ALGO)

N¼ 25
M¼ 3.99
SD¼.67

N¼ 33
M¼ 4.71
SD ¼ 1.05

With
explanation

Origin of second source is human (HUMAN) N¼ 25
M¼ 3.92
SD ¼ 1.47

N¼ 25
M¼ 4.39
SD¼.63

Origin of second source is algorithm
(ALGO)

N¼ 26
M¼ 3.79
SD ¼ 1.55

N¼ 24
M¼ 4.41
SD ¼ 1.01

Note: N¼ number of participants, M¼means, SD¼ standard deviation.
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